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Lecture start: Tuesdays 9:35am

Who’s talking? Prof. Tamara
Questions? Ask on Piazza: “
Materials: slides, video will a
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| be avallab

WEECs 6-036: Introduction to Machine
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K) 4”7 folder

e on Canvas

Live Zoom feed: https://mit.zoom.us/|/94238622313

Last Time(s)
|. Linear regression

e data, hypothesis class,
loss, regularizer

II. Gradient descent & SGD

Today’s Plan
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|. Linear logistic
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regression



Recall



Recall

Regression



Recall

Regression
e Datum z:



Recall

Regression
 Datum ¢: feature vector
V) = (xg),.. (7’)) c R



Recall

Regression
 Datum ¢: feature vector
V) = (xg),.. (7’)) c R

e Label yY eR



Recall

Regression
 Datum ¢: feature vector
V) = (xgz), .. (7’)) c R

e Label yY eR

G———
Actual L1

femperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

Percelved
temperature

Actual
femperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

Percelved
temperature

Actual
femperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h: R? — R

Percelved
temperature

Actual
femperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare



Recall

Regression

 Datum «<: feature vector
V) = (xgz), .. (7’)) c R

e Label yY eR
» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

e Datum 2 : feature vector
) = (xy’), . m) c R



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

 Datum ¢ : feature vector

) = (xy’),.. m) c R
o Label y € {—1,+1}



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification
. Datumi feature vector

(xy’), . m) c R

* Label y“) c {—1,41}

+-—>
Temperature 1



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

 Datum ¢ : feature vector

) = (xy’), . m) c R
* Label y“) c {—1,41}

<

Wearing a
coat”

Temperature



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

e Datum 2 : feature vector
) = (xy’), . m) c R
* Label y“) c {—1,41}

<

Wearing a
coat”
S
G




Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

 Datum ¢ : feature vector

) = (xy’), . m) c R
* Label y“) c {—1,41}

<

Wearing a
coat”



Recall

Regression

 Datum ¢: feature vector

V) = (xgz), .. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

 Datum ¢ : feature vector

) = (xy’), . m) c R
* Label y“) c {—1,41}

<

Wearing a
coat”



Recall

Regression

 Datum ¢: feature vector

V) = (xg),.. (7’)) c R
e Label yY eR

» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification

 Datum ¢ : feature vector

) = (xy’), . m) c R
* Label y“) c {—1,41}

<

Wearing a



Recall

Regression

 Datum «<: feature vector
V) = (xgz), .. (7’)) c R

e Label yY eR
» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification
 Datum ¢ : feature vector
) = (xy’), . m) c R

* Label y“) c {—1,41}
 Hypothesis h: R* — {—1,+1}

<

Wearing a



Recall

Regression

 Datum «<: feature vector
V) = (xg),.. (7’)) c R

e Label yY eR
» Hypothesis h:R? — R

Perceived
lemperature

Actual
femperature

Compare

(Two-class) Classification
 Datum ¢ : feature vector
(1) = (xy’), .. m) c R?

* Label y“) c {—1,+1}
e Hypothesis h:R% — {—1,+1}

<

Wearing a



L Inear classifiers

Wind speed (kph

Temperature (C) x4



|inear classifiers v = Wearing & coar”

Wind speed (kph

Temperature (C) x4



|inear classifiers v= Wearing & coar?




|inear classifiers v= Wearing & coar?

e Classification hypothesis:
h:R* — {—1,+1}




| inear classifiers y = Wearing a coat?
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side




L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

@

7
- +++‘§

=

Temperature (C)

S

L]



L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

@

7
- +++‘§

=

Temperature (C)

5 ¢

L]



L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

R

7
- +++‘§

==

Temperature (C)

5 ¢

L]



L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

@

7
- +++‘§

=

Temperature (C)

S

L]



L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

@

7
- +++‘§

==

Temperature (C)

S

L]



L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat?

@

7
- +++‘§

==

Temperature (C)

5 ¢

L]



| inear classifiers y = Wearing a coat?
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side




| inear classifiers y = Wearing a coat?
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side




L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

y = Wearing a coat”

(3)
+ { gx

(2)
=

++ 4
+ +




L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

Math facts!

y = Wearing a coat”

(3)
+ { {.Cl?

(2)
=

++ 4
+ +




: o _ Weari 5

L|ﬂear C‘aSS|f|erS y = Wearing a coat

e (Classification hypothesis: To (3) e
]’LIRCZ% {—17—|—1} + { 5

e Linear classifiers ‘H: Hypotheses "
that label +1 on one side of a
line & -1 on the other side

++ 4
+ +

Math facts!



: o _ Weari 5

L|ﬂear C‘aSS|f|erS y = Wearing a coat

e (Classification hypothesis: To (3) e
]’LIRCZ% {—17—|—1} + { 5

e Linear classifiers ‘H: Hypotheses "
that label +1 on one side of a
line & -1 on the other side

++ 4
+ +

Math facts!
XL



| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!
XL




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!
XL




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!
XL




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!
XL




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!
XL

1xd, dx1



| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




L Inear classifiers

e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
ine & -1 on the other side

Math facts!
XL

y = Wearing a coat”




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers &y ¢
e (Classification hypothesis:
h:R* — {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts! </




|inear classifiers &y ¢
» (Classification hypothesis:
h:RY = {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts! </




|inear classifiers &y ¢
» (Classification hypothesis:
h:RY = {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts! </




|inear classifiers &y ¢
» (Classification hypothesis:
h:RY = {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




| inear classifiers ay ¢
e (Classification hypothesis:
h:RY = {—1,+1}
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
line & -1 on the other side

Math facts!




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts!




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7

e [ inear classifier:




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/

. L inear classifier:
h(z;0,00) = sign(8' x + o)




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/

. L inear classifier:
h(z;0,00) = sign(8' x + o)

( +1 if 0 6y > 0
—1if 0" x 6y < 0

= X

\




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/

. L inear classifier:
h(z;0,00) = sign(8' x + o)

( +1 if 0 6y > 0
—1if 0" x 0y < 0

= X

\




|inear classifiers &y ¢

» Classification hypothesis: o 3

h:R— {—1,+1} + ¢ A

e Linear classifiers ‘H: Hypotheses

that label +1 on one side of a
line & -1 on the other side

Math facts! 7/

. L inear classifier:
h(z;0,00) = sign(8' x + o)

[ 1 if 0" x 6y > 0
—1if0'z+60, <0

\




| inear classifiers &y @
« Classification hypothesis: 75 3

h:R?— {—1,+1} + ¢ A
e Linear classifiers ‘H: Hypotheses
that label +1 on one side of a
iIne & -1 on the other side

Math facts! 7

. L inear classifier:
h(z;0,00) = sign(8' x + o)

[ 1 if 0" x 6y > 0
—1if0'z+60, <0

\\

 Note: 0 tells us direction




How good is a classifier? _

Wind speed

Temperature Iy



How good is a classifier? _

« Should predict well on future data

Wind speed

Temperature Ty



How good is a classifier? _

« Should predict well on future data

\Vind speed
5¢ I
1 |
I
I

| Temperature Ty



How good is a classifier? _

« Should predict well on future data

Wind speed

Temperature Ty



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Wind speed

Temperature Ty



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 else

Wind speed

Temperature Ty



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature 1



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature 1

e But;



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0O-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)
+ T  y=wearing a coat?

Wind speed (kph)

Temperature (C)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0O-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)
+ T  y=wearing a coat?

Wind speed (kph)

Temperature (C)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0O-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)
+ T \y=wearing a coat?

Wind speed (kph)

Temperature (C)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)

-
Q.
=
O
D
®
Q
0p
O
-

5 Temperature (C)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: O-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)
y = wearing a coat?

Wind speed (kph)

Temperature (C)



How good is a classifier? _

« Should predict well on future data
« Example: 0-1 loss

Oif g=a
L(g,a) :{ 1 elsge

Wind speed

* Example: asymmetric loss lemperature X1

e But: 0-1 loss & linear classifiers don’t have a notion of
uncertainty (how well do we know what we know?)

<
I
=
D
D
=

Q
Q
®
@,
QO
=N

Wind speed (kph)
Wind speed (kph

Temperature (C) Temperature (C)



Capturing uncertainty



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)



Capturing uncertainty

1

Probability of
wearing a coat
-
o

@)

—

Temperature (C)



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

——p

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

——p

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

——p

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

——p

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

——p

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

=
-

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

+-
-

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

+ 4+
-—

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

++ +
—eeeee )y

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

+++ H
ﬁ

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

+++ H
ﬁ

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ H
ﬁ

Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ H
G G——

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ H
G G——

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ H
G G——

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ H
G G——

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H 1
-— -—

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H 1
-— -—

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H =
-—) -—)

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H +4++
e g D I

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H +4++
e g D I

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H -+t
C—— C———

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H + H+
ﬁ #

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H ++ H+H
ﬁ #

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

+++ +H +++ H+H
ﬁ #

Temperature (C) Temperature (C)

Label: am |
wearing a coat?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

C\.
_®
50 4+ + b+
o e e —
§'§ Temperature (C) Temperature (C)
C';J —— — — — ——— — —
 How to make this shape?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

C\.
_®
50 4+ + b+
o e e —
§'§ Temperature (C) Temperature (C)
C';J —— — — — ——— — —
 How to make this shape?



Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C) Temperature (C)

C\.
_®
50 4+ + b+
o e e —
§'§ Temperature (C) Temperature (C)
C';J —— — — — ——— — —
 How to make this shape?



Capturing uncertainty

Probability of
wearing a coat
O
o

@)

Temperature (C) Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function




Capturing uncertainty

Probability of
wearing a coat
O
o

@)

Temperature (C) Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Probability of
wearing a coat
-
o

@)

Temperature (C)

Temperature (C)

+++ +H +++ H+H
ﬁ

Temperature (C) Temperature (C)

Label: am |
wearing a coat?

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

e How to make this s
e Sigmoid/logistic
1

o(2)

1

Temperature (C)

+++ H+H

Temperature (C)

o(60z)

nape’

‘unction

T 1+ exp(—2z)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

1

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

g(x) = o(6x + 0)

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty

g(x) = o(6x + 0)
1

1 +exp{—(6x+6y)}

Temperature (C)

+++ +H++

Temperature (C)

 How to make this shape?
e Sigmoid/logistic function

1
7(2) = 1 4+ exp(—2)




Capturing uncertainty



Capturing uncertainty

1 feature:



Capturing uncertainty
1 feature:
g(x) = o(0x + 0p)
B 1
1+ exp{—(0z+0y)}




Capturing uncertainty
1 feature:
g(x) = o(0x + 0p)
B 1
1+ exp{—(0z+0y)}

Temperature (C) X



Capturing uncertainty
1 feature:
g(x) = o(0x + 0p)
B 1
1+ exp{—(0z+0y)}

Temperature (C) X

+++ +H+

Temperature (C)



? features:

Capturing uncertainty
1 feature:
g(x) = o(0x + 0p)
B 1
1+ exp{—(0z+0y)}

Temperature (C) X

+++ +H+

Temperature (C)



? features:

Capturing uncertamty 5Te+ 00

1 feature:
g(z) = o(0x + bo) 1+ exp{—(0Tz+ 0y}
1
1+ exp{—(0z+0y)}

Temperature (C) X

+++ +H+

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + bo) B 1+exp_{—(6’Ta;'+00)}
: (SW
1 +exp{—(0z + 6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + 0p) 1+ exp {—(0"z +0o)}
: (W
1+ exp{—(0z + 0o)} %

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + 0p) 1+ exp {—(0"z +0o)}
: (hummsa/ |
1+ exp{—(0z + 0o)} %

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + bo) B 1+exp_{—(6’Ta;'+00)}
: (W
1 +exp{—(0z + 6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - l+exp{—(0Tz+6p)]}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - l+exp{—(0Tz+6y)}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



Capturing uncertamty

1 feature:
ggzzﬁg = o(0x + 0p) 1
" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)

2 features:

—0'(6) CI?—|—(90) |

1+ exp {—(0"z+0))}




2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - l+exp{—(0Tz+6))}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - 1+exp{—(0Tz+6p)}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - 1+exp{—(0Tz+6)}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty
1 feature: _0(9 7 + bo) |

g(z) = o(0x + 0p) - l+exp{—(0Tz+6p)]}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + bo) B 1+exp_{—(6’Ta;'+00)}
: (W
1 +exp{—(0z + 6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + bo) B 1+exp_{—(6’Ta;'+00)}
: (SW
1 +exp{—(0z + 6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)



2 features:

Capturing uncertamty

1 feature: B 0(9 7 + bo) |
g(x) = o(0x + bo) B 1+exp_{—(6’Ta;'+00)}
: (SW
1 +exp{—(0z + 6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)

Jemperature (C)



2 features:

Capturing uncertainty -
1 feature: glx)=o(0" z +bo) 1

g(x) = o(0x + 6y) 1 +exp{—(0"z+6p)}

" 1+exp{—(0z +6p)}

Temperature (C)

v

+++ H+H

Temperature (C)

Jemperature (C)



2 features:

Capturing uncertainty -
1 feature: 9@ =00 = +6o) 1

g(x) = o(0x + 6y) T 1+ exp{—(0"z+6p)}

" 1+exp{—(0z +6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)




2 features:

Capturing uncertainty -
1 feature: 9@ =00 = +6o) 1

g(x) = o(0x + 6y) T 1+ exp{—(0"z+6p)}

" 1+exp{—(0z +6p)} -

Temperature (C)

v

+++ H+H

Temperature (C)




Linear logistic classification gggiees®\




Linear logistic classification gggiees™\

 What's an appropriate loss for this guess?




Linear logistic classitication

 What's an appropriate loss for this guess?

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classification ¢gioest€)

 What's an appropriate loss for this guess?

Temperature (C)

+4++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Progability(data)

— H Probability(data point 7)
i=1

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Proqlg)ability(data)

— H Probability(data point 7)

1=1

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Progability(data)

— H Probability(data point i)
i=1 [Let g(z) = O'((QTQU(Z) +6o) ]

Temperature (C)

+++ H++

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

1=1 4 A

Temperature (C)



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y() =+ — (@))1{?4( )#+1}4—>

Temperature (C)

Temperature (C)

—_

’L:



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y(> =+t — (@))1{?4( )#+1}4—>

Temperature (C)

Temperature (C)

—_

’L:



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y() =+ — (@))1{?4( )#+1}4—>

Temperature (C)

Temperature (C)

—_

’L:



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y() =+ — (@))1{:1;( >¢+1}4—>

Temperature (C)

Temperature (C)

—_

’L:



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y( V= =+ — 0 ))1{y( )#+1}4—>

Temperature (C)

Temperature (C)

—_

’L:



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)
i=1 [Let ¢V =o(8" 2 + 0o) ]
ﬁ{ gD if y() = 41 0
1 — g(z) else
o=l 4 A
H (%) 1{y() =+ — (@))1{?4( )#+1}4—>

Temperature (C)

Temperature (C)

—_

’L:

log probability(data)



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)
> (1 = +1}og g + 1{y® # +1}10g(1 — g}



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)
> (1 = +1}10g g + 1{y® # +1}10g(1 - g}



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)
D - (1{y(i> = +1}1og " + 1{y"" # +1}log(1 — g



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)
> (1 = +1}og g™ + 1{y® # +1}10g(1 - g}



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =1 (1 — gLy # ) e

Temperature (C)

1=1 — —— — —

Loss(data) = -log probability(data)
> - (1y? = +1}10g @ + 1{y # +1}log(1 — g



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) -log probability(data)
B Z (1{y® = +1}10g g + 1{y® # +1}10g(1 — g}



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H g(z) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =+1 (1 — gLy F e

Temperature (C)

1=1 — —— — —

Loss(data) = -(1/n) * log probability(data)

n

1 | | | |
= =3 — (s = +1}Hogg® + 1{y # +1} log(1 — g}



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H 9(2) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =1 (1 — gLy # ) e

Temperature (C)

1=1 — —— — —

Loss(data) = -(1/n) * log probability(data)

n

1 | | | |
= 3 = (1y = +1}1og gD + 1{y® # +1} log(1 — g



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H 9(2) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =1 (1 — gLy # ) e

Temperature (C)

1=1 — —— — —

Loss(data) -(1/n) * log probability(data)
== Z (1{y? = +1}10g g + 1{yD # +1}log(1 — g©)

Negahve Iog Ikelihood loss (g for guess, a for actual):

9



Linear logistic classitication

 What's an appropriate loss for this guess?
Probability(data)

= H Probability(data point %)

i=1 [Let ¢V =o(8" 2 + 0o) ] -

H 9(2) if y(z) = +1 | Temperature (C)
(1 — g(z) else

o=l 4 A

= T =1 (1 — gLy # ) e

Temperature (C)

1=1 — —— — —

Loss(data) -(1/n) * log probability(data)
== Z (1{y? = +1}10g g + 1{yD # +1}log(1 — g©)

Negahve Iog Ikelihood loss (g for guess, a for actual):
o —Lmn(g,a) = ({a=+1}logg+ 1{a # +1}log(l —g))



Gradient descent for logistic regression

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data

Je(©) = Jie(0,00) = 2377 Lan(a (0T 2@ + 6g), D)

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Je(©) = Jie(0,00) = 2377 Lan(a (0T 2@ + 6g), D)

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Je(©) = Jie(0,00) = 2377 Lan(a (0T 2@ + 6g), D)

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

g
T
O
O
©
S
O

=

+++ H+H

*
15  Temperature (C)

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

15  Temperature (C)

10



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

10 15  Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ H+H

*
15  Temperature (C)

Wear a coat?

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—rm(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

T +++ HH S F++ + +

©) ) =

S Gy G 2

S 15  Temperature (C) = S 23  Temperature (C)
n

=

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

T +++ HH S F++ + +

©) ) =

S Gy G 2

S 15  Temperature (C) = S 23  Temperature (C)
n

=

Temperature (C)



Gradient descent for logistic regression

* Want to minimize average (negative log likelihood) loss
across the data (objective is differentiable and convex)

Jlr(@) — Jlr(ea (90) — % Z?:l Lnll(g(e—raj(i) T 90)7 y(Z))
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

T +++ HH S F++ + +

©) ) =

S Gy G 2

S 15  Temperature (C) = S 23  Temperature (C)
n

=

Temperature (C) 23 Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ +

*
0 Temperature (C)

Bike to work?



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ +

*
0 Temperature (C)

Bike to work?



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

C\.

< +4 4+ +

O

=

-9 *
I 0 Temperature (C)
£ = = ==

0.5
0

Temperature (C)



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ +

*
0 Temperature (C)

20 1

Bike to work?

Jir (6, 69
(6o = 0)

-10 -5 N S 10

Temperature (C) 0



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ +

*
0 Temperature (C)

20 1

Bike to work?

Jir (6, 69
(6o = 0)

-10 -5 N S 10

Temperature (C) 0



11

Gradient descent for logistic regression

e Can still have practical issues though!
* Run Gradient-Descent ( O;uit, n, Jir, Vo Jir, €)

+++ +

*
0 Temperature (C)

20 1

Bike to work?

Jir (6, 69
(6o = 0)

-10 -5 N S 10

Temperature (C) 6




L ogistic regression loss revisited
Ji:(O) = Jlr(e 0o)

— ZLnll (072D + 6y), y@)

12



L ogistic regression loss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

12



L ogistic regression loss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

. A“regulanzer or “penalty” R(6) = \||6]|?

12



L ogistic regression loss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

. A“regulanzer or “penalty” R(9) = \||0]]°
* Penalizes being overly certain

12



|_ogistic regression |oss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

¢ A “regulanzer or “penalty” R(6) = \||0]]°
* Penalizes being overly certain
* Objective is still differentiable & convex (gradient descent)

12



|_ogistic regression |oss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

¢ A “regulanzer or “penalty” R(6) = \||0]]°
* Penalizes being overly certain
* Objective is still differentiable & convex (gradient descent)

12



|_ogistic regression |oss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

¢ A “regulanzer or “penalty” R(6) = \||0]]°
* Penalizes being overly certain
* Objective is still differentiable & convex (gradient descent)

° IA=0.01

-10

12



|_ogistic regression |oss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnn (072 +60), y" )+ A0IP (A > 0)

¢ A “regulanzer or “penalty” R(6) = \||0]]°
* Penalizes being overly certain
* Objective is still differentiable & convex (gradient descent)

° 1A =0.01

-10

12



|_ogistic regression |oss revisited
Ji:(O) = Jlr(e 0o)

= _ZLnu (072 +60), y" )+ A0IP (A > 0)

¢ A “regulanzer or “penalty” R(6) = \||0]]°
* Penalizes being overly certain
* Objective is still differentiable & convex (gradient descent)

\ "/
A= IA=001 \ A=0.1
il | \ 40 4+
| snl 304
204
51 10 + /
104 S
e w s N 5 N
10 5 T 5 10

 How to choose hyperparameter? One option: consider
12 a handful of possible values and compare via CV



