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Probabilistic
Foundations

ofEconom
etrics

see
Haavelm

o
(1944)

see
Duo

(1997)
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Probabilistic
Foundations

ofEconom
etrics

T
here

is
a

probabilistic
space

(�
,F

,P)
such

that
data

{
y

i

,x
i }

can
be

seen
as

realizations
ofrandom

variables
{
Y

i

,X
i }.

C
onsider

a
conditionaldistribution

for
Y

|X
,e.g.

(
Y

|X
=

x)
L≥

N
(
µ(x)

,
‡

2)
w

here
µ(x)=

—

0 +
x

T

—
,

and
—

œ
R

p

.

for
the

linear
m

odel,w
ith

som
e

extension
w

hen
it

is
in

the
exponentialfam

ily
(G

LM
).

T
hen

use
m

axim
um

likelihood
for

inference,to
derive

confidence
interval

(quantification
ofuncertainty),etc.

Im
portance

ofunbiased
estim

ators
(C

ram
er

R
ao

lower
bound

for
the

variance).
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Loss
Functions

G
neiting

in
a

statisticalcontext:
a

statistics
T

is
said

to
be

ellicitable
ifthere

is
¸:R

◊
R

æ
R

+
such

that

T
(
Y

)=
argm

in
xœR

;
⁄

R
l(

x
,
y)

d
F

(
y) <

=
argm

in
xœR

ÓE #
l(

x
,
Y

) $
w

here
Y

L≥
F

Ô

(e.g.
T

(x)=
x

and
¸=

¸2 ,or
T

(x)=
m

edian(
x)

and
¸=

¸1 ).

In
m

achine-learning,we
want

to
solve

m

ı(x)=
argm

in
m

œ
M

I
n

ÿ

i=
1

¸(
y

i

,
m

(x)) J

using
optim

ization
techniques,in

a
not-too-com

plex
space

M
.
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O
verfit

?

U
nderfit:

true
y

i =
—

0 +
x

T1
—

1 +
x

T2
—

2 +
Á

i vs.
fitted

m
odel

y

i =
b0 +

x
T1
b

1 +
÷

i .

‚b
1

=
(X

T1
X

1 ) ≠
1X

T1
y

=
—

1 +
(X

Õ1 X
1 ) ≠

1X
T1
X

2 —
2

¸
˚˙

˝
—

12

+
(X

T1
X

1 ) ≠
1X

T1
Á

¸
˚˙

˝
‹

i

i.e.
E[ ‚b

1 ]=
—

1 +
—

12
”=

—
1 ,unless

X
1

‹
X

2
(see

Frish-W
augh

T
heorem

).

O
verfit:

true
y

i =
—

0 +
x

T1
—

1 +
Á

i vs.
fitted

m
odel

y

i =
b0 +

x
T1
b

1 +
x

T2
b

2 +
÷

i .

In
that

case
E[ ‚b

1 ]=
—

1
but

no-longer
e�

cient.
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O
ccam

’s
Razor

and
Parsim

ony

Im
portance

ofpenalty
in

order
to

avoid
a

too
com

plex
m

odel(overfit).

C
onsider

som
e

linear
predictor, ‚y

=
H

y
w

here
H

=
X

(X
T

X
) ≠

1X
T

y,or
m

ore
generally

‚y
=

S
y

for
som

e
sm

oothing
m

atrix
S

.

In
econom

etrics,consider
som

e
ex-post

penalty
for

m
odelselection,

A
I
C

=
≠

2logL
+

2
p

=
deviance+

2
p

w
here

p
is

the
dim

ension
(i.e.

trace(S
)

in
a

m
ore

generalsetting).

In
m

achine-learning,penalty
is

added
in

the
objective

function,see
R

idge
or

LA
SSO

regression

( ‚—0
,
⁄

,—
⁄ )=

argm
in

(
—

0
, ‚—

)

I
n

ÿ

i=
1

¸(
y

i

,
—

0 +
x

i T
—)+

⁄Î
—

Î J

G
oodhart’s

law
,“w

hen
a

m
easure

becom
es

a
target,it

ceases
to

be
a

good
m

easure”@
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B
oosting,or

learning
from

previous
errors

C
onstruct

a
sequence

ofm
odels

m

(
k)(x)=

m

(
k≠

1)(x)+
–

·
f

ı(x)

w
heref

ı

=
argm

in
fœ

W

I
n

ÿ

i=
1

¸(
y

i ≠
m

(
k≠

1)(x
i )

,
f(x

i )) J

for
som

e
set

ofweak
learner

W
.

Problem
:

w
here

to
stop

to
avoid

overfit...
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