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Method

Unsupervised machine learning on classification of quantum phases
Hsuan-Yu Wu1, Kwai-Kong Ng1

1Department of Applied physics, Tunghai University, Taichung, Taiwan

Abstract

Consider training data with a window boundary. 
If the data belongs to the same phase, it cannot be 
distinguished, otherwise, it can be distinguished.

The method of extracting data involves applying 
video compression to the imaginary time direction 
of data generated by quantum Monte Carlo (QMC)
simulations and then using a convolutional neural 
network (CNN) to perform classification. 

We use an extended hard-core boson Hamiltonian on a 
triangular lattice, as shown below.

Results

Conclusion

References

Without the need to pre-inform relevant state 
information, our method has been proven to be able to 
roughly capture the location of the critical point of 
quantum transition.

By introducing imaginary time, our model can better 
capture the characteristics of the critical point.

By changing the window size, we can better determine 
the approximate range of the critical point based on the 
width of the peak.

In the future, it may be attempted to use extrapolation 
methods to search for the critical point as L approaches 
infinity.

[1]   Physical Review B 99, 121104(R) (2019)

[2] D.-R. Tan and F.-J. Jiang, arXiv:1707.00663v1 
[3]   PRL 95, 127205 (2005)
[4]   Physical Review B 102, 224434 (2020)

Recently, an algorithm [1] has been developed to apply video compression methods to the imaginary time direction of data 
generated by quantum Monte Carlo (QMC) simulations, followed by quantum phase classification tasks performed by a 
convolutional neural network (CNN). This method was originally used for supervised learning. The present study further 
extends the method to unsupervised learning, attempting to distinguish different quantum phases of unknown ground state 
phases of quantum systems and identify corresponding quantum phase transition parameters. This method can also be 
applied to some thermal phase transitions to determine the critical temperatures for different phases.

Fig1. Illustration of the operation process[2]

Fig 6. The variations in the results of (a) imaginary time layer , and (b)
lattice size L in the results of Figure 4 (b).

Thermal transition

Fig4. Quantum transitions from (a) supersolid to solid and (b) supersolid to
superfluid at L=18, with intervals of 0.05 and 0.004, respectively.

The position of the 
critical point as L 
approaches infinity

Fig3. Distribution of solid, supersolid,
and superfluid states at T=0.01 in
Quantum transition.[1]

Fig 8. The thermal transition of solid at
L=18, with intervals of 0.02.

Fig2. The number of kernels is 32, the number of hidden layer neurons is
512, the loss function is binary cross-entropy, the optimizer used is Adam,
and L2 regularization with a parameter of 0.08 is added.

Quantum transition

(b)

(b)

Fig 7. (a) The density of hard-core bosons graph along multiple phase
transition paths[3], (b) where our model predicts the results. Here, L=18
with an interval of 0.1.

(a) (b)

The position of the 
critical point as L 
approaches infinity

Fig 5. The variations in the results of
window sizes in the results of Figure
4 (b).

The position of the 
critical point as L 
approaches infinity
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Simulating variational wave functions on quantum circuit
C.W. Lin( )1, C.Y. Huang( )1, C.T. Chan( )1
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Variational Quantum Eigensolver (VQE) Example
https://joshuagoings.com/2020/08/20/VQE/#a-first-attempt-at-a-
quantum-circuit
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Enhancement of multiferroic properties for BiFeO3 films 
with Tb substitution

P.H. Chen( )1, T.K. Lin( )2, C.R. Wang( )1, H.W. Chang( )3*

1 Department of Applied Physics, Tunghai University, Taichung, Taiwan
2 Institute of Manufacturing Technology and Department of Mechanical
Engineering, National Taipei University of Technology, Taipei, Taiwan

3 Department of Physics, National Chung Cheng University, ChiaYi, Taiwan

Conclusions
Bi0.95Tb0.05FeO3 thin film exhibits optimum electrical properties (2Pr = 197 /cm2) superior to other international groups. Improved ferroelectric properties with increased 

remanent polarization, possibly due to suppressed leakage current resulting from the suppressed oxygen vacancy and the flattened interface, were observed for BTFO films with x = 0.05.

Magnetic properties are enhanced due to Tb substitution, which might be related to higher magnetic moment of Tb3+ ion and suppressed spiral magnetic configuration.  

This works suggests that Tb-substituted BFO thin films on a Pt electrode buffered glass substrate at low deposition temperature may be a useful multiferroic material for applications.

Results and Discussion

BiFeO3 : Fundamentals
Antiferromagnetism

TN ~643 K

G-type Antiferromagnetism:

MS = 0.01 B/f.u.

Ferroelectricty

TC ~1103 K

Spontaneous polarization
C/cm2 at 77 K

Teague et al. Solid State Commun. 8, 1073 (1963). M. Bibes, et al. Nat. Mater. 6, 296 (2007). 

Motivation and purposes

We expect that substitution of Tb3+ ion with high magnetic moment could reduce the leakage
and improve multiferroic properties.

Bi1-xTbxFeO3 (BTFO, x = 0, 0.05, 0.10, and 0.15) thin films were prepared by pulsed laser
deposition (PLD).

In this work, a systematic investigation of the structural evolution, surface morphology,
microstructure, leakage mechanisms, and ferroelectric and magnetic properties of BTFO
films is reported.

Pulsed Laser Deposition (PLD)

Bi1-xTbxFeO3 x = 0.00, 0.05, 0.10 and 0.15

Background pressure 5 10-6 Torr

Formation temperature 350~500 

Working Pressure 30 mTorr (O2)

XRD
Structures

TF2000
Ferroelectric 

properties

Experiment

Fig.1. XRD analysis of Bi1-xTbxFeO3 (x = 0, 0.05, 0.1, 0.15) films

20 25 30 35 40 45 50 55

orthorhombic 

2-Theta (deg.)

x = 0.05

x = 0.10

x = 0.15

x = 0.00

Fig.2. SEM images of Bi1-xTbxFeO3 films, x = (a) 0.00, (b) 
0.05, (c) 0.10, and (d) 0.15.

Fig.3. AFM images of Bi1-xTbxFeO3 films, x = (a) 0.00, (b) 0.05, (c) 
0.10, and (d) 0.15.

Fig.4. P-E Curve and of Bi1-xTbxFeO3 (x = 0.00 - 0.15) films Fig.5. J-E Curve of  Bi1-xTbxFeO3 (x = 0.00 - 0.15) films Fig.6. M-H curves of Bi1-xTbxFeO3 (x = 0.00 - 0.15) films

Fig.7. XRD patterns of Bi0.95Tb0.05FeO3 films at various Ts.
Fig.8. SEM images of Bi0.95Tb0.05FeO3 films: Ts = (a) 350 , Fig.9. P-E curves of Bi0.95Tb0.05FeO3 films: Ts = 

Tb:
Ion radius Bi3+ > Tb3+

B)

Rq= 7.2nm

Rq= 3.1nm

Rq= 5.3nm

Rq= 4.33nm
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Structure and energy storage properties of ZrO2 thin films 
with Pt underlayers on the glass substrates

W.T. Lin( )1, C.R. Wang( )1, H.W. Chang( )2

1Department of Applied Physics, Tunghai University, Taichung, Taiwan
2Department of Physics, National Chung Cheng University, Chia-Yi, Taiwan

RF magnetron sputtering
Work power : 80-130 W
Work pressure : 3-70 mT

Post- annealed treatment
Temperature :300-700 
Time :10 min

ZrO2 thin films with m, o, and t phases show a typical paraelectric behavior with high polarization, where paraelectric
behavior leads to high efficiency, and large polarization contributes to high ESD.

Most importantly, the highest of ESD up to ~59.5 J/cm3 and Efficiency up to ~75.21% attained for ZrO2 films post
annealed at 400°C in this study, is larger than those reported by D. Das et al (ESD ~55 J/cm3, Efficiency ~ 57%), Park et al.
(ESD ~46 J/cm3, Efficiency ~ 51%), Wang et al. (ESD ~75.4 J/cm3, Efficiency ~ 88%), Haiyan et.al. (ESD ~87.6 J/cm3,
Efficiency ~ 68.6%) [D. Das et al, IEEE ELECTRON DEVICE LETTERS, 42, (2021) 331.][3 ], [Park et.al.,Adv.Energy Mater.2014,4, 14006][4], [Wang et al. Appl. Phys. Lett. 120, 023904 (2022)][5],

[Haiyan et.al. Adv. Sci.2023, 2300][6]

The results of this work show that the ESD performance of ZrO2 thin films can be optimized by changing the sputtering
parameters and post-annealing conditions.

Compared with only Pt underlayer, using Ta as the bottom film will make the Pt underlayer with better crystallinity and
flatter surface, and it might be beneficial for the crystallinity and energy storage properties of ZrO2, which is ongoing work.

Results and discussion

The antiferroelectric Zr-substituted HfO2 (HZO) films show attractive energy
storage properties.
The much higher power density and longer life make electrostatic capacitors
more appropriate for energy storage applications.
HfO2 and ZrO2 exhibit high breakdown field, eco-friendly, and good
performance at low thickness.
Most efforts on ZrO2 and HfO2 prepared by ALD are made, but rare
literatures on sputtering are available.

ExperimentIntroduction

Conclusions

Glass

Pt(20nm)

ZrO2(10-200nm)

PtPt

Methods Processing

ALD
expensive, complicated 

processes, 
spend more time

Sputter
inexpensive, simple, fast,

commonly used in industry 

material
Film

thickness(nm)
methods

ESD

(J cm3)

Efficiency

(%)
Ref.

HZO 7.1 ALD 55 57 [3]

HZO 9.2 ALD 46 51 [4]

ZrO2 470 sputter 75.4 88 [5]

HZO/Al2O3/HZ

O
16 ALD 87.6 68.6 [6]

ZrO2 60 sputter 59.5 75.21 this work

Pan et al., 374, 100 (2021); Chu, Science 374, 33 (2021)[1]; Zhang et al., Rare Met. 41, 730 (2022)[2].

Glass

Ta(5nm)

Pt(15nm)

ZrO2(10-200nm)

Pt Pt

Structure of ZrO2 films with various work pressure and power directly on glass substrates post annealed at various temperatures:

Fig. 8. GIXRD patterns of ZrO2 films papered 

by sputter at 130W and 10 mT post-annealed at 

300-700 .

Fig. 5. GIXRD patterns of ZrO2 films papered 

by sputter at 80 W and 10 mT and post-

annealed at 300-700 .

20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54

100

200

300

400

500

600

700

800

900

1000

1100

as-deposited

300 C

400 C

500 C

600 C

700 C

2-Theta(deg.)

80W 10mtorr 

20 25 30 35 40 45 50 55

100

200

300

400

500

600

700

800

900

1000

1100

as-deposited

300 C

400 C

500 C

600 C

700 C

130W 10mtorr 

2-Theta(deg.)
20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54

0

500

1000

as-deposited

300 C

400 C

500 C

600 C

700 C

130W 3mtorr 

2-Theta(deg.)

Fig. 6. GIXRD patterns of ZrO2 films papered 

by sputter at 80 W and 70 mT post-annealed  at 

300-700 .
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Fig. 7. GIXRD patterns of ZrO2 films papered 

by sputter at 130W and 3 mT and post-

annealed at 300-700 .

XRD patterns of ZrO2 films(50nm) on Pt Pt/Ta underlayer glass substrates:

Fig. 9. GIXRD patterns of ZrO2 films directly on glass post-annealed 

at 300-700 

Fig. 10. GIXRD patterns of ZrO2 films on Pt underlayer post-

annealed at 300-700 
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Fig. 11. GIXRD patterns of ZrO2 films directly on Pt/Ta 

underlayer post-annealed at 300-700 .
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Fig. 12. Normal XRD patterns of underlayers

Fig. 3. AFM images of ZrO2 films post-annealed 300-500 .
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80W 10mT 57% 43%
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Phase composition of ZrO2 films
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Fig. 4. TEM results of ZrO2 films post-
annealed 400 .

60nm

Structure and Electric behaviors of ZrO2 films (60nm) on Pt underlayers post annealed at various temperatures:
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Fig. 2. P-E curves of ZrO2 films post-annealed 300-500 .
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Self-supervised learning on q-state clock model
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Self-supervised learning
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Detecting the phase transition of q-state clock 
model through universal model

, , and , 

q-state clock model 

Eight-state clock model 
Eight-state 

[1] S. Acevedo, M. Arlego, and C. A. Lamas, Phys. Rev. B 103, 
134422 (2021)

[2] Constantia Alexandrou, Andreas Athenodorou, Charalambos
Chrysostomou1, and Srijit Paul, Eur. Phys. J. B 93: 226 (2020)

[3] Guanrong Li, Kwok Ho Pai, and Zheng-Cheng Gu, Phys. Rev. 
Research 4, 023159 (2022)

state clock model 

q-state 

Four-state 

(a) L = 60 

(b)

(c)

1.1345

Four-state clock model 

Four-state

(Square lattice)
q-state clock model

Monte Carlo Wolff algorithm

Encoder 

q>2 0~1

L>20

L=40 4 L=20

Python : Tensorflow, numpy

L=20 two-state clock model 

20 20 20 20

20 20 20 20

L=20 two-state clock model spin down spin up

Eight-state ( [3]

(a) (b) ( ) (c) 

(d) 

(a)

(c) (d)

(b)

(a)

(b)

(c)



Method

Future work
Find a way which can have higher efficiency to get 
the highest similarity values in each row of the table 
and complete stiching.

Reference
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1. In order to prove the concept, we divide an expansion 
microscope image (figure C) into two parts along the 
x-axis, with an overlapping region (figure D & E). We 
then apply the FAST algorithm to both images to 
extract structural information (figure F).

2. After obtaining the structural information, calculate 
the midpoint and vector for each linesegment (figure 
F). Then, utilize the similarity function S to calculate 
the similarity between each line segment.

3. Generate a table where first row represents the left 
segment and first column represents the right segment. 
Then, identify the highest S in each row and calculate 
the sum of these values, resulting in an energy that 
represents the degree of proximity between the two 
segments at that particular position.

4. Move two segments closer to each other (figure F) 
and repeat steps 2 to 3.

5. By repeat above steps, could obtain the best position 
for each segment (figure F).

Stitching Expansion Microscope image

Introduction
Due to optical microscopes resolution limit (about 
300 nm), which is insufficient for resolving synaptic 
connections in the Drosophila brain (about 10 nm). 
Expansion microscopy is employed to uniformly 
expand the Drosophila brain by approximately 10-
fold to achieve higher resolution imaging.

However, as the entire expanded brain cannot be 
captured in a single shot, multiple images are taken 
(figure B). Specifically, intentional overlapping 
regions are captured to facilitate the subsequent 
stitching and reconstruction of the complete 
Drosophila brain image.

Abstract
In this study, I aim to develop an algorithm for reconstructing Drosophila brain expansion microscope images 

composed of hundreds to thousands of 3D images. By leveraging the overlapping regions between the images, I utilize 
a FAST-based approach to extract the structural information. Subsequently, a similarity table will be constructed by 
calculating the similarity using a given function. Finally, the best alignment positions will be determined based on the 
similarity table.

Chang-Wei Leou, Chi-Tin Shih
Department of Applied physics, Tunghai University, Taichung, Taiwan

the similarity between each line segment.

Generate a table where first row represents the left 
segment and first column represents the right segment. 

[1]

(A) is a complete Drosophila brain. (B) represents the 
expansion microscope image of the red rectangular region in 
(A). The yellow lines in the image indicate the overlapping 
areas between the adjacent blocks.. (C) is one of the images 
from (B). (D) & (E) are (C) divided along the x-axis. (F) 
represents the extracted skeleton information after applying 
the FAST algorithm to (D) and (E). & are the length 
of linesegment , . & are the middle point of , 
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Classification of phases using 
autoencoder

Generalized XY model XY model
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