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NLP Task: Lexical Semantics

Lexical semantics:the linguistic study of word meaning

Goal: create a theory / model of word meaning

what does that even mean?



mouse (N)
1. any of numerous small rodents...
2. a hand-operated device that controls 
a cursor... 

Lemmas and senses

sense

lemma

A sense ƻǊ άconceptέ ƛǎ ǘƘŜ ƳŜŀƴƛƴƎ ŎƻƳǇƻƴŜƴǘ ƻŦ ŀ ǿƻǊŘ
Lemmas can have multiple senses

Modified from the online thesaurus WordNet



Relations between senses: Synonymy

Synonyms have the same meaning in some or all contexts.

couch / sofa

big / large

automobile / car

vomit / throw up

water / H20

But do they have exactly the same meaning?



Relations between senses: Synonymy

There are probably no examples of perfect synonymy.
Even if many aspects of meaning are identical

Still may differ based on politeness, slang, style, genre, etc.



Relation: Synonymy?

water/H20
 "H20" in a surfing guide?
big/large
 my big sister != my large sister
couch/sofa
 couch potato vs. sofa potato



The Linguistic Principle of Contrast

Difference in form Ą difference in meaning



!ōōŞ DŀōǊƛŜƭ DƛǊŀǊŘ мтму

 [I do not believe that there 
is a synonymous word in any 
language]

"

"

Re: "exact" synonyms

Thanks to Mark Aronoff!



Relation: Similarity

Words with similar meanings.  Not synonyms, but sharing 
some element of meaning

car, bicycle

cow, horse



Ask humans how similar two words are

ǿƻǊŘм word2 similarity

vanish disappear 9.8 

behave obey 7.3 

belief impression 5.95 

muscle bone 3.65 

modest flexible 0.98 

hole agreement 0.3 

SimLex-999 dataset (Hill et al., 2015) 



Relation: Word relatedness

Also called "word association"

Words can be related in many ways (e.g., via a semantic field)

coffee, tea :    similar

coffee, cup :   related, not similar



Semantic field

Words that 
cover a particular semantic domain 
bear structured relations with each other. 

hospitals
 surgeon, scalpel, nurse, anaesthetic, hospital
restaurants 
 waiter, menu, plate, food, menu, chef 
houses
 door, roof, kitchen, family, bed



Relation: Antonymy

Senses that are opposites with respect to only one 
feature of meaning

Otherwise, they are very similar!
dark/light   short/long  fast/slow  rise/fall

hot/cold      up/down        in/out



Connotation (sentiment)

ÅWords have affective meanings
Å Positive connotations (happy,  love) 

Å Negative connotations (sad, hate)

ÅConnotations can be subtle:
Å Positive connotation: copy, replica, reproduction 

Å Negative connotation: fake, knockoff, forgery



Lexical Semantics

Concepts or word senses
Have a complex many-to-many association with words (homonymy, 
multiple senses)

Have relations with each other
Synonymy

Antonymy

Similarity

Relatedness

Connotation



NLP Task: Lexical Semantics

Goal: create a theory / model of word meaning

 

Goal: create a model that represents some (many) 
aspects of lexical semantics

What should be the representation (of a word)?

How to get data to train?



Computational models of word meaning

Can we build a theory of how to represent word meaning, 
that accounts for at least some of the desiderata?

We'll introduce vector semantics

 The standard model in language processing!

 Handles many of our goals!



Intuition

Ludwig Wittgenstein (1889-1951): 
Ϧ¢ƘŜ ƳŜŀƴƛƴƎ ƻŦ ŀ ǿƻǊŘ ƛǎ ƛǘǎ ǳǎŜ ƛƴ ǘƘŜ ƭŀƴƎǳŀƎŜά

Let's define words by their usages
words are defined by their environments            
environment: the words around them



Idea 1: Distributional Hypothesis

Zellig Harris (1954): 

If A and B have almost identical environments we say that they are 
synonyms.

Firth (1957):

a word is characterized by the company it keeps

Let's define the meaning of a word by its distribution in language use, 
meaning its neighboring words or grammatical environments. 



Eg: What does recent English word ongchoi mean?

Suppose you see these sentences:
ÅOng choi is delicious when sautéed with  garlic. 

ÅOng choi is superb over rice

ÅOng choi leaves cooked with salty sauces

And you've also seen these:
ÅΧǎǇƛƴŀŎƘ sautéed with  garlic over rice

ÅChard stems and leaves are delicious

ÅCollard greens and other salty leafy greens

Conclusion:
Ongchoi is a leafy green like spinach, chard, or collard greens
We could conclude this based on words like "leaves" and "delicious" and "sauteed" 



Ongchoi: Ipomoea aquatica "Water Spinach"

Yamaguchi, Wikimedia Commons, public domain

kangkong
rau ƳǳԉƴƎ
Χ



Idea 2: Representation

A word has many aspects

  POS; 
 sentiment; intensity of sentiment;  

living/inanimate/abstract; 
 semantic field
 etc. etc.

Imagine a word as a sequence of values for each aspect

 Problem: defining the space of all aspects is hard!

Solution: meaning as a point in multidimensional space



Defining meaning as a point in space based on distribution

Each word = a vector   (not just "good" or "w45")

Similar words are "nearby in semantic space"

We build this space automatically by seeing which words are 
nearby in text



We define meaning of a word as a vector

Called an "embedding" because it's embedded into a 
space 

The standard way to represent meaning in NLP

 Every modern NLP algorithm uses embeddings as 
the representation of word meaning

Fine-grained model of meaning for similarity 



Intuition: why vectors?

Consider sentiment analysis:

With words,  a feature is a word identity
CŜŀǘǳǊŜ рΥ Ψ¢ƘŜ ǇǊŜǾƛƻǳǎ ǿƻǊŘ ǿŀǎ ϦǘŜǊǊƛōƭŜϦϥ
requires exact same word to be in training and test

With embeddings: 
Feature is a word vector
ϥ¢ƘŜ ǇǊŜǾƛƻǳǎ ǿƻǊŘ ǿŀǎ ǾŜŎǘƻǊ ώорΣннΣмтΧϐ
Now in the test set we might see a similar vector [34,21,14]
We can generalize to similar but unseen words!!! 



We'll discuss two kinds of embeddings

IR-style embeddings 
Sparse vectors

Words are represented by the counts of nearby words

²ŜΩƭƭ ŦǳǊǘƘŜǊ ŀǳƎƳŜƴǘ ǘƘƛǎ ƳƻŘŜƭ ǘƻ ŎǊŜŀǘŜ ǘƘŜ pmi model of 
weighting those counts.

Word2vec
Dense vectors

Representation is created by training a classifier to predict whether a 
word is likely to appear nearby

Later we'll discuss extensions called  contextual embeddings



From now on: Computing with meaning representations instead of 
string representations



Approach 1

How to measure a word's neighborhood?

Word-context matrix (a kind of co-occurrence matrix)
each row represents a word in the vocabulary 

each column represents how often each other word in the 
vocabulary appears nearby 



Word-Context Matrix
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Word-Context Matrix

What does "nearby" mean?

  For right now let's say "within 4 words"



Example Data

34



The word-context mini-matrix for just 4 words 
and 3 contexts

36



The word-context mini-matrix for just 4 words 
and 3 contexts

ÅThis 4x3 matrix is a subset of full |V| x |V| matrix

ÅEach word is represented by a row vector with 
dimensionality [1 x |V|] 

ÅWith co-occurrence counts with each other word
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A selection from a larger word-context matrix
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The word-context matrix

Word context matrix is |V| x |V| 

This could be 50,000 x 50,000
Most of these numbers are zero!

So these are sparse vectors

There are efficient algorithms for storing and computing with 
sparse matrices

Question: how to compute similarity between two words?



Computing word similarity: Dot product and cosine

The dot product between two vectors is a scalar:

The dot product tends to be high when the two 
vectors have large values in the same dimensions

Dot product can thus be a useful similarity metric 
between vectors



Problem with raw dot-product

Dot product favors long vectors

Dot product is higher if a vector is longer (has higher 
values in many dimension)

Vector length:

Frequent words (of, the, you) have long vectors (since 
they occur many times with other words).

So dot product overly favors frequent words



Alternative: cosine for computing word similarity

Based on the definition of the dot product between two vectors a and b 



Cosine examples

pie data computer

cherry 442 8 2

digital 5 1683 1670

information 5 3982 3325
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Visualizing cosines 
(well, angles)


