
Linguistics:  
Speech and Lexical Semantics

EECS 183/283a: Natural Language Processing



Linguistic Units

Phonemes/ 
Graphemes

Morphemes 
/Lexemes

Stokoe notation of ASL

GA English vowels 

Chinese stroke primitives,  
from Jiang et al. 2024

ASL mouth morphemes  
Large (CHA) and Small (OO) 

learnhowtosign.com 

Wikipedia (Annie Yang)

Wikipedia

Words

“language” in ASL 
lifeprint.com 

conjugation of German  
“fegen” (to sweep)  

(Wiktionary)

Indonesian “ajar” (to teach)  
with affixes 
(Wikipedia) Constituents 

/Phrases

syntactic ambiguity, 
from UBC CPSC522

Universal Dependencies

Utterances/ 
Sentences

sentences in a Russian book 
(reddit)

靜靜養貓 (YouTube)

Portal 2

Discourse/ 
Dialogue

…

BBC News in Punjabi

Portal 2 dialogues

US Supreme Court

http://learnhowtosign.com
http://lifeprint.com


Speech Production

Vocal articulators that 
produce speech

• Air passing through vocal articulators 
produces speech 

• Vocal folds, tongue, jaw, lips, velum are 
both independently and jointly controlled 
to produce different sounds 

• E.g., vocal fold vibration causes voicing 

• The output of vocal articulation is an 
acoustic pressure wave



Speech Representations

• The result of the vocal articulation is an acoustic pressure wave 

• Speech can thus be represented as an acoustic waveform 

• Waveforms are continuous time series cannot be easily 
analyzed or interpreted, or computed with 

• Signal processing can give more interpretable information
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Speech Waveform
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• Analyze a running short time window of 
speech 

• Run Fourier Transform to convert time 
to time-frequency representation



Speech Waveform
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Speech Spectrogram
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Flip axes and 
convert pressure 
into pixel intensity 
for entire waveform
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Speech Spectrogram
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Phonetics
Study of speech sounds — their physical production, spectral and 
perceptual properties

Articulatory 
Phonetics

Acoustic 
Phonetics

iy ae uw



Acoustic Phonetics
She just had a baby
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• Spectrogram reveals some segmental structure with distinct 
properties 

•These are phonemes — perceptually distinct speech sounds



Acoustic Phonetics
She just had a baby
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Phonetic transcription

•Spectrogram reveals some segmental structure with distinct 
properties 

•These are phonemes — perceptually distinct speech sounds



International Phonetic Alphabet (IPA)
•Phoneticians compiled a common set 

of sounds used to codify different 
speech sounds (across languages) 

•English spelling (aka orthography) is 
not phonetic: about 40 distinct 
phonemes represented by 26 
graphemes 

• About 16 vowel sounds 

• About 24 consonant sounds
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nation



International Phonetic Alphabet (IPA)
•Phoneticians compiled a common set 

of sounds used to codify different 
speech sounds (across languages)

Central Rotokas 
(Papua New Guinea): 12 consonants, 10 vowels

Archi 
(Dagestan, Russia)



International Phonetic Alphabet (IPA)
•Vowels are characterized by jaw position and tongue shape 

•Some vowels also use lips (eg. sound uw in cool)

Ja
w

 a
pe

rt
ur

e

Tongue frontness



International Phonetic Alphabet (IPA)
•Consonants are characterized by place and manner of articulation 

• /p/ is caused by constriction at lips (labial) 

• /p/ is caused by sudden release of air (plosive)

Place of articulation
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Lexical Phonology
• Phonology is the study of rules that govern the organization of 

sounds in a language  ( Phonemes → Syllables → Words)  

• English syllable structure: (C3)V(C4) 

• Hawaiian syllable structure: (C)V(C) 

• Georgian syllable structure: (C8)V(C5)

 (denotes a syllable)σ

Onset Rhyme

Nucleus Coda

σ

Onset Rhyme

Nucleus Coda

σ

Onset

σ

Onset Rhyme

Nucleus

hh ae d ah

σ

Onset Rhyme

Nucleus

b ey b iy

/strɛŋkθs/

გვბრდღვნის /ˈɡvbrdɣvnis/



Letters to Sounds
•Pronunciation dictionaries (often made by linguists) give the 

syllables and phonemes within each word in vocabulary 

• CMU Phonetic Dictionary gives the syllabic and phonetic 
spellings for >110K words in English 

• ML based phonetizers are built on such phonetic dictionaries

She  just    had  a  baby 

ʃiː     ʤʌst  hæd ə ˈbeɪbi 

sh iy jh ah s t h ae d ah b  ey b iy

Graphemes

IPA

Arpabet

Arpabet is an ASCII friendly representation of IPA 



Letters to Sounds



Sound Variation
• What might cause differences in pronunciation? 

• Dialectical differences 

• Native language when speaking a non-native language 

• Context — formality, noise levels, etc. 

• Language change over time 
 
 
 
 

• We learn sounds before we are born!

Moon et al. 2013

Goran tek-en, Wikipedia



Phonemes and Graphemes

• Words are composed of atomic units based on sound (for 
spoken languages) 

• Sounds are a function of how we move our vocal tracts and 
mouth anatomy  

• Languages have distinct sets of possible sounds 
(phonemic inventory) 

• And “rules” governing which sound sequences are likely 
(syllable structure)
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Word Types and Tokens

• Text data can be viewed as a sequence of words 

• First step in building a language technology: building a 
function that maps from arbitrary text data to that 
sequence

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

tokenized text



Word Types and Tokens

• Type-token distinction: 

• Type: a unique word in a text corpus 

• Token: an instance of a word type, appearing in a 
particular context

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

tokenized text

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]



Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

{‘.’, ’,’, ‘:’, ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’, 
‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’, 
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’, 
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’, 
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’}

tokenized text

wordtypes (vocabulary)

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]



Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”
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‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

wordtypes (vocabulary)



Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
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Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

tokenized text

instances (tokens) of wordtype ‘Every’
[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
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wordtypes (vocabulary)



{‘.’, ’,’, ‘:’, ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’, 
‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’, 
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’, 
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’, 
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’}

Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

tokenized text

instances (tokens) of wordtype ‘and’
[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

wordtypes (vocabulary)



{‘.’, ’,’, ‘:’, ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’, 
‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’, 
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’, 
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’, 
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’}

Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

tokenized text

instances (tokens) of wordtype ‘language’
[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

wordtypes (vocabulary)



tokenized_text = [‘The’, ‘most’, ... , ’skills, ‘.’] 
tokenized_indices = [vocabulary.index(token) for token in tokenized_text] 
 
tokenized_indices: [4, 24, 25, 7, 9, 16, 26, 22, 33, 21, 13, 2, 3, 22, 
34, 1, 20, 37, 11, 7, 19, 6, 1, 10, 18, 5, 12, 1, 35, 28, 1, 36, 1, 27, 
30, 7, 14, 23, 31, 30, 8, 15, 17, 32, 29, 0]

vocabulary = 
[‘.’, ’,’, ‘:’, ‘Every’, ‘The’, ‘a’, ‘adults’, ‘and’, ‘are’, ‘basic’, 
‘can’, ‘children’, ‘conversation’, ‘dialogue’, ‘even’, ‘far’, ‘form’, 
‘from’, ‘hold’, ‘illiterate’, ‘including’, ‘is’, ‘language’, ‘listening’, 
‘most’, ‘natural’, ‘of’, ‘preparing’, ‘reading’, ‘skills’, ‘speeches’, 
‘to’, ‘universal’, ‘use’, ‘user’, ‘whereas’, ‘writing’, ‘young’]

Word Types and Tokens
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

text as a sequence of wordtype indices

vocabulary as a look-up table



Tokenize on Spaces

• Simplest tokenizer (for English): splitting on spaces 
 
 
 
 

• But this gets us some weird wordtypes:

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue:’, ‘Every’, ‘language’, ‘user,’, ‘including’, 
‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults,’, ‘can’, ‘hold’, ‘a’, 
‘conversation,’, ‘whereas’, ‘reading,’, ‘writing,’, ‘preparing’, 
‘speeches’, ‘and’, ‘even’, ‘listening’, ‘to’, ‘speeches’, ‘are’, ‘far’, 
‘from’, ‘universal’, ‘skills.’]

tokenized = s.split(‘ ‘)

‘dialogue:’ 
‘user,’ 
‘skills.’

Not really words different from 
dialogue, user, skills



Rule-Based Tokenization

• nltk tokenizers, with special rules for punctuation 
 
 
 
 

• But this still loses similarity between wordtypes

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

import nltk 
tokenized = nltk.word_tokenize(s)

‘skills’ 
‘reading’ 
‘speeches’

Lexically similar to, but 
morphologically distinct from 
skill, read, speech

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]



• nltk tokenizers, with special rules for punctuation 
 
 
 
 

• And doesn’t work for all languages

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

import nltk 
tokenized = nltk.word_tokenize(s)

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

โดยที่การยอมรับนับถือเกียรติศักดิ์ประจำตัว และสิทธิเท่าเทียมกันและโอนมิได้ของ
บรรดา สมาชิก ทั้ง หลายแห่งครอบครัว มนุษย์เป็นหลักมูลเหตุแห่งอิสรภาพ ความ
ยุติธรรม และสันติภาพในโลก

Universal Declaration of Human Rights in Thai

Rule-Based Tokenization



• nltk tokenizers, with special rules for punctuation 
 
 
 
 

• Once you’ve “trained” your tokenizer, you’re stuck with it

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

import nltk 
tokenized = nltk.word_tokenize(s)

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

Rule-Based Tokenization

vocab = [‘.’, ’,’, ‘:’, ‘Every’, ... , ‘writing’, ‘young’] 
vocab.index(‘ChatGPT’) → not found! 
 



• nltk tokenizers, with special rules for punctuation 
 
 
 
 

• Once you’ve “trained” your tokenizer, you’re stuck with it

The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

import nltk 
tokenized = nltk.word_tokenize(s)

[‘The’, ‘most’, ‘natural’, ‘and’, ‘basic’, ‘form’, ‘of’, ‘language’, 
‘use’, ‘is’, ‘dialogue’, ‘:’, ‘Every’, ‘language’, ‘user’, ‘,’, 
‘including’, ‘young’, ‘children’, ‘and’, ‘illiterate’, ‘adults’, ‘,’, 
‘can’, ‘hold’, ‘a’, ‘conversation’, ‘,’, ‘whereas’, ‘reading’, ‘,’, 
‘writing’, ‘,’, ‘preparing’, ‘speeches’, ‘and’, ‘even’, ‘listening’, 
‘to’, ‘speeches’, ‘are’, ‘far’, ‘from’, ‘universal’, ‘skills, ‘.’]

Rule-Based Tokenization

vocab = [‘.’, ’,’, ‘:’, ‘Every’, ... , ‘writing’, ‘young’, ‘<UNK>’] 
tokenized_indices =  
    [vocabulary.index(token) for token in tokenized_text  
     if token in vocabulary  
     else vocabulary.index(‘<UNK>’)]

add a special token  
for unknown words



Bytes as Wordtypes
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

54 68 65 20 6d 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20 
6c 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c 6f 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e 
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6c 64 72 65 
6e 20 61 6e 64 20 69 6c 6c 69 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f 6c 64 20 61 
20 63 6f 6e 76 65 72 73 61 74 69 6f 6e 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69 
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6c 
69 73 74 65 6e 69 6e 67 20 74 6f 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75 
6e 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

tokenized = s.encode()

• Strings are sequences of characters (bytes)! 
 
 
 
 

• Now our vocabulary is a fixed size (all possible Unicode 
characters)



Bytes as Wordtypes
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

54 68 65 20 6d 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20 
6c 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c 6f 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e 
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6c 64 72 65 
6e 20 61 6e 64 20 69 6c 6c 69 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f 6c 64 20 61 
20 63 6f 6e 76 65 72 73 61 74 69 6f 6e 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69 
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6c 
69 73 74 65 6e 69 6e 67 20 74 6f 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75 
6e 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

tokenized = s.encode()

• Strings are sequences of characters (bytes)! 
 
 
 
 

• And we don’t have any unknown wordtypes 
(until the Unicode Consortium adds new emoji)



Bytes as Wordtypes
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

54 68 65 20 6d 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20 
6c 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c 6f 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e 
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6c 64 72 65 
6e 20 61 6e 64 20 69 6c 6c 69 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f 6c 64 20 61 
20 63 6f 6e 76 65 72 73 61 74 69 6f 6e 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69 
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6c 
69 73 74 65 6e 69 6e 67 20 74 6f 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75 
6e 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

tokenized = s.encode()

• Strings are sequences of characters (bytes)! 
 
 
 
 

• But: individual characters are not meaningful
[‘.’, ’,’, ‘:’, ‘Every’, ... , ‘user’, ’whereas’, ‘writing’, ‘young’]

[‘.’, ’,’, ‘:’, ‘A’, ‘B’, ‘C’, ... , ‘a’, ‘b’, ‘c’, ... , ‘7’, ‘8’, ‘9’]  

vs.



Bytes as Wordtypes
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

54 68 65 20 6d 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20 
6c 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c 6f 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e 
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6c 64 72 65 
6e 20 61 6e 64 20 69 6c 6c 69 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f 6c 64 20 61 
20 63 6f 6e 76 65 72 73 61 74 69 6f 6e 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69 
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6c 
69 73 74 65 6e 69 6e 67 20 74 6f 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75 
6e 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

tokenized = s.encode()

• Strings are sequences of characters (bytes)! 
 
 
 
 

• It’s now the ML model’s job to learn to compose words 
from scratch



Bytes as Wordtypes
The most natural and basic form of language use is dialogue: Every 
language user, including young children and illiterate adults, can hold a 
conversation, whereas reading, writing, preparing speeches and even 
listening to speeches are far from universal skills. from Pickering and Garrod 2004, 

“A mechanistic psychology of dialogue”

54 68 65 20 6d 6f 73 74 20 6e 61 74 75 72 61 6c 20 61 6e 64 20 62 61 73 69 63 20 66 6f 72 6d 20 6f 66 20 
6c 61 6e 67 75 61 67 65 20 75 73 65 20 69 73 20 64 69 61 6c 6f 67 75 65 3a 20 45 76 65 72 79 20 6c 61 6e 
67 75 61 67 65 20 75 73 65 72 2c 20 69 6e 63 6c 75 64 69 6e 67 20 79 6f 75 6e 67 20 63 68 69 6c 64 72 65 
6e 20 61 6e 64 20 69 6c 6c 69 74 65 72 61 74 65 20 61 64 75 6c 74 73 2c 20 63 61 6e 20 68 6f 6c 64 20 61 
20 63 6f 6e 76 65 72 73 61 74 69 6f 6e 2c 20 77 68 65 72 65 61 73 20 72 65 61 64 69 6e 67 2c 20 77 72 69 
74 69 6e 67 2c 20 70 72 65 70 61 72 69 6e 67 20 73 70 65 65 63 68 65 73 20 61 6e 64 20 65 76 65 6e 20 6c 
69 73 74 65 6e 69 6e 67 20 74 6f 20 73 70 65 65 63 68 65 73 20 61 72 65 20 66 61 72 20 66 72 6f 6d 20 75 
6e 69 76 65 72 73 61 6c 20 73 6b 69 6c 6c 73 2e

tokenized = s.encode()

• Strings are sequences of characters (bytes)! 
 
 
 
 

• But: input sequences are much longer
‘language’

‘l’, ‘a’, ’n’, ‘g’, ‘u’, ‘a’, ‘g’, ‘e’

vs.



A Compromise: 
Subword Tokenization

• Main principle: words are (often) composed of 
subparts (morphemes) 

• Our vocabulary should have entries for 
frequent words kept whole, because we have a 
lot of data about those words 

• But it should also have entries  
for parts of less-frequent words, 
so our ML models can learn 
how to compose parts of words 
into whole words (especially 
unfamiliar words!)

Wikipedia (Annie Yang)



Byte Pair Encoding

• Modern standard for building a tokenizer 

• Inputs: collection of texts and target vocabulary size 

• Initial vocabulary is the set of all bytes (characters) across the 
texts 

• Until the target vocabulary size is reached, repeat the 
following: 

• Tokenize all of the texts using the current vocabulary 

• Find the most common bigram in the tokenized texts, then 
add it to the vocabulary as a new wordtype 



Byte Pair Encoding
Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

("h" "u" "g", 10), ("p" "u" "g", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "u" "g" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

vocabulary

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17
'u' 'n' 16

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17
'u' 'n' 16
'b' 'u' 4

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17
'u' 'n' 16
'b' 'u' 4
'g' 's' 5

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "u" "n", 12), ("b" "u" "n", 4), ("h" "ug" "s", 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

(“h”, “u”, “ug”, “p”, “n”, “b”, “s”) 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary tokenized texts

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

bigrams + frequencies

'h' 'u' 15
'u' 'g' 20
'p' 'u' 17
'u' 'n' 16
'b' 'u' 4
'g' 's' 5

most frequent bigram;  
add to vocabulary

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'ug' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug') 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

tokenized texts

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'ug' 's', 5) 

("h" "ug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug') 

(“h”, “u”, “ug”, “p”, “un”, “b”, “s”) 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

tokenized texts

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'ug' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'un', 12), ('b' 'un', 4), ('h' 'ug' 's', 5) 

(“hug", 10), ("p" "ug", 5), ("p" "un", 12), ("b" "un", 4), ("h" "ug" "s", 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug', 'un') 

(“hug”, “p”, “ug”, “un”, “b”, “h”, “s”) 

Byte Pair Encoding

vocabulary

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

tokenized texts

Example from HuggingFace



('h' 'u' 'g', 10), ('p' 'u' 'g', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'u' 'g' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'u' 'n', 12), ('b' 'u' 'n', 4), ('h' 'ug' 's', 5) 

('h' 'ug', 10), ('p' 'ug', 5), ('p' 'un', 12), ('b' 'un', 4), ('h' 'ug' 's', 5) 

('hug', 10), ('p' 'ug', 5), ('p' 'un', 12), ('b' 'un', 4), ('hug' 's', 5) 

('h', 'u', 'g', 'p', 'n', 'b', 's') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug', 'un') 

('h', 'u', 'g', 'p', 'n', 'b', 's', 'ug', 'un', 'hug') 

Byte Pair Encoding

vocabulary

Documents + frequencies: ('hug', 10), ('pug', 5), ('pun', 12), ('bun', 4), ('hugs', 5)

tokenized texts

New word: “puns”

'p' 'u' 'n' 's' 'p' 'un' 's'

Example from HuggingFace



Vocabularies



Vocabularies
Long-tail (“Zipfian”) distribution of wordtypes 

(from Portal 2 dialogues) 



Vocabularies
Long-tail (“Zipfian”) distribution of wordtypes 

(from Portal 2 dialogues) 

longer words



Meaning and Representation

• Words are themselves not actual things, they only refer to 
things 

• Kind of like a pointer 

• Even if they aren’t actual things, we can still do things to 
and know things about them 

• E.g., we know cats are a type of pet 

• Core question: if a machine learning system is processing 
text, how should words be represented as input to and 
within the ML system?  



Word Meaning: 
Denotational Semantics

• Let’s start from the bottom up: 
what does each word mean? 

• What does “Pepper” mean? 

• Denotational semantics: the 
symbol refers to something in 
the context in which the 
language is used

What color is Pepper?

<latexit sha1_base64="/cnyKmxVdU7M8ID6ozQbNE+/OJU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZq8H6p7FbcOcgq8XJShhz1fumrN4hZGqE0TFCtu56bGD+jynAmcFrspRoTysZ0iF1LJY1Q+9n80Ck5t8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJrzxMy6T1KBki0VhKoiJyexrMuAKmRETSyhT3N5K2IgqyozNpmhD8JZfXiWty4pXrVQbV+XabR5HAU7hDC7Ag2uowT3UoQkMEJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A0w+M+A==</latexit>

iImage

<latexit sha1_base64="lr/7A+qinb/MCqEE+LLewLuincs=">AAACB3icbVDJSgNBEO1xjXGLehSkNQiewoxI9CIEvXiMYBaYGUNPp5I06VnorhHDkJsXf8WLB0W8+gve/Bs7y0GjDwoe71VRVS9IpNBo21/W3PzC4tJybiW/ura+sVnY2q7rOFUcajyWsWoGTIMUEdRQoIRmooCFgYRG0L8c+Y07UFrE0Q0OEvBD1o1ER3CGRmoV9lxv36Uewj1mVUgSUEPqe/v+raDn1MtahaJdssegf4kzJUUyRbVV+PTaMU9DiJBLprXr2An6GVMouIRh3ks1JIz3WRdcQyMWgvaz8R9DemiUNu3EylSEdKz+nMhYqPUgDExnyLCnZ72R+J/nptg58zMRJSlCxCeLOqmkGNNRKLQtFHCUA0MYV8LcSnmPKcbRRJc3ITizL/8l9eOSUy6Vr0+KlYtpHDmySw7IEXHIKamQK1IlNcLJA3kiL+TVerSerTfrfdI6Z01ndsgvWB/fEMWYLA==</latexit>

[[Pepper]]i = {
<latexit sha1_base64="ne8ZOkN9NRQHJmnfmFKPnBbCOyE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Jv2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVq1dn9Zqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6IejXI=</latexit>

}



• Denotational semantics allows 
us to ground language to a 
world outside of language use 

• But what happens when we don’t 
have an available outside world?

What color is Pepper?

<latexit sha1_base64="/cnyKmxVdU7M8ID6ozQbNE+/OJU=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KolI9Vj04rEF+wFtKJvtpF272YTdjVBCf4EXD4p49Sd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6ThVDJssFrHqBFSj4BKbhhuBnUQhjQKB7WB8N/PbT6g0j+WDmSToR3QoecgZNVZq8H6p7FbcOcgq8XJShhz1fumrN4hZGqE0TFCtu56bGD+jynAmcFrspRoTysZ0iF1LJY1Q+9n80Ck5t8qAhLGyJQ2Zq78nMhppPYkC2xlRM9LL3kz8z+umJrzxMy6T1KBki0VhKoiJyexrMuAKmRETSyhT3N5K2IgqyozNpmhD8JZfXiWty4pXrVQbV+XabR5HAU7hDC7Ag2uowT3UoQkMEJ7hFd6cR+fFeXc+Fq1rTj5zAn/gfP4A0w+M+A==</latexit>

iImage

<latexit sha1_base64="lr/7A+qinb/MCqEE+LLewLuincs=">AAACB3icbVDJSgNBEO1xjXGLehSkNQiewoxI9CIEvXiMYBaYGUNPp5I06VnorhHDkJsXf8WLB0W8+gve/Bs7y0GjDwoe71VRVS9IpNBo21/W3PzC4tJybiW/ura+sVnY2q7rOFUcajyWsWoGTIMUEdRQoIRmooCFgYRG0L8c+Y07UFrE0Q0OEvBD1o1ER3CGRmoV9lxv36Uewj1mVUgSUEPqe/v+raDn1MtahaJdssegf4kzJUUyRbVV+PTaMU9DiJBLprXr2An6GVMouIRh3ks1JIz3WRdcQyMWgvaz8R9DemiUNu3EylSEdKz+nMhYqPUgDExnyLCnZ72R+J/nptg58zMRJSlCxCeLOqmkGNNRKLQtFHCUA0MYV8LcSnmPKcbRRJc3ITizL/8l9eOSUy6Vr0+KlYtpHDmySw7IEXHIKamQK1IlNcLJA3kiL+TVerSerTfrfdI6Z01ndsgvWB/fEMWYLA==</latexit>

[[Pepper]]i = {
<latexit sha1_base64="ne8ZOkN9NRQHJmnfmFKPnBbCOyE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF49V7Ae0oWy2k3bpZhN2N0IJ/QdePCji1X/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Jv2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5pdOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmb5MBV8iMmFhCmeL2VsJGVFFmbDglG4K3/PIqaV1UvVq1dn9Zqd/kcRThBE7hHDy4gjrcQQOawCCEZ3iFN2fsvDjvzseiteDkM8fwB87nD6IejXI=</latexit>

}

Black with green eyes

Word Meaning: 
Denotational Semantics



Cats

Word Meaning: 
Ontologies

Nick’s 
Cats

Coco

Lucy’s 
Cats

Toast

Alane’s 
Cats P

at
ri

ck

Pepper

Zineng’s 
Cats

Shaomai

Téa’s  
Cats

Marceline



Domesticated Animals

Pets

Cats
Nick’s 
Cats

Lucy’s 
Cats

Alane’s Cats

Zineng’s 
Cats

Téa’s  
Cats

Draught 
Animals

Livestock

Dogs Mer’s Dogs

Word Meaning: 
Ontologies



Domesticated Animals

Pets

Cats
Nick’s 
Cats

Lucy’s 
Cats

Alane’s Cats

Zineng’s 
Cats

Téa’s  
Cats

Draught 
Animals

Livestock

Dogs Mer’s Dogs

Hyponym / hypernym relation: 
 

“pet” is a hypernym of “dog”; 
“draught animal” is a hyponym of 

“domesticated animals”

Synsets: 
 

{“draught animal”, “beast of 
burden”, “draft animal”}

Word Meaning: 
Ontologies



• From our ontology, we know  

• isa(Pepper, Alane’s cat) 

• isa(Alane’s cat, cat) 

• We might know something about cats, too: 

• Cats are typically not blue, pink, yellow, etc. 

• So the answer is probably not one of these

What color is Pepper?

Word Meaning: 
Ontologies

https://wordnet.princeton.edu/

← (hypernym relation)



Word Meaning: 
Ontologies

• Missing context-dependence (polysemy)

What color is pepper?



Word Meaning: 
Ontologies

• Missing context-dependence (polysemy) 

• Missing meaning of new words

https://en.wikipedia.org/wiki/Pepper_(cryptography)



Word Meaning: 
Ontologies

• Missing context-dependence (polysemy) 

• Missing meaning of new words 

• Requires human labor

https://en.wikipedia.org/wiki/List_of_Capsicum_cultivars

Paullassiter, Wikipedia

Falcodigiada, Wikipedia

Hankwang, Wikipedia

Daniel Risacher, Wikipedia

Endwints, Wikipedia



Word Meaning: 
Ontologies

• Missing context-dependence (polysemy) 

• Missing meaning of new words 

• Requires human labor 

• Subjective and culturally dependent

Image credits: Ragesoss; Kham Tran; Takeaway; Matt K; Lemmikkipuu; Soerfm



Word Meaning: 
Discrete Symbols

• Machine learning models expect numerical inputs 

• Represent each word as a unique one-hot vector 
(vector with values 0, except for one value of 1) 

• Vector dimension: the same size as the vocabulary 

• Problem: no notion of similarity 
 

• (Is there some way we could use WordNet to get more 
informative numerical representations of words?)

φ(cat) =  
φ(kitten) =

[ 0 0 0 0 1 0 0 0 0 ] 
[ 0 0 1 0 0 0 0 0 0 ]

How can I make my house 
safe for a new kitten?

How can I make my house 
safe for a new cat?



Word Meaning: 
Continuous Vectors

• Instead: represent words as continuous vectors 
 
 

• Implicitly provides notions of similarity: 

• Similarity is learnable from text at scale:

φ(cat) =  
φ(kitten) =

[ -0.6 1.3 -0.1 0.3 ] 
[ -0.7 -1.5 0.0 0.3 ]

<latexit sha1_base64="jqh8vEwqAnqGyntAOZTOzKyWiAo=">AAACQHicbZA7SwNBFIVn4yvG16qlzWAQEpCwKxItLII2lhHMA5IQZieTZMjsg5m7Ytjkp9n4E+ysbSwUsbVystkirwsDh3POZWY+JxBcgWW9G6m19Y3NrfR2Zmd3b//APDyqKj+UlFWoL3xZd4hignusAhwEqweSEdcRrOYM7iZ57YlJxX3vEYYBa7mk5/EupwS01TZroxFuBn2eawJ7hkjb4/z5rDPgAMwb57Eu3uAVbTxX7/i9uNs2s1bBigcvCzsRWZRMuW2+NTs+DV3mARVEqYZtBdCKiAROBRtnmqFiAaED0mMNLT3iMtWKYgBjfKadDu76Uh8PcOzObkTEVWroOrrpEuirxWxirsoaIXSvWxH3glBDoNOLuqHA4OMJTdzhklEQQy0IlVy/FdM+kYSCZp7REOzFLy+L6kXBLhaKD5fZ0m2CI41O0CnKIRtdoRK6R2VUQRS9oA/0hb6NV+PT+DF+p9WUkewco7kx/v4B+o2wBQ==</latexit>

||�(cat),�(kitten)|| < ||�(cat),�(dog)||

… feeding time in multiple cat households can often be …
… is to relieve the cat from the stress of …

… effect on the feral cat population in rural areas …

… So I wrapped the kitten up in a towel …
… they noticed that the kitten population was getting high …

… were looking for a kitten , hoping that someone …



Word Embeddings

• How do we get these vectors? 

• Core principle: distributional hypothesis 

• Words that are used in similar contexts have similar 
meanings 

• Context: typically, other words in a text, but really 
anything can be context!



Distributional Hypothesis

A bottle of tesgüino is 
on the table.

Everybody likes 
tesgüino.

Tesgüino makes you 
drunk.

We make tesgüino out 
of corn.

• Found in bottles 

• People like it 

• It makes you drunk 

• It’s made of corn 

• Maybe: similar to beer, wine, 
whiskey, etc.



Word Co-Occurrence

tesgüino beer wine whiskey

drunk 3 400 450 600

bottle 10 600 1000 600

corn 15 0 0 400

hops 0 450 0 0

grapes 0 0 1000 0

dairy 0 0 0 0

• Co-occurrence matrix, 
counting number of texts 
in which both words occur 

• Word similarity ≈ cosine 
similarity of vector 
representations φ 

• But embedding is huge: 
the size of the vocabulary!



Word2Vec: Skip-Gram
• Input: corpus D including pairs (w, c) where w is a word and c is a context, 

e.g.: 

• “Everybody likes tesgüino” 
(w = “tesgüino”, c = “likes”) 

(w = “tesgüino”, c = “everybody”) 

• We want to model: given that we observe word w, what’s likely in the context c? 

• Our objective: find parameters that maximize the corpus probability 
 
 

• (There are other methods for word2vec (e.g., GloVe, CBOW), but we will only 
look at Skip-Gram in this class)

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013

e.g., context is every  
word in the sentence

<latexit sha1_base64="fGgGC059r1/AMtYxZs8dRPIhCA0=">AAAB/3icbVC7SgNBFJ2Nrxhfq4KNzWAQYhN2RaKQJmhjGcE8ILuE2ckkGTL7YOauEjYp/BUbC0Vs/Q07/8bZZAtNPHAvh3PuZe4cLxJcgWV9G7mV1bX1jfxmYWt7Z3fP3D9oqjCWlDVoKELZ9ohiggesARwEa0eSEd8TrOWNblK/9cCk4mFwD+OIuT4ZBLzPKQEtdc2jqESxU8WTtD1WsQNDBuSsaxatsjUDXiZ2RoooQ71rfjm9kMY+C4AKolTHtiJwEyKBU8GmBSdWLCJ0RAaso2lAfKbcZHb/FJ9qpYf7odQVAJ6pvzcS4is19j096RMYqkUvFf/zOjH0r9yEB1EMLKDzh/qxwBDiNAzc45JREGNNCJVc34rpkEhCQUdW0CHYi19eJs3zsl0pV+4uirXrLI48OkYnqIRsdIlq6BbVUQNRNEHP6BW9GU/Gi/FufMxHc0a2c4j+wPj8AexdlCQ=</latexit>

p(c | w; ✓)

<latexit sha1_base64="B4B6xVzdSZi60vl6+/u2Nwk0Qxg="></latexit>

argmax
✓

Y

(w,c)2D

p(c | w; ✓)



score: similarity of 
representations of  
word and context

Word2Vec: Skip-Gram

<latexit sha1_base64="B4B6xVzdSZi60vl6+/u2Nwk0Qxg="></latexit>

argmax
✓

Y

(w,c)2D

p(c | w; ✓)

Objective: find

where
<latexit sha1_base64="fGgGC059r1/AMtYxZs8dRPIhCA0=">AAAB/3icbVC7SgNBFJ2Nrxhfq4KNzWAQYhN2RaKQJmhjGcE8ILuE2ckkGTL7YOauEjYp/BUbC0Vs/Q07/8bZZAtNPHAvh3PuZe4cLxJcgWV9G7mV1bX1jfxmYWt7Z3fP3D9oqjCWlDVoKELZ9ohiggesARwEa0eSEd8TrOWNblK/9cCk4mFwD+OIuT4ZBLzPKQEtdc2jqESxU8WTtD1WsQNDBuSsaxatsjUDXiZ2RoooQ71rfjm9kMY+C4AKolTHtiJwEyKBU8GmBSdWLCJ0RAaso2lAfKbcZHb/FJ9qpYf7odQVAJ6pvzcS4is19j096RMYqkUvFf/zOjH0r9yEB1EMLKDzh/qxwBDiNAzc45JREGNNCJVc34rpkEhCQUdW0CHYi19eJs3zsl0pV+4uirXrLI48OkYnqIRsdIlq6BbVUQNRNEHP6BW9GU/Gi/FufMxHc0a2c4j+wPj8AexdlCQ=</latexit>

p(c | w; ✓)
<latexit sha1_base64="FXAYxDnHRL0anDHMdC9bWQCjG6k="></latexit>

=
exp(�(c) · �(w))P
c02C exp(�(c

0) · �(w)

<latexit sha1_base64="KnUL7IW8EgMQMpFrVF8W0IyITHs="></latexit>

score(c, w) = cos(�(c),�(w)) =
�(c) · �(w)

||�(c)|| ||�(w)||

we use cosine similarity because, 
in contrast to dot product, it is 
unbiased towards vector 
magnitude:

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013

<latexit sha1_base64="knE6M6snOGpe5yKq0UbVFX9/LMI="></latexit>

exp(score(c, w))P
c02C exp(score(c

0, w))



softmax function: 
normalizes categorical 

scores to a smooth 
probability distribution

Word2Vec: Skip-Gram

<latexit sha1_base64="B4B6xVzdSZi60vl6+/u2Nwk0Qxg="></latexit>

argmax
✓

Y

(w,c)2D

p(c | w; ✓)

Objective: find

where
<latexit sha1_base64="fGgGC059r1/AMtYxZs8dRPIhCA0=">AAAB/3icbVC7SgNBFJ2Nrxhfq4KNzWAQYhN2RaKQJmhjGcE8ILuE2ckkGTL7YOauEjYp/BUbC0Vs/Q07/8bZZAtNPHAvh3PuZe4cLxJcgWV9G7mV1bX1jfxmYWt7Z3fP3D9oqjCWlDVoKELZ9ohiggesARwEa0eSEd8TrOWNblK/9cCk4mFwD+OIuT4ZBLzPKQEtdc2jqESxU8WTtD1WsQNDBuSsaxatsjUDXiZ2RoooQ71rfjm9kMY+C4AKolTHtiJwEyKBU8GmBSdWLCJ0RAaso2lAfKbcZHb/FJ9qpYf7odQVAJ6pvzcS4is19j096RMYqkUvFf/zOjH0r9yEB1EMLKDzh/qxwBDiNAzc45JREGNNCJVc34rpkEhCQUdW0CHYi19eJs3zsl0pV+4uirXrLI48OkYnqIRsdIlq6BbVUQNRNEHP6BW9GU/Gi/FufMxHc0a2c4j+wPj8AexdlCQ=</latexit>

p(c | w; ✓)
<latexit sha1_base64="FXAYxDnHRL0anDHMdC9bWQCjG6k="></latexit>

=
exp(�(c) · �(w))P
c02C exp(�(c

0) · �(w)

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013

<latexit sha1_base64="B4B6xVzdSZi60vl6+/u2Nwk0Qxg="></latexit>

argmax
✓

Y

(w,c)2D

p(c | w; ✓)

<latexit sha1_base64="knE6M6snOGpe5yKq0UbVFX9/LMI="></latexit>

exp(score(c, w))P
c02C exp(score(c

0, w))



Problem: intractable to  
sum over all contexts

Word2Vec: Skip-Gram

<latexit sha1_base64="B4B6xVzdSZi60vl6+/u2Nwk0Qxg="></latexit>

argmax
✓

Y

(w,c)2D

p(c | w; ✓)

Objective: find

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013

<latexit sha1_base64="knE6M6snOGpe5yKq0UbVFX9/LMI="></latexit>

exp(score(c, w))P
c02C exp(score(c

0, w))



similarity of representations of  
word and context

Word2Vec: Skip-Gram

* Solution: negative sampling 

* Instead of summing over all possibly contexts in which a 
word could appear 

* Approximate via learning from contexts in which a word 
doesn’t appear 

* Model whether or not a word-context pair is likely to exist 
in the dataset

<latexit sha1_base64="7Ic1CkhLSDDla8UBl1uAXlAjGaA="></latexit>

p((w, c) 2 D =
1

1 + exp(�score(c, w))

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013



sigmoid function: normalizes a 
scalar into a probability

Word2Vec: Skip-Gram

* Solution: negative sampling 

* Instead of summing over all possibly contexts in which a 
word could appear 

* Approximate via learning from contexts in which a word 
doesn’t appear 

* Model whether or not a word-context pair is likely to exist 
in the dataset

<latexit sha1_base64="7Ic1CkhLSDDla8UBl1uAXlAjGaA="></latexit>

p((w, c) 2 D =
1

1 + exp(�score(c, w))

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013



What is D’?

Word2Vec: Skip-Gram

NEW objective: find

where

<latexit sha1_base64="mw/Yhr+IcYIQ3UhoX1zS50ok+Lw="></latexit>

argmax
✓

Y

(w,c)2D

p((w, c) 2 D)
Y

(w,c)2D0

p((w, c) 62 D)

<latexit sha1_base64="sLaJczuqeARmKty1UIBwqn14WdA=">AAACKHicbVDLSsNAFJ3UV62vqEs3g0VoQUsiUt2IRV24rGAf0IQymU7aoZNJmJkoJfRz3PgrbkQU6dYvcdIG1OqBgcM55zL3Hi9iVCrLmhi5hcWl5ZX8amFtfWNzy9zeacowFpg0cMhC0faQJIxy0lBUMdKOBEGBx0jLG16lfuueCElDfqdGEXED1OfUpxgpLXXNi6hUejiEuAwdHiroUA6dAKkBRiy5HpfhObThEfwOzftds2hVrCngX2JnpAgy1Lvmq9MLcRwQrjBDUnZsK1JugoSimJFxwYkliRAeoj7paMpRQKSbTA8dwwOt9KAfCv24glP150SCAilHgaeT6ZJy3kvF/7xOrPwzN6E8ihXhePaRHzOoQpi2BntUEKzYSBOEBdW7QjxAAmGluy3oEuz5k/+S5nHFrlaqtyfF2mVWRx7sgX1QAjY4BTVwA+qgATB4BM/gDbwbT8aL8WFMZtGckc3sgl8wPr8AMAaibg==</latexit>

p((w, c) 62 D) = 1� p((w, c) 2 D)

<latexit sha1_base64="7Ic1CkhLSDDla8UBl1uAXlAjGaA="></latexit>

p((w, c) 2 D =
1

1 + exp(�score(c, w))

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013



Word2Vec: Skip-Gram

NEW objective: find
<latexit sha1_base64="mw/Yhr+IcYIQ3UhoX1zS50ok+Lw="></latexit>

argmax
✓

Y

(w,c)2D

p((w, c) 2 D)
Y

(w,c)2D0

p((w, c) 62 D)

* Negative samples: sample and train on l * |D| pairs (w', c') where  
 
 

* How to train?  

* Gradient descent 

* In practice, we work with log probabilities, not direct 
probabilities, to avoid float underflow

<latexit sha1_base64="BgeFAWkPbeJF44dl/0l7NHUc+MI=">AAAB83icbVBNSwMxEJ31s9avqkcvwSLWS9kVqR6LXjxWsB/QXUo2zbah2WxIskpZ+je8eFDEq3/Gm//GtN2Dtj4YeLw3w8y8UHKmjet+Oyura+sbm4Wt4vbO7t5+6eCwpZNUEdokCU9UJ8SaciZo0zDDaUcqiuOQ03Y4up367UeqNEvEgxlLGsR4IFjECDZW8p/OkK9ZjGSlfd4rld2qOwNaJl5OypCj0St9+f2EpDEVhnCsdddzpQkyrAwjnE6KfqqpxGSEB7RrqcAx1UE2u3mCTq3SR1GibAmDZurviQzHWo/j0HbG2Az1ojcV//O6qYmug4wJmRoqyHxRlHJkEjQNAPWZosTwsSWYKGZvRWSIFSbGxlS0IXiLLy+T1kXVq1Vr95fl+k0eRwGO4QQq4MEV1OEOGtAEAhKe4RXenNR5cd6dj3nripPPHMEfOJ8/VlCQmA==</latexit>

w0 ⇠ p(W )
<latexit sha1_base64="M/5lvPsvamFyuCSv+92Q29gRrus=">AAAB83icbVBNSwMxEJ31s9avqkcvwSLWS9kVqR6LvXisYD+gu5Rsmm1Dk92QZIWy9G948aCIV/+MN/+NabsHbX0w8Hhvhpl5oeRMG9f9dtbWNza3tgs7xd29/YPD0tFxWyepIrRFEp6obog15SymLcMMp12pKBYhp51w3Jj5nSeqNEviRzORNBB4GLOIEWys5JML5GsmkKw0Lvulslt150CrxMtJGXI0+6Uvf5CQVNDYEI617nmuNEGGlWGE02nRTzWVmIzxkPYsjbGgOsjmN0/RuVUGKEqUrdigufp7IsNC64kIbafAZqSXvZn4n9dLTXQbZCyWqaExWSyKUo5MgmYBoAFTlBg+sQQTxeytiIywwsTYmIo2BG/55VXSvqp6tWrt4bpcv8vjKMApnEEFPLiBOtxDE1pAQMIzvMKbkzovzrvzsWhdc/KZE/gD5/MHGMCQcA==</latexit>

c0 ⇠ p(C)
unigram prior 

over words
unigram prior 
over contexts

Slides adapted from Yoav Artzi’s LM-Class; Skip-Gram from Mikolov et al. 2013



Word2Vec: Skip-Gram
What counts as context? Basically anything you want

A bottle of tesgüino is 
on the table.

Everybody likes 
tesgüino.

Tesgüino makes you 
drunk.

We make tesgüino out 
of corn.

w = tesgüino

of w 1

bottle of w 1

bottle __ w 1

cup __ w 0

w is 1

w is on 1

w is on the table 1

w __ __ __ table 1

{corn, w} 1

make w out 1



* In Skip-Gram, the parameters of our models are the 
vectors for words and the vectors for contexts 
 
 
 

* Once we’ve trained a model, we can use these vectors for 
whatever we’d like!

Word Vectors

context vectors word vectors

<latexit sha1_base64="5oMkGA8KFq9c5mGM8EYOw4WSHJY="></latexit>

p((w, c) 2 D =
1

1 + exp(� cos(�(c),�(w))



vector representing the 
relationship between a and b

Vector Arithmetic

a : b :: c : ?

<latexit sha1_base64="w1HBIsGESzNlIeDDFRV4cTbvH/o="></latexit>

⌘ d = argmax
i2W

(�(b)� �(a) + �(c)) · �(i)
||(�(b)� �(a) + �(c)) · �(i)||



apply this relationship 
to a new word c

Vector Arithmetic

a : b :: c : ?

<latexit sha1_base64="w1HBIsGESzNlIeDDFRV4cTbvH/o="></latexit>

⌘ d = argmax
i2W

(�(b)� �(a) + �(c)) · �(i)
||(�(b)� �(a) + �(c)) · �(i)||



and some 
other word 
i

cosine 
similarity of

Vector Arithmetic

a : b :: c : ?

<latexit sha1_base64="w1HBIsGESzNlIeDDFRV4cTbvH/o="></latexit>

⌘ d = argmax
i2W

(�(b)� �(a) + �(c)) · �(i)
||(�(b)� �(a) + �(c)) · �(i)||

the expected 
representation of the 

analogy word



Vector Arithmetic

• Stereotypes are embedded in text data 

• One way to “debias”: identify category subspace (e.g., 
“gender” subspace), project words onto that subspace, 
then subtract those projections from the original word

Bolukbasi et al. 2016

<latexit sha1_base64="+godPxxZWhlPoxaLKA+lPWdvp4I=">AAACJHicbZDJSgNBEIZ73I3bqEcvjUFIQMOMSBS8BL14jGA0kBlCT6diGnsWumvEYcjDePFVvHhwwYMXn8XOgmi0oOHn+6uorj9IpNDoOB/W1PTM7Nz8wmJhaXlldc1e37jUcao4NHgsY9UMmAYpImigQAnNRAELAwlXwc3pwL+6BaVFHF1gloAfsutIdAVnaFDbPvZ4rEte0hMlD+EO8x70y3SP/iB6gHZH5O7by8rltl10Ks6w6F/hjkWRjKvetl+9TszTECLkkmndcp0E/ZwpFFxCv+ClGhLGb9g1tIyMWAjaz4dH9umOIR3ajZV5EdIh/TmRs1DrLAxMZ8iwpye9AfzPa6XYPfJzESUpQsRHi7qppBjTQWK0IxRwlJkRjCth/kp5jynG0eRaMCG4kyf/FZf7FbdaqZ4fFGsn4zgWyBbZJiXikkNSI2ekThqEk3vySJ7Ji/VgPVlv1vuodcoaz2ySX2V9fgHOrqME</latexit>

cos(�(he)� �(she),�(x)� �(y))Pairs (x, y) that maximize



Vector Arithmetic
• What if we have embeddings in different languages and 

want to align them? Given: 

•      : language A’s embedding function 

•      : language B’s embedding function 

•                                : dataset pairing M word translations 

• Find a matrix W such that

<latexit sha1_base64="8VWkcpe9uW/mQDaln8DaDVSASBA=">AAAB7XicbVBNSwMxEJ2tX7V+rXr0EiyCp7IrUj1WvXisYD+gXUs2zbax2WRJskJZ+h+8eFDEq//Hm//GtN2Dtj4YeLw3w8y8MOFMG8/7dgorq2vrG8XN0tb2zu6eu3/Q1DJVhDaI5FK1Q6wpZ4I2DDOcthNFcRxy2gpHN1O/9USVZlLcm3FCgxgPBIsYwcZKzW4yZA9XPbfsVbwZ0DLxc1KGHPWe+9XtS5LGVBjCsdYd30tMkGFlGOF0UuqmmiaYjPCAdiwVOKY6yGbXTtCJVfooksqWMGim/p7IcKz1OA5tZ4zNUC96U/E/r5Oa6DLImEhSQwWZL4pSjoxE09dRnylKDB9bgoli9lZEhlhhYmxAJRuCv/jyMmmeVfxqpXp3Xq5d53EU4QiO4RR8uIAa3EIdGkDgEZ7hFd4c6bw4787HvLXg5DOH8AfO5w9Vk479</latexit>

�A

<latexit sha1_base64="21u+S1wXyIlsgB5ktIQeuNMfNcg=">AAAB7XicbVBNTwIxEJ3FL8Qv1KOXRmLiiewagx4JXjxi4gIJrKRbulDptpu2a0I2/AcvHjTGq//Hm//GAntQ8CWTvLw3k5l5YcKZNq777RTW1jc2t4rbpZ3dvf2D8uFRS8tUEeoTyaXqhFhTzgT1DTOcdhJFcRxy2g7HNzO//USVZlLcm0lCgxgPBYsYwcZKrV4yYg+NfrniVt050CrxclKBHM1++as3kCSNqTCEY627npuYIMPKMMLptNRLNU0wGeMh7VoqcEx1kM2vnaIzqwxQJJUtYdBc/T2R4VjrSRzazhibkV72ZuJ/Xjc10XWQMZGkhgqyWBSlHBmJZq+jAVOUGD6xBBPF7K2IjLDCxNiASjYEb/nlVdK6qHq1au3uslJv5HEU4QRO4Rw8uII63EITfCDwCM/wCm+OdF6cd+dj0Vpw8plj+APn8wdXF47+</latexit>

�B

<latexit sha1_base64="N1sDk512zd4snBRaL/3u2JXHw7I=">AAACD3icbVDLSsNAFJ34rPUVdelmsCgupCQi1U2hVhduhAr2AU0aJtNpO3TyYGZiKSF/4MZfceNCEbdu3fk3TtostPXAhcM593LvPW7IqJCG8a0tLC4tr6zm1vLrG5tb2/rObkMEEcekjgMW8JaLBGHUJ3VJJSOtkBPkuYw03eFV6jcfCBc08O/lOCS2h/o+7VGMpJIc/cjykBxgxOLrBJahFY86lw49gaNO1aFW4sS0bCadW0cvGEVjAjhPzIwUQIaao39Z3QBHHvElZkiItmmE0o4RlxQzkuStSJAQ4SHqk7aiPvKIsOPJPwk8VEoX9gKuypdwov6eiJEnxNhzVWd6vZj1UvE/rx3J3oUdUz+MJPHxdFEvYlAGMA0HdiknWLKxIghzqm6FeIA4wlJFmFchmLMvz5PGadEsFUt3Z4VKNYsjB/bBATgGJjgHFXADaqAOMHgEz+AVvGlP2ov2rn1MWxe0bGYP/IH2+QN/DJuz</latexit>

D = {wA
i , w

B
i }Mi=1

<latexit sha1_base64="545VZnrdox5lJNBpLxhKcyfxoDU="></latexit>

min
W

MX

i=1

||W�(wA
i )� �(wB

i )||2

Mikolov et al. 2013, Conneau et al. 2017



Challenge: Polysemy

…

…



Challenge: Polysemy

• Word embedding now has to somehow encode the 
meanings of all 67 senses of “run”… 

• Why is this hard? 

• What could we do instead? 

• Contextualized word embeddings: compute representation 
of individual words dependent on the context in which it 
appears 

• The resulting architectures were some of the main 
catalysts for the design of modern LLMs!

ELMo; Peters et al. 2018



Opportunity:  
Sentence Representations

• If we have representations for parts of sentences 
(wordtypes), then can we get a representation of the whole 
sentence? 

• One option: bag-of-words representation 
 
 
 

• What’s missing?

<latexit sha1_base64="SstQwcuvyFZX/YJWOaPjuUgr8p0="></latexit>

�(x) =
1

|x|

|x|X

i=0

�(xi)



Word Embeddings in the  
Age of LLMs

• Building a language technology pre-LLMs, for a target task: 

• Download some pre-trained word embeddings from the Internet 

• Initialize your language model with these word embeddings (all 
other parameters randomized)  

• Use your task-specific data to fine-tune the other parameters 
(possibly also fine-tuning the word embeddings) 

• Having a good starting point via word embeddings is really 
important, especially with little task-specific data 

• But we don’t do this anymore  

• Language models still learn embeddings specific to each wordtype 

• But we don’t download them from the Internet — we download the 
whole language model 



Word Embeddings in the  
Age of LLMs

So why might we still care about word embeddings?

Evaluating how well an LLM’s learned concept 
space correlates with human concept spaces

Sucholutsky et al. 2023



Word Embeddings in the  
Age of LLMs

So why might we still care about word embeddings?

Analyze how language changes over time

Hamilton et al. 2018, Garg et al. 2018


