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ABSTRACT
We propose a novel Named Entity Recognition (NER) system based
on a machine learning technique and a semantic network. �e NER
system is able to exploit the advantages of semantic information,
coming from Expert System proprietary technology, Cogito. NER
is a task of Natural Language Processing (NLP) which consists in
detecting, from an unforma�ed text source and classify Named
Entities (NE), i.e. real-world entities that can be denoted with a
rigid designator. To address this problem, the chosen approach is
a combination of machine learning and deep semantic processing.
�e machine learning method used is Conditional Random Fields
(CRF).

CRF is particularly suitable for the task because it analyzes an
input sequence of tokens considering it as a whole, instead of one
item at a time. CRF has been trained not only with classical infor-
mation, available a�er a simple computation or anyway with li�le
e�ort, but with the addition of semantic information. Semantic in-
formation is obtained with Sensigrafo and Semantic Disambiguator,
which are the proprietary semantic network and semantic engine of
Expert System, respectively. �e results are encouraging, as we can
experimentally prove the improvements in the NER task obtained
by exploiting semantics, in particular when the training data size
decreases.
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1 INTRODUCTION
In this paper we propose a hybrid system for Named Entity Recogni-
tion (NER) combining machine learning techniques with semantic
pre-processing and a semantic network. Speci�cally, the system ex-
ploits linguistic analysis and disambiguation performed by Cogito,
Expert System proprietary technology. NER is the Natural Lan-
guage Processing (NLP) task of identifying Named Entities (NE),
which can be denoted with a rigid designator, in unstructured text.
�e chosen machine learning technique is Conditional Random
Fields (CRF), since it is particularly suitable to analyzing input se-
quences (such as text) as a whole, instead of one item at a time
[5], [10] [15]. CRFs have been trained on both standard linguistic
features and semantic information gathered by processing input
text with Sensigrafo and Semantic Disambiguator, Expert System�s
semantic network and engine, respectively.

Employing a supervised sequencing algorithm can allow to tailor
entity extraction on speci�c customer’s needs, even in case the cus-
tomer is interested in non-standard entity types (e.g. di�erent from
People, Places, Organizations). �e algorithm requires annotated
texts from which to learn what entities are considered interest-
ing, but this can save a signi�cant amount of e�ort that would be
needed to cra� case-speci�c rules or algorithms. In some cases ma-
chine learning can generate models which are more �ne-tuned than
human-generated ones. All of these properties are just baseline
advantages that can be improved using extra semantic information.

We show a comparison between systems trained in two cases,
namely with and without semantic information. Results are en-
couraging, improvements due to semantics are shown, particularly
when available data size is limited.

�e paper pertains to two main conference topics. �e �rst topic
is Information Extraction and Knowledge Discovery from Big Data.
In fact, this algorithm has a wide applicability in the context of large
amount of data that must be processed to extract named entities
even when the available training set is small. �e second topic
is Semantics-Driven Information Retrieval, because we are using
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semantic analysis to improve the quality of our model and this
model, despite being an extraction model, can be used to e�ectively
index big amounts of data.

�e rest of the paper is organized as follows.
Section 2 brie�y describes our supervised Named Entity Recogni-

tion approach that is trained on both standard features and semantic
information. Speci�c information is obtained from text analysis
performed with the well-known Cogito linguistic analysis engine,
developed by Expert Systems, an international Text Analytics and
Cognitive Computing Company. Section 3 is devoted to the Experi-
mental Results obtained on a reduced version of the larger Reuters
Corpus, a collection of Reuters news articles. �e documents in
the corpus are related to various categories, from politics to sports.
�e training set is composed by one thousand documents while
the test set is composed by four hundred documents. In particular,
in subsection 3.3 the variation of the di�erence of performance
of the models when the training data (i.e. the annotated corpus)
size decreases is investigated and the e�ectiveness of semantics is
shown. Finally, Section 4 reviews the related work and Section 5
outlines conclusions and future work.

2 THE METHOD
�e approach we propose is based on a CRF algorithm [17], that
is trained on both standard features and semantic information ob-
tained from text analysis performed with the Cogito linguistic
analysis engine [4][18].

Figure 1: Architecture of Expert System’s semantic technol-
ogy.

�e �nal goal is to devise a new supervised NER method, paying
a�ention to the role of semantics in condition of scarse available
training data. CRFs are a state-of-the-art class of machine learning
algorithms to solve sequence labeling problems. �ey are part
of the more general category of graphical models and are widely
used in the domain of NLP, particularly as regards Part-Of-Speech
tagging and Named Entity Recognition. Labels are obtained for an
input sequence by evaluating label probabilities for a token given
the surrounding tokens, their properties and earlier labels in the
sequence. �e most likely sequence is �nally chosen based on an
overall optimization over all possible label sequences.

�e semantic analysis of the Cogito component named Semantic
Disambiguator allows to associate words in the analysed text to
syncons, a concept similar to WordNet synsets [13], which are re-
lated to each other via semantic links (hyperonymy, meronymy and
others) in a proprietary semantic network called Sensigrafo. �e lin-
guistic engine is used also for basic linguistic tasks like tokenisation

and POS-tagging, and for subject-verb-object relations detection. It
also performs text categorisation. All of the information described
above is combined in order to get a data matrix of linguistic in-
formation for each word in the text [10], so that features can be
generated from it to train the CRF and �nally detect entities.

Speci�cally, semantic information was employed to take advan-
tage of the rich hyperonymy/hyponymy relations encoded in the
semantic network. For that purpose, some columns of the data
matrix were built as follows: for a given word in the text, its mean-
ing ID was retrieved thanks to disambiguation [12]. Using it, the
whole hyperonymy chain for that meaning was obtained, from
the concept itself to its more abstract semantic ancestor (i.e. the
last of its hypernyms of hypernyms, etc.). �en, moving top-down
from that ancestor, up to four levels of ancestors were selected. �e
choice was limited to some speci�c nodes of the semantic network
that are internally marked as category nodes, i.e. well representing
a speci�c class of meanings (e.g.: verbs of communication or inver-
tebrates). Each of such retrieved ancestor meanings (max 4) was
used as one separate column in the data matrix. In other words, the
four farthest hypernyms of the current meaning were retrieved (if
present), that also are marked as “category nodes”.

Figure 2: Example of category nodes. Each node that is un-
der this kind of nodes represents a concepts that semanti-
cally belongs to the category expressed by the category node.

�e rationale behind this procedure was to permit the clustering
of the meaning of the words in the text at di�erent levels of �ne-
graining, subsequently leaving the CRF the task of deciding which
levels to pay more a�ention to. In this way, e.g., both the word lion
and the word tiger are associated with the semantic father feline
(as well as vertebrate and animal), and the CRF is enabled to deter-
mine the importance of such common property of the two di�erent
words, if the training subsequently highlights such importance. �e
procedure was used for all parts of speech for which a meaning
was recognised.

A variation of the meaning clustering algorithm described above
was employed for subject-verb and verb-object relations: words
that were recognised as subjects or objects of a verb in the text
were enriched with up to four more data columns, populated with
the semantic ancestors of the verb they were subjects or objects of
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(the same logic described above applies). �is allowed annotating
words in the text with classes of verbs they are typically subject
or object of. E.g. John plays basketball→ John is annotated as a
subject of the verb “to play”, basketball is annotated as an object of
the verb “to play”.

Finally, semantic analysis provided categorisation: each doc-
ument was given a category label (e.g. sports, news, medicine,
science, etc.) based on the linguistic engine internal taxonomy.
Such tag constituted one more data column for each word found in
that document. Such feature was included in order to help recog-
nise the di�erent role of same words in di�erent global context,
with the category providing a context discriminator.

Standard data columns used besides semantic ones include: the
form with which each word appears in the text, the lemma of the
word (its normalised form), the part of speech, a list of regex-based
columns (beginsWithUppercase, allUppercase, containsNumbers,
allNumbers, etc.), character-type pa�erns, both extended and re-
duced (LeBron → extended: AaAaaa, reduced: AaAa; James →
extended: Aaaaa, reduced: Aa).

�e data matrix constructed with all of these data columns for
each word was then used to generate CRF features: for each word,
features were generated starting from data for that same word and
for surrounding words (typically in a range of -2 to 2 position shi�s,
-5 to 5 for some cases). For the training phase, true labels in the
IOB2 format [9] were also included in such features. �is is done
by adding the le�ers B or I ahead of a label of a word in order not to
loose information about multi-word named entities. �e standard
states that:

• �e �rst word of a named entity is annotated with a B-label;
• Following words of the same entity, if they exist, are anno-

tated with a I-label;
• A word that does not belong to any entity is annotated

with O.
” O/ A O/ U.S. B-LOC/ F-14 B-MISC/ military O/ plane O/ while

O/ landing O/ at O/ Ben B-LOC/ Gurion I-LOC/ airport O/ blew O/
a O/ wheel O/ and O/ a O/ �re O/ broke O/ out O/ , O/ ” O/ said O/
spokesman O/ Yehiel B-PER/ Amitai I-PER.

Features were of the label unigram type, in the sense that the
correct label of the preceding word was not included in the fea-
ture itself, except for the feature composed of the current label
and the preceding label alone. As an example, O/O, O/B-LOC and
B-LOC/I-LOC could actually occur while O/I-LOC could not, and
this feature allowed to account for this. �e CRF engine chosen for
the experiments was the Wapiti1 implementation [11]. Elastic-net
regularisation was employed [1]. Elastic-net regularisation is a
combination of the two regularisations L1 and L2, whose operat-
ing parameters are respectively ρ1 and ρ2. Parameters ρ1 and ρ2
were chosen via 10-fold cross-validation. For each fold, 7/10 of
the training data were used for training, 2/10 for validation and
convergence checks during training, and 1/10 for metric evaluation
for the current fold (taking care of the macro F-1, the average F-1
score computed across all label types). Predictions were performed
using Wapiti’s posterior decoding option (some experiments were
conducted also with Viterbi decoding, no signi�cant variation was
seen).
1h�ps://wapiti.limsi.fr/

A�er parameters selection, quality metrics were assessed over a
held out test set, prepared for all corpora used for the experiments.

3 EXPERIMENTAL RESULTS
3.1 Corpus used for the experiments
For these experiments, we used the corpus prepared for the CoNLL
2003 workshop [3]. �is corpus is a reduced version of the larger
Reuters Corpus, a collection of Reuters news articles. �e docu-
ments in the corpus are related to various categories, from politics
to sports. �e training set is composed by one thousand documents
while the test set is composed by four hundred documents.

�e documents of the CoNLL 2003 corpus are manually anno-
tated (we did not do the annotation) with a label set comprising the
following labels:

• PER, tag that represents human beings;
• ORG, tag that indicates companies, industries and other

organizations;
• LOC, tag for geographic places;
• MISC, tag that represents other named entities not included

in the previous categories;
• O, label that indicates a word not belonging to a named

entity.

�e training �les have been forma�ed in order to respect the
IOB2 format for representing the words belonging to a named
entity.

We performed the following experiment on this corpus: A com-
parison between the performance of CRFs trained with non-semantic
features and the performance of CRFs trained adding semantic fea-
tures to the features set.

�en, the same comparison between the two types of models,
this time repeated with models trained on various di�erent sizes
of the training corpus (the original corpus has been arti�cially
reduced) and its results are reported.

3.2 Comparison between models trained with
and without semantics

�e purpose of this experiment is to compare the results obtained
with models trained with semantics features and the ones obtained
training CRF without the use of semantic technology.

As previously explained, ρ1 and ρ2 parameters allow to con�gure
the contributions of L1 and L2 regularizations. We trained di�erent
models using two ranges of these parameters. Doing this, we aimed
at identifying the acceptable values for ρ1 and ρ2 that could lead
to be�er performance of the models. �e ranges used for the two
parameters are: ρ1 = [ 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1.0, 2.0, 5.0, 10.0,
20.0, 50.0 ], ρ2 = [ 0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1.0, 2.0, 5.0, 10.0, 20.0,
50.0 ].

�is results into 144 di�erent models for each case (semantics
and not).

�e curves in Figure 3a and Figure 3b show the performance in
the two cases. On the x and y axis there are the ρ1 and ρ2 values,
while on the z axis there is the macro F-1 measure (calculated on
the F-1 measure of each label). Each point in the graph represents
a model, trained with the respective values of ρ1 and ρ2.
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(a) (b)

Figure 3: (a) Case without semantics. (b) Case with semantics. �e trends in the �gures are similar but the values are di�erent.
Speci�cally, the semantic case leads to better performance, showing increasing values, with a di�erence of 0.015 - 0.020 with
respect to the non-semantic case.

�e best performances are concentrated near the origin of the
axis. With ρ values greater than 0.5 the performances get worse.
�is is clearer with the parameter ρ1, whose bigger values lead to
the worst performance.

Figure 4 reports numeric values for each tag in two cases: the best
pair of ρ1 and ρ2 for the semantic case and for the non-semantic
case. �e best pair of ρ is the one which leads to the best result in
terms of macro F-1 score.

Both from the plots and from the tables, we can see how the
semantic features lead to be�er performance of the models. �e
semantic case shows increasing percentages, with a di�erence of
1.5 - 2 percentage points with respect to the non-semantic case.

With this experiment, we have identi�ed the cases in which the
category nodes help to be�er classify the words. For example, the
adjectives of nationality (such as japanese or korean) are labeled
as MISC. A simple CRF sees those adjectives as simple words, so
if a di�erent adjective of nationality has to be classi�ed (such as
chinese), the system will fail to identify the entity. Our NER sys-
tem, instead, can recognize that those are not simple words, but
they belong to a particular category node (the concept adjective of
nationality), and that all the concepts belonging to that category
node are classi�ed as MISC; thus if a new adjective of nationality is
presented in the test phase, the system correctly labels it as MISC.
In the case of other MISC entity types (such as tournaments or
public events), where fewer or less clear-cut examples are available,
this generalization property seems to be less e�ective. However,
generally speaking, this behavior improves performances and is
one of the clearest advantages of our system.

3.3 Comparison between the two cases with
varying size of the corpus

�e purpose of this experiment is to investigate the variation of
the di�erence between the performance of models trained with
and without semantics while the training data decrease. One of the
most di�cult tasks in machine learning for NLP applications is to
�nd a large enough annotated corpus. �is problem could be partly
addressed with the use of semantics.

For this second experiment, we prepared multiple corpora, re-
ducing the size of the original one, the CoNLL 2003 corpus. Starting
from the original corpus (100%), we prepared 10 corpora, being
respectively 10%, 20%, 100% of the size of the original one.

For this second experiment, we used the following ranges for
parameters optimizations: ρ1 = [ 0.01, 0.02, 0.05, 0.1, 0.2, 0.5 ], ρ2 =
[ 0.01, 0.02, 0.05, 0.1, 0.2, 0.5 ].

�is results in 36 di�erent models for each case (semantics and
not) and for each di�erent training corpus.

Figure 5 shows two examples of comparison between the curves
that represent the performances of the models trained with and
without semantic features. When approaching smaller values for
the training set size (from right to le�), the two curves exhibit a
larger gap.

Figure 6 is a summary table reporting, for each di�erent training
corpus, the best average value for F-1 score (the maximum value
among the macro F-1 scores of all models for that case) for the
semantic case and for the non-semantic case and the di�erence
between these two values (as a percentage).

As we can see from the table, the di�erence between the perfor-
mance of the model trained with semantic features and the perfor-
mance of the one trained without semantic technology increases
while the training data size decreases, going from 1.65 for the case
with the original corpus size to 6.27 percentage points for the case
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Figure 4: Numerical results for the comparison between the two cases (with and without semantics). Here we can better see
how semantics leads to higher performance, in particular from the last column of the tables, which shows higher values in
the semantic case.

Figure 5: Comparison between the average F-1 scores for a speci�c pair of ρ while varying the training set size

with the smallest derived training corpus. �e trend is exponential.
Figure 7 shows this di�erence for a speci�c pair of ρ1 and ρ2.

�is shows how the semantic technology plays a fundamental
role when the training annotated data are scarce, permi�ing to
address in a more e�cient way problems due to lack of data. �is
is due to the capacity of the semantic analysis to be�er understand
how the words of a text are clustered, linked and classi�ed.

4 RELATEDWORKS
Here we report the characteristics of two NER system realized by
other organizations/people and documented in literature: the Stan-
ford NER [2] and another system realized for a workshop/competition
[14].

Stanford NER is a Java implementation of a Named Entity Recog-
nizer. �e so�ware implements linear-chain CRF; when the training
is done on annotated data, the code can be used for constructing
sequential models for NER or other tasks. So�ware is realized by
Jenny Finkel, Dan Kleid, Christopher Manning, Anna Ra�erty and
other members of NLP Group of Stanford University.
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Figure 6: Numerical results for the comparison between the two cases varying training set size. Here, the F1-score averages
are performed �rst on entity labels and then on ρ pairs.

Figure 7: Di�erence between semantic models and non-
semantic models in relation to the training corpus size.

Features provided for Stanford NER are: features related to the
words themselves (the word, the next word, the previous word,
words contained in a �xed window), orthographic features, pre�x
and su�x and distributional similarity features. Distributional sim-
ilarity features represents clusters id; starting from a not annotated
corpus, distributions over words contexts are created and, �nally,
words are clustered based on the similarity of their distibutions.

�e structure of the model used by Stanford so�ware is similar
to the base model presented in [8]. �at paper presents two models
suitable for incorporating non local information as CRF features
using Gibbs sampling instead of Viterbi algorithm. �e model
at the base of these two is a local feature model and use Viterbi
algorithm. �e choice fell on CRFs because it is the state of the art in
sequence modeling and permits a bidirectional �ow of probabilistic
information along the sequence.

�e other NER system is applied to biomedical �eld. �e system
described in [14] is a framework for recognizing biomedical entities
with a CRF. �e approach presented brings to F-1 score of circa 0.7.
�is system has been developed in the context of the competition
BioNLP/NLPBA 2004. �e model used include a training dictionary,
orthographic features based on regular expressions (the token is

alphanumeric or not, the token presents roman numerals, etc),
features for pre�xes and su�xes. If training sequences contain sets
of tokens such as ”PML/RAR alpha” or ”beta 2-M” annotated as
belonging to category ”protein”, the model could learn that the sets
are linked because they contain greek alphabet le�ers. �is kink
of knowledge is supplied via lexicons. Lexicons can be inserted
manually (like greek le�ers, chemical elements, known virus and
related abbreviations) or extracted from database.

5 CONCLUSIONS AND FUTUREWORK
We proposed a hybrid NER system combining a Conditional Ran-
dom Fields approach with semantic analysis. �e system employs
standard linguistic features and enriches them with semantic infor-
mation provided by the Semantic Disambiguator and Sensigrafo, the
core components of the Cogito semantic analysis technology (such
information included references to nodes on a semantic network,
their hypernyms, text category, etc�) to improve generalisation
capabilities in the entity extraction task. �e presented results
show the positive e�ect of adding semantic information to the
available features in the NER task and the increasing importance of
semantics when the available training dataset is scarce. In that case,
support from disambiguation over a semantic network mitigates
the problem of incomplete training examples.

�e help provided by semantics in conditions of scarce training
datasets can prove useful in practical applications: it can be possible
to build a NER system working on custom or non-standard entity
types, with just a small number of entity examples, tagged by a
domain expert. �is can be the �rst stage of an iterative procedure
of validation and retraining that can provide good improvements
with a relatively small e�ort.

�e algorithm we employed in this work for NER can be used to
tackle several other problems that can be mapped into sequencing
problems. Examples of these uses can be found in the areas of senti-
ment analysis, text segmentation, direct-speech extraction, relation
extraction, etc… In all of these areas we think that semantics could
help, e.g. by recognizing di�erent words as synonyms or similar
concepts, as well as distinguishing di�erent meanings of the same
word. Combining this with machine learning tuning could allow to
capture di�cult nuances of terms based on context, which might
be di�cult to completely model with hand-wri�en rules. We think
these might be interesting ideas for future works.
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Other application domains can be keyword search on the deep
web [7], Entity Resolution [16], and data source topic detection [6].

For example, the QUEST system which exploits HMM for match-
ing keywords and database structures [7]. �rough CRFs, the pre-
cision of the approach could be improved by considering the order
of the keywords.

Finally, BLAST [16], which is the state-of-the-art blocking tech-
nique for Entity Reoslution, could be adapted and employed to scale
the NER process to huge datasets.
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