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Use of neural networks

• Synthesis from input data
• Voice assistants

• Time-series forecasting

• Pattern recognition
• Computer vision

• Anomaly detection

• Data preprocessing
• Escaping from dimensional curse
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Data representation
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Solution steps
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Boltzmann Machine

• Energy-based stochastic neural

network

• Base unit for deep-belief
network

• Infer hidden representations

• Solve combinatorial problems

• Identical to spin-glasses
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Spin Glasses

• Edwards-Anderson model

H = −
∑
<ij>

Jijσiσj

• σi = {±1}, Jij- gaussian
real values

Spin glass visualization
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Quenched disorder
• J = const, describes system’s physical properties

• Free energy:

FN(J) = − 1

βN
log
∫

Dσe−βH(σ;J)

• Must be free from J J

F = − lim
N→∞

1

βN
logZ(J) = F∞(β)
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Self-averaging

• N → ∞ - self-averaging

• Replica trick:

logZ = lim
n→0

1

n
logZn

where n - amount of system

copies.
Self-averaging over chaos

8



Similarity measure

• Overlap

qστ =
1

N

N∑
i=1

σiτi

• Ergodicity breaking — pure

states

qαβ =
1

N

N∑
i=1

〈σi〉α〈σi〉β =
1

ZαZβ

∫
σ∈α

∫
τ∈β

e−βH(σ)e−βH(τ)qστDσDτ
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Pure states

Clustering - the main property :

〈σiσj〉 → 〈σi〉〈 σj〉
|i− j| → ∞

Thouless-Anderson-Palmer free energy: F (mi).
Infinity-dimensional Ising model: m = tanh(βm)
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Essence identity

• S = −
∑n

i=1 Pi lnPi in case E = const

• Each spin linked to each other - full-dense graph

• Iteraction -only between hidden and visible full-dense

bi-partie graph

H = −
N∑
i=1

P∑
j=1

ξijσihj −
N∑
i=1

b
(v)
i σi −

P∑
j=1

b
(h)
i hj
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Restricted Boltzmann Machine

• Excluding external fields for

revealing hidden distribution ξi .
Obtained configuration energy:

E = −
∑N

i=1 ξiσih.

• From inferred vector ξi data with
joint probability σ and h is created:

P (σ;h) ∝ e
−βE(σ;h)√

N .
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K-step contrastive divergence
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Bayessian inference in case of one neuron
Feature importance:

β = T−1.

Distribution σ with Bayes theorem:

P (σ|ξ) =
cosh β√

N
ξTσ∑

σ cosh β√
N
ξTσ

Aposteriorial distribution {σa}Ma=1,:

P (ξ|{σa}) =
∏

a P ({σa}|ξ)∑
ξ

∏
a P ({σa}|ξ)

=
1

Z

∏
a

cosh β√
N
ξTσa
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Learning algorithm

• EM - algorithm
• E - step: calculate value of h from approximation ξ at current

step.

• M - step: maximize overlap q = 1
N

∑
i ξ

true
i ξ̂i , ξ̂i = argmaxξiPi(ξi)

and find next approximation ξ̂i

• Overlap interpretation
• q = 0: initial vector doesn’t contain targer

• q = 1: purely describes

15



Message passing algorithm

Pi→a(ξi) ∝
∏

b∈∂\a

µb→i(ξi)

µb→i(ξi) =
∑

{ξj |j∈∂b\i}

cosh
(

β√
N

ξTσb)

) ∏
j∈∂b\i

Pj→b(ξj)
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Iteratively message passing

mi→a = tanh

( ∑
b∈∂i\a

ub→i

)

ub→i = tanh−1

(
tanh(βGb→i) tanh(βσb

i /
√
N)

)

Gb→i =
1

N

∑
j∈∂b\i

σb
jmj→b

mj→b =
∑
ξj

ξjPj→b(ξj)

Pi(ξi) =
1 +miξi

2
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Simplification message passing

Thouless-Anderson-Palmer equation:

Q ≡ 1

N

∑
i

m2
i

Gt−1
a =

1√
N

∑
i∈∂a

σa
im

t−1
i − β(1−Qt−1) tanh βGt−2

a

mt
i ' tanh

(∑
b∈∂i

βσb
i√
N

tanh βGt−1
b − β2mt−1

i

N

∑
b∈∂i

(1− tanh2 βGt−1
b

)
.

Calculation complexity O(M +N).
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Learning subset creation

• Approx partition function

with means:

s =
∑
x

p(x)f(x) = Ep[f(x)]

• Energy model:
• x0 — random choice

• T (x
′ |x) — transiton

distribution

For choice a sampling from из p(a | b),
For choice b – sampling from p(b | a)
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Formalization

• Distribution parametrization:

g(x = i) = vi.

• New state probability x′ with current x:

g(t+1)(x′) =
∑

x q
(t)(x)T (x |x)

• Matrix representation:

Ai,j = T (x = i |x = j), v(t) = Av(t−1),

v(t) = Atv(0).
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Gibbs sampling
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Tempering

• Fast Mode mixing with

β < 1.

• Efficently in area of slow

temperature transition.

Nearest neighbours in RBM and GAN

22



Data temperature measuring

• Bayes theorem once again

P (β|{σa}) =
∑
ξ

P (β, ξ|{σa}) ∝ e−M β2

2 Z(β, {σa})

• Equation for β should satisfy

∂ lnZ(β|{σa})
∂β

= Nαβ
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Entropy and perfomance

Рис.4 Рис.5
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Choosing size and temperature

Рис.4 Рис.5
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Temperature measuring and minima search

Рис.4 Рис.5
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