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Abstract

Word embedding is the method of representing ambiguous words into word
vectors. The existing methods of word embedding are applicable for homonymous words.
Constructing word vector of polysemous words is the challenge. The word vector of
polysemous words are made by considering context information. The proposed adaptive
word embedding technique is discussed in this article. The adaptive word embedding
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technique is applicable for both homosemous and polysemous words. While representing
ambiguous word into word vector the context information is considered. The adaptive
word embedding technique generates dynamic word vector for ambiguous word. The word
vector with dimension size 198 is created here. There are 198 features are considered in the
discussed model. The countable nouns are used as features in adaptive word embedding.

Subject Classification: Primary 93A30, Secondary 49K15.

Keywords: Context information, Semantic similarity, Polysemous words, Adaptive word embedding.

1. Introduction

Word embedding is the process of representing the words into
word vector in such a way that machines can understand the meaning
of word [1]. Machine understands only binary language so in adaptive
word embedding the textual data is represented in binary form so that
machine will understand [2]. The ambiguous word is represented in
vector by considering features. The word vector is further used for the
training Recurrent Neural Network(RNN) model so that machines will get
an exact and accurate meaning of the word. As shown in figure-1, words
in Machine Translation/Natural Language Processing(NLP) words are
categorized into two categories as,

Polysemous words have multiple meanings but have the same spelling
and pronunciations [3]. Homonymy words are easy to disambiguate
because the word vectors of such words are static. Disambiguation of
polysemous words is very difficult because the same words may have
multiple vector representations [4]. The main role of the disambiguation
process with respect to context information: consider available context
information, construct the word vector by considering context and use the
same word vector for the training [8,9].

The article is subdivided into sections as Section-I explains the
introduction of adaptive word embedding. Section- I describes the state of

v 1
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Words Words

Figure 1

Classification of words
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the art word embedding techniques and gaps identified by existing word
embedding techniques. Section-III elaborates proposed adaptive word
embedding models. Section-VI elaborates Mathematical foundations.
Section- V describes the result of adaptive word embedding technique

2. Simple Word Embedding Models

The literature review is done with respect to available word
embedding techniques. Figure-2 shows the classification of word
embedding techniques as context dependent and context independent
described below,

a. One Hot Encoding

One Hot encoding technique is context dependent word embedding
technique. The vector of the word is constructed by marking the index
position of the word as 1 and the rest of the index is marked as 0 [2].

MAHASHRATRA=[1,0,0,0,0,0,0,....]. The word GOA is present at the
1st index so the word vector for GOA is GOA=[0,1,0,0,0,0,0,...].

b. TF-IDF

This technique of word embedding works with respect to the statistical
analysis of the word to determine the mathematical significance in the
document. The construction of word vectors is quite similar to the one hot
encoding technique but the TF-IDF values of words are used instead of 0
and 1[3].

First TF (Term Frequency) value is calculated as, Ratio of number of
ambiguous words in the sentence/total number of words in the sentence

)

TF[Bank] = [0.33 0.33 0.33], TF[is]= [0.33 0.33 0.33] and TF[or]= [0.20

0.20 0.20 0.20 0.20] [3,4]

c. IDF - Inverse document frequency:

IDF is the logarithmic ratio of Log (Total number of sentences in
which the ambiguous word present) to the total number of documents [5].
The IDF values for “bank”, “is” and “or” are calculated as,

bank=log (3/3) =011.,1.1761,1.4771,0,0,0,0] )

is=log (3/2) =0.1761 [1.,1.1761,0.,1.4771,0,0,0,0] ©)]

or=log (3/1) =0.4771[1.,0.,0.,0.,1.4771,1.4771,1.4771,1.4771] 4)
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“Bank is open”, “Bank is open working” “Bank is open working isn't
functioning or closed”.

d. Word2Vec:

This technique first scans the whole document and base on the
features the word vector for the target word is prepared. More than 800
features are considered and used for word Embedding [6].

This technique generates efficient word vectors for the words. “King”,
“MAN" and “KING” [9].

The man with the crown is king “KING” - “MAN”" = “QUEEN”". The
gender of “Queen” as Gender = Female and Crown =1 that is female with
crown is “Queen”.

This word embedding performs well for homonymous words to
identify the synonyms and antonyms [10].

e. BERT (Bidirectional Encoder Representations from Transformers)

This technique generates two or multiple vectors for the same words
and moves with both the directions [5]. The proposed methodology
generates dynamic word vectors for the words [6]. BERT Generate word
vector of 768-dimension Drawback it is very compute intensive at inference
time [7,8].

[ Ward Eoibeddins Rodels ]
¥ ¥ L3
[ Context Dependent ] [ Context independent ]
v . v ¥ " 3
[ RNN Based ] [ Transformer Based ] [ Traditional ] [ ML Based ]

One Hot
RoBERTa Encoding

Figure 2
Word Embedding Models

2.1 Analysis of word embedding techniques

o The IF-IDF, Term frequency method generates the word vector by
considering the statistical information.
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o The IDF generates the logarithmic values for the word. The IF-IDF
requires some normalisation burden for the word embedding.

o The Word2Vector method generates word2Vector by considering the
features of the word.

3. Mathematical Foundation

In this section the mathematical relations are discussed. Adaptive
word embedding technique builds HyperTree of ambiguous words with
Lowest Common Subsumers (LCS) [9]. As shown in T1, the HyperTree
represents the word with all possible meanings of the word “bank”.
Similarly, T2 shows the HyperTree for the word “saving”. The Similarity
score of the words “bank” and “saving” is 0.6 on the scale of 10. The
similarity score represents the association of the words [10]. The Adaptive
word embedding model has a similarity threshold T1 is 60% [11].

@ vanks_NOUNY . bank NOUN

[ ] lender_ajﬂ?qnmg—hla' gommerzbank_NOUN
bank_NOUN

® citigroup_gfbanka_NOUN
@ savings_NOUN

corp_NOUN
.dﬂbank_&BaNn -NoU

Figure 3

Representation of top similar words
Figure-3 shows the node presentation of words along with similarity
score. The minimum edge distance describes the closest word whereas
the longest distance describes the word is far closer. The adaptive word
embedding model dynamically selected the features to represent the word
in word vector.

4. Adaptive Word Embedding Model

As shown in figure-4, The proposed methodology accepts ambiguous
documents as an input. The pre-processing for every individual sentence
is performed. The output of the pre-processing step is the purest form
of the sentence. While detecting ambiguous words the sense mapping
mechanism is used the sense of individual words mapped with freely
available lexical resource WordNet [12,13]. Semantic similarity of
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Figure 4

Adaptive WSD Framework

Ambiguous word and context information is calculated and based on the
same 198 features from the countable noun are selected to generate word

vectors.

5. Discussion and Conclusion

Table 1

Comparative result of word embedding techniques

Adaptive Word
Word2vector One H.Ot Skip Grams BERT aptive . or
Encoding Embedding
Applicable for |Applicable for |Applicable for [Applicable for |Applicable for
Homonymy Homonymy |(Homonymy |Polysemous |both Homonymy
and Polysemous
word
Static vector is |Static vector is Static vector is |Dynamic Dynamic vector
generated generated generated vector generated
generated
Processing time |Processing Processing Processing Processing time is
is average time is time is time is more  |Efficient
adequate adequate
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Table-1 shows the comparative result analysis of the word embedding

techniques. The proposed adaptive word embedding model generates
multiple representations of word vectors with respect to semantic
similarity based context information. In the future this adaptive model of
word embedding can be suitable for WSD problems in large documents.
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