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Reminders

 Homework 3: KNN, Perceptron, Lin.Reg.
— Out: Wed, Feb 7
— Due: Wed, Feb 14 at 11:59pm

* Homework 4: Logistic Regression

— Out: Wed, Feb 14
— Due: Fri, Feb 23 at 11:59pm




MULTINOMIAL LOGISTIC
REGRESSION



Multinomial Logistic Regression

Chalkboard

— Background: Multinomial distribution
— Definition: Multi-class classification

— Geometric intuitions

— Multinomial logistic regression model
— Generative story

— Reduction to binary logistic regression
— Partial derivatives and gradients

— Applying Gradient Descent and SGD

— Implementation w/ sparse features



Debug that Program!

In-Class Exercise: Think-Pair-Share

Debug the following program which is (incorrectly)
attempting to run SGD for multinomial logistic regression

Buggy Program:

while not converged:
for 1 in shuffle([1l,..,N]):
for k in [1,..,K]:
theta[k] = thetal[k] - lambda * grad(x[i], y[i],
theta, k)

Assume: grad(x[1], y[i1], theta, k) returnsthe gradient of the negative
log-likelihood of the training example (x[i],y[i]) with respect to vector theta[K].
Lambda is the learning rate. N = # of examples. K = # of output classes. M = # of
features. thetais a Kby M matrix.



Debug that Program!

In-Class Exercise: Think-Pair-Share

Debug the following program which is (incorrectly)
attempting to run SGD for multinomial logistic regression

Buggy Program:

while not converged:
for 1 in shuffle([1,..,N]):
for k in [1,..,K]:
for m in [1,.., M]:

theta[k,m] = thetal[k,m] + lambda * grad(x[i],
y[i], theta, k,m)

Assume: grad(x[i1], y[i], theta, k, m) returnsthe partial derivative of
the negative log-likelihood of the training example (x[i],y[i]) with respect to
thetal[k,m]. lambda is the learning rate. N = # of examples. K = # of output
classes. M = # of features. thetais a K by M matrix.



FEATURE ENGINEERING



Handcrafted Features
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Feature Engineering

Where do features come from?

hand-crafted
features

Sun et al., 2011

O

3

O

Zhou et al,,
2005

O

First word before M1
Second word before M1
Bag-of-words in M1

Head word of M1

Other word in between
First word after M2
Second word after M2
Bag-of-words in M2

Head word of M2

Bigrams in between

Words on dependency path
Country name list
Personal relative triggers
Personal title list

WordNet Tags

Heads of chunks in between
Path of phrase labels
Combination of entity types

Feature Learning
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Feature Engineering

Where do features come from?

hand-crafted
features

O

Sun et al., 2011

O

3

O

Zhou et al,,
2005

input
(context words)

similar words,
similar embeddings

Look-up table

Classifier
embeddin .
g —> missing word
unsupervised
learning
cat: | o.11 | .23 -.45
dog:| 0.13 | .26 ~.52

CBOW model in Mikolov et al. (2013)

word /

O embeddings
O Mikolov et al.,

2013

Feature Learning
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Feature Engineering

Where do features come from?

0 pooling E=——1 ,‘?'\
l ] | ] | ] | ] l | l ] | ]
| PPLASY - it T A T
’___I ] | I-I’--hl-l--‘l___\ [ ] [ ] [ | ]
The [movie] showed [wars] The [movie] showed [wars]
Convolutional Neural Networks Recursive Auto Encoder
(Collobert and Weston 2008) (Socher 2011)
CNN RAE
A4
Zhou et al., .
2005 word string
) embeddings
O embeddings ____ > Socher, 2011
O Mikolov et al., O Collobert & Weston,
2013 2008
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Feature Engineering

Where do features come from?

S|;|
Wypvp 2
VP|—%|

/
VNN /

NP:;|
ﬁﬂﬂﬁ

DTNN/
The [movie] showed [wars]

tree
SN 0 embeddings
Socher et al.,
2013
A Hermann & Blunsom,
/ 2013

/

2005

O

word

embeddings
O Mikolov et al.,
2013

L string

/~ embeddings
Socher, 2011

O Collobert & Weston,

2008
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Feature Engineering

Where do features come from?

\ Rt
Sep. ‘03, S
word embedding e'7719,7 ,afll/- 6@0' .
hand-crafted features \/SJ’O "l/,%
features , ----- >0 (Qq.
> Turian et al. O ’C,'
O - 2010 "fo
Hermann et al.
Sun et al., 2011 Koo et al. 2014
O 2008
? tree
: embeddings
: Socher et al.,
8 I 2013
i dermann & Blunsom,
: 7
H / 2013
O :
Zhou et al., 1: J tri
2005 ' word ,'I S rlng
) /~ embeddings
O embeddings ____ > Socher, 2011
O Mikolov et al., O Collobert & Weston,
2013 2008 S
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Feature Engineering

Where do features come from?

A
word embeddin
& best of both
hand-crafted features Ids?
features . —---- > O e wWorias:
> Turian et al. O =-> O
O ol 2010
Hermann et al. A
Sun et al., 2011 Koo etal. 1
2014 i
O 2008 1
A : tree
i embeddings
: Socher et al.,
1 2013
i 4 Hermann & Blunsom,
i / 2013
O ! !
i /
Zhouetal., 1 / .
2005 i ! string
word / >
) /~ embeddings
O embeddings ~____ > Socher, 2011
O Mikolov et al., O Collobert & Weston,
2013 2008 S

Feature Learning
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Feature Engineering for NLP

Suppose you build a logistic regression model
to predict a part-of-speech (POS) tag for each
word in a sentence.

What features should you use?

() () (o

The movie | watched depicted hope




Feature Engineering for NLP

Per-word Features:

M ORENE) NE) (@) «(5) x(6)
is-capital(w;) 1 1
endswith(w;,“e") 1 1 1
endswith(w;,“d") 1 1
endswith(w;,“ed"”) 1 1
w; == "aardvark”
w; == “hope” 1

() () (o

The movie | watched depicted hope




Feature Engineering for NLP

Context Features:

D x0) x3) (@) x(5) x(6)
w; == “watched” 1
w;,, == “watched” 1
w;_; == "“watched” 1
wW;,, == “watched” 1
w;_, == “watched” 1

() () (o

The movie

| watched depicted hope



Feature Engineering for NLP

Context Features:

X0 x@  xB @ X6 x(6)
w; == “I1” 1
Wiy == “17 1
w,_ , == “I" 1
Wiy == U7 1
w,_, == “I" 1

() () (o

The movie | watched depicted hope




Table from Manning (2011)

Feature Engineering for NLP

Table 3. Tagging accuracies with different feature templates and other changes on the
WSJ 19-21 development set.

Model Feature Templates # Sent. Token Unk.

Feats Acc. Acc. Acc.
3GRAMMEMM See text 248,798 52.07% 96.92% 88.99%
NAACL 2003  See text and [1] 460,552 55.31% 97.15% 88.61%
Replication See text and [1] 460,551 55.62% 97.18% 88.92%
Replication”  4rareFeatureThresh =5 482,364 55.67% 97.19% 88.96%
5W +(to, w—2), (to, w2) 730,178 56.23% 97.20% 89.03%

SWSHAPES —|—<t0,S_1>,<t0,80>,<t0,8+1> 731,661 56.52% 97.25% 89.81%
S5WSHAPESDS + distributional similarity 737,955 56.79% 97.28% 90.46%

() () (o

The movie | watched depicted hope




Feature Engineering for NLP

Suppose you want to predict whether the
word is the root (i.e. predicate) of the
sentence.

What features should you use?

The [movie],,, | watched depicted [hope],,



Feature Engineering for NLP

Per-word Features:

on-path(w;) 1 1 1
is-between (w;) 1 1 1
head-of-M1 (w,) 1

head-of-M2 (w,) 1
before-M1 (w;) 1

before-M2 (w;) 1

The [movie],,, | watched depicted [hope],,



Feature Engineering for NLP

Per-word Features:

on-path(w;) 1
is-between (w;) 1
head-of-M1 (w,)
head-of-M2 (w,)
before-M1 (w;)
before-M2 (w;) 1

The [movie],,, | watched depicted [hope],,,
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Feature Engineering for NLP

Per-word Features: (with conjunction)

fs

on-path(w;) && w;== *“depicted” 1
is-between(w;) && w;== “depicted” 1
head-of-M1(w;) && w;== “depicted”
head-of-M2 (w;) && w;== “depicted”
before-M1(w;) && w;== “depicted”
before-M2(w;) && w;== “depicted” 1

[ ceer. | | nown | |

The [movie],,, | watched depicted [hope],,,




Feature Engineering for CV

Edge detection (Canny)

Figures from http://opencv.org
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Feature Engineering for CV

Scale Invariant Feature Transform (SIFT)

Diflererce of

Gaussian (DOG)

Poagooo |- Por cach octnwe of scale spece. 1he sanad wnage i srpestodly comvedvod with Camslien %
Figwoe 3: Modd amepes of planar cdyocts ase shows i the poodece the st of soulic *pacy Imuages whows on B L Adpcond Ganaian sy xoc sebiraciod

op fove. Revogeetson fesdts befom shosw mranded out laes kand 80 produce e difoscnce-of Uusian beupes on he riphe. ARcr ¢ach octive. e Cumaasian mugo o
e Leys mad for audchiag drur sampdod by o ot o D aad e peos ows rrpesned
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Figure from Lowe (1999) and Lowe (2004)



