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Outline

= Machine learning in condensed matter

= RBMs 101

= |nformation-theoretic approach to real-space RG
= The Real Space Mutual Information algorithm
= Results

= “Optimality” of Mutual Information
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The punchline

An information theoretic approach and an unsupervised
machine learning algorithm performing real-space RG of
classical statistical physical systems: degrees of freedom
relevant for large length scales, RG flow, critical exponents.
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(Restricted) Boltzmann Machines

* Stochastic networks .
visible

 Model probability
distributions

« Can be used for hidden
efficient sampling

Ee = Eopo(V,H) == a0 — > bihj — 3, vibizh;

1
Po(V, H) = Ze oo

Peo A (HW)

 How to chose the parameters?
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In a sense the relation of RG to information theory is obvious as
averaging loses information

= Can it be formalized?
= |s it useful?
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eIC/()(/) _ Z eK(X)PA(X/|X)
X

Task: Learn P,(H1V)
such that ‘H tracks the

slow degrees of freedom
within region V

A m— (CLf,;, bj, )\Z)

1
P(X) = Ee’“")

Method: Require that slow degrees of freedom maximize
spatial mutual information

Formally: find max|l, (H :£)] over parameters A :



Mutual Information
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visible

1 B

Po(V,H)

hidden

Stage I. - Train RBMs to reproduce P(V,E) and P(V) via
contrastive divergence

Stage Il. - Model Px(H | V) as an RBM, obtain Px(H,E),
do Monte-Carlo to evaluate [(H:E)
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RG flow and critical exponents
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RG flow and critical exponents
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RG flow and critical exponents
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“Optimality” of mutual information
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“Optimality” of mutual information

= Effective Hamiltonian from cumulant expansion

K] = log(Za.o[¥]) + 3 - CHlY]
k=0

= The “rangeness” and “n-body-ness”
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Effective hamiltonian
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Effective hamiltonian
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Conclusions

= ML in condensed matter

= Information-theoretic view of RG

= The Real Space Mutual Information
algorithm

= QOptimality of Mi
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