
 

Statistical Learning Theory

Machine learning using algorithmic means
to become more successful at a given task
in a fixed random environment on the basis
of past experience

Example illustration coin tossing
biased coin 0 prob of HEADS unknown

goal to be able to make predictions on
outcomes of tosses learn o
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Fix SC Coil confidence parameter

Ipo Bn eco C S can we guaranteethis for large
enough n w o

prior knowledge of 0

Yes Chernoff Hoeffding bound
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Implications prob of bad set of samples decays
exponentially with n number of tosses
the bound is valid of all 0



Given 8 confidence parameter we need
at least

n log 3 sample complexity
of coin tossing

tosses to capture 0 in an interval of width
2E centered on In

Sample Complexity nlees

polynomial in

polylogarithmic in Lg poly in cog's

computational learning theory viewpoint
these are easy problems L Valiant

statistical learning us Classical Statistics

Success in a given task US parameter
estimation

I Ideal case no fearning needed known
underlying distribution

1 Binary classification pattern recognition
X Y X is a feature taking values in

Some set 2C

Y E 30,1 is binary label

XM rP
Observe X predict Y

classifier predictor f 2C 2 fo
Loss risk of f on p Lp f P FIX Y



p f Lpcf minimum loss

claim the optimal classifier is
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where 2cx P Y l X x EpCY X x

Proof fix an arbitrary classifier f
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Optimality min lffix min 51 71 1,11 1
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2 Minimum Mean Square Error MMSE
estimation

X y r P X takes values in IRP
y takes values in IR

Predictor estimator f IRP 112

Loss Lp f c E ft 412

Lp mfa Lplf
claim the optimal predictor is the conditional

mean
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Proof sketch
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cross term o iterated expectation
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Takeaway if P L X y is known
no learning is needed it's just

optimization



earning arises when P is unknown and you
get iid samples from P


