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1 diffraction efficiency17

Figure S1 (a), (b), and (c) show the transmission spectrum of each layer used18

for obtaining diffraction efficiencies. The diffraction efficiencies were obtained19

by calculating SBase−SPeak

SBase
from SBase and SPeak in these graphs [1]. For off-axis20

D2NN with vHOEs shown in Figs. 2 and 3 in the main text, the diffraction21

efficiencies were 90.1% for the first layer, 90.0% for the second layer, and 88.8%22

for the third layer. Thus, the overall diffraction efficiency of the three layers23

was 72.0%. This diffraction efficiency and transparency should be improved by24

further optimization of the parameters of recording and after processing or by25

improving the performance of the hologram-recording material.26
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Fig. S1 Transmission spectrum of each layer: (a) first layer, (b) second layer, and (c) third
layer.

2 experiment results27

Figures S2 and S3 show all the output wavefronts in the optical experiment28

shown in Fig. 3 without and with aberration-adaptive learning, respectively. A29

red frame means the correct answer, and numbers below the output wavefront30

are prediction results.31
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Fig. S2 All output wavefronts in the optical experiment without aberration-adaptive learn-
ing.
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Fig. S3 All output wavefronts in the optical experiment with aberration-adaptive learning.
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3 Additional simulations32

Figures S4 – S6 show the additional simulations in the case of using fashion33

mnist as a dataset. Figure S4 corresponds to Section 2.2 in the main text,34

Figure S5 corresponds to Section 2.3 in the main text, and Figure S6 corre-35

sponds to Section 2.4 in the main text, with the same conditions except for the36

dataset. The training data were resized to 896×896 pixel and then zero-padded37

to 1024× 1024 pixel.38

Although the accuracy is degraded in certain classes in Fig. S4, the results39

are generally similar to those of the mnist case in all simulations. Regarding40

the performance degradation of certain classes, Figure S4 shows that other41

classes are classified correctly with aberration-adaptive learning and that the42

accuracies of classes 2, 5, and 6 are lower than for other classes even without43

aberration-adaptive learning. In particular, classes 2 and 5 are less confident in44

their answers because the output wavefronts have less light in the area of the45

correct answer than the others. This indicates that the classification of these46

classes is not easy even with the D2NN without aberration-adaptive learning.47

Therefore, we consider that our D2NN requires base performance improvement48

by increasing the amount of training data or the number of pixels as neurons.49
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Fig. S4 The simulation result of Section 2.2 in the main text when using fashion mnist as
dataset. (a) The simulation model similar to that shown in Fig. 2 in the main text. (b) The
confusion matrix of the classification result without aberration-adaptive learning. (c) The
confusion matrix of the classification result with aberration-adaptive learning. (d) Simulation
results for the aberration-adaptive learning evaluation. Each colored point represents the
classification accuracies of one out of 100 trials and the strength of the added wavefront
aberration, and the box plots represent the results of 100 trials. The red lines represent the
accuracies without wavefront aberration. In the box plots, the maximum and the minimum
are limited to the interquartile range ×1.5, and values beyond that are considered outliers.
(e) Output wavefront for a given input wavefront for the classification simulation without
and with aberration-adaptive learning.
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Fig. S5 The simulation result of Section 2.3 in the main text when using fashion mnist
as dataset. (a) Simulation model of off-axis D2NN. Multiple models were created, trained,
and evaluated for each angle and number of layers. (b) Graph of accuracies for shift angle
θ, where the shift angle θ corresponds to θ in (a), and each color represents the number of
model layers. The accuracy was plotted for θ = [0.0◦, 0.5◦, 1.0◦, 1.5◦, 2.0◦].
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Fig. S6 The simulation result of Section 2.4 in the main text when using fashion mnist
as dataset. (a) Inline D2NN model for performance evaluation. The distances between each
layer are 4.0 × 105λ. (b) Simulation results of aberration-adaptive learning. The red lines
represent the accuracies without wavefront aberration, each colored point represents the
classification accuracy of one out of 100 trials and the strength of the added wavefront
aberration, and the box plots represent the results of 100 trials. The blue dashed lines and
the box plots are results without aberration-adaptive learning.
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4 Aberration-adaptive learning50

4.1 Model architecture51

Figure S7 shows two-step learning. In the case of single-step learning, the52

initial phases are set instead of the phases obtained by learning in the first53

step. In aberration-adaptive learning, the wavefront aberration added layer is54

inserted after the diffraction layer. By doing this, the variable of the modu-55

lation amount to be learned can be adapted to wavefront aberrations since56

the learning process proceeds with the wavefront aberration overlapping the57

modulation amount. A sample source code of the model definition is shown58

in source code S1 and the algorithm for each layer in Fig. S7 is shown in59

Algorithm S1 – S3.
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Fig. S7 Network structure of aberration-adaptive learning.

60
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source code S1 sample code of model definition
61

from keras.models import Model62

from keras.layers import Input63

from customlayer.ShiftedAngularSpectrum \64

import ShiftedAngularSpectrum65

from customlayer.Diffractive import Diffractive66

from customlayer.AddWavefrontAberration \67

import AddWavefrontAberration68

from keras.layers import ZeroPadding2D, Cropping2D69

70

def CreateModel(input_shape, wave_lambda, distance_list,71

x_offset_list, y_offset_list, trainable_list,72

noise_mean, noise_std, pitch, optimizer, loss):73

74

layer_num = len(distance_list) - 175

inputs = Input(shape = (input_shape[1],76

input_shape[2],77

input_shape[3]),78

dtype = ’complex64’)79

80

x = ZeroPadding2D(padding = (input_shape[2] // 2,81

input_shape[3] // 2),82

data_format = "channels_first")(inputs)83

84

for i in range (layer_num):85

distance = distance_list[i]86

x_offset = x_offset_list[i]87

y_offset = y_offset_list[i]88

trainable = trainable_list[i]89

90

if(i != 0):91

x = ZeroPadding2D(padding = (input_shape[2] // 2,92

input_shape[3] // 2),93

data_format = "channels_first")(x)94

x = ShiftedAngularSpectrum(wave_lambda,95

distance,96

pitch,97

x_offset = x_offset,98

y_offset = y_offset)(x)99

x = Cropping2D(cropping = (input_shape[2] // 2,100

input_shape[3] // 2),101

data_format = "channels_first")(x)102

x = Diffractive(trainable = trainable)(x)103

x = AddWavefrontAberration(noise_mean = noise_mean,104

noise_std = noise_std)(x)105
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106

distance = distance_list[-1]107

x_offset = x_offset_list[-1]108

y_offset = y_offset_list[-1]109

110

x = ZeroPadding2D(padding = (input_shape[2] // 2,111

input_shape[3] // 2),112

data_format = "channels_first")(x)113

x = ShiftedAngularSpectrum(wave_lambda,114

distance,115

pitch,116

x_offset = x_offset,117

y_offset = y_offset)(x)118

x = Cropping2D(cropping = (input_shape[2] // 2,119

input_shape[3] // 2),120

data_format = "channels_first")(x)121

122

model = Model(inputs = inputs, outputs = x)123

model.compile(optimizer=optimizer,124

loss=loss)125

return model126
127
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Algorithm S1 Propagation layer (Shifted angular spectrum [2])

Input: x̃l, x0, y0, z0, width, height, p, λ,∆u,∆v
//width and height are values after padding.

Output: x̃l+1

1: Initialization:
2: u = − 1

2p ,−
1
2p +∆u, . . . , 1

2p

v = − 1
2p ,−

1
2p +∆v, . . . , 1

2p

u±limit =
[(
x0 ± 1

2∆u

)−2
z20 + 1

]− 1
2

λ−1

v±limit =
[(
y0 ± 1

2∆v

)−2
z20 + 1

]− 1
2

λ−1

for u, v do

w =
(
λ−2 − u2 − v2

)1/2
//The case when the w becomes imaginary is not

cared about because
//the w does not become imaginary in the parameters

of this study.
H(u, v) = exp [i2π (x0u+ y0v + z0w)]
if width2 p < x0

for u do if not (u−limit ≤ u ≤ u
+
limit) then

H(u, v) = 0
else if −width2 p ≤ x0 ≤ width

2 p

for u do if not (−u−limit ≤ u ≤ u
+
limit) then

H(u, v) = 0
else if x0 < −width2 p

for u do if not (−u−limit ≤ u ≤ −u
+
limit) then

H(u, v) = 0
if height2 p < y0

for v do if not (v−limit ≤ v ≤ v
+
limit) then

H(u, v) = 0
else if −height2 p ≤ y0 ≤ height

2 p

for v do if not (−v−limit ≤ v ≤ v
+
limit) then

H(u, v) = 0
else if y0 < −height2 p

for v do if not (−v−limit ≤ v ≤ −v
+
limit) then

H(u, v) = 0
//band-limited

3: X(u, v) = F [x̃l] //F denotes Fourier transform.
4: return F−1 [X(u, v)×H(u, v)]
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Algorithm S2 Diffraction layer

Input: x̃ //Wavefront. Data type is Complex.
Output: x̃′ //Wavefront after phase modulation.
Initialization:

ψ = θ0
// Learnable variable

return x̃× eiψ

Algorithm S3 Wavefront aberration added layer. (A bimodal Gaussian
distribution is used.)

Input: x̃,z4(x, y),z5(x, y),z6(x, y),µ,σ
// z4,z5,z6 are denotes Zernike olynomials corresponding to oblique

astigmatism, defocus, and vertical astigmatism.
Output: x̃′ //Aberration added wavefront.
1: for i← 4 to 6 do
2: choice = rand.uniform(min = 0,max = 1) //A uniform random

number of 0 or 1 is generated.
3: choiceinverse = 1− choice
4: coefficient1 = rand.normal(mean = µ, std = σ)
5: coefficient2 = rand.normal(mean = −µ, std = σ)
6: ci = coefficient1 × choice+ coefficient2 × choiceinverse
7: end for
8: φ = c4 × z4(x, y) + c5 × z5(x, y) + c6 × z6(x, y)
9: return x̃× eiφ
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4.2 Random number generator128

Figure S8 shows the generated random number and peak-to-valley distance129

(PV) value distributions. Aberration-adaptive learning uses random numbers130

to generate the coefficients of the Zernike polynomials to generate the various131

wavefront aberrations with PVs in a specific range. The PV range should be132

close to the PV of the wavefront aberrations overlapped on the system, which133

is often expected to be normally distributed. However, the general Gaussian134

distribution generates many values near zero when trying to generate equal135

positive and negative values. As a result, while the range of PVs is extended,136

the mode is close to zero, which prevents aberration-adaptive learning from137

working well in real space. To avoid this, and to generate positive and neg-138

ative coefficients equally, we adopted the probability distribution shown in139

Fig. S8 (a) for generating the coefficients of the Zernike polynomials. The PV140

value distribution of the wavefront aberration generated from the probability141

distribution shown in Fig. S8 (a) is shown in Fig. S8 (b).

a b

Fig. S8 (a) Probability distribution used in this study. The D2NN constructed in this
study needed to be adapted to the PV distribution of the wavefront aberration shown in
(b). Therefore, we used the bimodal normal distribution to obtain the wavefront aberration
distribution. (b) Distribution of PV values of wavefront generated from the probability
distributions shown in (a) and Zernike polynomials.

142

In Fig. S8, the mean µ and standard deviation σ are set to ±0.3× 2π and143

0.05 × 2π, respectively, and these values are used in the experiment. These144

parameters were determined by performance comparison with some parameters145

added learning rate shown in Fig. S9. To determine the above parameters,146

we pre-selected and compared some candidates that would generate wavefront147

aberrations close to those measured experimentally by the wavefront sensor148

for the vHOEs fabricated. Specifically, we determined the parameters based on149

median accuracy and number of occurrences for each model. As shown in Fig.150

S9, the four models as follows have the highest median accuracy at 70% and151

the highest upper quartile accuracy at 74%: [µ, σ, learning rate] = [±0.3 ×152

2π, 0.05×2π, 0.1], [±0.3×2π, 0.05×2π, 0.05], [±0.35×2π, 0.1×2π, 0.05], [±0.3×153
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2π, 0.05× 2π, 0.025]. Among them, we determined the parameters used in our154

experiment to be [µ, σ, learning rate] = [±0.3 × 2π, 0.05 × 2π, 0.1] since that155

model has the highest number of occurrences at 30 in the top quartile group156

of the box plot among the four models.

a

b

c

Learning rate = 0.1

Learning rate = 0.05

Learning rate = 0.025

82% 82%

Fig. S9 Evaluation of each model with different parameters for learning rate, meanµ, and
standard deviationσ: (a) learning rate 0.1, (b) learning rate 0.05, and (c) learning rate 0.025.

157
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