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Method Prediction Model _ Optimization Problem

Linear Regression f(x) =xXw+Db min = rll Iiljfge{ £(x:), vi) (A2)
Ridge Regression £(x) = xX'w(+b) min = :! é&e( fo) ) 4A- WP (A3)
g;:iiige f0) = éa-k{xf,x] +b min = % éese{f[x,-},y.-} +X: ZJ QE a; (A4)
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Kernel Functions

linear function E{x, x')|= Z TiT, (A.10)

radial basis function
(RBF)

k(x,x')|= exp (M) (A.11)

rational quadratic

d o
function k(x,X)|= (1 -3 wy(z, z:}f) (A12)
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“Neural Networks Demystified” by Stephen Welch
http://www.youtube.com/watch?v=bxe2T-V8XRs

http://github.com/stephencwelch/Neural-Networks-Demystified
http://www.welchlabs.com

Youl[[)

stephencwelch / Neural-Networks-Demystified © Watch 17 drStar 20

Bownload as mp3

Neural Networks Demystified [Part 1: Data and Architecture]
Welch Labs
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“Neural Networks Demystified” by Stephen Welch — take-home messages:
 ANNs from an algorithmic perspective

e synapses (connect neurons, apply weights W)

* neurons (operation: sum synapses inputs, apply activation)
 note: complicated NN architectures possible (DNN, CNN, GAN, VAE, ...)
 ANNSs as a linear algebra problem

ANN training as an optimization problem (minimizing cost/error function wrt W)
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“Neural Networks Demystified” by Stephen Welch — take-home messages:
 ANNs from an algorithmic perspective

e synapses (connect neurons, apply weights W)

* neurons (operation: sum synapses inputs, apply activation)

 note: complicated NN architectures possible (DNN, CNN, GAN, VAE, ...)
 ANNSs as a linear algebra problem
* ANN training as an optimization problem (minimizing cost/error function wrt W)

* curse of dimensionality in brute-force methods: use gradient descent instead
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“Neural Networks Demystified” by Stephen Welch — take-home messages:
 ANNs from an algorithmic perspective

e synapses (connect neurons, apply weights W)

* neurons (operation: sum synapses inputs, apply activation)

 note: complicated NN architectures possible (DNN, CNN, GAN, VAE, ...)
 ANNSs as a linear algebra problem
* ANN training as an optimization problem (minimizing cost/error function wrt W)
* curse of dimensionality in brute-force methods: use gradient descent instead

» fitting the signal, not the noise: regularization to avoid overfitting
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Important issues in the ML process
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Important issues:

e suitable choice of features
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Important issues:
e suitable choice of features
» danger of under- or overfitting
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Important issues:
e suitable choice of features
» danger of under- or overfitting
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Important issues:

e suitable choice of features

» danger of under- or overfitting

e cross-validation against trainings bias
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