
Multi-layer networks, hyperparameter search, validation



From linear to nonlinear classifiers
• To achieve good accuracy on challenging problems, we need to be able 

to train nonlinear models
• Two strategies for making nonlinear predictors out of linear ones:

• “Shallow” approach: hand-crafted feature transformation (typically nonlinear, non-
trainable) followed by trainable classifier (typically linear) 

• “Deep” approach: stack multiple layers of linear predictors (interspersed with 
nonlinearities)

Hand-crafted feature 
transformation

Trainable
classifierInput Output

Layer 1 Layer 2 Layer L OutputInput …



From linear classifiers to multi-layer networks
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From linear classifiers to multi-layer networks
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From linear classifiers to multi-layer networks
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Common nonlinearities (or activation functions)

Source: Stanford 231n

http://cs231n.stanford.edu/slides/2018/cs231n_2018_lecture06.pdf


From linear classifiers to multi-layer networks
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Linear layer Nonlinearity
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…

Why do we need the nonlinearity?



The power of nonlinearities
Points not linearly 
separable in original space

Source: J. Johnson
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https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


Still not linearly 
separable!

The power of nonlinearities

Source: J. Johnson

Points not linearly 
separable in original space

Consider a linear transform: ℎ = #$ + &
Where $, ℎ, & are 2-dimensional

Feature transform:
ℎ = #$ + &
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https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


The power of nonlinearities

Source: J. Johnson

Points not linearly 
separable in original space

!(#)

!(%)

ℎ(#)

ℎ(%)

Let’s add a nonlinearity:
ℎ = ReLU(,! + .) = max(0,,! + .)

Feature transform:
ℎ = ReLU(,! + .)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf
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The power of nonlinearities

Source: J. Johnson
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Let’s add a nonlinearity:
ℎ = ReLU(,! + .) = max(0,,! + .)

Feature transform:
ℎ = ReLU(,! + .)

Points are linearly 
separable in 
feature space!

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


The power of nonlinearities
Let’s add a nonlinearity:

ℎ = ReLU(() + +) = max(0,() + +)

Feature transform:
ℎ = ReLU(() + +)

Source: J. Johnson
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https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


The power of nonlinearities
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Let’s add a nonlinearity:
ℎ = ReLU(,! + .) = max(0,,! + .)

Feature transform:
ℎ = ReLU(,! + .)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


B is 
“collapsed” 
onto +ℎ($) axis

The power of nonlinearities
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Let’s add a nonlinearity:
ℎ = ReLU(-& + .) = max(0,-& + .)

Feature transform:
ℎ = ReLU(-& + .)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


The power of nonlinearities
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Let’s add a nonlinearity:
ℎ = ReLU(-& + .) = max(0,-& + .)

Feature transform:
ℎ = ReLU(-& + .) B is 

“collapsed” 
onto +ℎ(') axis

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


The power of nonlinearities
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Let’s add a nonlinearity:
ℎ = ReLU(-! + .) = max(0,-! + .)

Feature transform:
ℎ = ReLU(-! + .) B is 

“collapsed” 
onto +ℎ(%) axis

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf
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The power of nonlinearities
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The power of nonlinearities

Points are linearly 
separable in 
feature space!

Linear classifier in feature 
space gives nonlinear 
classifier in original space

Source: J. Johnson
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Let’s add a nonlinearity:
ℎ = ReLU(,! + .) = max(0,,! + .)

Feature transform:
ℎ = ReLU(,! + .)

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


Two-layer neural network
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Image source

https://ljvmiranda921.github.io/notebook/2017/02/17/artificial-neural-networks/


Two-layer networks as combinations of templates

Linear classifier: One template per class



Two-layer networks as combinations of templates

First layer: bank of templates
Second layer: recombines templates

Source: J. Johnson

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


Two-layer networks as combinations of templates

Can use different 
templates to cover 
multiple modes of a 
class

Source: J. Johnson

First layer: bank of templates
Second layer: recombines templates

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


Two-layer networks as combinations of templates

It’s a “distributed” 
representation: 
Most templates are 
not interpretable

Source: J. Johnson

First layer: bank of templates
Second layer: recombines templates

https://web.eecs.umich.edu/~justincj/slides/eecs498/FA2020/598_FA2020_lecture05.pdf


Expressiveness of two-layer networks
• How complex can we make the decision boundary in a two-

layer network?
• The bigger the hidden layer, the more complex the model
• A two-layer network is a universal function approximator

• But the hidden layer may need to be huge

Figure source

http://neuralnetworksanddeeplearning.com/chap4.html
http://cs231n.github.io/neural-networks-1/


Neural networks beyond two layers

Output:

!" #" … !% #% !& #&' …

Image source

In
di

vi
du

al
 d

im
en

si
on

s 
of

 '

https://learnai1.home.blog/2019/11/20/multi-layer-neural-networks-back-propagation/


“Deep” pipeline

• Learn a feature hierarchy

• Each layer extracts features from the output 
of previous layer

• All layers are trained jointly

Layer 1 Layer 2 Layer L OutputInput …



Multi-Layer network demo

http://playground.tensorflow.org/

http://playground.tensorflow.org/


Overview
• Multi-layer networks
• Hyperparameter search, validation



Supervised learning outline revisited
1. Collect data and labels
2. Specify model: select model class and loss function
3. Train model: find the parameters of the model that minimize 

the empirical loss on the training data

This involves 
hyperparameters that 

affect the generalization 
ability of the trained model



Hyperparameters
• ! in !-nearest-neighbor

• What if ! is too large?
• What if ! is too small?



Hyperparameters
• Regularization constant !

• Recall: SVM optimization

min%
!
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max[0,1 −6+'78+]

• What if ! is too large?
• What if ! is too small?



Hyperparameters
• Regularization constant !

• Tradeoff between margin and classification errors

Source

http://www.robots.ox.ac.uk/~az/lectures/ml/lect2.pdf


Hyperparameters
• Regularization constant !

• Tradeoff between margin and classification errors

Source

http://www.robots.ox.ac.uk/~az/lectures/ml/lect2.pdf


Hyperparameters
• Regularization constant !

• Related: preventing the classifier from getting over-confident

Source: J. Johnson
Sigmoid classifier, logistic loss

https://web.eecs.umich.edu/~justincj/slides/eecs498/WI2022/598_WI2022_lecture04.pdf


Hyperparameters in multi-layer networks
• Number of layers, number of units per layer

Source: Stanford 231n

http://cs231n.github.io/neural-networks-1/


Hyperparameters in multi-layer networks
• Number of layers, number of units per layer

Source: Stanford 231n

Number of hidden units in a two-layer network

http://cs231n.github.io/neural-networks-1/


Hyperparameters in multi-layer networks
• Number of layers, number of units per layer
• Type of nonlinearity 
• Type of loss function
• Regularization constant

Source: Stanford 231n

http://cs231n.github.io/neural-networks-1/


Hyperparameters in multi-layer networks
• Number of layers, number of units per layer
• Type of nonlinearity 
• Type of loss function
• Regularization constant
• SGD settings: learning rate schedule, number of epochs, 

minibatch size, etc.

• Our hyperparameter choices affect the “capacity” of the 
model and its ability to generalize to new data
• But first: how do we measure the generalization ability of our model?
• Need to measure both training and test error



Behavior of training and test error

Training error

Test error

Model capacity
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Source: D. Hoiem

Underfitting: training and 
test error are both high

Overfitting: training error 
is low but test error is high

https://courses.engr.illinois.edu/cs543/sp2017/lectures/Lecture%2021%20-%20Image%20Categorization%20-%20%20Vision_Spring2017.pptx


Underfitting and overfitting: The classical view

Figure source

Underfitting OverfittingGood generalization

http://www.holehouse.org/mlclass/07_Regularization.html


Behavior of training and test error

Training error

Test error

Model capacity OverfittingUnderfitting
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Source: D. Hoiem

In neural networks, we also observe this kind of behavior for a fixed model as a function of training time!

In practice, overparameterized neural 
networks tend to be resistant to 
overfitting, even after the training 
error goes to zero

https://courses.engr.illinois.edu/cs543/sp2017/lectures/Lecture%2021%20-%20Image%20Categorization%20-%20%20Vision_Spring2017.pptx


Generalization and training set size

Many training examples

Few training examples

Model capacity OverfittingUnderfitting
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Source: D. Hoiem

Bottom line: more training data is always good!

https://courses.engr.illinois.edu/cs543/sp2017/lectures/Lecture%2021%20-%20Image%20Categorization%20-%20%20Vision_Spring2017.pptx


Hyperparameter search in practice

Training error

Test error

Model capacity OverfittingUnderfitting
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• Given a fixed dataset, you have to find the hyperparameter 
settings that give the best generalization performance

Source: D. Hoiem

https://courses.engr.illinois.edu/cs543/sp2017/lectures/Lecture%2021%20-%20Image%20Categorization%20-%20%20Vision_Spring2017.pptx


Hyperparameter search in practice
• For a range of hyperparameter choices, 

iterate:
• Learn parameters on the training data
• Measure accuracy on the held-out or

validation data
• Finally, measure accuracy on the test data
• You should avoid peeking at the test set 

during hyperparameter search since it is 
supposed to represent never before seen 
data



The mysteries of generalization

B. Recht et al. Do ImageNet classifiers generalize to ImageNet? ICML 2019

https://proceedings.mlr.press/v97/recht19a/recht19a.pdf

