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o EAREH, RIVEERNEEIPaddle QuantumillGEFREMERRHEZEFSHHT.
o FE(TEE TE/LITRESIANLENibraryflpackage,

import scipy

from numpy import array, concatenate, zeros

from numpy import pi as PI

from numpy import trace as np trace

from paddle import fluid

from paddle.complex

from paddle quantum.
from paddle quantum.
from paddle quantum.

pauli str to matrix

import matmul, trace

circuit import UAnsatz

state import density op

utils import state fidelity, partial trace,
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EFITETNENEARESEFNSEZINEF ML, EXMITAEF, KEEFSHHEEFEEE
RERE, 15308, SMES (Cibbsstate) MHIEEXMESEFEIEMUINSBEHE TZNA

F:

o SFHBRFIPZRIFRLEZENZS] (1)
o RO EEMIFMMEE (2)

o HEIERE (3)

BNEMHSEXNT: B8 —1 n EFUNRENE H (—RRKIRXZ—12" x 2"HNEKE
pE) , HERE T THEHETSK

e’BH

pe = tr(e PH)



Hep e PH RIEME —BH RIEIFIEH, B = - REASNERESY, HP T ZEESH, k2ER
LEBEH XMEIFHENNE = 1. FFA—TLEFHOF, XERMNELER—T3EFLENER
mE M E SIS,

H=-2Q02Z0I-19282Z-2®I1Q Z, I:Ll) ﬂ Z:Ll) 01].

RXMMFH, BANEERESEIREN B = 1.5, Wi, ATHEMNER, BAHRERESURRIEMLT
THERBERNSHES pg.

1 N =4 # EFHREMEBNEE
2 N_SYS_B = 3 # ATAMSHESHNFRABNE LT
3 SEED = 14 # [EE AT
1 beta = 1.5 # REWRESE beta
2
3 # ERAENFRBERTIENIRZINE
4 H=1([[-1.0, '20,21'], [-1.0, 'Zzl,22'], [-1.0, 'z0,22']]
5
6 # E£RIEBRMENEEFER
7 hamiltonian = pauli_str_to_matrix(H, N_SYS B)
8
9 # HpIERIER THBENSHEIS rho
10 rho G = scipy.linalg.expm(-1 * beta * hamiltonian) /
np trace(scipy.linalg.expm(-1 * beta * hamiltonian))
11
12 # 18BR Paddle quantum FRXZIFROEUIEZREY
13 hamiltonian = hamiltonian.astype("complex128")
14 rho G = rho G.astype("complex128")
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o BIFREFIR—LHEENSE, (LUBKREIEFLY, HREITMEFURBBASL, £2-47
EFURRUFESHISHF RS,



o MRHEPNTESY, 0 ARBMNEFHENZFNSHAMNEE,

ETRBAVRIELESHNBIRIZIT, 8T Paddle Quantum # uansatz REFIAER
real entangled layer(theta, D) BIERRSREEEFHEME,

def U theta(initial state, theta, N, D):
Quantum Neural Network
# RBEFHISHE/ NETEVRCEFHREMLE
cir = UAnsatz(N)

# NBR {R y + CNOT} FEIRIEIR
cir.real entangled layer(theta[:D], D)

# WE&E—% R y Fe%l]
for i in range(N):

cir.ry(theta=theta[D][i][0], which qubit=i)

# EFHENEERELRENYRSLE

final state = cir.run density matrix(initial state)

return final state
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MAEBRNELE THIENE FHENENEN, BITEE—SEXSENINGFSEH. EEMMRK
PREOAEI BRI B R,

o BEMBNISZEMBIEXDFNSE, K BBEAAEHIISIATT BV E BEEMR,
o BIEMBFMANE U(0) ENESLE, BATEIEIRLS v (0)), HEZE2-4M BTN

SIER pB(0).
REINFEERRIRARRE . ESHHSEIHR, BIFIADEKSERBNEBERHTER
BEROMEIT, MERNAOMRRESE (DRILIRA loss = Ly + Ly + Ly, HF

Ly =tr(Hpp), L»=2B"tr(p%), Ls=—B"(tr(p3)+3)/2



1 class Net(fluid.dygraph.Layer):

2 wan

3 Construct the model net

4 wan

5

6 def init (self, shape, param attr=fluid.initializer.Uniform(
7 low=0.0, high=2*PI, seed=SEED), dtype='float64'):

8 super (Net, self). init ()

9

10 # At theta SETIKR, HA [0, 2*pi] KIS MKIETYIAE
11 self.theta = self.create parameter (shape=shape,

12 attr=param attr, dtype=dtype, is bias=False)
13

14 # WA rho = [0..0><0..0| KOBRELEE

15 self.initial state=fluid.dygraph.to variable(density op(N))
16

17 # T XIS BR A R el & 1B

18 def forward(self, H, N, N_SYS B, D):

19
20 # HEINEF M
21 rho AB = U_theta(self.initial state, self.theta, N, D)
22
23 # TTE{RIT partial trace RIRBFRLBFIAEFS rho B
24 rho B = partial trace(rho AB,
25 2 ** (N - N _SYS B), 2 ** (N _SYS B), 1)
26
27 # TE=TFmMKE
28 rho B squre = matmul(rho B, rho B)
29 lossl = (trace(matmul(rho B, H))).real

30 loss2 = (trace(rho B squre)).real * 2 / beta

31 loss3 = - ((trace(matmul(rho B squre, rho B))).real + 3)
32 / (2 * beta)
33

34 # ERZRHIIAR RN

35 loss = lossl + loss2 + loss3

36

37 return loss, rho B

EoEIZMRE - RESEN

EHITEFHENEN)IGEZE], RMNEFEHTLINFHNESHRE, FERFIRE (IR,
learning rate) . EAUREUTR, iteration)F1E FAENKZITEERIGRE (D, Depth), XEHINRE
FIRER0.5, EAREAE0R, EERY BT REREMNERS MBS RIS RN,

1 ITR = 50 # REBEIIGFNEZELRE
2 LR = 0.5 # 18BFIJEXR
D=1 # RBEEFHEMEPEEITEEIRIVRE Depth
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o I REFENIAIZE Adam Optimizer, teILAERA Paddle IR E MBS
o FATRIIZRIFEFRNERIOREL o
o BAMBAURRML T HMNZIANEFS pp(0) SEHIE po WREE, REEHSIRA
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# WAtk paddleshSENFE
with fluid.dygraph.guard():

iter:
iter:
iter:
iter:
iter:

# BAIEER Numpy array #iRpl Paddle mhSERRENAIFH variable
H = fluid.dygraph.to variable(hamiltonian)

# WEMBISHERE
net = Net(shape=[D + 1, N, 11])

# —HQEEB‘% BA 1M adamfL (23R IRS AT IFRIULER,
HAIRE] LA B SGDEY & 2RMS prop.
opt = fluid.optimizer.AdamOptimizer (learning rate=LR,
parameter list=net.parameters())

# AER
for itr in range(l, ITR + 1):

# BIAEEITERRRBFIREEMRNEFS rho B
loss, rho B = net(H, N, N SYS B, D)

# TEDSENEIT, REEBER/IMEIRKERER
loss.backward()

opt.minimize(loss)

net.clear gradients()

# i_;g}%ﬁi Numpy array }Eﬁ DX-L-I_%—E%&,\E,JT%EE 17 ( rho_B ’ rhO_G)
rho B = rho_ B.numpy()

fid = state fidelity(rho B, rho G)

# FTENNEREER
if itr & 10 ==
print('iter:', itr, 'loss:', '%.4f' % loss.numpy(),
"fid:', '%.4f' ¢ fid)

10 loss: -3.1189 fid: 0.9504
20 loss: -3.3502 fid: 0.9846
30 loss: -3.3630 fid: 0.9873
40 loss: -3.4087 fid: 0.9948
50 loss: -3.4110 fid: 0.9953


https://www.paddlepaddle.org.cn/documentation/docs/zh/api_cn/optimizer_cn/AdagradOptimizer_cn.html
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