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Define  Wovds by theic Usape

- Words defined luy enviconment tdistributionalic)
© Swnonyme: identical  enviconments

- unknown  (oncept 'vag tho:

* Ong choi is delicious sautéed with garlic.
* Ong choi is superb over rice
* Ong choi leaves with salty sauces

- gnviconments | Seen | vefore

e ...spinach sautéed with garlic over rice
* Chard stems and leaves are delicious

* Collard greens and other salty leafy greens
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© Werd: point  in mulh-dimensimal  space
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good

IOTCE Ml A two-dimensional (t-SNE) projection of embeddings for some words and
phrases, showing that words with similar meanings are nearby in space. The original 60-
dimensional embeddings were trained for sentiment analysis. Simplified from Li et al. (2015).
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- Dense vector

t: teom [Word
d: document

* N: Size of torpue) no.of documents
orpus:  Set of dowumente

https://arxiv.org/pdf/1512.08183.pdf



© TF = frequencyy of werds in & document,
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e -Document  Matyix

As You Like It Twelfth Night Julius Caesar Henry V

battle 1 0 7 3
good 14 80 62 89
fool 36 58 1 4
wit 0 15 2 3

The term-document matrix for four words in four Shakespeare plays. The red
boxes show that each document is represented as a column vector of length four.
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is traditionally followed by cherry pie, a traditional dessert
often mixed, such as strawberry rhubarb pie. Apple pie
computer peripherals and personal digital assistants. These devices usually

a computer. This includes information available on the internet

aardvark ... computer data result pie sugar
cherry 0 2 8 9 442 25
strawberry 0 0 0 1 60 19
digital (o 1670 1683 85 5 4)
information 0 3325 3982 378 5 13

Co-occurrence vectors for four words in the Wikipedia corpus, showing six of
the dimensions (hand-picked for pedagogical purposes). The vector for digital is outlined in
red. Note that a real vector would have vastly more dimensions and thus be much sparser.

information
3000 [3982,3325]
digital

2000—/1683,1670]

computer

I | | |
1000 2000 3000 4000

data

A spatial visualization of word vectors for digital and information, showing just
two of the dimensions, corresponding to the words data and computer.



© Between 2L Wards
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computer data result pie sugar count(w)
cherry 2 8 9 442 25 486
strawberry 0 0 1 60 19 80
digital 1670 1683 85 5 4 3447
information 3325 3982 378 5 13 7703

count(context) 4997 5673 473 512 61 11716
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» Wovd's meant relsked o dithri buhon
of Wt arvehd

* A bottle oftezgdino is on the table.
Consider the following sentences which are there with the above sentence.
Everybody likes tezguino.
Tezgtiino makes you drunk.
We make‘tezgdiino out of corn.

So from above sentences, the meaning of tezgliino can be “ A fermented
alcoholic drink made of corn”
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Example of text data: Titles of Some Technical Memos

cl:
c2:
c3:
c4:
c5:

ml:
m2:
m3.

m4;

Human machine interface for ABC computer applications

A survey of user opinion of computer system response time
The EPS user interface management system

System and human system engineering testing of EPS
Relation of user perceived response time to error measurement

The generation of random, binary, ordered trees

The intersection graph of paths in trees

Graph minors IV: Widths of trees and well-quasi-ordering
Graph minors: A survey

- Term- document Mmatrix

cl | c2|c3|cd|ch|ml|m2| m3]| md
human 1 00 1 0 0 0 0 0
interface 1 0 1 0 0 0 0 0 0
computer | 1 11701010 0 0 0 0
user 0 1 1 0 1 0 0 0 0
system 0 1 1 2 0 0 0 0 0
response | 0 1 0 0 1 0 0 0 0
time 0 1 0 0 1 0 0 0 0
EPS 0 0 1 1 0 0 0 0 0
survey 0 11701010 0 0 0 1
trees 0 0 0 0 0 1 1 1 0
graph O], 0]0 | 01]0 0 1 1 1
minors 0 0 0 0 0 0 0 1 1
Simm (huwman | usee) =0 Ccan also do -Fo‘(

tim Chuman , mingee) =0 doc similarity)




import numpy as np
term_doc_counts = np.array([

[1,0,0,1,0,0,0,0,0],
[1,0,1,0,0,0,0,0,0],
[1,1,0,0,0,0,0,0,0],
(0,1,1,0,1,0,0,0,0],
[0,1,1,2,0,0,0,0,0],
[01,00100001
(0,1,0,0,1,0,0,0,0],
(0,0,1,1,0,0,0,0,0],
(0,1,0,0,0,0,0,0,11,
(0,0,0,0,0,1,1,1,01,
[0,0,0,0,0,0,1,1,1],
[o,o,o,o,o 0,0,1,1]

1

u, s, vt = np.linalg.svd(term_doc_counts, full_matrices=True)

# Taking only the k=2 most important features
up, sp, vtp = ul:, 0:2], np.diag(s[0:2]), vt[0:2, :]

# Estimate the nmnew term—-document matrizx
lsa_term_doc = up @ sp @ vtp

cl c2 c3 c4 cH ml m2 m3 m4
human 0.16 0.4 0.38 | 047 | 0.18 | -0.05 | -0.12 | -0.16 | -0.09

interface | 0.14 | 0.37 | 0.33 0.4 | 0.16 | -0.03 | -0.07 | -0.1 | -0.04
computer | 0.15 | 0.51 | 0.36 | 0.41 | 0.24 | 0.02 | 0.06 | 0.09 | 0.12
user 0.26 | 0.84 | 0.61 0.7 | 039 | 0.03 | 0.08 | 0.12 | 0.19
system 0.45 | 1.23 | 1.05 | 1.27 | 0.56 | -0.07 | -0.15 | -0.21 | -0.05
response | 0.16 | 0.58 | 0.38 | 0.42 | 0.28 | 0.06 | 0.13 | 0.19 | 0.22
time 0.16 | 0.58 | 0.38 | 0.42 | 0.28 | 0.06 | 0.13 | 0.19 | 0.22
EPS 0.22 | 0.55 | 0.51 | 0.63 | 0.24 | -0.07 | -0.14 | -0.2 | -0.11
survey 0.1 |[0.53 | 023 | 0.21 | 0.27 | 0.14 | 0.31 | 0.44 | 0.42
trees -0.06 | 0.23 | -0.14 | -0.27 | 0.14 | 0.24 | 0.55 | 0.77 | 0.66
graph -0.06 | 0.34 | -0.15 | -0.3 0.2 | 031 | 069 | 098 | 0.85

minors -0.04 | 0.25 | -0.1 | -0.21 | 0.15 | 0.22 0.5 0.71 | 0.62

Sima (huwman | User)= 0-44
¢im Chuman, miner$) = ~0-28

https://colab.research.google.com/drive/1qgBkvhaQjkBI70H9W2b8cU4gISjXZdZb?usp=sharing



Documents with 2 concepts:

* Computer Science (CS)
* Medical Documents (MD)
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Term-Document Matrix

Row: 1 Document
Columns: 1 Term

. 9.64 0 . 0.58 0.58 058 0 0
: 0 5291 " lo o 0 071071

Concept
Strength Matrix
Row: 1 Concept

Term-Concept Matrix

Row: 1 Concept
Column: 1 Term

Document-Concept
Similarity Matrix

Row: 1 Document
Columns: 1 Concept

Distributional Representation

e captures linguistic
distribution of each word in
form of a high-dimensional
numeric vector

e typically based on
co-occurrence counts
(count models)

e based on distributional
hypothesis: similar
distribution ~ similar
meaning (similar distribution
= similar representation)

Distributed Representation

e sub-symbolic, compact
representation of words as
dense numeric vectors

e meaning is captured in
different dimensions and it
Is used to predict words
(predict models)

e similarity of vectors
corresponds to similarity of
the words

e word embeddings
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http://projector.tensorflow.org
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Input layer
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We can consider either W or W’ as the word’s representation. Or
even take the average.
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...lemon, a [tablespoon of apricot jam, a] pinch...
cl c2 [target] c3 c4
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). Slow %o train , large o of weighte
2. Need lovs of Aate

- Word paict and phrases
1. Subsample Arequent words
3. Seleckive u{)&(ﬁq (.v\eﬂn’cive in?vd-s)

%t GloVe

Lomboings
- wam\ oty ix facksvizabkm  (LSA)
- Yol conroxd window  Cskip-graw)

Count based or Global Matrix Factorization Methods | Prediction based or Local Context window based
Methods

Advantages: 1. Generates improved performance on tasks like

1. Fast Training POS tags or NER.

2. Efficiently leverage statistical information. 2. Can capture complex patterns beyond word
similarity.

Disadv: Disadv:

1. Primarily captures word similarity. 1. poorly utilize the statistics of the corpus since

2. Relatively perform poorly on the word analogy tasks, they train on separate local context windows
3. Disproportionate importance given to large counts.  instead of on global co-occurrence counts.

2. Scales with corpus size

3. Inefficient use of statistics of the dataset.

Leatn  wovd veckers ST dot pvoduct equale
L0 of Hre Pro‘oabil(%v of co-ocCurrence



Probability and Ratio | k = solid k = gas k = water k = fashion
P(k|ice) 19x107* 66x10" I0x10™ 17x10
P(k|steam) 22x107° 78x107% 22x107% 1.8x107°
P(klice)/P(k|steam) 8.9 8.5 x 1072 1.36 0.96

Co-occurrence probabilities for target words ice and steam with selected context words from a 6
billion token corpus. Only in the ratio does noise from non-discriminative words like water and
fashion cancel out, so that large values (much greater than 1) correlate well with properties
specific to ice, and small values (much less than 1) correlate well with properties specific of
steam.

©Woker, (:MV\'\M non-Aiscriminaative  Ccance(d

2
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