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Key Limitations of PPDB"



Key Limitations of
PPDB? word sense

Insect, beetle,
A pest, mosquito,

fly

microbe, virus,
bacterium,
germ, parasite

microphone,
tracker, mic,
wire, earpiece,
cookie

bother, annoy,
pester

squealer, snitch,
rat, mole

glitch, error,
malfunction,
fault, faillure

Source: Chris Callison-Burch



Another Key Limitation

80s ‘01 '01 '04 '05'13 11 13 '14
WordNet Web Novels News Bi-Text Video Twitter

only paraphrases, no non-paraphrases



Paraphrase [dentification

obtain sentential paraphrases automatically

Mancini has been sacked by Manchester City Yes!
«—

Mancini gets the boot from Man City

|
WORLD OF JENKS IS ON AT 11 ¢~ No!

World of Jenks is my favorite show on tv

(meaningful) non-paraphrases are needed to train classifiers!

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



Also Non-Parapnhrases

--—--, e aEE E EEE

[ | I 1

80s ‘01 01 + '04 1'0513 11 13" 14" 17",
WordNet Web Novels: News 'Bi-Text Video . Twitter |
o 3 ;

(meaningful) non-paraphrases are needed to train classifiers!



News Paraphrase Corpus

Daily - Mail g
TACKING OF | T

AVERY MIDDLE
Cl.ASS PROTEST

The Dmlg ulegmph‘

\\'orlmh\ to Ioee beneﬁts for 3 wan

pll\ chiefs )‘f:‘t )
wht et v SRS

Microsoft Research Paraphrase Corpus

also contains some non-paraphrases

(Dolan, Quirk and Brockett, 2004; Dolan and Brockett, 2005; Brockett and Dolan, 2005)



Twitter Paraphrase Corpus

"N Rep. Stacey Newman @“staceynewman - 5h
So sad to hear today of former WH Press Sec James Brady's passing.
bradybuzz & family will carry on his legacy of #gunsense.

Jim Sciutto ©jimsciutto - 4h
Breaking: Fmr. WH Press Sec. James Brady has died at 73, crusader for gun
control after wounded in '81 Reagan assassination attempt

NBC News NBCNews - 2h
James Brady, President Reagan's press secretary shot in 1981 assassination
attempt, dead at 73 nbcnews.to/WX1Btq pic.twitter.com/1ZtuEakRd9

!

also contains a lot of non-paraphrases

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



Paraphrase ldentitication:

A Binary Classification Problem

* [nput:
P negative (non-paraphrases)
- a sentence pair x J

- afixed set of binary classes Y ={0, 1}

/

positive (paraphrases)

* Output:
- apredictedclassye Y (y=0ory=1)

Wei Xu o socialmedia-class.or
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Paraphrase ldentitication:

A Binary Classification Problem

* |nput;
- a sentence pair x

- afixed set of binary classes Y ={0, 1}

* Output:
- apredictedclassye Y (y=0ory=1)

Wei Xu o socialmedia-class.org
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Classification Method:

Supervised Machine Learning

* |nput;
- a sentence pair x
- 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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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) Classification Method:
Supervised Machine Learning

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

(Recap)

Nalve Bayes
 Cons:

features t; are assumed independent given the class y

P(t .t,,....t |y)=P ly)- P, ly) ....P(t |y)

* This will cause problems:
- correlated features — double-counted evidence
- While parameters are estimated independently

- hurt classiers accuracy

o socialmedia-class.org
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Classification Method:

Supervised Machine Learning

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

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

* (Generally high performance for a lot of problems.

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



Before Logistic Regression

Let’s start with
something simpler!




Paraphrase ldentitication:

Simplified Features

* We use only one feature:

- number of words that two sentences share In
common
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A very related problem of Paraphrase [dentification:

Semantic Textual Similarity

* How similar (close in meaning) two sentences are?

Wei Xu o socialmedia-class.org

completely equivalent in meaning

mostly equivalent, but some unimportant details differ

roughly equivalent, some important information differs/missing
not equivalent, but share some details

not equivalent, but are on the same topic

completely dissimilar
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A Simpler Model:
|_Inear Regression

5

Sentence Similarity
(rated by Human)
N W EAN

—

o
o 1

5 10 15 20

#words in common (feature)

Wei Xu o socialmedia-class.org


http://socialmedia-class.org/

A Simpler Model:

|_Inear Regression

5

Sentence Similarity
N W EAN

—

-
o l\

5 10 15 20

#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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A Simpler Model:
|_Inear Regression

5

paraphrase

........ - - - - - threshold — Classification

non-paraphrase {
0

0 5 10 15 20

Sentence Similarity

#words in common (feature)

» also supervised learning (learn from labeled data)

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

Wei Xu o socialmedia-class.org
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Training Set

#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))
- X's: “Input” variable / features

- y's: “output’/“target” variable

Wei Xu o socialmedia-class.or
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(Recap)

Supervised Machine Learning

training set

machine
learning

label
extractor eatures

N\
f -
eature | ~ classifier
| extractor model

Source: NLTK Book
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Supervised Machine Learning

training set

machine
learning

label
extractor eatures

'\
feature classifier
» T 1111 :
. extractor model label

(also called) hypothesis
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Supervised Machine Learning

training set

machine
learning

label
B E e
extractor

d)

feature classifier
LUEEREEE  label
. extractor model

Sentence Similarity
(also called) hypothesis
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Supervised Machine Learning

training set

machine
learning

label
extractor eatures

'\
feature classifier
» T 1111 :
. extractor model label

(also called) hypothesis
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Linear Regression:

Model Representation

* How to represent h ?

machine
learning
algorithm

training set

h,(x)=0,+06x

features

----------

: ———— y Linear Regression
| i ©assiion gy label w/ one variable
features . __model ;
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Linear Regression w/ one variable:

Model Representation

#words in common | Sentence Similarity
(x) (¥)
1 0
4 1 .
h,(x)=0,+06x
13 4
18 O

- m hand-labeled sentence pairs (x(7), y(1)), ... , (x(m), y(m))
O's: parameters

Wei Xu o socialmedia-class.or Source: many fO”OWing slides are adap’[ed from Andrew Ng
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Linear Regression w/ one variable:

Model Representation

#words in common | Sentence Similarity

(x) )

1 0
4 1
) 4 h,(x)=0,+06x
18 5

- m hand-labeled sentence pairs (x(7), y(1)), ... , (x(m), y(m))

- O's: parameters
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Linear Regression w/ one variable::

Model Representation

h@(ﬂ?) — (9() —+ (9156

3 3
2 2
1 1
0 0
0 1 2 3 0 1 2 3 0 1 2 3
0y = 1.5 By = 0 Oy = 1

Andrew Ng
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Linear Regression w/ one variable:

Cost Function

Sentence Similarity
(rated by Human)
N w ERN O

—_—

O
O 1

5 10 15 20

#words in common (feature)

* ldea: choose 6y, 61s0 that he(x) is
close to y for training examples (x, y)

Wei Xu o socialmedia-class.or
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Linear Regression w/ one variable:

Cost Function

Sentence Similarity
(rated by Human)
N w ERN O

—_—

-
o O

5 10 15 20

#words in common (feature)

* ldea: choose 6y, 61s0 that he(x) is
close to y for training examples (x, y)

Wei Xu o socialmedia-class.or
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Linear Regression w/ one variable:

Cost Function

@)

N

squared error function:

J(Q()’Hl) — Li(he(x(i))_y(i))z

w

Sentence Similarity
(rated by Human)
N

| 2m° 5
O y ¥
0 5 10 15 20
#words in common (feature)
Idea: choose 0y, 6150 that he(x) is minimize J(Qoa 91)

close to y for training examples (x, y) 6,6,

o socialmedia-class.or
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|_Inear Regression

 Hypothesis:
hy(x)=6,+6x

e Parameters:
6o, O1

 Cost Function:
J(6,.,6,)= —Z(h () =y’
» Goal: m1n1mlzeJ(6’O,9)

6 » 6

Wei Xu o socialmedia-class.o
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|_Inear Regression

Simplified
* Hypothesis:
hy(x)=6,+6x hy(x)=0,x
 Parameters: o) So=0
8o, 61 e 0, I i hGe)
* Cost Function: A
J(8,.6,)= —Z<h )=y | 56,)= Li(%(f“)—y(“)z
* Goal: m116}11£1126 J(@6,.,0,) minimize J (6,)
0 1 91

Wei Xu o socialmedia-class.o
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Hypothesis Cost Function

hy(X) J(0,)

(for fixed 017, this is a function of X) (function of the parameter 67 )

3

61=1

2
y

1

0

0 1 2 3
X
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Hypothesis Cost Function

hy(X) J(0,)

(for fixed 017, this is a function of X) (function of the parameter 67 )
3
61=1
2
y
,
0
0 1 2 3
X
J1) = ——[1=1)>+ (2=2)>+ (3—3)%] = 0
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Hypothesis
hy(x)

(for fixed @1, this is a function of X))

3 ______________________________________________________________
0:=1
2 ___________________________________________________________
y
1 ___________________________________________________________
0
0 1 2 3
X
J1) = —

Cost Function

J(0))

(function of the parameter 67 )

1.5 2 25
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hy(X) J(0,)

(for fixed 017, this is a function of X)) (function of the parameter 67 )

3 ______________________________________________________________

2 ___________________________________________________________

-

y

1 H1=0.5

0

0 1 2 3
X
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hy(x)

(for fixed @1, this is a function of X))

3 ______________________________________________________________
2 _______________________________________ R
-
y
1 H1=0.5
0
0 1 2 3
X
J(0.5) =

2 X3

Wei Xu o socialmedia-class.org

J(0,)

(function of the parameter 67 )

3 ________________________________________________________________________________
2 _______________________________________________________________________________
J(601)
1 ________________________________________________________________________________
X
05 0 05 1 15 2 25
01
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hy(x)

(for fixed @1, this is a function of X))

Wei Xu o socialmedia-class.org

J(0,)

(function of the parameter 67 )

-
2 3 -05 0 05 1 15 2 25
X 01
minimize J (60, )

0,
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|_Inear Regression

 Hypothesis: Simplified
hy(x)=6,+6x hy(x)=0,x
 Parameters: o) So=0
8o, 6 > 0, I i hG)
* Cost Function: N
J(8,.6,)= —Z<h )=y | 56,)= Li(%(f“)—y(“)z
* Goal: m116}11£1126 J(@6,.,0,) minimize J (6,)
0 1 91

Wei Xu o socialmedia-class.o
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hg (X) J(QO ,01)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

500 o

J(01, 02) 200 ] .

100 |

Wei Xu o socialmedia-class.org
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

contour plot

700 . 1 ' ' 0.5

600 ~x X

X . o £

— 500/ L ot VO 0.2
2 . T hH ES
— 400 :
= X - X
& 300 wx X X>i<><><;< %
.§ ><>§< XX X%
82000

100r « Training data

— Current hypothesis
0 . .

1000 2000 3000 4000

5 1000 1500 2000
Size (feet”)

Andrew Ng

Wei Xu o socialmedia-class.org
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700

L B U (@)

- () () ()

(- () (- (-
T T

Price $ (in 1000s)

(N

-

-
T

—

()

()
T

< Training data

— Current hypothesis

1000 2000 3000 4000
Size (feetz)

-

1 | "I | |
-500 0 500 1000 1500 2000

% &
©, 0,

Andrew Ng

Wei Xu o socialmedia-class.org
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700 . . . . 0.5¢
0.
600} 4
0.3
fg 500r 0.2
S 0.1 :Q\
= 400 1F
k= i \
& 300
S
& 200f

—

-

-
T

» Training data
— Current hypothesis

| ' -0,5 ' ' |
1000 2000 23000 4000 21000 -500 o Y 500 1000
Size (feet®) 0o

-

1500 2000

Andrew Ng

Wei Xu o socialmedia-class.org
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Parameter Learning
e Have some function J(QO ,01)

* Want  minJ(6,,0,)
6y, 6,

e QOutline:

- Start with some 8o, 01

- Keep changing 0p, 681 to reduce J(64, 62)
until we hopefully end up at a minimum

Wei Xu o socialmedia-class.org
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GGradient Descent
Simplified

1.5 2 25

min%mize J(6,)
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Gradient Descent

A -[ """"""""""""""""""""""""""""""""""""""""""""" Simplified
X
2 _________________________________________________________________________________
J(61)
SN R N A )
X X 6, =6,—a=—J(6,)
| 96,
05 0 05 1 15 2 25 .
learning rate
01
min%mize J(6,)
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Gradient Descent

DR SRS .
S T : :
. - RO : :
. : PRSI : :
B - . 7 Z, 22N - :
1 : N St . 4} |
- - I o N R R |
= / S
Lt RS . - _

60 | - g o 1

minimize .] (90 . 91 ) Andrew Ng

Wei Xu o socialmedia-class.org 0-%1
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3
- .
J(60761) 0—f- :
" i
2— ....
B Tl
' os -
0.7

Wei Xu o socialmedia-class.org

minimize J (6, ,6,)
0, .6,

Andrew Ng
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Gradient Descent

repeat until convergence |{

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

} AN

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)

Wei Xu o socialmedia-class.org
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Linear Regression w/ one variable:

Gradient Descent

repeat until convergence |{

IS i i
HO — 00 —azx(hg(x( ))_y( ))
=1

simultaneous
update B, 01

] < . . .
0, =6, —a— (hy(x")—y?) x"
m- i
}
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Linear Regression

cost function is convex

500 .
300

J(01, 02) 200 . \

100 L N

R ILIALALIFALL] ot
e

Wei Xu o socialmedia-class.org
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700

N
-
-

Ul

()

()
T

N
o
)

w

(-

()
T

Price $ (in 1000s)

DO

-

-
T

—

()

(=)
T

» Training data
— Current hypothesis 041

-

| | 0.5 | '
1000 2000 3000 4000 1000 500 0 500

5 1500 2000
Size (feet”) o

1000

Andrew Ng
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700

oV H ul ()

- () - ()

- () - ()
T T

Price $ (in 1000s)

\}

-

-
T

—t

(-

(-
T

» Training data
— Current hypothesis
-0.5 ' '
1000 2000 SOOO 4000 21000 -500 0 500
Size (feet®) 0o

-

1000 1500 2000

Andrew Ng
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700

(o)
-
(-

Price $ (in 1000s)
— w S
(-] -] ()]
(-] -] ()]

-

Ul

-

-
T

[\

o

()
T

hy(x)

(for fixed Bp, O1, this is a function of X )

» Training data
— Current hypothesis |

2000 3000

Size (feetz)

J(6,,0,)

(function of the parameter Bp, 01)

0.5
0.4
0.3
0.27
0.17

-0.1r
-0.2¢
-0.3r1
-0.4r

-0.5
-1000

-500 0 500 1000

1500 2000

Andrew Ng
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700

Price $ (in 1000s)
— w S U1 (o)
) (-] () (-] (-]
) (-] O () o

-

[\

o

()
T

hy(x)

(for fixed Bp, O1, this is a function of X )

» Training data
— Current hypothesis

2000 3000

Size (feetz)

4000

J(6,,0,)

(function of the parameter Bp, 01)

0.5
0.4
0.3
0.27
0.17

-0.1r
-0.2¢
-0.3r1
-0.4r

-0.5
-1000

-500 0 500 1000

0o

1500 2000

Andrew Ng
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700 . . ' — ] 0.5
0.4
600_ X>< N |
) R 0.3
~ 500} X -
z 0.2
S
= 400 0-11
5 =" 0
& 300 <
qg) >><<X 'O.]._
& 200F x % 0.2}
0.3}
1001 * Training data
— Current hypothesis 0.47
O | | I T
0.5 ' ' ' '
1000 2000 3000 4000 1000 -500 0 500 1000 1500 2000

Size (feet?) o

Andrew Ng
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hy(x) J(6,.6,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700 T ' | T >4 0.5
0.4
600+ X, ; ]
X N 0.3
~ 500t X I
S X X 0.2
(-]
= 400 0.1t
=
e XX ><> > - 0
&£ 300 xx T XXy % .
O X Xy XXX -0.1r
= X >2<A X X
= 2007 o 0.2}
-0.3r1
1001 * Training data
— Current hypothesis -0.47
O | | T T
0.5 ' ' . .
1000 2000 5000 4000 100 -500 0 500 1000 1500 2000
Size (feet”) 0,

Andrew Ng
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hy(x) J(6,,6,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700 | | | — 0.5
0.4
600F X ) .
x T X 0.3
oo 500_ D I
S 0.2
S
— 400 0.1+
é <~ 0
& 300¢ X X x X X |
.Qg) X5l KX XA}\ i 0.1+
& 200r X 0ol
-0.3r1
100f » Training data
— Current hypothesis -0.47
0 : | . ,
-0.5 ' | | |
100 2009 5000 4000 -1000  -500 0 500 1000 1500 2000

Size (feetz) Py

Andrew Ng
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700 . . ' — ] 0.5
0.
600+ X » )
0.3
~ 500} I
8 0.2
=
— 400 0.1
5 =" 0
& 300
g 'O.]._
A 2000 0.2}
0.3
1001 * Training data
— Current hypothesis 0.47
O | | I T
0.5 ' ' ' '
1000 2000 23000 4000 1000 -500 0 500 1000 1500 2000
Size (feet®) 0o

Andrew Ng
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h,(x) J(6,,0,)

(for fixed Bg, B1, this is a function of X ) (function of the parameter Bp, 01)

700

S i (o)

o - ()

() - ()
T T

w
-
-

Price $ (in 1000s)

(\)
-
-

—t

-

-
T

\ » Training data
— Current hypothesis

o
—
QL
S
S

é-

' | -0.5 ' '
2000 3000 4000 000 -500 0 500

5 1500 2000
\'LQ O Size (feet) 0,

1000

Andrew Ng
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Batch Gradient Descent

* Each step of gradient descent uses all the training
examples

Cost Function

. 1 ; ;
>J(0,,0,)= sz(he(x( Yy )2
=1

Wei Xu o socialmedia-class.org
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(Recap)

|_Inear Regression

5

paraphrase

........ - - - - - threshold — Classification

non-paraphrase {
0

0 5 10 15 20

Sentence Similarity

#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

400 ..

. ‘\\\‘\ S
e

AL AL )

QQQ."' "" rarnarssy,
R RILI AT
% Z

° P t . 300-] .\ i \ RS
drameters. \ !
A\
::.,z:"‘"llllll’ll{,{g

e S
1’ 2 ~.- |
e, %%%%”{"& ;’4{

St
S
400 S ’4’/"‘

L
“.‘?‘%‘ﬁ‘?&%
T DG

225
S

P

e Cost Function:
IS i i
J(QO,QI)Z%Z‘(%(X<>)_y<>)z
* Goal: minimizeJ(6,,6,)

6o. 6,

Wei Xu o socialmedia-class.or
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(Recap)

Gradient Descent

repeat until convergence |{

) |
— 0 _ (simultaneous update
0;=0,-« 90 /(6,,0)) for j=0 and j=1)

} \

learning rate
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Next Class:
- Logistic Regression

socialmedia-class.org
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