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Bias-variance tradeoff for least squares

̂w MLE = w* + (XTX)−1XTϵ
η(x) = xTw*
̂f#(x) = xTw* + xT(XTX)−1XTϵ

• Variance: $#[ ( ̂f#(x) − $#[ ̂f#(x)] )2 ]=

If  and Yi = XT
i w* + ϵi ϵi ∼ &(0,σ2)

$#[xT(XTX)−1XTϵϵTX(XTX)−1x]
= σ2 $#[xT(XTX)−1XTX(XTX)−1x]
= σ2 xT$#[(XTX)−1]x

• To analyze this, let’s assume that  and number of samples, , is large 

enough such that  with high probability and , then 

• Variance is , and decreases with increasing sample size 

Xi ∼ &(0,I) n
XTX = nI $[(XTX)−1] ≃ 1

n
I

σ2xT x
n

n



Bias-Variance Properties of Ridge regression

■ Recall:  

■ To analyze bias-variance tradeoff, we need to assume probabilistic 
generative model:  

■ The true error at a sample with feature  is  
 

       
       

ŵridge = (XTX + λI)−1XTy

xi ∼ PX, y = Xw + ϵ, ϵ ∼ &(0,σ2I)
x

$y,#train|x[(y − xTŵridge)2 |x]
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Bias-Variance Properties

■ Recall:  
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Suppose , then  

                                                           

XTX = nI ŵridge = (XTX + λI)−1XT(Xw + ϵ)

= n
n + λ

w + 1
n + λ

XTϵ
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■ Recall:  

■ To analyze bias-variance tradeoff, we need to assume probabilistic 
generative model:  
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x

$y,#train|x[(y − xTŵridge)2 |x]
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(n + λ)2 (wT x)2 + σ2n
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Bias-squared VarianceIrreduc. Error

Suppose , then  

 

XTX = nI
ŵridge = n

n + λ
w + 1

n + λ
XTϵ

(verify at home)



Bias-Variance Properties

■ Ridge regressor:  
■ True error 

$y,#train|x[(y − xTŵridge)2 |x] = σ2 + λ2

(n + λ)2 (wT x)2 + σ2n
(n + λ)2 ∥x∥2

2

Bias-squared Variance

d=10, n=20, ,σ2 = 3.0 ∥w∥2
2 = 10

λ

bwridge = argmin
w

nX

i=1

�
yi � xT

i w
�2

+ �||w||22

as λ 0, 
ŵridge → ŵLS

as λ ∞ 
ŵridge → 0

Bias-Variance Properties of Ridge regression



What you need to know…

> Regularization
– Penalizes complex models towards preferred, 

simpler models
> Ridge regression

– L2 penalized least-squares regression
– Regularization parameter trades off model 

complexity with training error
– Never regularize the offset!



Example: piecewise linear fit
• we fit a linear model: 



• with a specific choice of features using piecewise linear functions

f(x) = b + w1h1(x) + w2h2(x) + w3h3(x) + w4h4(x) + w5h5(x)

x

y
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• we fit a linear model: 



• with a specific choice of features using piecewise linear functions 

 

f(x) = b + w1h1(x) + w2h2(x) + w3h3(x) + w4h4(x) + w5h5(x)

h(x) =

h1(x)
h2(x)
h3(x)
h4(x)
h5(x)

=

x
[x + 0.75]+

[x + 0.2]+

[x − 0.4]+

[x − 0.8]+

[a]+ ≜ max{a,0}

-0.75 -0.2 0 0.4 0.8

h1(x)

x

x-0.75 -0.2 0 0.4 0.8

h2(x)

x-0.75 -0.2 0 0.4 0.8

h3(x)
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• with a specific choice of features using piecewise linear functions 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h1(x)
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[a]+ ≜ max{a,0}

y = b + h(x)Tw

x

the weights capture the change in the slopes

slope:    w1

 w1 + w2

 w1 + w2 + w3

 w1 + w2 + w3 + w4

 w1 + w2 + w3 + w4 + w5

-0.75 -0.2 0.4 0.8
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Example: piecewise linear fit (ridge regression)

� = 0.005
<latexit sha1_base64="tNS298VahgESe8U91hnv2y40kNk=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M9gKrkpSEd0IRTcuK9gHtKFMJpN26GQSZiZCLf0SNy4UceunuPNvnLRZaOuBgcM553LvHD/hTGnH+bYKa+sbm1vF7dLO7t5+2T44bKs4lYS2SMxj2fWxopwJ2tJMc9pNJMWRz2nHH99mfueRSsVi8aAnCfUiPBQsZARrIw3scrXPTTrA107NcS6qA7uSkQxolbg5qUCO5sD+6gcxSSMqNOFYqZ7rJNqbYqkZ4XRW6qeKJpiM8ZD2DBU4osqbzg+foVOjBCiMpXlCo7n6e2KKI6UmkW+SEdYjtexl4n9eL9XhlTdlIkk1FWSxKEw50jHKWkABk5RoPjEEE8nMrYiMsMREm65KpgR3+curpF2vuee1+n290rjJ6yjCMZzAGbhwCQ24gya0gEAKz/AKb9aT9WK9Wx+LaMHKZ47gD6zPHzBakXg=</latexit>

� = 0.000001
<latexit sha1_base64="tDVNuxalqRp5b7zdN82zvk+hpxI=">AAAB+3icbVBNS8NAFHypX7V+xXr0stgKnkpSD3oRil48VrC10Iay2WzapZtN2N2IJfSvePGgiFf/iDf/jZs2B20dWBhm5vHejp9wprTjfFultfWNza3ydmVnd2//wD6sdlWcSkI7JOax7PlYUc4E7WimOe0lkuLI5/TBn9zk/sMjlYrF4l5PE+pFeCRYyAjWRhra1fqAm3SAr5yGk8OtD+1awR20StyC1KBAe2h/DYKYpBEVmnCsVN91Eu1lWGpGOJ1VBqmiCSYTPKJ9QwWOqPKy+e0zdGqUAIWxNE9oNFd/T2Q4Umoa+SYZYT1Wy14u/uf1Ux1eehkTSaqpIItFYcqRjlFeBAqYpETzqSGYSGZuRWSMJSba1FUxJbjLX14l3WbDPW8075q11nVRRxmO4QTOwIULaMEttKEDBJ7gGV7hzZpZL9a79bGIlqxi5gj+wPr8AYE8kiI=</latexit>

� = 1
<latexit sha1_base64="bi4HpZcSj7aJHPC01f+B69ptUoM=">AAAB8nicbVBNSwMxFMzWr1q/qh69BFvBU9mtB70IRS8eK9ha2C4lm822odlkSd4KZenP8OJBEa/+Gm/+G9N2D9o6EBhm5pH3JkwFN+C6305pbX1jc6u8XdnZ3ds/qB4edY3KNGUdqoTSvZAYJrhkHeAgWC/VjCShYI/h+HbmPz4xbbiSDzBJWZCQoeQxpwSs5Nf7wmYjcu3VB9Wa23DnwKvEK0gNFWgPql/9SNEsYRKoIMb4nptCkBMNnAo2rfQzw1JCx2TIfEslSZgJ8vnKU3xmlQjHStsnAc/V3xM5SYyZJKFNJgRGZtmbif95fgbxVZBzmWbAJF18FGcCg8Kz+3HENaMgJpYQqrndFdMR0YSCbaliS/CWT14l3WbDu2g075u11k1RRxmdoFN0jjx0iVroDrVRB1Gk0DN6RW8OOC/Ou/OxiJacYuYY/YHz+QPvcJBd</latexit>

We do not observe overfitting, as d=5 and n=100



Piecewise linear with  and n=11 samplesw ∈ ℝ10

Test MSE

Train MSE

log10(λ) log10(λ)

’swi



Model selection 
using Cross-validation



How… How… How???????

> Ridge regression:  
How do we pick the regularization constant λ…

> Polynomial features:  
How do we pick the number of basis functions…

> We could use the test data, but… 

Test MSE

Train MSE

log10(λ)



How… How… How???????

> Ridge regression:  
How do we pick the regularization constant λ…

> Polynomial features:  
How do we pick the number of basis functions…

> We could use the test data, but… 
■ Never ever ever ever ever ever ever ever ever ever ever 

ever ever ever ever ever ever ever ever ever ever ever 
ever ever ever ever ever train on the test data  

■ Use test data only for reporting the test error  
(once in the end)



> Consider a validation set with 1 example:
–      : training data

–  : training data with -th data point  moved to validation set

> Learn model  with  dataset

> The squared error on predicting :              
 
is an unbiased estimate of the true error  
                

but, variance of  is too large  
 

#
#∖ j j (xj, yj)

f#∖ j #∖ j
yj (yj − f#∖ j(xj))2

errortrue( f#∖ j) = $(x,y)∼Px,y
[(y − f#∖ j(x))2]

(yj − f#∖ j(xj))2

(LOO) Leave-one-out cross validation

X F
n

de

Herrodof model WisS not trained

Xj



(LOO) Leave-one-out cross validation
> Consider a validation set with 1 example:

–      : training data

–  : training data with -th data point  moved to validation set

> Learn model  with  dataset

> The squared error on predicting :              
is an unbiased estimate of the true error  
                

but variance of  is too large, so instead  

> LOO cross validation: Average over all data points j: 

– Train  times:    
for each data point you leave out, learn a new classifier  

– Estimate the true error as: 

#
#∖ j j (xj, yj)

f#∖ j #∖ j
yj (yj − f#∖ j(xj))2

errortrue( f#∖ j) = $(x,y)∼Px,y
[(y − f#∖ j(x))2]

(yj − f#∖ j(xj))2

n
f#∖ j

errorLOO =
1

n

nX

j=1

(yj � fD\j(xj))
2



LOO cross validation is (almost) unbiased estimate!

> When computing LOOCV error, we only use data points to train 
– So it’s not estimate of true error of learning with  data points
– Usually pessimistic – learning with less data typically gives worse answer. 

(Leads to an over estimation of the error)

> LOO is almost unbiased! Use LOO error for model selection!!! 
– E.g., picking λ

n − 1
n

errorLOO

errortrain

log10(λ)



Computational cost of LOO

> Suppose you have 100,000 data points
> say, you implemented a fast version of your learning 

algorithm
– Learns in only 1 second 

> Computing LOO will take about 1 day!!


