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Introduction

What is this?
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Introduction

« Human recognize @& as word tree
— With properties: green, tall, plant, long-living, ...
— Maybe in other languages: 7K, LIF, Arbre, Baum, aepeso, ...

 How about machine?
— tree =74 72 65 65
— Machine can only process numbers orz
— Machine cannot directly understand semantics from text orz

* New representation of word is needed!
— As structure containing numerical value (array/vector/matrix)
— It would be good if the representation has the semantics ©



Bag-of-words

« Regard word as discrete symbols
— Ex: animal=10, house=12, plant=31

« Words can be represented as one-hot vector

animal [00000..01000..00000
house [00000..00010..00000
plant [00000..00000..01000]

Vector dimension = Number of words



Bag-of-words

e Problem with bag-of-word representation

— Example: can we get similarity between house and home?
how about house and text? (assume home=3, text=5)

house [00000..00010..00000
home [00100..00000..00000]
text [00001..00000..00000]

all vectors are orthogonal to each other!
— similarity = 0

— This vector representation does not contain semantic



WordNet

« How can we know the semantic?
— One available solution: using human resource

« WordNet: contains the list of synonyms/hypernyms

e.g. synonym sets containing “good”: e.g. hypernyms of “panda”:

from nltk.corpus import wordnet as wn
panda = wn.synset("panda.n.01")

hyper = lambda s: s.hypernyms()

list (panda.closure(hyper))

from nltk.corpus import wordnet as wn
for synset in wn.synsets("good"):
print "(%s)" % synset.pos(),
print ", ".join([l.name() for 1 in synset.lemmas(}])

(adj) full, good

(adj) estimable, good, honorable, respectable
(adj) beneficial, good

{(adj) good, just, upright

(adj) adept, expert, good, practiced,
proficient, skillful

(adj) dear, good, near

[Synset('procyonid.n.e1"),
Synset('carnivore.n.el'),
Synset('placental.n.@1'),
Synset( 'mammal.n.@l1'),
Synset('vertebrate.n.@l1'),
Synset('chordate.n.8l'),
Synset('animal.n.@1'),

(adj) good, right, ripe

(adv) well, good

(adv) thoroughly, soundly, good
(n) good, goodness

(n) commodity, trade good, good

synonyms

Synset('organism.n.@1'),
Synset('living thing.n.@1'),
Synset('whole.n.@2'},
Synset('object.n.@1'),
Synset('physical_entity.n.@1'),
Synset('entity.n.@1')]

hypernyms

Image from [1]



WordNet

* One way to utilize WordNet?
— Example: sum of one-hot vector for synonyms/hypernyms?
— Does the accurate word similarity can be calculated?

* Problems with using human resource
— Can missing nuance
e Does right is always used as a synonym for good?
— Can missing new meanings of words
* wicked (morally wrong and bad — very, really / excellent)
» Keeping up-to-date is very hard!
— Require human labor to maintain (create, adopt)



Words as context

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

« Word's meaning is given by words that frequently
appear close-by

— Context: set of words that appears nearby in the fixed-size
window (ex: before/after 5 words)

« Why not full words?

...government debt problems turning into banking crises as happened in 2009...
...saying that Europe needs unified banking regulation to replace the hodgepodge...
...India has just given its banking system a shot in the arm...

N\ /

These context words will represent banking

Image from [1]
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Words as context

e Full document vs Window

— Full document: general topics of the word
» Latent Semantic Analysis
» Expensive for word representation

— Window around each word
* Gives syntactic (Part of Speech), semantic info

« How to make context represent word?
— Co-occurrence matrix (count-base method)

| like deep learning . / | like NLP . /| enjoy flying .

| - like : 2,
like - deep: 1,

Image from [1]
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Co-occurrence Matrix Example

| like deep learning . / | like NLP . /| enjoy flying .

window size: 1

counts |1 __|like | enjoy | deep |learning | NLP flying |.___
0 0

like

enjoy

vector for “like”
deep

learning

O O = O O|F
O O O O Ol |Oo
= = = O O|]0|0O

flying

c O Br O B O IC|N
o »r O O O O |10
= O O O = O|0|Oo

0
2
1
0
0
0
0
0

RO O QO O B |OoO

Vector dimension = Number of words

Image from [1]
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Co-occurrence Matrix Example

| like deep learning . / | like NLP . /| enjoy flying .

window size: 2

counts |1 __Llike | enjoy | deep | learing | NLP |flving |.___
1 1 1

I 1 0 0
I : o 0 1 1 1 0 1
El: o 0 0 0 0 1 1
I : 0 0 1 0 0 1
learning [T 0 1 0 0 o0 1
I : - 0 0 0 0 o0 1
I : o 1 0 0 0 0 1
B 1 1 1 11 0

Vector dimension = Number of words
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Problem?

* We can now compare the two word representations

* For long text resource...? @_@
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Word Embedding

Problem?

e For 10,000 words?
— 10,000x10,000 matrix (about 4GB)

e The size of the word is much larger in real cases

— The vector size is too big, but our memory size is limited
— Sparsity: almost of values are 0
— Inefficient to process (vector size too big)

« Solution?
— Sparse matrix representation (CSR, CSC, etc)
— Dimensionality reduction (PCA, SVD)
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Problem?

AUDIO IMAGES TEXT

[o]lo|ofo2|olo7|o]o]0]..|..]

Word, context, or
document vectors

DENSE DENSE SPARSE

Audio Spectrogram Image pixels

Sparsity: almost of elements are 0!
(Still has problem of Bag-of-Word representation)

Image from https://www.tensorflow.org/tutorials/word2vec



https://www.tensorflow.org/tutorials/word2vec

Word Embedding 16

Dimensionality Reduction

« Store most of the important information in fixed, small
number of dimensions (as dense vector)

« Singular Value Decomposition (SVD)

. ~

VT
_ rXr rxd
A —
n X d nxr
U >3 vT

nxXxd nxd dxd

?
(P roblem ) Image from https://intoli.com/blog/pca-and-svd/



https://intoli.com/blog/pca-and-svd/

Word Embedding

Word Vectors

e Also called word embedding

 Words are now represented as dense vector

— Expected: words have similar vector representation
if they has similar context

house [00000..00010..00000
home [00100..00000..00000]
text [00001..00000..00000]

‘ One-hot Vector

house [0.537, 0.596, 0.813, ..., 0.631, 0.681
home [0.611, 0.237, 0.506, ..., 0.678, 0.672 ]
text [0.091, 0.322, 0.397, ...,0.516, 0.283

Dense Vector
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Singularity in 2013

arXiv.org > cs > arXiv:1301.3781v1

Computer Science > Computation and Language

Efficient Estimation of Word Representations in Vector Space

Tomas Mikelov, Kai Chen, Greg Corrado, Jeffrey Dean

(Submitted on 16 Jan 2013 (this version), latest version 7 Sep 2013 {v3))
We propose two novel model architectures for computing continuous vector representations of words from very large data sets. The gual
best performing techniques based on different types of neural networks. We observe large improvements in accuracy at much lower corr

million vocabulary from a 1.6 billion words data set. Furthermore, we show that these vectors provide state-of-the-art performance on oul
research community.

Comments: submitted to ICLR 2013

Subjects:  Computation and Language (cs.CL) Efficient estimation of word representations in vector space
Cite as: arXiv:1301.3781 [cs.CL] T Mikolov, K Chen, G Corrado, J Dean - arXiv preprint ar<iv:1301.3781, 2013 - arxiv.org
{or arXiv:1301.3781v1 [cs.CL] for this version) We propose two novel model architectures for computing continuous vectar representatiol

of words from very large data sets. The quality of these representations is measured in a
word similarity task, and the results are compared to the previously best performing ...

Yr DY Cited by 6078 Related articles  All 20 versions 3%
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Word2Vec Overview

e Basic: learning word vector from large corpus
— Every word in fixed vocabulary is represented by a vector

— Go through each position t in the text,
consist of center word ¢ and context words o

— Similarity of word vectors for ¢ and o are used to
calculate the probability of o given ¢ (or ¢ given 0)

— Word vectors are continuously adjusted while training

P(wi_p | wy) P(Weia | We)

P(w_q | we) P(Weyq | W)
—
problems  turning banking crises  as

1 I 1 ]
T Y L : J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2

Image from [1]
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Word2Vec Overview

* Objective: maximize probability of P(W,,;|W;; 8)
— Minimize function ](9)

](9)———2‘ Z 108P(Wt+]|Wt;9)

—-ms<jsm
j#0

— How to calculate P(W,,;|W;; 6)7?
» Use two vectors per word: use as center (u) or context (v)

P(olc) =

exp(Uo Vc)

2wev €Xp (Ui Ve)

\ After taking exponent,

normalize over entire vocabulary
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CBOW vs Skip-gram

CBOW
input projection output
W
W-1 O
SUM > Wo
Wi
W2

See neighbor words
to predict current word

‘ Previous Example

Skip-Ngram
input projection output
O W2
W-1
Wo ] @]
Wi
) W2

See current word
to predict neighbor words



Word Embedding

Word2Vec Analogy

Male-Female

walked

. Swam
O

walking =

Verb tense

sPa in \
Italy \Madr id
Rome

Germany —--\________“__
Berlin
Turkey \
Ankara

Russia ——e
Moscow
Canada Ottawa

Japan o
P Tokyo

Vietnam Hanoi
China Beijing

Country-Capital
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Word2Vec Analogy

Glove results

Nearest words to
frog:

1. frogs

2. toad

3. litoria

4. leptodactylidae
5.rana

6. lizard

7. eleutherodactylus

rana eleutherodactylus

Slide from [1]



Word Embedding

Variant of word2vec framework

e Improvements
— GloVe (utilize global statistics)

e Optimized for specific domain/task
— Domain: tweet2vec, search2vec, item2vec, etc
— Task: entity disambiguation, sentiment analysis, etc

« Extend to larger structures
— Sentence and Document (ex: doc2vec)

e Utilize sub-word information (instead of word)
— Character-level (ex: charCNN, charRNN)
— Subword-level (ex: fastText)

« Exploit language-specific features
— Chinese: radical(Z8 &) / Korean: letter(XI &)




Word Embedding

Count-base vs Direct Prediction

» LSA, HAL (Lund & Burgess), Skip-gram/CBOW (Mikolov et al)

« COALS, Hellinger-PCA (Rohde NNLM, HLBL, RNN (Bengio et
et al, Lebret & Collobert) al; Collobert & Weston; Huang et al; Mnih
& Hinton)

» Fast training « Scale with corpus size

- Efficient usage of statistics + Inefficient usage of statistics

* Primarily used to capture word - Generate improved performance
similarity on other tasks

* Disproportionate importance
given to large counts - Can capture complex patterns

beyond word similarity

Slide from [1]
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GloVe

* GloVe: Global Vectors for Word Representation.

— Jeffrey Pennington, Richard Socher, and Christopher D.
Manning. 2014. (Stanford)

— https://nlp.stanford.edu/projects/glove/

CO-0Occurrence

W count information
T
J(0) =3 Z: [ (Pij) (u v; — log(Py)?

e Fast training fro -
e Scalable to huge corpora ::"- B

e Good performance even with small corpus, and small
vectors

Slide from [1]


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

Word Embedding

fastText

« Enriching Word Vectors with Subword Information

— Piotr Bojanowski, Edouard Grave, Armand Joulin, Tomas
Mikolov, 2016 (Facebook Research)

— https://arxiv.org/abs/1607.04606

« Using subword information (n-gram)
— Example: hungry — {hun,ung,ngr, gry} (with 3-gram)
— Why subword?

« Coverage (deal with out-of-vocabulary)
* Robustness (typo like hungty)


https://arxiv.org/abs/1607.04606

Word Embedding

Cross-lingual

e We knows:

P|aﬂt — —|§

« We can make embedding for two language
— Training individually
— Can they be directly compared? ex: sim(v,, (Tree), v, (A =))

« We want to represent these in the same embedding
— Resource imbalance (English vs other languages)
— Leverage existing knowledge in English to other language
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Relations in Embedding Space
English Spanish

92r  Ocuatro (four
OB o four {four)
o aif auno (one)
0.05 ofi i ocinco (fi\.‘e)
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. -
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Intuition: similar geometric relations

Image from (Mikolov et al., 2013)



Word Embedding

Convert-base method

* Monolingual mapping
— Train word embedding for each language in large corpus
— Apply linear transformation after trained with known pairs

x

Embedding Space for English Embedding Space for Korean

Obijective:

n
i Wae: — =2
m“%n;” L zz”




Word Embedding

Various Strategies for cross-lingual

Make “convert function”
— Monolingual mapping

Train with multi-language corpus
— Pseudo-cross-lingual (mixing contexts)

Make unique representation

— Cross-lingual training

— Optimize cross-lingual constraint to make close each other
Joint optimization

— Training the models on parallel, optimize a combination of
monolingual & cross-lingual loss



Word Embedding

Applications

« Word Similarity

— Classic method: edit distance, wordnet, stemmer,
lemmatization, etc...
e Stemming (argue, argued, argues — argu)
e Lemmatization (occurring — occur, taken — take)
— Inflections, Tense forms
» Think, thought, ponder, pondering,
* Plane, Aircraft, Flight

« With word embedding: get vector similarity (cosine)



Word Embedding

Applications

e Machine Translation

— Classic Methods: Rule-based machine translation,
morphological transformation

— Word embedding can be used as input for NMT
— Cross-lingual embedding

€229 " develop | puild (moving |

3 mbmod|
!2' e -

‘ pass through

traln l—
Ttrack |




Word Embedding

Applications

« Sentiment Analysis
— Classifying sentences as positive or negative
— Classic Methods: Naive Bayes, Random Forests/SVM

[T to break): sad

— Building sentiment lexicons
using seed sentiment sets

ibulary: 4067

Word Cosine distance

— We can just use cosine similarity
. Sad 0.661083

to compare unseen reviews to _ sadaened 0.660439

. . heartbreaking 0.657351

disheartening 0.650732

know reviews. (no classifier!) i
parishioner Pat_ Patello 0.647586

saddens me 0.640712

distressing 0.639909

L o reminders bobbing 0.635772

— Can used as a feature for classifier rarkcean shittes
saddest D.634551

unfortunate 0.6827209

sorry 0.619405

bittersweet 0.617521

tragic 0.611279

regrecful 0.603472
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References

* [1] Deep Learning for NLP by Richard Socher
— http://web.stanford.edu/class/cs224n/

— Check — Word Vectors 1 & 2

« [2] Tutorial and Visualization tool by Xin Rong
— https://arxiv.org/abs/1411.2738
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* [3] A survey of cross-lingual embedding models
— http://ruder.io/cross-lingual-embeddings/
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