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ABSTRACT

Novel high performance computing systems that feature hybrid
architectures require large scale code refactoring to unravel under-
lying exploitable parallelism. Such redesign can often be accompa-
nied with machine-precision changes as the order of computation
cannot always be maintained. For chaotic systems like climate
models, these round-off level differences can grow rapidly. Sys-
tematic errors may also manifest initially as machine-precision
differences. Isolating genuine round off level differences from such
errors remains a challenge. Here, we apply two-sample equality of
distribution tests to evaluate statistical reproducibility of the ocean
model component of US Department of Energy’s Energy Exascale
Earth System Model (E3SM). A 2-year control simulation ensemble
is compared to a modified ensemble as a test case — after a known
non-bit-for-bit change in a model component is introduced - to
evaluate the null hypothesis that the two ensembles are statisti-
cally indistinguishable. To quantify the false negative rates of these
tests, we conduct a formal power analysis using a targeted suite of
short simulation ensembles. The ensemble suite contains several
perturbed ensembles, each with a progressively different climate
than the baseline ensemble - obtained by perturbing the magnitude
of a single model tuning parameter, the Gent and McWilliams «,
in a controlled manner. The null hypothesis is evaluated for each
of perturbed ensembles using these tests. The power analysis in-
forms on the detection limits of the tests for given ensemble size
allowing model developers to evaluate the impact of an introduced
non-bit-for-bit change to the model.

CCS CONCEPTS

- Software and its engineering — Software verification and
validation; Empirical software validation.
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1 INTRODUCTION

Effective utilization of novel high performance computing (HPC)
systems that feature hybrid architectures require large-scale code
refactoring to unravel underlying exploitable parallelism. Such
redesign is accompanied by the challenge of ensuring solution re-
producibility - does the modified refactored code produce the same
answers? With hybrid architectures with many-cores, the order of
computation cannot always be maintained and bit-for-bit repro-
ducibility is not an easily achievable goal. Thus, machine round-
off differences between the original solution and that produced
by a refactored module are inevitable. For chaotic systems with
inherent non-linearity, like Earth system models simulating the
global climate, machine-precision differences in initial conditions
are known to grow rapidly by orders of magnitudes compared to a
baseline simulation [8, 14]. This is largely associated with the phys-
ical parameterizations representing the sub-grid scale processes
(like clouds) in the models that result in stronger error growth than
predictability error growth associated with non-linear processes in
turbulent fluid flow [14]. Even minor perturbations to model tuning
parameters are known to yield diverging solutions [5-7]. Errors
introduced while refactoring that initially also manifest as near
round-off differences, could thus also grow rapidly. The identifica-
tion of systematic errors from innocuous round-off errors remains
challenging, and we attempt to address the problem using statistical
techniques on short ensemble simulations for ocean models here.
Typically, answer-changing modifications to Earth system mod-
els are addressed by evaluating the model climate by comparing
a several years- or decades-long simulation with a control run vi-
sually, using a large number of plots and tables of metrics in an
ad-hoc manner. Recent work on ensuring statistical reproducibility
methodically has largely focused on atmosphere models. These
approaches use short (1-year) simulation ensembles to quantify the
natural variability of the model system. The simulation ensemble
members only differ in their initial conditions that are perturbed
by machine-precision-level differences. As these round-off differ-
ences grow rapidly, the simulations become independent of each
other in a few days. [1, 10] used a principal-components-based
(PC-based) approach using globally and annually averaged values
of standard model output variables (> 120 variables) from the 1-
year long simulation ensembles. Principal components (orthogonal
linear combinations) of the output variables were computed from a
large control ensemble. Data from a few (about 3) perturbed runs



is then projected to these principal components. The individual
projected values are evaluated against the density function of the
corresponding PCs to evaluate if the projected values belong to
the same population using a Z-score (distance of the perturbed
data point from the ensemble mean in units of ensemble standard
deviation). Lower Z-scores, under a given threshold, indicate that
the modified run belongs to the same population represented by
the control ensemble and thus the perturbed model reproduces the
control model climate. [1] used an ensemble size of 151, and [10]
suggested a larger control ensemble of more than 450 members
composed of control simulations from different compilers to capture
more of the model variability associated with different compiler
and optimization changes.

[7] used modern machine-learning techniques for two-sample
equality of distribution tests, like the energy test and the kernel
test to evaluate the null hypotheses that a 1-year long control en-
semble (about 60 members) and a perturbed ensemble (about 60
members) belong to the same population by comparing the multi-
variate probability distribution functions (pdf). Thus, if the two pdfs
are statistically similar for a given significance level, the perturbed
run is considered to be reproducing the climate of the control model
statistically. These tests were able to identify differences in model
simulations due to changes in key tuning parameters, and have
been used to evaluate solution reproducibility after code refactor-
ing and code porting. A few studies [6, 7] also conducted formal
power analyses to evaluate the detection limits of the tests. Other
cost-effective approaches have also been applied for testing repro-
ducibility of the atmosphere model like the perturbation growth
test [14] and the time-step convergence test [16], although they are
only run for a few time-steps and do not span the full model code.

There are not many formal reproducibility tests for the ocean
models. A simple test has been used by the CESM community to
validate ports of its ocean model to new machines that evaluates
the rate of growth of the root mean squared error (RMSE) during
the first five days between a ported run and a control run. This
RMSE growth is compared to the RMSE of a simulation where
the convergence criteria for the solver is changed by an order of
magnitude [2]. This approach has been found to be insufficient
in identifying climate-changing modifications associated with the
model’s linear solver [4].

Recent work on formal comprehensive statistical reproducibility
of ocean models [2] is based on comparing statistics of a single run
of the perturbed model against a large control ensemble (about 40
members), at a 12 month time-slice (snap-shot) point of the model
trajectories after initialization. To establish reproducibility, [2] eval-
uate the Z-score for each of the five independent prognostic ocean
model variables: (temperature (T), zonal velocity (U), meridional
velocity (V), sea surface height (SSH) and salinity (S)). Unlike the
atmosphere model tests that use global averages, [2] evaluate the
Z-score at each grid point for the ocean climate reproducibility test.
Ocean variability is much more spatially heterogeneous than in
the atmosphere because water is a denser fluid than air and has a
much shorter Rossby radius of deformation. Thus, global averaging
may dampen differences that arise over certain areas and thus may
not be an ideal approach for evaluating the reproducibility of the
ocean model climate. Also, [2] use a model configuration that is
forced with prescribed annual cyclical (1-year repeating forcing)
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atmospheric fluxes of heat, moisture and momentum, so longer-
term variability associated with atmosphere-ocean interactions is
suppressed in the simulations.

Here, we take a different approach than [2] and compare a con-
trol ensemble against a perturbed model ensemble (instead of a
single run) to test the null hypothesis that the two ocean model
simulation ensembles belong to the same population. This is similar
to two-sample equality of distribution approaches applied to the
atmosphere in some previous studies [6-8]. But, following [2], we
conduct these two-sample equality of distribution tests at each grid
point of the ocean model instead of global averages.

The next section describes our testing approach in more detail.
Section 3 describes the ocean model set-up we use. Section 4 and 5
discuss the false positive rates and the false negative rates of our
testing approach. Finally, we summarize our results in Section 6.

2 TESTING APPROACH

Following previous studies [1, 2, 6-8], we consider the variability
of the simulated ocean climate across short ensembles as a repre-
sentative distribution of natural variability (noise statistics) of the
model system. We generate short simulation ensembles for both the
control and the modified model and evaluate the distribution of the
annual average (of one year of simulation) at each grid point after
the models reach steady state. Thus, there are no significant trends
in the 1-year period used for evaluation and the annual averaging
removes the effects of the seasonal cycle induced by the atmosphere
flux forcings. To evaluate if the control and modified model are
statistically equivalent, we pose the problem as a multivariate two-
sample equality of distribution test on the two simulation ensembles
following previous studies [6, 7] across all model grid points. We
apply two testing frameworks described below for this purpose to
evaluate the null hypothesis that the ensembles of control and mod-
ified model simulations belong to the same population (produce
the same climate statistically). The testing frameworks are applied
to the five prognostic ocean variables separately, following [2].

2.1 Kolmogorov-Smirnov Testing Framework

For our first testing framework, we use the widely known Kolmogorov-
Smirnov (KS) two-sample equality of distribution test. It is a non-
parametric test for univariate cases and is independent of the under-
lying distribution of the samples. Its test statistic is the maximum
distance between the empirical cumulative distribution functions
of the two samples, Dy, and is defined as:

Dpm = man|Fl,n(x) = Fom(x)] (1)

where, n and m are the sample sizes of the two samples and
F1,n and Fy 5, are their empirical cumulative distribution functions,
respectively. The null distribution of Dy, is known and its criti-
cal values for hypothesis testing are widely available in statistical
software libraries.

We conduct the KS test at each of the M grid points of the model
for the null hypothesis, Hy, that the data at the corresponding grid
points from the two ensembles are statistically indistinguishable.
For the larger null hypothesis (Hp) that the two ensembles belong
to the same population, our test statistic (¢) is the number of grid
points that reject the null hypothesis Hy. The null distribution of ¢
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and its critical value for conducting the larger hypothesis test, Ho,
is computed using resampling techniques as well as using correc-
tion approaches to critical values when conducting simultaneous
multiple tests at all grid points (Section 2.3).

2.2 Cucconi Testing Framework

The Cucconi test is also a non-parametric two-sample equality of
distribution test for univariate cases and is rank-based. It has been
shown to exhibit more statistical power than other similar tests [9].
For the test, the two samples, say A and B, are pooled together and
ranked. The Cucconi test statistic, C, is then computed as:

_U?+V2-2pUV
C21-pY
where, U is the standardized sum of squared ranks of the data
of sample, A, and V is the standardized sum of contrary-rank of
the data of sample A. p is the correlation coefficient of U and V. Its
null distribution is derived using permutations [9]. Under the per-
mutations approach, the two samples are pooled together. They are
then randomly relabeled into the two samples, and the test statistic
is computed for this permutation. Repeating the relabeling a finite
number of time yields an approximate null distribution of the test
statistic and is used to compute the critical value for null hypoth-
esis testing for the original samples. If all possible relabelings are
conducted then the derived null distribution is exact. Large values
of C indicate that the two samples are statistically distinguishable
[9].

Similar to the KS testing framework, we conduct the Cucconi
test at each grid point for Hy, and the test statistic (¢) for the larger
null hypothesis, Hy, is the number of grid points that reject Hy,
whose null distribution is computed by resampling techniques and
correction approaches to critical values for multi-testing.

@)

2.3 False Discovery Rate Approach for
Simultaneous Multi-testing

Within our testing frameworks, we conduct hypothesis tests at
each grid point of the ocean model simultaneously. For a single
hypothesis test (one grid point), the null hypothesis is rejected if
the p-value of the test statistic is less than a critical value, which is
the given significance level (a, say 0.05). While conducting multiple
tests (M grid points) simultaneously, one can expect Ma grid points
will reject the null hypothesis by chance even if they all are true,
by design [e.g. 17]. There are several approaches to correct for such
false rejection of true null hypotheses while multi-testing. We use
one such approach called the false discovery rate (FDR) method
[12, 15, 17], where we constrain the critical value for a given global
significance level, a, as follows:

@FDR = jzi-%aXM{pj 1pj < a(j/M)} (3)
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where, appp is the new constrained critical value used for hy-
pothesis testing at the global « significance level and p; are the
p-values of the M test statistics from each of the grid points sorted
in ascending order. The above implies that arpg by design is less
than « and thus is a constraint on it. We refer the reader to [15]
(section 2a and Fig. 2) for a more comprehensive discussion on

arpr- The null hypothesis at each grid point now is rejected only if
the p-value of the test statistic is less than appg. By design, the FDR
approach also works as a field significance test [17], which refers to
the global null hypothesis that the null hypothesis is true at all grid
points. This is a manifestation of our larger null hypothesis, Hy.
Thus, with the FDR approach, if the null hypothesis, Hy, is rejected
for even one grid point when using arppg as the critical value, the
global null hypothesis Hy is rejected at the a significance level [e.g.
15, 17]. Thus, the critical value of the test statistic for Hy is zero
at o significance level. Furthermore, the FDR approach has been
shown to be effective even in the presence of significant spatial
correlations as related to climatological data [15, 17] as applied
here.

3 MODEL SET-UP

We use the Model for Prediction Across Scales - Ocean (MPAS-
0) model [13] within Department of Energy’s Energy Exascale
Earth System Model (E3SMv1) [3] framework for developing our
testing methodology. To adapt statistical tests for the problem of
ocean model reproducibility, here, we use a low computational cost
low-resolution version of the model with an effective horizontal
resolution of about 240km. It contains 7153 ocean cells in the hori-
zontal and 60 vertical layers. This version of the model is currently
only used for regression testing and has not been validated for
scientific use. This low-resolution model version, however, includes
all of the model structure and source code including the dynami-
cal core and physical parameterizations used in the scientifically
validated higher-resolution versions of the model that are used for
large scale climate simulations including those conducted for cli-
mate change studies. Our purpose here is not to understand ocean
climate variability or its response to external forcing using this
model version. We are solely comparing the statistics of the model
against a perturbed version of the same model here, for which this
low-cost model provides a cost effective option as we develop a
testing infrastructure.

Nonetheless, we integrate the out-of-the-box low-resolution
model forced with climatologically averaged 1-year cyclical atmo-
spheric forcings (called normal year) for several decades to achieve
quasi-equilibrium before branching out for ensemble simulations.
This ensures that ensemble simulations remain largely isolated
from artifacts of large model drifts as the model spins-up and pro-
duces a stationary climate. The presence of trends associated with
model drifts could generate spurious similarities between the con-
trol and perturbed ensemble simulations, limiting the statistical
power of the testing frameworks. Normal year cyclical atmospheric
forcing also limits atmosphere-ocean coupled dynamics and thus
long term variability associated with them like El Nino Southern
Ocean (ENSO) are absent in these runs. Fig. 1 shows the daily time
series of the global average ocean temperature for the run after
default initialization. Even after a simulation length of about 90
years, a trend in global ocean temperatures can still be discerned.
At about 50 years, the model seems to attain a quasi-equilibrium
with stationary statistics for about a decade. We chose to branch out
from this point of the model’s transient trajectory for generating
model ensembles for testing. Since we only run for a couple of years
for statistical testing, our choice helps to minimize the effects of



model drift on our results. We plan to run this simulation longer in
the future to obtain an equilibrium model state before branching
out.

4 EVALUATION OF FALSE POSITIVE RATE

With our choice of initial conditions from the trajectory of the long
transient run, where the model is at a quasi-equilibirum state, we
conduct a 150-member simulation ensemble. For each ensemble
member, j, the three-dimensional initial condition temperature field
is perturbed by machine-precision perturbations as follows:

T/ = T(1+x]) (4)

where for ensemble member, j, a random perturbation, x{ is

added to the initial condition temperature field T; only at each of its
grid points, i, to generate a perturbed initial condition, Ti] . x{ is ran-
domly picked from an open uniform distribution, U(—10714, 10714).

Fig. 2 shows the daily time series of the L1-Norm of sea sur-
face temperature for each of the 150 ensemble members from the
initialization time to day 2000 on the log-scale. L1-Norm is com-
puted as the sum of absolute difference at each grid point between
a perturbed initial conditions run and the control run trajectory.
Machine precision differences grow quickly by orders of magni-
tude in the first few days. The error growth trajectory after the
first few days is thus similar to that of an ensemble with initial
conditions perturbed by a stronger perturbation of the order of
1077 (machine precision of 32-bit architectures; not shown). After
the end of the first year, the L1-Norms tend to become asymptotic,
appearing to attain a quasi-steady state and become completely
independent and uncorrelated of each other, and are essentially
random solutions of the system to the imposed boundary condition
of atmospheric fluxes. The L1-Norm grows very gradually there-
after through day 2000. Thus, we choose to use the annual average
of the prognostic variables over the second year of simulation at
each grid point for applying our statistical tests, when the pertur-
bation growth has settled and perturbation growth trends do not
lend spurious relationships between and within the control and test
ensembles. We consider the ensemble spread of the second year
annual mean to represent the distribution of the sample for the
purpose of two-sample equality of distribution testing.

We assess the false positive rate - falsely rejecting a true null
hypothesis - of the tests empirically, using the bootstrap resampling
technique with this larger ensemble where we know that all mem-
bers belong to the same population. We draw two samples of size
30 (arbitrary sample size choice, see below for the impact of sample
size) each without replacement from this larger control ensemble of
150 members and conduct the KS and Cucconi testing frameworks
on them for the five diagnostic variables (T, U, V, SSH, S) separately.
We compute the test statistic, ¢ - the number of grid points that
reject the null hypothesis, Hy - that the annual average of the sec-
ond year of the simulation is statistically equivalent between the
two ensembles at the 5% significance level. Repeating this resam-
pling 500 times provides 500 values of t, yielding an approximate
empirical null distribution of t. The critical value of the ¢ can be
obtained by computing percentiles. The results presented here are
for SSH. Other diagnostic variables also yield qualitatively similar
results and we do not discuss them further here. Ranking ¢ (the
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number of grid points that reject the null hypothesis) in ascending
order for the 500 resamplings, we find that for the KS test with the
FDR correction, the 95th percentile value (critical value at the 5%
significance level) of ¢ is zero, as expected after FDR corrections.
This implies that for 95% of the drawings the KS test rejects zero
grid points for the null hypothesis, Hy, thus accepting Hy that the
ensembles belong to the same population. For higher percentiles,
the values of t are greater than zero. The above imply that the KS
test rejects the null hypothesis that the two ensembles belong to
the same population (Hp) if even a single grid point between the
two ensembles is statistically distinguishable, consistent with FDR
theory. For Cucconi test, the 95th percentile value of ¢ with FDR
correction is also close to zero with 0.2% of the grid points, again
largely consistent with FDR theory. Without FDR corrections the
critical value for the KS test and Cucconi test are 5.9% and 8.9% of
the grid points, respectively. We obtain qualitatively similar results
with ensemble sizes of 40, 50 and 60. [2] also found that an ensemble
size of 40 was sufficient to provide a low false positive rate, and a
further increase in ensemble size provided little benefit.

5 TEST CASE

To assess if the KS and Cucconi testing frameworks can detect cli-
mate changing differences, we conduct a simulation ensemble with
known changes to the climate statistics. This is achieved by per-
turbing the tuning parameter k of the Gent and McWilliams (GM)
eddy transport parameterization, that is commonly used to tune
the simulations of the Atlantic meridional overturning circulation
and Southern Ocean transport. The default value of the parameter
is 1800 m? /s for the 240km resolution model version. We change
this value of k to 600 m?/s, which is known to change the model
simulations dramatically and is the default value at other MPAS-O
resolutions [11]. We conducted a 2-year 100-member ensemble run
with k = 600m? /s using initial conditions at year 50 of the transient
run, and perturbing the initial conditions with machine precision
differences similar to the control ensemble. Fig. 2 shows the 2-year
time series of the L1-Norm with respect to the transient run for
SST for each of the ensemble members of this test ensemble, similar
to the control ensemble. Visually, it is clear that the climate statis-
tics of this ensemble significantly differs from that of the control
ensemble, with no overlap across the spread of the time series of
the two ensembles after the first year of simulations. We apply
our testing frameworks to the annual average of the second year
of the simulations when they appear to exhibit stationary climate
statistics. Both the KS and Cucconi testing frameworks correctly
reject the null hypothesis that the two ensembles belong to the
same population at the 5% significance level using 100 members
of each ensemble. More than 80% of the grid points rejected Hy
for both the testing frameworks for SSH and other variables. The
result remains the same for ensemble sizes of 30, 40, 50 and 60. The
null hypothesis is also rejected without using FDR corrections and
using critical values obtained in Section 4. The above indicates that
our testing frameworks can successfully detect known changes to
climate statistics.
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6 POWER ANALYSIS

We conduct a formal power analysis to assess the detection limits
of the testing frameworks and the required ensemble size to detect
a given magnitude of change. For this purpose, we integrate a
suite of 2-year 100-member ensembles, where the value of k is
increasingly different from its default value of 1800 m? /s for each
ensemble in the suite. Values of x range from 1800 to 600 m?/s
and each ensemble uses one fixed discrete value of x within this
range for all of its 100 members. The x-axis of Fig. 3 lists the fixed
discrete values of x used. For each of these values of k, a 100-
member ensemble simulation was conducted. The suite thus yields
an increasingly different climate for each ensemble, compared to
the control ensemble, as the difference between its k and the default
value increases. This controlled change in climate statistics allows
the analysis of the false negative rate (f) - probability of accepting
a false null hypothesis (Type II error rate) - and the detection limits
of the testing frameworks.

We randomly draw N (arbitrarily, say 30) members without
replacement from the 100-member ensemble with a perturbed k
and from the control ensemble and apply our testing frameworks on
the second year of the simulations to evaluate if the null hypothesis
is rejected. We conduct 500 such draws and compute the number of
times the testing frameworks correctly reject the null hypothesis
for SSH and the other variables. Fig. 3 shows the power (1 - f§) of
the KS and Cucconi testing frameworks for each of the perturbed k
ensembles when evaluated against the control ensemble for N =
30, 40, 50, 60. For N = 30, the KS testing framework can detect
changes to the climate statistics induced by a small change to k from
1800 to 1799 m? /s with 100% probability. As the climate statistics
become more dissimilar with increasing differences in x, the KS
testing framework is able to reject the null hypothesis consistently
at near 100% probability. For smaller changes to « the KS testing
gradually loses power, correctly rejecting the null hypothesis only
40% of the times when x = 1799.95. The statistical power of the
framework increases with sample size. For N = 60, the framework
can detect changes to climate statistics caused by a small change to
x from 1800 to 1799.5 m? /s at near 100% probability.

The Cucconi testing framework can also detect changes to the
climate statistics as x is changed from 1800 to 1799 m?/s with
100% probability for all ensemble sizes. For smaller changes to
K, it exhibits weaker power than the KS testing framework. For
example, for N = 30, Cucconi testing framework only detects
changes caused by changing k from 1800 to 1799.5 about 55% of
the times, whereas the KS testing framework detects the change
with a higher probability of about 90%. Also, for testing without
FDR corrections, the power curves are qualitatively similar to those
with FDR corrections.

The above power analysis provides model developers using the
tests with information on the magnitude of changes that the tests
can detect for a given sample size. For example, in a non-bit-for-bit
scenario, the acceptance of the null hypothesis with an ensem-
ble size of 30, would imply that the change introduced is smaller
than a change when  is changed from 1800 to 1799 m?/s. Such in-
sights with the tests will allow developers and integrators to make
an informed decision when accepting or rejecting an unintended

non-bit-for-bit change to the model. It also provides them with in-
formation on the ensemble size needed to detect a given magnitude
of change.

7 SUMMARY AND DISCUSSION

Novel HPC systems that feature hybrid architectures require large-
scale code refactoring to unravel underlying exploitable parallelism,
which may not always result in a bit-for-bit reproducible solution.
Strong non-linearities in ocean models cause these round-off level
differences to grow rapidly as noted in Fig. 2. Isolating these harm-
less round-off level differences from systematic errors, however,
remains a challenge. Here, we demonstrate the application of two-
sample equality of distribution tests, namely the KS and Cucconi
testing frameworks, to evaluate statistical reproducibility of MPAS-
O. The tests are conducted on the second-year average of two-year
simulation ensembles on independent diagnostic variables of the
ocean model like SSH. Our tests correctly reject the null hypothesis
when a strong climate-changing modification is made by changing
GM « from 1800 to 600 m?/s. To quantify the false negative rates
of these tests, we conduct a formal power analysis using a targeted
suite of short simulation ensembles. The ensemble suite contains
several perturbed ensembles, each with a progressively different
climate than the baseline ensemble - obtained by perturbing the
magnitude of the GM «, in a controlled manner from 1800 to 600
m?/s. The null hypothesis is evaluated for each of perturbed en-
sembles using these tests. The tests appear to have strong statistical
power and can identify differences induced by changing GM « by
a small amount from 1800 to 1799 with a high confidence with 30
or more ensemble members. The power analysis informs on the
detection limits of the tests allowing model developers to evaluate
the impact of an introduced non-bit-for-bit change to the model. It
also informs on the ensemble size needed for the tests to detect a
change of a given magnitude.

The difference in the ocean climate between a simulation with
Kk = 1800 and k = 1799 may not be scientifically significant. But
such a difference would almost always be rejected by our testing
frameworks when using ensemble sizes of 30 or larger, as indicated
by our power analysis. It is possible that our tests are too restric-
tive with a low false negative rate. We plan to engage with ocean
modelers and scientists to investigate the required power of these
tests and adjust the false positive rates of the test to allow accepting
the null hypothesis when the magnitude of changes are physically
justifiable.

We are expanding our test cases to various scenarios including
other model tuning parameters (e.g. within K-profile parameter-
ization (KPP) for vertical mixing, Redi diffusion along isopycnal
surfaces), and known changes to the code base like innocuous
changes to the order of operations to evaluate the robustness of our
testing frameworks. Furthermore, we would expand on the power
analyses by conducting additional ensemble suites with controlled
gradual changes to model, by perturbing other model tuning pa-
rameters (KPP, Redi diffusion, etc.). Also, we have not formally
compared our results with the approach of [1]. But, we intend to
conduct the known climate changing experiments in their study to
evaluate if our tests can detect those climate changes confidently.



Here, we conduct our tests on a low resolution model. The resolu-
tion sensitivity of our testing frameworks remains an open research
question. However, the FDR approach is designed to account for
multiple testing and performs robustly in the presence of spatial
correlations. Thus, as the tests are applied to higher resolution
data, the FDR corrections would adjust accordingly to reduce false
positives. However, we have not tested this explicitly. We plan to
investigate the resolution sensitivity of the robustness of our testing
frameworks by evaluating their false positive and false negative
rates in the near future, as we apply our tests to model configura-
tions with increasing resolution up to eddy resolving resolutions
where eddy parameterizations are not needed.

We believe our approach would have wide-ranging use aiding de-
velopers in model porting and refactoring for different architectures
to improve model efficiency, for example for solver algorithms. Ad-
hoc approaches where domain experts evaluate if a non-bit-for-bit
change is climate changing using long simulations is too demand-
ing for every minor change associated with refactoring. Simple
approaches tracking error growth using global metrics like RMSE
may also be inadequate in identifying climate changing behavior
of ocean models, where the perturbations do not have a significant
immediate effect [4]. Comprehensive statistical testing approaches,
like [2] and our proposed alternative approach here that evalu-
ate the model climate more fully as the perturbations propagate
through all components of the ocean model, would be needed to
maintain the trust-worthiness of climate models. Our approach
would also be useful for evaluating changes to the source code that
are not part of the time-stepping loop like infrastructure code for do-
main decomposition and parallel processing commands or writing
output files [6]. We hope that these testing frameworks would soon
become part of routine testing of models - complementing other
regular tests, like regression tests and unit tests - for unavoidable
non-bit-for-bit modifications allowing us to maintain confidence in
climate model simulations following development work.

Also, machine-learning approaches are quickly being adopted by
the climate community. Bit-for-bit reproducibility to the original
solution will not be possible where machine learning tool-kits and
modules are included in the model code base to replace current
modules. Our tests provide a framework for a systematic evaluation
of the simulated ocean climate as these new paradigm shifts occur
in global Earth system modeling.
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Time Series: Global Ocean Avg. Temperature
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Figure 1: Time series of the global average ocean temperature of a low resolution version of MPAS-O, the ocean model compo-
nent of E3SMv1, forced with a cyclical normal year atmospheric forcing initialized with default initial conditions.
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Figure 2: Growth of machine-precision differences in MPAS-O and ensemble spread: L1-Norm (sum of absolute difference
at each grid point, log-scale) of SST of each of the 150 ensemble members with round-off differences in initial conditions
compared to a reference run for the control (k = 1800 m? /s, red lines) ensemble. The same is also shown for the 100 members of
a perturbed (k = 600 m? /s, blue lines) ensemble. The control run was integrated for several years to assess its quasi-equilibrium.
The perturbed ensemble run is integrated for 2 years.



Ensuring Statistical Reproducibility of Ocean Model Simulations in the Age of Hybrid Computing s

d.
Power Analysis of KS Testing Framework
1.2
=#=N=30 =e=N = 40 =o=N = 50 —e=N = 60
1 -/. . a . ry a rY rY rY ry . ry r Y
0.8
)
(]
2 06
o
a
0.4
0.2
0
P I TR I L s S S S S S S N
P O A PPN S S
SRRV R U N N NN I
N
GM kappa
Power Analysis of Cucconi Testing Framework
1.2
=o=N=30 =e=N = 40 =o—=N = 50 =e=N = 60
1 a a r a rY - rY r a r 'Y
0.8
S
(]
2 06
o
a
0.4
0.2
0
N} PR T LI s S\ TS S T T B A RN
P 9 AN 9?7 O A O A 00D DL
PRI NN N N
N

Figure 3: Power Analysis. Probability of correctly rejecting a false null hypothesis (power) of the test in detecting changes to
an MPAS-O tuning parameter from a control case (GM « = 1800 m?/s) for different ensemble sizes (N).
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