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HOW DO NETWORKS LEARN?
Neural Networks identify pattern 

that we are not able to see

Can we identify the key data traits  
networks learn from?

Describe the network configuration space 
while varying the input data structure

1Margherita Mele | sbp.physics.unitn.it

http://sbp.physics.unitn.it


Perceptron
x1

x2

xN

∑

w1
w2

wN

sgn( ⃗x ⋅ ⃗w ) y

[1,1, − 1,…,1, − 1, − 1]
[−1,1,1, …, − 1,1, − 1]

[−1, − 1,1, …, − 1,1,1]

Inputs {xi}P
1

Weight vector w

[−1,1, − 1 …, − 1, − 1,1]

Labels  {yi}

yi = sgn (w xi)
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Perceptron
x1

x2

xN

∑

w1
w2

wN

sgn( ⃗x ⋅ ⃗w ) y
Ew =

P

∑
i

Θ (−yi ⋅ sgn (w xi))

Energy   

[1,1, − 1,…,1, − 1, − 1]
[−1,1,1, …, − 1,1, − 1]

[−1, − 1,1, …, − 1,1,1]
N

Inputs {xi}P
1

Weight vector w

[−1,1, − 1 …, − 1, − 1,1]

Labels  {yi}

yi = sgn (w xi)

P

S(E) = log ∑
{w}

δ(Ew − E)

Entropy
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Self-consistent entropy estimation

Uniform exploration of the energy spectrum
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MNIST   

Random vs Real

ENERGY/PENERGY/P

Do
fS

EN
TR

O
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/N
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Do
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O
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Class Unbalancing

0 vs 1   
P1 ≪ P0 P1 ≫ P0

5 vs 1   
P1 ≪ P5 P1 ≫ P5
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Back back to realistic data
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Gaussian Clones N(x, μ, Σ) =
1

(2π)k det Σ
exp (−

1
2

(x − μ)T Σ−1 (x − μ))28
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Are there other parameters to control the peaks?
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and higher energy states

Thermodynamic characterisation of the system at any energy level

Possibility to study real learning problems
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Gaussian Clones

GM clone

N(x, μ, Σ) =
1

(2π)k det Σ
exp (−

1
2

(x − μ)T Σ−1 (x − μ))
Multivariate Normal Distribution

ISOGM clone

Covariance matrix  

Mean vector 

Variance : diagonal matrix 

Mean vector 
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