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Word sequence Downstream tasks

Pipeline related to 

linguistic structureBefore LLMs/DL

Now

End2end without pipelines



Today Plan

● Introduction to Linguistics

● Linguistic Structure in NLP
○ Character: Chinese Characters, Character Encoding
○ Word: Morphemes, Lemmatization, Tokenization

○ Sentence: Phrase Parsing, Dependency
○ Discourse: Discourse Structure and Processing

● Linguistic structure for today’s NLP
○ Implicit Mastery: Evolving Beyond Explicit Linguistic Rules in Modern LLMs
○ Pendulum Swing: The Future Convergence of Linguistics and Deep Learning

● Word Representations
○ Understanding Words from the perspective of Information retrieval
○ How do we represent words in NLP models?
○ Distributional hypothesis
○ Sparse vs dense vectors

● Word2vec and other variants
○ Word2vec
○ How to train this model?
○ Skip-gram with negative sampling (SGNS) and other variants
○ Evaluating word embeddings



What is linguistics?



What is linguistics?

Linguistics is the scientific study of language. Linguistics is based on a theoretical as well as a 

descriptive study of language and is also interlinked with the applied fields of language studies 

and language learning, which entails the study of specific languages.

Today's course will help us understand two significant aspects in linguistics:

● How do we understand language?

● How can computers process language?

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

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


How do we understand language?



An important insight

Language is structured



There’s structure underlying language

● We have some knowledge of structure that’s separate from the words we use and 
the things we say.



Structure dictates how we can use language



Structure dictates how we can use language

The cat



Structure dictates how we can use language

The  mat



Structure dictates how we can use language

on      the    mat



Structure dictates how we can use language

sat     on        the     mat



Structure dictates how we can use language

The     cat    sat



Recall the rules you learned in school



Grammaticality



Example



Who speak English？

Linguistics differs across people



Local English or Standard English

https://www.youtube.com/watch?v=tQmNIqdwVMw



When speaking a new language, what matters most is your attitude — not your accuracy (including vocabulary and grammar)

https://www.youtube.com/watch?v=Ge7c7otG2mk

Vocabulary, pronunciation and grammar matters 
during communication？

Problem-solving is more important than vocabulary, pronunciation and grammar



Linguistics is not an art must to be mastered, 
instead, it is (was) a tool to analyze.



Today Plan

● Introduction to Linguistics

● Linguistic Structure in NLP

○ Character: Chinese Characters, Character Encoding

○ Word: Morphemes, Lemmatization, Tokenization

○ Sentence: Phrase Parsing, Dependency

○ Discourse: Discourse Structure and Processing

● Linguistic structure for today’s NLP

○ Implicit Mastery: Evolving Beyond Explicit Linguistic Rules in Modern LLMs

○ Pendulum Swing: The Future Convergence of Linguistics and Deep Learning



Beginning

Character

Word

Sentence

Discourse

This section will explore linguistic 

structure by examining the different 

hierarchical levels of language.



Linguistic Structure in NLP

Character



Character

A character is the smallest unit of language and also the smallest unit for computer encoding. The 
English language consists of only 26 characters, which can be easily encoded using a Byte.

However, Chinese characters are totally different and much more complex.



Pictograph 象形文字

“Looks like in terms of shapes”



Ideographic characters （表意文字）

“Looks like in terms of concepts”



Chinese Characters 汉字

● Chinese character information

Type Example Amount

Pictograph 象形 日月火人 Few

Ideographic 指示 上下 Very few

Compound  indicative 会意 仁、信 Very few

Semantic-phonetic  compounds 形声 请、情、清、晴钾、钠、钙、镁 > 90%

Chinese character is morphemes syllable words in  ideographic writing system.



Large Number of Characters

● Much larger number of characters as compared with the  number of letters

● The exact number of existent Chinese characters cannot be  precisely ascertained

○ 康熙字典(Kangxi dictionary 1716) 47, 035

○ 中华字海(Zhonghua Zihai dictionary 1994) 87, 019

○ 1000 characters may cover 92% written materials, and 3000  characters 

cover more than 99%

● For computer processing purpose, Chinese characters are  encoded in 16+ bits.

2^8 = 256

2^16 = 65536



Traditional and Simplified Characters

● Traditional/simplified characters

○ Simp. Chinese: China, Singapore, Malaysia, United Nations.

○ Trad. Chinese: Taiwan, Hong Kong and Macau

● No one-one corresponding between

○ 乾‘dry’ and 幹‘to do’ -> Simplified 干

○ 䢟‘travel’ and 游‘swim’ -> Simplified 游

○ simplified -> Traditional  is relatively more difficult



Variant Characters

● Characters that have the same meaning and sounds but  different 

shapes 异体字 （闘 / 鬥 / 斗；隻 / 只）

● Most of the characters in the Kangxi dictionary are variant  character

○ Four variant characters of 回(回囘囬廻)

● Often share the same components as their standard  counterparts

○ 裏/裡; 膀/髈; 杯/盃; 秘/袐; 

● Becomes hot in Internet

○ 囧(窘)



Dialect characters and Dialectal Use of  Standard Characters

● The existence of dialectal characters 方言字



Character Encoding Standards

● GB “National Standard” in Chinese

○ 7445 characters. It includes 6, 763 simplified characters. Class-1/Class-2 

characters

○ BG2312-80, contained only one code point for each character.

○ MSB. Bit-8 of each byte, is set to 1, and therefore becomes a 8-bit  

character. Otherwise, the byte is interpreted as ASCII. Every Chinese 

character is represented by a two-byte code. The MSB  of both the first 

and second bytes are set.



Character Encoding Standards

● GBK “National Standard Extension” in Chinese

○ An extension of GB2312

○ Includes 14, 240 traditional characters

○ The scheme is used by Simplified Microsoft Windows 95 and 98

● GB18030

○ Released by the China Standard Press, 2000

○ BG18030 supersedes all previous versions of GB

○ Officially mandatory for all software products sold in the PRC

○ Supports both simplified and traditional Chinese characters



Unicode



Unicode

● Industry standard, Universal Character Set

○ More than 100, 000 characters

○ Originates from East Asia

● Implemented by different character encodings

○ UTF-8: uses 1 byte for all ASCII characters, up to 4 bytes for other  characters

○ UCS-2: uses 2 bytes for all characters, but does not include every  character in the Unicode

○ UTF-16: using 4 bytes to encode characters missing from UCS-2

● Simplified and traditional characters as part of the project of  Han unification



Example



Linguistic Structure in NLP

Word



Character to Word



Yes or No？

For a language like English, this seems like a really easy problem:
A word is any sequence of alphabetical characters between whitespaces that’s not a 
punctuation mark?

I think there I am !
I⊘think ⊘ there ⊘ I ⊘ am ⊘!

How do we identify the words in a text?



Words aren’t just defined by blanks



Tokenization

Any actual NLP system will assume a particular tokenization standard.

● Because so much NLP is based on systems that are trained on 

particular corpora (text datasets) that everybody uses, these corpora 

often define a de facto standard.

https://pytorchnlp.readthedocs.io/en/latest/_modules/torchnlp/datasets/penn_treebank.html



Spelling variants, typos, etc.



How many different words are there in English?



Zipf’s law: the long tail

How many words occur once, twice, 100 times, 1000 times?

In natural language:

● A small number of events (e.g. words) occur with high frequency

● A large number of events occur with very low frequency



How many different words are there in English?



Word Mapping

Add some generalization by mapping different forms of a word to the 

same symbol:



Motivating challenge: out-of-vocabulary (OOV) words

So if our test sentence was 
the dogs love the cats

The input would look like:
The <OOV> <OOV> the <OOV>

Where <OOV> is the “out of vocabulary” symbol

Example



Review: Linguistic structure

Represent the structure of each word

“books” => “book N pl” (or “book V 3rd sg”)

This requires a morphological analyzer 

The output is often a lemma (“book”)  plus morphological information (“N pl” 

i.e. plural noun)  

This is particularly useful for highly inflected languages, e.g. Czech, Finnish, Turkish, etc. 

(less so for English or Chinese):



Morphemes (语素): stems, affixes



So far, we’ve been talking about English Words

Let's see how Chinese words are different.



Chinese Word



Chinese Word Formation

● Disyllabic compounds （双音节复合词）

○ 小人 热心报告 声音

● Tri-syllabic compounds （三音节复合词）

○ 口香糖 大学生 吹牛皮

● Quad-syllabic compounds  （四音节复合词）

○ 花言巧语 口是心非

● Affixation

○ Prefix: 第一/第二 Suffix: 儿子/ 化学

● Reduplication

○ 商量商量 高高兴兴



Challenges in Chinese - Few formal morphological markings



Challenges in Chinese - Ambiguities in Words



How do state-of-the-art models represent word?



Tokenization for GPT-3, GPT-2… most likely ChatGPT

https://platform.openai.com/tokenizer

https://platform.openai.com/tokenizer


Tokenization for GPT-3, GPT-2… most likely ChatGPT

Radford A, Wu J, Child R, et al. Language models are unsupervised multitask learners[J]. OpenAI blog, 2019, 1(8): 9.



Example：Byte-Pair Encoding (BPE) for Tokenization



Byte-Pair Encoding (BPE) deals OOV words

1. Convert each character into unicode bytes

2. Use these bytes as the base vocabulary for the BPE algorithm.

3. Tokenize via BPE.

4. Big picture: Now we can deal with any word or character!



Parts of Speech

"Parts of speech" are categories of words based on their function within a sentence. 

Understanding them is fundamental to grasping the rules of grammar and syntax in a language. 

adjective noundeterminer
Verb.
3rd person singular 

present

determiner

限定词



Parts of Speech



Linguistic Structure in NLP

Sentence



Phrase



English Phrase



Phrase Structure Grammar

Tells us how to determine the meaning of the sentence from the meaning of 

the words.



Parsing  (Syntax Analysis)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Parse tree (Syntactic Tree)



Dependency

Syntactic structure consists of lexical items, linked by binary asymmetric 

relations called dependencies.

Tesnière, L. (1959). Eléments de Syntaxe Structurale.



Dependency Structure

Prepositional Complement

noun modifier



Dependency Parsing



Problems in Parsing - Ambiguity

I shot an elephant in my pajamas

I shot an elephant in my pajamas



Problems in Parsing - Ambiguity



Linguistic Structure in NLP
Discourse 

(篇章/语篇)



Discourse Structure 



Discourse Processing

different discourse!



Discourse/Coherence Relations

John did sth. because he was drunk 

“Non-coherent”



More Discourse Relations

● Elaboration 细化

○ Dorothy was from Kansas. She lived on the Kansas prairies.

● Result 因果

○ The tin woodman was caught in the rain. His joints rusted.

● Parallel 并列

○ The scarecrow wanted some brains. The tin woodsman wanted a heart.

● How many relations? Which ones?

● What kind of structures? Flat? Trees? Graphs?



Discourse Parse

Webber B L, Joshi A K. Anchoring a lexicalized tree-adjoining grammar for discourse[J]. arXiv preprint cmplg/9806017, 1998.



Coherence Models



Linguistic Structure for today’s NLP
Implicit Mastery: Evolving Beyond Explicit 

Linguistic Rules in Modern LLMs



Before Self-supervised Learning

Before self-supervised learning Like GPT, the way to approach doing NLP was through 
understanding the human language system, and trying to imitate it.



Before Self-supervised Learning

Many linguists might tell you something like this:



Before Self-supervised Learning

They built Pipelines for language processing based on language structures.



Now, language models easily solve these NLP problems!



How we train our models these days!

Directly learn from unstructured corpora through self-supervised learning, without 
concerning with Linguistic Structure.



Structured Learning to non-structured Learning

Contemporary Large Language Models like GPT-4 employ a non-structured learning 
approach, directly learning from raw corpora. This contrasts with earlier methods that 
depended heavily on explicit, rule-based learning of linguistic structure.

This approach is favored for several reasons:

● It allows for scalability, facilitating the learning of vast, unstructured natural 
language corpora without the need for explicit programming of linguistic rules.

● Language structures are inherently complex and vary depending on context and 
word usage, making them difficult to effectively encode and learn.



Language models are also aware of linguistic structure even they are 
not particularly trained for.

Papadimitriou, Isabel, et al. "Deep subjecthood: Higher-order grammatical features in multilingual BERT." arXiv preprint arXiv:2101.11043 (2021).



Large language models: a paradigm to implicitly learn linguistics

Before:
Now:

(hidden comprehension)



Linguistic Structure for today’s NLP
Pendulum Swing: The Future Convergence of 

Linguistics and Deep Learning



Pendulum Swing

Empiricism
(deep learning in NLP)

Rationalism
(Linguistic Structure)

● Empiricism: Empiricism in NLP, exemplified by deep learning, relies on vast 

amounts of data and statistical models to understand and generate human 

language.

● Rationalism:  Emphasizes linguistic structure, advocates for a more rule-based 

approach, rooted in the understanding of grammatical and syntactic principles of 

language.

Kenneth Church. A Pendulum Swung Too Far. https://journals.colorado.edu/index.php/lilt/article/view/1245/1081，2007

https://journals.colorado.edu/index.php/lilt/article/view/1245/1081


https://languagelog.ldc.upenn.edu/myl/ldc/swung-too-far.pdf



The Empirical Era: Deep Learning's Triumph in NLP

● We are currently witnessing a pronounced swing towards empiricism, 

primarily fueled by the advancements in deep learning.

● This era is marked by the emergence of sophisticated language models like GPT-4 

and BERT, which have revolutionized our ability to process and generate human 

language.

● These models, built on the backbone of massive datasets, excel in a variety of tasks 

such as text generation, translation, and semantic understanding. The reliance on 

extensive data has not only improved accuracy but also expanded the scope of 

applications, making NLP more versatile and accessible than ever before.



As the pendulum inevitably swings

However, the dominance of empirical methods in NLP is not without its challenges. 

While these models excel in processing vast amounts of data, they often grapple with 

issues like hallucinations, lack of control, and opacity in their decision-making 

processes.These problems, seemingly intractable within the current framework of deep 

learning, point to inherent limitations.

As the pendulum inevitably swings, the future of Large Language Models (LLMs) might 

see a greater integration of rationalism. Such a combination could lead to more robust, 

controllable, and interpretable AI systems. As LLMs gradually encounter developmental 

bottlenecks, the incorporation of linguistic structure and theory promises to unlock new 

avenues and breakthroughs in the field.



Do you think 

Rationalism (Linguistic Structure) will be back？



Break



Part II: word representation



Application 1: How to find a book in library?



Application 2: How to search?

https://www.tripadvisor.com/Restaurants-g297415-c24-Shenzhen_Guangdong.html



Application 3：Talk to your personal assistant 



For NLP

● Building blocks
○ Words/subwords/tokens

● Building strategies
○ Neural network

○ Pre-trained objective

■ Language modeling

Side product



Contents

● Word Representations

○ Understanding Words from the perspective of Information retrieval

○ How do we represent words in NLP models?

○ Distributional hypothesis

○ Sparse vs dense vectors

● Word2vec and other variants

○ Word2vec

○ How to train this model?

○ Skip-gram with negative sampling (SGNS) and other variants

○ Evaluating word embeddings



First, we need to know how to represent words



A simple practice: term matching

● Find books with AI in the title using term matching

Have the word or not?



2nd Question: Which book is more relevant?

Which one do you prefer if all book have “AI” in their titles



Vector Space Model: 

Image from: http://en.wikipedia.org/wiki/Vector_space_model

Representation:

Documents and queries are represented as vectors in some space.

-- What are the dimensions?

-- How to map documents and queries to this space?

Scoring Function:

Rank documents by a measure of “closeness” of query and document vectors

-- Distance, Cosine of the angle etc.



Vector Space Model: TF-IDF Model

Dimensions: Every word becomes a dimension.

Term Frequency: 

A term that occurs many times in a document is important.

Inverse Document Frequency:

A term that occurs in many documents is unimportant.

TF-IDF:

Term-frequency weighted by inverse document frequency.

D = <x1, x2,…, x|V|>



Vector Space Models: Enhancements

● Efficient scoring 
○ Inverted indices – compression, skip lists, etc. 

○ Top-k documents without scoring all documents entirely.

● Scoring methods
○ Document length normalizations (e.g., pivoted)

○ BM25 and various other heuristics

● Dimensionality reduction
○ Stemming, phrase representations etc.

○ LSI



Latent Semantic Analysis

Premise
Using one-dimension per word is problematic. 

Doesn’t scale. 
(millions of words in large collections)

Doesn’t handle synonymy 
(dog vs. canine)

Idea
Project documents and queries into a lower-dimensional space.
Instead of a |V| dimensional vector each word will be represented by a 
k << |V| dimensional vector. 



Latent Semantic Analysis

Figures stolen from: http://www.cs.cmu.edu/~nasmith/LS2/gimpel.06.pdf

1) Represent co-occurrences as a term-document TD 

matrix (X).

2) Use singular-value decomposition to factorize TD.

4) Project query and documents using the top-k singular values.

3) Sigma is a diagonal matrix. Take the top k singular values.

5) Cosine similarity to score documents.



A bigger difference

It does not rely on term match;

Even two documents could be relevant even they do not share any common words 



Latent Semantic Analysis

● Benefits
○ Addresses synonymy

○ Dimensionality reduction

● Issues
○ Efficient SVD implementations necessary. 

■ Many implementations available.

○ New documents need to be handled in a special way.

○ Disconnect w/ retrieval performance.

○ Rely on direct counting

● Extensions
○ Probabilistic Latent Semantic Analysis (pre-cursor to LDA).

○ Hierarchical (H-PLSA)



Topic Models using LDA

Documents
LDA

Car

Ferrari

Wheels

…

election

vote

senate

…

nasdaq

rate

stocks

…

…

- - - - - - -
- - - - - - -
- - - -
- - - - - - -
- - - - - - -
- - - -

…

T2 TkT1

P(T1|D1

)

P(T2|D1

)

…

P(Tk|D1

)
- - - - - - -
- -
- - - - - - -
- - - - - - -
- - - -
- - - - - - -
- -

P(T1|D2

)

P(T2|D2

)

…

P(Tk|Dk)

D1

D2

P(w1|T1)

P(w2|T1)

…

P(w|V||T1)

P(w1|T2)

P(w2|T2)

…

P(w|V||T2)

P(w1|Tk)

P(w2|Tk)

…

P(w|V||Tk)

…

Topics are distributions over words.

Documents are distributions over topics. 

The two hypothesis

Topic distribution over words

document distribution over topics



Probabilistic Retrieval Models:

Language Modeling 

P(w1|θD)

P(w2|θD)

…

P(w|V||θD)

Assume that each document is generated by a 

probabilistic process specified by a multinomial 

distribution.

If a document D is relevant to a query, then the query 

should be a high probability sample from the document 

multinomial.

Generative Assumption

Query-likelihood Model

Document model parameterized by θ

Later termed as 

“uni-gram” language model.



Probabilistic Retrieval Models:

Query-likelihood Model

rank each document by the probability of specific documents given a query

Since the probability of the query P(q) is the same for all documents, this can be ignored. Further, it is typical to assume 

that the probability of documents is uniform. Thus, P(d) is also ignored.



Probabilistic Retrieval Models:

Query-likelihood Model

Query 

model 

Document

model 

Rank by the probability that the document model generated the query.



Probabilistic Retrieval Models:

Estimation

Zero probability issue! Smoothing could help!

Estimate document model via maximum-likelihood

-- Assume document is a sample of the underlying distribution.



Today’s lecture

● Word Representations

○ Understanding Words from the perspective of Information retrieval

○ How do we represent words in NLP models?

○ Distributional hypothesis

○ Sparse vs dense vectors

● Word2vec and other variants

○ Word2vec

○ How to train this model?

○ Skip-gram with negative sampling (SGNS) and other variants

○ Evaluating word embeddings



The big idea: model of meaning focusing on similarity

Similar words are “nearby 

in the vector space”

(Bandyopadhyay et al. 2022)



string match

• Logistic regression

How do we represent words in NLP models?



• Synonyms: couch/sofa, car/automobile, filbert/hazelnut

• Antonyms: dark/light, rise/fall, up/down

• Some words are not synonyms but they share some  

element of meaning

• cat/dog, car/bicycle, cow/horse

• Some words are not similar but they are related

• coffee/cup, house/door, chef/menu

• Affective meanings or connotations:

What do words mean?

SimLex-999

(Osgood et al., 1957)



Why word meaning in NLP models?

• With words, a feature is a word identity (= string)

• Feature 5: `The previous word was “terrible”’

• Requires exact same word to be in the training and testing set

“terrible” ≠ “horrible”

• If we can represent word meaning in vectors:

• The previous word was vector [35, 22, 17, …]

• Now in the test set we might see a similar vector [34, 21, 14, …]

• We can generalize to similar but unseen words!!!



Lexical resources

http://wordnetweb.princeton.ed

u/

(-) Huge amounts of human 

labor to create and maintain

http://wordnetweb.princeton.edu/


Contents

● Word Representations

○ Understanding Words from the perspective of Information retrieval

○ How do we represent words in NLP models?

○ Distributional hypothesis

○ Sparse vs dense vectors

● Word2vec and other variants

○ Word2vec

○ How to train this model?

○ Skip-gram with negative sampling (SGNS) and other variants

○ Evaluating word embeddings



Distributional hypothesis

• “The meaning of a word is its use in the language”

• “If A and B have almost identical environments we 

say that they are synonyms.”

• “You shall know a word by the company it keeps”

[Wittgenstein PI 43]

[Harris 1954]

[Firth 1957]



Distributional hypothesis

Distributional hypothesis: words that occur in similar contexts

tend to have similar meanings

J.R.Firth 1957

•

•

“You shall know a word by the company it keeps”

One of the most successful ideas of modern 

statistical NLP!

These context words will represent “banking”.

When a word w appears in a text, its context is the set of words that appear 

nearby (within a fixed-size window).



Distributional hypothesis

Ongchoi is delicious sautéed with garlic

Ongchoi is superb over rice 

Ongchoi leaves with salty sauces

“Ongchoi”



Distributional hypothesis

Q: What do you think ‘Ongchoi’ 

means?

A) a savory snack

B) a green vegetable

C) an alcoholic beverage

D) a cooking sauce

Ongchoi is delicious sautéed with garlic

Ongchoi is superb over rice 

Ongchoi leaves with salty sauces

“Ongchoi”



Distributional hypothesis

“Ongchoi”

Ongchoi is delicious sautéed with garlic

Ongchoi is superb over rice 

Ongchoi leaves with salty sauces

You may have seen these 

sentences before:

spinach sautéed with garlic over rice chard stems 

and leaves are delicious collard greens and other 

salty leafty greens



Distributional hypothesis

“Ongchoi”

Ongchoi is a leafty green like spinach, chard or collard greens



How can do the same thing computationally?

•

•

Count the words in the context of ongchoi

See what other words occur in those contexts

We can represent a word’s context using vectors!



Contents

● Word Representations

○ Understanding Words from the perspective of Information retrieval

○ How do we represent words in NLP models?

○ Distributional hypothesis

○ Sparse vs dense vectors

● Word2vec and other variants

○ Word2vec

○ How to train this model?

○ Skip-gram with negative sampling (SGNS) and other variants

○ Evaluating word embeddings



Words and vectors

First solution: Let’s use word-word co-occurrence counts to 

represent the meaning of words!

Each word is represented by the corresponding row vector

context words:

4 words to the left + 

4 words to the right

Q:  What is the 

dimension of each 

such vector?

A: |V|

Most entries are 0s ⟹ sparse vectors



Measuring similarity

Q: Why cosine similarity instead of dot product ?

A common similarity metric: cosine of the

angle between the two vectors (the

larger, the more similar the two vectors

are)



Any issues with this model?

Raw frequency count is a bad representation!

• Frequency is clearly useful; if “pie” appears a lot near “cherry”, 

that's useful information.

• But overly frequent words like “the”, “it", or “they” also appear a lot 

near “cherry”. They are not very informative about the context.



Sparse vs dense vectors

• The vectors in the word-word occurrence matrix are

• Long: vocabulary size

• Sparse: most are 0’s

• Alternative: we want to represent words as short (50-300 dimensional) & dense (real-

valued) vectors

• The basis for modern NLP systems



Why dense vectors?

• Short vectors are easier to use as features in ML systems

• Dense vectors generalize better than explicit counts (points in real 

space vs points in integer space)

• Sparse vectors can’t capture higher-order co-occurrence

• w1 co-occurs with “car”, w2 co-occurs with “automobile”

• They should be similar but they aren’t because “car” and 

“automobile” are distinct dimensions

• In practice, they work better!



How to get short dense vectors?

• Count-based methods: Singular 

value decomposition (SVD) of count 

matrix

Singular value decomposition (SVD) of 

PPMI weighted co-occurrence matrix

We can approximate the full 

matrix by only keeping the 

top k (e.g., 100) singular 

values!



How to get short dense vectors?

• Prediction-based methods:

• Vectors are created by training a 

classifier to  predict whether a word c 

(“pie”) is likely to  appear in the context of 

a word w (“cherry”)

• Examples: word2vec (Mikolov et al., 

2013),  Glove (Pennington et al., 2014), 

FastText  (Bojanowski et al., 2017)
(Baroni et al., 2014)

Also called word embeddings!

• Count-based methods: Singular value 

decomposition (SVD) of count matrix



Contents

● Word Representations

○ Understanding Words from the perspective of Information retrieval

○ How do we represent words in NLP models?

○ Distributional hypothesis

○ Sparse vs dense vectors

● Word2vec and other variants

○ Word2vec

○ How to train this model?

○ Skip-gram with negative sampling (SGNS) and other variants

○ Evaluating word embeddings



Word embeddings

Count-based approaches

• Used since the 90s

• Sparse word-word co-occurrence PPMI matrix

• Decomposed with SVD

Prediction-based approaches

• Formulated as a machine learning problem

• Word2vec (Mikolov et al., 2013)

• GloVe (Pennington et al., 2014)

Underlying theory: Distributional Hypothesis (Firth, '57)

“Similar words occur in similar contexts”

Goal: represent words as short (50-300 

dimensional) & dense (real-valued) vectors



Word embeddings: the learning problem

Learning vectors from text for representing words

• Input: a large text corpus, vocabulary V, 

vector dimension d (e.g., 300)

• Output:

Each coordinate/dimension of the 

vector doesn’t have a particular 

interpretation



Word embeddings

• Basic property: similar words have similar vectors

word w*= “sweden”

cos(u, v) ranges between -1 and 1



Word embeddings

• They have some other nice properties too!
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Word embeddings

• They have some other nice properties too!

(Mikolov et al, 2013): Exploiting Similarities among Languages for Machine Translation

The word "cuatro" comes from the Latin word quattuor, which means "four"

https://www.google.com/search?q=quattuor&sca_esv=5d97f5e538120ab7&rlz=1C1GCEU_enHK1009HK1009&sxsrf=AE3TifMKTuew-WEhxxTjBzEq81C1elbuqQ%3A1757655049712&ei=CbDDaNSlK9TNkPIPp7rU2Ag&ved=2ahUKEwjfx5asv9KPAxVNHUQIHaaMOQUQgK4QegQIARAD&uact=5&oq=cuatro+meaning+latin&gs_lp=Egxnd3Mtd2l6LXNlcnAiFGN1YXRybyBtZWFuaW5nIGxhdGluMgYQABgWGB4yBhAAGBYYHjILEAAYgAQYhgMYigUyCxAAGIAEGIYDGIoFMgsQABiABBiGAxiKBTIIEAAYgAQYogQyCBAAGIAEGKIEMggQABiABBiiBEjXDlC_A1jyCnABeAGQAQCYAZwCoAGpC6oBAzItNrgBA8gBAPgBAZgCB6ACxgvCAgoQABiwAxjWBBhHwgINEAAYgAQYsAMYQxiKBcICDhAAGLADGOQCGNYE2AEBwgIWEC4YgAQYsAMYQxjUAhjIAxiKBdgBAcICBRAAGIAEwgIHEAAYqQYYHsICCBAAGBYYChgemAMAiAYBkAYRugYGCAEQARgJkgcFMS4wLjagB7onsgcDMi02uAe_C8IHBTAuMS42yAca&sclient=gws-wiz-serp&mstk=AUtExfDA8OjjYdSBG4oLjYi2oez-YCAoWCihw2GTUYsSMsVz-4x-KEv3SWUReV_EOdIKIc48OIzIYAaoeoClXkB-mnZNKzSlOJxZC4wxq7dIV2YLO2TcluHVLmYZiesFzlige9GnTwEXzVgCDmYeMUk1JcDAfeF0xQBdjPKGY6i0SYgVFod-yfsTvbFCg54W5ZPZAtoHEUhqgmJUs-E5SDERhiFAojF_JJX5sgvPlS703K-6MSOpikF4fcDtbkCSPsOSDeT0sWMuUvigZoEI6DhZ0wD9&csui=3


Embeddings as a window onto historical semantics

Train embeddings on different decades of historical text to see meanings shift



Embeddings reflect cultural bias!



word2vec

•

•

(Mikolov et al 2013a): Efficient Estimation of Word Representations in Vector Space

(Mikolov et al 2013b): Distributed Representations of Words and Phrases and their Compositionality

Skip-gramContinuous Bag of Words 

(CBOW)

Thomas 

Mikolov



Skip-gram

A classification 

problem!

•

•

•

Assume that we have a large corpus w1, w2, …, wT ∈ V

P(b ∣ a) = given the center word is 

a, what is the probability that b is a 

context word?

P( ⋅ ∣ a) is a probability distribution 

defined over V: 

Context: a fixed window of size 2m (m = 2 in the example)

Key idea: Use each word to predict other words in its context

We are going to define 

this distribution soon!



Our goal is to find parameters that can maximize

Convert the training data into: 

(into, problems)

(into, turning) 

(into, banking) 

(into, crises) 

(banking, turning) 

(banking, into) 

(banking, crises) 

(banking, as)

…

Skip-gram

P(turning ∣ banking) ×P(into ∣ banking) ×P(crises ∣ banking) ×P(as ∣ banking)…P(problems ∣ into) ×P(turning ∣ into) × P(banking ∣ into) ×P(crises ∣ into) ×



Skip-gram: objective function
• For each position t = 1,2,…T, predict context words within context size m, 

given center word wt:

• It is equivalent as minimizing the (average) negative log likelihood:



How to define P(wt+j ∣ wt; θ)?

• Use two sets of vectors for each word in the vocabulary

ua ∈ ℝd: vector for center word a

vb ∈ ℝd: vector for context word b

, ∀a ∈ V

, ∀b ∈ V

• Use inner product ua ⋅ vb to measure how likely word a appears with context word b

Recall that P( ⋅ ∣ a) is a probability 

distribution defined over V…

Normalize it as a probability distribution.



Important note

• The key point is that the parameters used to optimize this training objective—

when the training corpus is large enough—can give us very good representations 

of words (following the principle of distributional hypothesis)!



How many parameters in this model?

How many parameters does this model have (i.e. what is size of )?

(a)     d|V|

(b) 2d|V|

(c) 2m|V|

(d) 2md|V|

d = dimension of each vector



How many parameters in this model?

How many parameters does this model have (i.e. what is size of )?

(a)    d|V|

(b) 2d|V|

(c) 2m|V|

(d) 2md|V|

d = dimension of each vector

The answer is (b).

Each word has two d-dimensional vectors, so it is 2 × | V | × d.



word2vec formulation

Q: Why do we need two vectors for each word instead of one?

A: because one word is not likely to appear in its own context window, e.g., 

P(dog ∣ dog) should be low. If we use one set of vectors only,

it essentially needs to minimize udog⋅ udog..

Q: Which set of vectors are used as word embeddings?

A: This is an empirical question. Typically just uw but you can also 

concatenate the two vectors..
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Skip-gram with negative sampling (SGNS)

Problem: every time you get one pair of (t, c), you need to update vk with all the 

words in the vocabulary! This is very expensive computationally.

Negative sampling: instead of considering all the words in V, let’s randomly sample K

(5-20) negative examples.

softmax:

Negative sampling:

σ(x) =
1

1 + exp(—x)



Skip-gram with negative sampling (SGNS)

Key idea: Convert the |V| -way classification into a set of binary classification tasks.

Every time we get a pair of words (t, c), we don’t predict c among all the words in the 

vocabulary. Instead, we predict (t, c) is a positive pair, and (t, c’) is a negative pair for a 

small number of sampled c’.

Similar to binary logistic regression, but we need to optimize and together.

P(w): sampling according to the frequency of words



Understanding SGNS



Understanding SGNS

The answer is (d).

We need to calculate gradients with respect to ut and (K + 1) 

vi (one positive and K negatives).



Continuous Bag of Words (CBOW)

Skip-gram Continuous Bag of Words 

(CBOW)



GloVe: Global Vectors

(Pennington et al, 2014): GloVe: Global Vectors for Word Representation

•

•

Key idea: let’s approximate ui ⋅ vj using their co-occurrence counts directly 

Take the global co-occurrence statistics: Xi,j

•

•

Training faster

Scalable to very large corpora



Trained word embeddings available

• word2vec: https://code.google.com/archive/p/word2vec/

• GloVe: https://nlp.stanford.edu/projects/glove/

• FastText: https://fasttext.cc/

Differ in algorithms, text corpora, dimensions, cased/uncased… 

Applied to many other languages



Easy to use!
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Extrinsic evaluation

• Let’s plug these word embeddings into a real NLP 

system and see whether this improves performance

• Could take a long time but still the most important 

evaluation metric

Extrinsic vs intrinsic evaluation

Intrinsic evaluation

•

•

•

Evaluate on a specific/intermediate subtask

Fast to compute

Not clear if it really helps downstream tasks



Extrinsic evaluation

A straightforward solution: given an input sentence 

Instead of using a bag-of-words model, we can compute vec(x) = e(x1) + e(x2) + .. . + e(xn)

And then train a logistic regression classifier on vec(x) as we did before!

There are much better ways to do this e.g., take word 

embeddings as input of neural networks

x1, x2, . . . , xn



Intrinsic evaluation: word similarity

Word similarity

Example dataset: wordsim-353

353 pairs of words with human judgement

http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/

Cosine similarity:

Metric: Spearman rank correlation

http://www.cs.technion.ac.il/~gabr/resources/data/wordsim353/


SG: Skip-gram

Intrinsic evaluation: word similarity



Intrinsic evaluation: word analogy

semantic

Chicago:Illinois Philadelphia: ? bad:worst cool: ?

syntactic

More examples at

http://download.tensorflow.org/data/questions-words.txt Metric: accuracy

Word analogy test: a : a* :: b : b*

http://download.tensorflow.org/data/questions-words.txt


Intrinsic evaluation: word analogy
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Thanks



For yourself



How to train this model?

• To train such a model, we need to compute the vector gradient 

• Again,

parameters, in one vector.

represents all 2d | V | model



Vectorized gradients



Vectorized gradients: exercises



Vectorized gradients: exercises



Let’s compute gradients for word2vec

Consider one pair of center/context words (t, c):

We need to compute the gradient of with respect to

ut and vk, ∀k ∈ V



Let’s compute gradients for word2vec



Let’s compute gradients for word2vec



Let’s compute gradients for word2vec



Let’s compute gradients for word2vec



Overall algorithm

•

•

•

, context size m

Run through the training corpus and for each training instance (t, c):

Input: text corpus, embedding size d, vocabulary V

Initialize ui, vi randomly ∀i ∈ V



Overall algorithm

•

•

•

, context size m

Run through the training corpus and for each training instance (t, c):

Input: text corpus, embedding size d, vocabulary V

Initialize ui, vi randomly ∀i ∈ V

Q: Can you think of any issues with this algorithm?


