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What is this about?

That’s pentacene

What is this?

Gross et al. (2009)



  

Advances in deep learning
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Goal

AFM Deep Learning Win?+ =

Spatial structure,
Chemical properties, 
Which molecule?



  

Atomic force microscopy (AFM)
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· FM-AFM: drive cantilever at resonance, 
measure frequency shift Δf

· Tip functionalization: CO, Cl, Xe, etc.

CO-functionalized tip:Bare metallic tip:

Gross et al. (2009)

https://commons.wikimedia.org/wiki/File:A
FM_tip_with_CO-functionalization.png



  

Probe particle model

· Lennard-Jones + electrostatics + 
spring force

· EIcient GPU implementation

→ ~50 simulations/second
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Machine learning model
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Model details
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Model training

· Keras + TensorLow

· Mean squared loss

· Trained on 5000-6000 molecules with 20 rotations each

→ ~100000 training samples

· Regularization: Random noise, Cutouts, Random pixel 
shift, Scanning height randomization



  

Results



  

Positional prediction
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Simulations
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Few more examples



  

Experimental



  

Electrostatics prediction
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Electrostatics prediction

Prediction Reference Prediction Reference
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Multiple inputs

CO

Xe

Hapala et al. (2016)
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Multi-input electrostatics

Prediction Reference Prediction Reference
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Future directions

Direct prediction of coordinates

Predicting elements

(9.80, 6.02, -0.61),
(9.98, 7.08, -0.58),
(9.03, 8.11, -0.26),
(11.16, 7.70, -0.84),
...



  

In conclusion

· ML model for predicting properties from 
AFM images

· Good performance on simulated images

· Experimental images remain challenging
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