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Before we start…
• Open your terminal and type: 

1. cd ai4seismology-2025/day3/umap/ 
2. mkdir data 
3. cd data   
4. cp -r /data/horse/ws/s4122485-ai4seismology/data/umap/* . 

• OR: 
•

Execute the notebook.
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What is UMAP?
• UMAP is a dimensionality reduction technique that helps visualise high-dimensional data in 2D 

or 3D, preserving both global structure and local neighbourhoods better than other methods 
(e.g. t-SNE). 

• Key Features: 
• Manifold Learning: Assumes data lies on a low-dimensional manifold within a high-

dimensional space. 
• Graph-based Approach: Builds a k-nearest neighbour graph, then optimises a low-

dimensional layout that preserves this structure. 
• Fast and Scalable: Faster and more memory-efficient than t-SNE, works well with large 

datasets. 
• Preserves Local and Global Structure: Better at maintaining the overall shape of the data 

compared to t-SNE. 
• Versatile: Works for visualisation, clustering, preprocessing, and more.



UMAP is not a clustering algorithm

• Short Answer: 
UMAP is a dimensionality reduction technique, not a clustering algorithm. It reveals 
structure in the data, but it doesn’t assign labels or group data points into clusters on its 
own. 

• Longer Answer: 
• UMAP projects high-dimensional data into a lower-dimensional space by preserving the 

topological relationships between points — i.e., it tries to maintain "who is close to whom." 
• It creates a neighbourhood graph in high-dimensional space, then tries to lay that out in a 

lower-dimensional space in a way that preserves the structure. 
• The result often shows clusters visually, but these clusters are an emergent property, not 

something UMAP explicitly calculates or labels.



What Is Manifold Learning?

• Manifold learning is a type of nonlinear dimensionality reduction based on the idea 
that high-dimensional data often lies on a lower-dimensional curved surface (a 
"manifold") embedded in that high-dimensional space. 

• Example: 
• Imagine a sheet of paper (2D) that's been twisted into a Swiss roll shape in 3D space. 
• Although it exists in 3D, all the points on the roll really live on a 2D surface. 
• So, we can “unroll” it and find a 2D representation that captures the true structure. 
• UMAP assumes something similar: your high-dimensional data actually lies on a 

much lower-dimensional manifold (e.g., 2D or 3D).



What is UMAP?
Two important parameters when working with UMAP 

n_neighbors 
Approximate nearest neighbours are used to construct the initial high-dimensional graph 
Controls how UMAP balances local versus global structure 

• Low values will push UMAP to focus more on local structure by constraining the number of neighbouring points considered 
when analysing the data in high dimensions 

• High values will push UMAP towards representing the big-picture structure while losing fine detail. 
min_dist 
Minimum distance between points in a low-dimensional space 
Controls how tightly UMAP clumps points together 

• Low values leading to more tightly packed embeddings 
• Larger values will make UMAP pack points together more loosely (preservation of the broad topological structure) 

Links to check out: 
• https://pair-code.github.io/understanding-umap/ 
• https://umap-learn.readthedocs.io/en/latest/how_umap_works.html

https://pair-code.github.io/understanding-umap/
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html


n_neighbours
n_neighbors = 3 n_neighbors = 200

we’re not preserving distances directly — we’re preserving local relationships and the shape of the manifold.



min_dist
n_neighbors = 3 | min_dist = 0.99 n_neighbors = 200 | min_dist = 0.99



The exercise



The database

https://www.kaggle.com/datasets/chrisfilo/urbansound8k?resource=download

https://www.kaggle.com/datasets/chrisfilo/urbansound8k?resource=download


The dataset



UMAP with extracted features



UMAP with learned features


