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Abstract

Recently, artificial neural networks have been an important tool for numerically
solving quantum many-body problems, but its ability in dealing with wave functions
with complex sign structures needs further development. Based on previous researches,
we propose a new network structure that is able to construct and solve wave functions
using supervised learning, reinforcement learning as well as transfer learning. For
solving wave functions with complex sign structures, we firstly perform supervised
learning in a known small system for primary parameters, and then the parameters are
transferred to the target system for reinforcement learning. The results of the complex
sign structure wave function show the best accuracy among neural network researches
until now, suggesting that the proposed transfer reinforcement learning scheme will
hopefully become a main method for solving complex quantum many-body systems

through neural networks in the future.

Key words: quantum many-body system; artificial neural network; transfer

reinforcement learning
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ASBEIOANKL, IS T I e 2R 1% 1A 425 ¥ I TS
— RV, BRI BERUE S S 2 ANEE (channeD , L FER N

i+r
l l l l
vl =g (Z W, o, + b53> *.3)

m j=i-r
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B T EFRIE

A 4B R T — AR PR RO 4 7, e B v R
BRE (77 R 5 RGBT A S0 MG R G A DR A B T4
SR, LR BT A 0 ER 2.

R T AN IS8 T B K, = (), AR AL T

E = (WIHI®) = ) il HIm) (B.1)

A RS BB, 3R TR S P R e, m ) s R UK 2R G 1 R RS K
FelCE T, (AT AT I R S
hﬂwm=2mym%wwm%m%mwm
A )R I~ Pl 19 5 A5 Eipen = T @ /W) IHIMY 5 (Ejpen) =
Sl Eroene BUEZ 5, S n HISRATAT LR 32 ) i A [ |2 0 025 52
AR . T, TR B B, R T R 1 n),
(73 (nlHIm) # O m)MIECEEA Tl m) A, —MEIE L TR R HAh, B
S m BSR4 b . R T DS H P R it

FRISRARA 7 2%, BT 1 T DT I SRV 1 7 2R A o R BB S
ARG, AT R AR S, T th A 4 5 I 42 BRI ER Ko FRAT M FE ) L
ESEARAL FBOABENLER (stochastic reconfiguration) , # W3¢ Do

= (Ejpen) (B.2)
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C WEEIHEE

TEE I B 7 VA B B 0k R B2 J5 , FRATTRE AT LR T 60 038k B Kot e 2
9 % HEAT B 5

SIEXH 5 ZEW) = B Y In) AHE AR ETE, |0) = X, puln) i

FRFEES, @RI REL (loss function) N
(Y| D) D|W)

L= ey (C.1)
TR —ADASEW,, BUERREIBEE T N
oL < or o zna"’"wnJrznaw" b
oWy £aoP; oWy Xalgnl?  Zndidn
_{0ns 19nl?/1901) {050/ 1) ©2)
(1Pnl?/16n1?) (Wn/dn) '
HAr (L ORE I~ I3, One = (1/0n) 00y /OWe o X EFHEL R B TLA
R T Wi S5l O ER B, MY BB T W 052 2SR5 S R i
[21]
MoC2 Kbk, AT LU 5 B AL 7 2 BT B4R K o
BUPBE L, s — A BBV S . A, TR R
J71:44E AdaDelta 5 AmsGrad, BARPERE LK E.
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D BENLEM
oY ] SR MR R FRUR RS, — M BN E S EAL B 2 i S AE e &
N T R AR — N, DK IELCTREEREEE, B

0E
AWy, = —y e
k

Hrpy2—/MRE/NIES, HREHRSERAE . ZFER BN E S B
(stochastic gradient descent) , JEMLES 5 ) s LAl 1 S E L 7 7%

(A ZITEE T — MESHCE M R M EUE R 7 - 280 A i) — Bt & ]
REXT BT /R AR e 28 1) R A — BAR R BAR /N BE B, 3 Rl 244 485 SRANIS Sl I
TR s

DRI, AT 308 43 A8 A R A0 e 25 18] 4T A8 33X MOV R Oy BE AL EE A
(stochastic reconfiguration) . PAF & REIE S

HAPATETEZHNY) - |¥) + |AY) /NP, LhrH—E T SHRSEN

¥+ aw) |w) |
%) = Ty Tawyn gy — 4%~ Re(@Ia®)- 1) (D.2)

A RABRF SR AR ), i 8 f&%ﬂﬁﬁg?*ﬂ%@aﬁ

(D.1)

80y =y Y A 571 == ) YnEuoenln) (D.3a)

A%),, = —T;Z(Ezoc,n - Re(r;izoc,n))lm (D.3b)
E$LJ%&%M%B2ﬁ*mmL —5. SN RNEFSEEEN

AW, = Z AW, alpn In) = Z VAW, Oy i Im) (D.4a)

len [AW, 0, ) — Re(AWk( )] 1) (D. 4b)

Hr (L OE XS ZHi— ﬁz Opi = (1/¢n)alpn/awﬁczﬁ .

A A o] LU AW, F), = [a9) . HiTZHW, I
B> T A R IEUE’JQEEE, @%—ﬁ%/zam%;ebﬂ {E2 AT DL TR —dH{Aw, }
(AP B RAE A /R (R 2] F),, — [a), || B, i

AW = —yS~'F (D.5)
KA1 = (00105 ) = (Oni O 1) Fie = (ErocnOr ) = (Erocn(Onic)o ELEH
BAE T IEMRAZIE R T AR R AR EHOR, 7T A MINRES-QLP ByARPHERE 445 . It
S, FTELKE S FEBEROR A T — AN RTE, ERESUSI S BRENS, T =
Siir (L + 28,1, BiibSHE A KB, ASCHEA = 0.01~0.1.
ieAh, AT AR AR EE AT B B R 25 6 7R A R AR R 2 (] R gk AT
AR5y, 40 AmsGrad, FLARIIEHE LB E.
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E HiES5SHEMN

* E1 MHEERESH

Fo | A AT | E2]%n | By or p B, €
WEE Ising | AdaDelta™ 0.95
2] Ji—J» | AmsGrad™ | 0.001 0.9 0.999
5L Ising AmsGrad | 0.005 0.8 0.999 .
23" | J1—J, | AmsGrad | 0.0008 0.8 0.999
N =il
i Ji—J, | AmsGrad | 0.0005 0.85 0.999

*  Suff R AdaDelta f24k 10 2] 100 25, FAEZ JEHIILLH i F AmsGrad
#*  AdaDelta £ 1L[24], AmsGrad 7 1L[25]
wk B STHFE TR % D HPBEHLE R (stochastic reconfiguration) S4FELAL

R RH A
*= B2 B8R
2217750 E1E 2. 32
e ) PRAEZEA 0.1 INIEZS S0 L,
" NN Kaiming initialization
gL 2 2] FRUEZE N 0.01 B IE&S A AR
T2 W 2R RIS s R

* FEIL[26]
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# FILENAME: [sing_supervised.ipynb

# PROGRAMMER: CHEN Ao

# COMPILER: Jupyter Notebook, Python 3.6.7

# REQUIRED: MPI, netket, numpy

# DESCRIPTION: use supervised learning to construct neural-network
# quantum states for 1D transverse field Ising mode/

from mpidpy import MPI

import netket as nk

import numpy as np

import math

from netket.machine import FFNN

from netket.layer import ConvolutionalHypercube
from netket.layer import Relu

from netket.layer import Lncosh

from netket.layer import SumOutput

def Conv(input_channels, output_channels, kernel_length, use_bias = True):

return ConvolutionalHypercube(length =1L,
n_dim =1,

input_channels = input_channels,
output_channels = output_channels,
kernel_length = kernel_length,

use_bias =use_bias)

L =12

h_list =1[1.]

g = nk.graph.Hypercube(length =L, n_dim =1)
hi =nk.hilbert.Spin(s=0.5, graph=g)

forh inh_list:
op =nk.operator.Ising(h =h, hilbert=hi)

res =nk.exact.lanczos_ed(op, first_n=1, compute_eigenvectors=True)

ttargets =[]
tsamples =[]
hind = nk.hilbert.HilbertIndex(hi)

fori inrange(hind.n_states):
visible = hind.number_to_state(i)
tsamples.append(visible.tolist())
target =np.log(res.eigenvectors[0][i])
if np.real(target) < -L/2:
target = 1j*np.imag(target) - L/2
ttargets.append([target])

layers = ( Conv(1l, L, 3, use_bias = False), Lncosh(LxL),

Conv(L, L//2, L//2-1), Relu(L//2xL),

Conv(L//2, L//4, L-1), Relu(L//4xL),

SumOutput(L//4*L) )
layers[©0].init_random_parameters(sigma =90.1)

layers[2].init_random_parameters(sigma = math.sqrt(2/(Lx(L//2-1))))
layers[4].init_random_parameters(sigma = math.sqrt(2/(L//2x(L-1))))

ma = FFNN(hi, layers)
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optm_AdaDelta = nk.optimizer.AdaDelta()
optm_AmsGrad = nk.optimizer.AmsGrad()
spvsd_AdaDelta = nk.supervised.Supervised(
machine=ma,
optimizer=optm_AdaDelta,
batch_size=400,
samples=tsamples,
targets=ttargets)
spvsd_AmsGrad = nk.supervised.Supervised(
machine=ma,
optimizer=optm_AmsGrad,
batch_size=400,
samples=tsamples,
targets=ttargets)

spvsd_AdaDelta.run(n_iter=10,
loss_function="0Overlap_phi",
output_prefix="Ising AdaDelta%d'%int(10%xh+0.5))

spvsd_AmsGrad.run(n_iter=2000,
loss_function="0Overlap_phi",
output_prefix="Ising AmsGrad%d'%int(10xh+0.5))
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# FILENAME: [sing_reinforcement.ipynb

# PROGRAMMER: CHEN Ao

# COMPILER: Jupyter Notebook, Python 3.6.7

# REQUIRED: MPI, netket, numpy

# DESCRIPTION: use reinforcement learning to solve 1D transverse field Ising model

from mpidpy

import MPI

import netket as nk
import numpy as np

import math

from netket.
from netket.
from netket.
from netket.
from netket.

machine import FFNN

layer import ConvolutionalHypercube
layer import Relu

layer import Lncosh

layer import SumOutput

def Conv(input_channels, output_channels, kernel_length, use_bias = True):
return ConvolutionalHypercube(length =1L,

L =28

n_dim =1,

input_channels = input_channels,
output_channels = output_channels,
kernel_length = kernel_length,
use_bias =use_bias)

h_list =1[1.]
g = nk.graph.Hypercube(length =L, n_dim =1)
hi =nk.hilbert.Spin(s=0.5, graph=g)

forh inh_list:
op =nk.operator.Ising(h =h, hilbert=hi)
layers = ( Conv(1l, L, 3, use_bias = False), Lncosh(LxL),
Conv(L, L//2, L//2-1), Relu(L//2xL),
Conv(L//2, L//4, L-1), Relu(L//4xL),
SumQutput(L//4*L) )
layers[0].init_random_parameters(sigma = 0.01)
layers[2].init_random_parameters(sigma = math.sqrt(2/(Lx(L//2-1))))
layers[4].init_random_parameters(sigma = math.sqrt(2/(L//2x(L-1))))
ma = FFNN(hi, layers)
sa = nk.sampler.MetropolisLocal(machine = ma)
opt =nk.optimizer.AmsGrad(learning_rate =0.005, betal =0.8)
gs =nk.variational.Vmc(hamiltonian=op,
sampler=sa,
optimizer=opt,
n_samples=1000,
use_iterative=True,
method="Sr")
gs.run(output_prefix="Ising%d'%int(10xh+0.5), n_iter=1000)

20



