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Today: what’s a machine 
learning problem

• Core concepts 

• Modeling and parameters 

• Bias/Variance 

• Overfitting 

• Representing uncertainty

2

• Types of learning problems 

• Supervised learning      
(generative and discriminative 
models) 

• Unsupervised learning 

• Reinforcement learning
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Capsules

1. Machine Learning problem 

2. Types of Learning problems 

3. A first Supervised Model 

4. Model Evaluation 

5. Regularization 

6. Bias/Variance
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• I will follow the exposition of Chapter 5 in “Deep 
Learning”. 

• “Operational” approach vs. a decision-theoretic/
probabilistic approach

4



The components of 
a learning problem
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• I will follow the exposition of Chapter 5 in “Deep Learning” 

• “Operational” approach vs. a decision-theoretic/
probabilistic approach
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Three main components

• Task (T) 

• Performance measure (P) 

• Experience (E)

7



–Tom Mitchell (1997)

“A computer program is said to learn from 
experience E with respect to some class of  
tasks T and performance measure P, if its 
performance at tasks in T, measured by P, 

improves with experience E.”
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Task (T)

• The end goal(s). The question you are answering. 

• For example: 

• Self-driving 

• Differentiate cats from dogs 

• Recommend movies of interest to users 

• Select a good portfolio of stocks

9
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Task (T)
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Task (T)
• Determine the price of houses?
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Task (T)
• Determine the price of houses?

• Encode houses into a set of features

• area, number of rooms (bedrooms, bathrooms), 
municipal evaluation, neighborhood, etc.

RS
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Task (T)
• Determine the price of houses?

• Encode houses into a set of features

• area, number of rooms (bedrooms, bathrooms), 
municipal evaluation, neighborhood, etc.

• Function from feature to house price

RS

K : → UWNHJ
ǔ : Rȇ → R+

<latexit sha1_base64="3ZVyxYRqQsTtA7lMoWpdT55ni90="></latexit>
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Example tasks

• Regression: Assign a real value to an example 

• Classification: Classify instances in one of k classes 

• Clustering: Assign each instance to a cluster

11

K : RS � {�, . . . ,P}

K : RS → R

K : RS → {�, . . . ,P}
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More examples

• Transcription (e.g., document classification) 

• Multi-label classification (e.g., tag prediction) 

• Translation (e.g., sentence from French to English)
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K : RS → RR

K : RS → {�, �}R

ǔ : Rȇ⇥ȅ ! RǸ
<latexit sha1_base64="Usyvp8TtT4/5WvGg7TdFGlUlwkg="></latexit>
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Model

• functions f are examples of models 

• Model is a simpler representation of the world 

• Has parameters (w)
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K : RS → R

https://www.istockphoto.com/ca/photos/toy-car

2TIJQ ��� K(];\) = \�]� +\�]� + . . . +\S]S

2TIJQ ��� K(];\) = \�]� +\�]�� +\�]� + . . . +\S+�]S
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The performance 
measure (P)

• How to quantify the “goodness” of f? How to compare models?

14
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The performance 
measure (P)

• How to quantify the “goodness” of f? How to compare models?

• Specific to the task at hand

• E.g., linear regression: squared error
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The performance 
measure (P)

• How to quantify the “goodness” of f? How to compare models?

• Specific to the task at hand

• E.g., linear regression: squared error

14

�
5

:=
∑

N

(
K(]N)− ^N

)�

<latexit sha1_base64="JH6WOtUFQ6UsdvOdyUHIUj/KHS0="></latexit><latexit sha1_base64="kRdw9iK4fDT+aE/CNz0bNSc9rCc="></latexit><latexit sha1_base64="kRdw9iK4fDT+aE/CNz0bNSc9rCc="></latexit><latexit sha1_base64="kRdw9iK4fDT+aE/CNz0bNSc9rCc="></latexit><latexit sha1_base64="AGv6DRzqybnbcckODw7yEVDDOlE="></latexit>

K� NX GJYYJW YMFS K� NK 5� > 5�<latexit sha1_base64="Sr5pcDev9C0OknFKOWbBFp2iAi0="></latexit><latexit sha1_base64="kgL9HcuSeOoVUzzklRp1wF3nhhA="></latexit><latexit sha1_base64="kgL9HcuSeOoVUzzklRp1wF3nhhA="></latexit><latexit sha1_base64="kgL9HcuSeOoVUzzklRp1wF3nhhA="></latexit><latexit sha1_base64="bBXO4j/11AFrrfTJGmatMIzi/UE="></latexit>



Laurent Charlin — 80-629

The performance 
measure (P)

• How to quantify the “goodness” of f? How to compare models?

• Specific to the task at hand

• E.g., linear regression: squared error

• Encodes knowledge of what’s important

• A model with perfect performance behaves perfectly

• Examples: accuracy, error rate, log-probability, F score.
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Experience (E)

• What data does f experience?  

• (Focus on algorithms that experience whole datasets) 

• Unsupervised. Examples alone. 

• Supervised. Examples come with labels.

15

{]N}SN=�
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Different types of 
experience

1. Unsupervised Learning 

2. Supervised Learning 

3. Reinforcement Learning

17
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Experience (E)

• What data does f experience?  

• (Focus on algorithms that experience whole datasets) 

• Unsupervised. Examples alone. 

• Supervised. Examples come with labels.

18
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1. Unsupervised

19
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1. Unsupervised

• Experience examples alone

19
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1. Unsupervised

• Experience examples alone

• Learn “useful properties of the structure of the data”

19
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1. Unsupervised

• Experience examples alone

• Learn “useful properties of the structure of the data”

• E.g., Clustering

19

{]N}SN=�

https://home.deib.polimi.it/matteucc/Clustering/tutorial_html/
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1. Unsupervised

• Experience examples alone

• Learn “useful properties of the structure of the data”

• E.g., Clustering

• Probabilistic models

• Density modeling p(x), PCA, FA.

19

{]N}SN=�

https://home.deib.polimi.it/matteucc/Clustering/tutorial_html/
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Example from a non-linear 
dimensionality reduction  

technique (tsne) 
https://lvdmaaten.github.io/tsne/
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2. Supervised
• Experience examples and their label(s) 

• Given an example (x) predict its label (y) 

• E.g., regression, classification

21

{(]N,^N)}SN=�

U(],^) TW U(^|]) INWJHYQ^

[https://en.wikipedia.org/wiki/Regression_analysis]
[https://jaxenter.com/machine-learning-an-introduction-for-

programmers-122135.html]

ǔ : æ ! ç
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Distinction can be blurry
• Supervised data modeled jointly: 

• Unsupervised data modeled as supervised data:

22
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Semi-supervised 
learning

• Idea: Can we augment a supervised dataset with 
unsupervised data 

• Unlabelled data are cheap (images on the web). 
Labeled data are expensive 

• Can the unlabelled data help model x and yield a 
better model for y?

23
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3. Reinforcement 
learning

• The algorithm interacts with the environment 

• The algorithm observes its environment. Prototypical 
example is a robot navigating a maze 

• The resulting dataset depends on the algorithm’s 
choices

24

[https://www.oreilly.com/ideas/reinforcement-learning-explained]

https://www.oreilly.com/ideas/reinforcement-learning-explained
https://www.oreilly.com/ideas/reinforcement-learning-explained
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A first supervised 
example
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Dataset(s)
• Each instance:  

• A dataset is a set of instances:  

• Often denoted as a matrix    , (design matrix)  

• rows are instances 

• columns are features 

• (assumes that all instances can be encoded using a 
fixed-size vector)
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Concrete full example:  
Linear regression

•    is a vector of parameters (weights) 

•       represents the effect of feature j on y 

• Task: predict y from x using  

28

\

\O

\!]N

ɵǣ = ɯɴǣ +ɯɴǣ +ɯאɴǣא + · · ·+ɯȵɴǣȵ ɯ 2 Rȵ

=
ȵX

Ǵ=

ɯǴɴǣǴ = ɯ>ɴǣ

<latexit sha1_base64="oTAAqGdOiekUcNqw9f620cL5OCo="></latexit>



Laurent Charlin — 80-629

Concrete full example:  
Linear regression

• Task: predict      from     using  

• Performance: mean squared error 

• Experience:

29

\!]N

^ = \!]

28* :=
�
S

�

N

(^N �\�]N)
�

=
�
S

�

N

(^N � ˆ̂N)
�

{(],^)}
<latexit sha1_base64="7cRXlowuQ/X0Xb/AruJ9QFqwRO4="></latexit><latexit sha1_base64="pgmru6RbIMPJITzIAuxDtZTn06Q="></latexit><latexit sha1_base64="pgmru6RbIMPJITzIAuxDtZTn06Q="></latexit><latexit sha1_base64="pgmru6RbIMPJITzIAuxDtZTn06Q="></latexit><latexit sha1_base64="QpLXykKOPzkUd+3peNaB8SVmhrE="></latexit>

ɴǣ

<latexit sha1_base64="x1p62l058ZyHCuJskmFuDtPvJeE="></latexit>

ɵǣ

<latexit sha1_base64="WeZcYhJamuhjubiRIxM9lP+YXUU="></latexit>



Laurent Charlin — 80-629

How do you find optimal 
parameters?

• Optimize the MSE with respect to the parameters of 
the model 

• Take the gradient of the MSE. Set equation to 0 and 
solve.

30
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[Figure 5.1, Chapter 5, Deep Learning]

CHAPTER 5. MACHINE LEARNING BASICS
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Figure 5.1: A linear regression problem, with a training set consisting of ten data points,
each containing one feature. Because there is only one feature, the weight vector w

contains only a single parameter to learn, w1. (Left)Observe that linear regression learns
to set w1 such that the line y = w1x comes as close as possible to passing through all the
training points. (Right)The plotted point indicates the value of w1 found by the normal
equations, which we can see minimizes the mean squared error on the training set.
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The system of equations whose solution is given by equation 5.12 is known as
the normal equations. Evaluating equation 5.12 constitutes a simple learning
algorithm. For an example of the linear regression learning algorithm in action,
see figure 5.1.

It is worth noting that the term linear regression is often used to refer to
a slightly more sophisticated model with one additional parameter—an intercept
term b. In this model

ŷ = w
>
x + b (5.13)

so the mapping from parameters to predictions is still a linear function but the
mapping from features to predictions is now an affine function. This extension to
affine functions means that the plot of the model’s predictions still looks like a
line, but it need not pass through the origin. Instead of adding the bias parameter

109
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Model evaluation
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The goal of ML
• Predict on new inputs (         ) 

• Given the price of houses this year (X, Y), I want to 
predict the price of houses next year (          ) 

• We can use our estimated (    ): 
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Generalization
•                : The one you can evaluate 

•                        : The one that you care about 

• In general minimizing the former will not yield the 
best loss on the latter:
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Figure 5.1: A linear regression problem, with a training set consisting of ten data points,
each containing one feature. Because there is only one feature, the weight vector w

contains only a single parameter to learn, w1. (Left)Observe that linear regression learns
to set w1 such that the line y = w1x comes as close as possible to passing through all the
training points. (Right)The plotted point indicates the value of w1 found by the normal
equations, which we can see minimizes the mean squared error on the training set.
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The system of equations whose solution is given by equation 5.12 is known as
the normal equations. Evaluating equation 5.12 constitutes a simple learning
algorithm. For an example of the linear regression learning algorithm in action,
see figure 5.1.

It is worth noting that the term linear regression is often used to refer to
a slightly more sophisticated model with one additional parameter—an intercept
term b. In this model

ŷ = w
>
x + b (5.13)

so the mapping from parameters to predictions is still a linear function but the
mapping from features to predictions is now an affine function. This extension to
affine functions means that the plot of the model’s predictions still looks like a
line, but it need not pass through the origin. Instead of adding the bias parameter
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CHAPTER 5. MACHINE LEARNING BASICS

have more parameters than training examples. We have little chance of choosing
a solution that generalizes well when so many wildly different solutions exist. In
this example, the quadratic model is perfectly matched to the true structure of
the task so it generalizes well to new data.

?(

y
Underfitting

?(

y

Appropriate capacity

?(

y

Overfitting

Figure 5.2: We fit three models to this example training set. The training data was
generated synthetically, by randomly sampling x values and choosing y deterministically
by evaluating a quadratic function. (Left)A linear function fit to the data suffers from
underfitting—it cannot capture the curvature that is present in the data. (Center)A
quadratic function fit to the data generalizes well to unseen points. It does not suffer from
a significant amount of overfitting or underfitting. (Right)A polynomial of degree 9 fit to
the data suffers from overfitting. Here we used the Moore-Penrose pseudoinverse to solve
the underdetermined normal equations. The solution passes through all of the training
points exactly, but we have not been lucky enough for it to extract the correct structure.
It now has a deep valley in between two training points that does not appear in the true
underlying function. It also increases sharply on the left side of the data, while the true
function decreases in this area.

So far we have described only one way of changing a model’s capacity: by
changing the number of input features it has, and simultaneously adding new
parameters associated with those features. There are in fact many ways of changing
a model’s capacity. Capacity is not determined only by the choice of model. The
model specifies which family of functions the learning algorithm can choose from
when varying the parameters in order to reduce a training objective. This is called
the representational capacity of the model. In many cases, finding the best
function within this family is a very difficult optimization problem. In practice,
the learning algorithm does not actually find the best function, but merely one
that significantly reduces the training error. These additional limitations, such as
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have more parameters than training examples. We have little chance of choosing
a solution that generalizes well when so many wildly different solutions exist. In
this example, the quadratic model is perfectly matched to the true structure of
the task so it generalizes well to new data.
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Figure 5.2: We fit three models to this example training set. The training data was
generated synthetically, by randomly sampling x values and choosing y deterministically
by evaluating a quadratic function. (Left)A linear function fit to the data suffers from
underfitting—it cannot capture the curvature that is present in the data. (Center)A
quadratic function fit to the data generalizes well to unseen points. It does not suffer from
a significant amount of overfitting or underfitting. (Right)A polynomial of degree 9 fit to
the data suffers from overfitting. Here we used the Moore-Penrose pseudoinverse to solve
the underdetermined normal equations. The solution passes through all of the training
points exactly, but we have not been lucky enough for it to extract the correct structure.
It now has a deep valley in between two training points that does not appear in the true
underlying function. It also increases sharply on the left side of the data, while the true
function decreases in this area.
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Some Terminology
• (X,Y) : training set 

•                       :  test set

•                 : train loss (error)

•                          : test/generalization loss (error)
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Some Terminology
• (X,Y) : training set 

•                       :  test set

•                 : train loss (error)

•                          : test/generalization loss (error)

• Capacity: “The ability of a model to fit a variety of functions” [DL]
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Figure 5.3: Typical relationship between capacity and error. Training and test error
behave differently. At the left end of the graph, training error and generalization error
are both high. This is the underfitting regime. As we increase capacity, training error
decreases, but the gap between training and generalization error increases. Eventually,
the size of this gap outweighs the decrease in training error, and we enter the overfitting
regime, where capacity is too large, above the optimal capacity.

the concept of non-parametric models. So far, we have seen only parametric
models, such as linear regression. Parametric models learn a function described
by a parameter vector whose size is finite and fixed before any data is observed.
Non-parametric models have no such limitation.

Sometimes, non-parametric models are just theoretical abstractions (such as
an algorithm that searches over all possible probability distributions) that cannot
be implemented in practice. However, we can also design practical non-parametric
models by making their complexity a function of the training set size. One example
of such an algorithm is nearest neighbor regression. Unlike linear regression,
which has a fixed-length vector of weights, the nearest neighbor regression model
simply stores the X and y from the training set. When asked to classify a test
point x, the model looks up the nearest entry in the training set and returns the
associated regression target. In other words, ŷ = yi where i = arg min ||Xi,: � x||

2
2.

The algorithm can also be generalized to distance metrics other than the L2 norm,
such as learned distance metrics (Goldberger et al., 2005). If the algorithm is
allowed to break ties by averaging the yi values for all Xi,: that are tied for nearest,
then this algorithm is able to achieve the minimum possible training error (which
might be greater than zero, if two identical inputs are associated with different
outputs) on any regression dataset.

Finally, we can also create a non-parametric learning algorithm by wrapping a
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Figure 5.4: The effect of the training dataset size on the train and test error, as well as
on the optimal model capacity. We constructed a synthetic regression problem based on
adding a moderate amount of noise to a degree-5 polynomial, generated a single test set,
and then generated several different sizes of training set. For each size, we generated 40
different training sets in order to plot error bars showing 95 percent confidence intervals.
(Top)The MSE on the training and test set for two different models: a quadratic model,
and a model with degree chosen to minimize the test error. Both are fit in closed form. For
the quadratic model, the training error increases as the size of the training set increases.
This is because larger datasets are harder to fit. Simultaneously, the test error decreases,
because fewer incorrect hypotheses are consistent with the training data. The quadratic
model does not have enough capacity to solve the task, so its test error asymptotes to
a high value. The test error at optimal capacity asymptotes to the Bayes error. The
training error can fall below the Bayes error, due to the ability of the training algorithm
to memorize specific instances of the training set. As the training size increases to infinity,
the training error of any fixed-capacity model (here, the quadratic model) must rise to at
least the Bayes error. (Bottom)As the training set size increases, the optimal capacity
(shown here as the degree of the optimal polynomial regressor) increases. The optimal
capacity plateaus after reaching sufficient complexity to solve the task.
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Formal learning 
guarantees

• It is possible to bound the generalization gap 

• Bounds involve: 

• the size of the training set  

• the capacity of the learning model

41
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Informally

• Larger datasets (train) are helpful 

• Allow you to better fit models and/or fit more 
complex models 

• Larger capacity models can be better but (all being 
equal) they will require more data

42
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Regularization

• Can affect a model’s effective capacity 

• Instead of changing the model (reminder: polynomials) 

• Focusses on particular (good) solutions

44
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L2-regularization

• A popular form of regularization 

• Penalizes the size of the weights 

• Smaller weights means simpler models (next slide)

45
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data significantly better than the preferred solution.
For example, we can modify the training criterion for linear regression to include

weight decay. To perform linear regression with weight decay, we minimize a sum
comprising both the mean squared error on the training and a criterion J(w) that
expresses a preference for the weights to have smaller squared L2 norm. Specifically,

J(w) = MSEtrain + �w
>
w, (5.18)

where � is a value chosen ahead of time that controls the strength of our preference
for smaller weights. When � = 0, we impose no preference, and larger � forces the
weights to become smaller. Minimizing J(w) results in a choice of weights that
make a tradeoff between fitting the training data and being small. This gives us
solutions that have a smaller slope, or put weight on fewer of the features. As an
example of how we can control a model’s tendency to overfit or underfit via weight
decay, we can train a high-degree polynomial regression model with different values
of �. See figure 5.5 for the results.

x(

y
Underfitting
(Excessive ¸)

x(

y

Appropriate weight decay
(Medium ¸)

x(

y

Overfitting
(¸�()

Figure 5.5: We fit a high-degree polynomial regression model to our example training set
from figure 5.2. The true function is quadratic, but here we use only models with degree 9.
We vary the amount of weight decay to prevent these high-degree models from overfitting.
(Left)With very large �, we can force the model to learn a function with no slope at
all. This underfits because it can only represent a constant function. (Center)With a
medium value of �, the learning algorithm recovers a curve with the right general shape.
Even though the model is capable of representing functions with much more complicated
shape, weight decay has encouraged it to use a simpler function described by smaller
coefficients. (Right)With weight decay approaching zero (i.e., using the Moore-Penrose
pseudoinverse to solve the underdetermined problem with minimal regularization), the
degree-9 polynomial overfits significantly, as we saw in figure 5.2.
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Generalization
•                : The one you can evaluate 

•                        : The one that you care about 

• In general minimizing the former will not yield the 
best loss on the latter:
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Figure 5.1: A linear regression problem, with a training set consisting of ten data points,
each containing one feature. Because there is only one feature, the weight vector w

contains only a single parameter to learn, w1. (Left)Observe that linear regression learns
to set w1 such that the line y = w1x comes as close as possible to passing through all the
training points. (Right)The plotted point indicates the value of w1 found by the normal
equations, which we can see minimizes the mean squared error on the training set.
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The system of equations whose solution is given by equation 5.12 is known as
the normal equations. Evaluating equation 5.12 constitutes a simple learning
algorithm. For an example of the linear regression learning algorithm in action,
see figure 5.1.

It is worth noting that the term linear regression is often used to refer to
a slightly more sophisticated model with one additional parameter—an intercept
term b. In this model

ŷ = w
>
x + b (5.13)

so the mapping from parameters to predictions is still a linear function but the
mapping from features to predictions is now an affine function. This extension to
affine functions means that the plot of the model’s predictions still looks like a
line, but it need not pass through the origin. Instead of adding the bias parameter
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Validation set
• How do we choose the right model and set its hyper parameters (e.g.   )?  

• Use a validation set 

• Split the original data into two: 

1. Train set 

2. Validation set  

• Proxy to the test set 

• Train different models/hyperparameter settings on the train set 

• Pick the best according to their performance on the validation set

49
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Cross-validation (CV)

• Splitting the data into train/validation can be detrimental 

• e.g., if data is small to begin with (small train and validation sets) 

• K-fold CV: Split the data into k-folds

50
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5-fold

Train

Validation
 . . .

 . . .

 . . .

Pick the model/hyperparameters that  
does best (e.g., smallest loss) according to  

the average of the validation sets
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Bias/Variance:  
A second perspective 

on generalization
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[Figure 9.2. Pattern Classification.  

Duda, Hart, Stork. 2001]
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CHAPTER 5. MACHINE LEARNING BASICS

The MSE measures the overall expected deviation—in a squared error sense—
between the estimator and the true value of the parameter ✓. As is clear from
equation 5.54, evaluating the MSE incorporates both the bias and the variance.
Desirable estimators are those with small MSE and these are estimators that
manage to keep both their bias and variance somewhat in check.

Capacity

Bias Generalization
error Variance

Optimal
capacity

Overfitting zoneUnderfitting zone

Figure 5.6: As capacity increases (x-axis), bias (dotted) tends to decrease and variance
(dashed) tends to increase, yielding another U-shaped curve for generalization error (bold
curve). If we vary capacity along one axis, there is an optimal capacity, with underfitting
when the capacity is below this optimum and overfitting when it is above. This relationship
is similar to the relationship between capacity, underfitting, and overfitting, discussed in
section 5.2 and figure 5.3.

The relationship between bias and variance is tightly linked to the machine
learning concepts of capacity, underfitting and overfitting. In the case where gen-
eralization error is measured by the MSE (where bias and variance are meaningful
components of generalization error), increasing capacity tends to increase variance
and decrease bias. This is illustrated in figure 5.6, where we see again the U-shaped
curve of generalization error as a function of capacity.

5.4.5 Consistency

So far we have discussed the properties of various estimators for a training set of
fixed size. Usually, we are also concerned with the behavior of an estimator as the
amount of training data grows. In particular, we usually wish that, as the number
of data points m in our dataset increases, our point estimates converge to the true
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Other frameworks

• Bayesian 

• Uncertainty indicates you degree of belief 

• Unknown quantities are random variables
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Other evaluations

• Is test set evaluation enough? 

• The test error may be a proxy for what you are really 
trying to evaluate 

• You model may be used inside a larger system 

• How can you convince that an X % improvement in 
test error is meaningful?
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Other evaluations
• Model exploration 

• Are the parameter values it has learned sensible? 

• Plot the residuals 

• Dive into your model’s predictions 

• Where does it do better/worse than others? 

• Model criticism 

• How do generated data from your fitted model look like?
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