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Motivation

How does learning take place?
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Motivation
How does learning take place?

— Exhaustively explore the energy profile of learning problems
— Identify the configurations minimising energy
— Recover the thermodynamic properties of the entire system

- Study real learning problems

- Characterise the impact of the input-output correlation in learning problems
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Wang-Landau algorithm

S(E) = log Q(E) H(E)
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Validation

Random Inputs {x;}

1,1,-1,...,1,-1,-1
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-1, - 1,1, ..., = L1,1]
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Validation

Random Inputs {Xx;} Teacher vector w
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Teacher vector w

-1,1,-1...,-1,-11]

Labels {y;}

y; = sgn (Wxi)
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Teacher vector w

-1,1,-1...,-1,-11]

Labels {y;}

y; = sgn (Wxi)

{w}

S(E) = log [ Y S(E, - E)]
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Validation

Multiple realizations
on different data-sets
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Normalized DofS
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Real Data

MNIST Fashion-MNIST

ALPACA



Real Data
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Real Data
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Real Data
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Gaussian Clones

Multivariate Normal Distribution
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Multivariate Normal Distribution
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Gaussian Clones

Multivariate Normal Distribution
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Gaussian Clones

Multivariate Normal Distribution
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Gaussian Clones

Multivariate Normal Distribution

1 1
N(x, p, 2) = exp (——(x — )" =7 (x = ﬂ))
\/ 2r)kdet X 2
GM clone ISOGM clone
L]
= Mean vector -- = Mean vector
-I
= Covariance matrix L = Variance : diagonal matrix
L
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Gaussian Clones - MNIST (p/N=0.1)
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Gaussian Clones - MNIST (p/N=0.1)
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Silico dataset
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Silico dataset

Class separation
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Silico dataset

Class separation

Small Au
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Silico dataset

Class separation
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Silico dataset

Class separation

Small Au
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Silico dataset

Class separation

Small Au
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Silico dataset
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Silico dataset

N:41 - P:30 N:41 - P:60

0.5 0.5 B P=30 @ P=60
0.0 0.0
0.4 1
0.4
0.03 0.08 >
X
0.17 > o 0.3
»n 0.1 0 2 -
o o 0) LLI ‘
= = 0.25 UC_I v
2 Q G 0.2
o~ 0.17 o~ L 0.2 X
0.33 S & .
o
0.33 0.1 ‘
0.42 L 0.1 .
Q@
0.5 0.5 0.0
© |
0.0 0.1 0.2
%Flips

ALPACA



Silico dataset
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Silico dataset
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Silico dataset
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Silico dataset
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Thermodynamic characterisation of the system at any energy level

Possibility to study real learning problems

Input-output correlation structure directly impacts the density

of states of learning problems

Insight into the learning process due to a large pull of solutions

and higher energy states
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Convergence time
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