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Machine Learning
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Source: Thomas Malone | MIT Sloan. See: https://bit.ly/3gvRho2, Figure 2.



Machine Learning
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Source: https://medium.com/analytics-vidhya/an-introduction-to-machine-learning-574bafa6fc66



Machine Learning
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Source: https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464

https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464
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Feed-forward	Neural	Networks
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Feed-forward	Neural	Networks

Elementary	Neural	Network
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How	does	f/b-propagation	work?
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How	does	f/b-propagation	work?
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Forward-propagation

backward-propagation

NNAD	C++	library	&	ceres-solver

arXiv:2005.07039



Hyper-optimisation
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The Gaussian assumption: 
(data distribution)

Covariance Matrix: 

Monte-Carlo Inference
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Monte-Carlo Inference
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Replica generation:

Maximum-Likelihood estimate:

max
θ(1)

{ln[L(θ(1) |x(1))]} → min
θ(1)

χ2(θ(1)) → ̂θ(1)

⋮
max

θ(k)
{ln[L(θ(k) |x(k))]} → min

θ(1)
χ2(θ(k)) → ̂θ(k)

⋮
max
θ(Nrep)

{ln[L(θ(Nrep) |x(Nrep))]} → min
θ(Nrep)

χ2(θ(1)) → ̂θ(Nrep)

→ ̂θ
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Replica generation:
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Minimisation
Genetic	Algorithms Gradient	descent	algorithms

Trust-region	algorithms
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Cross-validation



Tutorial	1	—	Minimisation
Gradient	descent	algorithms
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Time	for	Tutorial	1!

https://colab.research.google.com/drive/18-nLGNfB78cy-ugRkux6bb3zzYm_HtA6?usp=sharing

