
Quantifying the scaling penalty of sequential coupling: The
sequential coupling cost (Cseq) metric for Earth System Model
components
Oriol Tintó Prims1, Sergi Palomas1, Simone Vacondio1, and Mario C. Acosta1

1Barcelona Supercomputing Center, Barcelona, 08034, Spain

Correspondence: Oriol Tintó Prims (oriol.tinto@bsc.es)

Abstract. Coupling strategies in Earth System Models significantly influence their computational performance and resource

efficiency. While coupling costs are traditionally evaluated in the context of concurrent implementations, the cost implications

of sequential coupling approaches remain poorly quantified. In this work, we define and formalize the sequential coupling cost

(Cseq): the additional computational resources required for a sequentially coupled ESM to achieve performance parity with an

optimized concurrent setup.5

We develop an analytical framework that utilizes individual component scalability profiles, derived directly from model

execution logs, to diagnose inefficiencies inherent in sequential coupling architectures. To demonstrate the versatility of the

metric, we apply it to three structurally distinct coupling scenarios, using models widely used by the community: atmosphere–

ocean (IFS–NEMO), ocean–sea ice (NEMO–SI3), and atmosphere–aerosols (IFS–M7).

Our analysis reveals that sequential coupling imposes a substantial, yet often overlooked, efficiency deficit. By forcing all10

components to share a fixed resource pool, this approach ignores potential component-level parallelism and creates an exclu-

sive reliance on domain-decomposition as a scaling strategy. While scaling solely via domain decomposition is sustainable in

linear scaling regimes, it accelerates the loss of efficiency as soon as components enter sub-linear scaling regimes. We demon-

strate that to achieve target throughputs, sequential setups often necessitate significant over-provisioning of computational

resources, leading inefficiencies that traditional metrics fail to capture. The proposed Cseq metric quantifies these structural15

overheads, offering a quantitative basis for informing the design and architectural choices of next-generation exascale Earth

System Models.

1 Introduction

Coupled Earth System Models (ESMs) are essential tools for simulating complex interactions across the climate system, in-

cluding the atmosphere, ocean, land surface, and cryosphere. As scientific demands shift toward higher spatial resolution and20

more comprehensive process representation, the computational burden of these models increases rapidly. A twofold increase in

horizontal resolution typically results in an eightfold increase in computational cost (Palmer, 2020), while the addition of com-

plex sub-components—such as aerosols, ocean biogeochemistry, or sea-ice dynamics—introduces further challenges. Acosta
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et al. (2024) performance study involving multiple Coupled Model Intercomparison Project Phase 6 (CMIP6) experiments

showed that the coupling cost adds a computational overhead (in core-hours) of 13% in average.25

Traditionally, ESMs follow one of two coupling strategies (Mechoso et al., 2021): concurrent coupling (via an MPMD

approach) or sequential coupling (via a single-binary architecture). In the former, component source codes run as separate ex-

ecutables simultaneously to enable macro-task parallelism; in the latter, they execute one after another within a shared context.

While these pairings are the norm, exceptions exist—such as single-binary architectures achieving concurrency through rank-

based task partitioning, or MPMD models running sequentially. Furthermore, some frameworks do not classify function-based30

execution within a single context as coupling, viewing it instead as an internal sequential workflow.

Most performance metrics used today, such as those proposed by the Computational Performance Model Intercomparison

Project (CPMIP) (Balaji et al., 2017), provide a broad standard for model throughput. However, their specific definition of

’coupling cost’ was designed only for concurrent architectures. In these frameworks, the coupling cost is typically quantified

as the component synchronization overhead or idle time between independently running components. While state-of-the-art35

couplers—such as OASIS (Craig et al., 2017) or YAC (Hanke et al., 2016) — provide diagnostic tools to quantify these

synchronization costs in concurrent systems, they offer no mechanism to evaluate the computational overheads inherent to

sequential couplings.

While the majority of ESM models utilize concurrent approaches, others remain bound to a single binary. Even within

concurrent configurations, there is unexploited potential for further decoupling. For instance, in systems like EC-Earth (IFS()40

coupled to NEMO (Madec et al., 2024)), the sea-ice component (SI3 (Vancoppenolle et al., 2023)) remains bundled within

the ocean model execution context. These models could further separate the sea-ice component to run all three elements

concurrently.

However, sequential coupling strategies — prevalent in configurations like the IFS–NEMO bundle from the European Cen-

tre for Medium-Range Weather Forecasts (ECMWF)— are not captured by existing coupling cost metrics. In these setups,45

inefficiencies do not arise from idle time due to component synchronization, but rather from a "hidden" resource cost: by ig-

noring potential component-level parallelism, the scaling strategy is forced to rely exclusively on domain-decomposition and

its inherent overhead. This limitation is particularly critical given the trajectory of modern HPC architectures. To fully exploit

the massive concurrency of many-core processors and heterogeneous systems, model designs must maximize parallelism at all

available levels. Given that components share the same pool of processes, resources cannot be allocated to match each com-50

ponent’s specific scalability profile. Achieving a target throughput thus often requires over-provisioning for the less-scalable

component—pushing it deeper into its strong-scaling limit—resulting in significant core-hour waste that traditional metrics

fail to account for. Furthermore, the choice of coupling strategy can dictate the underlying numerical algorithms. For instance,

enabling concurrency may necessitate different schemes or lagged exchanges that influence model accuracy. Having a standard-

ized way to quantify the computational cost is therefore essential for evaluating the inherent trade-offs between architectural55

performance and physical fidelity.

2

https://doi.org/10.5194/egusphere-2026-1661
Preprint. Discussion started: 17 June 2026
c© Author(s) 2026. CC BY 4.0 License.



To address this need and quantify these specific inefficiencies, we introduce the sequential coupling cost (Cseq), defined

as the surplus computational resources required by a sequentially coupled model to match the throughput of an optimized

concurrent configuration.

To demonstrate the broad applicability and usefulness of Cseq as a diagnostic tool, we evaluate three structurally distinct cou-60

pling scenarios representative of contemporary ESM architectures. These include the ECMWF IFS–NEMO atmosphere–ocean,

the NEMO–SI3 ocean–sea ice (Madec et al., 2024; Vancoppenolle et al., 2023), and the OpenIFS–M7 atmosphere–aerosol

(Huijnen et al., 2022; Vignati et al., 2004) configurations.

The continued prevalence of these sequential configurations in state-of-the-art models underscores the necessity of the Cseq

metric, as it provides developers with the clarity needed to fully understand the performance consequences of their architectural65

design choices.

By extending the current suite of ESM performance metrics with Cseq, we provide model developers and with a standardized

formulation to recognize and quantify the computational impact of single-binary coupling architectures. This provides a critical

diagnostic for evaluating software architecture choices and understanding their performance implications, ensuring that design

decisions are optimized to maximize model performance on next-generation exascale platforms.70

2 Conceptual Illustration of Sequential Coupling Penalties

To illustrate why sequential coupling is often slower, imagine a model that scales linearly: doubling the resources to 2N

exactly halves the execution time. In this ideal case, running two instances one after the other using 2N resources takes the

same amount of time as running a single instance once with N resources. Similarly, running those two instances concurrently

side-by-side using N resources each would also take that same amount of time. However, Earth science models typically scale75

sub-linearly, meaning that doubling the resources to 2N does not actually halve the runtime. In a sequential setup, running two

instances using 2N resources will therefore take more time than a single run on N resources. In contrast, a concurrent setup

allows each instance to run on N resources and maintain its original runtime. This difference makes the concurrent approach

faster for the same total resource budget. This can be seen in Figure 1
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Figure 1. Comparison of total wall-clock time for different coupling strategies. While concurrent coupling maintains the baseline runtime

when doubling the resources, when the models exhibit sub-linear scaling, the sequential setup results in a greater total execution time.
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Figure 2. Scaling performance and resource efficiency comparison between sequential and concurrent coupling configurations. The shaded

red areas highlight the speed and resource penalties incurred by the sequential coupling. (A) Case A illustrates the resource overhead

triggered by sub-linear scaling; while the concurrent approach (green) requires exactly twice the resources (2N ) to maintain the speed of a

single component (N ; see green arrow), the sequential setup (red) must use significantly more to reach that same speed, with the resource

gap widening as the component’s scaling efficiency degrades. In this regard, it can be seen that, at fixed resources, the speed of the sequential

approach is half of that of the individual component (red arrow). (B) Case B demonstrates a hard performance ceiling where the sequential

configuration reaches a peak speed exactly half that of the concurrent case, represented by the gray arrow.

As illustrated in Figure 2 A, a sequential setup results in a total completion time that is twice the runtime of the individual80

component, whereas the concurrent setup completes in the time required for a single instance using half of the total resources.

This distinction highlights how a sequential configuration fundamentally limits achievable speed. As shown in Figure 2 B,

because the sequential approach doubles the total runtime, the maximum speed is effectively halved. Conversely, a concurrent

setup maintains the speed of the single component by simply doubling the resource allocation, ensuring that the system capacity

scales effectively with the hardware.85

3 Defining Sequential Coupling Cost

In (Balaji et al., 2017) the coupling cost was defined as:

C =

TMPM −∑
c
TcPc

TMPM
(1)
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where TM and PM are the runtime and parallelization for the whole model, and Tc and Pc the same for individual compo-

nents.90

However, since in a sequential case TMPM =
∑
c
TcPc this results in the C being always 0. As was shown in the previous

section, in sub-linear scaling regimes concurrent approaches outperform sequential ones, and the coupling cost metric fails to

capture this reality.

To define a metric that can successfully quantify the sequential coupling cost (Cseq, let us consider two components A and

B. Being TA(NA) the time it takes for A to complete a step when using NA processes and TB(NB) the time it takes for B to95

complete a step when using NB processes. In a sequential setup, the two components are executed one after the other using the

same resources, so

Tseq(N) = TA(N)+TB(N) (2)

And the throughput of the sequential scheme (Sseq) can be computed as the inverse of time like:

Sseq(N) =

(
1

SA(N)
+

1

SB(N)

)−1

(3)100

In the concurrent setup, components A and B are executed simultaneously on disjoint resource partitions NA and NB , such

that NA +NB =N . Therefore, the time it takes for running components A and B in a concurrent coupling scheme (Tconc) is

Tconc(N) = max(TA(NA),TB(NB))
∣∣∣
NA+NB=N

(4)

leading to a concurrent throughput (Sconc)

Sconc(N) = min(SA(NA),SB(NB))
∣∣∣
NA+NB=N

(5)105

Let us assume that the function S(N) can be inverted to obtain N(S).

For the sequential case, this would be Nseq(S), for the concurrent case Nconc(S) =NA(S)+NB(S).

To have a metric that can capture the resource overhead needed due to a sequential coupling, we propose, for a target speed

S∗:

Cseq(S
∗) = 100 · Nseq(S

∗)−Nconc(S
∗)

Nseq(S∗)
= 100 · Nseq(S

∗)−NA(S
∗)−NB(S

∗)

Nseq(S∗)
(6)110

So the resources that are needed to reach a target throughput in a sequential setup, minus the resources that are needed to

reach the same target in a concurrent setup, normalized.

This represents the percentage of the resources that are needed solely because of the inefficiencies of the sequential coupling.
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Measuring traditional coupling costs typically requires only a single execution. In contrast, computing Cseq requires us to

model the performance of individual components to estimate their run-times under different resource configurations. Provided115

we can extract isolated execution data for each component to formulate an accurate analytical function, Cseq can be successfully

derived.

4 Practical Demonstrations

To validate the proposed sequential coupling cost (Cseq), we apply the metric to three structurally distinct Earth System Model

(ESM) configurations. These scenarios represent different types of physical interactions commonly evaluated by the commu-120

nity: atmosphere–ocean (IFS–NEMO), ocean–sea ice (NEMO–SI3), and atmosphere–aerosols (OpenIFS–M7). By computing

Cseq for these diverse cases, we demonstrate the metric’s broad applicability in identifying structural bottlenecks.

The selected configurations rely on widely used, state-of-the-art components. The Integrated Forecasting System (IFS),

developed by the European Centre for Medium-Range Weather Forecasts (ECMWF), serves as the atmospheric component.

Ocean dynamics are handled by NEMO (Nucleus for European Modelling of the Ocean) (Madec et al., 2024), while its125

integrated sea ice engine, SI3 (Sea Ice modelling Integrated Initiative) (Vancoppenolle et al., 2023), drives the ocean–sea ice

scenario. Finally, aerosol interactions are represented using the M7 microphysics model (Huijnen et al., 2022) coupled to

OpenIFS (Sparrow et al., 2021). All simulations presented in this section were executed on the general-purpose partition of the

MareNostrum 5 supercomputer, hosted by the Barcelona Supercomputing Center (BSC).

A key practical advantage of this metric is its reliance on existing diagnostic outputs rather than external profiling tools. To130

compute the scalability profiles and the resulting Cseq, we extract component run-times directly from the standard execution

logs inherently generated by the models. Because these models already maintain basic temporal records, applying our metric

requires no complex code instrumentation or specialized performance analysis software. However, the format and granularity of

these logs naturally vary across different ESMs. While some models natively output clearly delineated component times, others

necessitate a degree of post-processing to accurately isolate and attribute the integration times to their respective components.135

Crucially, our timing measurements strictly isolate the stepping time —the duration of the main integration loop— and

exclude all model initialization and finalization phases. Coupling imbalances and sequential overheads primarily dictate the

throughput of the recurring execution phase; therefore, isolating the stepping time provides the most accurate measure of cou-

pling efficiency. Using this empirical stepping data extracted from the logs, we construct the analytical scalability functions for

each component. To standardize and automate this analytical workflow, all scalability profiles and subsequent metric evalua-140

tions are computed using the Escalador library (Tintó Prims and Palomas, 2026). These functions then allow us to compute the

theoretical run-times under different resource allocations, enabling the derivation of the optimal configurations and the final

Cseq reported for each scenario.
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4.1 Use Case: IFS–NEMO (Atmosphere–Ocean)

The IFS–NEMO configuration used by ECMWF and within the DestinE (Wedi et al., 2022; Doblas-Reyes et al., 2025) project145

employs a sequential strategy where the NEMO ocean model is integrated via a function call inside the IFS atmospheric exe-

cutable, first described in Mogensen et al. (2012). The specific experimental setup and component resolutions are summarized

in Table 1.

Table 1. Experimental configuration for the IFS–NEMO sequential coupling use case.

Component Type Version Grid Resolution Horiz. Points Levels Total 3D Points

IFS Atmosphere 48r1 Tco2559 ∼4.4 km 65,996,800 137 ∼9.04 × 109

NEMO Ocean 4.0 eORCA12 1/12◦ 13,221,000 75 ∼0.99 × 109
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Figure 3. Scalability of IFS and NEMO components. Crosses indicate measured performance from execution logs; solid lines represent the

analytical model fits. Speed is expressed in simulated years per day (SYPD) as a function of node count.

For this evaluation, timing data were extracted from standard execution logs across varying node counts (N ) to characterize

individual component scalability. To model performance, a Universal Scalability Law (USL)(Gunther, 2008) was fitted to the150

throughput data. As illustrated in Figure 3, a high-fidelity representation of observed performance is provided by these ana-
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lytical fits, and the saturation point—where NEMO’s performance degrades due to communication contention—is accurately

captured.
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Figure 4. Scalability of IFS (orange) and NEMO (blue) components as well as the sequentially coupled model (red) and the concurrently

coupled model (green). Speed is expressed in simulated years per day (SYPD) as a function of node count. The shaded area represents the

resource overhead of the sequential coupling against its concurrent counterpart.

As can be seen in Figure 4, the computational requirements were evaluated using these analytical functions for a target

throughput of S∗ = 1 Simulated Year Per Day (SYPD), a key performance milestone for DestinE (Segura et al., 2025). In155

the sequential configuration, Nseq = 458.6 nodes are required by the integrated bundle to achieve this target. However, it is

revealed by independent scalability models that 368.6 nodes are required for the atmosphere and only 30.6 nodes are required

for the ocean to meet the same throughput. Thus, the optimal concurrent requirement is defined as:

Nconc(1 SYPD) =NIFS(1SYPD)+NNEMO(1SYPD) = 368.6 nodes︸ ︷︷ ︸
IFS

+30.6 nodes︸ ︷︷ ︸
NEMO

= 399.2 nodes (7)

Applying the sequential coupling cost metric (Cseq), we find:160
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Cseq(1 SYPD) = 100 · 458.6− 399.2

458.6
= 12.9% (8)

This Cseq value of 12.9% indicates that nearly one-eighth of the total computational resources are lost due to the sequential

architecture. In this setup, NEMO is forced to run on 458.6 nodes—nearly fifteen times the 30.6 nodes actually needed to reach

1 SYPD. This over-provisioning pushes the ocean component deep into an inefficient regime where communication overhead

dominates. As a result, the total runtime is no longer governed by calculation speed, but by the structural constraints of the165

coupling. In contrast, a concurrent approach would allow NEMO to operate with much higher efficiency while the atmosphere

scales independently, achieving the same throughput with significantly lower core-hour consumption. Crucially, this structural

shift restores the value of model-level optimization; in a concurrent regime, algorithmic refinements translate directly into

reduced resource usage rather than being masked by communication overhead.

The impact of this structural inefficiency is clearly reflected in the final resource budget. Analysis of computational costs170

shows that NEMO is nearly twice as expensive to run in a sequential configuration: costs rise from 82.4 k·core·hour/year (30.6

nodes) in the concurrent setup to 161.9 k · core · hour/year (458.6 nodes) in the sequential setup, representing a 96% surge in

resource allocation.

Similarly, the IFS component scales from 990.7 k ·core ·hour/year (399.2 nodes) to 1070.8 k ·core ·hour/year (458.6 nodes).

Although this represents a modest 8% relative increase, the larger computational footprint of the atmospheric component results175

in an absolute increment of 80.1 k ·core ·hour/year. Notably, this growth in resource demand is nearly identical to the total cost

increase observed in NEMO, illustrating that even small percentage shifts in the atmospheric component carry significant

computational weight.

It should be noted that the ideal node count for the ocean component (30.6) falls below our empirical range of 100–500

nodes. While this extrapolation introduces some uncertainty, the use of the USL equation likely keeps the deviation from180

actual performance within a small margin.

4.2 Use Case: NEMO–SI3 (Ocean–Sea-ice)

According to literature (Tintó Prims et al., 2019; Irrmann et al., 2022), the main obstacle to NEMO’s scalability is the commu-

nication overhead inherent in domain decomposition. While these studies also present work aimed at alleviating this issue, the

fundamental limitation persists.185

Previous studies have explored decoupling sea-ice processes from the core ocean computations within NEMO to enable

concurrent execution and improve load balancing (Maisonnave and Masson, 2015; Maisonnave and Bourdallé-Badie, 2022).

Given these considerations, an analytical assessment of the ocean–sea-ice coupling cost can identify the most effective

coupling strategy. The experimental setup and component specifications are summarized in Table 2.

Component-level modeling (Figure 5) reveals a significant performance disparity: while the sea-ice component is inherently190

faster than the ocean component, it exhibits considerably poorer scaling, which can be understood from the reduced compu-

tational cost and the relatively higher demand for communication. While concurrent execution is generally more efficient if
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Table 2. Experimental configuration for the NEMO–SI3 sequential coupling use case.

Component Type Version Grid Resolution (Eq.) Horiz. Points Levels Total 3D Points

NEMO Ocean 5.0 ORCA025 ∼28 km 1,472,282 75 Levels ∼1.10 × 108

SI3 Sea-ice 5.0 ORCA025 ∼28 km 1,472,282 5 Categories ∼7.36 × 106

individual components exhibit sub-linear scaling, the performance disparity between the ocean and sea-ice further justifies

this approach. By utilizing concurrent coupling, each component can operate within a more efficient resource regime. In this

specific scenario, a concurrent strategy allows the fast, poorly scaling sea-ice component to be restricted to a small fraction of195

resources, while the majority are devoted to the slower, more scalable ocean component.
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Figure 5. Analytical performance models for ORCA025. Crosses indicate empirical data. The dotted green line represents the optimal

concurrent model derived from the analytical models. The sea-ice component (cyan) is faster but saturates earlier than the ocean component

(green). The ideal concurrent coupling outperforms the sequential coupling leading to a 34.4% sequential coupling cost for a target speed of

20 SYPD.

Starting from the run as 4 nodes as the reference, the ocean component has an 80% efficiency at 20 Simulated Years per

Day. While efficiency requirements can also be arbitrary, we consider that this is a good speed target to compute our sequential

coupling cost Cseq.
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In the current sequential configuration, the sea-ice component is forced to utilize the same number of nodes (N ) as the200

ocean, leading to a rapid escalation in resource overhead as the system scales. Based on our analytical models, our components

can reach 20 SYPD with at NNEMO = 15.6 nodes and NSI3 = 3.7, leading to a Nconc =NNEMO +NSI3 = 15.6+3.7 = 19.3.

On the other hand the sequential setup needs Nseq = 29.4. Therefore, using equation 6, the sequential coupling cost becomes

Cseq = 34.38%.

Similarly to the other use cases, Cseq increases with the total number of nodes N .205

The structural inefficiency observed in the previous use case is even more pronounced here, as reflected in the final resource

budget. Similar to the IFS-NEMO configuration, the secondary component—in this case, SI3—suffers the most from sequential

constraints. Its costs jump from 492.9 core·h/year (3.7 nodes) to 1.3k core·h/year (29.4 nodes), representing a 157.2% surge

that more than doubles its original allocation.

The NEMO component follows a similar trend to the IFS atmospheric component, though with a more significant relative210

impact. It scales from 2.1k core·h/year (15.6 nodes) to 2.7k core·h/year (29.4 nodes). While this 27.8% increase is numerically

larger than the 8% shift seen in IFS, the underlying logic remains: the absolute increment in the dominant component (0.6k

core·h/year) is nearly identical to the total cost increase of the smaller SI3 component.

Ultimately, the aggregate data confirms a substantial overhead for the coupling method; transitioning from concurrent to

sequential execution results in a total system cost increase from 2.6k to 4.0k core·h/year, a 52.4% resource penalty.215

4.3 Use Case: OpenIFS–M7 (Atmosphere–Chemistry)

The EC-Earth coupling scheme for the aerosol chemistry component has evolved from a concurrent strategy in EC-Earth3

(Van Noije et al., 2021) to a sequential coupling in the latest release, EC-Earth4. In the current OIFS–M7 configuration (atmo-

sphere and aerosols, respectively), both components are integrated into a single binary and executed sequentially, one after the

other. In EC-Earth3, aerosol chemistry was computed every 6 hours using the TM5 scheme (van Noije et al., 2014), whereas220

in EC-Earth4 it is computed at every time step using the M7 module. In addition, atmosphere and aerosols now share the

same grid, unlike in the previous version: as a consequence, the horizontal resolution for the aerosols component has increased

substantially, from approximately 300 km to 80 km at the equator. These differences in coupling strategy, grid configuration,

and resolution, which are summarized in Table 3, afford unprecedented accuracy in the modeling of aerosols within EC-Earth.

Previous studies have quantified the significant computational overhead introduced by chemistry computations (Christou225

et al., 2016), and the coupling cost within EC-Earth3—including the EC-Earth3-AerChem configuration—has been analyzed

in detail (Acosta et al., 2023), reporting a coupling cost of 8.25%. Although direct comparisons between EC-Earth3 and EC-

Earth4 are not straightforward due to differences in model configuration and HPC platform, this reference provides useful

context for interpreting the results presented here.

All simulations were performed using an atmospheric grid of TL255 with 91 vertical levels and a 45-minute time step.230

Timing data were averaged over three runs of five simulated days each. In this use case, rather than prescribing a fixed target

throughput, we analyze the maximum achievable throughput under a constraint of 32 compute nodes.
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Two chemistry configurations for EC-Earth4 were considered, differing primarily in the number of chemical species sim-

ulated: simplified chemistry (SIMC, Remy and Bock (2018)) and full chemistry (FULC, Tegen et al. (2019)). Figures 6 and

7 show that OIFS throughput is largely insensitive to the chemistry configuration. In contrast, for the M7 module, SIMC is235

approximately twice as fast as FULC under the same parallelisation level.

Table 3. Experimental configuration for the OIFS–M7 sequential coupling use case as implemented in EC-Earth4. A comparison is shown

with the TM5 aerosol scheme, which was concurrently coupled to the IFS in EC-Earth3 (Van Noije et al. (2021)).

ESM Component Version Type Grid Resolution (Eq.) Horiz. Points Levels Total 3D Points

EC-Earth4 OIFS 48r1 Atmosphere TL255 ∼ 80 km 88,838 91 Levels ∼ 8.08× 106

M7 Aerosols TL255 ∼ 80 km 88,838 91 Levels ∼ 8.08× 106

EC-Earth3 IFS 36r4 Atmosphere TL255 ∼ 80 km 88,838 91 Levels ∼ 8.08× 106

TM5 Aerosols 3◦ × 2◦ † ∼ 300 km 21,600 34 Levels ∼ 7.34× 105

†(latitude × longitude)

5 10 15 20 25 30
Number of Nodes

2

5

10

20

50

Sp
ee

d 
(S

im
ul

at
ed

 Ye
ar

s p
er

 D
ay

)

Coupling Cost:
45.9%

OIFS
M7_SIMC
Sequential
Concurrent
Target Speed: 14.0 SYPD

Figure 6. Resource-throughput analysis for OIFS-M7 simplified chemistry (SIMC). The horizontal line marks the 14 SYPD target, which

is the maximum throughput that the sequential setup can reach with 32 nodes. The shaded region denotes the Cseq, illustrating the "excess"

resources required by the sequential configuration compared to an optimized concurrent setup.
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Figure 7. Resource-throughput analysis for OIFS-M7 full chemistry (FULC). The horizontal line marks the 10.4 SYPD target which is

the maximum throughput that the sequential system can reach with 32 nodes. The shaded region denotes the Cseq, illustrating the "excess"

resources required by the sequential configuration compared to an optimized concurrent setup.

Results indicate that Cseq becomes increasingly large at higher node counts, where the parallel efficiency of both the atmo-

spheric and aerosol components starts to degrade. Under the 32-node constraint, Cseq reaches 46.2% for the SIMC configuration

and 50.9% for FULC.

For the SIMC configuration, the chemistry model (M7) is significantly faster than the atmospheric model (OIFS). Under a240

concurrent coupling framework, we estimate that M7 would reach the target throughput of 14.1 SYPD with 7 nodes, while

OIFS would require at most 11 nodes, totaling 18 nodes. Assuming a conservative concurrent coupling overhead of 10%—al-

ready above what was achieved when balancing the EC-Earth3-AerChem configuration—the same target throughput could be

achieved with approximately 20 nodes.

For the FULC configuration, the throughput and scalability of OIFS and M7 are more similar, and parallel efficiency de-245

creases rapidly as node counts increase. The maximum throughput achievable with 32 nodes is 10.4 SYPD (the target speed

shown in Fig. 7). Under a concurrent coupling strategy, OIFS would reach this target with 7 nodes, while M7 would require

no more than 9 nodes, totaling 16 nodes. Again, if we assume a coupling cost of 10% for the concurrent coupling scheme, the

same throughput could be achieved with 17 nodes, and not with the 32 that are currently required.
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While OIFS scalability remains largely unchanged between SIMC and FULC, M7 scales significantly worse in the FULC250

configuration. As a result, resource over-provisioning becomes even more pronounced, with Cseq reaching 50.9% under the

32-node constraint.

In EC-Earth3, these components were coupled concurrently via an external coupler, and after configuration balancing the

reported coupling cost was 8.25%. Although it is not possible to perform a direct comparison between EC-Earth3 and EC-

Earth4 due to differences in model formulation, resolution, and HPC systems (MareNostrum4 vs. MareNostrum5), the present255

results strongly suggest that the sequential coupling strategy leads to substantially higher coupling costs. A concurrent approach

would very likely provide improved computational efficiency.

These findings underscore the importance of quantitative metrics such as Cseq for guiding coupling design decisions and

supporting informed development choices within the EC-Earth consortium.

5 Discussion and Conclusions260

5.1 Methodological Considerations

The analytical modeling approach using USL proved robust across diverse component types and scaling regimes. The method’s

reliance on empirical calibration data makes it applicable to any ESM configuration where component-level timing information

can be extracted. However, several limitations warrant discussion:

Idealized Concurrent Assumptions: Our calculations assume that concurrent components could be allocated resources inde-265

pendently without additional coupler overhead. In practice, field exchange via external couplers (e.g., OASIS, ESMF) intro-

duces communication costs that would partially offset the gains quantified by Cseq. Nevertheless, multiple studies have shown

that well-optimized concurrent coupling frameworks typically incur only 1-5% overhead (Balaji et al., 2017), substantially

lower than the 13-50% inefficiencies identified here.

Communication Infrastructure Dependencies: Component scalability is strongly influenced by network topology and MPI270

implementation characteristics. The analytical fits capture these effects implicitly through the calibration data, but transfer-

ability across platforms may require re-calibration. The good agreement between modeled and observed performance in our

MareNostrum 5 experiments suggests the approach is robust within a given HPC environment.

Load Imbalance and Temporal Variability: Our analysis assumes steady-state performance characteristics. In reality, compu-

tational costs vary with simulation state (e.g., seasonal cycles, grid partitioning effects). For components with highly variable275

workloads, time-averaged scalability curves may underestimate peak resource requirements.

5.2 Summary of Results

Our analysis across three structurally distinct coupling scenarios demonstrates that sequential coupling cost (Cseq) is a pervasive

and quantifiable phenomenon in modern Earth System Models. The metric reveals substantial coupling inefficiencies that have

been largely overlooked.280
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The three use cases examined span a representative range of component coupling patterns:

– IFS–NEMO exhibited a Cseq of 13% at 1 SYPD, indicating that nearly one-eight of computational resources are wasted

due to the sequential coupling. Interestingly, it can be seen than the ocean component efficiency drops by half in the

sequential setup, and although the efficiency of the much heavier atmosphere component only drops by a 8%, its absolute

increase in cost is of a similar magnitude than the ocean one.285

– NEMO–SI3 showed a similar case in the sense that the computational requirements of both components were signifi-

cantly different. Targeting a speed of 20 SYPD, for which the ocean component still maintained a decent 80% efficiency,

the resulting Cseq was a 34.4%, showing that more than a third of the resources are effectively wasted due to the sequential

coupling penalty.

– OIFS–M7 showed a case that was significantly different, because in this case the components had a much more similar290

cost and scaling behavior than the previous two cases. In this use-case, that covered two aerosol configurations, the

coupling cost for speeds that can be reached in a 32 node allocation resulted between 40% and 50%, showing that the

scalability of the model is heavily constrained by the sequential coupling.

5.3 Broader Implications for ESM Development

The sequential coupling cost metric fills a critical gap in the ESM performance evaluation toolkit. While CPMIP metrics295

(Balaji et al., 2017) effectively characterize synchronization overhead and load imbalance in concurrent architectures, they

cannot capture the inherent efficiency losses of sequential execution within single-binary models. Cseq provides a standardized,

quantitative basis for informed architectural decision-making.

The pursuit of numerical accuracy and software simplicity in model development typically entails a performance trade-off,

resulting in a measurable impact on throughput. Until now, the lack of a formal method to quantify the computational penalty300

of selecting a sequential versus a concurrent coupling meant that developers lacked a critical tool to evaluate such trade-offs

objectively. In this regard, the transition from EC-Earth3 to EC-Earth4 chemistry coupling serves as a clear example: while the

update introduced a suite of improvements targeting higher accuracy, it also involved a structural shift to a sequential approach.

As demonstrated in this study, this architectural change imposed a significant constraint on the model’s scalability.

Beyond architectural design, Cseq serves as a decision-support tool for resource allocation. Quantifying the sequential cou-305

pling cost allows developers to assess whether the engineering effort required to implement a concurrent setup is justified

by the expected performance gains. For instance, if a model is intended for low node-count executions where the difference

between coupling strategies is marginal, a sequential approach may be acceptable. Conversely, if a user aims to maximize

throughput and Cseq reveals a substantial scalability bottleneck, the metric provides the objective justification needed to invest

in a concurrent configuration.310

As ESMs target exascale platforms, any opportunity to exploit parallelism must be taken seriously. The sequential coupling

cost metric provides a robust diagnostic to ensure that fundamental design decisions are informed by a precise, quantitative

estimation of their performance implications. This transparency is essential for long-term HPC planning, ensuring that model

16

https://doi.org/10.5194/egusphere-2026-1661
Preprint. Discussion started: 17 June 2026
c© Author(s) 2026. CC BY 4.0 License.



architectures do not inadvertently introduce bottlenecks that prevent them from fully leveraging next-generation computational

resources.315

5.4 Conclusions

Sequential coupling remains a common architectural pattern in Earth System Modeling, yet its computational costs have lacked

rigorous quantification until now. We have introduced the sequential coupling cost metric (Cseq) as a standardized diagnostic

that extends existing ESM performance evaluation frameworks to capture the inefficiencies inherent to single-binary executable

designs.320

Our analysis of three representative use cases—spanning atmosphere–ocean, ocean–sea ice, and atmosphere–chemistry cou-

pling—reveals that sequential architectures routinely waste 10–50% of allocated computational resources compared to opti-

mized concurrent alternatives. These inefficiencies arise not from component imbalance or synchronization overhead, but from

a structural inability to exploit component parallelism, forcing the model to rely solely on domain decomposition and its

associated overheads.325

As the ESM community pursues exascale computing and increasingly complex process representation, architectural deci-

sions that prioritize software convenience over computational efficiency—as seen in the trade-offs discussed regarding recent

ESM transitions—will exact growing costs in both scientific productivity and environmental impact. However, Cseq also serves

as a pragmatic guide for resource allocation: it allows developers to identify when the performance gain of a concurrent setup

justifies the engineering investment, or when a sequential approach remains an acceptable compromise for low-resource con-330

figurations.

By integrating Cseq into standard performance evaluation protocols alongside existing CPMIP metrics, the community can

ensure that next-generation ESM architectures are designed not only for scientific fidelity but also for computational sustain-

ability and maximum throughput on future HPC infrastructures.
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