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BIC/(X,) _ ZeK(X)PA(X/|X)
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Task: Learn P,(H1V) such that 'H
tracks the most relevant degrees of
freedom within region V)

Method: find max[I,(H :£)] over parameters A
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The RSMI-NE network

lattice configuration

pa(h|v) v h =10 (A-V) gé
¢
= The coarse-graining convolution(s) 4 _ f
. . _ . [ K - E)[f]
= Differentiable ““discretizer £
Jang, Gu, Poole ICLR (2017) T H
Maddison, Mnih, Teh ICLR (2017)
] L J
coarse-graining network: pa(h|v) RSMI estimator network

= The RSMI estimator and the coarse-graining Ansatz are chained together

= They are co-trained with SGD as a single network (because: differentiable,
upper bounded!)
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Data analysis of RMSI filter ensemble
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= Works also from partial data

= As a function of disorder distribution?
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The information bottleneck (IB) compression

“Relevance” defined implicitly, by
correlations with a signal variable

Optimal compression of relevant
information is a variational problem

min L;p[P(H|V)|= min I(V;H)— pI(H;FE)

P(H|V)

IB equations:
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= Expand around first transition 8 = B¢1 + ¢ P(h|ry) = — + tb,, (h)

Differentiation from
trivial encoder

0.9 -

= Trivial solution exists always, but a nontrivial ~ °#]

one appears when: 5;11 = € + o(e?)

Symmetries in IB and RG T S e M

= Physical symmetries of the data: P(e,v) = P(se, sv)
= We expect the optimal encoder to maintain it: Pg(h|v) = Pg(¢sh|sv)
= Below first transition the encoder is trivially symmetric

= We can explicitly construct an optimal symmetric encoder after

first transition

= Can potentially be used to identify symmetries.
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Optimality of the RSMI approach

= The upper bound on compressed information

IN\H:E)SIV:E)

= Assume first perfect RSMI capture, then:

P(ngz,Hj22|Ho) - P(Hj§—2|HO) ' P(Hj22|HO)

ll The range of the Hamiltonian

does not increase!

= This assumption is rarely true. But the factoring property holds also in practice:

RSMI
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Disorder distributions

= RG acts on distributions of couplings: P(K) — P’ (K)

= Under perfect RSMI capture factorability of
disorder distribution is maintained

= Example: disordered 1D Ising model

PI(K') = / 5(K' — K'(K))dP(K)




Disorder distributions

RG acts on distributions of couplings: P(K) — P’'(K)

Under perfect RSMI capture factorability of
disorder distribution is maintained

Example: disordered 1D Ising model

PIK) = /5 K))dP(K)

KL divergence

Centre of mass shift
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Conclusions

Constructing an optimal RG transformation as

a variation problem in information theory

https://github.com/RSMI-NE/RSMI-NE

Comprehensive view of long-distance physics
Constructing the relevant operators

Formal connection between compression

theory and field theory formalism

Outlook

= Extension to non-equilibrium

= Statistical models in 3D
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= Correlations in experimental data: surface measurements,

meteo,

2.0 25


https://github.com/RSMI-NE/RSMI-NE

Thank you!
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Algorithm 3.1 One epoch for the unsupervised learning procedure for the RSMI-
net using InfoNCE lower-bound

1: n = learning rate

2. € = relaxation parameter for Gumbel-softmax distribution
0

3: w” « random hyperparameter tensor © initialise INfoNCE ansatz f(h, e)
4: A’ « random hyperparameter tensor > initialise coarse-graining filter
5 forsin1:n do > loop over all n K-replica samples for (V, £)
6: €* « reduce Gumbel-softmax relaxation parameter

7: T° « 1(€°) > Anneal Gumbel-softmax layer
8: foriin 1: K do

9: for jin1:K do

10: hi[N°] « (A° -v7)  © Coarse-grain visible degrees of freedom
11 Fi(w®, A%) « f(hi[N°], e}, w?) > ij'th element of scores matrix
12: end for

13: end for

14: Ok, Y1k, W, A°) ZL Z“,fs::;,\(“)rf\) > InfoNCE “prediction’
15: > Update parameters of the RSMI estimator network:
16: Aw® «— NV [log Q(w, \°)] ‘ > automatic differentiation
17: W o— w’ + Aw’ o > stochastic gradient-ascent
18: > Update parameters of the coarse-grainer network:
19: AN «— nVallog Q(w*, A)] ’A=N

20: N — A+ AN°

21: end for

222 WH &) =LY 1 log Ox1k, y1k; W', A') + log K > average over n samples

23 return [y(H : &), \"




RSMI training
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