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@ system of spins on a lattice

s={s1,..,5n}

@ unknown underlying Boltzman probability distribution

H (5) = Z A,('l)si + Z Aff)s,sj + Z Afﬁ()s,-sjsk + ..
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prem(Vv, h|6) = fe—Eg(v,h)
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pRBM(V‘H) — ZPRBM(V7 h‘e) = Le_g(vla)
h ZRBM
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prem(v]0) = prem(v, h[6) = fe—S(vle)

RBM
h

v : visible states — physical states
h : hidden states — additional degrees of freedom

Prem(hi = 1|v, 0) = sig Z wijvj + Ci
j

prev(vj = 1]h, 0) = sig <Z wijhi + bj>

1

sig(x) = T+ e
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Training of an RBM

Identify each v with one physical state s and construct the
log-likelihood
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Training of an RBM

Identify each v with one physical state s and construct the
log-likelihood

S ={s1,82,..,8n} — {v1,V2,..,Vp}

L(0]S) = H prem(vi|6)

log L (0|S) = Z log prem(vil0)

Ont1=0n+ A0y (Iog ﬁ)
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Derivatives of the log-likelihood
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Derivatives of the log-likelihood

IS1IZ <8Iogvﬁvfj€|v)> _
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Gibbs sampling

’ Build a MC which converges to the target distribution prgw(V, h\@).‘
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Gibbs sampling

’ Build a MC which converges to the target distribution prgw(V, h\@).‘

@ Use pRBM(hi = 1|V,9) and pRBM(Vj = 1|h,9) to build

vo —>hg = vy > hy — ... > v — hy

@ At some point (v, h) will be sampled according to prgw(v, h|6)

@ usually k =1 is enough
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Estimation of the log-likelihood

How to estimate the loglikelihood to monitor the training?

log £ 9;5)_ ngpm vi|0) = —(E(v]0))s — log Zeem
IGS
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Estimation of the log-likelihood

How to estimate the loglikelihood to monitor the training?

log £ 9;5)_ ngpm vi|0) = —(E(v]0))s — log Zeem
IGS

Choose a proposal distribution pg(v) = p§(v)/Zo whose partition
function is known exactly.
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Estimation of the log-likelihood

How to estimate the loglikelihood to monitor the training?

log £ (0|S) = ng Prem(Vil0) = —(E(v]0))s — log Zeem
IES
Choose a proposal distribution pg(v) = p§(v)/Zo whose partition
function is known exactly.

Compute

B " B Pasu (V) ~ é . M
Zrem = /dvaBM (v) = ZO/de (v) p(v) — m Z:: J (v(i))
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Estimation of the log-likelihood

How to estimate the loglikelihood to monitor the training?
log £ (0|S) = ng Prem(Vil0) = —(E(v]0))s — log Zeem
IES

Choose a proposal distribution pg(v) = p§(v)/Zo whose partition
function is known exactly.

Compute
. * (v Zo < piy (v
0 i 0
Get
B 1 & p;BM (V(i)) ) (i)
ZRBM/ZO = ; Z W with v X Po (V)
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Annealing importance sampling

o piyy, x e PE g=1
pa‘oce_ﬁog Bo=0— Zy=2N
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Annealing importance sampling

o piyy, x e PE g=1
pg oc e f Bo=0— Zy=2N
@ Introduce intermediate closer distribution pg,, pg,, - , ps,

suchthat 0 =g <1 < - < Bpo1 < B =1
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Annealing importance sampling

o piyy, x e PE g=1
pg oc e f Bo=0— Zy=2N
@ Introduce intermediate closer distribution pg,, pg,, - , ps,

suchthat 0 =g <1 < - < Bpo1 < B =1
e Estimate Zggy/Zp using

Zeew _ 2o Zs  Lpa L = 25
2y Zo L, Zp, . 23, ,
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Ising model

Generate a sample D = {s!,s% ...}, Np ~ 105, according to

1 e Hun(s)
Z(J, h)

Hyn=— Z Jijsisj — Z hisi , Z(J,h) = Z e~ Hin(s)
i i

S

pp(s) =
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Ising model

Generate a sample D = {s!,s% ...}, Np ~ 105, according to

1 e Hun(s)
Z(J, h)

Hyn=— Z Jijsisj — Z hisi , Z(J,h) = Z e~ Hin(s)
i i

pp(s) =

S

’Train the machine‘
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Log-likelihood vs epochs
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Ising in 2 dimensions

@ Contrastive Divergence steps k = 1,5

Learning parameter o = 0.1, 0.01,0.0001

@ Batch size 200

Training epochs 3000,1000,1000
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2D Ising Observables

Use the trained RBM to generate the spin configurations via
Gibbs/Metropolis sampling

1 /&
<m>:L2<Zsi>7
i—1

00 = 5 ((m?) — (m?).

(E) = —% <Z 5ij> ;
(i)

(6) = 5 (£ — (7).
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Magnetisation and energy
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Results: Susceptibility and heat capacity

L=8,T=22
Susceptibility vs number of epochs
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Results: Observables vs Temperature

Magnetization vs Temperature Energy vs Temperature
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Extracting the couplings

Cumulant generating function:

h n) t" n
K,'(t) = |0gz q,-(h,-)et’h’ = Zlﬂlf )ﬁ s /QE ) = 8£’K,-\t:0
h; n ’

Let g;(h;) = P/ Z, then the h-marginalised energy:
EW) ==Y bvi—> Ki| D Wy
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@ we have implemented a binary RBEM

@ we have trained it over a set of Ising states at different
temperatures

@ we have computed the log-likelihood along the training and
tuned the hiperparameters involved in the training to ensure a
monotonic behaviour

@ we have computed the moments of the learnt distribution
sampling states from it

@ we have derived closed expressions for the couplings in the
hamiltonian in terms of the parameters of the trained machine
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Couplings

oo = L3 (L €100 ) (1 + %) W
2 T g ,' (1+ eC,’+VVij1)(1 + ec,--i-W,j2)

N
1
Hiy iy = MZ(_W Z Ki(Wijo, +---+ Wi, ) (2)

1=0 o <...<apn—
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