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Supervised Learning

* For some examples the correct results (targets) are
known and are given in input to the model during
the learning process.

* Generalization: ability of a learning machine to
perform accurately on new, unseen examples.
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Supervised Learning

e Common tasks:

— classification: categorical output, data can be separated
in specific classes;

— regression: for continuous outputs.

Hidden

Known Data
1 T Model
Known Responses > Input

QQO
=
ge}
=

) Model —
New Data e

Predicted Responses

A4

Images credits: Mathworks



Supervised Learning

* Training data consists of a set of training examples
D = (x]_I yl)I(XZI y2))'-°)(xn) yn) Where:

— X4, ..., X, 1 input parameters (feature vector)
— y : output value (target vector)

— Example: credit approval
* X = [age, gender, annual salary, current debt]
e y ={accept, deny} = {+1, -1}

Training
examples




Supervised Learning

* Training data consists of a set of training examples.

* Target function: f(x) =y, (function to learn,
unknown)

— example: ideal credit approval formula
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Supervised Learning

* Training data consists of a set of training examples
* |deal target function f
* Hypothesis: g(x.) = y; (approximate f, known)

— example: reliable credit score
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Supervised Learning

* Training data consists of a set of training examples
* |deal target function f
* Hypothesis g that best approximate f

* Learning algorithm

— connect target function and hypothesis
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Supervised Learning

* Training data consists of a set of training examples
* |deal target function f
* Hypothesis g that best approximate f

* Learning algorithm
— connect target function and hypothesis

 Hypothesis Set

* Predict new inputs: vy, .,=9(X )
Unknowp — Training — Learning — Final |
target function f examples algorithm hypothesis g
Hypothesis
Set Hypothesis Set + Learning Algo = Learning Model




Supervised Learning in a nutshell
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Supervised Learning

@ Define the data to be used as a learning set

— eg, handwriting analysis: single chara
@ Prepare the training set

in a nutshell

cter or entire words?

— eg, create training, validation and test sets

(3) Transform the input data in feature

— eg, extract/select features to avoid the curse of dimensionality

vectors (X,Y)
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Supervised Learning in a nutshell

@ Choose the learning model Supervised Algorithms
— eg, Neural Network and Back propagation Neural Networks (MLP)
(5) Choose a validation model Belizmiern MG
s . RBM
— eg, cross validation, random splits, etc .
) Decision Trees
(6 Runthe algorithm, compute the accuracy and Nearest Neighbor
update until satisfied Naive Bayes Classifiers
— eg, minimize the loss, minimize the MSE, etc Bayesian Networks
@ Use final model to make predictions GPR
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* All eventualities must be covered: the learning

dataset must be representative of the underlying
model.

e Split the data in three independent data sets:
— training set;

— validation set; Garbage€ n,
— test set. Garbage€ Out

YOUR ANALYSIS IS ONLY
AS GOOD AS YOUR DATA




Training Set

* Training set: a set of examples used for learning,
where the target value is known.

* The goal of the learning algorithm is to build a
model which makes accurate predictions on the

training set.

* Training set accuracy does not
give a good indication about
the generalization power of
the model.

 Add a Validation set.
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Validation Set

e Set of examples used to tune the architecture of a
classifier and estimate the error.

e Used for model selection.

* The validation data has to be representative of the
range of inputs the classifier is likely to encounter.

* How to create it? Y
— gather new data;

— random split:
 80-20
e cross-validation
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Cross-Validation

* C-Vtechniques are used for assessing how the
results of a statistical analysis will generalize to an
independent data set.

* Exhaustive Cross-Validation
— leave one out cross validation (LOOCV)

— |leave p-out cross validation

* Non-exhaustive Cross-Validation
— k-fold cross validation
— repeated random sub-sampling validation

* Choose also according to your model/task.




K-fold cross-validation

e How it works:
— randomly partition the original into k subsamples;
— of the k subsamples, one is retained as the validation data for testing
the model, and the remaining k — 1 are used as training data;
— the process is then repeated k times, with each of the k subsamples
used exactly once as the validation data;

— the k results can be averaged (or otherwise combined) to produce a

single estimation.
D Validation Set

- Training Set
Round 1 Round 2 Round 3 Round 10
Validation  g3g. 90% 91% 95%

Accuracy:

Final Accuracy = Average(Round 1, Round 2, ...)

Picture credit: chrisjimccormick



Repeated random sub-sampling

 Repeated Random Sub-Sampling

— at each step: randomly split the dataset into two subsets:
training and validation;

— compute the validation errors.
— average the results over the splits.

* Advantage: proportion of the sets not dependent on
the number of folds.

* Disadvantage: some samples may never be selected for
validation, some may be selected more than once.



LOOCV

e Leave One Out Cross Validation

— use a single observation from the original sample as the
validation data, and the remaining observations as the
training data;

— repeat n-times such that each observation in the sample
is used once as the validation data;

— computationally expensive.
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Test Set

* Test set: used only to assess the performances of a
fully trained classifier.

* |tis never used during the training process so that
the error on the test set provides an unbiased
estimate of the generalization error.
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A common problem: OVERFITTING

* Model is not be able to generalize.
* Learn the “data” and not the underlying function.

* Performs well on the data used during the training
and poorly with new data.

* How to avoid: cross-validation, early stopping,
regularization, Bayesian priors, model comparison.
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A common problem: OVERFITTING

* Model is not be able to generalize.
* Learn the “data” and not the underlying function.

* Performs well on the data used during the training
and poorly with new data.

* How to avoid: cross-validation, early stopping,
regularization, Bayesian priors, model comparison.
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Overfitting in supervised learning

* Example: overfitting in supervised learning.

e Bluis the training error, red the validation error,
over time.

* |f the validation error increase while the training
error decrease it is a warning sign for overfitting.
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* Supervised Learning: general concepts
* Target function and hypothesis

* Training, Validation and Test Set

* Different types of cross-validation

e QOverfitting






