LOSS

The loss function L(y, f(x)) quantifies the "quality" of the prediction
f(x) of a single observation x:

L:Y xR R.
Imregressian; we coulduse the absolute:loss: L (. f(%))) = |f(x) — yl;

or the L2-loss L(y, f(x)) = (y — f(x))*:
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RISK OF A MODEL /2

Problem: Minimizing R(f) over f is not feasible:

@ ",y is unknown (otherwise we could use it to construct optimal
predictions).

@ We could estimate [*,, in non-parametric fashion from the data D,
e.g., by kernel density estimation, but this really does not scale to
higher dimensions (see “curse of dimensionality").

@ We can efficiently estimate I*,,, if we place rigorous assumptions
on its distributional form, and methods like discriminant analysis
work exactly this way.

But as we have ni.i.d. data points from [P, available we can simply
approximate the expected risk by computing it on D.
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m EMPIRICAL RISK /2

@ The risk can also be defined as an average loss

Remlf) = 33 (40.1(x)).

i=1

The:factaor ‘; does:not make: a differenceinoptimization; sowe will
consider Remp(f) most of the time.

@ Since fis usually defined by parameters @, this becomes:

R:RY 5 R

n

Remp(0) = ZL(y(‘).I(x(‘) 0))

=1
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EMPIRICAL RISK MINIMIZATION
But usually  is infinitely large. O 0O X

Instead we can consider the risk surface w.r.t. the parameters 6. X O
(By this | simply mean the visualization of Remp (€))

Remp(0) : RY = R.

Micdel || Biescors. || uiope. || Rerral( )

|| 2 | & [ 1e«sz
| 3 | 2 | reme
no | & | - 95.81
i | 1 | 15 || s7es
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m EMPIRICAL RISK MINIMIZATION /2

Minimizing this surface is called empirical risk minimization (ERM).

~

f = argmin R gmp(0).
0O

] Usually we dothis: by numerical optimization:

R:R?— R.

Mcdel || Brercope: || Fuispe. ||| Rerra(@)
fi 2 3 1194.62
s 3 2 | remz
fy 6 -1 95.81
fi 1 15 5796
% || 125 | oso || 2340

In a certain sense, we have now reduced the problem of learning to
numerical parameter optimization.

]
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