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Which is better?

A: large p B: small p
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Predicting sale price for a new house: Avs B

A: large p B: small p
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Our goal is to predict prices for new houses
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Average Accuracy
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On average over a house
drdawn from this distribution,
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Goal: predict future sale prices
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Thus far, we’ve been using n which is a:

- Linear functions of X

- Degree p polynomials of X

- Linear “generalization” of X in p dimensions
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Optimal Prediction
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Statistical Learning

Pxy(X =z,Y =y) Ideally, we want to find:
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Statistical Learning
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Statistical Learning

Pxy(X =z,Y =y) Ideally, we want to find:
n(r) = Eyx[Y|X = x]
But we only have samples:

(.%'i,yl)ZZdPXY fOI'iZl,...,TL

and are restricted to a
> . .
R function class (e.g., linear)
ED[ ( ZE)] SO we compute
- = g Z(yz fxi))?

Each draw D = {(x;, y;)}i_, results in different f

N

14



D for oa¥ X

Eyjx (0) (& W0 F5]
B E )
\/ 0 (e (oolltonf

1(e) = Byixcl¥|X = f = argmin 1i<y Fla))? Wiy
sl At By [(-F V)
—) 7ﬁ»<‘([2£ (V- JL\)W ]
= Ey [Ev|xEy (7 Tor0r] 2] e
- )~ T, (F)
- ; ) Lﬁl gf { pwf) (g,w@* (-]
= F g [OF40") £ Bty B 500911

Bias-Variance Tradeoff

hood,
D= § %), A P



Bias-Variance Tradeoff

n

n(x) = By x[Y]X = 2] f= arg%@%Z(yi — fl@:))?

— T WoducIlO  enroy
W Y L( -4 )XJ . Z‘ZZFPCWWP of  dortd

6) i X E‘(’I X@ED [ (r- ’?DWU Z/ k4 7 Jeavnly €
" . e d ou
= By Eof (0= Fowr) Aept oD




Bias-Variance Tradeoff
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Bias-Variance Tradeoff
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If we re-drew our data, what the LS training error
estimator look like for generalized linear functions
in small p/large p dimensions?
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Example: Linear LS: compute variance
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Example: Linear LS
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Overfitting
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Bias-Variance Tradeoff

> Choice of hypothesis class introduces learning bias
- More complex class — less bias
- More complex class - more variance

> But in practice??



Bias-Variance Tradeoff

> Choice of hypothesis class introduces learning bias
- More complex class — less bias
- More complex class - more variance
> But in practice??
> Before we saw how increasing the feature space can
increase the complexity of the learned estimator:

F1CFoCF3C...
P9 —argmin = S (g — flw:))?

L B

Complexity grows as k grows



Training set error as a function of model complexity
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Training set error as a function of model complexity
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Training set error as a function of model complexity
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Training set error as a function of model complexity
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TRAIN error is optimistically
biased because it is evaluated on
the data it trained on. TEST error
is unbiased only if T is never used
to train the model or even pick
the complexity k.
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How many points do | use for training/testing?

> Very hard question to answer!
- Too few training points, learned model is bad
- Too few test points, you never know if you reached a good

solution
> More on this later the quarter, but still hard to answer
> Typically:
- If you have a reasonable amount of data 90/10 splits are
common

- If you have little data, then you need to get fancy (e.g.,
bootstrapping)



