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The idea of tokenization which is currently based on low-level token based identification has to be
extended to identification of meaningful and useful language units. This idea of tokenization
involves the splitting of single word into their meaning parts called Multiword Expressions
(MWE’s) and also combining multiple words which have similar meaning. This paper introduces
two methods namely unsupervised and knowledge-free methods for the task of identifying tokens.
The main idea of the paper is based on the fact that methods are primarily based on distributional
similarity. We use two possibilities as - sparse count based and neural-based distributional semantic
model. The calculation of MWE-annotated data sets in two languages and newly extracted
evaluation data sets for 32 languages shows that DRUID has compared favorably over previous
methods which does not utilize distributional information. By considering the keyword ‘Accident’ in
several Tweeter tweets, we analyze the semantics for granularities of tokens. In our experiment, we
show how both decompounding and MWE information can be used in information retrieval. We get
the results when we combine word information with MWEs and the compound parts in a bag-of-
words retrieval set-up. This covers the way to automatic detection of lexical units beyond standard
tokenization techniques without language-specific preprocessing steps such as POS tagging.

Copyright © Rashmi H Patil and Siddu P Algur, 2019, this is an open-access article distributed under the terms of the
Creative Commons Attribution License, which permits unrestricted use, distribution and reproduction in any medium, provided

the original work is properly cited.

INTRODUCTION

Tokenization must aspire to produce units with useful meaning.
The tokens produced should have linguistic significance and
methodological usefulness. In reality tokenizers are not worried
about the meaning or significance placed right in the beginning
of any Natural Language Processing (NLP) pipeline and
generally implemented in a rule-based manner. They are
merely which incorporates a sensible split of the info into word
tokens and some standardization to oblige the affectability of
consequent handling parts. Despite the fact that unmistakably
the methodological utility of a particular tokenization relies
upon the general assignment, it appears to be considerably
more pragmatic to fix the tokenization in the start of the
content ingestion process and handle errand explicit changes
later. The idea presented in this paper deals with lexical
semantics so as to recognize meaningful units. Assuming the
low-level processing has already been applied, we use a
method that can identify multiword units, namely, word n-
grams which have non-compositional meaning and a method
which can split close compound words into their parts. Both the
ways are primarily based on distributional semantics. By
performing operational language unit similarity in various
ways, we are able to achieve tokenization language unit
similarity in different ways; we are able to get the tokenization
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process with semantic information, which allows us to get
meaningful units, which are shown to have linguistically a
valid and methodologically useful in a series of calculations.
The two method used are language specific processing and do
not use language specific processing and thus can be applied
after low-level tokenization without assuming the existence of
a parts of speech tagger.

Based on the task, the low-level standard tokenization can be
fine-grained from a semiotic perspective multi-Word
expressions (MWESs) refer to the same concept. On the other
side tokenization can be too coarse-grained, as close compound
words are detected as single detected as single word, whereas
these are informed by concatenation of minimum two stems
and can be considered as MWEs without spaces. In this paper
two distinct approaches have been presented to represent
concepts in a similar fashion. High-level tokenization focuses
mostly on split words which are joined by apostrophe or
hyphens. The idea presented here is similar to high-level
tokenization. However, the fine-grained tokenization moves
ahead low-level tokenization, as we divide close compound
words. At first we describe the method to detect Multi word
Expressions. Further, Multi-Word Expressions are made up of
compounds, phrases or sentences. The identification of named
entities is frequently considered as a task of its own, which
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focuses on identifying a subset of MWEs and is relevant for
information retrieval or automatic speech identification
systems.

The second contribution in this paper is to divide close
compounds, Examples of such close compound are dishcloth
(English), pancake (English), Hefeweizen (German for wheat
beer). Similar to MWEs, compounds are created by joining
existing words, even though in close compounds are created by
combining existing words, in close compounds stems are not
differentiated from by spaces. The work presents knowledge-
free and supervised methods which use the information gained
by distributional semantic models that are computed using
large unannotated corpora, namely word2vec and Jo Bim Text.

Using Semantics for Fine and Coarse-Grained Tokenization

The two techniques portrayed in this article share for all intents
and purpose that they depend on distributional semantics,
which depends on the distributional speculation that was
brought about by Harris (1951). This theory expresses that
words that happen in a comparable setting tend to have
comparative significance.

Such data is gainful with regards to the undertaking of part
mixes, as we will see along these lines. When figuring
likenesses for words as well as considering word n-grams, we
see that ideas that are made out of a few word units are
regularly like single-word terms. For instance, the word
sausage is most like sustenance related terms like cheeseburger
or sandwich. As appeared in the rest of this article, the data of
distributional semantics is helpful for the errands of
recognizing of MWEs yet in addition for the errand of
compound part. In this work, we figure semantic similarities
utilizing the thick vector-based CBOW display from word2vec
and an emblematic chart based methodology called Jo Bim
Text. So as to utilize the two models inside the word part and
the word consolidating undertaking, we change them to a
purported distributional thesaurus (DT) as characterized by Lin
(1997). A DT can be considered as a word reference where for
each word the best n most comparable words are recorded,
requested by their closeness score.

The CBOW demonstrate is gotten the hang of amid the
assignment of foreseeing a word by its unique circumstance
words. For this, the info layer is characterized by the settings of
a word. As yield layer we utilize the middle word. The
expectation is performed utilizing a solitary concealed layer
that speaks to the semantic model with the predetermined
measurements. For the calculation of word2vec models, we
utilize 500 measurements, 5 negative examples, and a word
window of 5. This usage permits determining terms and
settings straightforwardly and highlights the usefulness to
recover the most pertinent settings for a word. So as to remove
a DT from models registered with word2vec and word2vec, we
process the cosine closeness between all terms and concentrate,
for each term, the 200 most comparable terms.

Based on the frequencies of words/n-grams and contexts, we
calculate the Lexicographer’s Mutual Information (LMI)
significance score (Evert 2005) between terms and features and
remove all context features that co-occur with more than 1,000
terms, as these features tend to be too general. In the
subsequent stage we decrease the quantity of setting highlights
per term by keeping for each term just 1,000 setting highlights

with the most noteworthy LMI score. The comparability score
is characterized as the quantity of shared highlights of two
terms. Such a cover based likeness measure is corresponding to
the Jaccard closeness measure, in spite of the fact that we don't
lead any standardization. In the wake of processing the
component cover between all sets of terms, we hold the 200
most comparative terms for each word n-gram. In accordance
with Lin (1997) we allude to such an asset as DT.

Multi-word Identification for Merging Words

The detection of multiword units is one of the extensions
needed for coarse-grained tokenization. As summarized
concisely by Blanc, Constant, and Watrin language is full of
multiword units. By inspecting dictionaries, we highlight the
importance of MWEs. For example, in Word Net, 41.41% of
all words are MWEs. Whereas more than 50% of all nouns are
MWESs, only about 26% of all verbs are MWEs. As the
majority of all MWEs found in Word Net are nouns (93.73%),
developing the method we focus first on the detection of terms
belonging to this word class and show the performance on all
word classes in subsequent sections.

Distributional Uniqueness and Incompleteness Degree
(DRUID)

Here, we describe the DRUID method for ranking terms about
their multiword, which contains two mechanisms depending on
semantic word similarities: A score for the uniqueness of a
term and a score which punishes its incompleteness. The DT is
computed, using n-grams (n = 1, 2, 3).When using JoBimText
to compute such a DT, we use the left and right neighboring
words as context. In order to calculate the DRUID score using
the CBOW model, we use dense vector representations using
word2vecf and convert it to a DT by extracting the 200 most
similar words for each n-gram.

Computation of Uniqueness

The first mechanism of our Multi Word Expression ranking
method relies on the hypothesis given below: n-grams which
are MWESs could be substituted by single words, thus they have
many single words in their most similar terms. When a
semantically non-compositional word combination is added to
the vocabulary, it expresses a concept which is necessarily
close to others. Therefore, if a candidate multiword is similar to
many single word terms, that indicates multiword. To evaluate
the uniqueness score (uq) of an n-gram ¢, we first extract the n-
grams it is similar to using the DT. The function similarities (7)
returns the 200 most similar n-grams to the given n-gram ¢. We
then calculate the ratio between unigrams and similar n-grams
considered by making use of the formula, where the function
unigram (:) checks if a word is a unigram or not.

YV w € similarities() | unigram(w)}|

Uniqueness Score,uq(t) =
|similarities (f)|

We demonstrate the evaluation of our measure based on two
example terms: the Multi Word Expression red blood cell and
the non-MWE red blood. When considering only the ten closer
entries for both n-grams, we get to see a uniqueness score of
7=10 = 0:7 for both n-grams. If we think of considering the top
200 similar n-grams, which are also used in the experiments we
are conducting, we get 135 unigrams for the candidate red
blood cell and 100 unigrams for the n-gram red blood. We use
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these counts for exemplifying the workings of the method in
the remainder.

Computation of Incompleteness

In order to exclude the ranking nested terms at high positions,
we implement a measure which punishes such “incomplete
terms”. This mechanism is known as incompleteness and,
similarly to the C/NC-value method consists of a context
weighting function that punishes incomplete terms. We have
given the pseudo code for the computation in Algorithm 1.
First, we use the function context (t) to extract the 1,000 most
significant context features. This function results into a list of
tuples of left and right contexts.

Algorithm 1: Computation of the incompleteness score
function ic(?)
contexts
C map()
for all (cyp, Cyigns) in contexts do
Clewpleft]  —Cleip, left] +1
C[Crighta l”lght] ‘_C[crighta l”lght] +1
end for
return max vglue(C)/co| ntexts |
end function

« context(t)

For Jo Bim Text, these context features are the similar which
can be used for the closeness computation in Section 2 and
have been ranked according to the LMI measure. In the context
of word2vecf, context features are taken per word. To be
compatible with the Jo Bim Text contexts, we extract the 1,000
contexts with the highest cosine similarity between word and
context.

Experimental Setup

To calculate the method, we evaluate two experimental
settings: first, we compute all measures on a small corpus that
has been annotated for Multi Word Expressions, which serves
as the gold standard. In the second setting, we evaluate the
measures on a larger in-domain corpus. The computation is
again performed for the same candidate terms as given by the
gold standard. Results for the top k ranked entries are reported
using the precision at k:

Pek — % > =y

with x; equal to 1 if the i™ ranked candidate is annotated as
MWE and 0 otherwise.

Candidate Selection

In the first two experiments, we make use of POS filters to
select candidates. We focus on the filters which help us to
extract noun Multi Word Expressions, as they constitute the
largest number of MWESs and avoid further preprocessing like
lemmatization. We use the filter introduced by Justeson and
Katz (1995) for the English medical data sets by considering
only terms ‘Accident’ which appear more than ten times yields
1,340 candidates for the GENIA data set and 29,790 candidates
for the Medline data set. For the French data sets, we use the
POS filter proposed by Daille, Gaussier, and Lang’e (1994),
which is suites to match the nominal Multi Word Expressions.

This is computed Based on few samples ‘Accident’ Datasets
Retrieved from Tweeter Tweets

e An OG told me once: if you stay in your own lane you'll
never have an accident.

o [actually enjoy traffic jams. Found that out by accident.

e So I set up a you caring for the accident. The cost is
crazy &amp; my parents have been stressed enough
lately.

o Wow, this is just like in that movie, Fatal Accident.

e  The Titanic sinking was not an accident

o This is my little cousin, she died in a freak accident
yesterday &amp,; wedoyre still shocked. Anything helps..
please rt

The third experiment gives the performance of the method in
absence of language specific preprocessing. And thus, we apply
only the filter by the candidates by frequency and do not make
use of POS filtering. As earlier methods depend on POS-
filtered data, it is not possible to compare with them in this
language-independent setting. For the computation, we
calculate the scores of competitive methods in different ways:
First, we computer scores based on the full candidate list
without any frequency filter and prune low-frequent candidates
only for the calculation. In the second setting, we have filtered
candidates as per their frequency before the computation of
scores (pre-prune), which would lead to the differences for
context-aware measures, because in the pre-pruned case a
lower number of less noisy contexts is used. The evaluation on
Wikipedia is slightly different, as we do not have any gold
data. Thus, we compute the ranking regarding the multiword
for all words in the corpus. Based on this list, we evaluate the
multiword of an n-gram by testing its existence in the
respective language’s Dictionary.

POS Tagging and there Results

Using similarities from the word 2 vec model does not work
well for the DRUID method. This is mainly attributed to the
fact that multi-words are mostly same to the words of the same
frequency and often these words are multi-words themselves.
Observing, for example, the most similar terms for the term red
blood cells, we retrieve the words peripheral blood
mononuclear cell, show that the, U937 cells, basal, potent,
which are much noisier than the ones we obtain with the
JoBimText model.

The Following Tweeter text Samples are Considered for this
Experimental setup

o The Road Accident Fund (RAF) compensates
individuals who sustain injuries or death from motor
vehicle accidents.

o [ took this on accident but my lip gloss is poppin

o LIVE: Road accident deaths will come down by at least
50%, due to

o  Watch: Dashcam Captures 'Ghost Car' Accident in
Singapore

o  Man climbs back Into burning truck to save his dog
after horrendous accident.

o speaks up about cassper and the car accident...
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e Wow, you reply so fast. You must always be on your
phone. First of all, I clicked your notification by
accident.

o You are not here on earth by accident. God has a plan
and a purpose for your life.

o So I hear Grace Mugabe was involved in a car accident
today soon after arriving from Singapore. A biker died
on the spot.

o [8:50 a funny accident...they were carrying paint via
@MARTINizme

o Serena Shim, journaliste, enquiEtait sur des convois
humanitaires turquesEt fut tui©e dans un accident de
camion.

e Ed Sheeran 'unable' to continue tour after injuring both
arms in a bike accident

o Decades after a plane crash killed Dag Hammarskjold,
a report said it appeared plausible the crash was no
accident

o The witness agreed to give evidence from behind a
screen with a machine to modulate his voice - but he
was unmasked after an 'accident’.

e Being a dickhead on purpose is fun but when I do it on
accident [ feel so bad

o Ed Sheeran cancels tour dates after breaking both arms
in bike accident

e Los Angeles Car Accident Attorney &amp, Auto Injury

o Karnataka Cops claim injuries to Nandini were caused
by accident not by murderous attack of ROP mob.
....Spinning &amp, changing the narrative!

e Poverty is not an accident. It is a man-made disaster
and it is sustained by the decisions of men.

o Success is no accident. It is hard work, perseverance,
learning, studying, sacrifice and most of all, love of
what you ado_

o Venus Williams' Phone Records Subpoenaed in Fatal
Car Accident Lawsuit

o Saddened by tragic train
@ImranKhanPTI Read: Updates:

e Hi, I was involved in a car accident so severe that |
might not be able to walk again until September

e Ifyou've been in a car accident, consider these natural
remedies until you can get to a doctor:

o mega ATA backed companies are self insured and can
hide accident numbers owner ops arent self insured.

Evaluation for Multi-Words

accident near says

So as to achieve the performance of DRUID for several
languages, we perform a computation on 32 languages. In this
experiment, we compute similarities on their respective
Wikipedia. The computation is done by extracting the 1,000
highest ranked words using DRUID. So as to determine to
identify if a word sequence is a Multi Word Expression, we use
Dictionary as “gold” standard and test if it occurs as word
entry. Using this data, we compute the AP for these 1,000
ranked words. We see that in comparison the two baselines,
frequency (freq.) and the t-test with stop word filtering, the
DRUID method yields the best scores for 6 out of the 32
languages. However, if we calculate the logarithmic frequency
by the DRUID measure, we can achieve the best performance
for 30 languages. Usually, the numerical scores are low—for

example, for Arabic, Slovene, or Italian, we obtain APs below
0.10. The highest scores are achieved for Swedish (0.33),
German (0.36), Turkish (0.36), French (0.44), and English
(0.70). Comparing the results, we can see that many “false”
Multi Word Expressions are multiword units that are in fact
multiword units, which are just not covered in the respective
language’s Dictionary. Also, we identify the fact that these
word sequences often are titles of Wikipedia articles. The
absence of word lemmatization causes further decline, as the
words in Dictionary are recorded in lemmatized form. To
alleviate this influence, we extend our evaluation and check the
occurrence of word sequences both in Dictionary and
Wikipedia. Using the Wikipedia API also normalizes query
terms and, therefore, we achieve a much better word sequence
occupation.

SEmantic COmpound Splitter (SECOS)

The strategy depicted has three phases. In the primary stage we
separate an applicant word set which tells the uniqueness of the
plausible sub-unit compounds. We pursue diverse ways to deal
with acquire hopefuls like these. The second thing is that we
utilize an increasingly broad technique which partitions a
compound dependent on a competitor word set. Using
distinctive hopeful sets, we get diverse compound divisions.
Finally, the component will sink these parts and return top-
positioned one.

.

N
o) H wordcount(w;) + €
{ —
f L total_wordcount + € - #words
i

Calculation Setup

For the calculation of our technique, we use similitudes
processed on different dialects. To start with, we process the
DTs utilizing JoBimText utilizing the left and the privilege
neighboring word as setting representation. The assessment for
different dialects dependent on the naturally extricated
informational index is performed on similitude’s processed on
content from the respective Wikipedia. We assess the execution
of the calculations utilizing a split wise accuracy and review
measure that is enlivened by the measures presented by Koehn
and Knight (2003).Our assessment depends on the parts of the
mixes and is characterized as appeared:

correct split
correct split + wrong splits

precision —

correct split
correct split + miissing splits

recall —

precision - recall

El=2 —
precision + recall

Collections of Semantics for Datasets

For the natural assessment, we picked informational indexes of
different dialects. We utilize one little German informational
collection for tuning the parameters of the strategies. This
informational index comprises of 700 physically marked
German things from various recurrence groups made by Holz
and Biemann. For the assessment, we consider two bigger
German informational indexes. The first informational index
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includes 158,653 things from the German paper magazine and
was made by Marek. As second informational index we utilize
a thing compound informational collection of 54,571 things
from Germa Net, which has been built by Henrich and
Hinrichs. While changing over these informational indexes for
the assignment of compound part, we don't separate words in
the best quality level, which is comprised of relational words.

Likewise, we apply our technique to a Dutch informational
index of 21,997 compound things furthermore, an Afrikaans
informational collection that comprises of 77,651 compound
things. The two informational indexes have been proposed by
van Zaanen et al. (2014). Besides, we play out an assessment
on an ongoing Finnish informational collection proposed by
Shapiro et al. (2017) that involves 20,001 words. Rather than
the other informational collection it doesn't just contain
compound words yet likewise 16,968 words with a solitary
stem that must not be part. To demonstrate the dialect freedom
of our strategy, we further report results informational indexes
for 14 dialects that we gathered from Dictionary.

Tuning the Method

So as to demonstrate the impact of the different applicant sets
and to locate the best performing parameters of our strategy,
we utilize the little German informational index with 700
mixes. We get the most elevated F1 scores thinking about as it
were hopefuls with a recurrence over 50 (wc = 50) and that
have multiple characters (ml = 5). Moreover, we affix just
prefixes and additions equivalent or shorter than three
characters (ms = 3 and mp = 3). The most noteworthy accuracy
utilizing the JoBimText likenesses is accomplished with the
comparable competitor units. Be that as it may, the review is
most minimal in light of the fact that for numerous words no
data is accessible. Utilizing the all-inclusive similitude’s, the
exactness diminishes and the review increments. Curiously, we
watch a contrary pattern for word2vec. Be that as it may, the
best in general execution is accomplished with the produced
lexicon, which yields a F1 proportion of 0.9583 utilizing
JoBimText and 0.9627 utilizing word2vec. Utilizing geometric
mean scoring to choose the best compound applicant lifts the
F1 measure up to 0.9658 utilizing JoBimText and 0.9675
utilizing the word2vec likenesses on this informational index.

Application of Coarse- and Fine-Grained Tokenization

For this, we chose the TREC 2004 Powerful Track (Voorhees
2005), in which an IR framework is assessed dependent on 250
themes for which we use titles of the subject portrayal as
query.26 For playing out the assessment, we setup a file for
528,155 reports from the TREC Circles 4 and 5 (without the
Congressional Record on Plate 4).We use Lucene27 with
Okapi BM25 and fabricate files dependent on the expressions
of the whole records, the decompounded words inside the
reports, and furthermore include files for the distinguished
MWEs inside the reports that have a DRUID score above 0.3,
0.5, and 0.7. So as to figure models for decompounding and
MWE detection, we utilize an English Wikipedia dump. This
examination centers on exhibiting the effect of utilizing the
extra data picked up by our strategies in an extraneous
assessment, as opposed to going for cutting edge recovery
execution. Besides, we need to feature that we don't apply any
dialect subordinate data. Subsequently, the outcomes ought to
sum up over dialects. For the question, we utilize the title of

every point. For building the inquiry, we just utilize the title.
Utilizing the depiction (<desc>) or the account (<narr>)
requires further pre-preparing and did not respect preferable
scores over utilizing exclusively the title. We join the diverse
fields for building questions thinking about all fields as
discretionary. Building the inquiry for the precedent utilizing
tokens, decompounded tokens, and MWEs, we will get the title
itself both questioning against the tokens and decompounded
tokens. Also, we will question for the MWE Local American.
As English does not contain many close mixes, the
decompounding does not have any significant bearing to
numerous words and questions.

Conclusion and Future Works

In this article, we have presented fine-grained and coarse-
grained tokenization methods. Ordinary tokenizations thinks
about the detachment of words and inter punctuation marks, we
have presented two strategies that join numerous words that
frame an idea and another strategy for part words that are
shaped by a few stems. The two strategies are unsupervised and
learning free and just depends on distributional semantic
models. As a side note, we have assessed two models for
distributional similitude in this specific circumstance,
demonstrating that the compound part strategy works
somewhat better with neural word2vec likenesses when the
majority of the words are additionally contained in the corpus
utilized for closeness calculations. For the MWE recognizable
proof we get fundamentally better outcomes when utilizing
likenesses based on the scanty check based JoBimText
technique, which we ascribe to the diverse qualities of
comparability neighborhoods created by these models.

In future we want expand the fine-grained tokenization and
identify even smaller units within compounds, which is also
one of the major error classes for the compounding. Further we
also want to extend the compounding method to identify not
only compounds but also morphemes. For the coarse-grained
tokenization we want to develop method which enables
labeling the parts of Multi Word Expressions. In the next step
we demonstrate the impact of fine-grained and coarse-grained
tokenization for further tasks like machine translation, question
answering and to apply it to texts of different languages and
domains.
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