
Data 442 / 610 Lecture 5

Optimization & Hyperparameter Tuning
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• Optimization, capacity, and the bias-variance tradeoff 

• Hyperparameter Tuning 

• Nonlinear optimization 

Relevant Reading: Deep Learning, Chapter 5, sections 2-4 

Bishop, Pattern Recognition and Deep Learning, 6.1-6.2 (link)

Outline
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https://www.microsoft.com/en-us/research/wp-content/uploads/2006/01/Bishop-Pattern-Recognition-and-Machine-Learning-2006.pdf


Roadmap to Deep Learning
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What we have:  

What we want: 

Xtrain, ytrain, ℒ = 𝔼 [(fθ (Xtrain) − ytrain)
2]

θ* = arg min 𝔼 [(fθ (Xtest) − ytest)
2]

Machine learning is complicated
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A good ML model will 

• Perform well on the training data (no underfitting) 

• Perform the same on the testing data (no overfitting)

ML is an ongoing battle between under- and over-fitting!
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• A machine learning algorithm is an estimator of parameters  

                 

• Bias tells us how accurate the estimator is on average 

 

• Variance tells us how changes in data affect the estimator 

θ

Model:  ̂y = fθ(x) GD : (X, y) → = ̂θ

Bias( ̂θ) = 𝔼[ ̂θ] − θ

Var( ̂θ) = 𝔼[( ̂θ − 𝔼[ ̂θ])2]

Bias and Variance
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• Capacity measures the range of functions 
a model can fit 

 

• Models with too much capacity may overfit  

 

• Models with too little capacity may underfit 

y = ax2 + bx + c

y =
100

∑
i=0

aixi

y = mx + b

Model capacity
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GBC, pp 111, 113
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• There is no universal best ML algorithm for all problems 

• We have to tune our ML approach to each specific problem of interest 

• We may benefit from a priori knowledge about the structure of possible 
solutions (representational capacity) or the behavior of preferred 
solutions (regularization)

The No Free Lunch Theorem

7

For any algorithm, any elevated performance over one class of problems is offset by 
performance over another class 

Wolpert & Macready, 1997
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Representational capacity: Include 
polynomial terms like  to allow 
hyperbolic decision surfaces 

Regularization: Do not want every 
polynomial term to contribute, L1 penalty 
promotes sparsity

x2
0 , x2

1 , x0x1

Example: XOR Dataset
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• A hyperparameter controls a ML algorithm’s behavior but is not directly 
optimized during training 

• Examples include: learning rate, regularization strength, polynomial feature 
degree 

• We will see additional hyper parameters later when we cover more 
complex models (soon) and learning algorithms (less soon) 

• We use validation sets and cross validation to evaluate the effects of 
hyperparameters on training and estimate generalization

Hyperparameter optimization
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Hands-on demo: Hyperparameter optimization
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• Optimizing nonlinear functions is 
challenging because optimization 
methods for linear functions may no 
longer apply 

• One way around this is to do linear 
optimization on a nonlinear 
transformation of the inputs  
(polynomial LR) 

• Another way is to exploit the kernel trick

z = ϕ(x)

Nonlinear optimization
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f(x) = b + ∑
i

αi ϕ(x)⊤ϕ(xi)

f(x) = b + ∑
i

αi kϕ(x, xi)
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Hands-on demo: Kernel Methods
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• Slides will be posted on the course website: https://colen-
teaching.github.io/DATA442-Fall-2026 

• Lab demos will also be posted 

• PS1 due October 2 

• No class Wednesday 

• No Office Hours Friday (blackboard/email for any questions)

That’s all!
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https://colen-teaching.github.io/DATA442-Fall-2026
https://colen-teaching.github.io/DATA442-Fall-2026

