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K-Means clustering, GMMs
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Unsupervised vs. Supervised learning

3

K-Means Clustering
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Clustering 
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Clustering – 
a fundamental unsupervised task
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K-means Idea

7[*B3-Geron] Aurelien Geron, Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, O'Reilly, 2022. 

K-means Algorithm
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K-means Algorithm
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Does k-means converge?
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Does k-means converge?

11

Downsides of k-means

12

1. Requires the number of clusters to be 
specified by us

2. Final solution depends on the initialization 
(does not necessarily find global minimum 
of the objective)

3. Does not behave well when clusters have 
varying sizes, different densities or 
nonspherical shapes
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Finding the optimal number of clusters k

13Read more at: https://en.wikipedia.org/wiki/Determining_the_number_of_clusters_in_a_data_set 

Centroid initialization methods
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Plotting inertia as a function of the number of clusters k
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Model’s inertia is the mean squared distance between each instance and its 
closest centroid.

Silhouette score - the mean silhouette coefficient over 
all the instances
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Use Example 1: Using Clustering for Image Segmentation

17[*B3-Geron] Aurelien Geron, Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, O'Reilly, 2022. 

Use Example 2: Using Clustering for Semi-Supervised 
Learning

• We have plenty of unlabeled instances and very few labeled instances

• MNIST digits dataset: assume only 50 labeled instances are labeled
• Train a Logistic Regression model on the sample of 50 labeled instances

• The accuracy is just 83.3%

• Better approach:
• First, cluster whole training set into 50 clusters using k-means

• Then for each cluster, find the image closest to the centroid; call these images the 
representative images; label them manually

• Train a Logistic Regression model on the new representative 50 labeled images

• The accuracy jumps from 83.3% accuracy to 92.2%, although we are still only 
training the model on 50 instances.

18Geron’s GitHub: https://github.com/ageron/handson-ml3/blob/main/09_unsupervised_learning.ipynb 
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For fun

19

• https://www.naftaliharris.com/blog/visualizing-k-means-clustering/

• http://alekseynp.com/viz/k-means.html

• https://maayanlab.cloud/clustergrammer/ 

• https://user.ceng.metu.edu.tr/~akifakkus/courses/ceng574/k-means/ 

• https://www.philippe-fournier-viger.com/tools/kmeans_demo.php 

Gaussian Mixture Models
Extension of k-means
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Gaussian Mixture Model (GMM)

• A Gaussian Mixture Model (GMM) is a probabilistic model that 
assumes that the instances were generated from a mixture of several 
Gaussian distributions whose parameters are unknown.

21See demo: https://lukapopijac.github.io/gaussian-mixture-model 

Gaussian Mixture Model

22

Probability to pick a cluster is 
the cluster’s weight. The index 

of the cluster is zi 

21
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Maximum Likelihood Estimation (MLE)
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Recall MLE from Lecture 1: fitting a single Gaussian model
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MLE for GMM

25

i=1..n

Expectation Maximization (EM) algorithm to approximate the 
solution of MLE
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For general number of clusters K and dimension d

27

Selecting the Number of Clusters

• Find the model that minimizes a theoretical information criterion, such as 
• the Bayesian information criterion (BIC) or 

• the Akaike information criterion (AIC)
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Bayesian Gaussian Mixture Models
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Example: Anomaly Detection Using Gaussian Mixtures
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Example: GMM for real data

[1] Eitan Richardson and Yair Weiss. 2018. On GANs and GMMs. In Proceedings of the 32nd International Conference on 
Neural Information Processing Systems (NIPS'18). Curran Associates Inc., Red Hook, NY, USA, 5852–5863. 31

Summary
• Though the GMM is often categorized as a clustering algorithm, fundamentally it is an 

algorithm for density estimation. 

• That is to say, the result of a GMM fit to some data is technically not a clustering model, 
but a generative probabilistic model describing the distribution of the data.

• GMM gives us the recipe to generate new random data distributed similarly to our input.

32
Original Generated
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Spectral Clustering

33

Spectral Clustering

34k-means and GMMs are inherently linear
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Step 1. From dataset to a graph

36

Step 2. Graph partitioning
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Step 2. Graph partition using Graph Laplacian
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Step 2. Graph partition using Graph Laplacian
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Step 2. Graph partition using Graph Laplacian
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Step 2. Graph partition using Graph Laplacian
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Spectral Clustering
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PART 2
Code Time!
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Code Time

43

•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
lecture assignment.
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Conclusion
Takeaways
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K-Means vs. Gaussian Mixture Models (GMMs)
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