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In practice, one often cannot access the whole distribution D, but only a finite

sample of it, {(z1,91),...,(xn,yn)}, often called the training set.
Definition

Empirical minimization consists in replacing the general supervized learning problem

by a minimization ove the training set. Formally, we solve

Remarks :

The hypothesis class is typically defined as a parameterized family of functions :
H = {:13 — f(w,x),w € Rd}

The above problem can thus be replace by an optimization problem in R :

Hence, we can use the gradient descent, with respect to the hyperparameter w,

Wiyl = Wy — oza—w [n Z[, (yi, fw xz))} (wy)

to learn the optimal parameter w*, and thus the optimal predictor x — f(w™,x).
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s Fixcess Risk Decomposition

Proposition : Excess Risk Decompositon
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Proposition : Excess Risk Decompositon

For any f € H, we have

r(f) = r(f*) < R(f) = R(f*) + sup {R(f) = r(f)} + sup {r(f) — R(f)}
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~ 1
where f* = argmin R(f) = argmin — E O(f(xi), ).
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Remarks :
R(f) — R(f*) may be reduced through optimization methods like

osradient descent.

In this chapter, we will focus on the next terms,

sup {R(f) —7(f)}, and sup {r(f) — R(f)}.
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Our goal is to derive maximal inequalities, i.e. inequalities

of the form

E

sup r(f) — R(f)

feH

where ¢, and «a are to determine.



Excess risk decompositon and maximal inequalities

s Excess Risk Decomposition s The case H finite.

Proposition : Excess Risk Decompositon Let us first consider the case H finite.

For any f € H, we have

r(f) = r(f*) < R(f) = R(f*) + sup {R(f) = r(f)} + sup {r(f) — R(f)}

JEH feH

N
~ 1
where f* = argmin R(f) = argmin — E O(f(xi), ).
fEH fen N

Remarks :

R(f) — R(f*) may be reduced through optimization methods like

osradient descent.

In this chapter, we will focus on the next terms,

sup {R(f) —7(f)}, and sup {r(f) — R(f)}.

JeH feH

Our goal is to derive maximal inequalities, i.e. inequalities

of the form

E

sup r(f) — R(f)

feH

where ¢, and «a are to determine.



Excess risk decompositon and maximal inequalities

s Excess Risk Decomposition s The case H finite.

Proposition : Excess Risk Decompositon Let us first consider the case H finite.

As a consequence of the law of large number, we know that

For any f € H, we have
R(f) — r(f) almost surely, for all f € H.
n—oo

r(f) = r(f*) < R(f) = R(f*) + sup {R(f) = r(f)} + sup {r(f) — R(f)}

JEH feH

N
~ 1
where f* = argmin R(f) = argmin — E O(f(xi), ).
fEH fen N

Remarks :

R(f) — R(f*) may be reduced through optimization methods like

osradient descent.

In this chapter, we will focus on the next terms,

sup {R(f) —7(f)}, and sup {r(f) — R(f)}.

JeH feH

Our goal is to derive maximal inequalities, i.e. inequalities

of the form

E

sup r(f) — R(f)

feH

where ¢, and «a are to determine.



Excess risk decompositon and maximal inequalities

s Excess Risk Decomposition s The case H finite.

Proposition : Excess Risk Decompositon Let us first consider the case H finite.

As a consequence of the law of large number, we know that

For any f € H, we have
R(f) — r(f) almost surely, for all f € H.
n—oo

r(f) = r(f*) < R(f) = R(f*) + sup {R(f) = r(f)} + sup {r(f) — R(f)}

feH fer Here we seek to establish a non-asymptotic bound
N
where f* = argmin R(f) = argmin 1 Zﬁ( f(xi),y:)- that holds uniformly over H.
feH fen N

Remarks :

R(f) — R(f*) may be reduced through optimization methods like

osradient descent.

In this chapter, we will focus on the next terms,

sup {R(f) —7(f)}, and sup {r(f) — R(f)}.

JeH feH

Our goal is to derive maximal inequalities, i.e. inequalities

of the form

E

sup r(f) — R(f)

feH

where ¢, and «a are to determine.



Excess risk decompositon and maximal inequalities

s Excess Risk Decomposition s The case H finite.

Proposition : Excess Risk Decompositon Let us first consider the case H finite.

As a consequence of the law of large number, we know that

For any f € H, we have
R(f) — r(f) almost surely, for all f € H.
n—oo

r(f) = r(f*) < R(f) = R(f*) + sup {R(f) = r(f)} + sup {r(f) — R(f)}

feH fer Here we seek to establish a non-asymptotic bound
N
where f* = argmin R(f) = argmin 1 Zﬁ( f(xi),y:)- that holds uniformly over H.
feH fen N

Proposition : Hoeffding’s inequality

Remarks :
R(f) — R(f*) may be reduced through Optimization methods like Let X be a real-valued raudan sariable sech that a < X — E[X] < b.
osradient descent. Then for any A € R, we have
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