Python programming and
machine learning

ILCB Summer School 2023 - Class 1/4

Thomas Schatz, August 28th 2023

Course material will be available after the class at https://thomas.schatz.cogserver.net/teaching/



Tentative outline

Class
 What is machine learning and why should you care ?
* Case study introduction: classification of cat and dog images
Class 2
* Programming basics (in python)
Class 3
* Implementing classification of cat and dog images (with linear and nearest neighbor classification algorithms)
Class 4
e Jesting our implementation

e (General discussion



Class 1

 What is machine learning and why should you care ?

 Case study introduction: classification of cat and dog images



Why should you care about Machine Learning?
Examples from cognitive (heuro)science

Developing models of neural/cognitive processes
-> “Deep learning” systems trained to classify object labels
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Developing models of neural/cognitive processes
-> “Deep learning” systems trained to classify object labels
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Why should you care about Machine Learning?
Examples from cognitive (heuro)science

Interpreting recordings of brain activity
-> “Encoding models” trained to predict brain activity from hypothesised
cognitive representations

Example 2
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Why should you care about Machine Learning?
Examples from cognitive (heuro)science

Interpreting recordings of brain activity
-> “Encoding models” trained to predict brain activity from hypothesised
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Why should you care about Machine Learning?
Examples from cognitive (heuro)science

Generating experimental stimuli
-> 3D Face synthesis system

Figure 6. Exemplary fitting result for CMU-PIE with BFM
Face Model. Left the original image, middle row the fitting
result rendered into the image and right the resulting 3D

model.
Paysan et al. (2009)

Example 3



Why should you care about Machine Learning?
Summary

(At least) three broad use cases for ML in cognitive (neuro)science

* Automatisation of time-consuming tasks (annotation, stimuli preparation...)

* Analysis of experimental data (brain imaging, behavior in the lab, online
experiments...)

 Development of models of cognitive and neural processes (perception,
language, decision-making, navigation, memory...)



What is Machine Learning?

What do the examples have in common?
* About generalisation, i.e. learning from experience/examples
> That’s statistics
 What distinguishes machine learning within statistics?

> Computational aspect: finding (and applying) ML solutions to problems
requires a computer



What is Machine Learning?

ML == statistics + computer science

Central ML concepts: generalisation and algorithms

Central objectives of ML.: finding statistically and computationally efficient
algorithms to solve generalisation problems



Case study: classification of cat and dog images




Case study: classification of cat and dog images
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Case study: classification of cat and dog images




Case study: classification of cat and dog images
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Case study: classification of cat and dog images

Central objectives of ML.: finding statistically and computationally efficient
algorithms to solve generalisation problems



Case study: classification of cat and dog images

Average
classification
error on test images

* Number of images in training set
predicted_label (‘cat’ or ‘dog’)

Held out test set Test Results

Central objectives of ML.: finding statistically and computationally efficient
algorithms to solve generalisation problems




Case study: classification of cat and dog images

Central objectives of ML.: finding statistically and computationally efficient
algorithms to solve generalisation problems



Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images

Decision Which line/hyperplane?
boundary
D
Dl - “Empirical risk minimisation” idea:
D b pick the line that minimises
- classification error on training set
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Case study: classification of cat and dog images

Formalisation of the optimisation problem (d=2)
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Case study: classification of cat and dog images
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Case study: classification of cat and dog images

Decision Search procedure?
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Case study: classification of cat and dog images
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Loss function
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Case study: classification of cat and dog images
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Summary

 Why machine learning may be relevant to cognitive scientists
* Automatisation of time-consuming tasks
* Analysis of experimental data
* Development of models of cognitive and neural processes
 What is machine learning about?
* Designing and implementing computationally efficient statistical procedures
» Classification of cat and dog images
* Two simple algorithms for (image) classification: nearest-neighbor and linear classification

* A simple empirical approach to measuring the statistical and computational efficiency of a
classification algorithm



Tomorrow

* Python programming basics to prepare Wednesday’s implementation of
concepts developed in today’s class

* You will need
* A laptop

* Access to a Google account to connect to google colab (https://
colab.research.google.com/)



https://colab.research.google.com/
https://colab.research.google.com/
https://colab.research.google.com/
https://colab.research.google.com/

Thank you for your attention

Course material will be available after the class at https://thomas.schatz.cogserver.net/teaching/



