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Dimensionality Reduction II  – Roadmap
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Dimensionality Reduction II  – Textbook
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Dimensionality Reduction II  – Overview (1/2)

Output data

https://www.cs.hmc.edu/~kpang/nn/som.html 

2D space

Each neuron/node contains 
a 3D weight vector 
representing its RGB values 
and a 2D geometric 
location in the grid.

3D space3D space

Input data

https://www.cs.hmc.edu/~kpang/nn/som.html
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Dimensionality Reduction II  – Overview (2/2)

Credit: Chompinha

Input data at a high-D space

Output data at a low-D space

Generate a reduced-dimensional 
representation, usually two-dimensional, 
of a higher-dimensional dataset while 
maintaining the topological structure 
of the data.

https://commons.wikimedia.org/w/index.php?title=User:Chompinha&amp;action=edit&amp;redlink=1
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o LO1: understand the basic idea of all the learned dimensionality 
reduction methods (exam)

v E.g., describe the basic idea of the suggested algorithm

v E.g., understand the pros and cons of the learned algorithms

v E.g., given a dataset, be prepared to follow the selected algorithm to calculate 
its key steps on the given data

o LO2: Implement the learned algorithms for dimensionality reduction 
(course work)

Dimensionality Reduction II – Learning Outcomes

Assessment hints: Multi-choice Questions (single answer: concepts, calculation etc)

o Textbook Exercises: textbooks (Programming + Mining) 
o Other Exercises: https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf
o ChatGPT or other AI-based techs 

https://www-users.cse.umn.edu/~kumar001/dmbook/sol.pdf
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Embedding Data

Credit: Jo Grundy
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Embedding Data

Credit: Jo Grundy
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Embedding Data - PCA

Credit: Jo Grundy
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Embedding Data - PCA

Credit: Jo Grundy
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Embedding Data - PCA

Credit: Jo Grundy
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Embedding Data – Self-Organising Maps

Credit: Jo Grundy
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Embedding Data – Self-Organising Maps

A good mapping would group 
the red, green, and blue 
colors far away from one 
another and place the 
intermediate colors between 
their base colors (e.g. yellow 
close to red and green, teal 
close to green and blue, etc)

https://en.wikipedia.org 

https://www.cs.hmc.edu/~kpang/nn/som.html 

3D space

https://en.wikipedia.org/
https://www.cs.hmc.edu/~kpang/nn/som.html
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Embedding Data – Self-Organising Maps

https://wonikjang.github.io 3D space

https://www.cs.hmc.edu/~kpang/nn/som.html 

2D space

Each neuron contains a 
weight vector representing 
its RGB values and a 
geometric location in the 
grid.

3D space

Output data

Input data

https://wonikjang.github.io/
https://www.cs.hmc.edu/~kpang/nn/som.html
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Embedding Data – Self-Organising Maps

Credit: Jo Grundy
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Embedding Data – Self-Organising Maps

Credit: Chompinha

Credit: Jo Grundy

https://commons.wikimedia.org/w/index.php?title=User:Chompinha&amp;action=edit&amp;redlink=1
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Embedding Data – Self-Organising Maps

e.g., 𝜃

𝑢 is the winner node, and 𝑣 is the node whose weight is 𝒘

Credit: Jo Grundy & Jon Hare 
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Embedding Data – Self-Organising Maps

Credit: Jo Grundy
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Embedding Data – Self-Organising Maps

https://github.com/zhiwu-huang/Data-Mining-Demo-Code-18-19 

Credit: Jo Grundy

https://github.com/zhiwu-huang/Data-Mining-Demo-Code-18-19
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Embedding Data – Self-Organising Maps
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https://github.com/zhiwu-huang/Data-Mining-Demo-Code-18-19
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Multidimensional Scaling

Credit: Jo Grundy
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Embedding Data – Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – t- Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – t- Stochastic Neighbour Embedding

Credit: Jo Grundy
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Embedding Data – t- Stochastic Neighbour Embedding

Lorenzo Amabili, http://lorenzoamabili.github.io 

Credit: Jo Grundy

http://lorenzoamabili.github.io/
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Embedding Data

Credit: Jo Grundy



35/45

Embedding Data – One Hot Encoding

Credit: Jo Grundy
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Embedding Data – One Hot Encoding

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy

NeurIPS 2023 ‘Test of Time Award’

https://blog.neurips.cc/2023/12/11/announcing-the-neurips-2023-
paper-awards/ 

Published at NeurIPS 2013 and cited over 40,000 times, the work 
introduced the seminal word embedding technique word2vec. 
Demonstrating the power of learning from large amounts of 
unstructured text, the work catalyzed progress that marked the 
beginning of a new era in natural language processing.

https://blog.neurips.cc/2023/12/11/announcing-the-neurips-2023-paper-awards/
https://blog.neurips.cc/2023/12/11/announcing-the-neurips-2023-paper-awards/
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Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy



40/45

Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

Credit: Jo Grundy
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Embedding Data – word2vec

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

Credit: Jo Grundy

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

