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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? 
• 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. 

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 III). 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 

  



INTRODUCTION
*WHAT IS MACHINE LEARNING ?

↳) It is the field of study that gives computers the ability to learn without being explicitly
Programmed

↳> A computer is said to learn from Experience E with respect to some task i and some performance

measure p
,

if its performance on i las measured by PC improves with Experience E.

#
· For 2 .g. Your spam filter is a ML program that

, given examples of spam emails 12 . g . flagged by

users) and regular emails can lean to spam them. ( &<
The examples that the system uses to

③ In this case , the task T is to flag spam for learn are called training set and each

new emails
, the Experience E is the training training example is called a training

data and the performance p needs to be defined instance (or sample)
e . g. valio of carectly classified emails - This perfor

mance measure is called accuracy (and its of ten used

in classification tasks) -

-> If you download a copy of Wikipedia , you camp has a lot more data but it is not suddelly
belter at ay task: not ML.

- ML systems automatically learn programs from data

=> What is learning ? (steps to allow computer to learn)

LEARNING : REPRESENTARION + EVALUATION+ OPTIMIZATION

(focus)

① Representation : choosing your ype of classifier/solutan based on the assumptions

4) e .g. if your data linear , we use linear regression.

: choosing set of classifiers that it ca possibly lean. This set is called the

hypothesis space of the learner"
.

② Evaluation : you have your model but you have to tell you model if its solving the

problem correctly .

4 An evaluation encriony objective findia/saoing Inclia is needed No distingrish !

good classifiers from bad ones ; what are you trying to improve?

y
MLl

③ Optimizatio : tells your model how to improve you evaluation metic.

↳
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First IDEA:  

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. 

• 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). 

• Quadratic model: Reduce train and test error 
• 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. 
• Overfitting: 0 error in training and huge in test. Learning too much from data and not generalization. Cross-

validation is the way to evaluation ML model. 
• The lager dataset and the more intelligent, the care you less about over fitting.  

 

OVERFITTING HAS MANY FACES 
• A linear learner has a high bias, because when the frontier between two classes is not a hyperplane the learner is 

unable to induce it. 
• 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. 

• Thus, contrary to intuition, a more powerful learner is not necessarily better than a less powerful one. 

 

What you care about is how your algoithim works with NEdata- you already new

what happened With taining data; you cot about leaning from that to

predict new data .

-> the relationship is more complex ;

not leaning so much.

↓ you are not learning enough (relatiashp more complexs

-> More complex
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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.  

 

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. 

• Data not randomly distributed into space. 
• 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 but are concentrated on or near a 
lower-dimensional manifold. 
 
 
 
 

E
I unique feature

1 you add mother dimensic

= As you add a feature, you add

a dimension and you search space
is bigger and bigger : forcing you
ML model to search in a bigger
space

I
Data is not radamly distributed into the space.

-> If you select right features,
data is going

to be close toguether in search space.

-> Decisen trees are robust but still

important.



FEATURE ENGINEERING IS THE KEY 
 

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

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

MORE DATA BEATS A CLEVERER ALGORITHM.  

If repeated, discard it. 

 

4 algorithms. Few data points, cleverer model (neural network-memory based) will be more accurate. If you add data 
points, all reach a performance of 0.95% of accuracy. 

DATA ALONE IS NOT ENOUGH GIGO PRINCIPLE 

 

More data good solution, unless data is rubbish. Data without errors, that is novel and relevant. "Garbage in Garbage 
out" principle. 

You want training data to be as representative as possible. Bigger data set less worrying about overfitting. 

MORE DATA IS GOOD BUT DATA ALONE IS NOT ENOUGH. 

To create an ML model, you need to understand the context of the model. 

• Defined objective: what outcome am I trying to achieve? 
• Levers: what inputs can we control 
• Data: what data can we collect 
• Models: how the levers influence the objective 

 

↓ more data points

-> With few data points , a cleaveer

alguithim is going to be belter

4 Neurcal net.Lmore complex)

. collectedata
.

-> simple one

r More date is belter uniess

data is ubbish
.

↓

No erors ,
relevant

, novel

data
.

↳ If you feed your Muc with

rubbish , you are going to

get rubbish .

The problem of overfiting
↑ is that you training

data is not repe-

sentative.



Every learner must embody some knowledge or assumptions beyond the data it's given: Try to remove irrelevant and add 
relevant (therefore reducing dimension). 
 

LEARN MANY MODELS, NOT JUST ONE 
• Before everyone had their favourite learner, with some reasons to believe in its superiority. The most effort went into 

trying many variations of it and selecting the best one.  
• No free lunch theorem: there is no single best model that works best for all problems. 
• Ensemble: if instead of selecting the best variation found, we combine many variations, the result is better. 
•  effort went into trying many variations of it and selecting the best one.  

 
➔ 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. 

 

 Another way of avoiding overfitting (random forest). 

 TAKE HOME POINTS 

1. Be aware of overfitting: your ML should work well on new data. 
2. 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. 

↑ uneufthekeymilena forchoing
representarin are whiche se

ij
Y if we have knowledge about what make, examples

similar in ar domain ,
instace based methods

may be a good chaice
.

· if kaldege about probabilistic depen
dencies - graphical madels

· and ifculdege about what iial
of pecuditics are regured by
each clas) "IF

... THEN...
"

rules

may be the

e
best oprice.



TYPES OF ML Learning Systems

· Whether or not they are trained with huma superisia

8 Superised : the training set you feed to algorithim includes desired Solutions called labels
.

2) A typical supensed learning task isasification e. g . Span filter. It is rained with may
example of emails along with their class (spana han) and it must lean haw to classily
new emails.

↳) Regression : predict a target numeic value e . g . price of house given a set of

features Called predictors .

1) To train system you need to give it may examples
-

including both their predictors and labels (ie . their prices) .

② Unsuperised : training data is unabeled ⑤ Semi-supenised
↳ clusting/hierchichal clusking ⑦ Reinforcement Learning : based a rewarding
↳ visualization algorithims desired behaviars ad/a pinishing undesired

4) Associativ rule learning ones -> the learning suplem called a get,

con observe environment , select ad peform

actions and get rewards or Renallies in rein.

2) It must lean by itself what is the best

strategy called Picy ,
to get the most

reword over time.

·

Whether or not they can learn incrementally o the Fly
->

onune
-> Batch learning : system in capable of

learning incrementally + must be traned

using all available data loffline

learning

· Whether or not they was by camping new data points to man data points ,
or instead by

detecting pattems in the training data and building a predictive model.

: how they generalize

① Instace-based learning : system learns the examples by heart , then generalizes to new

Lases using a similaty measure no compare them

& Model baled learning : build a model of these examples and re them to make pedictias



MAIN CHALLENGES OF MACHINE LEARNING

1. Insufficient quatily of data

2. Non-representative training data

↳
By using a na-representative tranglet ,

we trained a model that is unlikely to make

accurate predictions · especially for vey por or very rich cantries.

2) Inicial towhe trang set mat is representative of the cases you wat to generalize to.

↳ If sample is too small ; you will have sampling noise Lie . na representative sample is a

result of chance) , but even large data Jets cabe na-representative if the sampling
method is flowed : samping bias

.

3. Poor quality data

4 If training data full of errors
, cutliers and noise Le . g . due to poor quality

measurements) + node to delect patters : Less likely to pefa well

4. Irrelevant fecutures -> Fautre Engineering invaves the follang steps : 1) Feature Selectic

2)" "extraction

3) creating new tea .

5. Overfilting the training data -> it means the model performs well a the training data,

but it does not generalize wel

4
Happens when model is to complex relative to the amant and noiliness of the Nang data.

Solutions :

1) simplify model by selecting . one with fewer features by reducing * attributes in Frang

1
Nang data or by castraining model .

2) father more trang data.

3) Reduce naise in rang data (e .g .

fix data erros and remae cuttiers)

constraing a model to make it simpler and reduce the risk of overfiting -> is called regulaza
ticn

.

4) the amant of regularizatio to apply is catrolled with a hyperparameter -> a

parameler of a learning algoithim (not the model) - it must be set por to rong
and remans castat diring raining.

6. Underfiltingtaing data : ocurs when you model is to simple to learn the underlying stucture of

of you data. Solutias :

1) Select more parerful model withn parameters .

2) Feed belter features

3) Reduce the custrants in the model /e . g .
reduce the regularization hyperparametes)

↳ once you tain model
,

to hou how it will generalize to new cases is to actually by with new

cases : split your data into training and test set. Errerrate in new cases is called the

is called the generalization error (or cut-of sample error)
&

tells you how well you mudel will perform a instaces it has never seen before.

-> If raing error law (ie few mistakes a raing set) but generalination error high + model we-
fitingrang data



↑ Test sit

Data acquisition -+ Data cleaning -> Traing Data + Model training + Model testing -> Model

& Deplayment

Is it fair to use ar single split to evaluate our model performace?
Adjust hyperprameter

4 we were given the chace to update the model parameters again and again
↳ To fix this , split in three sets :

1) Training data : used to train model parameters .

2) Validation data : used to determine what model parameters to adjust .

3) Test data : to get some final performance metric
.

↑
Not allowed to go back tostep 1 or 2 .

This step is so that you test you data with inseen data.

Evaluating Reformance

1. Classificatia Metrics -> Accuracy ,
Recall , Precisin , Recal

4 Model La either be correct or incorrect in its prediction .

4) For simplification : binay clasification -> lat or dog

1. Accuracy :

nofcaretpredictias y uolwhen target class is well balace al

2. Recal : ability of a model to find all the relevant cases in a data set .

=yof me postistas
3. Precisio : ability of a model videntify only the relevant data points

xxp
↳Trade off between both Preciso ad recalt

4. Fu-Scare-combinatio . Used to achieve optimal blend of both pecision and Recall
.

Fi = 2 xrecisinxRecal -harmonic mea of both (not the aveage s thatsi

punishes extreme values.

P PREDICTED CONDITON

TRWE

caditia porNegali cypees



Every algorithim is expored via on "Estimator" . General form :

↑ from sklearn. family import Model

Scikit learn

from sklearn
. linear-model import Linea Regression

↓

2)set hyperpoameters -> 3) cross-val-scae impot train test split
↓

4unce you split data ,
we can trains fit

our model on the training data
" model . fit (X-train

, y-train)
&

-> Model has been fit and trained

on the training data : ready
t predict labels or values a lest data

3. we get the predicted values using the predict
method.

predictias = models
· Predict (X-test)

6. Evaluate method camping test and trainist
.



Hyperparameter Tuning and Model Selection

=> If hegitating between to models , it is commen to tain both and compare now well they

generalize using the test set .

4 Imagine lineor model generalizes belter but you wat to apply regularization to avoid everfitting
Hor do you choose value of hyperparamete !

·

One option is to train 100 diff - models with 100 diff . Values and select are with lowest generalitatin

error (5% ) + you lanch into production and produces 15 % error

· Problem is that you meaed generalization error multiple times a test set ad you adopted
model and hyperparametes , for that paticular set : unlikely to perform well on new data.

4 Solutic : hold out validation : hold out pot of Naning set to evaluate several cadidate

models (validaria set)
.

↳ Solutio : cross validation uses many small Validation sets

-
ach model is evaluatedonce per validation set after it is trained o the rest of the data.

. By

averaging out all the evaluation of te model , you get a much more accurate measure of its pe-

Formance


