Logistic Regression Models
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Project Flow

Paper Demo
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Learning Objectives

Model classification problems using logistic regression

Define appropriate features for a logistic regression problem
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Review: F1 (or F-score)

Weighted (harmonic) average of Precision & Recall

F1 measure: equal weighting between precision and recall

2 xP xR 2*%TP
F1 — —

P+R  2+TP4+FP+FN

(useful when P = R = 0)




Each class has equal weight

Predicted “A” Predicted “B” Predicted “C” Predicted “D”
Class A Class B Class C Class D
Recall: 87%. Recall: 33%. Recall: 90%. Recall: 93%.
Precision: 72%. Precision: 20%. Precision: 90%. Precision: 100%.
Macro-average
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Recall = (0.87 + 0.33 + 0.9 + 0.93)/4 = 0.76
Precision = (0.72+0.2+0.9+1)/4=0.71

INTRO TO NLP - LR



Each instance has equal weight

All false negatives

Review: Micro-Average @9 |
All true positives - x N
13 1 9 14 X x
v v v v v v v v
b X X
v v v v v v v v X
False negative “A” False negative “B”| |False negative “C” False negative “D”
v v v v v v v il

All false positives

v v v v v v False positive “D”: ()
X
v v v v v v v v o
True positive “A” True positive “B” True positive “C” True positive “D” False positive “B” X False positive “C”
il 1
Total TP Total FN x x
1B3+1+9+14
Prepmon - =0.82 x X \ e
Micro-average 13+1+9+14 +[2+5+1+0
False positive “A”
134+1+9+14 X
Recall = =0.82
Micro-average 43 4 1 494+ 14 + 2+ 4+ 1+ 1 Predicted “A” Predicted “B” Predicted “C” Predicted “D”
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Types of Classification Metrics

AUC https://scikit-learn.org/stable/modules/generated/sklearn.metrics.auc.html

F-score https://scikit-
learn.org/stable/modules/generated/sklearn.metrics.f1 score.html

Accuracy https://scikit-
learn.org/stable/modules/generated/sklearn.metrics.accuracy score.html

Confusion matrix https://scikit-
learn.org/stable/modules/generated/sklearn.metrics.confusion matrix.html

Precision (can specify macro/micro average) https://scikit-
learn.org/stable/modules/generated/sklearn.metrics.precision score.html

Recall (can specify macro/micro average) https://scikit-
learn.org/stable/modules/generated/sklearn.metrics.recall score.html
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Outline

Maximum Entropy classifiers
Defining the model
Defining the objective

Learning: Optimizing the objective
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Defining the Model

S: ML model:

| vector ° take in featurized inp
* output scores/labels
ons (one * contains weights 0
e)
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Maxent Mode
Discriminative

s for Classification:
v or Generatively Trained

Directly model p(y ‘ X) — maxent(X; Y)

the posterior

Discriminatively trained classifier

Model the

posterior with p(Y ‘ X) X maxent(X ‘ Y)p(Y)

Bayes rule

Generatively trained classifier with
maxent-based language model




Review:

Discriminative Model using Document
Classification Example

s: Michael Jordan, coach Phil
Jackson and the star cast,

including Scottie Pippen, took )

the Chicago Bulls to six
ENTA| LED National Basketball
Association championships.

n: The Bulls basketball team is
based in Chicago.
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Review: Extracting Features

ENTAILED
Chicago BuIIs These extractions
Basketball . are all features that
have fired (likely
----------------------- have some
BuIIs basketball significance)
Chicago
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We need to score the
different extracted clues.

extract_and_scoreg s cntailed(E) ENTAILED
................................ N
Chicago Bulls X - — \ /
-~ - ~\‘_ P
Basketball |

Lo » .. extract_and_scorey ipall entailed( =, ENTAILED)
Bulls basketball

extract_and_score picaco entailed(=, ENTAILED)

o
ot
ot
o
.-t
.
.
ot
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Review: Scoring Our Clues

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took the

SCO re(sziizisjr:::;’;:;Es“"”a' J ENTAILED ) =

championships.
h: The Bulls basketball team is
based in Chicago.

. SCOre; Entailed( =) o+
(ignore the ;
feature indexing score, Entailed() +
for now) ;
S‘(:Ore3 , Entailed() +
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Review: Turni

s: Michael Jordan, coach
Phil Jackson and the star
cast, including Scottie
Pippen, took the Chicago
Bulls to six National
Basketball Association
championships.

h: The Bulls basketball
team is based in Chicago.

ng Scores into Probabilities

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen,
took the Chicago Bulls to six
National Basketball
Association championships.
h: The Bulls basketball team
is based in Chicago.

score( ot )

7 ENTAILED

, ENTAILED) > SCOre(

s: Michael Jordan, coach
Phil Jackson and the star
cast, including Scottie

s: Michael Jordan, coach
Phil Jackson and the star
cast, including Scottie
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Pippen, took the Chicago N oT Pippen, took the Chicago
Bulls to six National Bulls to six National

ENTAILED Basketball Association > p ENTAILED Basketball Association
championships.

h: The Bulls basketball
team is based in Chicago.
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championships.
h: The Bulls basketball

team is based in Chicago.

KEY IDEA




- Proportional
M aXG nt M Od e ‘ I n g s: Michael Jordan, coach Phil /,

Jackson and the star cast,

including Scottie Pippen, took /

the Chicago Bulls to six
ENTAILED National Basketball Association m

championships.

n: The Bulls basketball team is
based in Chicago.

This could be any real number

This must be a probability

Convert through
function G?
What is this s: Michael Jordan, coach Phil
i 3 Jackson and the star cast,
func lon: including Scottie Pippen, took the

G(score(:=) avmuen) )

h: The Bulls basketball team is
based in Chicago.
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What function G...

operates on any real number?

is never less than 07?

is monotonic? (if a < b, then G(a) < G(b))
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What function G...

operates on any real number?

is never less than 07?

is monotonic? (if a < b, then G(a) < G(b))

G(x) = exp(x)
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took
the Chicago Bulls to six
ENTA| LED National Basketball Association “
championships.

n: The Bulls basketball team is
based in Chicago.

s: Michael Jordan, coach Phil
Jackson and the star cast, including
Scottie Pippen, took the Chicago

Bulls to six National Basketball
e e Association championships. E
X p S C O r h: The Bulls basketball team is based ’ NTAI LE D

in Chicago.
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Maxent Modeling

s: Michael Jordan, coach Phil

Jackson and the star cast,

including Scottie Pippen, took
the Chicago Bulls to six

ENTA| LED National Basketball Association “

championships.

n: The Bulls basketball team is
based in Chicago.

S(:Orel, Entailed() + ) )

ex p ( SCOI"ez’ Entailed() +

SCOI"e3 , Entailed() +
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took
the Chicago Bulls to six
ENTA| LED National Basketball Association “
championships.

n: The Bulls basketball team is
based in Chicago.

weightl,Enta”ed*appliesl() + ))

eX p ( weight, ¢ wieq+ applies,(B) .

weight3 , Entailed * applies3() +
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took

the Chicago Bulls to six
p ENTA| LED National Basketball Association

championships.
h: The Bulls basketball team is
based in Chicago.

. fG)
weight, ¢ ieq+applies;(5) 4 31 1

ex p ( weight, ¢ ieq«applies,y(2) 4 ) 15

. . N .002
Welght3, Entailed * applles3() + 282

ON R R

K different for K different - S
weights... features
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took

the Chicago Bulls to six
p ENTA| LED National Basketball Association

championships.
h: The Bulls basketball team is
based in Chicago.

weight, ¢ .iq« applies;(B) 4o

eX p ( WeightZ, Entailed*app“esz() +

weights ¢ i.q«applies;(B) or

K different for K different

. multiplied and then summed
weights... features P
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took

the Chicago Bulls to six
p ENTA| LED National Basketball Association

championships.
h: The Bulls basketball team is
based in Chicago.

eX p (Dot_product of Entailed weight_vec feature_vec(2)

K different for K different  multiplied and
weights... features then summed
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took

the Chicago Bulls to six
p ENTA| LED National Basketball Association

championships.
h: The Bulls basketball team is
based in Chicago.

[31 -.5.1.002 .522 ] X

exp( Oentaienf (B)

K different for K different  multiplied and -
weights... features then summed

ONR R R
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Maxent Classifier, schematically

f(x) y
. 0
—f(x)- . entailed
1
1 p(y = entailed|x)x
1 O @ eXp(Hentailedf(x))
2 | O
0
(O
- - -Hentailed
@ 31
O )
.002
. 522
(O B




Knowledge Check: Data Prep

https://colab.research.google.com/drive/19ygOEUXQtHo0zBiSuO6cKOBhoSPzQHg
ug?usp=sharing

CMSC 473/673  About  Schedule  Homework~  Knowledge Checks~

Coding Knowledge Check 1: Handling Types and Tokens

Processing at UMBC
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Maxent Modeling

s: Michael Jordan, coach Phil
Jackson and the star cast,
including Scottie Pippen, took
the Chicago Bulls to six
ENTA| LED National Basketball Association m
championships.

n: The Bulls basketball team is
based in Chicago.

) )
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How do we define Z?
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Normalization for Classification

p(y | X) X eXp(H;f(x)) classify doc x with label y in one go




Normalization for Classification

(long form)

weight, ;. applies,(B) " »
E eX p ( weight, ;. applies,(E) " » )

weight; ;. applies;(5) " »

p(y | X) X eXp(H;f(x)) classify doc x with label y in one go




Multiclass Maxent Classifier, schematically

Why would we want
to normalize the
weights?
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f () y

Qentailed

W

@ p(y = entailed|x)x

< exp (Hentailedf(x))

>
CNES
o

J

9
b
1

D
'0 N

n p(y = contralx)x
exp(Ocontraf (X))

output:
[ = argmax score,
class i

/

%

o
\

A

\

p(y = neutral]|x)o
@ exp(0cuiralf (X))

Qneutral

NN
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Final Equation for Logistic Regression

features f (x) from x that are meaningful;

weights 6 (at least one per feature, often one per feature/label
combination) to say how important each feature is; and

a way to form probabilities from f and 6

exp(Oy f(x))
Zyr exp(8y,f (x))

p(y |x) =




Different Notation, Same Meaning

exp(fy f(x))
Yy exp(0y,f (x))

p(Y =ylx) =

p(Y =y |x) «exp(Oyf(x))

p(Y | x) = softmax(0f (x))




Defining Appropriate Features in a
Maxent Model

Feature functions help extract useful features (characteristics) of the data

They turn data into numbers

Features that are not O are said to have fired

Generally templated

Binary-valued (0 or 1) or real-valued
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Representing a Linguistic “Blob”

Assign each word to some index i,
User- Integer where0 <i <V

Ao representation/on

e-hot encoding Represent each word w with a V-
dimensional binary vector e,
where e, ; = 1 and 0 otherwise

Dense embedding Let E be some embedding size (often
Model- 100, 200, 300, etc.)

produced

Represent each word w with an E-
dimensional real-valued vector e,
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Featurization is Similar but...

Vocab types (V) / embedding dimension (E) = number of features (number of
“clues”)

“Linguistic blob” =2 Instances to represent

Features are extracted on each instance
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Review: Bag-of-words as a Function

Based on some tokenization, turn an input document into an array (or dictionary
or set) of its unique vocab items

Think of getting a BOW rep. as a function f
input: Document

output: Container of size E, indexable by each vocab type v
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Some Bag-of-words Functions
Kind | Typeoff, __|Interpretation

: Did v appear in the . .
Binary 0,1 document? Q: Is this a
. . reasonable
Count-based Natural ber (int >= 0) How often did v occur in .
ount-base atural number (int >= the document? representatlon?
How often did v occur in
Averaged Real number (>=0, <= 1) the document, normalized
by doc length?
TF-IDF (term How frequent is a word, Q: What are some
frequency, tempered .bY how tradeoffs
inverse Real number (>= 0) prevalent it is across the b fi
document corpus (to be covered ( enefits vs.

frequency) later!) costs)?
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