Soclal Media & Text Analysis

lecture 8 - Paraphrase ldentification
and Logistic Regression

CSE 5539-0010 Ohio State University
Instructor: Wei Xu

Website: socialmedia-class.org

Many slides adapted from Andrew Ng
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(Recap)

|_Inear Regression
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#words in common (feature)

e also supervised learning (learn from annotated data)

e pbut for Regression: predict real-valued output
(Classification: predict discrete-valued output)

Wei Xu o socialmedia-class.org
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(Recap)

| Inear Regression

« Hypothesis:
he(x) — HO + 91)6
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e Cost Function:
1 & ,
J<90,91>=%§<h9<x,->—y,->

* Goal: minimizeJ(6,,6,)
. 0,
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(Recap) Linear Regression w/ one variable:

Model Representation

#words in common | Sentence Similarity
(x) (¥)
1 0
4 1
13 4
18 O

m hand-labeled sentence pairs (x(1), y(1)), ... , (x(m), y(m))
O's: parameters

o socialmedia-class.or Source: many following slides are adapted from Andrew Ng
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(Recap) Linear Regression w/ one variable:

Cost Function
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5 ‘ squared error function:
a% 3 1 m
@ . 2
S J(6,,60,)=—> (hy(x,)=y,)
2 2m 5
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0 10 20 30

#words in common (feature)

* ldea: choose 0o, 0150 that he(x) is minimize J ( 0 9)
close to y for training examples (x, y)  6,.6, 0>~1

Wei Xu o socialmedia-class.org
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(Recap)

Gradient Descent

repeat until convergence |{

0 =60 — o J J(8..0,) simultaneous update
! ! 00. Y771 forj=0and j=1

| U

learning rate
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Linear Regression w/ one variable:

Gradient Descent

h,(x)=0,+06x

Cost Function

. 1 : l-
>J(6,,0,)= 2mz(h‘9(x( Y-y )2
=1

0 0
—J(6,.6)="2 —J(6..0.)="2
00, (6,61) 00, (6,61)
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(Recap) Linear Regression w/ one variable:

Gradient Descent

repeat until convergence |{

1 m
6, = Ho—azx(hg(xi)—yi)
=1

1 m
6 =0, —a%Z(hg(xi)—yl.)-xi
=1

simultaneous
update B, 01
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Linear Regression w/ multiple variables (features):

Model Representation

 Hypothesis:
h,(x)=6,+0 x +0,x,+---++0 x_

(for convenience, define x, = 1)
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Linear Regression w/ multiple variables (features):

Model Representation

 Hypothesis:
h,(x)=6,+0 x +0,x,+---++0 x_

(for convenience, define x, = 1)

1 1
x=| x, |eR"™ 6=| 6, |eR"
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Linear Regression w/ multiple variables (features):

Model Representation

 Hypothesis:
h,(x)=6,+0 x +0,x,+---++0 x_
(for convenience, define x, = 1)

1 1
x=| x, |eR"™ 6=| 6, |eR"

h,(x)=6"x
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Linear Regression w/ multiple variables (features):

Model Representation

 Hypothesis:
hy(x)= 0" x

 Cost function:  # training examples

,c/
] <& . .
J©)=—Y (hy(x")— y)?
(0) 2mi:1(9(x ) Yy )
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(Recap)

Paraphrase ldentification

obtain sentential paraphrases automatically

Mancini has been sacked by Manchester City Yesl!
Mancini gets the boot from Man City <
WORLD OF JENKS IS ON AT 11 <« No!

World of Jenks is my favorite show on tv

Wei Xu, Alan Ritter, Chris Callison-Burch, Bill Dolan, Yangfeng Ji. “Extracting Lexically Divergent Paraphrases from Twitter” In TACL (2014)



(Recap) Classification Method:

Supervised Machine Learning

* |nput;
- a sentence pair x (represented by features)
- afixed set of binary classes Y ={0, 1}

- atraining set of m hand-labeled sentence pairs
(X1, y(1), ..., (x(m), y(m)

* Output:

- alearned classifierv: x> yeY (y=0ory=1)
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(Recap)

|_Inear Regression

5

~
A

paraphrase
----- - -------- threshold — Classification

2
non-paraphrase{ :
0 C

0 10 20 30

#words in common (feature)

Sentence Similarity

e also supervised learning (learn from annotated data)

e pbut for Regression: predict real-valued output
(Classification: predict discrete-valued output)

Wei Xu o socialmedia-class.org
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el Xu

A problem in classification

|_Inear Regression

Sentence Similarity
O — N W ~ O

\

10 20 30 40

#words in common (feature)

-

o socialmedia-class.or
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el Xu

A problem in classification

|_Inear Regression

Sentence Similarity
O — N W ~ O
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A problem in classification

|_Inear Regression
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#words in common (feature)
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A problem in classification

L_Iinear Regressmn

classification error

paraphrase

non-paraphrase

Sentence Similarity
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In practice, do not use linear regression for classification.

Wei Xu o socialmedia-class.org
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(Recap)

L ogistic Regression

* One of the most useful supervised machine
learning algorithm for classification!

* Generally high pertormance for a lot of problems.

* Much more robust than Naive Bayes
(better performance on various datasets).



Hypothesis:

_inear = Logistic Regression

Classification: y=0or y =1

» Linear Regression: h,(x) canbe > 1 or <0

Wei Xu o socialmedia-class.org



http://socialmedia-class.org/

Hypothesis:

_inear = Logistic Regression

Classification: y=0or y =1

+ Linear Regression: h,(x) canbe > 1 or <0

Wei Xu o socialmedia-class.org
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Hypothesis:

_inear = Logistic Regression

Classification: y=0or y =1

» Linear Regression: h,(x) canbe > 1 or <0

 |Logistic Regression: want (0 < hg(x) <1

\

a classification (not regression) algorithm
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Hypothesis:

_inear = Logistic Regression
* Linear Regression: hg (x) — QTX

» Logistic Regression: want 0 < h,(x) <1

Wei Xu o socialmedia-class.org
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Hypothesis:

_inear = Logistic Regression
* Linear Regression: hg (x) — HTX

» Logistic Regression: want 0 < /,(x) <1

sigmoid (logistic) function

Wei Xu o socialmedia-class.or
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Hypothesis:

_inear = Logistic Regression
* Linear Regression: hg (x) — HTx

» Logistic Regression: want 0 < /,(x) <1

l

sigmoid (logistic) function h@ (X) =0 (QTX)

1
l+e °

G(z) =
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(Recap) Classification Method:

Supervised Machine Learning

* |nput;
- a sentence pair x (represented by features)
- afixed set of binary classes Y ={0, 1}

- atraining set of m hand-labeled sentence pairs
(xX(V, y(1), ..., (x(m), y(m)

* Output:

- alearned classifierv: x> yeY (y=0ory=1)
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Logistic Regression:
Interpretation of Hypothesis

* he(x) = estimated probability that y = 7 on input

Wei Xu o socialmedia-class.org
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Logistic Regression:
Interpretation of Hypothesis

* he(x) = estimated probability that y = 7 on input

Xo 1

X, #words 1in_common

If x=

, hy(x)=0.7

/0% chance of the sentence pair being paraphrases

el Xu o socialmedia-class.org



http://socialmedia-class.org/

ei Xu o soc

Logistic Regression:
Interpretation of Hypothesis

* he(x) = estimated probability that y = 7 on input

If x=

/0% chance of t

1

#words_1n_common

h,(x)=P(y=1I1x;0)

\

, hy(x)=0.7

ne sentence pair being paraphrases

probability that y = 1, given x, parameterized by @

lalmedia-class.or
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Logistic Regression:
Interpretation of Hypothesis

* he(x) = estimated probability that y = 7 on input

h,(x)=P(y=1I1x;0)

\

probablllty that y = 1, given x, parameterized by 0

OOOOOOOOOOOOOOOOOOOO
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we want convex! easy gradient descent!

| Convex . Non-convex
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Logistic Regression:
Interpretation of Hypothesis

* he(x) = estimated probability that y = 7 on input

P(y=11x;0)+P(y=01x;0)=1

h,(x)=P(y=1I1x;0)

\

probablllty that y = 1, given x, parameterized by 0

OOOOOOOOOOOOOOOOOOOO
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Logistic Regression:

Decision Boundary

* Logistic Regression: sigmoid (logistic) function

1

h,(x)= G(QTX)

1 04|
h@ ('x) — 0T & 82

l+e

0
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Logistic Regression:

Decision Boundary

* [ ogistic Regression:

h,(x)= G(QTX)
he(x) —

1

0.9F
0.8}
0.7+
0.6}

0.5

0.4}
0.3
0.2F
0.1F

0

oredict y = 1if he(x) = 0.5

poredict y = 0if he(x) < 0.5

Wei Xu o socialmedia-class.or

sigmoid (logistic) function

O'(Z) =

|

l+e
threshold

—Z

-10 -5 0

5

10
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Logistic Regression:

Decision Boundary

* [ ogistic Regression:

h,(x)= G(QTX)
he(x) —

1

0.9¢
0.8}
0.7+
0.6f

0.5

0.4}
0.3
0.2F
0.1F

0

sigmoid (logistic) function

-10

|

O'(Z) =

threshold

—Z

l+e

-5 0 5

predict y = 11f he(x) =20.5 <— when 8'x =0

predict y =0 if he(x) <0.5 +— when 0Tx <0

Wei Xu o socialmedia-class.or

10
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Logistic Regression:

Decision Boundary
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Logistic Regression:

Decision Boundary
hy(x) = 6(90 +91x1+92x2)

2 What it 8=| 6,

1
[—
~D

0 1 2 3 4 predict y =11t 0'x =0
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Logistic Regression:

Decision Boundary

decision boundary hy(x)= 6(90 T 91x1+92x2)
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L ogistic Regression

- atraining set of m hand-labeled sentence pairs
(x(V, y), ..., (x(m), y(m)  (y € {0, 1})

| - -
ho(X) = ——+ %, 0,
l+e
A 0,
x=| x, |eR"™ 0= 0, |eR"™
xn 671
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Cost function:

_inear = Logistic Regression

* Linear Regression: J(0) = %2 %(he (x) = y" )2
i=1

squared error function

Wei Xu o socialmedia-class.org



http://socialmedia-class.org/

Cost function:

Linear — Logistic Regressmn

» Linear Regression: J(Q)—%E;(Ih (x(l))l (Z))
=1 <~

squared error function

» Logistic Regression: he(x) —

this cost function is non-convex for logistic regression

el Xu o socialmedia-class.or
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Cost function:

_inear = Logistic Regression

l <1 . 2
» Linear Regression: J(@)=— Y —(h, (x'")— vy
(0) méz( o(X7)—y )
|
Cost(hg(x),y)
* | ogistic Regression: he(x): : _
l+e %"

W u o socialmedia-class.or
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Logistic Regression:

Cost Function
 —log(h,(x)) if y=1

CotlO3)=1 _togt—ny (v if y=0

remember that

0<h,(x) <1
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Logistic Regression:

Cost Function
- —log(h,(x)) if y=1

CotiO3)=1 _jog(1—ny (v if y=0

— —logh
— —log(1-h)

remember that

0<hy(x) <1
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Logistic Regression:

Cost Function

. ( —log(h,(x)) 1t y=1
y o CMO= ) i y=0

l}- — —logh
— —log(1—h)

Cost=0ity=1, heo(x) =1
But as he(x)— 0, Cost— oo

Intuition:
penalize learning algorithm
it he(x) = 0 (predict P(y=1Ix;6) = 0),

h, bUty=1
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Logistic Regression:

Cost Function
J(0)= %iCost(hQ(x(i))— ym)

—log(h,(x)) if y=1

CotlO3)=1 _jogt—ny vy if y=0

remember that y=0 or 1 always
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Logistic Regression:

Cost Function

1 N l l
J(Q):ZZ‘Cost(he(x())—y())
- —log(h(x) if y=1

CotlO3)=1 _jogt—ny vy if y=0

remember that y=0 or 1 always
the same

cross entropy loss:
Cost(h,(x),y) =—ylog(h,(x))—(1—y)log(1—h,(x))

Wei Xu o socialmedia-class.org Learn more: https://en.wikipedia.org/wiki/Cross_entropy
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L ogistic Regression

e Cost Function:

1 < l l
J(6)= Z;Cost(he(x( H—y")

IS i i i i
== " 1og(y(x")+ (1= log(1 =y (x))
=1

e Goal:

learn parameters @ to minimize J(0)
6

» Hypothesis (to make a prediction): /1, (x) =
A
P(y=11x;6) ./

Wei Xu o socialmedia-class.org
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Logistic Regression:

Gradient Descent

repeat until convergence |{

a | |
© — | d
9]. '— 9], — O . J(0) simultaneous update

for all Qj

} \

learning rate
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Logistic Regression:

Gradient Descent

repeat until convergence {

.=0 — J J(0) simultaneous update
! / 00 forall @,
% f
|
learning rate # training examples

i _l (DY _ +,0) (1)
) 1(©)=—23 (h(x)=y" ),

=1
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Logistic Regression:

Gradient Descent

simultaneous update

repeat until convergence { forall @
I _
m , . . v,
—_f _ DY _ vy Yy @ ’
6, =0, —a (h, ()= y")x, 0
=1
! 0= 6,
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Logistic Regression:

Gradient Descent

simultaneous update

repeat until convergence { forall @
TR
n , . . 6
—_f _ Y _ @ )y @ ’
6,=6,—aY (h(x") -y, N
=1

! 0= 6,
0,

This look the same as linear regression!!???

Wei Xu o socialmedia-class.or
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Logistic Regression:

Gradient Descent

simultaneous update

repeat until convergence { for all 9]- ) _
m ] . . v,
—f — Dy _ 3D )y O ’
0,=6,-ay (hy(x")—y")x, 0

=1

} ; 0=| 0,
i .
1+e %" 0,

using different hypothesis from linear regression

Wei Xu o socialmedia-class.or
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Classification Method:

Supervised Machine Learning

* Naive Bayes
* Logistic Regression
* Support Vector Machines (SVM)

 Hidden Markov Model (HMM)

N | sequential
* Conditional Random Fields (CRF)

models

el Xu o socialmedia-class.org
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Classification Method:

Sequential Supervised Learning

* |nput:

- rather than just individual examples (w1 = the, c1 = DT)

- atraining set consists of m sequences of labeled examples
(X15 y1)5 neny (me ym)

x1 = <the back door> and y1= <DT JJ NN>

e QOutput:

- alearned classifier to predict label sequences v: x = y
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We

I XU

Features for Sequential Tagging

e Words:

e current words

* previous/next word(s) — context

* Other linguis

* WOIQC

* WOIG

substrings

shap

 POS tags

e Contextual Labels

€S

ic information:

word shapes

Varicella-zoster | XXx-XXX
MRNA XX XX
CPAI1 XXXd

e previous (and perhaps next) labels

o socialmedia-class.org
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Probabilistic Graphical Models

ei Xu o

U>J Naive Bayes Classifier Hidden Markov Model
Z ! ¥ Q
0 zx SEQUENC> Y1 I
Z
L
ox @ Q o X p(Y.X)
1 XM X
CONDITION CONDITION
pO/x) S p(Y/X)

N

Logistic Regression Conditional Random Field

DISCRIMINATIVE

socialmedia-class.or

Source: Andrew McCallum, Sargur Srihari
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Probabilistic Graphical Models

Naive Bayes Classifier Hidden Markov Model
y Y ( v—m o Veoveeeal Ve
g Y1 Vn YN
|_
<
5 @ O B
e X Xy X, X, Xy
L M .
© P:X)=p (y)l—[l P(x,|y) p(Y.X)=[] P | 7,)P(x, ] 2,)
M cxp{ 3 A S (Vs Vo1 X )}
exp{zl Sy x)} p(Y|X)- z "
p(ylx)- ' LEXPIY AL, (5,5, X,)
LLl exp Z/{ .0 x)} Z
=
-
<
=
: @ O
N - . .. .
) Logistic Regression Conditional Random Field

Wei Xu o socialmedia-class.org Source: Andrew McCallum, Sargur Srihari
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New [extbook

INTRODUCTION TO

NATURAL
LANGUAGE
PROCESSING

.
llll

A

JACOB EISENSTEIN

October 2019
MIT Press

https://mitpress.mit.edu/books/introduction-natural-language-processing

Wei Xu o socialmedia-class.org
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W Follow @cocoweixu

Instructor: Wei Xu

http://web.cse.ohio-state.edu/~weixu/

Course Website: socialmedia-class.org

Wei Xu o socialmedia-class.org
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