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|. LEARNING FROM DATA |2
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2. Dataset (%X1,¥1), (X5, V2) ---
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(set of candidate formulas)

3. Purpose:

1. gx) ~ ()




[. IS LEARNING FEASIBLE [2]
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[. IS LEARNING FEASIBLE [2]
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2. ERROR [2]

Regression line

Learning Purpose: g(x) ~ {(x)

But what the “g ~ f” mean ? E(g,f)

Squared error: e (h(x), f(X)) =(h(X) - f(X))2

Binary error: e (M(x), f(x)) =[h(x) # f(x)]
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2. ERROR [2]
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2. NOISE [2]
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UNKNOWN TARGET DISTRIBUTION
Py 1 X)
target function f X -9 plus noise
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y = ¥ + noise = f(x) + noise = E (y|x) + noise

Regression line

| ¥—emor term (e)




2. NOISE
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f: X=y
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2. PRERM

BLE OF THE THEORY [2]

E,.(9) = Ein(9) (1)

(1)Hoeffding’s inequality
(2)Optimize error
2> g~f

* f(x) —y = (stochastic) noise

* y—g(x) = error

* f(x) — g(x) = (deterministic) noise




. RPPRO IMATION-GENERALIZATION [2]

Ein(g) ~ (

Eout(g) ~ Ein(g)

)
Model Complexity
~H
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J. APPROXIMATION-GENERALIZATION [2]

out-of-sample error Approximation — generalization trade-off

More complex H = better chance of approximation f

model complexity Less complex H = better chance of generalizing out of sample

With probability > 1- &
in-sample error Eout(g) . Em(g) < .Q(}[,N, 5)

|
I
I
dyg VC dimension, dyo H ~ model complexity

N: sample size

1 — é: confidence requirement

©




J. APPROXIMATION-GENERALIZATION [2]

TRAINING EXAMPLES
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FINAL
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Q(N,H,d)
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VC Dimension (1960 — 1990)

"fundamental theory of learning"
Vladimir Vapnik - Alexey Chervonenkis
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Generalization bound
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4. BIAS — VARIANCE TRADECET

y = f(x) = sin(mx).

Ho: h(X) =b vs Hi:h(x) =ax+Db

0 Which is better?

Approximation & generalization




4. BIAS — VARIANCE TRADECET
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4. BIAS — VARIANCE TRADECET

“Approximation” - bias
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4. BIAS — VARIANCE TRADECET

’Generalization’ - Variance




4. BIAS — VARIANCE TRADEOIT [2][4]

Bias — Variance — who win ?




4. BIAS — VRRIHNCE DECOMPOSITION [2]

- Eoun(9®) = E:| (9260 - £) |

N = E, [(g(D)(x) — g+ g - f(x))zl
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g®®
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J. BIAS - VARIANCE DECOMPOSITION [2]

Foue(9®) = B[ (90— 3 ) |+ By [(509 - r@)’
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Bias Variance

Bias — variance decomposition E __, to: _
P out Imagine many data sets Dy, Dy, - -+, Dg

 How well H can approximate { | K
a ~ (Dk)
g(x) ~ KI;Q k(x)

@

* How well we can zoom in on a good h of H



4. BIAS — VARIANCE TRADECET

WHO WON ... ? Congratulation H,
Ho Hy
o — ~y g(a:
g(x)
sin(7x) sin(7x)
X T
bias = 0.50 var = 0.25 bias = 0.21 var = 1.69



5. THE LEARNING CURVE
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BUT NOISE ....
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BIAS-VAR

Eulll

generalization error

Expected Error

Ein

in-sample error

Number of Data Points, N

VC analysis
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