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Conventional vs “machine learning” approaches
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Motivation: twisted (Magic) angle
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Pablo Jarillo-Herrero and Yuan Cao: twistronics, the study of electronic behavior in twisted
graphene and other materials.



Motivation
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Motivation

The twist angle has a significant impact on the performance of TMDs
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9 2H and 3R TMD’s HER polarization curvel“l Transfer and output curve of AA and AB stacked MoS, FET devices/?



Motivation

1st derivative of AR/R
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The current measurement methods for twist angles in TMDs

as-grown
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Data Preparation (CVD growth process)
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Data preprocessing

2592x1944
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In total 1035 micrograph images

512x512
pixel images

Datasets




Deep Learning to Identify the Thickness of TMDs

Dataset preparation Data Augmentation
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Deep Learning to Identify the Thickness of TMDs
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Ronneberger O et al., Medical Image Computing and Computer-Assisted Intervention—MICCAI 2015: 18th International Conference, 234-241, 2015.



Deep Learning to Identify the Thickness of TMDs
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Deep Learning to Identify Thickness of TMDs

Original Image Annotation Image RGB Distribution Predict Image RGB Distribution
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Performance of the segmentation models using U-net.

(@), (f), and (k) Input optical micrographs from the CVD MoS,.

(b), (9), and () Manually annotated images.

(c), (h), and (m)The pixel value distribution of the annotated images.
(d), (), and (n) Predicted images after segmentation .

(e), (), and (o) Pixel value distribution of the segmented images.



Deep Learning to Identify Thickness of TMDs

(@) DeepLabV/3 (b) FCN
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Deep Learning to identify Twist Angles

~ 1.Find the leftmost side of each triangle.

3.Calculate the torsion angle based on the
rotation angle of the leftmost side of the
single and double layers.




OpenCV to Identify Twisted Angles of TMDs

Simplified workflow diagram

[ Get distribution information ] > Shape fitting process » [ Obtain the twisted angle ]

Detailed workflow diagram

(a) I !
Semantic segmentation Performing mask operation on semantic segmentation images
result images extract spatial information of 2L MoS2 inside the 1L contour —

[ Extracting target category ]
based on RGB Screening ideal MoSp samples
¢ _’E internal angle information of the fitting triangle
Extracting spatial distribution - .
[ information of 1L MoSg ] Ideal 1L fitting triangle
NO
v ¢
Grayscale conversion
Gaussian filtering Calculating the rotation angle of the fitting triangle
Morphological operations relative to the image center based on vertex information
Extracting outermost contour bd =4/ —x)2=(y1 — y2)? |
¢ ' A= . bZ 4 ¢ —a? :
i = Ccos e
Fitting the contour polygon |
. obtaining # of polygon corners
| 1L MoS2 2L MoS2
[ Extracting target samples | l
5 based on vertex information
* Obtaining minimum enclosing triangle [ Rotate_Angle_1L ] [ Rotate_Angle_2L J
Selecting contours
i based on # of Corners

Fitting the minimum enclosing triangle E Twist = abs(RotateAngel1 - RotateAngel2)




OpenCV to Predict the Twisted Angles of TMDs

Angle distribution
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MIT News :

ON CAMPUS AND AROUND THE WORLD 0 SUBSCRIBE

MIT and Toyota release innovative dataset to
accelerate autonomous driving research

DriveSeg contains precise, pixel-level representations of many common road
objects, but through the lens of a continuous video driving scene.

MIT AgelLab
June 18, 2020
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https://news.mit.edu/2020/mit-toyota-release-visual-open-
data-accelerate-autonomous-driving-research-0618 23



Training Dataset Preparation
Artificial Datasets

] 1.Generate 1L

1L Truncation

True Datasets

tBLMs Thickness ‘ Random Center Position

Variable Sizing

Random

‘ Random Rotation Truncation

‘ Variable Shape

L(based on information from 1L)

2L Truncation

Random

Truncation

tBLMs Thickness

‘ 3.Calculate corner angle and plot corner dataset image

2L Twisted Dataset

Calculate
49°

Twisted Angle \

Ping-Heng Tan*, Eduardo R Hernandez*, Yong Xie* , Nano Letters, 2024, 24,9, 2789-2797




Deep Learning to Predict Twist Angles

(@) OM Images (b) Thickness Identification (c) Segmentation Results (d) Twist Angles Prediction (e) Predict Twist Angles

Residual Network Model
ResNet

Fully Convolutional Model

Weight layer

X
identity

F(x)
Weight layer

Manually Labeled Dataset

LabelMe

—

4
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Ping-Heng Tan*, Eduardo R Hernandez*, Yong Xie* , Nano Letters, 2024, 24, 9, 2789-2797



Deep Learning Predict Twist Angles

26

(@)

Datasets Generation

00 OpenCV

'Dynamic Centering|

\ Random Rotation |

| Variable Shape | | | Variable Sizing |

———————————————

ETrain Dataseti
i Val Dataset

[Calculate Twisted Angle]

()

Train

Regression Analysis

ResNet

Weight layer

X
identity

FC, (512, 256)

v

FC, (256, 128)

v

FC, (128, 1)

}

Predict
—>

(c) Predicting Angular Rotations

[ Authentic OM Image j

\J
[ Segmentation Model ]

A
[ Regression Model J

Deep learning approach for recognizing twist angles in MoS, flakes.

(a) Synthetic dataset illustrating varying twist angles in uniformly colored MoS, flakes post-segmentation.

(b) ResNet CNN model training using the linear regression approach on the dataset from (a).

(c) Prediction of twist angles for actual as-grown MoS,, bilayer samples post-segmentation



Deep Learning Predict Twist

W~N(O,\/§)
n

w The weight to be initialized

n

The number of input units in the previous layer

He, Kaiming, et al. Proceedings of the IEEE conference on computer vision and pattern recognition. 2016. {
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Deep Learning Predict Twist Angles

()

Twist Angle Distribution
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Twist Angle(®)

Performance evaluation of the twist angle Identification Model.




Deep Learning

to Predict Twist Angles
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Deep Learning to Predict Twist Angles

Nat. Commun. 12, 2391 (2021)
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Moiré phonons in twisted CVD grown bilayer Mo S,
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Deep Learning to Predict Twist Angles

Twist Angle

Thickness Classification Model _
Regression Model

Model Name DeeplLabV3 FCN LR-ASPP U-Net ResNet

Training Epoch 300 300 300 300 600
NN Training Time 29m24s 25m18s 17m18s 34m18s 14h25m33s
Frames Per 1.16 1.32 9.80 3.56 14.3

Second (FPS)
45.66 50.35 201.25 125.63 479.6

32



Conclusion

| M B E 3B ENRpIEE 5 S fORIERY

FC, (512, 256)

!

A NTHEFEURES

Datasets Generation

0 OpenCV
Dynamic CenteringIRandom Rotation

Variable Sizing

Variable Shape

Synthetic Datasets

ETrain Dataset}
! Val Dataset |
i Test Dataset i

_________________

[Calculate Twisted Angle]

33



NANO. o5

. . pubs.acs.org/Nanolett
ADF-STE FCN Predictions
horerat st L R kgt LINNT Deep Learning Enabled Strain Mapping of Single-Atom Defects in

Two-Dimensional Transition Metal Dichalcogenides with Sub-
Picometer Precision

Chia-Hao Lee, Abid Khan,” Di Luo,” Tatiane P. Santos, Chugiao Shi, Blanka E. Janicek, Sangmin Kang,
Wenjuan Zhu, Nahil A. Sobh, André Schleife, Bryan K. Clark, and Pinshane Y. Huang*

Cite This: Nano Lett. 2020, 20, 3369-3377 E Read Online
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Thanks for your attention!
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