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So far we have been getting better at predicting outputs 
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Multivariate linear regression

Classification task with images
DNNs, CNNs

Binary classification in particle physics
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cHW = 0.03

AUC = 0.75

cHW = 0.001

AUC = 0.52

SM Higgs background

in all these cases we knew the labels, 
the output of each input

we knew what we were looking for
our learning was guided, supervised



What if we didn’t know what we were looking for?
what if the labels were not there? 

because they are unknown or too costly to be obtained
or you wanted to learn something beyond these labels?

what would you do? 
as a physicist, you would start thinking on 
possible physical relations, plotting things, 

trying to obtain the best data representation 
the representation which manifests a behaviour



So everything starts with data visualization
But we can’t visualise things in more than 3D

when most data we want to mine is high-dimensional…

So you need to do DIMENSIONAL REDUCTION
from original space to latent space

Reduction n-D to few-D isn’t simply 
projecting in a lower dimensional space

one dimension at a time
Choice: direction to project 

to keep as much info as possible

Bad choice 
end up with a crowding problem

the best choice to represent this data is 2D, 
going to 1D does limit your ability to learn

There’s hope, stat dynamics shows 
micro->macro can work



Being smart at dimensional reduction
The direction to project out dimensions is important

We need a criteria 
Principal Component Analysis (PCA)

In our representation of the data
there are clearly some redundancies

temp-atemp
registered-total rentals

weather type-all other variables
working day- casual

there could be one or more 
LINEAR COMBINATIONS 

of some of these variables which 
capture most of the information —> 

best predictor of rides



PCA
The procedure is simple enough, take the correlation matrix

and diagonalize it

with S diagonal

is a diagonal matrix with 
ordered eigenvalues

contains the eigenvectors
the directions of decreasing 

eigenvalue

We can then dimensionally reduce, but removing the directions in V with the 
smallest eigenvalues, the ones which carry less information in correlations

eqs. from this excellent review

https://arxiv.org/pdf/1803.08823.pdf


t-SNE
PCA is good as a first try at visualisation but is limited by its linearity

Often we would like to preserve local structures in higher-dimensions,
and PCA won’t do that

A good example of non-linear techniques is 
t-SNE (t-stochastic neighbour embedding)

In a nutshell, 
t-SNE  compares local distributions in the original and latent space

ORIGINAL

LATENT

with sigma_i some parameter

and provides a criteria for 
minimisation

the latent space choice which 
achieves the minimum is then 

chosen as latent space



Clustering
Now that we have reduced dimensionality

by PCA or t-SNE or another method
we can start thinking on finding patterns in it

Clustering is the most intuitive way to 
find patterns

Finding clusters of common behaviour 
using some distance criteria 

in the latent space

Clustering is an iterative procedure
start with some parameters like N clusters, 

cluster size etc
and try clustering the data using these criteria

The mathematical expressions are cumbersome 
(many definitions of running parameters)

but the intuitive meaning is clear



Different clustering methods

From SCIKIT webpage on clustering methods

https://scikit-learn.org/stable/modules/clustering.html


Today

The notebook today  is short
I want you to realise that all these visualisation and clustering methods 

are available with a simple line of code
I would like you to go over it, try to understand it 

and do a homework task: use your own choice of dataset
I give you a suggestion: 

Samsung Galaxy and S3 data of gyroscopes from users
identify types of activities 

We are going to follow a suggestion made by one of you

Unsupervised learning has less predictive power than supervised learning 
provided you can supervise

Nevertheless with t-SNE and K-means we will get 94%

What if we had the MNIST dataset and didn’t have labels?
Would we find that there are 10 classes? and to what accuracy?

https://colab.research.google.com/drive/1Ig6HRbgDtJZybutfxOVJ3dEKKJLcpExc

