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EXPECTED ERROR MINIMIZATION /

» THE SOLUTION To@z argming Ex y(Y — ?(X))2
* ISy*(x) = E[Y]|X = x]

* [N PRACTICE, WE DON'T KNOW P(X,Y)
* CANNOT CALCULATE y*(x)

» INSTEAD, WE HAVE Z = {(x",yi)}?=1

* WE HAVE USED Z TO FIND PREDICTOR Yz

Py 2
* WHAT CAN WE SAY ABOUT E, (¥ — ¥2(x)) 2



ERROR DECOMPOSITION
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BIAS-VARIANCE DECOMPOSITION

i 2
* DOES E, (¥ — ¥z(x))" CAPTURE THE QUALITY OF OUR
“ESTIMATION METHOD''?¢

* DEPENDS ON Z....
« HOW GOOD IS AN ESTIMATOR “ON AVERAGE"?

i 2
EZEx,y(y —}’Z(X)) =1
E.G., FOR LINEAR ESTIMATOR:
2
EzE,,(y —Wix) =?



BIAS-VARIANCE DECOMPOSITION

EZEx,y(y _ ﬁ(x))z

= E,y,(y — y* (x))? (NOISE)
+E,(y*(x) — Ez(¥2(x)))*  (BIAS)
+ExEZ(3’f}_4(=rx) — E_ngZ(ED)Z (VARIANCE)




EXAMPLE: HIGH VARIANCE g, o)
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EXAMPLE: HIGH BIAS ; oo V401 @nce
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