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“Machine learning is the field of study that gives computers the ability to learn without being explicitly programmed to.”
(the algorithm is a piece of code is that tries to give computers the ability to learn).

A computer program is said to learn from experience E with respect to some task T and some performance measure P, if
its performance on T, as measured by P, improves with experience E.

How to make a computer program learn?
e Experience E
e With respect to some task T
e And some performance measure P
If its performance on T, as measured by P, improves with experience E.
ML systems automatically learn programs from data.
=>» What is learning? Three different steps and we focus only on representation.

LEARNING = REPRESENTATION + EVALUATION + OPTIMIZATION.

1. Representation: represent your problem. It is choosing your type of solution/classifier based on the assumptions e.g.

If your data is linear, we use linear regression.

"Choosing the set of classifiers that it can possibly learn. This set is called the hypothesis space of the learner.”

2. Evaluation: you have your model, but you need to know if it's solving the problem correctly. Model is improving
evaluation metric if you pick wrong evaluation metric (wrong).
“An evaluation function (also called objective function or scoring function) is needed to distinguish good classifiers
from bad ones. What are you trying to improve?”

3. Optimization: (machine learning Ill). It tells your model how to improve the evaluation metric e.g., the Size of the
house in order to understand the price. If the ML algorithm identifies the name of the owner explains the price, the
optimization metric tells you if it explains it correctly or not.

“Needing a method to search among the classifiers in the language for the highest-scoring one. The choice of
optimization technique is key to the efficiency of the learner.”

Space of solutions
Evaluation metric
Optimization metric

Table 1: The three components of learning algorithms.

Ri ation Evaluation Optimization
Instances Accuracy/Error rate | Combinatorial optimization
K-nearest neighbor Precision and recall Greedy search
Support vector machines | Squared error Beam search
b + Hyperplanes Likelihood Branch-and-bound
/ Naive Bayes Posterior probability | Continuous optimization
Logistic regression Information gain Unconstrained
Decision trees K-L divergence Gradient descent
Sets of rules Cost/Utility Conjugate gradient
Propositional rules Margin Quasi-Newton methods
Logic programs Constrained
Neural networks Linear programming
Graphical models Quadratic programming
== Bayesian networks
Conditional random fields
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Model Prediction Error
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ITS GENERALIZATION THAT COUNTS

E.g., create a model to predict churn, 99% accuracy is it something you want? You want the algorithm to work well
with new data. In your training data, you already know what happened- care about learning to predict new data.

The fundamental goal of machine learning is to generalize beyond the examples in the training set. Avoid overfitting!
Generalization: how good your model behaves with new data. Difficult because you only have past data.
Cross-validation is an evaluation technique to see how good your model is when put to production.

“Randomly dividing your training data into (say) ten subsets, holding out each one while training on the rest, testing
each learned classifier on the examples it did not see, and averaging the results”

=>» (Overfitting* you do not generalize. Model is too rigid and learning only on training data.

For example, with a known wealth, predict its happiness.

A e ickheshd Mot enoplex

e You suspect linear relationship and create linear model (we can see captures but it not good, underfitting: model
too simple, the relationship is too simple). nect e m/\t,r)g (0 My d,] .

e Quadratic model: Reduce train and test error

e Even more complex model like neural network predicts training perfectly and error is going to be 0. perfect on
data but not on any new data.

e Qverfitting: O error in training and huge in test. Learning too much from data and not generalization. Cross-
validation is the way to evaluation ML model.

e The lager dataset and the more intelligent, the care you less about over fitting.
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Model Complexity

OVERFITTING HAS MANY FACES

e Alinear learner has a high bias, because when the frontier between two classes is not a hyperplane the learner is
unable to induce it.

e Decision trees don’t have this problem because they can represent any Boolean function, but on the other hand
they can suffer from high variance: decision trees learned on different training sets generated by the same
phenomenon are often very different, when in fact they should be the same.

e Thus, contrary to intuition, a more powerful learner is not necessarily better than a less powerful one.
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CURSE OF DIMENSIONALITY
For example:
A. 10,000 INSTANCES and 100 features
B. 10,000 and 10,000 features
In which more information? If the descriptors are informative enough and depend on each other - less information. It
depends on the features.

=>» If you are adding features to your data that are not relevant, you have LESS information because of the CURSE of
DIMENSIONALITY.

E.g., If you have unique features like the size of the house to predict the value. When you add more features, you are
forcing the algorithm to look for a solution on a higher dimension (with the same data points), less information.

As you add a feature, you add a new dimension and space is bigger and the ML algorithm is forced to search in this space.

Adding dimension increases your search space.
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Therefore, a key part of the ML algorithm is finding relevant features- important because your try to reduce the CURSE of
DIMENSIONALITY.

If able to do feature engineering right and select the right features and data is going to be together in search space.

E.g., Label whether faces are sad or happy. By using the right features, you can cluster/put together similar data points
and not randomly distributed them into space.

e Data not randomly distributed into space.
e Remove irrelevant and add relevant.

INTUITION FAILS IN HIGH DIMENSIONS

=>» Curse of dimensionality: many algorithms that work fine in low dimensions become intractable when the input is
high-dimensional.

=>» There is an effect that partly counteracts the curse, which might be called the “blessing of non-uniformity”. In some
applications, examples are not spread uniformly throughout the instance space Lty)( are concentrated on or near a
lower-dimensional manifold.

Dot iy not fodemly Qithbuked nto the pace.
— Lf geu lelet vigm fealwey, dclo is Guy
® be cloe Toguether i teyds JPOLE .

2 peenen Keed ok (towol  pul fhll
im(JCI’\CI‘\t-



FEATURE ENGINEERING IS THE KEY

e Some machine learning projects succeed and some fail. What makes the difference? the most important factor is the
features used.

e Often, the raw data is not in a form that is amenable to learning, but you can construct features from it.

e Machine learning is not a one-shot process of building a data set and running a learner, but rather an iterative

process of running the learner, analysing the results, modifying the data and/or the learner, and repeating.
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MORE DATA BEATS A CLEVERER ALGORITHM.

If repeated, discard it.
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You want training data to be as representative as possible. Bigger data set less worrying about overfitting. P~

MORE DATA IS GOOD BUT DATA ALONE IS NOT ENOUGH.
To create an ML model, you need to understand the context of the model.

o Defined objective: what outcome am | trying to achieve?
e Levers: what inputs can we control

e Data: what data can we collect

e Models: how the levers influence the objective

What outcome
am | trying
to achieve?
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Levers Data Models

what inputs can we control what dots we can collect how the levers Influence the objective

Defined Objective
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= Concept of Ensemble Decision Boundary
Instead of creating a unique model, create several models that focus on different aspects of the data. By averaging
everything together, you expect that combined result is able to capture all aspects.

Model 1

;
>
-
= )
G )
5]
>
= -

>
4

Feature
Feature
Featwre

J b e ( o ¢ O ow v
; a8 b 20°.% 0%
‘0 0 O0dp i 0~ 909C0
> >
S~ Feature 1 ' il .
me ) e - 5 ey 5
\ /,

-
»

>
2

Feature
Feature

Feature 1 Featwre 1

Another way of avoiding overfitting (random forest).

TAKE HOME POINTS

1. Be aware of overfitting: your ML should work well on new data.
Feature engineer the curse of dimensionality: too many features- feature engineering (look in the room vs
apartment)

3. More features are not always a good idea, but more data is always better

4. Combine data with expertise (knowledge of stakeholders)

5. Ensemble many different ML models.
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ML Pipeline
Data Cleaning
Feature Engineering
Evaluation Metrics
PRACTI Naive Bayes Group Assignmen t (50%)
Tree-based Methods
Support Vector Machines
Dimensionality Reduction
Discriminant Analysis
Nearest Neighbor methods
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