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20
Abstract. Physical and heat limits of the semiconductor technology require the adaptation of heterogeneous architectures in

supercomputers to maintain a continuous increase of computing performance. The coexistence of general-purpose cores and

accelerator cores, which usually employ different hardware architectures, can lead to bit-level differences, especially when

we try to maximize the performance on both kinds of cores. Such differences further lead to unavoidable computational

perturbations through temporal integration, which can blend with software or human errors. Software correctness verification25

in the form of quality assurance is a critically important step in the development and optimization of Earth system models

(ESMs) on heterogeneous many-core systems with mixed perturbations of software changes and hardware updates. We have

developed a deep learning-based consistency test approach for Earth System Models referred to as ESM-DCT. The

ESM-DCT is based on the unsupervised bidirectional gate recurrent unit-autoencoder (BGRU-AE) model, which can still

detect the existence of software or human errors when taking hardware-related perturbations into account. We use the30

Community Earth System Model (CESM) on the new Sunway system as an example of large-scale ESMs to evaluate the

ESM-DCT. The results show that facing with the mixed perturbations caused by hardware designs and software changes in

heterogeneous computing, the ESM-DCT can detect software or human errors when determining whether or not the model

simulation is consistent with the original results in homogeneous computing. Our ESM-DCT tool provides an efficient and

objective approach for verifying the reliability of the development and optimization of scientific computing models on the35

heterogeneous many-core systems.
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1 Introduction

The improvement of resolution and complexity of the numerical models requires the increase in computing power. As the

Moore's Law slows down (Kish, 2002), the increase in the number of processors, the design of inexact hardware (Düben et

al., 2014), and the greener architecture of heterogeneous many-core (Fu et al., 2016) are used to continue increasing the40

computing performance. For greener and faster heterogeneous many-core architectures, the major computing power is

provided by many-core accelerators such as NVIDIA graphics processing units (GPUs) (Vazhkudai et al., 2018) as well as

Intel Xeon Phi MICs (Liao et al., 2014) and many-core processors Sunway computing processing elements (CPEs) (Fu et al.,

2016).

Earth system models (ESMs) are based on mathematical equations and established by dynamical, physical, chemical, and45

biological processes through numerical methods consisting of millions of lines of legacy codes (Flato, 2011), such as the

Community Earth System Model (CESM; Hurrell et al., 2013). Science advancement and societal needs require ESMs with

higher and higher resolution to resolve more details of interacting atmosphere, ocean, sea-ice, and land surface components,

which demands tremendous computing power. Therefore, ESMs are the important application scenarios for the

heterogeneous many-core high-performance computing (HPC) systems (Gu et al., 2022; Zhang et al., 2023).50

However, there are the differences of hardware design between the general-purpose cores and accelerator cores in the

heterogeneous many-core architectures. Compared with homogeneous computing using the general-purpose cores only,

heterogeneous computing can cause nonidentical floating-point outputs whenever a accelerator processor or accelerator is

involved (Yu et al., 2022). The computational perturbations caused by hardware designs can blend with software or human

errors, which can affect the accuracy of the model verification (Zhang et al., 2020).55

Model verification during optimizing and developing ESMs is critical to establishing and maintaining the credibility of the

ESMs (Carson II, 2002), which focuses on determining whether or not the implementation of a model is correct and matches

the intended description and assumptions for the model. Evaluating the scientific consistency is a commonly used method for

model verification in the form of quality assurance. For example, for detecting the influences of hardware environment

changes, data from a model simulation of several hundred years (typically 400) on the new machine is analyzed and60

compared to data from the same simulation on a trusted machine by climate scientists (Baker et al., 2015). Then, the CESM

ensemble-based consistency test (CESM-ECT) is used to compare the new simulations against the control ensemble from the

trusted machine (Baker et al., 2015; Milroy et al., 2016; Baker et al., 2016; Milroy et al., 2018). However, all the methods

mentioned above focus on homogeneous multi-core HPC systems. Facing the scenario of mixed perturbations composed of

the inevitable computational perturbations caused by hardware designs (Yu et al., 2022) and software/human errors, there is65

an urgent demand to evaluate the scientific consistency for the ESMs on the heterogeneous HPC systems, which can accept
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the influence of the computational perturbations for further detection of software or human errors generated in optimizing

and developing the ESMs.

With the improvement of resolution and complexity of ESMs, there exists an urgent demand on evaluating consistency

rapidly. Milroy et al. have reduced the length of the ensemble to save the potential further cost while improving the70

CESM-ECT. However, the ultra-fast tests in the CESM-ECT are applied for evaluating the scientific consistency on the

Community Atmosphere Model (CAM; Milroy et al., 2018). The CESM-ECT for ocean component still requires simulations

of one year or more. There is a lack of a method to analyze short-time simulation results of multi-components, which can

achieve an overall consistency evaluation of ESM rapidly. Besides, the principal component analysis (PCA) in the

CESM-ECT is just applied to exploring linear patterns contained in the confusing datasets (Liu et al., 2009). Facing with the75

non-linear relationship generated by the combination of multi-component data, there is an urgent need of data analysis

methods for non-linear transformation, such as deep learning models.

The goal of this article is to develop a deep learning-based consistency test approach for the ESMs, referred to as ESM-DCT,

on the heterogeneous many-core HPC system. The ESM-DCT tool is based on the unsupervised bidirectional gate recurrent

unit-autoencoder (BGRU-AE; Zhao et al., 2017) model, which can accept the unavoidable computational perturbations80

caused by hardware designs. The ESM-DCT is applied to evaluate whether or not a new CESM configuration in the scenario

of mixed perturbations composed of the inevitable computational perturbations and software or human errors in the

heterogeneous computing is consistent with the original “trusted” configuration in the homogeneous computing.

The rest of the paper is organized as follows. Section 2 shows additional background information. Section 3 details the deep

learning-based consistency test approach. Section 4 shows the results of experiments with the consistency test approach.85

Finally, the summary and discussion are given in Section 5.

2 Background

The new Sunway system is the new generation of Chinese home-grown supercomputer that inherits and develops the

architecture of Sunway TaihuLight (Fu et al., 2016). The new Sunway system is built using an upgraded heterogeneous

many-core processor, SW26010P, which is similar to SW26010 in terms of architecture but with more computing cores and90

higher overall HPC capability. Each SW26010P processor can be divided into six identical core groups (CGs), which are

connected through the network on the chip, as shown in Figure 1. Each CG includes one management processing element

(MPE) and one computing processing element (CPE) cluster with 8x8 CPEs (Gu et al., 2022). Each CPE has its own

instruction cache and data storage that can be configured as a fully user-controlled local data memory (LDM) or can be

configured as a partly automatically hardware-managed local data cache (LD cache).95
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There are the hardware differences between the general-purpose cores and accelerator cores in Sunway systems. This

architectural distinction is designed to optimize aggregated computing power while minimizing micro-architectural

complexities. MPEs and CPEs serve distinct functions, promoting a hybrid computational approach that utilizes separate

instruction sets (Fu et al., 2016; Fu et al., 2017a; Fu et al., 2017b), thus leading to hardware-generated differences in corner

cases related to denormalized numbers. Therefore, there can exist unavoidable computational perturbations caused by the100

hardware design (Yu et al., 2022), which should be accepted for further detection of software or human errors generated in

optimizing and developing the ESMs. The key challenge is designing a tool to evaluate the scientific consistency, which can

remove the influences of heterogeneous perturbations.

Coarse-grained testing is a common practice for software verification in the form of quality assurance (Clune and Rood,

2011). Coarse-grained testing does not offer information as to the source of the inconsistency but rather as to whether or not105

the inconsistency may exist (Baker et al., 2015). This coarse-grained testing typically takes the form of analyses of

simulation results (Easterbrook and Johns, 2009) and issues an overall pass or fail result, such as CESM-ECT (Baker et al.,

2015). However, the principal component analysis (PCA) in the CESM-ECT is just applied to exploring linear patterns

contained in the confusing datasets (Liu et al., 2009). Facing with the non-linear relationship generated by the combination

of multi-component data in the coupled numerical model, there can use deep learning models to handle data by embedding110

multiple non-linear activation functions. In the last several years, the unsupervised deep learning model has been a fresh and

widely used data mining method and explored for coarse-grained anomaly detection. Such deep learning method can

efficiently and objectively identify whether or not the data are different from the original status (Fotiadou et al., 2021; Maya

et al., 2019). Hence our focus in this work is on an unsupervised deep learning-based tool for coarse-grained testing to detect

the consistency in the features of simulation results on the trusted and heterogeneous HPC systems.115

In this study, we show the performance of deep learning models in mining non-linear features from coupled models. We

design a experiment which uses the PCA model of the CESM-ECT, referred to as ECT, and a experiment which uses the

BGRU-AE deep learning approach to establish a consistency test approach, referred to as DCT, to the evaluate the

consistency of the 5-variable conceptual coupled model (5VCCM; Zhang, 2011) simulations. The 5VCCM is a conceptual

atmosphere-ocean coupled model that essentially couples the 3-variable Lorenz63 model (Lorenz 1963) to a slab-ocean120

variable and a simple pycnocline predictive model (Gnanadesikan 1999). The governing equations are given by Eq.(1):
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where 1 , 2 , and 3 denote the atmospheric model variables; ω and η represent the upper and deep ocean states,

respectively. Within the atmospheric component, the standard values of σ, k and b are set as 9.95, 28 and 8/3, respectively, to

maintain the chaotic atmospheric nature. In the upper ocean equation, the parameters Om and Od represent the heat capacity125

and damping coefficients of the ocean, which are set as 1 and 10, respectively. The term Sm + Sscos (2πt∕Spd) denotes the

external forcing, where the parameters Sm and Ss represent the annual mean and seasonal cycles of external forcing and are

set as 10 and 1, respectively. The parameter Spd, representing the model’s seasonal cycle, is set as 10 to ensure that the

external forcing period is comparable to the time scale of the upper ocean. In the equation for the deep ocean component, the

ratio of Γ to Od defines its time scale, which is longer than that of the upper ocean component (the ocean slab’s time scale is130

1/10 that in the deep ocean; therefore, Γ is defined as 100). The coupling coefficients C1 and C2 included in the 2 and ω

equation simply denote the coupling interaction between the oceanic slab and atmospheric component and are defined as 0.1

and 1, respectively, with C1 representing the upper oceanic forcing compared to the atmospheric component and C2

representing the opposite relationship. Similarly, the parameters C3, C4, C5 and C6 are used to implement the interference

between the deep and slab oceans and are respectively set as 0.01, 0.01, 1 and 0.001, with C3 denoting deep oceanic forcing135

onto the slab ocean and C5 denoting the opposite, and C4 and C6 representing nonlinear interaction. All variables are

non-dimensional (Zhao et al., 2019). A fourth-order Runge-Kutta time difference scheme and a leap-frog timedifference

scheme with a Robert-Asselin time filter (Asselin 1972), are used to resolve this 5VCCM, with the time step equaling 0.01

TU (time unit) (1 TU=100 time steps).

We generate a 151-member ensemble of 1000 time steps in the 5VCCM in the homogeneous computing using only the MPE140

as the training datasets. Then, we use the method of the ECT and DCT to evaluate the 5VCCM simulations with the different

compilers and heterogeneous computing, as shown in Table 1. The model parameters are obtained from transfer learning of

CESM-ECT and ESM-DCT detailed in section 4. Note that by default, ECT evaluates 3 simulations for each test scenario

and issues an overall failure (meaning the results are statistically distinguishable) if more than two of the PC scores are

problematic in at least two of the test runs. The DCT evaluates 40 for each test scenario and issues an overall failure if the145

passing rate is less than 90%. Table 1 shows that the 5VCCM with GNU compiler passes the ECT, but the 5VCCM with

Intel compiler and heterogeneous computing fails. The 5VCCM with GNU/Intel compilers and heterogeneous computing

pass the DCT. However, the modifications with GNU/Intel compilers and heterogeneous computing can lead to nonidentical

floating-point results but are not expected to be scientifically-changing. The DCT shows the better performance in mining

non-linear features from coupled models than the ECT, which provides the confidence in the development of a deep150

learning-based consistency test approach for multi-component data of ESMs on heterogeneous many-core systems.
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3 A Deep learning-based tool to evaluate consistency

3.1 The general idea

As noted, the unavoidable perturbations caused by the heterogeneous many-core architecture can blend with software or155

human errors, which can affect the accuracy of the model verification in form of evaluating the scientific consistency.

Therefore, our tool must accept the unavoidable perturbations caused by hardware designs on heterogeneous HPC systems to

evaluate the scientific consistency in the scenario of mixed perturbations of software changes and hardware updates. Then,

we accept the new ESM configurations if the non-linear features learned from the output data can match that of the original

data in the homogeneous computing. We develop a deep learning-based consistency test approach for the ESMs, referred to160

as ESM-DCT. Our tool includes: 1) designing an unsupervised deep learning model based on the BGRU-AE model, to study

the non-linear features from the multi-component simulation results. 2) developing an ensemble approach to take the

statistical distributions from short-term simulations on the multi-component as the datasets. 3) implementing the software

tool to accept the unavoidable perturbations and evaluate the consistency on the heterogeneous HPC systems.

3.2 A BGRU-AE deep learning model to study the features165

It is necessary to select the appropriate deep learning model based on the characteristics of the studied input data. Evaluating

the consistency of simulation results should utilize as many outputs of variables as possible. Multiple variable results will be

combined into sequence data, which is suitable for analysis in Recurrent Neural Network (RNN; Lukosevicius and Jaeger,

2009). Based on the RNN, Long Short-Term Memory (LSTM; Hochreiter and Schmidhuber, 1997; Song et al., 2021)

introduces the “gate” in neurons to solve the problem of gradient vanishing and gradient explosion during long-term170

dependency processes. Then, Gate Recurrent Unit (GRU; Cho et al., 2014; Zhao et al., 2017), which is an improved LSTM,

is used for fast convergence and computational cost saving. Each neuron of GRU has a reset gate rt, which adjusts the

incorporation of new input with the previous memory, and an update gate zt, which controls the preservation of the previous

memory. The reset gate rt and the update gate zt are defined by Eq.(2) and Eq.(3):

)( 1 zt
z

t
z

t bhVxWz   and (2)175

)( 1 rt
r

t
r

t bhVxWr   , (3)

where W, V, and b are shared by all time steps and learned during model training,  is the activation function. After

obtaining the signal of the reset gate rt, the GRU computes the reset result
~
th , which is similar to the memory process of

LSTM. The reset result
~
th is defined by Eq.(4):
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~

 tt
c

t
c

t hrVxWh , (4)180

https://doi.org/10.5194/gmd-2024-10
Preprint. Discussion started: 29 January 2024
c© Author(s) 2024. CC BY 4.0 License.



7

where W and V are shared by all time steps and learned during model training,  denotes the element-wise product, and

tanh is the activation function. Then, the GRU updates the current hidden output ht. The hidden output ht is defined by

Eq.(5):

~
1)1( ttttt hzhzh   , (5)

where denotes the element-wise product. The illustration of GRU is shown in Fig. 2.185

Traditional neural network models can only achieve forward propagation of information. However, the bidirectional models

can capture the time dependencies within a sequence in a forward and backward manner (Yu et al., 2019; Su and Kuo, 2019).

The basic idea of a bidirectional neural network is to input the same input sequence into the neural network that propagates

forward and backward respectively. These two neural networks are connected to the same output layer, which can obtain

context information. The hidden output H is defined by Eq.(6):190

bf
t HHH 1 , (6)

where f
tH and bH1 are the final hidden states resulting from the forward and backward processes respectively.

In deep learning, the Autoencoder (AE) is a type of neural network which can learn sequence embedding efficiently in an

unsupervised manner (Hinton et al., 2006; Vincent et al., 2008). The AE consists of an encoder and a decoder. The encoder

learns to compress the input data into a short code C, whereas the decoder learns to decompress the code into a set of output195

data O which is used to compute the loss function with input data. In this study, we propose the BGRU-AE deep learning

model for consistency evaluation on the heterogeneous HPC systems. The encoder and decoder adopt the BGRU model to

analyze the features. The outputs of the decoder are input to Fully Connected (FC) layers for dimensional alignment (Sun et

al., 2013). The equation of FC is as follows:

)*( fcdfc bHWfO  , (7)200

where O is the final result of the BGRU-AE deep model, Hd is the output of the decoder, Wfc and bfc are learned during

model training. The illustration of the BGRU-AE model is shown in Fig. 3.

3.3 An ensemble approach to get the datasets

The development of a tool for the BGRU-AE model necessitates the consistency evaluation in the features of simulation

results on the datasets. Characterizing the natural variability is difficult with a single run of the original simulation. The205

statistical distribution from the ensembles extended by the sampling of the original data can represent possible system states.

Ensembles created by small perturbations to the initial conditions are commonly used in climate modeling to reduce the

influence of the initial condition uncertainty (Sansom et al., 2013) and diagnose the influence of computing environment

changes (Düben et al. 2017; Prims et al. 2019; Rosinski and Williamson, 1997; Arteaga et al., 2014). In this study, we
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generate the ensemble for the datasets of consistency evaluation by running simulations that differ only in a random210

perturbation of the initial atmospheric temperature.

Based on the ultra-fast tests, we can analyze the short-term simulation results on the ocean and atmosphere component, to

achieve the consistency evaluation for the multivariate data of CESM. We examine 97 variables from the atmosphere

component results, as redundant variables and those with no variance are excluded. We examine the temperature, salinity,

zonal velocities, and meridional velocities concerning the model grid from the ocean component results. In order to quickly215

spread the perturbations, we modify the coupling frequency of the ocean component to 8 times a day. Then, we use the

simulation results at the 24 time step as the input data of the BGRU-AE model with -O2 compiling optimization options,

where the ocean component is coupled 4 times.

In this study, the ensemble simulation data as the training, validation, and testing datasets are generated as needed, as listed

in Table 2. The number of training sets, validation sets, and testing sets is 120, 40, 40. The descriptions of the datasets are as220

follows:

Firstly, the training datasets and validation datasets are the ensembles with the O(10-14) perturbations of initial atmospheric

temperature in the homogeneous computing using the MPE only to train the parameters of the BGRU-AE model. The

BGRU-AE model is unsupervised, which needs no manual labeled data and focuses on whether or not non-linear features

learned from the testing datasets can match that of the training datasets in the homogeneous computing.225

Secondly, we focus on the modifications that lead to non-bit-for-bit results but are not expected to be climate-changing. The

modifications include the heterogeneous programming and -O0/-O1 compiling optimization options. These testing datasets

are with the O(10-14) perturbations of initial atmospheric temperature. We expect that the modifications will be consistent

with our initial ensemble distribution, which can accept the hardware-related perturbations and low-level optimizations in the

heterogeneous computing.230

Thirdly, our tool must successfully detect modifications to the simulation results that are known to be climate-changing. The

modifications include unacceptable initial perturbations and unacceptable CESM model parameter adjustments listed by

climate scientists (Baker, et al., 2015). We add O(10-7), O(10-6), and O(10-5) perturbations of initial atmospheric temperature.

The probability density function (PDF) of the CESM at the 24 time step is shown in Fig. 4. Therefore, the testing datasets

tagged as unacceptable initial perturbations are the ensembles with the O(10-6) perturbations of initial atmospheric235

temperature, whose PDF is clearly inconsistent with that of the O(10-14) initial perturbations. The testing datasets with

unacceptable CESM model parameter adjustments are with the O(10-14) perturbations of initial atmospheric temperature.

Finally, we show the results for modifications with unknown outcomes in the heterogeneous computing. The modifications

include -O3 compiling optimization option, mixed precision programming, and the CESM model parameter adjustments

with unknown effects. These testing datasets are with the O(10-14) perturbations of initial atmospheric temperature.240
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3.4 A software tool to accept the unavoidable perturbations and evaluate the consistency

We further discuss the software ESM-DCT tool for the consistency evaluation of the multi-component data in the CESM on

the heterogeneous many-core HPC systems. Firstly, the ensemble simulation data as the training, validation, and testing

datasets are generated and handled as needed, as noted in section 3.3. All of the datasets are the simulation results of CESM

at the 24 time step where the ocean component is coupled 4 times. We examine 97 variables from the atmosphere component245

results and 4 variables from the ocean component results. The global area-weighted mean is calculated for each variable,

which is converted to a 101 dimensional vector. Then, the vector is standardized by min-max normalization because the

variables have vastly different units and magnitudes.

Secondly, the BGRU-AE model should be trained using the training datasets and validation datasets. At the each time step of

training the BGRU-AE model, we input the validation datasets into the BGRU-AE model and calculate the reconstruction250

errors using the Mean Squared Error (MSE) function. We adjust the BGRU-AE model parameters until the minimum

reconstruction errors of the validation datasets and save the final BGRU-AE model.

Thirdly, the threshold of reconstruction errors of the training datasets is calculated as an indicator to issue an overall pass or

fail result. We re-input the training datasets into the saved BGRU-AE deep learning model and regain the maximum value of

the reconstruction errors. It is generally assumed that the reconstruction errors can be lower for the normal input since they255

are close to the training datasets, while the reconstruction errors can become higher for the abnormal input (Gong et al.,

2019). Therefore, if the reconstruction error of one member of the testing datasets can be higher for those of maximum value

of the training datasets, then the software tools for the consistency evaluation return the member as “failure”. If the passing

rate is less than 90%, the tool issues an overall “failure”, which yields the accuracy of 97.9 % in the simulations with the

climate-changing and non climate-changing modifications.260

Finally, the software tool is applied to evaluate the consistency for the CESM on the new Sunway system. We input the

testing datasets into the saved BGRU-AE model and calculate the passing rate using the reconstruction errors. We focus on

the influence of the non-climate changing, climate changing, and unknown outcomes modifications on the consistency of

simulation results in the heterogeneous computing. The tool can detect the existence of software or human errors when

taking hardware-related perturbations into account. Figure 5 illustrates the workflow for the software tool.265

4 Experimental studies

4.1 Training the BGRU-AE model

The datasets are the simulation results of the 1.3 release series of CESM using a present-day B compset at the 24 time step

where the ocean component is coupled 4 times. The CESM grid resolution was “ne30g16”, which corresponds to a 1º grid

containing a total of 48602 horizontal grid points and 30 vertical levels for the atmosphere components, and 1º grid270
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containing 320×384 grid points and 60 vertical levels for the ocean components. Simulations were run with 16 CGs on the

new Sunway. The default compiler on the new Sunway for the CESM1.3 is SW9 with -O2 optimization.

The GPU computing system we used for training the BGRU-AE model consists of Nvidia Tesla V100. Each Tesla V100

GPU contains 80 multithreaded streaming multiprocessors (SMs) and 16 GB of global DDR4 memory. Each SM contains 64

FP32 cores, 32 FP64 cores, and 8 Tensor cores (Kelly, 2010; Fuhrer et al., 2018).275

As noted in 3.4, we use the processed training and validation datasets to train the BGRU-AE model. The reconstruction

errors of the training and validation datasets are shown in Fig. 6. The values of optimal parameters in the BGRU-AE model

are shown in Table 3.

We calculate the reconstruction errors after re-inputting the training datasets into the saved BGRU-AE model. The PDF of

the reconstruction errors of the training datasets is shown in Fig. 7. Following Fig. 7, we take 0.05 as the threshold of280

reconstruction errors. Therefore, if the reconstruction error of one member of the testing datasets can be higher for those of

maximum value of the training datasets, our tools for the consistency evaluation return the member as “failure”.

4.2 Non-climate changing modifications

To evaluate the consistency on heterogeneous many-core systems with mixed perturbations of software changes and

hardware updates, the tool must accept the unavoidable perturbations caused by the heterogeneous hardware designs. The285

heterogeneous version of CESM on the new Sunway system is configured with the Zhang and McFarlane cumulus

convection parameterization scheme (ZM scheme) (Zhang and Mcfarlane, 1995) of atmosphere components and K Profile

parameterization scheme (KPP scheme; Large et al., 1994) of ocean components are in the heterogeneous computing. We

input the simulation results of the heterogeneous version of CESM on the new Sunway system into the ESM-DCT, where

other configurations are the same with training datasets such as -O2 compiling optimization option, as shown in Table 4.290

Figure 8 shows the reconstruction errors of the testing datasets with the acceptable hardware-related perturbations. The

result shows that the heterogeneous computing can not affect the consistency of the CESM simulation results and the tool

can accept the perturbations caused by the heterogeneous designs.

Then, we focus on the influence of the acceptable compiling optimization option changes on the consistency of simulation

results taking hardware-related perturbations into account. In the process of translating high-level programming language295

into machine language codes, different compiler optimization options can cause assembly code differences as different code

execution order and/or different intermediate register floating-point precision, eventually causing nonidentical floating-point

results. However, the modifications in -O0 and -O1 compiler optimization options can lead to nonidentical floating-point

results but are not expected to be scientifically-changing. We expect that the testing datasets among -O0 and -O1 compiling

optimization options can be consistent with the training datasets considering the ensemble distributions despite acceptable300

hardware-related perturbations involved. We input the simulation results of the heterogeneous version of CESM on the new
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Sunway system into the ESM-DCT with -O0 and -O1 compiling optimization options. The passing rate of the testing

datasets among -O0 and -O1 on the new Sunway are shown in Table 4. Figure 8 shows the reconstruction errors of the

testing datasets with different compiling optimization options. The result shows that the tool can accept the mixed

perturbations caused by the hardware designs and acceptable compiling optimization option changes.305

4.3 Climate changing modifications

Our tool must successfully detect the inconsistency of the simulation results that are known to be climate-changing. Climate

scientists provided a list of CAM input parameters thought to affect the climate in a non-trivial manner, which is used to

detect changes to the simulation results that are known to be climate-changing in the CESM-ECT (Baker et al., 2015), such

as c0_lnd and c0_ocn. In this study, we modify the values of input parameters in the ZM scheme of atmosphere components310

and then test whether or not our tool can detect the inconsistency caused by the model parameter changes using the

ESM-DCT in the heterogeneous computing. Meanwhile, as noted in Section 3.3, the ESM-DCT must evaluate the

consistency of the simulation results of the CESM with the unacceptable initial perturbations in the heterogeneous

computing, where the ensembles are with the O(10-6) perturbations of initial atmospheric temperature.

We expect that the testing datasets with mixed perturbations caused by the climate changing modifications and hardware315

designs can not be consistent with the training datasets considering the ensemble distributions. We input the simulation

results of the heterogeneous version of CESM on the new Sunway system into the ESM-DCT with model parameter and

initial perturbations changes known to be climate-changing. The passing rates of the testing datasets with climate changing

modifications on the new Sunway are shown in Table 5. The reconstruction errors of the testing datasets with climate

changing modifications are shown in Figure 9. The results show that the tool can detect the climate changing modifications320

when taking hardware-related perturbations into account.

4.4 Unknown outcomes modifications

We present results for simulations in which we had less confidence in the expected outcome. For example, the effect of -O3

compiler optimization option was not known, because the CESM code base is large and level-three optimizations can be

quite aggressive (Baker et al., 2015). We input the simulation results of the heterogeneous version of CESM on the new325

Sunway system into the ESM-DCT with -O3 compiler optimization option. The passing rate of the testing datasets with -O3

compiler optimization option on the new Sunway system is shown in Table 6. Figure 10 shows the reconstruction errors of

the testing datasets with -O3 compiler optimization option. The result shows that the effect of -O3 compiler optimization

option in the new Sunway system is positive, which provides the references for the porting and optimization of CESM on the

new Sunway system.330
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ESMs need to use computational resources efficiently where mixed-precision approaches are emerging as a potential

solution to help improve efficiency (Prims et al., 2019). ESMs in mixed precision programming must assess the simulation

outputs to see if the results are accurate enough. In this study, we respectively set part of variables in the ZM

parameterization scheme to the single precision, and then detect whether or not the mixed precision programming can affect

the accuracy of the results using the ESCM-DCT. The passing rate of the testing datasets in the mixed precision335

programming on the new Sunway is shown in Table 6. Figure 11 shows the reconstruction errors of the testing datasets in

the mixed precision programming. The result shows that rliq and pflx variables can be set to single precision in CESM1.3 the

heterogeneous version on the new Sunway. Our tool can serve as a rapid method for detecting correctness in the mixed

precision programming to help ESMs benefit from a reduction of the precision of certain variables on the heterogeneous

many-core HPC systems.340

Then, our tool can detect sensitivity of input parameters, which is excluded to the input parameter list provided by the

climate scientist thought to affect the climate in a non-trivial manner. In this study, we respectively modify the values of

input parameters in the ZM scheme of atmosphere components and KPP scheme of ocean components and then test whether

or not our tool can detect the inconsistency caused by the model parameter changes using the ESM-DCT, as shown in Table

6. Figure 10 shows the reconstruction errors of the application datasets with the model parameter changes. The result shows345

that ke, vdc_eq, and vdc_psim variables are not sensitive to the configuration in this study, while the value of the vdc1

variables should not be changed.

5 Summary and discussions

Numerical simulation advancements which demand tremendous computing power drive the progressive hardware upgrade of

modern supercomputers. In terms of architecture, due to physical and heat limits, most of the supercomputing systems in the350

last decade came in the heterogeneous structure to improve the performance continuously, such as the new Sunway system.

There exist differences in hardware designs between general-purpose and accelerator cores in heterogeneous many-core

architecture computing environments, which causes the unavoidable computational perturbations and uncertainties whenever

a accelerator core is involved. The computational perturbations caused by hardware designs and software or human errors

can form a mixed perturbation computing environment, which affects the scientific consistency evaluation results for model355

verification. Hence, an efficient and objective scientific consistency test approach on the heterogeneous many-core

architectures is urgently demanded, which can accept the influence of the computational perturbations for further detection

of software or human errors generated in optimizing and developing the ESMs.

In this study, we develop a deep learning-based consistency test approach for the software verification of CESM on the new

Sunway system, referred to as ESM-DCT. First, we generate a series of ensembles of short-term simulations on the360
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multi-component as the datasets which capture the natural variability in the modeled climate system. Then, we train the

BGRU-AE model to study the variable features from the ensembles of atmosphere and ocean components, which makes

unavoidable computational perturbations caused by hardware designs accepted for further detection of software or human

errors. Finally, we use the software tool to evaluate whether or not a new CESM configuration facing with the mixed

perturbation composed of hardware designs and software or human errors (e.g. compiling optimization option changes,365

mixed precision programming, and model parameter changes) in the heterogeneous computing is consistent with the original

“trusted” configuration in the homogeneous computing. Our current efforts increase the confidence in detecting and reducing

errors in the development and optimization of ESMs on the heterogeneous many-core systems.

Although the focus of this study is on the specific new Sunway system, the deep learning-based consistency test approach

provides a protocol for other heterogeneous many-core systems such as GPU-based high-performance computing systems,370

and future heterogeneous HPC systems with hardware updated for more affordable energy consumption. Besides ESMs, the

heterogeneous HPC systems can be applied to many other scientific research fields such as biotechnology and new materials,

etc., where the scientific computing results also suffer from the uncertainties due to computational perturbations caused by

the heterogeneous architecture. The deep learning-based consistency test approach provides an efficient and objective

approach for verifying the reliability of the development and optimization of scientific computing models on the375

heterogeneous HPC systems. Furthermore, our future endeavors involve an enhancement of spatial pattern evaluation,

extending beyond global spatial means to achieve more nuanced feature extraction. Subsequent research will focus on

refining convolutional neural networks and attention mechanisms within the deep-learning model architecture, along with an

augmentation of model parameters to mitigate overfitting concerns.
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Figure 1: The illustration of the general architecture of the Sunway SW26010P processor. Each processor consists of 6 Core535

Groups, and each Core Group includes DDR memory, a general-purpose core (MPE), and 64 accelerator cores (CPEs). 6 Core

Groups (CGs) are linked together by the CG Network, and the whole many-core processor is linked with other processors by the

network interface (Courtesy to Gu et al., 2022).

Figure2: The illustrations of GRU models.540
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Figure 3: The illustrations of BGRU-AE models. The blue dashed box represents the encoder, and the red dashed box represents

the decoder. The short code C is the output of the encoder BGRU. The final result O is the output of the decoder BGRU

performing FC.545

Figure 4: The PDFs of atmosphere temperature with different orders of magnitude of perturbations. The PDFs with the O(10-14),

O(10-7), O(10-6), and O(10-5) perturbations are represented by the red, blue-dotted, green, and orange lines.

550

Figure 5: The flow chart of the ESM-DCT tool for the consistency evaluation on the heterogeneous many-core HPC systems.
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Figure 6: The reconstruction errors of the training datasets and validation datasets.

Figure 7: The PDF of the reconstruction errors of the training datasets. The red line is the threshold of reconstruction errors.555

Figure 8: The reconstruction errors of the datasets with different compiling optimization options. The red line is the threshold of

reconstruction errors of the training datasets. -O2 is the testing datasets with the acceptable hardware-related perturbations. -O0

and -O1 are the testing datasets with mixed perturbations caused by the hardware designs and compiling optimization option

changes.560
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Figure 9: The reconstruction errors of the datasets with the climate changing modifications. The red line is the threshold of

reconstruction errors of the training datasets. c0_lnd and c0_ocn are the testing datasets with mixed perturbations caused by the

hardware designs and model parameter changes known to be climate-changing. O(10-6) is the testing datasets with mixed

perturbations caused by the hardware designs and initial perturbations changes known to be climate-changing.565

Figure 10: The reconstruction errors of the datasets with -O3 compiling optimization option and the model parameter changes.

The red line is the threshold of reconstruction errors of the training datasets. -O3 is the testing datasets with mixed perturbations

caused by the hardware designs and compiling optimization option changes. ke, vdc1, vdc_eq, and vdc_psim are the testing

datasets with mixed perturbations caused by the hardware designs and model parameter changes.570
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Figure 11: The reconstruction errors of the datasets in the mixed precision programming. The red line is the threshold of

reconstruction errors of the training datasets. qtnd, rliq, heat, pflx are the testing datasets with mixed perturbations caused by the

hardware designs and variable precision changes.

575

Table 1: Results of the ECT and DCT for the 5VCCM with GNU/Intel compilers and heterogeneous computing

Test name Number of PCs failing

at least two runs

ECT

results

Passing rate of

DCT

DCT

results

GNU 1 Pass 97.5% Pass

Intel 2 Failure 90% Pass

Heterogeneous computing 2 Failure 100% Pass

Table 2: The list of datasets for the ESM-DCT

Datasets Test name Functions Descriptions

Training datasets Training the

BGRU-AE model

Training the model parameters Simulations in the homogeneous computing

Validation datasets Simulations in the homogeneous computing

Testing datasets Non-climate changing

modifications

Testing the acceptable

hardware-related perturbations

Simulations in the heterogeneous computing

Non-climate changing

modifications

Testing the acceptable compiling

optimization option adjustments

Simulations in the heterogeneous computing with

-O0 and -O1 compiling optimization options

Climate changing

modifications

Testing the unacceptable initial

perturbations

Simulations in the heterogeneous computing with

O(10-6) initial atmosphere perturbations

Climate changing

modifications

Testing the unacceptable CESM

model parameter adjustments

Simulations in the heterogeneous computing with

unacceptable CESM model parameter adjustments

Unknown outcomes

modifications

Testing the compiling

optimization option adjustments

with unknown effects

Simulations in the heterogeneous computing with

-O3 compiling optimization option

Unknown outcomes

modifications

Testing the mixed precision

programming

Simulations in the heterogeneous computing in the

mixed precision programming

Unknown outcomes

modifications

Testing the CESM model

parameter adjustments with

unknown effects

Simulations in the heterogeneous computing with

CESM model parameter adjustments
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Table 3: The value of optimal parameters in the BGRU-AE model.

Item Value

Learning rate 0.001

Epochs 50

Layer number 1

Hidden-size 16

Batch-size 1

Dropout 0

Table 4: The results of the datasets with different compiling optimization options in the ESM-DCT.

Test name Passing rate ESM-DCT results

-O0 95% Pass

-O1 95% Pass

-O2 97.5% Pass

Table 5: The results of the testing datasets with the climate changing modifications in the ESM-DCT.580

Test name Descriptions Original value Modified value Subroutines Passing

rate

ESM-DCT

results

c0_lnd Autoconversion

coefficient over land

0.0059 0.0039 ZM scheme 0% Pass

c0_ocn Autoconversion

coefficient over ocean

0.045 0.025 ZM scheme 0% Pass

O(10-6) Initial atmosphere

perturbations

- - - 0% Pass
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Table 6: The results of the testing datasets with unknown outcomes in the ESM-DCT.

Test name Descriptions Original value Modified value Subroutines Passing

rate

ESM-DCT

results

Changes in compiler optimization option

-O3 Compiling optimization

option

- - ZM scheme 100% Pass

Changes in variable precision

qtnd Specific humidity tendency Double precision Single precision ZM scheme 0% Failure

rliq Reserved liquid for energy

integrals

Double precision Single precision ZM scheme 92.5% Pass

heat Dry static energy tendency Double precision Single precision ZM scheme 0% Failure

pflx Scattered precip flux Double precision Single precision ZM scheme 100% Pass

Changes in model parameter

ke Tunable evaporation

efficiency

1.0E-6 2.0E-6 ZM scheme 92.5% Pass

vdc1 Background diffusivity 0.16 0.26 KPP scheme 0% Failure

vdc_eq Equatorial diffusivity 0.01 0.02 KPP scheme 97.5% Pass

vdc_psim Maximum PSI-induced

diffusivity

0.13 0.15 KPP scheme 97.5% Pass
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