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1 diffraction efficiency

Figure S1 (a), (b), and (c) show the transmission spectrum of each layer used
for obtaining diffraction efficiencies. The diffraction efficiencies were obtained
by calculating % from Spase and Speax in these graphs [1]. For off-axis
D2NN with vHOEs shown in Figs. 2 and 3 in the main text, the diffraction
efficiencies were 90.1% for the first layer, 90.0% for the second layer, and 88.8%
for the third layer. Thus, the overall diffraction efficiency of the three layers
was 72.0%. This diffraction efficiency and transparency should be improved by
further optimization of the parameters of recording and after processing or by
improving the performance of the hologram-recording material.
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Fig. S1 Transmission spectrum of each layer: (a) first layer, (b) second layer, and (c) third
layer.

2 experiment results

Figures S2 and S3 show all the output wavefronts in the optical experiment
shown in Fig. 3 without and with aberration-adaptive learning, respectively. A
red frame means the correct answer, and numbers below the output wavefront
are prediction results.
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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 simulations

Figures S4 — S6 show the additional simulations in the case of using fashion
mnist as a dataset. Figure S4 corresponds to Section 2.2 in the main text,
Figure S5 corresponds to Section 2.3 in the main text, and Figure S6 corre-
sponds to Section 2.4 in the main text, with the same conditions except for the
dataset. The training data were resized to 896 x 896 pixel and then zero-padded
to 1024 x 1024 pixel.

Although the accuracy is degraded in certain classes in Fig. S4, the results
are generally similar to those of the mnist case in all simulations. Regarding
the performance degradation of certain classes, Figure S4 shows that other
classes are classified correctly with aberration-adaptive learning and that the
accuracies of classes 2, 5, and 6 are lower than for other classes even without
aberration-adaptive learning. In particular, classes 2 and 5 are less confident in
their answers because the output wavefronts have less light in the area of the
correct answer than the others. This indicates that the classification of these
classes is not easy even with the D?NN without aberration-adaptive learning.
Therefore, we consider that our D2NN requires base performance improvement
by increasing the amount of training data or the number of pixels as neurons.
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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. (¢) 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 x1.5, 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
0, where the shift angle 6 corresponds to 6 in (a), and each color represents the number of
model layers. The accuracy was plotted for 8 = [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 x 10°X. (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 learning

4.1 Model architecture

Figure S7 shows two-step learning. In the case of single-step learning, the
initial phases are set instead of the phases obtained by learning in the first
step. In aberration-adaptive learning, the wavefront aberration added layer is
inserted after the diffraction layer. By doing this, the variable of the modu-
lation amount to be learned can be adapted to wavefront aberrations since
the learning process proceeds with the wavefront aberration overlapping the
modulation amount. A sample source code of the model definition is shown
in source code S1 and the algorithm for each layer in Fig. S7 is shown in
Algorithm S1 — S3.
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Fig. S7 Network structure of aberration-adaptive learning.
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S1 sample code of model definition

from keras
from keras
from custo
import Shi
from custo
from custo
import Add
from keras

def Create

.models import Model

.layers import Input
mlayer.ShiftedAngularSpectrum \
ftedAngularSpectrum

mlayer.Diffractive import Diffractive
mlayer.AddWavefrontAberration \
WavefrontAberration

.layers import ZeroPadding2D, Cropping2D

Model (input_shape, wave_lambda, distance_list,
x_offset_list, y_offset_list, trainable_list,
noise_mean, noise_std, pitch, optimizer, loss):

layer_num = len(distance_list) - 1

inputs =

X = Zero

for i in
dist
x_of
y_of
trai

if(d

»
1]

»
1]

MM
nwon

Input (shape = (input_shapel[1],
input_shape[2],
input_shape[3]),

dtype = ’complex64’)

Padding2D(padding = (input_shape[2] // 2,
input_shape[3] // 2),
data_format = "channels_first") (inputs)

range (layer_num):

ance = distance_list[i]
fset = x_offset_list[i]
fset = y_offset_list[i]
nable = trainable_list[i]

1= 0):
x = ZeroPadding2D(padding = (input_shapel2] // 2,
input_shape([3] // 2),

data_format = "channels_first") (x)
ShiftedAngularSpectrum(wave_lambda,
distance,
pitch,

x_offset = x_offset,
y_offset = y_offset) (x)
Cropping2D(cropping = (input_shapel[2] // 2,
input_shape[3] // 2),
data_format = "channels_first") (x)
Diffractive(trainable = trainable) (x)
AddWavefrontAberration(noise_mean = noise_mean,
noise_std = noise_std) (x)
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distance = distance_list[-1]
x_offset = x_offset_list[-1]

template

y_offset = y_offset_list[-1]
x = ZeroPadding2D(padding = (input_shape[2] // 2,
input_shape[3] // 2),
data_format = "channels_first") (x)
x = ShiftedAngularSpectrum(wave_lambda,
distance,
pitch,
x_offset = x_offset,
y_offset = y_offset) (x)
x = Cropping2D(cropping = (input_shape[2] // 2,
input_shape([3] // 2),
data_format = "channels_first") (x)
model = Model(inputs = inputs, outputs = x)

model.compile (optimizer=optimizer,
loss=loss)
return model
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Algorithm S1 Propagation layer (Shifted angular spectrum [2])

Input: 7, zo, Yo, 20, width, height, p, X\, Au, Av
// width and height are values after padding.

Output: 741
1: Initialization
1 1
2: u = _271)’ — 5= + AU/ %
1 1
v = _%7 — 5= + A’U 2717

1
Wit = [(:vo + ﬁ)*z 1] A

1

Vb = [0t 25) 1] T
for u,v do

w— ()\—2 w2 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 [i27 (xou + yov + zow)]

if wzdthp <
for u do if not (u;,,,, <u < u;mit) then
H(u,v) =0
else if — wzdthp < Zo < widthp
for u do if not (—u;;,,,, <u<uf, ..) then
H(u,v) =0
else if g < 7%‘“’1
for u do if not (—u,,;, <u < —u?;mit) then
H(u,v) =0
if hezghtp < Yo
for v do if not (v;;,,;,, <v < Ultmit) then
H(u,v) =0

else if — Rty < gy < hetghty,
for v do if not (—v,;, ,, <v < vlf-mit) then
H(u,v) =0
else if yo < —%p
for v do if not (—
H(u,v) =0
//band-limited
3: X(u,v) = F[x;] // F denotes Fourier transform.
4: return F~1[X (u,v) x H(u,v)]

Ulezt Svs Ulv,mzt) then
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Algorithm S2 Diffraction layer
Input: z // Wavefront. Data type is Complex.
Output: 7’ // Wavefront after phase modulation.
Initialization:
Y =16
// Learnable variable
return 7 x e’V

Algorithm S3 Wavefront aberration added layer. (A bimodal Gaussian
distribution is used.)
Input: z,24(x,y),25(x,9),26(x, y),u,0
// z4,25,26 are denotes Zernike olynomials corresponding to oblique
astigmatism, defocus, and vertical astigmatism.
Output: 7’ // 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.
choiceipperse = 1 — choice
coef ficient; = rand.normal(mean = p, std = o)

coef ficienty = rand.normal(mean = —p, std = o)
c; = coef ficienty X choice + coef ficienty X choicejnyerse
end for

¢ =ca X za(x,y) + 5 X 25(2, ) + c6 X 26(T, y)
return 7 x ¥

© ® DT rw
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4.2 Random number generator

Figure S8 shows the generated random number and peak-to-valley distance
(PV) value distributions. Aberration-adaptive learning uses random numbers
to generate the coefficients of the Zernike polynomials to generate the various
wavefront aberrations with PVs in a specific range. The PV range should be
close to the PV of the wavefront aberrations overlapped on the system, which
is often expected to be normally distributed. However, the general Gaussian
distribution generates many values near zero when trying to generate equal
positive and negative values. As a result, while the range of PVs is extended,
the mode is close to zero, which prevents aberration-adaptive learning from
working well in real space. To avoid this, and to generate positive and neg-
ative coeflicients equally, we adopted the probability distribution shown in
Fig. S8 (a) for generating the coefficients of the Zernike polynomials. The PV
value distribution of the wavefront aberration generated from the probability
distribution shown in Fig. S8 (a) is shown in Fig. S8 (b).

a b

number of amount
number of amount

10 2 ‘
[ 0 y I
-0.4 -0.2 0.0 0.2 0.4 0.0 0.5 1.0 15 2.0 25
coefficient value [/2n] pv value [/2n]

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.

In Fig. S8, the mean p and standard deviation o are set to 0.3 x 27 and
0.05 x 27, respectively, and these values are used in the experiment. These
parameters were determined by performance comparison with some parameters
added learning rate shown in Fig. S9. To determine the above parameters,
we pre-selected and compared some candidates that would generate wavefront
aberrations close to those measured experimentally by the wavefront sensor
for the vHOES fabricated. Specifically, we determined the parameters based on
median accuracy and number of occurrences for each model. As shown in Fig.
S9, the four models as follows have the highest median accuracy at 70% and
the highest upper quartile accuracy at 74%: [u, o, learning rate] = [£0.3 X
27,0.05 x 27, 0.1], [££0.3 x 27, 0.05 % 27, 0.05], [£0.35 X 27, 0.1 x 27, 0.05], [£0.3 x
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27,0.05 x 27,0.025]. Among them, we determined the parameters used in our
experiment to be [u, o, learning rate] = [£0.3 x 27,0.05 x 27,0.1] since that
model has the highest number of occurrences at 30 in the top quartile group
of the box plot among the four models.
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Fig. S9 Evaluation of each model with different parameters for learning rate, meanyu, and
standard deviationo: (a) learning rate 0.1, (b) learning rate 0.05, and (c) learning rate 0.025.
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