
Review of Leture 10
• Multilayer pereptrons
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Logial ombinations of pereptrons
• Neural networks
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Outline
• What is over�tting?
• The role of noise
• Deterministi noise
• Dealing with over�tting
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Illustration of over�tting
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Simple target funtion
5 data points- noisy
4th-order polynomial �t

Ein = 0, Eout is huge
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Over�tting versus bad generalization
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Neural network �tting noisy data
Over�tting: Ein ↓ Eout ↑

© AM
L Creator: Yaser Abu-Mostafa - LFD Leture 11 4/23



The ulprit
Over�tting: ��tting the data more than is warranted�
Culprit: �tting the noise - harmful

© AM
L Creator: Yaser Abu-Mostafa - LFD Leture 11 5/23



Case study
10th-order target + noise 50th-order target
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Two �ts for eah target
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An irony of two learners
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Two learners O and R
They know the target is 10th order
O hooses H10 R hooses H2
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We have seen this ase
Remember learning urves?
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Even without noise
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-1-0.500.51-50005001000 Learning a 50th-order target

The two learners H10 and H2

They know there is no noise
Is there really no noise?
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A detailed experiment
Impat of noise level and target omplexity

y = f(x) + ǫ(x)
︸︷︷︸

σ2

=

Qf∑

q=0

αq xq

︸ ︷︷ ︸normalized
+ ǫ(x)

noise level: σ2

target omplexity: Qf

data set size: N
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The over�t measure
We �t the data set (x1, y1), · · · , (xN , yN) using our two models:

H2: 2nd-order polynomials H10: 10th-order polynomials
Compare out-of-sample errors of

g2 ∈ H2 and g10 ∈ H10

over�t measure: Eout(g10) − Eout(g2)
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The results
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Impat of �noise�
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Stohasti noise Deterministi noise
number of data points ↑ Over�tting ↓stohasti noise ↑ Over�tting ↑deterministi noise ↑ Over�tting ↑
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Outline
• What is over�tting?
• The role of noise
• Deterministi noise
• Dealing with over�tting
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De�nition of deterministi noise
The part of f that H annot apture: f(x) − h∗(x)
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Why �noise�?
Main di�erenes with stohasti noise:

1. depends on H

2. �xed for a given x
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Impat on over�tting
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Finite N : H tries to �t the noise

how muh over�t
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Noise and bias-variane
Reall the deomposition:

ED

[(
g(D)(x) − f(x)

)2
]

= ED

[(
g(D)(x) − ḡ(x)

)2
]

︸ ︷︷ ︸var(x)

+
[(

ḡ(x) − f(x)
)2

]

︸ ︷︷ ︸bias(x)

What if f is a noisy target?
y = f(x) + ǫ(x) E

[
ǫ(x)

]
= 0
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A noise term
ED,ǫ

[(
g(D)(x) − y

)2
]

= ED,ǫ

[(
g(D)(x) − f(x) − ǫ(x)

)2
]

= ED,ǫ

[(
g(D)(x) − ḡ(x) + ḡ(x) − f(x) − ǫ(x)

)2
]

= ED,ǫ

[(
g(D)(x) − ḡ(x)

)2
+

(
ḡ(x) − f(x)

)2
+

(
ǫ(x)

)2

+ ross terms ]
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Atually, two noise terms
ED,x

[(
g(D)(x) − ḡ(x)

)2
]

︸ ︷︷ ︸var + Ex

[(
ḡ(x) − f(x)

)2
]

︸ ︷︷ ︸bias +Eǫ,x

[(
ǫ(x)

)2
]

︸ ︷︷ ︸

σ2

↑ ↑deterministi noise stohasti noise
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Outline
• What is over�tting?
• The role of noise
• Deterministi noise
• Dealing with over�tting
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Two ures
Regularization: Putting the brakes
Validation: Cheking the bottom line
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Putting the brakes
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