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XE1, 206 : HIRRMILY V2 VD YV (RBM)IC K S ETRERE

Mag. Field (bias term) b;

Mag. Field (bias term) g;

Carleo and Troyer Science 355, 602 (2017)

m

- AND=AEVEE. H77=KENFEK
- BNAEY e B0 CEFHEAZRY
- BNAEY OB ERKDOEBRTE FIREZE

RBM (restricted Boltzmann machine) J5ZE

1@9(0') — Zexp (Z CLZ'O'f + ZW@']‘U;}L]’ + ijh]>
h i,J J
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o z z . o
o= (0{,05,...,0%) :AE
h; = =xl BN
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~VECiE
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#

— a = M/N (hidden variable density)hVi&,

EOFHEH/NSA—F

(Boltzmann weight)
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XE1, 2ICBIT 3 REMNEES - RBMIKEIRE (N=2, M=1DI5T)

Vo(o7,05) = Z exp(Wioih + Wsoih)
h==1

— eXp(Wlo-f WQO'S) eXp(_WIUf N WQUS)
= 2cosh(Wi07 + Wy0o5)

o (T, 1) = Yo({, ) = 2cosh(W7 + W)
we (Ta \L) — we (\L) T) — 2COSh(W1 — WQ)

—RDBE

Yo(0) = exp (Z aiaf) X HQCOSh(bj ZWijaf)

i j i
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i 2 [E T Steepest descent (SD) (or gradient descent)
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ek T 6)16 o ngk 7 : learning rate = J\M/\—/\TX—% (ANDFTRDB)




AI=1—5L%y hT—F ERVEENEOHEFIR

1.¢4J80t - A T=Za2—FJILRY N7 =D K> TERDIKE
% INT A —5 OHEALICIF/ NS IREDELE =

IR ZEERL. INTA—F ZFE

WS Z EDZ LN

2. 28  AAMEE (IXRILF—) ZRIMET B LS IC/INTX -5 Z2REILT S

3.MNARMZAOER 5N ToKE

x L&z

I\ T, 38

ETRILF—D T > bDZEHET 5

—%

=EZ:THEI S

TWT/INT XA =5 Z#HREL UTcimald. EROYIE/NTAXA =Y z2zRAWTmE{LZ1TL)

HILI S

18



NIR=ZFY:  H=) (-olo}, -0, +0i0

a(hidden variable density) = M /N =1
Zﬂg(a') — H 2 cosh (Z Wi_j()'z-z)
i 1

Carleo and Troyer Science 355, 602 (2017) & (ZIX[E U & E

INGA—=5DT7 Y TFT—KMIL—I
Hlitﬂ) _ 6,](;) B nglit)
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2
) = (o H|vo) 2 oo wé(U)Hm’;be(U’) _ 20 |Ye(o)) Elc;c((f) Broc(0) = 3" Ho Yo(a)
(votbo) >, [a(0)) 52, [e(0)] o elo)
Eloc_Xx = 0do
do i1 =1, N O(N)TEloc(o)h\5tETZ % | = BE/ERIBFTRR =6
12 =11 + 1
3T(=3] == N ) 32 =1
1 !
| SzSz contribution
!
Eloc_ x = Eloc_x + x(11)*x(12)
!
I ( SxSx + SySy ) = 2 % ( S+S- + S-S+ ) contribution
!
_ N)((p)((fl;.li X?.))((]'.Z) ) then % (d—KFADx)=0o
188 xp(i1) = -xp(il)

| I

xp(12) = -xp(12)
call calc_theta(xp,thetap)
call calc_amplitude RBM(M, thetap, psi_xp)
Eloc x = Eloc _x 2d0*psi_xp/psi_X
end 1f
— /—[00,

105 end do ! i1l
E=E + p_x * Eloc_x - FDFE (0EIFETE|S)

= | we(o) |2 21
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o = <<wem\akwe> . C> ~ (W”wa (100|Oktbe) CC) Ok_z‘a \ Ol (g
k (Wolg) (Wole) — (Woltg)

O g
— 2Re(HOy) — 2(H)Re(Oy,) 0l (o) = ZV017)
V(o)
k = 0
do f = 1, alpha
o 1w = 0, N-1
k = k + 1
Ovec_loc_x(k) = 0de
o jJ =1, N
J = (f-1)xN+3j3
i = JJ - 1w
LA s N )T = e N » . N
Ovec_loc X(k) = Ovec_loc_x(k) + tanh(theta(3j))*dble(x(1)) coshDW M EsinhTH B Z &EITER
end do ! - o
: 1 (coshTEl5 &Etanhh T T %)
nd do ! iw
1f( k /= Nv ) stop 'k /= Nv'
!
I summation over x for gvec and Ovec
!
do k = 1, Nv <HO>DDFDETHE 2 ~loc
gvec(k) = gvec(k) + 2d0 * p_x * Eloc_x * Ovec_loc_x(k) <Ok> — <¢9‘8kw8> — ZU WQ(U)‘ OkQ (U)
Ovec(k) = Ovec(k) + p_x * Ovec_loc x(k) _(~ pAFoste (Yo|1p) > |[we(0o)

end do ! K

22



CCEXT SDEZRAWTERRIBICTKES T5TEZ 1T o oo

e BEULEREILZITSICIE?  — Stochastic reconfiguration (SR)/E

23



SRIEZEEADHIIC -+ T7E=- Z‘ ET= (E?#ﬁ%‘%lﬁid))

2= - AT 45E

)
N (|d) (S|1)) K EN R & AR > N 1BV — arccos (113
Fllb) o] = \/ GGl o o Fll),16)] = (1{&]9)]) L@

W) (@) BHRNY MUEOBE—~quantum angle

JEZ - 2974527V (EFERMATYVILDESR)

c.f.
F[[ors0)  [va)] = > Ski(0)60506; ds® = dz* + dy’
& ds® = dr? 4 r*db?

(Ore|O1be)  (Ore|e) (Vo|01)e)
(Vg |tba) (Volthba)  (tal1g)

s MTYVI ka(Q) =

JEZ - RYTAFETVVI : Skl(e) — Re [le(e)}
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4
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(L FEDWE : Stochastic reconfiguration;x

= [EIRERR DB MG TF.

A

FEIEE

6—7'7-[ ‘w(0)> _ Z e—TEi CEO)

1

ERAREEZZDKEIFEHMORIFEEI DED

BB IRRE

1

NTTZEDICITIEMEICE

1IRT D

00 = arg min F (6_25TH|¢9>7 ‘¢9—|—59>)

 m— |

INT X —5ZE1L 00 A
SHETVVIL  SHR

HE5DPUEFEULIELL

FEg

RMIRREIC K Bl

H 2D BARLEE (natural gradient) E AE R

— A

C 3

di) = ey e BT |g) = e |go) (7 00)

x BRI ICHERI G W ERE

cf. Steepest descent (SD) /&

t t
5(9]2 ) — 57-912 ) % learning rateZ &, & KL\ fc

S.-I. Amari, Neural Comput. 10, 251 (1998).

S. Sorella, Phys. Rev. B 64, 024512 (2001)
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a(hidden variable density) = M /N =1
Zﬂg(a') — H 2 cosh (Z Wi_j()'z-z)
i 1

Carleo and Troyer Science 355, 602 (2017) & (ZIX[E U & E
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ZREVTAILAOE

T TFAIOEIC

(H) =

104
1595
156
15/
158
159
160
161
162
163
164
165
166
16/
168

Za g (U)| Eioc(o

> e(a))?

do 1update = 1, N

call spin_flip _candidate(x,1i1,12)
Xpl)s={s)

xp(1il) = -xp(11)

xp(12) = -xp(12)

call calc_theta(xp, thetap)

LEAFERTE (TXRILF—2ZHlIC & >TELRA)

Z Eyoc(075)

Ilmll

x |1g(0)|" &

ZEBAHAE U Y TIVERZITD

total Sz=0Z~F 5 K DRACEDH

call calc_amplitude RBM(M, thetap, psi_xp)

1f( grnd() > (psi_xp/psi_x)**2 ) cycle ! reject

| accept => update configuration

|
x(:) = xp(:)
theta(:) = thetap(:)
psS1_X = pPS1i_Xxp

end do ! 1update

sFAEY D &S (grnd()IEELED

WYY IV EFOIRE
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801 CDIRTT/INAEIRNIVER (BEEERSEGE) LT, AILLA - MOAV—ERUETEZT S
a = M/N (hidden variable density)

% github LD 7

1 2
(X
TS Lh%'EDS ET U

ERBM (05) — Eexa,ct
|Eexa,ct‘

Crel —

SREBIERRREBIXRILF—

Eexact = —141.84830424 GEElcKERRY RRITTDODMRG TEE)

4

Carleo and Troyer Science 355, 602 (2017)
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(8%) A—7>V—Z3—K : NetKet

|«> NetKet Posts GetlInvolved Citing Documentation API Reference O v =t Get Started

NetKet

The Machine-Learning toolbox for Quantum Physics

UnitaryHack: Win bounties with NetKet

Features

NetKet is an open-source project delivering cutting-edge methods for the study of many-body quantum systems with artificial neural networks and machine
learning techniques.

NEURAL QUANTUM STATES JAX-POWERED INTEROPERABLE

NetKet provides state-of-the-art Neural-Network Netket is based on Jax, therefore you can run on NetKet can easily interoperate with other tools
Quantum states, and advanced learning CPUs, GPUs and TPUs any Neural Network such as OpenFermion or QuTiP.

algorithms to study many-body quantum systems. Architecture written in one of the several Jax

Frameworks. such as Flax or Haiku.

https://www.netket.org
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Machine learning + Expert knowledge — state-of-the-art
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L. L. Viteritti, R. Rende, and F. Becca, Phys. Rev. Lett. 130, 236401 (2023)
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A. Chen and M. Heyl, Nat. Phys. 20, 1476 (2024)
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