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Machine Learning

What do you want the machine
learning system to do?

— ( Yes
Could there be patterns
O—) ‘ in these situations that O N°

No humans haven't
J) recognized before?
Do you want the ML system to be active or passive? Could a knowledgeable
Yes ——O  human decide what actions to Y.
g 1 take based on the data you ~ © A
have about the situation?
ACTIVE PASSIVE
y : Do you have access to f
The system's own  The system will " data that describes a lot of  ©—— No
the situations it data | give it. example.s of Stivahons ond
csas iniheditire: appropriate actions for
each situation?
: > REINFORCEMENT
Will the system be able to o—— No LEARNING MAY BE
gather a lot of data by trying " APPROPRIATE
O sequences of actions in many 5 Yes o D
different situations and seeing
Credit: Thomas Malone, MIT Sloan | Design: Laura Wentzel the results?

Source: Thomas Malone | MIT Sloan. See: https://bit.ly/3gvRho2, Figure 2.
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Machine Learning
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Source: https://medium.com/analytics-vidhya/an-introduction-to-machine-learning-574bafa6fc66
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Neural Networks ...
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Source: https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb 62367464
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A mostly complete chart of

Neural Networks

Markov Chain (MC)
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Generative Adversarial Network (GAN)
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Liquid State Machine (LSM) Extreme Learning Machine (ELM)

Deep Belief Network (DBN)
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Echo State Network (ESN)
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Feed-forward Neural Networks
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Feed-forward Neural Networks

Elementary Neural Network

Inputs Neuron

S|
&2
€3

N1(&; {ws,01}) = @ (Z wi;&; + 91)
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Binary Step Function

Leaky RelLU

max(0.1 * x,x)

Linear

Sigmoid / Logistic

Parametric ReLU

f(y)
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How does f/b-propagation work?

Forward-propagation

Input Hidden Hidden Hidden Output Np_y
1 L-4) 1 L-3 | L-2 | L-1 1 L V/ V/ L L—-1 L
ayer (L-4)  layer (L-3) ~layer (I-2) layer (L-1)  layer (L) Nk(g;{wz(j)’ez()}) = oL (Z wl(cﬂ)l)yj(-(l) )+9’(“ ))
i)
N
3 = S W@, ey L m
L L L—2 L—1 L
& Ny = ¢L Z wkj(1)¢L—1 Z Wi ;@Y +0j(1) + 6,
N jM=1 j@)=1
3
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How does f/b-propagation work?

Forward-propagation

Input Hidden Hidden Hidden Output Np_y
layer (L-4) layer (L-3) layer (L-2) layer (L-1) layer (L) Nu(€; {w” , 9(6)}) _ (Z w](cf()l) y((li) 1) + 9(L))
i)
Ny
& | Np_1 Np_s
N, = Z wk](1)¢L 1 Z J((LL))j(z)y((Lg) 2 + 0 (Ll) 2 + GIE:L)
52 jM=1 j@)=1
N3
backward-propagation
; / 2 n . (€) (€)
CHw®, 00y = Z Ne(&{w,07}) — o ox* _, Ni(§; {wij 5 0;°}) — x| ONi
) - 0 2
Y Pt Sk sz(j) 1 Sk angf)

Rabah Abdul Khalek 7 C | Feed-forward NNs



How does f/b-propagation work?

Forward-propagation

Input Hidden Hidden Hidden Output Np_y
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Monte-Carlo Inference

¢ The Gaussian assumption: ( (k)) ( (k) )T -1 ( (k) )
(data distribution) G@")oxcexp (W —p) O (2 —p
¢ Covariance Matrix: Cz'j — 5z‘j g 22, unc T Z o fg,ﬁc;)orrag(',ﬂc?orr

B
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Monte-Carlo Inference

¢ The Gaussian assumption: G (w(k)> x exp [(w(k) B N)T .C L. (w("’) _ N)]

(data distribution)
: : 2 B
¢ Covariance Matrix: Cz'j — 5z‘j0 i, unc + Z o z-(’ C)On.d J(-’ﬁc)on.
B
- 0.256
¢ Replica generation: m(k) = u—+ L - r(k) 3
® - 0.224
_71.77T o
(C _ L L ) 5 e -0.192 __
N, ¥ . 93
1 ep ) - 0.160 N
Nrep P T T N = 0.128§
- 0.096 %
1 Nrep 0 ©
— 5 E a:g )335 ) ~ pip; + Ci; - 0.064
Pk . . - 0.032
@)
. . . . , - 0.000
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Monte-Carlo Inference

(data distribution)

¢ The Gaussian assumption: G (w(k)) X exp [(w(k) B M)T .C L. (a:(k) _ N)]

¢ (Covariance Matrix:

Cz'j — 5ij02 1 Zo.(ﬁ) O'(ﬂ)

7, unc 1,COIT - j, COIT

¢ Replica generation: k) — uw+ L - r (k)

¢ Maximum-Likelihood estimate: max In (£(9|IJJ)) — mein X2(9) — 0
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Monte-Carlo Inference

A

¢ Maximum-Likelihood estimate: meax In (£(9|M)) — Hbin X2(9) — 0

In order to find the maximum of the log-likelihood In £(0|o) subject to Ng¢ equality
constraints {(h1(@) = 0), ---, (hn,.(0) = 0)}, the method of Lagrange multipliers state
that one should instead find the maximum of the Lagrange function defined as:

Nxc

L(0,0,)\) =InL(6|o) Z)\h

Ngc

meaxL(O,a,)\) mln x*(0|0) —I—Z)\h

where )\; are called the lagrange multipliers that can be chosen in a way to determine the

size of the constraint contribution during the minimisation.
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Minimisation

Genetic Algorithms

B) GA - Only good mutations are shown

Gradient descent algorithms

o

A) SGD - learning rate: 0.001 B) SGD - learning rate 0.003

Cross-validation
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10! 102 103

Iteration
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Tutorial 1 — Minimisation

Gradient descent algorithms

Time for Tutorial 1!

A) SGD - learning rate: 0.001 B) SGD - learning rate 0.003

Tutorial 1: Optimisation with Stochastic Gradient Descent in 1D

Author and references

Author: Daniel Newman -
Edits: Rabah Abdul Khalek - (Postdoc at JLab | Theory division)

Learning Goals

This notebook will serve as an introduction to Gradient descent, also known as steepest descent, an optimization algorithm for finding the local
minimum of a function.
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