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E1, 2000 HIFRNILY YYD Y (RBM)IC L D ETFIRERER

Mag. Field (bias term) b;

Mag. Field (bias term) g;

Carleo and Troyer Science 355, 602 (2017)

- AA=RAEVERE. Hh=KRENE%K
- BNAEY EOEEZ @80 TEFHRZRTY

- BNAEY OHMERKDOBETEFIRREZE

RBM (restricted Boltzmann machine) J5ZE

1@9(0') — Zexp (Z CLZ'O'f + ZW@']‘U;}L]’ + ijh]>
h i,J J

1

_ _—FErBMm(c7,h)

—= € (Boltzmann weight)

) - AEVEE

- ENn Ay

SOBETRIEME (FELMIERE)

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

EOFHEH/NSA—F



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)
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JOX MR =TXILF—HAFHE

(e H W)
Eg = (Wela)

RECICHEIRED=8FXRT ML (X NEEDHS)

(1) 6E9 _, _ .
gk — 9 BwEBEDORATYTED/INTA—FEY K~

5‘9k H=0

i 2 [E T Steepest descent (SD) (or gradient descent)

91(€Z+1) — Hl(f) — 7781(;) 1] :learningrate = J\M/X\—/XTA =% (ADFTRHDS)
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1. MateriApps LIVE! % #zE

2. MateriApps LIVE! EDBEHRTA LI MNJDHETUTOIAV Y RZETIT S

git clone https://github.com/yusukenomura/School_2024.git

userCmalive:~$ git clone https://github.com/yusukenomura/School_2024.git
Cloning 1into 'School_2024'...

remote: Enumerating objects: 109, done.

remote: Counting objects: 100% (109/109), done.

remote: Compressing objects: 100% (72/72), done.

remote: Total 109 (delta 34), reused 72 (delta 24), pack-reused ©
Receiving objects: 100% (109/109), 78.63 KiB | 267.00 KiB/s, done.
Resolving deltas: 100% (34/34), done.

3.School 2024/RBM solver® T ICIZEIT 5
cd School 2024/RBM solver/

user@malive:~$ cd School 2024/RBM solver/
user@malive:~/School 2024/RBM solver$ 1s
README.txt examples src



RE1 : 1RENAEYNILIER (85 1k, 16% 1K) . SDHEICK ZRBIL
vy —Z2]—K: ./src/exact_sampling/SD - - o

./examples/1D_AF_chain/exact_sampling/08site

= IIIB5F -
REH ./examples/1D_AF_chain/exact_sampling/l6site
E={TIAVY>YK: ./RBM_solver_SD.x > log

WEIRT774)L: RBM.input (r>7wv k), spin_configurations.txt (2XEVEE/NY—VDYRN)

NIR=TF +O0)
a(hidden variable density) = M /N =1

( )
Yo(o) = l_[ 2 cosh Z Wi_jo;
j \ y

R

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




i -1 REE (F8H) OXEREZRANS

AN
Z

RBM.inputNMDlearning rate (n=delta_tau) =%

-18

-20

-22

-24

Energy

-26

-28

-30

161 M 2558

ZIEHS, (AR MEE) vs (RBE{EDlteration#) =z 70w k93

|

, , .
'eta=0.00200" == T
'eta=0.00100" ==

'eta=0.00050" =
'eta=0.00025" =

exact

200

Optimization step

¥ G —FDEZATL7AOY T

=JLr==

ax AE

300 400 500

LTWEDT, BELRICA—DERNPTESNS DT TR,

10
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(H) =

’ 2
(ol H o) B 2ioo ‘ﬁZ(O-)q'{mT’wO(O') B 2.0 [We(0)|” Ejoe(0) Wo(o)
Weole) 2 - 2 Eioc(0) = 2o Hoor i
alo %o W) Yo ()
175 Eloc_x = 0d@ . .
176 do i1l = 1, N O(N)TCEloc(o)h'stET= % | @A EANBRTNETIZ5
1 12 =11 + 1
1 1f( 11 == N) 12 = 1
1 !
1 18287  cONEX1DUT1oNn
181 !
182 Eloc_x = Eloc_x + x(11)*x(12)
1 !
1 I ( SxSx + SySy ) = 2 % ( S+S- + S-S+ ) contribution
1 !
1 if( x(i1) /= x(i2) ) then % (d—RKADx) =
1 XpDLt) = %tt)
1 xp(11l) = —-xp(11)
1 xp(12) = -xp(1i2)
1 call calc_theta(xp, thetap)
191 call calc_amplitude RBM(M, thetap, psi_xp)
192 Eloc_x = Eloc_x 2d0*psi_xp/psi_X
1 end 1f
1 - Hoc’
A el I {_! U ! i 1
1 E=E+ p_x * Eloc_x — OFDFE (DHEIEERTES)

= | we(o) |2 11



IR FEABOWS DEFWGRSHESE+ I1— R OB

o = (M . C,C,) . (MW_/«W Lo O = 3, o) 0 (o) (o

(Yolba) (Wolo) — (olbe) 0% () = 2l

= 2Re(HO;) — 2{H)IYRe(O}) bo()
200 kK = 0
201 do f =1, alpha
202 do iw = 9, N-1
; K = k + 1
2 Ovec_loc_x(k) = 0do
2 do 35 = 1, N
2 J = (F-1)*N+3J]
2 i =33 + iw
21 b G W | R I, (TR, R | Ak /N : \ - — =
211 Ovec_loc_x(k) = Ovec_loc_x(k) + tanh(theta(j))*dble(x(i)) coshDMTEsinhTH B Z CITER
el nd do : 3] (coshTE| % &tanhhTTKL %)

21 nd do ! 1w

215 end do ! f

216 1f( k /= Nv ) stop 'k /= Nv'

217 !

218 I summation over x for gvec and Ovec

219 ! =1

220 do K = 1, Nv < H Oy >O)§j\?®§|-§‘ 5

221 gvec(k) = gvec(k) + 2d0 * p_x * Eloc_x * Ovec_loc_x(k) WolOrpo) 2.0 Wo(0)] O, (0)

99 Ovec(k) = Ovec(k) + p_x * Ovec_loc_x(k) <O >DRFDETE o= Welba) T el 17
223 o ! K

223 end do

1l
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E'ft'?‘ifo)&% . Stochastic reconfigurationiﬁ S. Sorella, Phys. Rev. B 64, 024512 (2001)

19 5 _
EREREEDMES :
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_ e—TE() Z _T(Ei_EO)CEO) |¢1>
= el “” $0) (T — o)
cf. Steepest descent (SD) i&
5(9(t) 57-g](€t) ¥ learning rateZ= 8, & KL\ /¢

ERERRZTZE D REEHORIFEIDEHFEANTTE BT IEFEICE
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BFDE
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. (OiolOnpe) — (Oiolpo) (Woldnpe)
(Wolo) Walbg)  (Wole)

Wlo) (D) Quantum geometric tensor (EF AT > VL)
(Yl) (d|p)

Sii =

__ Y

PREBIECE (natural gradient) E ARBIICE 5.1, Amari, Neural Comput. 10, 251 (1998).
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RE2 : TRWINAEUNIVIIRE (8Y 1 b, 1601 ) | SREAICELDIREIL
) —Z2]—K: ./src/exact_sampling/SR - - o

./examples/1D_AF_chain/exact_sampling/08site

= IIIB5F -
REH ./examples/1D_AF_chain/exact_sampling/l6site
E{TIAVY>YK: ./RBM_solver_SR.x > log

WEIRT774)L: RBM.input (r>7wv k), spin_configurations.txt (2XEVEE/NY—VDYRN)

NIR=TF +O0)
a(hidden variable density) = M /N =1
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Yo(o) = l_[ 2 cosh Z Wi_jo;
j \ y
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€2/

TAHILEEDEA
V7 AV & BHFEHE (TRILF—EHlICE >THH)

5 |Uo(0)? ZBEHE UIcH Y IV ERETS

N
)N Ey. (0 I
ity = L W@ Eioe() e LY bt

> Wo(o) —
154 do 1update = 1, N
155 call spin_flip_candidate(x,11,12) total Sz=0%Z~F % K D RBCEDF
156 Xpii) moxis)
157 xp(11l) = -xp(11)
158 xp(12) = —-xp(12)
159 call calc_theta(xp, thetap)
160 call calc_amplitude RBM(M, thetap,psi_xp)
161 1T( grnd() > (psi_xp/psi_x)**2 ) cycle | reject
. ! . . SE29D &V (grnd()iALLD
163 I accept => update configuration
164 !
165 x(:) = xp(:)
166 theta(:) = thetap(:)
167 psi_X = psi_Xxp

168 end do ! 1update

NTCDY Y TIVEFDIRE
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EEI3: 1TRTINAMEIRNIVIIER (1601 K) . EVFAILOEICKEDIYBEESE

) —2J—K: ./src/MC_sampling/SR
=I5 : . /examples/1D_AF_chain/MC_sampling/16site

aA¥Y>hk: ./RBM_solver_ SR.x > log

mp

1

A

WEIRT774)L . RBM.input (1>7wv k)

= —_ 7N, - — _ex x YV Y 7 7
NSWR=Fy: H=)(-olol, —olo,, +5io,)

Rt

TR ENBEIEL -

a(hidden variable density) = M /N

Yo (o) = H H 2cosh (Z Wi(fg-af)

1

R
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RHE3-1 (REEE) : AL ARXFig. 3BERUEHEET S

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

ERBM (05) — Eexa,ct
|Eexa,ct‘

Crel —

SHBELBHIERERREIXRILE—

Eexact = —-141.84830424 GERICKERRY RRITTDODMRG TEHE)

| 2 4

Carleo and Troyer Science 355, 602 (2017)
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2% . 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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