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Clustering

• Clustering in Machine Learning refers to the process of grouping data according 

to some similarity criteria

• The groups/clusters are determined from similarity criteria

• The similarity is basically the distance between data points in the 

N-dimensional space of N features

• Clustering is a unsupervised method in machine learning. The training data 

do not contain labels indicating in which group they belong

• Some applications: market segmentation, social network analysis, search result 

grouping, medical imaging, image segmentation, ….



Clustering

• Simple representation of clustering in 2D space

https://rocketloop.de/en/blog/clustering-machine-learning-comprehensive-guide/



k-means

• One of the possible algorithms for clustering is the k-means

• Relatively simple concept, relying on grouping the data around a set of means 

obtained from the data itself

• Iterative procedure of estimating and updating the means and the distance of the 

data points from the means

https://www.geeksforgeeks.org/ml-k-means-algorithm/



k-means

• Workflow of k-means algorithm:

1. Determine in how many (k) clusters you want to split the data (see next slides)

2. For the k clusters, define initial k means in the N-dimensional space of features. 

These initial k-means have random initial coordinates

3. For every data point in the data set, calculate the distance from 

each of the means (see next slides) 

4. Assign every data point to the cluster with the nearest mean

5. Calculate total variation

6. Recalculate each mean, now using the data points of their cluster

7. Repeat steps 3 to 6



k-means

• Initial k-means (step 2)

• In the N-dimensional space of features, sample randomly k points

• Example of a 2 dimensional space with features x [0, 1], y[0, 1]:

• For k=4 (has been decided in a previous step - see next slides)

• Sample N*k=8 numbers uniformly from 0 to 1

• Form 4 pairs as the 2 dimensional coordinates of these initial k=4 means



k-means

• Assign data points to the means (step 3)

• Select a distance metric, for N dimensions:

• Manhattan distance, between points α and mean m
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k-means

• Assign data points to the means (step 3)

• Select a distance metric, for N dimensions:

• Euclidean distance, between points α and mean m
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https://uploads-cdn.omnicalculator.com/images/manhattan_distance.png?width=425&enlarge=0&format=jpeg



k-means

• Assign data points to the means (step 3)

• Select a distance metric, for N dimensions:

• Cosine distance, between points α and mean m

• D = 0 (cosθ = 1) max similarity, D = 1 (cosθ = 0) orthogonal, 

D = 2 (cosθ = 1) opposite  
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https://medium.com/geekculture/cosine-similarity-and-cosine-distance-48eed889a5c4



k-means

• Assign every data point to the cluster with the nearest mean (step 4)

• Add data point to a group related to the nearest mean

• This is based on our initial, random assumption of means

https://medium.com/@imparth/k-means-clustering-algorithm-34807a7cec71



k-means

• Calculate total variation (step 5)

• Total variation is a metric of performance of the algorithm 

• At the current state of data (current clusters), calculate the sum of all distances

• Use the same distance criterion as before

• Total variation for all J points within each of the k clusters:
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k-means

• Recalculate each mean, now using the data points of their cluster (step 6)

• Within each cluster calculate a new mean, 

based on the point belonging to that cluster

• Each coordinate mi of the new mean m can be calculated from the 

coordinates ai of the J points in that cluster as :
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k-means

• From there and on repeat this process iteratively, except for 

the initialization of the means at random points

• At each iteration store the total variation TV

• When the TV does not change by more than a threshold, 

the algorithm has converged to the final clusters

https://medium.com/@imparth/k-means-clustering-algorithm-34807a7cec71



k-means

• How do we decide the number of clusters?

• The “Elbow method”

• Create random means k=1, 2, …

• For each value of k, do steps 2-5 once. Plot the total variation vs k

• Optimal k:



Decision trees

• Programming exercise 4: 

• Use k-means clustering with Euclidean distance 

• On the 2D data uploaded in the lecture website:

• s2.txt from https://cs.joensuu.fi/sipu/datasets/

• The data looks like 2D map of 5000 stars to be clustered to galaxies



Decision trees

• Programming exercise 4: 

• Use k-means clustering with Euclidean distance 

• On the 2D data uploaded in the lecture website:

• s2.txt from https://cs.joensuu.fi/sipu/datasets/

• The data looks like 2D map of 5000 stars to be clustered to galaxies

• Report:

• The number of clusters

• The initial and final total variation

• The size of the smallest and of the largest final cluster

• Show a 2D figure with all the final clusters and their means



Monte Carlo Integration

Advanced methods

• Website of the lecture material (slides): 

https://www2.physik.uni-muenchen.de/lehre/vorlesungen/wise_23_24/Vorlesung_-Computational-methods-in-medical-physics/index.html

• Exercises to be sent via email (G.Dedes@physik.uni-muenchen.de) as a zip file:

• Containing all source code and make files

• Short report on the findings

• The name of the zip file should be:

• Exercise4_FirstnameLastname.zip

https://www2.physik.uni-muenchen.de/lehre/vorlesungen/wise_23_24/Vorlesung_-Computational-methods-in-medical-physics/index.html
mailto:G.Dedes@physik.uni-muenchen.de

