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This talk is NOT about:

✕ Using Black Box AI approach to solve inverse problem.

✕ Designing deep neural networks.

This talk is about:

✓ Building a model using physics knowledge.

✓ Optimizing using Automatic Differentiation.

✓ Integrating Black Box AI into the model.



Automatic-differentiation (AD)

▪ Automatic-differentiation is NOT:

- Analytic differentiation

- Symbolic differentiation

- Numerical differentiation



Automatic-differentiation (AD)

▪ Automatic-differentiation Requires:

- Computational Graph

- Differentiable Node

- Well-defined Path



Conventional Approach

▪ Model based on physics knowledge

▪ Proper mathematical description for simulation

▪ Balancing efficiency and accuracy
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▪ Model based on knowledge learned from data

▪ Black box

▪ Data sensitive (whether representative)

▪ Cannot adapt to the changes in the processes

Artificial Intelligence Approach
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▪ Model built on AI platform (AD compatible)

▪ Consists of a concatenation of differentiable 
sub-models

▪ Sub-models based on either physics knowledge 
or AI (black box)

▪ Optimize the unknown variables 𝛉 in the model 
for known input-output pairs (x, y)

Hybrid Approach



▪ Model built on AI platform (AD compatible)

▪ Consists of a concatenation of differentiable 
sub-models

▪ Sub-models based on either physics knowledge 
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▪ Optimize the unknown variables 𝛉 in the model 
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Hybrid Approach
concatenation of sub-models



Simulation Model of
Diffractive Imaging

diffraction pattern = model(scan position)



Simulation Model of
Diffractive Imaging

diffraction pattern = model(scan position)

• Illumination model
shifted probe = shift(probe, scan position)

• Interaction model
exit field = multiply(object, shifted probe)

• Propagation model
diffracted field = 
prop(wavelength, prop distance, exit field)

• Detection model
diffraction pattern = 
detect(mask, thresholds, diffracted field)



Propagation Model

Φ exit field

λ, z

Ψ diffracted field

Ψ = fprop(λ, z, Φ)

Propagation

exit
field

diffracted
field

Warning
Equations



Propagation Model

Ψ = fprop(λ, z, Φ)

Propagation

exit
field

diffracted
field

Fresnel Propagation fFRprop :

Ψ 𝛒 =%Φ 𝐫 exp
𝑖
𝜆𝑧

𝐫 ! exp
−𝑖2𝜋
𝜆𝑧

𝛒 ⋅ 𝐫 d!𝐫

Ψ 𝛒′ = 𝓕 Φ 𝐫 exp
𝑖
𝜆𝑧 𝐫

! 𝛒" =
𝛒
𝜆𝑧

Φ(𝐫) exit field

λ, z

Ψ(𝛒) diffracted field



Propagation Model

Ψ = fprop(λ, z, Φ)

Propagation

exit
field

diffracted
field

Fraunhofer Propagation fFHprop :

Ψ 𝛒 =%Φ 𝐫 exp
−𝑖2𝜋
𝜆𝑧

𝛒 ⋅ 𝐫 d!𝐫

Ψ 𝛒′ = 𝓕 Φ 𝐫 𝛒" =
𝛒
𝜆𝑧

Φ(𝐫) exit field

λ, z

Ψ(𝛒) diffracted field



Ψ! =#
"

Φ" exp −𝑖2𝜋𝑥"𝑢! =#
"

Φ" exp −𝑖2𝜋𝑚𝑛Δ𝑥Δ𝑢′

= #
"

Φ" exp −𝑖2𝜋
𝑚𝑛
𝑁

Propagation Model

Discrete Fourier transfrom – Fast Fourier Transform (FFT)

𝑥! = 𝑥" +𝑚Δ𝑥

λ, z

𝑢# = 𝑢" + 𝑛𝛥𝑢′

𝛥𝑢$ =
𝛥𝑢
𝜆𝑧

λ, z independent 😢



Propagation Model

Discrete Fourier transfrom – Chirp z-transform (CZT)

Ψ# =5
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𝑥! = 𝑥" +𝑚Δ𝑥

λ, z

𝑢# = 𝑢" + 𝑛𝛥𝑢′

𝛥𝑢$ =
𝛥𝑢
𝜆𝑧

λ, z dependent 😃



Propagation Model



Summary Optimization 
enabled by AD!



Interaction Model

▪ Partially coherent field represented 
by the cross spectral density (CSD)

▪ Orthogonal mode decomposition 
applied to the CSD

▪ Using 1st Born approximation for 
thin and weakly scattering sample

▪ Interaction bewteen all combinations 
of object modes and probe modes 

Source Screen Detector

𝐽 𝐫$, 𝐫% = 𝐸 𝐫$ 𝐸 𝐫% ∗ = #
!'$

(

𝐸! 𝐫$ 𝐸! 𝐫% ∗

CSD Ensemble
averaging

Eigen 
decomposition

𝐸 𝐫 → 𝐸! 𝐫 ( =𝑁 = 1,
𝑁 > 1,

spatially fully coherent
spatially partially coherent



Interaction Model

▪ Partially coherent field represented 
by the cross spectral density (CSD)

▪ Orthogonal mode decomposition 
applied to the CSD
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of object modes and probe modes 

Interaction

shifted
probe

exit
fieldΦ% &'() = finteract( O$ (, P# ))

object



Interaction Model

Spatially Fully Coherent Case

▪ Spatially Partially Coherent field represented 
by the cross spectral density (CSD)

▪ Orthogonal mode decomposition applied to 
the CSD

▪ Using 1st Born approximation for thin and 
weakly scattering sample

▪ Interaction bewteen all combinations of 
object modes and probe modes 
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Summary Optimization 
enabled by AD!



Experimental Validation 



Experimental Validation 

Variable Name Pixel Number Complex-Valued Wavelength Coherent Modes Variable Number

Probe 2048 × 2048 2 3 5 125.82 million

Object 3098 × 3536 2 3 1 65.72 millon

Background 2048 × 2048 N/A N/A N/A 4.20 million

Scan Positions N/A N/A N/A N/A 404

Wavelength N/A N/A 3 N/A 3

Prop Distance N/A N/A N/A N/A 1

Total 195.74 million



Reconstruction Results
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Reconstruction Results



Conclusion

AD: the key to the optimization loop

• Convenient: being able to manage 
growing complexity.

• Efficient: being the most efficient 
approach for gradient computation. 

• Elegent: being able to optimize any 
variable as long as the gradient exists.



Thank you for your attention
Yifeng Shao, Jacob Seifert
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