
Linear Algebra for Computer Science
Lecture 31

Parameter Learning, Cost Function, Overfitting, 
Cross-validation
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Learning from data

fθx ∈ Rm y = f(θ, x)

● Parameter Learning: 
○ A collection of input-output paris (x1, y1), (x2, y2), …, (xN, yN), 
○ choose θ such that y = f(θ, x) is a reasonable output 

■ for training data (x1, y1), (x2, y2), …, (xN, yN)
■ for unseen data 

○ Generalization: How well the model work on unseen data
○ How to evaluate error on unseen data?
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Train-Test split

● Divide data into train and test 
sets

● Train the model using train data
● Evaluate on test data

θ* = argminθ 𝚺i ∈ train ( f(θ, xi) - yi
 

)2 

Errtrain = 𝚺i ∈ train ( f(θ*, xi) - yi
 )2 

Errtest  = 𝚺i ∈ test   ( f(θ*, xi) - yi
 )2 
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Cross-validation
How good model work on new data?

● Divide data into train and test 
sets

● Train the model using train data
● Evaluate on test data

θ* = argminθ 𝚺i ∈ train ( f(θ, xi) - yi
 

)2 

Errtest  = 𝚺i ∈ test   ( f(θ*, xi) - yi
 )2 

● divide the data in different ways and 
report the average error
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How to choose hyper-parameters?

● How to choose p?
○ Split data to train and test sets
○ Train regular parameters using training data 
○ Select the p that minimizes test error

● How to evaluate model on unseen data?
○ Error on train set? 

■ train data is used to learn parameters
○ Error on test set?   

■ test data is used to choose 
hyperparameters
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How to choose hyper-parameters?

● How to evaluate model on unseen data?
○ Split data into 3 subsets: train, validation, and 

test
○ Train regular parameters using train set
○ Choose hyperparameters using validation set
○ Report system error on test set

● [Divide in different ways and report the 
average error. ]

fθ
x ∈ R y = ap x

p + ap-1 x
p-1 + … + a1 x + a0



How to avoid overfitting

● Limit model complexity (e.g. degree of polynomial)
● Regularization


