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Abstract

We ported a tomographic reconstruction code from MPI to OpenMP (formally, the
software systems Message Passing Interface and Open Multi-Processing). Due to
randomness associated with the order of floating point operations, we found that
verifying the correctness of the port required a statistical comparison of the an-
swers. These agree within acceptable bounds. As a function of iteration number, the
solutions generated with different numbers of cores at first diverge, then converge.
We also studied the effect of having different random number starts. In this case,
the answers always converge toward each other, although their variation is greater
than the variation associated with changing the number of cores with a fixed ran-
dom number seed.
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1 Introduction

Transform-based reconstruction techniques such as filtered backprojection [1-3]
dominated the thinking and practice in the early days of tomography. Early itera-
tive techniques such as the Algebraic Reconstruction Technique (ART) [4, 5] and
the Simultaneous Iterative Reconstruction Technique (SIRT) [6, 7] have also been
widely used. These techniques require stopping when the image appears to be recon-
structed to avoid an unreasonable solution.

Gradually, model-based reconstruction based on known physical interactions
and a maximum likelihood or Bayesian principle were introduced. Having a well-
defined objective function allows the user to iterate to some chosen stopping criterion
without fear of divergence. These methods are more computationally intensive than
transform-based techniques, but they can operate with less dose to the sample and
with unstructured data. The Bouman-Sauer prior [8] is an important precursor to
the more widely adopted Minimization of Total Variation [9] associated with com-
pressed sensing. Although the mathematical arguments behind compressed sensing
are more developed [10] than those of Bouman-Sauer, if the weights of the Bouman-
Sauer prior are chosen to be a finite difference approximation to a derivative, the
methods are similar in practice. This work is based on the Bouman-Sauer prior, in
part because it has an analytic derivative which is needed by the Broyden-Fletcher-
Goldfarb-Shanno (BFGS) iterative method. [11, 12]

In the present work, we describe a port of the code TOMOSCATT based on the
Bouman-Sauer prior from MPI [13] to OpenMP [14] because the latter can be more
memory efficient, particularly if a large number of cores share a common memory.
[15] Increasingly, this is the case in contemporary hardware. We needed to verify that
the answer was independent of the number of cores and the type of parallelism. In
doing so, we found that changing order of floating point operations due to changing
from MPI to OpenMP or by changing the number of cores was a source of noise. The
verification of the correctness of the port in the face of this noise source was suffi-
ciently subtle that we choose to describe it here.

Earlier work includes a study of the convergence of parallel tomography algo-
rithms as a function of the number of cores [16] and an attempt to minimize the
number of iterations required when changing the number of cores. [17] The effect
of inexact arithmetic on convergence in iterative methods generally has also been
explored. [18]

2 Data and Algorithm

Before discussing the port of the TOMOSCATT code, we discuss the research context.
The code was used to reconstruct data acquired by a hybrid electron-x-ray micro-
scope which was built at the National Institute of Standards and Technology in Boul-
der. [19] Results from the reconstruction of an integrated circuit interconnect were
presented earlier along with the reconstruction algorithm. [20] To avoid duplication,
we summarize the main points here. Briefly, the code maximizes an a posteriori
log likelihood (MAP) presented originally by Bouman and Sauer. [8] The Bayesian
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weighting is chosen to closely resemble the minimization of total variation. [21] The
algorithm is iterative with two principal phases. In the first phase, an estimate for the
reconstruction (which can be random numbers to start) is frozen and projections are
taken to predict various observations. These are compared to experimental results. A
likelihood and its gradient are computed from these projections. In the second phase,
the likelihood and its gradient are used with the bounded variant of the limited-mem-
ory Broyden-Fletcher-Goldfarb-Shanno algorithm (L-BFGS-B). [11, 12] We use
their publicly available subroutines [12] in TOMOSCATT. Although the code is capable
of handling scattering, [22] the results presented here are based on projections.

Our port was tested on a lower resolution reconstruction of data which we had
published recently [20] from a hybrid electron-x-ray microscope. The principal dif-
ference between the figure given here and the one published is that we used a 7
point source here instead of an extended 200 point source. The results in Fig. 1 show
wiring and chemical-mechanical-polishing (CMP) fill. The wiring is approximately
160 nm across. We accept lower spatial resolution than in the previous study because
we have 66 reconstructions for this study vs. 1 in the previous study. By using a
seven-point star, the computer time requirement was about a factor of 16 less than
for the earlier published results which used 200 points to represent the source. The
parameters which were used in the reconstruction are given in Table 1. The parameter
“factor” is just below what is described as “medium accuracy” by Nocedal’s group.
[11, 12] All of the reconstructions required at least 675 iterations and none required
as many as 725 iterations to reach convergence. We used up to iteration 675 for com-
parison regardless of whether the convergence criterion was strictly met. The solu-
tion is restricted to [0, 2] at each voxel. This is done on physical grounds. Because
TOMOSCATT uses physical absorption cross sections and the reconstructed density is
scaled to the density of copper, we expect the solution to lie between [0, 1] at each

voxel. This is largely true, although the reconstruction does have a few values above
1.

Fig. 1 An isosurface from the reconstruction used throughout this paper created using IMOD. [23] The
features are approximately 500 nm across. The reconstructions are based on the same data as used in
Ref. [20]. Two related movies are given in the supplementary material
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Table 1 Parameters used in Variable Value Comment
the reconstruction, similar to
Ref. [20]. The variable names Nobs 2631025 Unstructured
are for the number of observa- Nvoxel 7500000 500 x 150 x 100 voxels
tions, the number of voxels, Viecon 960 pm?3 20 pm X 6 pm X 8 ym
and the reconstruction volume Voxel size 40nm x 40nm  x,y, and z
respectively. The variable p is a % 80 nm
parameter to the Bayesian prior » 11 Recommended for mate-
distribution recommended by . .
rial inspection [8]
Bouman and Sauer for the mate- BEGS i . 1 Retained bef
rial inspection problem GS iterations 6 etained before restart
[11,12]
Convergence 108 L-BFGS-B variable “fac-
parameter tor” [11, 12]
Source points 7 Each is a 7 point star
Source point 60 nm 50 nm x,y,and z
spacing 50 nm
Bounds [0,2] Random numbers started

in [0, 1)

3 Results from the Port of the Code

The reason for porting TOMOSCATT from MPI to OpenMP was to save memory. MPI
assumes that each core has its own memory, whereas OpenMP was designed with
shared cores in mind. Such computers were not available in the early 1990’s when
MPI was developed. OpenMP was developed starting in the late 1990s to take advan-
tage of emerging shared memory computers. In Fig. 2, we see that the speed of our
MPI implementation is comparable to our OpenMP implementation. The MPI ver-
sion is a little faster with modest numbers of cores, but its speed plateaus in a way
which the OpenMP version does not. The difference of memory usage is dramatic.
Whereas the MPI version requires about 2.7 GB per core with linear scaling of mem-
ory (2.5 GB to 88.5 GB for 1 and 32 cores, respectively), the OpenMP version only
increases its memory requirement from 2.7 GB to 4.4 GB as the number of threads is
increased from 1 to 32.

The wall clock times are 65105 s to 7857 s and 64024 s to 6740 s for MPI and
OpenMP, respectively. The scaled reciprocals of these times are shown in Fig. 2a.
The efficiency of the additional cores is about 33% to 50% over most of the range.
One limit is that the L-BFGS-B subroutines are serial. We are not aware of a public,
parallel version available in Fortran, although it is available in other languages. [24]

Proving the correctness of the port was more involved than we first imagined and
motivated us to write this short report. We found that the results were diverging from
each other in the early iterations. Eventually, we realized that floating point arithme-
tic is a source of randomness, [18] and the L-BFGS-B iterations were causing the
solutions to grow apart from each other as the number of cores was varied. We knew
that the algorithm would converge given a random number start, so we conjectured
that the reconstructed values would grow apart until they were as diverse as those
starting from random numbers, and then converge along the same curve.

We formalized the design of our study as follows. For one part, we picked 17
seeds for the random number generator and solved the tomography problem shown
in Fig. 1 independently, 2 x 17 times where the factor of 2 is for the independent
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Fig. 2 Resource requirements as a function of the number of cores: a the speed up and b memory
use for (green) MPI and (blue) OpenMP versions of TOMOSCATT. The speed up is the factor of time
reduction compared to the single-core MPI case. The dashed line marked “Operating point” marks the
22 cores or threads which were used with varying random number starts. The inset in part (b) repeats
the OpenMP data on an expanded scale. Numerical values of the data are given in the supplementary
material

runs with MPI or OMP. The same seeds were used for each, implying they each
got the same 17 randomly selected initial guesses. In the second part, we froze the
seed and instead varied the number of cores (for MPI) or the number of threads (for
OMP) from 1, 2, 4, ..., 32. Again, there are 2 x 17 = 34 reconstructions. However,
we reused two of the reconstructions, so the total study has 66 reconstructions.

The difference between the solutions was quantified as follows. First, we found the
mean solution at each iteration

F(n) 1 (n,i)
fr —ﬁizi:fr 1)

where 7 indexes the N,. voxels in 3D, i denotes one of the N; samples, ﬁ.(") is the
mean reconstruction at iteration number n. We kept only the central % of the voxels
in order to reduce disk storage given that we saved the many reconstructions and

@ Springer



18 Page 6 of 9 International Journal of Parallel Programming (2026) 54:18

101

T I

102

103

104

—_————

Varying Ncore or Nthread

RMS deviation

————

10°°

10-6 S S S S T T S T S S S S ST ST S ST
0 100 200 300 400 500 600 700

Niter

Fig. 3 The estimated standard deviation of 17 solutions generated with each of four conditions as a
function of iteration number (0 to 675). The four conditions are (solid green) MPI, varying the random
seed, (dashed blue) OpenMP, varying the random seed, (solid orange) MPI, varying the number of
cores, (dashed black) MPI, varying the number of threads. Numerical values of the data are given in
the supplementary material

many iterations. Because the central region of a reconstruction is the most important
in practice, this was reasonable choice. Then, we found the population estimate of the
standard deviation s,, averaged over the voxels using

2
oo o (- 1) @

These values were found separately for each of four conditions as detailed in the
caption to Fig. 2.

When we started from random seeds distributed uniformly over [0, 1) with a fixed
number of cores or threads (specifically 22), the standard deviation was reduced sys-
tematically by four orders of magnitude from its analytically-known initial value
(plotted as iteration number 0) very near 1/v/12 ~ 0.288. The observed standard
deviations arising from varying the number of cores followed a similar pattern to our
conjecture, rising from a machine zero (< 10~'%) to a peak near 10~*, before follow-
ing the same convergence curve as before, albeit displaced by a factor of 10 as shown
in Fig. 3. We did not conjecture the factor of 10 difference. Somehow, the influence
of the randomness injected by floating point arithmetic is less than the randomness
associated with starting with different pseudo-random numbers.

Returning to our starting point, we wanted to validate the port of our code from
MPI to OpenMP in the face of randomness associated with changing the order of
floating point operations. To this end, we form a Z-score-like quantity

Z(NOMP) (N,MPI))Q] 1/2

|:NT1 Zr (fr fr
i G)

Ni_1/2 [(sg\?Mp))Q n (85\17\4PI))2:|

7 =
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where n = N is the final iteration (i.e., 675). The factor of Ni_l/ % is included to turn
the estimated standard deviation into an estimated standard deviation of the mean.

From Fig. 3, sSVOMP) ~ s%”PI). The values are Z = 0.987 and Z = 0.258 for the
random number start and varying the number of cores or threads, respectively. In
other words, the RMS variations in the average of the solutions with each paralleliza-
tion method is no more than we would expect based on the standard deviation of the
mean estimated for each method. The meaning of the standard deviation of the mean
is as follows: if we had simply run either the MPI code or the OMP code with two
sets of 17 random numbers, we would have comparable variation to what we found
switching from MPI to OMP. Our port does generate the same answer as the origi-
nal code up to the noise which is inherent in the algorithm when implemented with
double precision floating point numbers.

4 Conclusions

Computer architectures have evolved over the past three decades to increase the
amount of cores sharing memory. As such, OpenMP may be a better choice for paral-
lelization than MPI for smaller projects because it makes better use of the available
memory. For larger projects which require node-to-node communication, a hybrid
OpenMP-MPI code may be a good choice.

Verifying the correctness of the the iterative tomography code TOMOSCATT when
ported from one system to another required the use of statistical techniques to ensure
that the solution obtained was in agreement. The divergence associated with early
L-BFGS-B iterations does not lead to a difference in the converged solution. This
is not too surprising since the method will tend to the same solution even with a
random number start. Characterizing such behavior might be an interesting problem
for our mathematical colleagues. The larger number of practitioners may need to
consider noise arising from the order of floating point operations when verifying
parallel codes.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s10766-026-00822-w.
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