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Once you have the data: Training the model
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The weights are the parameters of a model
that determine the strength and direction of the
relationship between the features and the

target. - o
The goal of training is to minimise a loss

function by updating the weights.
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Types of ML

Remember the types of machine learning (Topic 1):
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https://vas3k.com/blog/machine_learning/



Linear regression

In algebra In ML
y=>b+mx y=w,+w,\x, +e
y — dependent variable y — output or target or label
x — independent variable x; — input or feature
m — slope w, — bias
b — intercept w; — weight
e — error
o
¥=mxr+bh 969\

For more complex input with multiple features

Yy=w,+WMX,..+WxX;+e




Non-linear regression

In algebra In ML
— 2 3 — X
y=b+mx+myx®+mys3 Y=w,+w.x,..+wx+e
y — b + m2 X, =X
X, = X2
y = log (b + mx) =¥
*e 50 1 «+=+ linear (d=1), R2=0.54 o ] ]
== ka2l P Coefficient of determination
530_ p2 1 _ >:(y; —9,)* sum of squares of residuals
g Y (yi —¥)? total sum of squares
? 20/ (~ variance of the data)
g y; — true output
o y —mean of all y;
0_ y; — predicted output

% lower status of the population [LSTAT]



Kernel ridge regression

Ridge regression is a method of estimating the coefficients of multiple-regression models in
scenarios where the independent variables (outputs) are highly correlated. Ridge regression allows

avoiding overfitting through regularisation:

n n
L2 = Z(Ytrue - ypredicted)2 + /12 Wi2
i=1 =1

loss

penalty

However, not all data can be separated linearly. In the real world, data can be randomly distributed,
making it difficult to classify the data with linear regression.
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https://www.codecademy.com/resources/docs/sklearn/kernel-ridge-regression

The kernel trick allows forming a more
complex model in the original feature
space without incurring huge computing
costs to transform the data into a higher
dimensional space. It is more efficient and
less expensive to use the kernel function
than to do more complicated computations

In multidimensional space. 5



Classification: decision trees

Decision trees divide the data feature space into a set of hypercubes that are classified as signal (+1)

or background (-1).

« Each region can be fitted with a constant to represent the data in that region.

* We can recursively continue to sub-divide the data until some minimum number of examples are
left in each sub-division.

Can describe the data X2
as the root node.

Example feature space

described by X={x1, x2}

Adapted from “Introduction to Machine Learning” lecture slides by A. Bevan, Queen Mary University 7



Classification: decision trees

Decision trees divide the data feature space into a set of hypercubes that are classified as signal (+1)

or background (-1).

« Each region can be fitted with a constant to represent the data in that region.

* We can recursively continue to sub-divide the data until some minimum number of examples are
left in each sub-division.

The data get divided X2
into two partitions.

X< A

¥ < B | ¥ < C

Cut on the feature
space to separate the
data into two different
regions.

Adapted from “Introduction to Machine Learning” lecture slides by A. Bevan, Queen Mary University 8



Classification: decision trees

Decision trees divide the data feature space into a set of hypercubes that are classified as signal (+1)
or background (-1).
« Each region can be fitted with a constant to represent the data in that region.
* We can recursively continue to sub-divide the data until some minimum number of examples are
left in each sub-division.
X2

Divide the data again

Ky < A

¥ < B ¥y =< C

The feature space gets
further sub-divided.

Adapted from “Introduction to Machine Learning” lecture slides by A. Bevan, Queen Mary University 9



Classification: decision trees

Decision trees divide the data feature space into a set of hypercubes that are classified as signal (+1)

or background (-1).

« Each region can be fitted with a constant to represent the data in that region.

* We can recursively continue to sub-divide the data until some minimum number of examples are
left in each sub-division.

Divide the data again

¥ < A

J.IPEM

+1 -1+1 -1 +#1 -1 +1

The feature space gets
further sub-divided

(again).

Output of a decision tree

y(x) = +1 or —1

Adapted from “Introduction to Machine Learning” lecture slides by A. Bevan, Queen Mary University 10



Random forests

« Decision trees are “weak learners”, as they can take input features that only weakly separate
types of example and combine those features to increase the separation.
« Asingle tree is susceptible to overtraining.

Random Forests are constructed
from an ensemble of individual trees.
« Each tree in the ensemble uses a
randomly selected subset of the
feature space, and the minimum
node size is usually setto 1, so
the Classifier prediction iS almost Decision tree-1 Decision tree-2 Decision tree-3 Decision tree-N
always accurate. Resun Resu.tz Rei.ts Resﬁt
« The mode (classification) or mean
(regression) of the ensemble is ‘ Majomy voting \

the output of the Random Forest.

Final result
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Adapted from “Introduction to Machine Learning” lecture slides by A. Bevan, Queen Mary University



Clustering

... Is an unsupervised machine learning technique designed to group unlabeled examples based on
their similarity to each other. (If the examples are labeled, this would be classification!)

Unlabeled data

Clustered data
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Average number of symptoms per week

Sanchez-Lengeling, Aspuru-Guzik, Science 2018, 361, 360.

Similarity measure
(function, metric) —a function
that quantifies the similarity
between two objects.
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. . . Clusterin .
Clusterlng Clustering Algorithm Type Metho dology Algorithm(s)
Centroid- Cluster points based on Kﬂ:z::i
based proximity to centroid KMedoids
Connectivity- Cluster points based on Hi(‘i:“rg:\‘;?ﬁlagt‘:*::éng
based proximity between clusters 99 Divisive)
Cluster points based on DBSCAN
Density-based their density instead of OPTICS
proximity HDBSCAN

6raph-based

Cluster points based on
graph distance

Affinitiy Propagation
Spectral Clustering

& Distribution-
" based

Cluster points based on
their likelihood of
belonging to the
same distribution.

Gaussian Mixture
Models (GMMs)

Compression-
based

Transform data to a lower
dimensional space and then
perform clustering

BIRCH

https://blog.dailydoseofds.com/p/the-categorization-of-clustering
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Model validation

Data splitting into training, [validation], Dataset
testing sets helps ensure the creation
of data models and processes that use Training Testing | Holdout Method

data models are accurate.
Data Permitting:

To assess the quality of the model Training Validation

_ : _ Testing
before applying it to unseen inputs N
(testing), we perform cross-validation.
N P
k folds
Ay, —— |Model 1 [—— CV-Score;,
Ay A, —— |Model 2 |—— CV—SCOI'e,l2
Choose model
—> with the
/{3 Model 3 CV—SCOI‘G,I_I lowest CV-Score
K
1
CVScore,, = EZ Scorey, i Ay Model 4 CV-Score;, |
i=1

Sanchez-Lengeling, Aspuru-Guzik, Science 2018, 361, 360. 14



Hyperparameter optimisation (tuning)

... Is a process of choosing optimal
hyperparameters — parameters that control
the learning process and that are defined
before the learning process starts.

Hyperparameters
Optimization Methods

Manual {Hit & Trial)

Bayesian Optimization

Gradient Based

Gaussian Process

Random Forest

Tree-Structured Parzen Estimator

Successive Halving

Multi Fidelity

Hyperband

Random Search

Bayesian Hyperband Optimization

Genetic Algorithm

Metaheuristic Optimization

Particle Swarm Optimization

Simulated Annealing

Grid Search

Karlupia, Mahajan, Abrol, Lehana, Int. J. Appl. Math. Comp. Sci. 2023, 33, 21.
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