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Part 1. Models in Computational Neuroscience

Part 2: Vision (L Perrinet)

Part 3: Supervised Learning

Part 4. Unsupervised Learning

Part 5: Time Series Classification




Part 3: Supervised Learning

* Basics
~ Cross-validation
- Classifiers: basics
~ Hyperparameter tuning with nested cross-validation

- Feature selection (RFE)
* Application to real datasets

* Training of logistic regression; autodifferentiation



Cross-Validation
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Cross-Validation
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Cross-Validation
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Cross-Validation
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Cross-Validation

trial samples
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Randomizing Labels: Baseline = Chance Level
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Train, Test and Baseline Accuracy
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Practice

* Basic exercises in nb_supervised_learning
» Classification of subjects/tasks using data_fMRI

* Try also datasets in scikit-learn (https://scikit-learn.org/stable/datasets.html)



Part 3: Supervised Learning

* Basics
~ Cross-validation
- Classifiers: basics
~ Hyperparameter tuning with nested cross-validation

- Feature selection (RFE)
* Application to real datasets

* Training of logistic regression; autodifferentiation



Logistic Regression (a.k.a. Nonlinear Perceptron)
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Logistic Regression (a.k.a. Nonlinear Perceptron)
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Logistic Regression (a.k.a. Nonlinear Perceptron)
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Logistic Regression (a.k.a. Nonlinear Perceptron)
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Logistic Regression (a.k.a. Nonlinear Perceptron)

e gradient descent

* depends on loss function and activation function ®



Logistic Regression (a.k.a. Nonlinear Perceptron)

e gradient descent

* depends on loss function and activation function ®

e extend to other network architecture?



Two-Layer Perceptron
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Two-Layer Perceptron
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Two-Layer Perceptron

input

-

Ji

cmmem oo

CED Gh GD GD EGD GD GD GD GD GD GD GD GD GD G GD G» G - o,

\
V4

\
|dden444J output E
0
Yi Vi o Lk o
J
target loss
Z, €=
weight



Two-Layer Perceptron
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Two-Layer Perceptron
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Autodifferentiation
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Autodifferentiation

6 yJ 6 Z,  back-propagation of error
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* just need to define forward model (calculations)

e automatic calculation of parameter updates (weights, etc.)

O PyTorch

A



Practice

e Tutorial JAX

e Autoencoder, convolutional network in JAX
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