CHinese PuysicaL Sociery | IOP Publishing

CPB

Chinese Physics B

http://cpb.iphy.ac.cn https://iopscience.iop.org/journal/1674-1056

Dynamical learning of non-Markovian quantum dynamics

Jintao Yang(#7#7 %), Junpeng Cao( & 12 %), and Wen-Li Yang(#5 3 /1)
Citation:Chin. Phys. B, 2022, 31 (1): 010314. DOI: 10.1088/1674-1056/ac2490
Journal homepage: http://cpb.iphy.ac.cn; http://iopscience.iop.org/cpb

What follows is a list of articles you may be interested in

Low-loss belief propagation decoder with Tanner graph in quantum error-correction

codes

Dan-Dan Yan(Fi/} 1), Xing-Kui Fan(JE428), Zhen-Yu Chen(f441°}), and Hong-Yang Ma( 1)t
Chin. Phys. B, 2022, 31 (1): 010304. DOI: 10.1088/1674-1056/ac11cf

Determination of quantum toric error correction code threshold using convolutional

neural network decoders

Hao-Wen Wang(E i 3), Yun-lia Xue(E%37)4E), Yu-Lin Ma( = 4K), Nan Hua(#£F4), and Hong-Yang Ma( )
Chin. Phys. B, 2022, 31 (1): 010303.  DOI: 10.1088/1674-1056/ac11e3

Quantum annealing for semi-supervised learning

Yu-Lin Zheng(# £ %), Wen Zhang (5K 32), Cheng Zhou(Ji 1), and Wei Geng(Hk %)
Chin. Phys. B, 2021, 30 (4): 040306.  DOI: 10.1088/1674-1056/abe298

Experimental implementation of a continuous-time quantum random walk on a

solid-state quantum information processor

Maimaitiyiming Tusun(ZZZZ#2/K -1 F)), Yang Wu({fi#%), Wenquan Liu(X]3C4Y), Xing Rong(5€£), Jiangfeng
Du(FLVTIE)
Chin. Phys. B, 2019, 28 (11): 110302. DOI: 10.1088/1674-1056/ab44ae

Nuclear magnetic resonance for quantum computing: Techniques and recent

achievements

Tao Xin(3¥5), Bi-Xue Wang(E#5), Ke-Ren Li(ZA]{"), Xiang-Yu Kong(fL#£F%), Shi-lie Wei(ZETH ), Tao
Wang(F#), Dong Ruan(Ft ), Gui-Lu Long(JE i)
Chin. Phys. B, 2018, 27 (2): 020308. DOI: 10.1088/1674-1056/27/2/020308


http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac2490
https://doi.org/10.1088/1674-1056/ac2490
http://cpb.iphy.ac.cn/
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac11cf
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac11cf
https://doi.org/10.1088/1674-1056/ac11cf
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac11e3
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ac11e3
https://doi.org/10.1088/1674-1056/ac11e3
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/abe298
https://doi.org/10.1088/1674-1056/abe298
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ab44ae
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/ab44ae
https://doi.org/10.1088/1674-1056/ab44ae
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/27/2/020308
http://cpb.iphy.ac.cn/EN/10.1088/1674-1056/27/2/020308
https://doi.org/10.1088/1674-1056/27/2/020308

Chin. Phys. B 31, 010314 (2022)

Dynamical learning of non-Markovian quantum dynamics

Jintao Yang(#57#%)1> ", Junpeng Cao(H & E)1>34% and Wen-Li Yang(# 3 /7)*>6.78

1Beijing National Laboratory for Condensed Matter Physics, Institute of Physics, Chinese Academy of Sciences, Beijing 100190, China
2School of Physical Sciences, University of Chinese Academy of Sciences, Beijing 100049, China
350ngshzm Lake Materials Laboratory, Dongguan 523808, China
4Peng Huanwu Center for Fundamental Theory, Xi’an 710127, China
5Institute of Modern Physics, Northwest University, Xi’an 710127, China
6 School of Physical Sciences, Northwest University, Xi’an 710127, China
7 Shaanxi Key Laboratory for Theoretical Physics Frontiers, Xi’an 710127, China

(Received 3 June 2021; revised manuscript received 19 July 2021; accepted manuscript online 8 September 2021)

We study the non-Markovian dynamics of an open quantum system with machine learning. The observable physical
quantities and their evolutions are generated by using the neural network. After the pre-training is completed, we fix the
weights in the subsequent processes thus do not need the further gradient feedback. We find that the dynamical properties
of physical quantities obtained by the dynamical learning are better than those obtained by the learning of Hamiltonian and
time evolution operator. The dynamical learning can be applied to other quantum many-body systems, non-equilibrium

statistics and random processes.
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1. Introduction

Machine learning is a very important technique in
the study of modern physics, mathematics, chemistry, and
medicine. Artificial neural network is a powerful tool to re-
alize the machine learning. Focus on the physics, artificial
neural networks are used to study phase transitions and critical

[1-13] topological nature of quantum states, [!4~18!

phenomena.
many-body correlated effects, [!%-2%! optimization of numerical
simulations, 27291 quantum error correction codes, 30331 and
so on,[34-371

Recently, machine learning is also applied to the open
quantum systems which have many applications in various
fields such as solid state physics, quantum chemistry, quantum
sensing, quantum information transport, and quantum com-
puting. Luchnikov et al. applied the supervised learning to
the open quantum system.[*8! By constructing the likelihood
function of a specific sequence of physical quantity and using
it as a loss function for back-propagation, they simulated the
model Hamiltonian of an open quantum system.

Neural network has been used in the machine leaning ex-
tensively. By adjusting the connection weights among neu-
rons in the neural network, machine learning can be carried
out. Later, the neurobiology experiments show that the static
weights can also be used to realize the fast learning.°!

In this paper, we study the non-Markovian dynamics of
an open quantum system by constructing a biological recur-
rent neural network. With the help of stored data library, all
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the weights after appropriate pre-training are fixed. Thus the
weights learning is not required and the dynamical properties
can be learned quickly.*”) Then we generate the dynamical
behaviors of physical quantities by this kind of supervised dy-
namical learning.

There are two ways to carry out the machine learning.
One is simulating the system Hamiltonian. We show that only
if the Hamiltonian is generated accurately, the corresponding
dynamic behaviors can be true. The other is the dynamical
learning of time evolution of the physical quantities. We find
that the neural network with static weights can give the dy-
namic properties very well.

2. Non-Markovian quantum dynamics

Quantum dynamics is the result of interactions between
the system and the environment. Generally, the environment is
complicated and can affect the dynamical behavior of the sys-
tem, thus can be regarded as an effective reservoir. From the
dynamical properties of the system, some information about
the environment could be obtained. The contributions of en-
vironment are mainly attributed to the memory effects accom-
panying non-Markovian dynamics.

When measuring a quantum system, if the degree of free-
dom of effective reservoir is equal to one, the system evolu-
tion is Markovian. That is to say, the measurement results at
current moment are only related to the measurement values at
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previous moment. Thus the present results do not depend on
the overall measurement results in the earlier period of time.

In this paper, we consider the non-Markovian quantum
dynamics and the system is described as!*®!

ps(t) = trer [Ps +ER ()],
dpsier (1)

m = Ls+Er[Ps+ER (1)], (D

where ps(r) is the density operator of the system, psgr () is
the density operator of system and environment, and Lggr is
the generator of non-Markovian process. In system (1), the
environment is divided into two parts. The first part carries
the memory and is responsible for non-Markov dynamics. The
second part does not have the memory and leads to the Marko-
vian dissipation and decoherence between the system and the
effective reservoir.

Now, we carry out the machine learning. The density op-
erator ps(¢) can not be achieved by the machine through a sin-
gle learning. Only through many times of learning, the rele-
vant information about the system can be obtained. The learn-
ing means the measurement, that is acting a projection oper-
ator on the system and the effective reservoir. Considering
a series of projection measurements with different time, the
measurement results seem useless, because the wave function
of quantum system collapses with each measurement. How-
ever, such series of measurement results do contain some nec-
essary information related with the system. It is proved that an
enormous number of measurements has a pattern which can
be recognized by the machine. 8! Then we can extract the ef-
fective information about the system from the corresponding
pattern.

In order to learn the non-Markovian dynamics, we first
need to construct a dataset for machine learning. We arrange
the projection measurements in the order of time. In the pro-
cess of obtaining training data, the time evolution rule is given
by the generator LsgR.

The dynamical properties of the system are quantified by
the time evolution operator U(t) = e /" where H is the
Hamiltonian. The time evolution of a state satisfies |y(¢)) =
U(t)|w(0)), where |y(0)) is the initial state. Then the density
operator reads ps(¢) = |y(r)){w(z)|. We note that the time
evolution operator can also generate the training dataset.

For simplicity, we choose the observable physical quanti-
ties as the expected values of Pauli matrices

(o) = (y()lo|y()), 2)

and study their dynamical properties. It is clear that the ex-
pected values depend on the time evolution operator thus the
Hamiltonian. Therefore, in order to obtain the dynamical

properties of these physical quantities, we should learn the

Hamiltonian first. Here we simulate the Hamiltonian by us-
ing the supervised learning. Obviously, the results are better
when the simulated Hamiltonian is closer to the actual values.

3. Learning of Hamiltonian

In this section, we start from the Hamiltonian of a given
quantum system to show the machine learning results. We ran-
domly generate a Hamiltonian as

H= %W ®I, 3)
where W is a d? x d> Hermitian matrix and / is the d x d iden-
tity matrix. Thus the Hamiltonian is a d> x 4 matrix. For
simplicity, we put d = 2 and the matrix elements of W take the
random complexes with the absolute values of both real and
imaginary parts less than one. The Hamiltonian in Eq. (3) in-
cludes the system and the environment. The dimension of the
system is d. The environment is divided into two parts and the
dimension of each part is d. The W in Eq. (3) corresponds to
the combination of the system and the first part of the environ-
ment. The first part carries the memory and is responsible for
the non-Markov dynamics. The second part does not have the
memory and leads to the Markovian dissipation. For simplic-
ity, we set the second part of the environment as the identity
matrix.

We first learn the Hamiltonian (3) by using the supervised
learning. The main idea of supervised learning is as follows.
During the learning, we define a loss function p({E j}?’:l |H;),
where E; is the projection operators acting on the system and
the effective reservoir, N is the total number of projectors with
different time and H; is the current Hamiltonian. The set of
projectors {E j}]j\’:l supplies the training set for the machine
learning. The loss function is used to quantify the differ-
ence between the learned Hamiltonian and the real one. Dur-
ing the training, the learned Hamiltonian changes with each
steps. The loss function can be increased as much as pos-
sible through the gradient ascent. When the log likelihood
(1/N)logp({E; }1}’:1 |Hs) of the trained system Hg is equal to
the actual value (1/N)logp({E j}lj\':l |H) which is obtained by
the given Hamiltonian (3), we expect that the learned Hamilto-
nian H equals to the real one (3) and the dynamical evolution
of the physical quantities given by Hg meet the actual values.

The log likelihood of supervised learning result and the
actual value are shown in Fig. 1(a). We see that after com-
pleting the training, the log likelihood of the trained system
H; equals that of the real system with the epochs steps larger
than 75. Then we calculate the physical quantities (o) and
the results are shown in Figs. 1(b)-1(d). Here, the blue lines
denote the supervised learning results while the red lines de-
note the actual values which are obtained form Eqgs. (2) and
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(3). We find that the dynamical evolution of physical quanti-
ties obtained from the trained system H; are slightly different
from the actual values, although the log likelihood of trained
system is the same as the actual value.

(a) (b) 1.0
g —0.60f .
3 0.5f ¢
= —0.65} -~
= < 9
:o —0.70F — Trained system —0.5}¢
3 —075pl T Reall systelm . 1ok . . . .
0 100 200 ) 100 200
Epochs Epochs

Epochs Epochs
(e) 1.0 () 1.0
0.8} 0.8f
- 06} L 0.6}
0.4F 0.4f
0L 8 . L L 0 - - - -
0 100 200 0 100 200
Epochs Epochs

Fig. 1. The supervised learning results of an open quantum system. (a) The
log likelihoods of trained system and that of the real system. These two
curves converge if the training number is large enough. (b)—(d) The dynami-
cal evolution of physical quantities (o). The blue lines are the learned results
and the red lines are the actual values. We see that they do not coincide with
other. With the increasing of evolution time, the difference becomes larger
and larger. (e) The difference between the learned Hamiltonian and the real
one. We see that with the increasing of training time, the difference does not
decrease. (f) The difference of density operators between the learned one and
the real one.

In order to explain above conflict and check the validity
of machine learning, we define

1 N
Rh = ﬁ Z |I'Imn - (Hs)mn|7 (4)
m,n

where the subscript mn means the matrix elements. The quan-
tity R, gives a measure of the difference between the real
Hamiltonian H and the learned one H;. We also define a mea-
sure of the difference of density matrices

1 N
Rp = ﬁ Z ‘(pS)mn - (ps)mn|; (5)

where pg is the density matrix of real system, ps is trained
one with the definition ps = |ys(7))(ys(z)| and |ys(7)) =
e T/ y(0).
Figs. 1(e)-1(f), respectively. We find that with the increas-

The values of R, and R, are shown in

ing of epoch step, the R}, increases and the final value is about
0.8. Meanwhile, the value of R, oscillates between 0 and 0.4.

Next, we seek the benchmark which can give the believ-
able results of the dynamical evolution. For this purpose, we
construct a trying Hamiltonian

H,=Hy+qV, (6)

where ¢ is a small quantity and V is a 8 x 8 random Hermitian
matrix. We note that the generation rules of V and W are the
same except for the dimensions. Hy is generated by the same
rule Eq. (3) as the real Hamiltonian. Substituting the trying
Hamiltonian H; into Eq. (2), we obtain the trying results of
dynamical evolution of the physical quantities (o), which are
shown in Fig. 2 as the blue lines with different gq. Here the
red lines represent the actual values. We find that only when g
is small enough, the trying results agree with the actual ones.
Then we can extract the correct information about the system
from the correlation patterns in the series of measurements of
the trying Hamiltonian H;. Meanwhile, replacing the H; in the
measure (4) by the H;, we obtain that if the machine learn-
ing works, the Ry should be very small. Figure 2(e) gives
the benchmark as R, = 1.02 x 107> and figure 2(f) gives the
benchmark as R, = 5.2 x 1075, All these values are smaller
than that obtained from the learned Hamiltonian Hg. That is
the reason why the learned Hamiltonian can not give the cor-
rect dynamical properties of the system.

(a) 1 (b) 1

—~
D

£ 0py

Wy

450 460 470 480 490 500

(d) 1

500

-1

1450 460 470 480 490 500
Time

450 460 470 480 490 500
Time

Fig. 2. Dynamical evolution of the physical quantity (o;). The red lines
are the actual values and the blue lines are the results obtained from the try-
ing Hamiltonian H; with different g. The values of ¢ in panels (a)—(f) are
I1x1075, 1x 1072, 1x 1073, 5% 107*, 1 x 107%, and 5 x 107>, respec-
tively. We see that only when ¢ is small enough, the trying results obtained
from H; can give the correct dynamical properties of the system. The numer-
ical data of panel (e) give the benchmark as R, = 1.02 x 107> and that of
panel (f) give the benchmark as Ry, = 5.2 x 107>, Therefore, if the learned
Hamiltonian gives the believable results, the Ry, should be small enough.

In order to solve this problem, we use an alternative
method which is the dynamic evolution of physical quantities
can be learned directly from the dynamical learning, as shown
in the following section.

4. Dynamical learning

The expected values of Pauli matrices can also be ex-
pressed as

(o) = tr]ps(t) o], @)

which means that the dynamical properties of physical quan-
tities can also be obtained from the density operator. Thus
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we carry out the dynamical learning of the density operator
directly.

We use a recurrent neural network to realize the dy-
namical learning, which is a modified version of the echo
state network.®! The neural network constructed in this pa-
per combines the input layer and the output layer to form a
loop. %] Besides the traditional input, our neural network also
has a context input, which is used to stabilize the neural net-
work.

The neural network is characterized by

x(t) = —x(t) +Ar(t) + wee(t) +wpp (1) + whh(t),
p(1) =opr(t), h(r)=onr(t), ®)

where x(¢) is a function of ¢, A is the recurrent weight of the
function r(r) which is related with x(¢), we is input weight of
input function £(t), w, is the feed back weight of the density
operator p(t), wy, is the feed back weight of the context h(z),
o0p and oy, are the output weights of density operator and train-
ing context, respectively.

We choose r(t) = tanh[x(¢) + b] and start from an initial
uniform distribution. Thus the initial network parameters we,
Wp, Wh, and b are determined by the given initial distribu-
tion. The recurrent weight A is a matrix whose elements take
the values from O to 1. During the learning, only the output
weights 0, and oy, are updated via gradient descent method.
The initial values of op, oy are set to zero.

The construction of neural network with dynamical learn-
ing includes two steps. The first step is training the neural
network. Through training, the neural network will gradually
learn how to simulate the dynamic evolution of physical quan-
tities. The second step is testing the network. In this step, the
dynamic evolution of physical quantities can be simulated. We
note that both of these two steps include the pre-training stage
and the dynamical learning stage.

We first train the neural network. We randomly generalize
1000 context matrices {/(¢)} which have the same structure as
Hamiltonian (3). The purpose of this choice is to stabilize the
neural network. From these contexts, we obtain the density op-
erators {P(¢)}. The context and the density operators in above
sequences are put into the neural network in turn to obtain the
training set.

In the pre-training of recurrent neural network, the con-
text and density matrix over a period of time are generated
by the continuous measurements of input A(z) and p(t). We
take the difference between the trained density matrix p(z) and
the input one P(¢) as the loss function, £(¢) = p(t) — p(¢), to
pre-train the neural network. Meanwhile, we use the FORCE

(411 for online learning to minimize the loss function £(¢)

rule
through gradient descent method and to update the output

wights 0p and oy, in the neural network.

After the pre-training, we fix the output weights o, and oy,
of the recurrent neural network. The context A(¢) in the neural
network is also fixed as a constant, which is the average value
of all the previously generated contexts in the pre-training pro-
cess. Next we carry out the dynamical learning. In this stage,
we no longer minimize the loss function £(z) and the weights
in the neural network are no longer updated. The network gen-
erate the trained density operator and trained context.

From the 1000 training, the output weights o, and oy, of
the neural network are optimized. The trained density opera-
tor tends to the actual value of input one. Because the weights
of neural network are fixed, the amount of computation are
effectively reduced.

Next, we test the neural network and study the dynam-
ical learning results. Substituting the Hamiltonian (3) in to
the neural network and repeating the above pre-training and
dynamical learning processes, we obtain the learned result of
density operator of the system (3). Based on it, we obtain
the dynamical learning results of the physical quantities (o),
which are shown in Figs. 3(a)-3(c). We find that the learned
dynamical evolution of physical quantities (o) (blue lines) co-
incide with the actual values (red lines) very well. Meanwhile,
the density operator generated by the neural network is very
close to the real one, as shown in Fig. 3(d). Therefore, we
conclude that the dynamical properties of the non-Markovian
quantum systems can be learned by the neural network with

fixed weights.
(a)1.0 (b) 1.0
0.5 0.5
—0.5 —0.5
-1.0 -1.0
450 460 470 480 490 500 450 460 470 480 490 500
(c) 10 (@
05 0.8
<~ 9 =06
s : & 0.4
—0.5 : 0.2
-1.0

0450 460 470 480 490 500
Time

450 460 470 480 490 500
Time

Fig. 3. (a)—(c) The dynamical evolution of physical quantities (o). The red
lines are the exact dynamics results and the blue lines are the learned results.
We see that these curves coincide with each other very well. Thus the neural
network with fixed weights can learn the quantum dynamics. (d) The differ-
ence between the learned density operator and the actual value. We see that
the difference is very small.

Last, we should note that the Hamiltonian is randomly
generated according to the rule (3). The neural network con-
structed in this paper has the ability to accurately learn other
quantum systems including the high dimension cases only if
they have the same structure as Eq. (3).

5. Conclusion

We study the dynamical learning of Non-Markovian
quantum dynamics by using the neural network with fixed
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weights. From the generating function of Hamiltonian, we
obtain the suitable set of input contexts and the stable neu-
ral network. After training, the neural network can generate
the learned density operator of a given system very accurately.
Based on it, we calculate the dynamical evolution of physical
quantities. Comparing with the supervised learning of model
Hamiltonian, the dynamical learning results are more accurate.

Dynamic learning has many distinct advantages. For ex-
ample, it does not need to update the weights of the network
during the dynamical learning stage. Thus the amount of com-
putation can be effectively reduced. It avoids the searching
of time evolution rule. In some cases, we do not know the
Hamiltonian of a dynamical problem. The dynamical learn-
ing simulates the dynamical evolution of observable physical
quantities directly and the accuracy is very high. We expect
that the dynamical learning can be applied to other problems.
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