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o TEAZEFIR, BITEERUEEITPaddle QuantumilllZE FHARNE R KRS F RFEN
PNA=1

i)
BEElR.

o B, itFEM@EI TE/UITRBSIANEMlbraryflpackage,

import numpy

from paddle.complex import matmul, transpose

from paddle import fluid

from paddle quantum.circuit import UAnsatz

from paddle quantum.utils import random pauli str generator,
pauli str to matrix, dagger

=
35 EN

i

o EFTETAHARSEEN—TNAMEL D EFIEKMESR(VQE, variational quantum
eigensolver (VQE)) (1-3).

o VOQEEREFNHFLIAHIBIREFIEE (NISQ device) EMZODNAZ—, EF—NIhsELbiRg
KEIARASZSSVQE (4), ERODEERB—MIERSENBRBMENESTIRESHMR, B
., FILERAREB—IEKERE (Hermitian matrix) A HER EXN NS TS, ZBBM
EFHIEEARMNESBENMENEEE (Energy spectrum),

o BRI EE —NERNGFEIWEDGFE FHRENEZERXNEE, BIKEBHAT
WRERtNE H iIEEIE,

SSVREZ IR R AN ESHIHASHIEES

o WTFRAMAEFEESDITNDF, BMNBZEH/ B (geometry), BfF (charge) Mk BERZEE
(spin multiplicity) FZIE B REERBEARZNEZNE, BEN, BIRITNENE T
F T AR BAFIA fermionic-to-qubit BRESAIF ARSI BinD FHE FLESIRBRMER T,

o ENBEEMAIIEAG, HMNEXBRMHE—EEMNMEN2E FLHISIEEMEENFF.
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N =2 # BEFEEN/ S FHENENEE
SEED = 14 # EERENLFHF

# ERAENFR B RTINS RETE
hamiltonian = random pauli str generator (N, terms=10)
print ("Random Hamiltonian in Pauli string format = \n", hamiltonian)

# ERRERWEERER

H = pauli str to matrix(hamiltonian, N)

Random Hamiltonian in Pauli string format =

[[0.2882902599422752, 'x0,x1'], [-0.37132004698018894, 'z0,z1'],
[0.3394848692992223, 'x1'], [0.5983056387866057, 'yl'],
[0.5931450194526844, 'yl,y0'1, [-0.7752917446753211, 'yl'],
[0.5394363496035564, 'z0,yl'], [-0.1389123713189584, 'zl,y0'],
[0.23481997155046552, 'x1'], [-0.8059387465325567, 'zl,y0']]

BESFHEME (QNN)

o FELISSVQERERER, HATELFTERITEFHEMNBZANN (EISHHETFHEE) . EF

wieth, BAUSM— RNERT BT ISBEME T RSN, B0, ZEREHE R
BANEAE N TNEFESN2- B LLISSEES (6), EANIHSRERE 34 CNOT
TN EAER 15 B HEET € {R,, R, ).

o MRHEPNTESY, 0 ARBMNEFHENEZTNSHARNEE, —HEISTSH.
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THETA_SIZE = 15 # EFHEMNEPSHNNE

def U _theta(theta, N):

U_theta

# RBEFIITHE/ME
cir = UAnsatz(N)

3
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# AR ENEFHEREER

cir.universal 2 qubit gate(theta)

# RO EFHEWEFELRVEER U

return cir.U



Fo B IIZRREY - $5 55 R EX

MEHRNEEE T &}Emg%%é"ﬂ%ﬂ’] 2, BATEH—FTE NGRS REFIRKRE,
E{ZBE’JIEWLI:_JLA%%

BIEREFHE ( ) TEVAERMIAS E (BERR, FTUEITEE

{/00),101), [10), |11>}> BAVFSRBMHES {[v1 (9)) |¢z( )5 s (6)) 5 94 (6))}.
#—i, FESSVQEREIMAIRARBM—RAE NALETS [ (0)) X TREWE H WS
EB{E (expectation value) BIMACKRFLAE . XEHEMNKIMERE © = [4,3,2,1],
BRI EREN (loss function) EX9:

Zwk* (vr (0)| H [4hx (6))

class Net(fluid.dygraph.Layer):

0 N o O W N -
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Construct the model net

def _ init_(self, shape, param attr=fluid.initializer.Uniform(

low=0.0, high=2 * numpy.pi, seed=SEED), dtype='float64'):
super (Net, self). init ()

# #iaft theta SEIIR, HM [0, 2*pi] KNI DMHKIETIAE
self.theta = self.create parameter(shape=shape,
attr=param attr, dtype=dtype, is bias=False)

# TE XK R EFNFI ) E RS
def forward(self, H, N):

# MEINEFHEME
U = U_theta(self.theta, N)

# TTEIRKREREN
loss_struct = matmul (matmul (dagger(U), H), U).real

# MAUTEEXITES T FHEE, BETE vtdagger*H*U RIXNATT
loss_components = [

loss_struct[0][0],

loss_struct[1l][1],

loss_struct[2][2],

loss_struct[3][3]

# BRZIBUKFEAIHRR R ER
loss = 4 * loss _components[0] + 3 * loss components[1]
+ 2 * loss_components[2] + 1 * loss_components|[3]

return loss, loss components



o B IIZRE - IRELS L

ERHITEFHEMEM)GZE, BINESEHR T E)IGNBSERE, FTERFSHIRE (IR,
learning rate). EARREUTR, iteration) 1 £ FZE N T EERASRE (Depth, D), XEHINRE
SIRERN0.3, ERIRENE0K, EEARBITRARERENES TS AT IZHM R,

1 ITR = 50 # RBIIGFNEIELIRE
2 LR = 0.3 # IREFSEER

Z1TYI1%%

o HIFGERNEMSHEBIRETHE, BIVEHIERMANPaddesiSEFHNTE, E#MmiATE
FREZEMERTIIZ,

o IREPFHIANEZEAdJam Optimizer, A iIEAPaddle FIZHE M1t 28,

o FATRILUEIIZRI 2T —HlossHTEN K,

1 # #{AftpaddleshiSENLF
2  with fluid.dygraph.guard():
3
4 # BANIFEY Numpy array i Paddle mISEEXHTIFH variable
5 hamiltonian = fluid.dygraph.to variable(H)
6
7 # WEMBINSERE
8 net = Net(shape=[THETA SIZE])
9
10 # —AR, BAIFIAAdanfil it g8 RIRSEIT IFRIUES,
11 # HIRIRPT A A SGDEE 2RMS prop.
12 opt = fluid.optimizer.AdagradOptimizer (
13 learning rate=LR, parameter list=net.parameters())
14
15 # MAER
16 for itr in range(l, ITR + 1):
17
18 # BIEEREIT EMK R IRE G TTRIBEE
19 loss, loss_components = net(hamiltonian, N)
20
21 # ENSENEIT, REEERIVETRRE
22 loss.backward()
23 opt.minimize(loss)
24 net.clear gradients()
25
26 # FTENNZREE
27 if itr & 10 ==
28 print('iter:', itr, 'loss:', '%$.4f' % loss.numpy()[0])



HIIEESES

BAEEL T T EFHERNENIIL, BB SIS ENNEERMABRR,

EigEAnumpy PR TERKFERZBMEN & MFIEE;
BATRIIZRQNNS RIS MR sEEMIERIER TS EHITER .
AILAEEI, SSVQEI&4HmHMNESERESERA,
1 print('The estimated ground state energy is: ',
loss_components[0].numpy())

print('The theoretical ground state energy: ',
numpy.linalg.eigh(H)[0][0])

O & W N

print('The estimated 1lst excited state energy is: ',
loss_components[1].numpy())
6 print('The theoretical 1lst excited state energy: ',
numpy.linalg.eigh(H)[0][1])

print('The estimated 2nd excited state energy is: ',
loss_components[2].numpy())

9 print('The theoretical 2nd excited state energy: ',
numpy.linalg.eigh(H)[0]1[2])

10

11 print('The estimated 3rd excited state energy is: ',

loss_components|[3].numpy())
12 print('The theoretical 3rd excited state energy: ',
numpy.linalg.eigh(H)[0]1[3])

1 The estimated ground state energy is: [-1.90448246]

2 The theoretical ground state energy: -1.9113115824996965

3 The estimated 1lst excited state energy is: [-0.90911539]

4 The theoretical 1lst excited state energy: -0.9051492736630313
5 The estimated 2nd excited state energy is: [1.30471078]

6 The theoretical 2nd excited state energy: 1.2814396957014094
7 The estimated 3rd excited state energy is: [1.50888706]

8 The theoretical 3rd excited state energy: 1.5350211604613184
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