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E——— W7 Znaianecont
How to represent the meaning of a word?

What property we want the mapping to have?

One idea: We want vectors of similar words to be close. And dissimilar words to be
away from each other.

distance(f(apple), f(orange)) <- small

distance(f(computer), f(rabbit)) <- large
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Word embeddings or word vectors
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WORD dl d2 d3 d4 d5 d50
summer 0.12 0.21 0.07 0.25 0.33 0.51
spring 0.19 057 0.99 0.30 0.02 0.73
fall 053 0.77 0.43 0.20 0.29 0.85
light 0.00 0.68 0.84 0.45 0.11 0.03
clear 0.27 050 0.21 056 0.25 0.32
blizzard 0.15 0.05 0.64 0.17 0.99 0.23
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E——— W7 Znaianecont
We'll discuss 2 kinds of embeddings

o tf-idf

Information Retrieval workhorse!

A common baseline model

Sparse vectors

Words are represented by (a simple function of) the counts of nearby words

o O O O

e Word2vec
o Dense vectors
o Representation is created by training a classifier to predict whether a word is likely to
appear nearby
o https://fasttext.cc/docs/en/crawl-vectors.html
o Later we'll discuss extensions called contextual embeddings
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Word-word matrix (“term-context matrix”)

knife dog sword love like
knife 0 1 6 5 5
dog 1 0 5 5 5
sword 6 5 0 5 5
love 5 5 5 0 5
like 5 5 5 5 2

e Two words are “similar” in meaning if their context vectors are similar

o Similarity == relatedness
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R PAUL G. ALLEN SCHOOL
Term-context matrix

Two words are similar in meaning if their context vectors are similar

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
4000
E information
3000 [3982,3325]
Q. digital
aardvark ... computer data result pie sugar E 2000—/1683,1670]
cherry 0 2 8 o 42 25 . 5
strawberry 0 0 0 1 60 19 1000
digital (o 1670 1683 85 5 4) .
information 0 3325 3982 378 5 B . — T T

1000 2000 3000 4000
data
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S — W SRl alitioR:
Computing word similarity

The dot product between two vectors is a scalar:

N
dot product(v,w) =v-w = Zv,-w,- =viwy +vows + ...+ vywn
i=1

e The dot product tends to be high when the two vectors have large values in the
same dimensions
e Dot product can thus be a useful similarity metric between vectors
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E——— W7 Znaianecont
Problem with raw dot-product

e Dot product favors long vectors
o Dot product is higher if a vector is longer (has higher values in many dimension)
Vector length:

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

with other words).
o So dot product overly favors frequent words
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e W DL S AENSSHoo
Alternative: cosine for computing word similarity

N
> viw;
=1
N N
(S o
i=1

cosine(V,w) =

=i i
==

i=1

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

a-b = |a||b|cos6
a-b

— cos0
ap] —
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Cosine examples

N
Ei=1 Vi
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cos(V,w) = ﬁ = % . % - L — o j;; d;ta com;uter
\/EM ) \/EH & digital 114 80 62
information 36 58 ]
cos(cherry,information) =
442 %5+ 8 %3982 + 2 %3325 _ 017
V4422 + 82 1 22./52 + 39822 + 33252
cos(digital,information) =
5%541683%3982+ 1670 x 3325 _ 906
V/52 4 16832 + 16702+/52 + 39822 4 33252
0
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Count-based representations
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knife dog sword love like
knife 0 1 6 5 5
dog 1 0 5 5 5
sword 6 5 0 5 5
love 5 5 5 0 5
like 5 5 5 5 2

e Counts: term-frequency

o remove stop words

o use log1o(tf)

Yulia Tsvetkov
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But raw frequency is a bad representation

e The co-occurrence matrices we have seen represent each cell by word
frequencies

e Frequency is clearly useful; if sugar appears a lot near apricot, that's useful
information

e But overly frequent words like the, it, or they are not very informative about the
context

e |t's a paradox! How can we balance these two conflicting constraints?
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E—— W SAaiasionmn
Two common solutions for word weighting
tf-idf: tf-idf value for word t in document d:
Wt’d —_ tft,d X ldft

Words like “the” or “it” have very low idf

PMI: Pointwise mutual information

p(wq,w2)
p(w)p(wz)

PM'(W]_, Wz) = log

See if words like “good” appear more often with “great” than
we would expect by chance
13 Undergrad NLP 2022
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TF-IDF

e \What to do with words that are evenly distributed across many documents?

tf, 4 = log,o(count(z,d)+ 1)

Total # of docs in collection

N

idf; = log (d_f

# of docs that have word i

Words like "the" or "good" have very low idf

Wi a = th; g x 1df;
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& name formula reference
1. Joint probability pixy) (Giuliano, 1964)
2 Conditional probability plylx) (Gregory etal., 1999)
3. Reverse cond. probability pixly) (Gregory etal., 1999)
4. Pointwise mutual inf. (MD) log 2= — (Church and Hanks, 1990)
5. Mutual dependency (MD) log ;% (Thanopoulos et al., 2002)
6. Log frequency biased MD  log -2 + logp(xy) (Thanopoulos et al., 2002)
7. Normalized expectation L = (Smadja and McKeown, 1990)
8. Mutual expectation o - plxy) (Dias et al., 2000)
9. Salience ;%:- log f(xy) (Kilgarriff and Tugwell, 2001)
10. Pearson’s x test Ty (Manning and Schiitze, 1999)
11. Fisher's exact test T e (Pedersen, 19%6)
12t test 7—!—?—'-‘ — (Church and Hanks, 1990)
iyl ‘!myv.N-»
13. z score et ), (Berry-Rogghe, 1973)
fixy )1 Tixy) /N))
14. Poi signifi fixy) l'ngvh&l;‘\yl-h‘l;n’u (Q i ﬁandWolff,ZOOZ)
15. Log likelihood ratio -2% yfylog 7t (Dunning, 1993)
16. Squared log likelihood ratio ~23_ | 5,'—.-‘- (Inkpen and Hirst, 2002)
17. Russel-Rao Fvayroo (Russel and Rao, 1940)
18. Sokal-Michiner — (Sokal and Michener, 1958)
19. Rogers-Tanimoto P (Rogers and Tanimoto, 1960)
20. Hamann e (Hamann, 1961)
21. Third Sokal-Sneath :_;: (Sokal and Sneath, 1963)
22 Jaccard =t (Jaccard, 1912)
23. First Kulczynsky = (Kulczynski, 1927)
24 Second Sokal-Sneath —t (Sokal and Sneath, 1963)
25. Second Kulczynski S+ =) (Kulczynski, 1927)
26. Fourth Sokal-Sneath e R (Kulezynski, 1927)
27. Odds ratio = (Tan et al., 2002)
, vad-vbe
28. Yulle’s w N R n: = ‘/: (Tan et al., 2002)
29 Yulle’s Q :: - :: (Tan et al., 2002)
30. Driver-Kroeber = (Driver and Kroeber, 1932)

# name formula reference
31. Fifth Sokal-Sneath m (Sokal and Sneath, 1963)
32 Pearson ﬁ:—.m‘-’ (Pearson,1950)
33. Baroni-Urbani e (Baroni-Urbani and Buser, 1976)
34 Braun-Blanquet — (Braun-Blanquet, 1932)
35. Simpson —_— (Simpson, 1943)
3. Michael —— (Michael, 1920)
37. Mountford —_— (Kaufman and Rousseeuw, 1990)
38. Fager 7# ~ $ max(b, ¢) (Kaufman and Rousseeuw, 1990)
39. Unigram subtuples logge ~329,/1 4+ L+ 14 (Blahetaand Johnson, 2001)
0. U cost logll+ =) (Tulloss, 1997)
41.S cost log(1 + ==l -4 (Tulloss, 1997)
42 R cost logll+ =) -logll + =) (Tulloss, 1997)
43. T combined cost VOxSxR (Tulloss, 1997)
44 Phi — ,:':';’”;’-»:"f{j:‘ — (Tan et al., 2002)
45 Kappa - = (Tan et al., 2002)
46. | measure mxiplxy)log{,—‘;':T‘l' +p(xg)log%"“73¥. (Tan et al., 2002)

plxy) log 222 4 plxy) log B4
47. Gini index maxip(x+)(plylx)® + plgix)?) = plsy)®  (Tanetal,2002)

+ple) (ply)® + plER)%) — pleg)?,

play)(pixiy)® + p(xly)*) - plx=)?

+p(=0)(p(xF)* + p(XY)’) — p(x+)’]
48. Confidence maxiplylx), plxiy)] (Tan et al.,, 2002)
9. Laplace max[gE ) TR (Tan et al., 2002)
50. Conviction max[ 2B %—{y—,‘-‘-] (Tan et al., 2002)
51. Piatersky-Shapiro plxy) — plx=)pl*y) (Tan et al., 2002)
52. Certainity factor max| =R, B P (Tan et al., 2002)
53. Added value (AV) maxip(ylx) — pl=y), plxly) — plx+)] (Tan et al., 2002)
54 Collective strength bRy - LR (Tan et oL, 2002)
55. Klosgen Vplxy)-AV (Tan et al., 2002)




E—— Rk RARENIIIRD
Dimensionality Reduction

A
e Wikipedia: ~29 million English documents. Vocab: ~1M words. .
o High dimensionality of word--document matrix aal
m Sparsity / :::]
m The order of rows and columns doesn’t matter ‘ Aani
e Goal: aardvark
o good similarity measure for words or documents ——
o dense representation zymotoxic
e Sparse vs Dense vectors i
o Short vectors may be easier to use as features in Zyrian
machine learning (less weights to tune) Zzyyt;y:;
o Dense vectors may generalize better than storing explicit counts Zythia
m They may do better at capturing synonymy zythum
m In practice, they work better Zyzomys

Zyzzogeton
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Singular Value Decomposition (SVD)

e Solution idea:

W PAUL G. ALLEN SCHOOL

OF COMPUTER & ENGINEERING

o Find a projection into a low-dimensional space (~300 dim)

o That gives us a best separation between features

Documents
\\ T
Terms| A = | U X\ Vv
\\
mxn mxr X1 XN
A : »<;T
orthonormal

Yulia Tsvetkov

17

diagonal, sorted

Undergrad NLP 2022



R VA7 PAUL G ALLEN SCHOOL
Truncated SVD

We can approximate the full matrix by only considering the leftmost k terms in the

diagonal matrix (the k largest singular values) dense document vectors
l ‘
dense % ’ X
word o
vectors 0
Apxen & Sk Vi
mxn ~ Umxk&kxkVixn kE<<m,n
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E—— Rk RARENIIIRD
Dimensionality Reduction

A
e Wikipedia: ~29 million English documents. Vocab: ~1M words. .
o High dimensionality of word--document matrix aal
m Sparsity / :::]
m The order of rows and columns doesn’t matter ‘ Aani
e Goal: aardvark
o good similarity measure for words or documents ——
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m In practice, they work better Zyzomys
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Singular Value Decomposition (SVD)

e Solution idea:
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o Find a projection into a low-dimensional space (~300 dim)

o That gives us a best separation between features

Documents
\\ T
Terms| A = | U X\ Vv
\\
mxn mxr X1 XN
A : »<;T
orthonormal
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Truncated SVD

We can approximate the full matrix by only considering the leftmost k terms in the

diagonal matrix (the k largest singular values) dense document vectors
l ‘
dense % ’ X
word o
vectors 0
Apxen & Sk Vi
mxn ~ Umxk&kxkVixn kE<<m,n
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E———
Latent Semantic Analysis

#0 #1 #2 #3 #4 #5

we music company how program 10

said film mr what project 30

have theater its about russian 11

they mr inc their space 12

not this stock or russia 15

but who companies this center 13

be movie sales are programs 14

do which shares history clark 20

he show said be aircraft sept

this about business social ballet 16

there dance share these its 25

you its chief other projects 17

are disney executive research orchestra 18

what play president writes development 19

if production group language work 21

[Deerwester et al., 1990]
23 Undergrad NLP 2022



Evaluation

e |Intrinsic
e Extrinsic
e Qualitative

W PAUL G. ALLEN SCHOOL

OF COMPUTER & ENGINEERING

WORD dl d2 d3 d4 d5 d50
summer 0.12 0.21 0.07 0.25 0.33 0.51
spring 0.19 057 0.99 0.30 0.02 0.73
fall 053 0.77 0.43 0.20 0.29 0.85
light 0.00 0.68 0.84 0.45 0.11 0.03
clear 0.27 050 0.21 0.56 0.25 0.32
blizzard 0.15 0.05 0.64 0.17 0.99 0.23
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Extrinsic Evaluation

Chunking

POS tagging
Parsing

MT

SRL

Topic categorization
Sentiment analysis
Metaphor detection
etc.

Yulia Tsvetkov 25 Undergrad NLP 2022
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Intrinsic Evaluation

similarity similarity
(humans) (embeddings)
vanish disappear 9.8 1.1
behave obey 7.3 0.5
belief impression 5.95 0.3
muscle bone 3.65 1.7
modest flexible 0.98 0.98
hole agreement 0.3 0.3
e WS-353 (Finkelstein et al. ‘02) Spearman's rho (human ranks, model ranks)

e MEN-3k (Bruni et al. “12)
e SimLex-999 dataset (Hill et al., 2015)
26 Undergrad NLP 2022
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Visualisation

600 T T T T T T T
pretty
400+ awful ‘ cute
foul charming
ugly 9orgeous  marvelous
magnificent
200} " 4
00 elegant Aplendyy hideous beastly
nmnsqw horrid
0 -
elegant’ charming'  cute'
—200f gorgeous' pretty' ugly' °msque;:easuy'
magnificent' hideous'
lendid' d
splendi awful homid:
—400} marvelous' foul'
_60—0400 -300 —-200 -100 0 100 200 300 400 [FarquI et al" 2015]

Figure 6.5: Monolingual (top) and multilingual (bottom; marked with apostrophe) word pro-
jections of the antonyms (shown in red) and synonyms of “beautiful”.

e Visualizing Data using t-SNE (van der Maaten & Hinton’08)
27 Undergrad NLP 2022



Distributed representations
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WORD dl d2 d3 d4 d5 d50
summer 0.12 0.21 0.07 0.25 0.33 0.51
spring 0.19 057 0.99 0.30 0.02 0.73
fall 053 0.77 0.43 0.20 0.29 0.85
light 0.00 0.68 0.84 0.45 0.11 0.03
clear 0.27 050 0.21 0.56 0.25 0.32
blizzard 0.15 0.05 0.64 0.17 0.99 0.23
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Positive Pointwise Mutual Information (PPMI)

e In word--context matrix
e Do words w and ¢ co-occur more than if they were independent?

P(w,c)
P(w)P(c)

PMI(w,c) = log,

P(w,c)

PPMI(w,c):max(log2 PP’
w)P(c

e PMIlis biased toward infrequent events
o Very rare words have very high PMI values
o Give rare words slightly higher probabilities a=0.75

count(c)%
PPMIa(W, C) = max(log2 P(W’ C) 0) Pa (C) i ( )

P(w)Py(c)’ > . count(c)*
29 Undergrad NLP 2022



E——— W7 Znaianecont
We'll discuss 2 kinds of embeddings

o tf-idf

Information Retrieval workhorse!

A common baseline model

Sparse vectors

Words are represented by (a simple function of) the counts of nearby words

o O O O

e Word2vec
o Dense vectors
o Representation is created by training a classifier to predict whether a word is likely to
appear nearby
o https://fasttext.cc/docs/en/crawl-vectors.html
o Later we'll discuss extensions called contextual embeddings

Yulia Tsvetkov 30 Undergrad NLP 2022
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This is in your brain

Cell body
Axon Telodendria

Nucleus\( [
\ 3
Axon hiI% Synaptic terminals

Golgi apparatus

Endoplasmic
reticulum

) Q4
Mitochondrion \ Dendrite

/ % Dendritic branches

By BruceBlaus - Own work, CC BY 3.0,
https://commons.wikimedia.org/w/index.php?curid=28761830
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Neural Network Unit (this is not in your brain)

Output value y

Non-linear transform o)

Weighted sum

WEIghtS W WH W3 bias

Input layer  x; X, b

Yulia Tsvetkov 32 Undergrad NLP 2022
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Neural unit

e Take weighted sum of inputs, plus a bias
z=b+ Z WiX;
i
Z=w-X+b
e |Instead of just using z, we'll apply a nonlinear activation function f:

Yulia Tsvetkov 33 Undergrad NLP 2022
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Non-Linear Activation Functions

e \We've already seen the sigmoid for logistic regression:

1.0

0.8

Sigmoid

0.6

1 y

l1+e%

0.4

y=0(z) =

0.2
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Final function the unit is computing

o(w-x+Db)

d ~ Ttexp(—(w-x+b))

Yulia Tsvetkov 35 Undergrad NLP 2022



e — AR st
Binary Logistic Regression as a 1-layer network

y=oc(w-x+Db)
(y is a scalar)

Output layer
(o0 node)

w W,

(vector)

(scalar)

Input layer
vector x

Yulia Tsvetkov 36 Undergrad NLP 2022
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Non-Linear Activation Functions besides sigmoid

Most Common:

1.0 10
= max(z.0
0.5 5 y (Z7/
.(c% 0.0 % 0
= g
Il Il
> =
-0.5 -5
0% 5 10 ~105 =5 0 5 10

Rectified Linear Unit
37 Undergrad NLP 2022



E———— W DR RARENN00"
Final unit again

Output value y

Non-linear transform

Weighted sum

Weights  w,
Input layer  x; X, X;

Yulia Tsvetkov 38 Undergrad NLP 2022



L7 T e R EN SR AI00 5
Feedforward Neural Networks

e Can also be called multi-layer perceptrons (or MLPs) for historical reasons
o (we don't count the input layer in counting layers!)

Yulia Tsvetkov 39 Undergrad NLP 2022




e W DASL SR ENRchoo:
Multinomial Logistic Regression as a 1-layer Network

Fully connected single layer network
Y1 ¥Yn

y = softmax(Wx + b)
y is a vector

Output layer
(softmax nodes)

W b

W is a
matrix

b is a vector

Input layer
scalars

Yulia Tsvetkov 40 Undergrad NLP 2022



E—— W SAaiasionmn
softmax: a generalization of sigmoid

e For a vector z of dimensionality k, the softmax is:

softmax(z) = :xp(zl) , :xp (22) - :xp (2)
> im16xp(zi) D i exp(zi) > i1 €xp(zi)
softmax(z;) = —PW) 1 <icp
> i=1€xp(z))
Example:

z=10.6,1.1,—1.5,1.2,3.2,—1.1]
softmax(z) = [0.055,0.090,0.006,0.099,0.74,0.010]

Yulia Tsvetkov 41 Undergrad NLP 2022
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Two-Layer Network with softmax output

Output layer
(0 node)

hidden units
(0 node)

Input layer
(vector)
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Replacing the bias unit

We'll do this:

Instead of:
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E——— W7 Znaianecont
Readings

e Neutral networks chapters in J&M 3:
o https://web.stanford.edu/~jurafsky/slp3/7.pdf
o https://web.stanford.edu/~jurafsky/slp3/8.pdf
o https://web.stanford.edu/~jurafsky/slp3/9.pdf

e Hundreds of blog posts and tutorials

e The Annotated Transformer
https://nip.seas.harvard.edu/2018/04/03/attention.html
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