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Abstract

significantly increasing the number of parameters.

pooling, Anisotropic

X-ray ptychographic tomography is a nondestructive method for three dimensional (3D) imaging with nanometer-
sized resolvable features. The size of the volume that can be imaged is almost arbitrary, limited only by the penetra-
tion depth and the available scanning time. Here we present a method that rapidly accelerates the imaging operation
over a given volume through acquiring a limited set of data via large angular reduction and compensating for the
resulting ill-posedness through deeply learned priors. The proposed 3D reconstruction method “RAPID" relies initially
on a subset of the object measured with the nominal number of required illumination angles and treats the recon-
structions from the conventional two-step approach as ground truth. It is then trained to reproduce equal fidelity
from much fewer angles. After training, it performs with similar fidelity on the hitherto unexamined portions of the
object, previously not shown during training, with a limited set of acquisitions. In our experimental demonstration,
the nominal number of angles was 349 and the reduced number of angles was 21, resulting in a x 140 aggregate
speedup over a volume of 448 x 93.18 x 3.92 wm? and with (14 nm)? feature size, i.e. ~ 108 voxels. RAPID's key dis-
tinguishing feature over earlier attempts is the incorporation of atrous spatial pyramid pooling modules into the deep
neural network framework in an anisotropic way. We found that adjusting the atrous rate improves reconstruction
fidelity because it expands the convolutional kernels’ range to match the physics of multi-slice ptychography without
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1 Introduction

Three-dimensional (3D) imaging at the nanometer scale
enables important insights in biology and material behav-
iors, including virus function [1], structural damage [2],
nanoelectronics [3], etc. One way is to do this destruc-
tively, i.e. immobilize the specimen, etch the top layer
finely with a particle beam, image the revealed features
with a scanning electron microscope or similar high-res-
olution methods, and repeat this process until the entire
specimen volume has been consumed [4, 5]. However, in
many instances, it is preferable to operate non-destruc-
tively, and then a form of tomography is necessary. This
is more challenging than, say, the medical case, for two
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main reasons: (i) as feature sizes approach the radia-
tion wavelength, e.g. X-rays, diffraction and scattering
effects influence image fidelity more strongly; and (ii)
the number of voxels (resolvable 3D elements) within a
macroscopic volume can become very large. For example,
at (10nm)2 3D sampling rate, the number of voxels in a
lcm x 1cm x 100 um volume is ~ 10'©, In this paper,
we use integrated circuits (IC) as an exemplar, because
they present some practical conveniences—ICs are rigid
and, thus, require no fixing—and it is also very useful, for
example in manufacturing process verification, failure
analysis and counterfeits detection [3, 6]. On the other
hand, the challenge of 3D IC imaging grows with time
due to Moore’s law [7].

For nondestructive 3D IC imaging at the nanoscale,
hard X-rays are ideal probes because of their long pene-
tration depth and short wavelength. Unlike medical X-ray
tomography, however, which operates almost always on
the intensity of the projections, in the nanoscale case it is
common to seek the complex field via ptychography [8]
first, and then do tomography. This combined scheme is
also known as X-ray ptychographic tomography (ptycho-
tomography) [9]. There are several reasons to do this: for
example, if the projection approximation is still applica-
ble, then we can perform two tomographic reconstruc-
tions in parallel, one on the field amplitude yielding the
imaginary part of the refractive index (attenuation) at
each voxel and one on the field phase yielding the real
part; most materials exhibit phase variations by 10 times
larger than their respective absorption changes [10].

X-ray ptycho-tomography reconstructions are per-
formed in the same sequence as experimental acqui-
sition, i.e. in a two-step approach [9, 11]. First, 2D
projections are retrieved from far-field diffraction pat-
terns using phase-retrieval algorithms [12-14], and then,
tomographic reconstructions are implemented to recover
the real and/or imaginary parts of a 3D object from 2D
projections [15-18]. Many applications have been suc-
cessfully demonstrated with this two-step approach:
IC imaging [3, 19], microscopic organism imaging [9,
20] and studies of material properties such as fracture
[21], percolation [22] and hydration [23]. However, both
ptychography and tomography demand large redundancy
in the data [24, 25], leading to long acquisition and pro-
cessing times generally.

One way to reduce the acquisition time is through
high-precision scanners that can reliably work with
efficient scanning schemes [26-28] and at high scan-
ning velocities [29, 30]. Reducing the data redundancy
requirements in ptycho-tomography is an alternate way
to speed up data acquisition but introduces ill-posed-
ness. However, with reduced data, the conventional
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reconstruction algorithms are likely to produce artifacts
and a general loss of fidelity.

Studies have coupled computationally the ptychog-
raphy and tomography reconstruction processes to
improve reconstruction qualities under limited data
acquisition. One way is to split the whole problem into
two sub-problems, as conventional two-step approaches,
and perform them iteratively, to mildly relax the data
redundancy requirements without sacrificing fidelity. For
example, tomography naturally provides angular inter-
sections of beams as they pass through the object, which
is employed to coarsen the ptychographic sampling in
each projection with iterative two-step algorithms [31—
34]. The angular requirements in tomography could be
eased as well [35-39] through physically modeling the
interactions between X-ray and object with a multi-slice
propagation model instead of projection approximation
[40]. Depth information is resolved partially in individ-
ual projection planes to help relax the usual Crowther
criterion for tomography. On the other hand, the cou-
pling between ptychography and tomography could be
expressed as a single optimization problem to reconstruct
3D objects from diffraction patterns directly instead of
two separate cost functions [41-43] to further reduce the
required number of measurements. Still, however, severe
image artifacts are to be expected if data reduction is
aggressive beyond a certain limit. Moreover, all the above
mentioned variants of X-ray ptycho-tomographic recon-
struction are computationally intensive and, hence, scale
prohibitively with sample volume.

In general, regularization resolves ill-posedness by
rejecting invalid objects and, hence, eliminating recon-
struction artifacts that would be incompatible with our
prior knowledge about the object. For example, hand-
crafted priors, such as sparsity, piecewise constancy, etc.
are routinely incorporated in X-ray ptycho-tomography
problems to improve reconstruction qualities to some
extent [31-33, 43, 44]. Recently, deep neural networks
(DNNs) have yielded even better regularization perfor-
mance under severe ill-posedness, e.g. 2D phase retrieval
through scattering media [45, 46] and under extremely
low light conditions [47, 48], digital staining [49, 50],
limited-angle 3D volumetric reconstruction [51, 52], etc.
These works are based on supervised learning, where
the regularizing priors are learned from large datasets of
available typical objects. Non-supervised approaches are
also possible [53, 54] but not of interest for our present
work. The purpose of this paper is to use DNN-based
regularizers to radically increase the allowable angular
reduction and associated gains in both acquisition and
computation time in X-ray ptycho-tomography, which
hasn't been explored in experimental X-ray ptycho-
tomography yet [55].
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Poor image fidelities resulting from severe ill-posed-
ness in X-ray ptycho-tomography is difficult to improve
if we naively apply a vanilla 3D DNN structure with the
kernels size of 3 x 3 x 3 [56], i.e., each layer’s receptive
field extends to the next layer by a single pixel away only.
To perform image correction in hard cases (i.e., large
angular reduction) one needs DNNs with many layers
or large size kernels, and that is disadvantageous both
because it introduces too many parameters, especially in
3D, and because training may saturate early, even with
residuals [57]. On the other hand, the physics of tomo-
graphic image reconstruction suggests that larger recep-
tive fields in the convolutional layers should be effective
in a shallower network while still requiring a large num-
ber of parameters. The atrous convolution methods
[58, 59] combat this problem by forcing all connections
within the receptive field to be zero, except the ones at
the outermost corners. Moreover, the implementation of
atrous convolution in a Spatial Pyramid Pooling (ASPP)
module is known to perform well in extracting long-
range and multi-scale information [60, 61].

2 Results

In this study, we propose the novel deep learning-based
pipeline for reduced-angle ptycho-tomography, RAPID.
Our method works as follows: first, the far-field dif-
fraction patterns obtained from reduced 21-angle
acquisitions are pre-processed together to produce an
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Approximant [51]. This is a preliminary 3D reconstruc-
tion of the object’s interior and generally exhibits low
quality. The Approximant is obtained by gradient descent
inversion on a multi-slice propagation model [40, 62].
Subsequently, the Approximant is fed into the RAPID
network. During the training phase, matching the net-
work’s output to the corresponding golden standard is
used to adjust the network weights in a standard sto-
chastic gradient descent fashion. During testing, the
network’s output is the final reconstruction of the given
volume. The procedure is schematically depicted in Fig. 1
and described in detail in the Methods section.

A new DNN structure is proposed by incorporating
the atrous module in the 3D U-net structure [63, 64] to
improve the image qualities. Here we modify the atrous
module anisotropically to account for the 3D point
spread function (PSF). We use the term “anisotropy” here
in the sense that the atrous convolutional kernels are dif-
ferent along the x, y, and z axes.

In the experimental demonstration, the IC sample
consists of 13 circuit layers. The layers have a different
thickness each. The total thickness is unknown, but we
estimated it based on the golden standard to be 3.92 pm.
The area of each circuit layer is 25.10 x 93.18 um?. The
upper part of the IC, relative to the optical axis, is used to
pre-train the network. This training segment has a total
volume of 20.60 x 93.18 x 3.92 um3>. The remaining part,
with volume 4.48 x 93.18 x 3.92 um3, serves for testing.
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Fig. 1 Schematic of the proposed RAPID framework. a Reduced-angle ptycho-tomography experiment to collect diffraction pattern
measurements via translational and rotational scanning. Raw diffraction patterns are pre-processed to generate the approximant as the input to
the pre-trained network, and volumetric distribution are obtained as the final output. b Network training process. Diffraction patterns acquired
from reduced-angle ptycho-tomography are pre-processed to get the approximant as the network input, and a two-step conventional approach is
employed to generate the high-resolution golden standard (GS) as the ground truth to train the DNN
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Better reconstruction performance can be expected as
the number of rotation angles increases, at the expense of
longer experimental and computational time. We explore
the best scanning condition that results in the minimum
feasible acquisition time. Starting from the extreme con-
dition of a single angle, we gradually increase N to 349
by adding angular measurements uniformly within maxi-
mum angular range 6, = 140.8°. The improvement
is noticeable quantitatively and visually when the total
number of rotation angles is small, e.g. from 1 to 5, as
shown in Fig. 2a, b; Additional file 1: Fig. S2. However,
above 21 angles the improvement is marginal. Therefore,
this represents a good compromise between accuracy
and acquisition cost.

We further explore the influence of maximum angu-
lar range 6max with fixed number of rotation angles as
N = 21. Figure 2¢, d and Additional file 1: Fig. S3 show
quantitative and qualitative performance when increas-
ing Omax from 8° to 140.8°. Small angles such as 8° and 16°
perform badly. Increasing Omax improves up to 32° and
beyond the returns become diminishing again but with-
out any added cost in computational time. Therefore, we
can afford to use the full range of 140.8°.

Figure 3 describes typical testing results the N = 349
angles and 6max = 140.8° for the golden standard com-
pared with our optimal compromise, i.e. N = 21 angles
and O, = 140.8°. Parts (a) and (b) show quantitative
metrics of image quality. We have chosen four: Pearson
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096 | T 5L 111085 _
= il =
®) u 08 o
00.94 1 . 0
a 0.75 %
092+
. 0.7
0.9 0.65
1 5 11 21 43 86 174 349
Number of rotation angles (N)
(©) 0.98
0.85
0961 . ’
S el {os 2
Sooal 11 3
o 3 0.75 ¢
0.9 0.65

8 16 32 48 64 80 96 112140.8
Angularrange 6, ()

Page 4 of 12

Correlation Coefficient (PCC), Multi-scale Structural
Similarity Metric (MS-SSIM) [65], Bit Error Rate (BER)
[66], and the Dice coefficient [67] (Detailed in Methods
section). The first two are used often in statistics and
image processing, while the third and fourth are informa-
tion- and set-theoretic, respectively. The results indicate
that the RAPID method indeed can learn to regular-
ize better than the conventional filtered backprojection
(FBP) and simultaneous algebraic reconstruction tech-
nique (SART) methods.

Figure 3c—g show the golden standard and how well
various reconstruction approaches come to approxi-
mate it, for several circuit layers and orientations. As
expected, the Approximant (Fig. 3d) is of rather poor
quality because of the severe missing wedge problem in
our reduced-angle configuration. The RAPID method
does not fully eliminate the axial artifacts, but signifi-
cantly reduces them—almost to the same extent as the
golden standard (Fig. 3c). Part (h) shows the power spec-
tral densities (PSD) of the whole testing volume in k, — k;
plane (the performances of k; — k, and ky, — k, planes
are shown in Additional file 1: Fig. S4), corresponding to
methods of (c—g). Notable are the differences in coverage
of the space between the measured slices (emerging as
radial spokes in the PSD) and of the missing wedges.

For the same configuration N =21 angles and
Omax = 140.8°, Fig. 4 studies the influence of atrous ani-
sotropy in our method and compares with different
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Fig. 2 Quantitative comparison among different scanning strategies for testing volumes. a, b Show the performance change with the increase of
the number of rotation angles. ¢, d Show the performance change with the increase of angular range
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Fig. 3 Performance of RAPID under Ny = 2Tacquisition within the range & = 140.8°. a, b Quantitative (PCC, MS-SSIM, BER, and DICE) comparison

among approximant, RAPID, FBP, and SART. c—g Layer-wise visualization of the reconstruction results from different methods, including the golden
standard reconstructed from Ny = 349 angles, Approximant, RAPID, FBP, and SART recovered from Ny = 21angles. h PSD distribution in k,-ky plane
of different methods. For k.-, and k.-k, planes, refer to the Additional file 1: Fig. 54

combinations of isotropic or partially anisotropic scheme.
To make the comparison fair, all methods are designed
with a similar number of total parameters and trained
with the same strategy. Extending the anisotropic kernel
range along the axis of the missing wedge tends to effec-
tively compensate for the axial artifacts. Results E, F, and
G in the figure indicate that the choice of atrous param-
eters does not impact performance significantly.

Table 1 shows the data acquisition time, computa-
tional reconstruction time, and total pipeline duration for

the techniques under comparison. RAPID is x16 faster
in terms of data acquisition and x175 faster for image
reconstruction compared to the golden standard. The
aggregate acceleration for the entire pipeline is x 140. The
absolute durations for the golden standard and RAPID
were ~ 66 h 30" and ~ 30/, respectively.
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Fig. 4 Quantitative and qualitative comparison among the reconstruction results from different network architectures. a Layer-wise visualization of
the reconstructions from different network architectures, A: 3D U-net structure as the baseline method; and modified 3D U-net by replacing the first
convolutional kernels at each hierarchical level in the encoder as B: the combination of x — y, y — z,and x — z convolution kernels without atrous;
C: 3D isotropic atrous module, D: 3D anisotropic atrous module with the same max atrous rate a; = a, = 18, E-G: 3D anisotropic atrous module
with different max atrous rates ((@; = 24 and a; = 30), (a1 = 30and a, = 36),and (a1 = 36and a, = 42), respectively). The results of method E are
shown in Fig. 3e. b, ¢ Quantitative comparison of the testing volumes

Table 1 Experimental and computational time (hours) and reduction ratio of the whole testing volume 4.50 x 93.18 x 3.92 uwm? from
conventional two-step approaches with N=349 angles as the golden standard, RAPID, FBP, and SART methods with N = 21angles

Golden standard RAPID FBP SART

Time Ratio Time Ratio Time Ratio Time Ratio
Data acquisition 1.90 x1 0.110 x16 0.110 x16 0.110 x16
Computation 66.5 X1 0.380 x 175 4.86 x 14 9.53 x7

Total 684 x1 0.490 x 140 14.0 x 1 9.63 x7
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3 Discussion

To address severely ill-posed problems in X-ray imag-
ing, we introduced anisotropic atrous spatial pyramid
pooling modules which increase the size of the receptive
field to enable long-range and multi-scale extraction of
underlying features. This augmentation largely improves
performance compared to non-atrous implementations.
The max atrous rates in this novel module can be more
rigorously determined by feature size, scattering poten-
tial, dataset sampling size, etc. For example, it would be
worthwhile to investigate the relationship between max
atrous rate and the anisotropy in the PSF of the imag-
ing system. Alternatively, by means of global-range self-
attention, transformer architectures [68, 69] have also
been demonstrated for reduced-angle ptycho-tomogra-
phy [70]. Detailed comparison between these two meth-
ods is beyond the scope of the present paper.

Different from cylinder-shaped samples [9], the pen-
etration path length of a plate-shaped sample increases
significantly with the rotation angle. When the penetra-
tion path length is larger than the depth of field, multi-
slice techniques are necessary to account for propagation
effects within the sample when generating the approxim-
ant. In our implementation, we run a five-slice ptycho-
graphic algorithm under a reduced-angle framework
for two iterations to speed up the computation, result-
ing in vague layer separation from each angle. The
improvement in the reconstruction quality flattens after
21 projections as shown in Fig. 2a, b is related to this
approximant generation algorithm. As reconstructions
from adjacent angles are similar, adding more angles will
not improve the approximant quality significantly and
thus the final reconstruction. Besides, a multi-slice ptych-
ographic algorithm can relax the Crowther criterion due
to more frequency coverage in the Fourier domain for
each projection angle [39], which also indicates the infor-
mation from neighboring angles are similar. On the other
hand, the plateau after 32° in Fig. 2¢, d shows that meas-
urements sampled from the angular range over 32° con-
tribute similarly to the approximant compared to the 32°
case when fixing the total number of rotation angles as
21. More slices may be required to count for the diffrac-
tion effects at larger angles, but in turn, increase the com-
putation burden. The theoretical proof for the turning
point in terms of the number of projections and maxi-
mum angular range is out of the scope of this manuscript
but is interesting for future study. On the other hand,
the laminography technique [71, 72] compensates for
uneven propagation lengths by scanning the illumination
wavevectors along a conical surface. In either case, it may
be possible to modify RAPID to further reduce the total
scanning time by skipping steps in the ptychographic
scan as well [73].
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Supervised learning approaches often is a cause for
concern regarding the generalization ability to new and
unseen data. We propose a strategy to train on a subset
of the sample, where a trustable but otherwise very slow
alternative method can be used to obtain ground truths;
and then use the train network on the rest of the sam-
ple, significantly speeding up the entire operation. This
approach is appealing for integrated circuits or other
large 3D specimens [74]. Besides, it is possible that trans-
fer learning [75] might alleviate the efforts for training
RAPID anew for new experiments. For even more gen-
eral specimens, like viruses, nanoparticles, etc. compara-
ble performance may be expected, but most likely at the
cost of some redesign in the learning architecture.

4 Method
4.1 X-ray ptychographic tomography experiment
of integrated circuits

X-ray ptychographic tomography experiment was car-
ried out using the Velociprobe with a Dectris Eiger 500K
detector (75 um pixel size) positioned at a distance of
1.92m from the sample at the Advanced Photon Source
of the Argonne National Laboratory, USA. A schematic
of the Velociprobe was shown in the previous paper
[30]. The photon energy of 8.8 keV with a spectral band-
width of 10~* was selected using a double-crystal silicon
monochromator. A Fresnel zone plate with 50 nm out-
most zone width and 180 um diameter was installed on
the zone plate scanner. The first order diffracted beam
from the zone plate was selected by the combined use
of a 60 um diameter tungsten central stop and a 30 pm
diameter order-sorting aperture placed ~ 62 mm down-
stream of the zone plate. The illumination spot size on
the sample is about 1.4 um. The sample was fly-scanned
in a snake pattern [30] with a 100-nm and 500-nm step
size in the horizontal and vertical directions, respectively.

A total number of 349 rotation angles with the
angle spacing 0.4° within the angular range of
Omax = 140.8° from the reference axis was acquired for
an IC produced with 16 nm technology with the size of
25.09 x 93.18 x 3.92um3. ~ 60k diffraction patterns
were captured at each angle. The field of view of the pro-
jection at each angle was 30 x 100 pm? with the detec-
tor frame rate of 500 Hz, giving 2 ms exposure time per
scan. It took about 129 for each rotation angle and the
total data acquisition time for 349 angles was ~ 13 h.
For reduced-angle ptycho-tomography, we increased the
angular spacing proportionally. The experiment time for
the whole testing volume was estimated linearly accord-
ing to the ratio of testing volume to the whole volume
and the number of reduced angles to the whole angle,
which is reasonable as the translational and angular scan-
ning scheme of ptycho-tomography.
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4.2 Multi-slice forward and inverse models
for reduced-angle acquisition

We applied the multi-slice propagation method to model
the measurements exiting the object. In the multi-slice
propagation model, the object f is divided into L slices
along the beam propagation direction, as [fi, f2, ,.... fL].
Each slice is with the thickness of Az. The wave field
uyj(x,9,z;) from probe position j entering /th slice is
modulated by the slice f; to yield a wave field
M}H,j(x’y’ Zl+1) as M},j(%% z)) = ul,j(xxy’ Zl)fl(x’yr zy)- The
wavefront is then propagated to the next slice according
to the Fresnel diffraction integral given by

/
ul-‘rl,j (x! Y Zl+1) - PAZu[+1,/(x’ Y Zl+1)

= F Y Flupy ;@ y, 200 a0}

(1)
q* —q} —q;)) and q is the
reciprocal domain coordinate. This process is repeated
for all L layers until one obtains the exit wave leaving the
object YL s represented as
Y =fL'PAsz71...’PAZf2’PAZf1uLj. Here u;; is the inci-
dent probe at scan position j. Then we apply the far-field
propagation operator P, to take the exit wave ¥ ; from
the object to the plane of the detector, which is per-
formed with a simple Fourier
uj(q) = Payrj = F{¥r;}.

In this experiment, the quasi-coherent X-ray illumina-
tion was modeled as the combination of multiple coher-
ent modes with the index of m = [1,2, ..., M] to improve
the accuracy. Thus, the far-field diffraction measurements
were represented as the sum of each coherent mode. In
addition, reduced-angle ptycho-tomography requires the
illumination of the object from several rotation angles 6.
Here we rotated the object according to a constant wave
propagation direction, which was performed with a rota-
tion operation fy = Ryf, and the rotated object fj is fur-
ther sliced into L different layers [fy 1, fo,2, » .-, fo,0]. This
leads to a combined forward operation of

Hy; = Z Jug? ()2

= Z |Pafo,L Pazfo.c-1-Pazfo1Pazfo, 1M(m)

Here ha, = exp(—i(q —

transform  as

()
In order to apply the gradient descent updates to find
optimal f, we start with the data fidelity term of the loss
function

= 3NN ZMZM’”W — )l =

: Lo
No 55

®3)

The gradient of £ with respect to fis derived as
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The term ? could be obtained with the rotation matrix.
We derive the formula of M" to get the VyL with the
chain rule as

ofe o 0l Bfe
= 12(2% @) —g9;)2| uiy o | afl
N <= / T

(5)
Following the 51m11ar notation as ref. [76], we employ the
auxiliary variable X9 "

Xy =F { (Zw(’”)(qnz —go;> u9,>}. (©)

In this way, the gradient of the loss function Ly with
respect to the object fj is defined as

(myx_ (m) —
N2 ZX Ugp; =1L
9Ly
oy ) ,m oce " - O
ol e;lpﬁz{a(mf } p 1=i<L
9/l+1

where the asterisk represents the complex conjugate.
Here c 5 was derived as follows

uH/l
(m)x g _
Lo N Xo,j eL, =L
au(m) ) IP—AZ{ (m) o 1<l<L (8)
9,j,l du 911+1

4.3 Computation of the approximant

The performance of the DNN is significantly improved if
the raw measurements are preprocessed by considering
the imaging formation as an approximation of the solu-
tion, which is also known as Approximant [47]. Here we
treated the reconstruction of 3D refractive index of an
object f(r) = expla(r) + i¢(r)] from multi-angle ptych-
ographic diffraction measurements g as a nonlinear opti-
mization problem by minimizing the loss function

/= aegmind |4 () —glI” +y (), ©)

where the first component is known as the data fidelity
term, which models the physical relationship between
the object f and the measurements g in a reduced-angle
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setting; ® is the regularizer expressing the prior knowl-
edge of the object, which is learned from the volumet-
ric pairs of golden standard IC patterns reconstructed
from 349 rotation angles with a two-step reconstruction
method, and the approximant retrieved from the one-
step multi-slice preprocessor with 21 rotation angles; and
y is the regularization parameter controlling the compe-
tition between the data fidelity term and regularization
term. We assume that the sample is a pure phase object,
i.e., a(r) = 0, which is reasonable as the phase contrast
is about 10 times larger than the absorption contrast in
X-ray experiments for IC samples.

The approximant was generated by iteratively updat-
ing the data fidelity term (Eq. 3) via gradient descent
f *k+1) — f 0 _ s(Vfﬁ)fm. Here k denotes the iteration
step, s is the step size, and (Vfﬁ)f(k> is the gradient of £
with respect to fevaluated at f®), as shown in Eq. 4. Raw
diffraction patterns g of 256 x 256 px> were downsam-
pled by x2 to accelerate the computation, which results
in the Approximant x2 smaller in x» and y directions
compared to the golden standard. In this work, we chose
k = 2 to further speed up the computation, L = 5 by con-
sidering the depth of focus of our system, and M = 12
coherent modes of the synchrotron X-ray for the recon-
struction. The number of desired reconstruction slices is
much larger, i.e. 280, so we simply dilated the generated
slices to match it. As a result, the quality of network input
is poor.

4.4 Network architecture and implementation details
RAPID is an encoder-decoder network architecture
based on 3D U-net via including a special convolution
module, the anisotropic atrous module, at each hierarchi-
cal level in the encoding branch, as shown in Additional
file 1: Fig. Sla. The original 2D ASPP module contains
one 1 x 1 convolution and three 3 x 3 convolutions with
isotropic atrous rates = (6, 12, 18). Here we extend it to a
3D version by incorporating the 3D atrous convolution,
which is defined as

L M N
g, ), k) = Z Z Zf(i —nrl,j—rom, k — rsn)h(l, m, n).
=1 m=1n=1
(10)
Here, (i, j, k) is the voxel in the original volume fand fil-
tered volume g, (I, m, n) is the voxel in the convolutional
kernel 4, r1, 72, and r3 are atrous rates in x, y and z axes.
r1,rp and r3 are generally the same, which is also known
as isotropic atrous convolution.

Additional file 1: Figure S1b shows the design of the
anisotropic atrous module including three anisotropic
ASPP modules in x —y, y — z, and x — z planes and an
additional 3D convolution module to capture features
in 3D. The features extracted from these four branches
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are fused via concatenation and passed through another
standard 3 x 3 x 3 convolution kernels. Inter-slice
cross-talking in the Approximant, originating from the
nature of multi-slice reconstruction model, makes fea-
ture separation in the z direction difficult. To emphasize
this artifact and achieve isotropic volumetric resolution,
we include two more anisotropic atrous convolutions
a = ai, ay to address the severe feature residuals along
the z direction for atrous convolution operated in y — z
and x — z planes.

The whole volumes were split into 2781 examples with
the size of 128 x 128 x 280 for the golden standard, and
64 x 64 x 280 for the Approximant. The split volumes
overlapped 50% between each other. As mentioned
before, the upper part with respect to the beam propa-
gation direction was used for training, which contained
2060 volumes; and the lower part was used for test-
ing, which included 618 volumes. There was no overlap
between the training and testing volumes. We employed
a negative Pearson correlation coefficient (NPCC = —
PCC) as the loss function and the training runs for 200
epochs with a batch size of 2. The PCC is defined as

>_i(A; — A)(B; — B)
VA~ A)2 5B — By

for two volumes A and B. Adam optimizer for stochastic
optimization [77] with a polynomial learning rate sched-
ule was used to update a learning rate as

PCC(A,B) = (11)

p
Ir(step) = (Ir(0) — Ir(end)) x (1 - st;p) o (12)

where the initial learning rate /r(0) = 2e — 4, the end
learning rate [r(end) =5e —5, the total decay steps
T = 3e4, and p = 0.5. The rest parameters of Adam opti-
mizer were set as default values.

For training processes, we used the MIT Supercloud
with an Intel Xeon Gold 6248 CPU with 384 GB RAM
and dual NVIDIA Volta V100 GPUs with 32 GB VRAM.
Once the network was trained, it took less than one min-
ute for giving predictions over each test volume with a
single NVIDIA Volta V100 GPU. And the whole testing
area took around 125 seconds to get the final result. Our
scripts for training and testing are publicly available in
https://github.com/Ziling-Wu.

4.5 Two-step reconstruction as the ground truth

and comparison algorithms
The ptychography reconstruction was conducted with
the multi-slice least square maximum likelihood algo-
rithm [78] for 600 iterations to generate the phase pro-
jections at each tomographic angle in PtychoShelves [79].
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In total, it took ~ 360 h for ptychographic reconstruc-
tion for all 349 angles with 8 Tesla V100 GPUs in paral-
lel. We further aligned all 349 projections in the form
of a phase ramp removal process and post-process with
a pre-trained super-resolution network to refine the
projections, which took about ~ 5 h with a single Tesla
V100 GPU. The final tomographic reconstruction was
performed with 10 iterations of SART [17] to generate
a 3D reconstruction of the IC sample with the isotropic
14 nm voxel size, which took about 1 h using 8 Tesla V100
GPUs.

We compared our algorithm with two conventional
approaches for 21-angle X-ray ptycho-tomography
The experiment time was reduced by x16 as a result of
the angular reduction. In terms of computation, ptych-
ography reconstruction and projection refinement were
performed as the golden standard for diffraction meas-
urements from N = 21 angles. The final tomographic
reconstruction was conducted with FBP and SART (10
iterations) algorithms implemented in TomoPy with
the ASTRA toolbox [80, 81]. The computation time for
ptychographic reconstruction and refinement was also
reduced linearly according to angular reduction com-
pared to the golden standard. The tomographic recon-
structions were performed with the same configuration
as our method, which took 116 s and 1678 s for the whole
volume with FBP and SART (10 iterations), respectively.
The computation time for the whole testing volume was
estimated proportionally.

4.6 Quantitative comparison metrics

We used PCC, MS-SSIM, BER, and DICE metrics to
quantify our proposed method. PCC and MS-SSIM are
used to quantify the correlation between two volumes.
PCC is defined in the Eq. (12), and MS-SSIM [65] is a
weighted similarity metric with fixed weights on SSIM
values from different scales.

The remaining two metrics DICE and BER are used to
quantify the segmentation volumes. DICE, also known as
F1 score, is broadly used to compare the similarity among
two segmented volumes via calculating overlapping size
over their total size. Similarly, BER quantifies the ratio
of erroneously classified voxels. Both of them involve
the derivation of probability distribution functions, thus
probabilistic, and are based on binary classification as
follows

2.-TP

DICE = )
2-TP+FN+FP

(13)

and
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FP + FN

BER = )
TP + TN + FP + EN

(14)

where TP, TN, FP, and FN indicate the number of true
positives, true negatives, false positives, and false nega-
tives, respectively. For the gold standard, the binary
thresholds and prior probabilities p(0), p(1) required for
these quantities were estimated by an Expectation Maxi-
mization (EM) algorithm. For testing, we used Bayes’ rule
px|0)p(0) = p(x|1)p(1) with p(0), p(1) same as for the
gold standard.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/543593-022-00037-9.

Additional file 1: Fig S1. Network architecture of the proposed RAPID
method. Fig. S2. Layer-wise visualization in terms of x—y plane at two
different depths, y—z, and x—z planes for the reconstructions acquired
from different number of angular scans. Fig. S3. Layer-wise visualization

in terms of x—y plane at two different depths, y—z and x—z planes for
the reconstructions acquired from different angular ranges. Fig. S4. Power
spectral density distributions in terms of k,— k,, k,— k, and k,— k, planes
for different approaches.
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