
lECTURE34_

Machine learning-
• What is learning, understanding , attention, experience ?
• how do we make computers that achieve that ? ⇒
• Math

.

models ? Based on hd . probability .

① Unkissed learning - from own experience (infant ) . Seperd - from a teacher.

Examples we have seen before :

=

(a) Unsupervised ML : clustering-
•
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e.g .
n cells
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d genes

⇒ two types of cells

(b) Scd Mls : classification

data (✗nice)
,
. . . ,☒n

,

-c) c-Rᵈ×ki }
' • % €!! e.g. n people , d↑sympÑm cancer/no

"

Training data
"

°

\ • 0

↑ q
want to build an "oracle

"

cancer) no that makes adiagnosis
• I • -1 of a new person : ✗

na

- Yu -4
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supervisedML.ca#rk
• A pair of random variables for vectors) ( X , Y ) c- ✗ ✗ Y

.

↑ ↑ ↑
label it sets

EI . ( X , Y) c- I.Rᵈ ✗ { 0,1 } as above . Objective reality .
↑ [

cancer/no ×
,
Y are correlated, ideally strongly .

symptoms

• The joint distribution of (X , Y) is unknowns . We only see. :

• Training data (✗ i. YD , . . .

,
(✗nin) : ii'd copies of CX , -c)

.

- -

• Gogol : predict Y from ✗ as best as we can
.

⇒ We want to construct an oracle
⇔

h :X → y :
h(x)≈Y

to make predictions for new
,
unseen data : h(Xn+ ,

) = Ynet
↑ ↑
input output

⑧ How do we quantify the
"

goodness of fit
" ⇔ ?

• We fix a lossfun-c.tn A : 9×9 → ER
,

define the risk (a.k.a . testier] )

R(h):= Elfhcx) ,Y ) = E- (h (Xna)
,
Tna)

Examples :

(a) quadratic loss left, s) = -4--55 ⇒ Rlh )=E(had -YI

(b) logistic loss →"÷
(c) hinge less (svm)

-
- -
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⑧ how do we construct an oracle h ?

(a) h too complex : (e) h too simple : G) he is 0k:
overfitting under fitting good fit

OUR STRATEGY :

1. Fix some collection of functions fl, calleda-hypofhesisdae-s.rs
. Select hell that best fits the training data .

Exainps :

(a) fl = {all functions
h :X - y } ⇒ overfitting G)

(b) All linear functions : fl = { hln) = (wir) +6 : we tRᵈ
,
GEIR }

.

⇒ linear regression

(c) fe= { hen)= sign (<wins -16 )
: weird

,
Geir } ⇒ sum (b)

(c) fl = { all polynomials per ) of degree ≤ 2 } .

(c)

(d) fl - {all functions realized by
a given

neural network architecture}

(e) fe= { ha
,

his ⇒ hypothesis testing
No systematic way to choose R .

(Ixion ")
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• The best hell is the one that minimizes the risk

Rlh )=El( hixic) . h*:=agmax R(b)
.

hole

• But Rca ) can't be computed . Estimate it by the

empiricalnsk-ca.k.ae . trainiyerror )

Ruth) :=ntÉe(ʰC✗i ), -Ii ) . hit :=argmax Ruch )
hell

↑
car

be computed from training data (can be NP hard)

EX-CBinalydassif.cat#D, quadratic loss ⇒ Rnlh) = t.E.CM?-y-;;Ia*-=..%ffmisdassitieddata
.

• Generalization R(hi ) - R(h*) ≥o

measures how well the algorithm generalizes

• Examples :

(a) fl = {all functions } , Y=fC✗) .

-1
,
a perfect oracle h*=f , whose risk R(h*)=O .

⇒ a perfect fit to the training data hn*:Xn→Yn , so

training error RuthE) =O . (overfitting )
BUT does NOT generalize wet :

Rch:) is large .
Memorizes.no/-generalizes.-

(b) fl = {all linear functions } , quadratic loss ⇒

win In _É
,
( Lw, Xi> + b- y-twu.to •.•a

weird
,
GEIR YER •

. .

.

' '
'

pre'%n= linear
. regression -

.

.

. • exiili) "

- too >
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Clwyd : bound the generalization error.

How does it depend on the
"

complexity
"

oft ?

lez M(hn* ) - R # ≤ 2. sup / Rach ) - Rca ) /
hell

T.ir
Pⁿ R( ≤ Rach:) + a CHEEK)

≤ Rn (A) + E CHE minimizerof Rn)

ER (A) + ZE (HER) QED
.
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