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Background

Atomic force microscopy (AFM)

Amplitude

A : Driving frequency N
f, Frequency

Af=71-Jo

Non-contact mode

https://voutu.be/KOFgPWK3Co47?si=hnl QWH7ONWRUkVX]

Prepare supstrate
and sample in lab

AFM

AFNM 1mages.

Can we know the exact
contiguration/structure?

Whereis O and Hif it's
a sample of water 2
molecules?



https://youtu.be/K9FgPWK3Co4?si=hnL9WH7ONWRUkVxJ

Background
Probe-Particle AFM (PPAFM)

Prepare substrate Simulation
and sample using AFM i

FM 1m .
DFT calculations AJE5

" ° . \ .
® .
. ""). )
* e ‘ (n.‘v. c
C. l\‘ e .
* W, 00 PPAFM
» O .~ ©O..
3 .‘) B : >
“ ..‘p. l,'
-;. Uy
. ® e .
°© .

Af=f-F;

Whereis O and H?

https://github.com/Probe-Particle/ppafm
Hapala et al., Phys. Rev. Lett., 113, 226101 (2014).

Priante et al.,, ACS Nano, 2024, DOI: 10.1021/acsnano.3¢c10958.


https://github.com/Probe-Particle/ppafm

Machine Learning (ML) Applications

ML model

ML model

What happened here?

Oinonen et al., MRS Bulletin, 47(9), 895-905 (2022), DOI: 101557/s43577-022-00324-3.
Oinonen et al., ACS Nano, 16(1), 89-97 (2021), DOI: 10.1021/acsnano.1c06840.

Kurki et al., *ACS Nano*, 18(17), 11130-11138 (2024), DOI: 10.1021/acsnano.3¢c12654.
Priante et al., ACS Nano, (2024), DOI: 10.1021/acsnano.3c10958.



Distripution sni

Can we enhance the performance
ol machine learning(ML) models on
experimental AFM images”
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One training sample

One input
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One label
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16 000 training samples
in Water-Aulll dataset

Cost too much money & time.

> Not available Lcabel not available



voothesis & WorkTlow

New A
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Modified image PPAFM image Fake image AFM image

https://myedit.online/en/photo-editor/image-cartoonizer

Part 1. Generate Fake AFM images
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Part 2: Retrain ML models
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OwW tO generate

CycleGAN

Zebras Z_ Horses

Zhuetal,

horse — zebra

*arXiv:1703.10593* (2017).
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winter — summer
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Style translation between

PPAFM — AFM
x > Gx) > FlGa)) ~x

Loan (G, Dy, X,Y) =Ey ... () 10g Dy ()] + Eppyn o) [log (1 — Dy (G ()] Lese = Boepy (o [IF(G(x)) — 1]
G* = a,rgm(;n[,(;_.m (G,Dy,X,Y) |
Dy = arg max Loax (G, Dy, X,Y)
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Training samples

—_—

PPAFM Monolayer Water Molecules

Size 192x192, 8-bit grayscale

609

510

Size 192x192 (most), 8-bit grayscale
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PPAFM

AFM

PPAFM ——> AFM
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AVAS

Examples

ransiation
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Experimental-style
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Dataset Evaluation

Eollect twa set of data sets:
A. Simulation AFM images [«

From the perspective of a well trained machine expert " B, Rel APM images

\ Train style translation No
PPAFM mm PPAFM generators: A<->B
Fake AFM A u
m= AFM < Good? ?,‘,‘

!

3 Part 2: Retrain ML models
\J/ AFM g
Machine g
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Retrain structure discovery model with different datasets

1. Simulation AFM training set

Training sample i = (input i, label i)

Model 1

2. Fake AFM training set

G(Input i)
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r

‘he challenge of performance evaluation

Testing sample i = (input i, label i)

Input i Prediction | Label i

Sin“ation AFM

No available



Image

Per:

PPAFM

Fake AFM

AFM

Image

PPAFM

Fake AFM

AFM

Assumiptl

The pred

ormance eva

——Input—>p»

Original Model

Trained with Data_sim

——Qutput—p»

——Input—p

On:
icted structure properties (RDF, ADF) on simulation AFM and real AFM are pretty close.

New Model

Trained with Data_fake

——Qutput—p»

uation

Predicted Structure

Prediction 1 +

Prediction 2 +

Prediction 3 +

Predicted Structure

Predicted a #

Predicted b +

Predicted ¢ +

comparable
comparable

unavailable

comparable
comparable

unavailable

Label Structure

I Relaxed Structure

* i

Label Structure

IRelaxed structure 1

+ -

Target Distribution P
(RDF or ADF),
calculated from
simulated structures
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Lambda = 20 Lambda = 30 Lambda = 40

Hyper-parameter in style translation

P0ssiple reasons and directions

Lambdza =50

(good in the eyes of human and machine) . . . -

Limitation of data augmentation
(additional constraint when designing of ML models

1.0

g(r)

0'%.0 OiS

. Using the inverse translation as AFM preprocessing

i' -0 (Predlcton 3)

(removing is easier than adding, no need to retrain new mode\) i -
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Summary

- CycleGAN provides an effective solution for style translation between simulation and real

AFM Images.

. Using style translation as a tool of data augmn
augmentation can largely improve the perfor

. The inverse translati

(denoising) tool anc

entation IS

nossible. But whether data

mance of ML models is still uncertain.

on from AFM to simulation AFM could be used as an pre-processing
it's promising to enhance the ML model performance.

Thank you for /__Q\
your attention ~__

F

Z:?%HEEB L) DNE D
cal\ExUTE
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Appendix



Observations

Lambda = 20

Trained with:
A: PPAFM

B: CoAll

-

Training set:
A: PPAFM
B: CoAll_Clean

Lambda = 30

Lambda = 40

Lambda = 50

- Keep model structure
simple (less parameters)
- Larger Lambda (L)

- Keep dataset clean

Does the fake AFM dataset
good enough?
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Appendix

1. Find atom positions

> " o
Peak o o

finding

Position Grid

Select patches Initial graj Final graph

ACS Nano 2024, 18, 7, 5546-5555
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