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EXECUTIVE SUMMARY

Where we are: Global Earth system models (ESMs) are essential tools for seasonal-to-decadal 
environmental predictions, which decision-makers across government and industry require. 
However, uncertainties originating at the microphysical scale and more broadly in processes 
occurring on scales smaller than typical ESM grid boxes, remain a major challenge. While resolu-
tion continues to improve in our predictive models, we will need to parameterize microphysical 
processes that contribute the bulk of prediction uncertainty for the foreseeable future. Micro-
physical uncertainties contribute broadly to remaining limitations on Earth system predictability 
on seasonal and decadal time scales.

Progress made: 

•	 Advances have been made in high-resolution modeling, improved parameterization tech-
niques, and growing recognition of the importance of robust uncertainty quantification.  

•	 Fundamental scientific understanding of some key processes (e.g., warm rain formation) 
and identification of process-relevant observational constraints has improved.

•	 Simulation of the global-mean atmospheric state and key modes of atmosphere-ocean vari-
ability (e.g., ENSO) that impact weather at seasonal-to-decadal time scales has improved 
significantly.

•	 Promising applications of machine learning have been employed to objectively establish 
the impact of parametric uncertainty on model predictions, to reduce process uncertainties 
through observational constraints, and to enhance and accelerate simulation of key micro-
physical processes.

Remaining gaps: 

•	 Some key processes remain fundamentally very poorly understood and/or difficult to mea-
sure or confidently attribute (e.g., primary and secondary ice production).

•	 Some crucial observations are not available, and necessary error characterization is fre-
quently not available or inadequate.

•	 There is a lack of protocols on how to deal with structural and parametric uncertainties in 
how microphysical processes affect predictions at decadal scales and in regional extremes.

•	 Frameworks are needed that unite machine learning with improved physical understanding 
to allow out of sample generalization to states that the system has yet to experience, years-
to-decades in the future.
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What’s needed: A systematic, multi-scale approach is needed to integrating observational data, 
process studies, and model development, alongside improved three-way communication be-
tween lab, observation, and modeling communities across scales to enhance model-data inte-
gration.

Anticipated outcomes: Improved Earth system prediction can be achieved, including improve-
ments in regional forecasting of water availability to inform decision-makers about agriculture, 
energy, and infrastructure needs at seasonal-to-decadal time scales. The impact from past in-
vestments can be enhanced to improve fundamental process understanding. Improved guid-
ance can be available for future campaign planning and infrastructure design and implementa-
tion.



Micro2Macro: Origins of Climate Change Uncertainty 3

INTRODUCTION1

Earth System Models (ESMs) remain the only viable tool for long-term environmental predic-
tions (seasonal-to-decadal), but microphysical and small-scale processes drive key uncertainties 
that render their predictions uncertain. Progress is being made, with ESMs now treating many 
more processes in physically-realistic ways than before. This increase in realism is supported 
by the emergence of many new observations. Tools to quantify microphysical process uncer-
tainty in ESMs are also being more widely used. The inclusion of more processes in ESMs has 
led to more complexity. However, gaps remain. There is a lack of systematic consideration of 
the impact of parameterized processes on prediction uncertainty (within a context of increasing 
model complexity), as well as lack of fundamental understanding or order-of-magnitude uncer-
tainties in representing some key processes (e.g., ice formation processes and rates). Moving 
forward, better integration of observational constraints to feed model improvement, coordinat-
ed evaluation frameworks to reduce process uncertainties, and a shift toward process-driven 
model evaluation across scales are needed.

Figure 1. Workshop participants, courtesy of University of Wyoming Photo Service.
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1.1 Workshop context

Micro2Macro: Origins of Climate Change Uncertainty (M2M) brought together 154 scientists in 
Laramie, Wyoming, and online for a 2.5-day workshop in October of 2024 (Figure 2). Attend-
ees included experts in Earth System Model (ESM) development; in situ observations; remote 
sensing; atmospheric chemistry; aerosol, cloud and precipitation physics; high-resolution cloud 
and aerosol modeling, laboratory experiments; uncertainty quantification; and field campaign 
design. Two-thirds of participants identified as students or early career scientists.

The motivation for gathering a large body with such diverse expertise was simple: our ability 
to offer predictions of the Earth system on seasonal-to-decadal scales hinges on processes 
that are small-scale and fast (Lehner et al. 2020; Watson-Parris and Smith 2022). Uncertain-
ties in these “subgrid” processes and their representation in models (“parameterization”) limit 
Earth System predictability at regional and global scales (Morrison et al. 2020; Peace et al. 
2020; Liu and Kollias 2023), and the process of translating advances in fundamental under-
standing to improvements in predictability needs to accelerate. 

It is enticing to imagine that we can resolve our way out of this problem as we advance to exas-
cale computing. However, it is important to appreciate the massive range of scales needed to 
provide global predictions that explicitly resolve the parameterized processes that are assessed 
to dominate prediction uncertainty (Sherwood et al. 2020) (Figure 3; orange boxes). 

Figure 2. Summary of workshop participants. Courtesy of Alyssa Cannistraci.
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Between the planetary wave spatial scale and the scales of individual hydrometeor interactions 
there are many orders of magnitude that need to be bridged. Efforts in pushing the bounds of 
what a global model can resolve have advanced the field (Wang et al. 2011; Terai et al. 2020), but 
substantial computing power is needed to achieve this, which in turn shortens the total length 
of prediction available from these models (Figure 3; green bars).

We provide a simple heuristic model to contextualize the huge range of scales of processes. It 
also illustrates that as resolution increases, the length into the future that is available for global 
predictions decreases. This can be illustrated with a heuristic calculation. Assuming that the 
number of computations scales with the number of horizontal (nx) and vertical grid cells (nz) as 
nx

2nz, where the nz>1 and nx>1 for the number of grid boxes in each dimension (or conversely 
horizontal resolution scales as 1/nx). Putting this in the context of Figure 3, available integration 
length for global simulations scales roughly as a function of horizontal resolution following this 
relationship (Figure 3; dashed line). For simplicity in Figure 3 we neglect the vertical dimension 
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Figure 3. The tremendous scale gap between microphysical processes and global-scale prediction means that we 
will need to parameterize processes for the foreseeable future. The x-axis shows a representative scale of various 
atmospheric processes (adapted from Morrison et al. 2020, CC) (orange). The approximate horizontal resolution of 
different model classes at the time of writing is shown as green bars. The y-axis shows the time scale of global pre-
dictions available from each model class. Representative modeling initiatives are listed on the right. The timescale at 
which model physics dominates prediction uncertainty based on Lehner et al. (2020, CC) is shown as blue shading. 
The approximate planning time scale of infrastructure is shown on the left. 

https://creativecommons.org/licenses/by/4.0/legalcode.en
https://creativecommons.org/licenses/by/4.0/legalcode.en
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and assume a constant time step, but we stress that vertical resolution is very important to 
model performance (Yamaguchi et al. 2017; Lee et al. 2022). While the argument above is sim-
plistic, an emergent property of global-scale models is that there is a tradeoff between our abil-
ity to predict for longer time scales and our ability to move to higher resolution and reduce our 
need for parameterization (Figure 3). Given the huge scale gap between the global scale and key 
microphysical processes, we are going to need to parameterize for the foreseeable future. One 
way to think about this is how long before we will be able to offer global integrations for a given 
resolution. The number of available computations on supercomputers has increased steadily 
over time with the number of computations on the world’s fastest supercomputer increases by 
an order of magnitude roughly every 3–5 years.  Following this scaling of available computation, 
moving global large eddy simulation (∆x ~100 m) from days to years might be possible in 6–10 
years assuming no changes in timestep or vertical resolution. This is a long time to wait in the 
context of society and even for these very high-resolution classes of model, we must still param-
eterize microphysical processes that are not resolved by the O~100 m grid resolution.

In addition to the computation-resolution trade off described above, it is also important to note 
that at present the highest resolution global models do not tend to couple microscale processes 
such as aerosol (Haarsma et al. 2016), which artificially removes a source of prediction uncer-
tainty. We highlight that high resolution models are a key part of how we develop better predic-
tions of the Earth system, but we will need to abstract microphysical processes with simplified 
parametric representations for the foreseeable future. Unfortunately, microphysical process 
uncertainty does not converge like dynamics in the limit of high spatial resolution (Morrison 
et al. 2020; Liu and Kollias 2023). This mathematical abstraction of processes is referred to as 
parameterization.

Prediction uncertainty due to parameterized processes in ESMs is nothing new. Historically, these 
processes have been used to try and adjust ESMs to be in agreement with observations such as 
historical temperature trends and top of atmosphere radiative flux (Bender 2008; Mauritsen et 
al. 2012). New statistical techniques have allowed parameterized processes to be considered as 
a legitimate component of the uncertainty in predictions from ESMs (Lee et al. 2011; Tsushima 
et al. 2020; Sexton et al. 2021; Gettelman et al. 2024). This approach involves simultaneously 
perturbing the values of multiple uncertain model parameters within process parametrizations. 
Exploring parameter space in an ESM is a substantial task, requiring specialist knowledge about 
parametrizations, plausible parameter ranges in a given model configuration and the most 
efficient method for perturbing values in the model. These model-specific complexities mean 
efforts to explore parameter space must be tailored to each model version. At present, efforts 
exist across several modeling centers (Qian et al. 2018; Yoshioka et al. 2019; Regayre et al. 2023; 
Eidhammer et al. 2024; Elsaesser et al. 2024) but would benefit from greater coordination and 
inter-model analyses.

Advancements in characterizing prediction uncertainty come on the heels of our improved un-
derstanding of what processes operate in the atmosphere through a combination of space-
borne, airborne, and surface observations. As our understanding has grown, developing ESMs 
has become more complex. This requires decisions about where to simplify process represen-
tation without compromising predictive skill (Proske et al. 2022). 

1  See: Jack Dongarra, Martin Meuer, Horst Simon, Erich Strohmaier. TOP500, Performance Development 

https://ourworldindata.org/grapher/supercomputer-power-flops#sources-and-processing
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Although the past decade has provided a wealth of new process understanding and observa-
tions as well as new tools to tackle the implementation of parameterizations in ESMs, the full im-
pact of new observations, modeling, and statistical tools on prediction uncertainty has lagged, 
as evidenced by the recalcitrant and even widened range of CMIP-predicted climate sensitivity 
in successive assessment reports (McDonnell et al. 2024).

1.2 Workshop objectives

There are numerous interesting questions related to how we create parameterizations, observe 
processes in the field, and treat remote sensing retrievals. We consider these questions in the 
context of our ability to provide accurate seasonal-to-decadal predictions that can go to inform-
ing policy makers (Hope 2015). The goal of M2M is to provide a community roadmap in the con-
text of our process-based understanding of microphysical processes and seasonal-to-decadal 
global predictions. This overarching goal informs how we discuss problems related to ESM de-
velopment, observations, and their intersection. In service of this, the Scientific Organizing Com-
mittee (SOC) split the workshop into sessions focused on a series of sub-questions. 

Before embarking on developing a series of questions related to how we approach ESM pre-
diction uncertainty, the workshop summarized the current state of the field and attempted to 
identify challenges that limit the predictive ability of ESMs at the seasonal-to-decadal scale. This 
summary focused on ESM performance with the goal of addressing ESM decadal prediction 
uncertainty as opposed to fidelity in reproducing current climate state. The SOC highlighted a 
focus on reducing prediction uncertainty as opposed to increasing fidelity in representing the 
present-day climate, because present-day fidelity is a profoundly multifaceted objective whose 
relevance can only be established by robustly assessing prediction uncertainty.

While an ability to match present-day observations is necessary, it is insufficient to produce a 
reliable ESM, and it is also extremely challenging to observationally-constrain the chemical and 
physical processes occurring in the atmosphere. Observation challenges affect spaceborne and 
surface remote sensing of microphysical properties; in situ measurements at the surface and 
from airborne platforms; and in the lab where microphysical quantities of interest may need to 
be inferred from observables. A key finding emerging from this discussion and summary of how 
observations are being used to improve models is a pressing need for a clear communication 
channel between groups making/developing observations and groups developing/evaluating 
models, and the recognition that both sets of problems are subject to spiraling complexity. We 
need to develop collaborative pathways forward that offer actionable information about struc-
tural improvements that will reduce model prediction uncertainty.

Emergent from discussing how we make observations of microphysical properties and how we 
can use these observations to reduce prediction uncertainty from ESMs is the need for a unified 
framework, described in Section 1.3, where the utility of a given observation to improve ESM 
prediction can be robustly evaluated. This point was discussed in the context of existing tools 
being used to interrogate the impact of parameterized processes on ESM behavior and how to 
better integrate them with observations to reduce ESM prediction uncertainty. A benefit of this 
approach is that it also provides guidance to plan future measurements (Section 5). Such an 
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approach is more mature in the realm of planning satellite missions but is relatively unexplored 
in terms of planning field deployments and campaigns.

1.3 Bayesian Inference Frameworks for the Earth System (BIFES)

A key tool discussed across M2M sessions is the perturbed process/parameter/physics ensem-
ble (PPE; Carslaw et al. 2025). While PPEs are a relatively new idea in the field (Rougier et al. 2009; 
Lee et al. 2011), the basic concept is simple and intuitive from a physical sciences and statistics 
perspective. PPEs sample uncertainties across a wide range of model processes simultaneously, 
making them well-suited to statistical methods that effectively scale ensembles from hundreds 
to millions of samples (Lee et al. 2011; Watson-Parris et al. 2021). This scale of model output 
enables powerful analyses, such as identifying the causes of model uncertainty and applying 
observational constraints to assess the plausibility of different model2  variants. We provide a 
brief, concrete description of how one might use this framework for a simple problem within 
the field and refer back to this description throughout the remainder of this report.  

It is important to realize that the challenges in predicting the Earth system are not unique in 
the sciences. One of the lingering issues in science is the problem of induction (Hume 1751). 
In essence, we observe snapshots of states, not processes. Physical science builds models that 
sit underneath these observations to allow us to predict future events. A simple example is ob-
serving the force, acceleration, and mass of a block on a plane and having a physical model of 
friction that explains our observations. We do not observe friction directly. 

The problem of induction was directly addressed during M2M. An example from Graham Fein-
gold’s talk during the workshop used an analogy of watching snapshots of a soccer game and 
inferring the rules of the game from those snapshots (Feingold et al. 2025). If we can build up a 
model that sits beneath our observations (perhaps the rules of soccer) we can make predictions 
of the future (whether or not one of the players will be called for being offside). The problem of 
induction dates back in some form or another to the second century AD and the solution taken 
by most physical science fields has been to establish a level of causation that we can infer from 
observations that is ‘comfortable’ for that field. In many fields that are built on bench-scale sci-
ence the causation criteria do not need to be very stringent. If one adds acid to a basic solution, 
the causation as the solution titrates is clear. Bench-scale experiments also enable repeating 
the same experiments multiple times to establish repeatable causality. Earth science presents 
a uniquely challenging environment with numerous uncertain, non-linear processes interacting 
in a chaotic system and a limited ability to repeat experiments. A concept that is frequently dis-
cussed is equifinality—the idea that many process combinations can result in the same value of 
an observable (Beven and Freer 2001).  

Discussing inferring soccer rules from snapshots is somewhat abstract, so we provide a concrete 
example of how this affects the goals of M2M. Imagine that you are attempting to develop a new 

2  Here, and below, we specifically refer to models by their utilization (i.e. ESM, large eddy simulation, 
single-column model) rather than simply ‘model.’ Here, we specifically keep this general since this applies 
to any mathematical abstraction of a physical system.
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physical model of coalescence scavenging (loss rate of cloud droplets to collision-coalescence) 
in liquid clouds (Wood 2006) (Figure 3). Obviously, the model is approximate since it is, after all, 
a model. While M2M focuses on understanding what limits ESM prediction skill (Section 2), it is 
important to keep in mind that every process parameterization is a form of abstraction, for ex-
ample, a simplified representation of the true underlying, and typically complex process (Bony 
et al. 2013; Mülmenstädt and Feingold 2018). Take for example friction between a block and a 
plane as discussed above, most models of friction do not attempt to represent the meshing of 
every tiny irregularity between the block and the plane and abstract these as static and dynamic 
friction coefficients, representing the aggregated macroscale force. In the case of abstracting 
coalescence, one might take previous observations of state (e.g., cloud droplet number Nd, 
condensate amount) and use these to develop a physical model that you can apply to make pre-
dictions. For instance, one might take multiple observations of state (Nd) and use them to infer 
how droplets coalesce to affect droplet number and size distributions, which could then be used 
in the ESM to make future predictions. In Figure 4 previous observations are shown as squares, 
and a first attempt at a physical model is shown as a gray line. The figure illustrates this in the 
context of closure in droplet number, where closure is achieved if the droplet number from the 
physical model and droplet number as observed by probes agree.

Let’s imagine that we are envisioning a new set of measurements in a regime of droplet number 
that hasn’t been tackled before. You can imagine three potential outcomes:
 
(a)	 Hypothetical observation #1: you observe a droplet number far different than the 		
	 predictions of your physical model (i.e. your null hypothesis);
(b)	 Hypothetical observation #2: you observe a droplet number closer, but still not in 		
	 agreement with your physical model (doesn’t intersect the dark gray line); and 
(c)	 Hypothetical observation #3: you observe a droplet number in agreement with your 		
	 physical model (intersects the dark gray line). 

Figure 4. A hypothetical closure between 
observations of droplet number and a 
physical model of coalescence. Squares 
illustrate past measurements used to 
develop the model of coalescence. A 
researcher proposes to measure in a 
new regime where we discuss the conse-
quences for their model of coalescence 
of new observations that look like the 
orange, green, or purple triangles. The 
gray lines illustrate the predictions of 
the process model ignoring uncertainty 
from all other processes for two possi-
ble configurations of the process model. 
The shading illustrates when uncertain-
ty in other processes is considered. Un-
certainty in observations is shown with 
vertical lines. Credit: Jennifer Power Art 
& Design.
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Only in the last case can you confirm your proposed physical model. Hypothetical cases #1 and 
#2 result in rejecting your physical model of the process. 

Here, we argue that PPEs coupled to observing system simulation experiments (OSSEs) (Arnold 
and Dey 1986) and instrument simulators (Swales et al. 2018; Silber et al. 2022) provide a ro-
bust alternative to conventional ESM development strategies. We argue that cases (b) and (c) 
can both be consistent with our proposed model and only case (a) is inconsistent with it. This is 
because observables, especially in the Earth system, are rarely affected by a single process, and 
other processes can also carry non-zero uncertainty. In our example, many different processes 
affect droplet number, and those processes are not derived with zero uncertainty from first 
principles. For instance, cloud droplet number is also affected by nucleation and growth of aero-
sol particles (Wood et al. 2012), which are not zero-uncertainty processes. PPEs provide a frame-
work to explore uncertainty in multiple simultaneous and non-linear processes. In our example, 
if we were to build on our simple process model of coalescence scavenging and also consider 
uncertainty in other processes that are at work, the uncertainty around our model might look 
more like the grey shaded region in Figure 4 as opposed to only considering uncertainty from 
a single process. If we made observations that look like cases (b) or (c), we would not be able 
to reject our physical model (the null hypothesis) of coalescence scavenging (this is discussed 
in the context of Type 1 error in Figure 4). The discussion is presented in the context of testing 
a hypothesized new process representation relative to the current process representation (the 
null hypothesis or H0). A set of three possible measurements is given as shown schematically 
in Figure 4 and the consequence of following those measurements through testing the null hy-
pothesis is shown in Figure 5. If we neglect the uncertainty from processes beyond the process 
we are evaluating with our hypothesis, there is always a higher chance of incorrectly rejecting 
the null hypothesis.

Stepping back from this example, this harkens back to a basic idea in statistics: Bayesian versus 
frequentist statistics. In the frequentist context we can only answer whether observations are 
consistent with a hypothesis. In the Bayesian context we can ask, is our hypothesis consistent 
with the observations? This is a subtle, but key, difference. The PPE framework allows us to 
ask this question in the Earth system by asking whether our theories of processes in the Earth 
system can be reconciled with observables given that multiple uncertain processes are at work.
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Figure 5. A step-by-step analysis of how different hypothetical observations in Figure are 
reflected in rejecting the null hypothesis (i.e. underlying physical model). While consid-
ering uncertainty in all processes that the observables we are considering results in only 
rejecting the hypothesis in the case of measurement #1, failing to consider this results in 
a type 1 error (incorrectly rejects the null hypothesis). The different measurements are 
shown schematically in Figure 4. Courtesy of M2M SOC.
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Another key point is that to reject or accept physical models, we need to have a quantification 
of observational uncertainty, in addition to the uncertainty stemming from how we represent 
processes (Section 2). We illustrate this below as vertical lines on the points in Figure 4. If a 
clear characterization of uncertainty is not available for an observation, then we assume it is 
effectively infinite and accept all possible models (the long vertical bar on one of the examples 
for case 1). While this example seems so obvious, systematic error characterization is often not 
available (Section 3). This was a key theme of M2M that was returned to many times. 

Overall, PPEs give us a tool that allows us to pursue hypothesis-driven science in the Earth 
system where observations and processes are both subject to uncertainty. A discussion of 
how to reconcile physical models with observations in this framework is provided in Johnson 
et al. (2020) and in the supplementary to Regayre et al. (2020). A recurrent theme during M2M 
was the OSSE concept that has been employed effectively in the design of spaceborne remote 
sensing for weather applications (Cucurull et al. 2024), and to a lesser degree for Earth system 
predictability applications (see Section 5). We refer to this framework as Bayesian Inference 
Frameworks for the Earth System (BIFES) throughout the rest of this report. We present BIFES 
as a unified way to deal with observational and multi process uncertainty. We note that BIFES 
is heavily inspired by OSSEs. Here, we consider OSSEs in the context of the connector between 
models and observations (Arnold and Dey 1986; Bodas-Salcedo et al. 2011; Silber et al. 2022; 
Cucurull et al. 2024). PPEs are a model exploration framework and machine learning (ML) em-
ulation system for perturbing model representation in a systematic way (Lee et al. 2011). The 
BIFES testbed unifies both concepts to allow a robust, ML-enabled, digital testbed for enhancing 
Earth system prediction.

1.4 Report structure

Based on discussion and presentations from M2M, we provide a set of actionable suggestions 
with the goal of improving ESM predictability through consideration of subgrid-scale (parame-
terized) processes. These suggestions revolve around how we can synergize recent tools devel-
oped in the context of ESMs with advances in our ability to observe the Earth system. We outline 
the workshop goals as:

•	 Summarize the state of the art in terms of the impact of microphysics on ESM prediction skill 
at the seasonal-to-decadal scale. [Section 2]

•	 Characterize how we observe microscale processes and create clear recommendations for 
interactions between the observational community and the model development communi-
ty. [Section 3]

•	 Develop recommendations for observational methods/strategies to improve ESM interan-
nual to decadal prediction skill. [Section 4]

•	 Identify areas of synergy between observational planning/interpretation and ESMs. [Section 
5]

•	 Advance statistically robust end-to-end methodologies for confronting the multiscale prob-
lem of predicting the Earth system (e.g., BIFES). [Section 6]

Each of the following chapters starts out with a summary of current knowledge, recent advanc-
es, remaining gaps, future needs, and key findings.
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Where we are: Microphysics remains a major source of uncertainty in ESMs, with parameter-
ized processes often treated as tuning knobs for macro-scale features rather than legitimate 
sources of uncertainty.

Progress made: Advances in microphysical parameterization techniques are being made, and 
there is a growing recognition of the need for uncertainty characterization. The sophistication of 
microphysical representation in ESMs has improved in the last decades through work by mod-
eling centers and better leveraging observations.

Remaining gaps: Most models lack robust parametric uncertainty characterization, and struc-
tural error evaluation is still in its early stages. Some processes remain fundamentally poorly 
understood, poorly measured, or both.

What’s needed: A shift from simply prioritizing model fidelity to uncertainty-based evaluation, 
can be achieved through improved collaboration between scientists developing models and 
those making observations.

Key Findings:
•	 The characterization of parametric uncertainty is limited in most ESMs.
•	 There are no established methods for evaluating structural error in ESMs, and few for struc-

tural error in smaller-scale models.
•	 ESM development has historically focused on increasing fidelity rather than quantifying and 

reducing projection uncertainty.
•	 Better two-way communication is needed between scientists developing ESMs and making 

observations.
•	 Microphysical process parameterization has progressed, but further improvements are 

needed.

It is important to recognize recent major advances made in implementing parameterizations 
that represent microphysical processes. In recent generations of ESMs, microphysical processes 
have risen to be the dominant sources of prediction uncertainty. This is because microphysical 
processes are at the root of setting cloud feedback (Blossey et al. 2013; Myers and Norris 2013;  
Tsushima et al. 2020; Zelinka et al. 2020), aerosol radiative forcing (Regayre et al. 2018; Wat-
son-Parris and Smith 2022), as well as many other ESM processes (Liu and Kollias 2023). This 
prediction uncertainty is a product of the rapid progress made in recent decades in unifying our 
ability to observe microphysics, infer processes, and parametrize them into ESMs so that we 

WHAT’S WRONG WITH MICROPHYSICS IN 
EARTH SYSTEM MODELS?2
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better understand how they impact our predictions of the future. In essence, the uncertainty we 
see stemming from model physics (Lehner et al. 2020) is a sign that we are starting to come to 
terms with representing these processes. 

Bridging the scale gap between small, fast processes and their effects at the global scale is hard, 
but we know that these processes matter and neglecting them provides unrealistic predictions 
to stakeholders. For instance, one could envision a low complexity model where clouds are set 
to their climatological mean state with static coverage and radiative effect. This would be a low 
uncertainty model, but output would completely disagree with what we observe happening 
in the Earth system (Norris et al. 2016; McCoy et al. 2018; Bellouin et al. 2019; Gryspeerdt et 
al. 2019) because climate feedbacks that make the planet more sensitive to radiative forcing 
(Soden and Held 2006; Sherwood et al. 2020) would be neglected and forcing trends from mi-
croscale processes (Bennartz et al. 2011; McCoy et al. 2018; Myers et al. 2021; Wall et al. 2022; 
Grosvenor and Carslaw 2023; McCoy et al. 2023) would be removed. It is tempting to embrace a 
maximalist approach where every process is implemented in ESMs, but increased model fidelity 
does not ensure improved model predictive skill at the critical seasonal-to-decadal scale. Thus, 
we need to strike a balance between complexity and interpretability (Bony et al. 2013; Mülmen-
städt and Feingold 2018). ESMs cannot mimic every process in the Earth system and remain 
tractable (or computationally viable). However, not all processes implemented in an ESM have 
a major influence on future environmental state. This is a key message identified in M2M: we 
need to consider process representation in ESMs in terms of their payoff in accurately repre-
senting projections as opposed to the mean state.

Sources of microphysical uncertainties can be broadly categorized into two groups: sources 
associated with parametric uncertainty and sources associated with structural error (Sexton 
et al. 2012; Bony et al. 2013; Regayre et al. 2023). Parametric uncertainty arises when a pro-
cess is described by the mathematical structure of the parameterizations, but those equations 
contain empirical or semi-empirical parameters whose values are not sufficiently constrained. 
Structural error arises when a process rate is not adequately described by the parameterization 
equations or when a process is entirely missing. It may be associated with missing process de-
pendencies (Lee et al. 2011) and/or inadequate simplifying assumptions. 

There was general consensus at M2M that perturbed parameter/process/physics ensembles 
(PPEs) are promising tools for (a) identifying the most uncertain parameters and, by extension, 
the most uncertain processes (microphysical or otherwise); (b) constraining uncertain parame-
ters; and (c) identifying sources of structural error (see Section 1.3). 

There are many uses of PPEs and their utility will be discussed throughout this report. The use 
of PPEs for characterizing parametric uncertainty and identifying structural error is currently 
limited to a few ESMs (Qian et al. 2018; Regayre et al. 2023; Eidhammer et al. 2024; Elsaesser 
et al. 2024; Nugent 2025). A more widespread adoption of PPEs in ESM development would be 
beneficial. This is because it provides a more complete assessment of ESM uncertainty and be-
cause it can make the process of ESM development much more efficient and robust (Sexton et 
al. 2021; Yarger et al. 2024; Elsaesser et al. 2025). By systematically sampling uncertainty space 
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in an ESM, we can link processes to prediction uncertainty as opposed to simply linking them 
one at a time to fidelity. This has the potential to accelerate ESM development because rather 
than playing whack-a-mole with processes in sequential versions of ESMs, we can survey and 
identify optimal parameterizations (Elsaesser et al. 2025). We argue in Section 4 that this also 
allows us to identify observations that provide maximum leverage towards reducing prediction 
uncertainty and allow us to explore interactions between processes (Song et al. 2024).
  
Participants in M2M recognized that structural error is present in ESMs in the same way that 
all models are structurally incomplete. This source of error can sometimes be masked, but not 
fixed, with parameter tuning. Methods to address structural error in ESMs are still in their infan-
cy (Regayre et al. 2023). Without frameworks to systematically explore parametric uncertainty, 
it is difficult to operationalize rooting out structural uncertainty. Additional methodology de-
velopment to account for systematic uncertainty would benefit from a top-down approach to 
identifying the factors that drive ESM prediction uncertainty.

There are several ongoing efforts to quantify and/or characterize structural error for individual 
processes. Examples of such efforts include the characterization of internal vs external mixing 
assumptions for aerosol particles (Curtis et al. 2017), characterization of errors associated with 
separate cloud and rain categories (compared to a single category) (Igel et al. 2022; Hu and Igel 
2024), and consistent treatment of ice effective radius across microphysics and radiation (Fierce 
et al. 2024). These efforts often start in very simplified modeling frameworks (e.g., a box or par-
cel) and are slow to make their way to ESMs. Informed ESM development using this bottom-up 
approach could be better streamlined within the community. 

ESMs are, at their core, a predictive model based on underlying physical models of processes. 
They can predict both the current state of the planet as well as predicting into the future. It was 
discussed that evaluation of ESM behavior has been historically focused on fidelity as opposed 
to prediction uncertainty. This reflects the common aphorism “it’s difficult to make predictions, 
especially about the future.”3  Predicting a state we can observe is a well-defined problem, and 
makes it difficult to effectively prioritize processes to provide more robust predictions of the 
future using ESMs. PPEs were discussed as one way to systematically evaluate which processes 
limit ESM predictive ability.

Workshop participants struggled to agree on exactly which microphysical processes contribute 
most to the uncertainty in specific projections (e.g., temperature, precipitation, cloud radiative 
effect) from ESMs due to a lack of comparable evidence. Based on discussions, process stud-
ies tend to be conducted one at a time and it is difficult for researchers studying, for instance, 
secondary ice production to be able to offer a definitive comparison in terms of contribution to 
prediction uncertainty with, for instance, aerosol mixing state. Overall, this lack of agreement 
highlighted the need for more systematic studies of the parametric and structural uncertainties 
in current ESMs to allow efforts to be focused on major limitations. However, there were some 
consistent calls for specific observations (see Section 3).

3  Attributed to Neils Bohr (1885-1962).	
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Finally, workshop participants also emphasized the need for better communication among mod-
elers, observationalists, and laboratory experimentalists. Such communication is essential to 
translate fundamental process work into model parameterizations as well as for robustly eval-
uating model updates. Observationalists need to effectively communicate uncertainties in their 
datasets (see Section 3). However, communication also needs to go the other way. Modelers 
need to inform laboratory experimentalists and observationalists about their greatest needs. 
One pathway identified to streamline the connection between observations, experiments, and 
ESM advancement is to more regularly implement simulation studies before experimental de-
sign or field deployment (Section 5) and leverage the proposed BIFES framework (Section 1.3).
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Where we are: We have a wide array of microphysical observations. However, existing ob-
servational data sets are often not well-suited for ESM development and evaluation, known 
instrument deficits are not being sufficiently addressed by innovation and deployment, and 
laboratory work remains undervalued.

Progress made: Recent decades have greatly advanced microphysical remote sensing and in 
situ observational techniques, and there is increased awareness of chronic instrument short-
falls and observational uncertainty.

Remaining gaps: There remains a lack of systematic and representation uncertainty, insuffi-
cient availability of community open-source simulators, and deemphasized importance of in-
strument development and deployment and laboratory research. There is a lack of frameworks 
for analyzing causality and process rates in observational datasets.

What’s needed: Greater emphasis on laboratory experiments and instrument development, 
and better integration of observations with modeling would enable progress.

Key Findings:

•	 Existing remote sensing and in situ products are often inadequate for robust model eval-
uation. Systematic and representation uncertainty quantification is frequently missing or 
inadequate. There is a need for improved, community-driven open-source simulators.

•	 Systematic and representation uncertainty quantification is frequently missing or inade-
quate.

•	 There is a need for improved, community-driven open-source simulators.
•	 Controlled laboratory and perturbation experiments are critical for improving process un-

derstanding and discovering new processes.
•	 Targeted closure studies are needed to constrain microphysical properties that are major 

sources of ESM seasonal-to-decadal prediction uncertainty.
•	 Observing systems and campaigns should be designed and dedicated to constraining specif-

ic processes, with instrumentation adequate for purpose.
•	 Sustained post-observation analysis is required to accomplish process constraint studies at 

the community level.

Observations of microphysics include in situ observations, laboratory measurements, and re-
mote sensing, and the synergies between them are being increasingly exploited to develop, 

CAN WE EVEN OBSERVE MICROPHYSICS?3
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confront, and constrain ESMs. “Microphysics” in the context of atmospheric measurements re-
fers to both microphysical properties and microphysical processes. Microphysical properties 
are the characteristics of atmospheric particles or hydrometeors that result from relevant mi-
crophysical processes and can be measured using various techniques. Microphysical process-
es are time-varying phenomena that causally change microphysical properties. It is critical to 
acknowledge that microphysical observations provide information about the state of a system, 
and do not directly provide process information. The links between observations and processes 
are discussed in other sections of this report. 

The last three decades have seen a rapid development of observations of small, fast processes 
in the atmosphere. In the US, the Atmospheric Radiation Measurement (ARM) program set up 
its first permanent site in 1992 with a core mission related to clouds and aerosol (Ackerman 
and Stokes 2003). In 1999 NASA launched Terra, which provided new avenues to examine the 
global distributions of aerosol and cloud properties (Nakajima et al. 2001; King et al. 2003). This 
was followed by the launches of spaceborne lidar and radar in 2006 and a satellite constellation 
(the A-Train) that allowed examination of small, fast processes at a new level (Stephens et al. 
2002). Of course, with any set of observations, there is a time lag between first light and when 
a robust, vetted product is available for science applications, and a sufficiently long data record 
is available (McComiskey et al. 2009; Gryspeerdt et al. 2022a; Zhang et al. 2023). As motivated 
in Section 1, observations are the tether to reality for ESMs (Regayre et al. 2023; Elsaesser et 
al. 2024). They are what allow us to develop ESMs and implement physical processes that are 
likely to affect system predictability (Twomey 1977; Boucher and Lohmann 1995; Gettelman 
and Morrison 2015; Khairoutdinov and Kogan 2000; Gettelman et al. 2025), and they are how 
we evaluate the performance of our ESMs by challenging our models to produce output that 
matches observations of system state (Gettelman et al. 2020; Regayre et al. 2020; Mikkelsen et 
al. 2024; Elsaesser et al. 2025). 

It is important to recognize that observing microphysical properties is challenging. From space, 
remote sensing must probe through the depth of the atmosphere and interpret radiometric 
signals to infer properties that are at small scales relative to the instrument footprint. These 
scale discrepancies introduce uncertainties in satellite-based quantification of climate-relevant 
properties, such as the covariance of Nd and aerosol concentration (Quaas et al. 2020). From 
the surface, sampling is limited due to constraints on time and resources (in that we cannot 
place surface observations every few km). Surface observations are in closer proximity to the 
system being studied, but they are also embedded in that system so may be affected by the en-
vironment being observed. For instance, liquid water path estimates from microwave radiom-
eters can be biased due to a rain water layer developed on the radome (Kurri and Huuskonen 
2008), and delicate aerosol measurements can be contaminated in the vicinity of broken clouds 
(Kaufman et al. 2005). Even within the laboratory, it is difficult to realistically isolate specific 
real-world processes in a controlled environment and relate these observations to key atmo-
spheric processes. Despite huge strides forward in measurement and experimental techniques, 
much work remains to reconcile observations from different instruments, experimental setups, 
and sampling locations. This presents opportunities in refining remote sensing, instrument de-
velopment, and laboratory studies to better quantify cloud and aerosol microphysical proper
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ties.  The scope of M2M was to identify where developing observational techniques can be most 
impactful to support ESM predictability. 

A key need identified during M2M and feeding into BIFES (Section 1.3) is frameworks that can 
fill the gap between observations (our measure of reality) and ESMs (our tool to understand if 
observations have value for prediction). This framework needs to be able to bridge observation-
al/retrieval uncertainty and representational uncertainty in ESMs. Some efforts are currently 
underway, supported by NSF4  and DOE.5 Related to this key need, observational instrument 
simulators will enable us to bridge between instruments and models. An example is a satellite 
data simulator unit (Masunaga et al. 2010), which is useful for ESM evaluations regarding model 
assumptions, remote sensing algorithm improvements, and systematic retrieval error quanti-
fications. Community simulators (Bodas-Salcedo et al. 2011; Silber et al. 2022) could be given 
more focus.

Figure 6. An idealized representation of systematic and random error 
estimated for a single observable. The observation bundle concept is 
illustrated for a bundle created by contrasting 3 different measurement 
techniques. Courtesy of M2M SOC.

3.1 Systematic and 
representation error

While we have made tremendous 
strides as a field in our ability to 
provide observations that con-
strain microphysical processes, 
M2M identified that one of the 
key observational shortfalls is our 
inability to accurately describe 
systematic error6  (Figure 6). Sys-
tematic error in observations can 
be corrected if the main cause 
behind the systematic error for 
the instrument is known. How-
ever, this is typically difficult to 
quantify as no standard, or true 
value, exists to compare for most 
atmospheric instruments. For ex-
ample, observations of number 
concentration of ice nucleating particles (INP) present in a given air sample varies by  one to 
two orders of magnitude depending on the instrument type and the composition of the ice 
nucleation particle (Knopf et al. 2021; DeMott et al. 2018). No true standard exists for INP that 
would allow researchers to quantify the systematic uncertainty and separate out this error from 
random error, through some complex compounds, such as lignin or Snomax, have been prop-

4  INtegrating Field Observations and Research Models (INFORM) https://sites.google.com/ucar.edu/
mccluskey-research/research#h.p_rufOjxB1oWNe

5  PPE Regression Optimization Center for ESM Evaluation and Development https://github.com/
PROCEED-ESM

6  For instance, bias in the measurements due to how an instrument operates which would shift all 
observations away from the true value.

https://sites.google.com/ucar.edu/mccluskey-research/research#h.p_rufOjxB1oWNe
https://sites.google.com/ucar.edu/mccluskey-research/research#h.p_rufOjxB1oWNe
https://github.com/PROCEED-ESM
https://github.com/PROCEED-ESM
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osed as a calibration standard with caveats on potential degradation over time (Polen et al. 
2016; Miller et al. 2021). In contrast, random error characterization is well-posed and can be 
readily evaluated by simply placing two calibrated detectors, if calibration standards exist, next 
to each other. However, this is infrequent for many observational studies due to resource lim-
itations in deploying two identical instruments for each measurement parameter. It can also be 
a major challenge for intercomparison of cloud probes, which must typically be compared aloft 
(from airborne platforms) rather than at the surface. Limited information on systematic and 
random errors is a major issue for physical process understanding and predictability because it 
means that the error bars in Figure 4 should be assumed to be infinite. In turn, this means that 
all potential models are consistent with observations. Clearly, this is an extreme case and most 
scientists making observations will argue that there are some limits on the plausible range for 
a given measurement. Unfortunately, studies that evaluate systematic errors in estimated geo-
physical variables from measurements are quite limited (Iwabuchi et al. 2014; Saito et al. 2020). 
If these are not provided as part of a data set, the assumption has to be that there is no real 
characterization of systematic error. 

This paints what is perhaps an excessively dark picture of how observational estimates and 
their uncertainties are made and it should be emphasized that this is in the context of the hand 
off between those making the observations and those leveraging the observations for evaluat-
ing ESMs (Schutgens et al. 2016; Regayre et al. 2020). In discussion during M2M, observational 
groups pointed out that systematic uncertainty was potentially available for many different ob-
servations. However, this is often in the context of the individual retrieval level for observations 
where scientists are able to characterize how different assumptions propagate to uncertainty. 
These uncertainties are typically not readily available in the scaled-up observations needed for 
comparison to ESMs. One recommendation from M2M was for data sources to tag data with 
a statement about potential systematic error. This could be a statement with an estimate of 
error or a statement that it is not available at the scale of the data set . Propagating uncertainty 
through retrievals to physical quantities is an important step to characterizing systematic uncer-
tainty but does not provide a truly independent measure of systematic uncertainty. 

A suggestion made during Ken Carslaw’s talk (Carslaw 2025) is that our urgent need for robust 
future predictions means that we should avoid recreating observational data sets from the 
ground up and instead should try to leverage what we have and require more concrete de-
scriptions of uncertainty for existing products. Collection and formatting of observations into 
‘ESM-ready’ formats with characterized systematic error, would be ideal. A suggestion made 
during Gregory Elsaesser’s talk (Elsaesser et al. 2025) was to use ‘observation/retrieval bundles’ 
to evaluate systematic error (Figure 5). 

Observation bundles take several different methods of retrieving a given geophysical variable 
and interpret the spread between methods as a characterization of systematic error (Elsaesser 
et al. 2025). This has two substantial benefits: first, it is something that can be done immediate-
ly by groups evaluating ESMs to provide a characterization of systematic error to inform ESM 
constraints; and second, it is a more robust estimation of the systematic error than is provided 
by just propagating assumptions in a single retrieval/measurement technique. We note that 
programs like ARM provide an effective pathway forward for this due to the large number of col-
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located measurements being taken, allowing for the building of retrieval bundles that are being 
stochastically sampled. One example of this is the recent intercomparison of different retrievals 
of cloud droplet number concentrations and comparison to aircraft data over the Açores (Zhang 
et al. 2023); another is the intercomparison of multiple spaceborne retrievals with airborne 
measurements (Gryspeerdt et al. 2022b). Finally, comparison of estimates of a geophysical vari-
able (e.g., LWP) from two independent measurement techniques (e.g., passive microwave vs vis/
NIR retrievals) may also serve as an approach to estimating systematic uncertainty.

One issue raised several times during M2M was the scale mismatch between observations and 
ESM grid box scales. Frameworks are needed to scale observations with very different foot-
prints up to the scale for direct evaluation against an ESM’s much larger grid size (Field and 
Furtado 2016; Schutgens et al. 2016). This could be addressed if systematic observations were 
collected (i.e., measure the same parameter over multiple points in a model grid box, or the 
same parameter over a long period) to quantify this uncertainty (Schutgens et al. 2017). There 
are several examples of this being leveraged in the design of observation collection (Wood et al. 
2011; Albrecht et al. 2019; Redemann et al. 2021), which has proven beneficial to the usability of 
that data for ESM improvement (Section 6).

Finally, the idea of adapting the PPE framework to methodically explore the causes and impacts 
of systematic uncertainty was discussed. There are commonalities between how PPEs are ap-
plied to understanding ESMs (complex, non-linear models) and how these might be able to help 
understand systematic error in observations (complex, non-linear retrievals). Priors for differ-
ent assumptions going into retrievals could be systematically sampled and propagated through 
the retrieval to create an uncertainty space and best estimate for each observation.

3.2 What microphysical measurements are we missing?

As motivated above, recent decades have yielded major strides in our ability to observe mi-
crophysics. However, there remain key frontiers where observations of microphysics have the 
potential to improve process understanding, improve ESM robustness, and reduce projection 
uncertainty. It is critical to note, while there is always the potential for more observations to 
be made, the community needs to coordinate across those developing ESMs, process models, 
and observations to identify which observations provide leverage on predictability at the annu-
al-decadal scale (and which do not) to be able to prioritize these efforts.
 
The discussion during the workshop identified numerous new microphysical measurements 
that would reduce prediction uncertainty in ESMs. M2M determined that vertically-resolved liq-
uid condensate from remote sensing measurements (Leinonen et al. 2016; Saito et al. 2019) 
is critical for modeling and assessment of cloud processes (e.g., Beall et al. 2024). In addition, 
inconsistent remote sensing LWP estimates from vis/NIR and passive microwave techniques 
result in uncertainty in cloud properties (Greenwald et al. 1997). Attempts should be made to 
reconcile these measurements with closure measurement campaigns. 
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The workshop also identified the paucity of ice cloud measurements as a major knowledge gap, 
with a particular focus on knowledge gaps surrounding secondary ice production.  Secondary 
ice production refers to a collection of at least eight currently identified mechanisms that lead 
to the formation of new ice crystals from existing ice, through processes such as fragmentation 
and splintering of ice. These processes can occur during the freezing process, or upon colli-
sion of ice with another hydrometeor, and lead to increases in ice crystal number. Ice crystals 
formed via secondary ice production can grow through riming and vapor deposition and have 
the potential to participate in additional secondary ice production, leading to a cascading pro-
cess of ice multiplication that can rapidly glaciate a cloud. 

Field observations provide strong evidence that secondary ice production is important in the at-
mosphere under appropriate conditions (Korolev et al. 2022), but the relative importance of the 
various mechanisms across different cloud regimes is not yet well understood, and laboratory 
studies are limited (Sullivan et al. 2017; Korolev and Leisner 2020; Burrows et al. 2022). Given 
the current limited state of knowledge, new laboratory studies that isolate and quantify specific 
secondary ice production pathways under a range of relevant atmospheric conditions are likely 
to lead to significant new insights with potential to improve the predictability of precipitation 
and clouds. 

Our ability to measure cloud droplet number concentration (Nd) in liquid-topped clouds was 
discussed. Previous work has argued that Nd is the variable of state in aerosol-cloud inter-
actions (Wood 2012), which in turn are a major source of global-scale prediction uncertainty 
(Bellouin et al. 2019). While previous climate process teams have made strides in establishing 
Nd as a worthwhile observable and building a baseline for how we observe this quantity from 
space (Grosvenor and Wood 2014; Grosvenor et al. 2018), there is still substantial uncertainty 
in Nd across different observational methodologies. This includes airborne  (Lance et al. 2010), 
surface remote sensing (Zhang et al. 2023), and remote sensing from space (Gryspeerdt et al. 
2022b). It is encouraging that when attempting closure between surface and airborne measure-
ments of Nd (Zhang et al. 2023) and spaceborne and airborne (Gryspeerdt et al. 2022b) there is 
some level of consistency. Overall, the leverage that Nd exerts on our ability to offer predictions 
(Carslaw et al. 2013; McCoy, I. L. et al. 2020; Jones et al. 2025) supports the need to continue to 
refine our measurements of Nd, even if these observations are broadly available. Advances in 
other measurement techniques such as multi-angular polarimetry and high vertical resolution 
lidar (Hu et al. 2021; Zhang et al. 2023) are promising avenues that are likely to provide substan-
tial return on time invested (Gao et al. 2023). However, it is important to keep in mind that even 
what seem to be relatively direct measurements from cloud droplet probes can be subject to 
substantial systematic uncertainty due to uncertainty in sampling volume (Lance et al. 2010).

The workshop discussion briefly mentioned the importance of observing aerosol and cloud 
chemistry and the lack of systematic observations of chemical composition in surface mea-
surements. Chemical processes alter cloud properties primarily by affecting aerosol compo-
sition (McFiggans et al. 2006). The chemical components of particles and droplets likely vary 
widely over spatial and temporal scales. Laboratory measurements of chemical properties of 
aerosol particles and droplets are extremely diverse and have spurred major advancement in 
instrumentation from Aerosol Mass spectrometers, chemical ionization mass spectrometers, 
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single-particle mass spectrometers, and numerous others (Seinfeld and Pandis 2016). Labora-
tory measurements have shown that particle composition influences the temperature at which 
cloud droplets freeze (Jahn et al. 2020; Bieber et al. 2024). The sheer complexity of the chemistry 
occurring in particles and droplets makes it extremely difficult to parameterize and incorporate 
into ESMs. As such, the challenge remains to obtain sufficiently detailed measurements, both in 
the laboratory and field, on key chemical processes and relating these processes to the micro-
physics expressed in ESMs across the large spatial and temporal scales of ESMs. 
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Where we are: Observations are increasingly being used to constrain ESMs systematically, but 
major gaps remain in uncertainty quantification and process-level constraints.

Progress made: Some success has been achieved in using PPEs to quantify uncertainties, identify 
ESM structural deficiencies, and improve calibration.

Remaining gaps: There is a lack of well-quantified observational uncertainties, inter-instrument 
differences, and robust model-observation representation error characterization. We also lack 
the ability to perform the requisite LES experiments required to bridge observations and ESMs.

What’s needed: More rigorous and comprehensive observational uncertainty quantification and 
multi-scale frameworks would enable linking observations to ESMs.

Key Findings:

•	 Observational constraints on PPEs can reveal ESM structural deficiencies.
•	 Careful calibration of PPEs as opposed to model tuning are needed to match a wide range of 

observation metrics, accounting for observational uncertainties, and to avoid overconfidence 
in constraints.

•	 PPE calibration requires better-quantified observational uncertainties, characterization of in-
ter-instrument errors/differences, and model-observation representation errors.

•	 Model constraints on atmospheric state alone are insufficient for constraining aerosol forcing 
and climate sensitivity. There is a need to additionally constrain key processes, whilst account-
ing for covariability of aerosol, clouds, and vertical motion.

•	 LES simulations provide a crucial bridge across scales, but a lack of routine LES, and limited 
representativeness of existing LES ensembles hinders progress.

•	 Efforts are needed to operationalize the cycle of model development, PPE creation, and obser-
vational constraint.

•	 Multi-scale frameworks are needed to link observations to ESMs.

Discussions at M2M underscored the pivotal role of observations, including laboratory, in situ, and 
remote sensing, in informing and improving ESMs. Traditionally, ESMs have been tuned to match 
a variety of metrics of the present-day state (Mauritsen et al. 2012; Hourdin et al. 2017); however, 
workshop participants agreed that this approach alone is likely insufficient to constrain aerosol 
forcing or climate sensitivity and produce robust future projections. Instead, a range of strategies 
is emerging for harnessing observations to refine ESMs (Regayre et al. 2018; Watson-Parris et al. 

HOW ARE OBSERVATIONS BEING USED TO 
IMPROVE ESMS?4
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2021), from improving individual process representations to integrating multi-scale observational 
data into comprehensive uncertainty frameworks. The BIFES framework described in Section 1.3 
builds on this.

A range of state-of-the-art strategies for reducing ESM prediction uncertainty using observations 
was showcased at M2M. These include: (a) improving parameterizations of individual microphys-
ical processes; (b) emulating or applying machine-learning to represent microphysical processes; 
(c) calibrating model ensembles; and (d) using PPEs to identify structural model deficiencies.

Based on guidance emerging from discussion at M2M, (a) would ideally adopt a Bayesian context 
for any model improvement (Section 1.3). Discussion at M2M recommended considering multiple 
interacting processes in the development of ESMs (e.g., via (b), (c), and (d)).

Current ESM evaluation methods are diverse, with different modeling centers utilizing their own 
preferred subset of available observations. This has led to a scenario where individual ESMs ex-
hibit skill at simulating certain aspects of the present-day climate yet, when compared across a 
broad set of observational metrics, none outperforms the (unphysical) multi-model mean (Gleck-
ler et al. 2008; Knutti et al. 2010; Parsons et al. 2021). Such diversity suggests that despite advanc-
es in ESM fidelity informed by observational constraints, ESMs still produce inherently uncertain 
future projections in part because each ESM is getting different aspects of the Earth system ‘right.’

Contemporary ESM development efforts focus on ensuring that simulated atmospheric states 
agree with observational benchmarks. This is a zeroth-order metric for ESM believability that 
makes good use of abundant observations of the current atmospheric state. However, matching 
present-day conditions does not automatically translate to reliable future projections (Figure 7). 

Figure 7. An illustration of how the historical record of observations can be matched by more than one set of process 
representations, but with dramatically different future predictions (higher or lower Equilibrium Climate Sensitivity; 
ECS). Courtesy of M2M SOC.
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There are many observables that have little to no bearing on the processes that we know are 
important drivers of prediction uncertainty. Participants emphasized the need for further pro-
cess-level observations that explicitly account for meteorological covariability across multiple at-
mospheric regimes to target the persistent drivers of ESM uncertainty. Lagrangian observations 
(e.g., via unmanned aerial vehicles) and enhanced geostationary satellite systems could also be 
used to target specific model processes. With further advancements in instrumentation, these 
systems could more effectively constrain process-level model uncertainties.

Increasing the complexity of individual parameterizations can lead to higher ESM fidelity by in-
creasing the number of ways that a given ESM can move in to match observations. These in-
creased degrees of freedom come at the expense of increased computational cost. One option 
to increase degrees of freedom with minimal additional cost is to replace some ESM components 
with parameterizations generated by machine learning either through empirically matching ob-
servations or attempting to emulate existing high-cost parameterizations (Beucler et al. 2021; 
Harder et al. 2022; Perkins et al. 2024). 

As noted by participants, increased parameterization complexity can increase model fidelity and 
may potentially improve processes that are relevant to seasonal-to-decadal prediction. Howev-
er, parameterizations cannot fully capture the complex interactions that drive predictability even 
if they are improved to more accurately represent a given process or observable. The analogy 
of “perfectly crafted puzzle pieces that don’t fit together” illustrates the limitations of isolated 
process improvements and reinforces the need to consider how processes interact and differ 
between environments (Section 1.3). Challenges remain in producing parameterizations that cap-
ture essential principles governing microphysical systems, rather than just statistical correlations 
in training data. A key concern is that overfitting or attempting to replace physics with machine 
learning could be inherently risky for the core mission of ESMs. ESMs need to provide stakehold-
ers with seasonal-to-decadal predictions, which often requires making out-of-sample predictions 
and so require careful validation and testing procedures. This was brought up both at M2M and 
at the follow-on breakout at the ARM/ASR meeting.

Another option to improve ESM fidelity is by more explicitly leveraging LES, which provide a cru-
cial bridge between explicitly resolved processes and the subgrid scale parametrizations used in 
ESMs. LES allow for controlled experimentation and detailed process-level insight, making them a 
powerful tool for constraining and developing parameterizations. However, routine use of LES for 
this purpose is in its infancy, and existing LES ensembles are often highly idealized and narrow in 
scope. For instance, large-scale LES ensembles have explored key axes of cloud variability, such 
as cloud droplet number (Glassmeier et al. 2019) or surface and environmental conditions (Jans-
son et al. 2023), but rarely both simultaneously (Sansom et al. 2024). While these datasets have 
enabled progress in quantifying physical sensitivities and parameter uncertainty (Hoffmann et al. 
2020), their representativeness remains limited. This restricts the generality of any parameteriza-
tions derived from them, particularly when the underlying processes are sensitive to initialization 
timescales or exhibit transient behavior (Glassmeier et al. 2021). Broader and more systematically 
designed LES ensembles, including those targeting observationally relevant regimes (Erfani et al. 
2025), are therefore essential for realizing their full potential in ESM development.
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A significant advancement in how we develop ESMs, relative to one-at-a-time/artisanal tuning 
approaches has been the use of PPEs to systematically quantify model uncertainty, then calibrate 
against a wide range of observations to constrain that uncertainty (Yarger et al. 2024). These ap-
proaches have been effective in exposing structural model deficiencies, such as when a model 
may excel at simulating one aspect of the Earth system at the expense of another (Regayre et al. 
2023). Despite these successes, the potential to calibrate PPEs against observations is current-
ly limited by uncertainties in the observational data (Section 3.1) (Elsaesser et al. 2025) and the 
lack of robust frameworks to quantify model–observation representation errors (Schutgens et al. 
2017) and efficiently identify and address structural model deficiencies. 

For observations to more effectively inform ESM development, robust observational uncertainty 
quantification is essential. This means not only recording instrument-specific uncertainties but 
also understanding and accounting for inter-instrument discrepancies and spatial-temporal rep-
resentation errors (Section 3.1). M2M participants envisaged the creation of a comprehensive ob-
servational database that incorporates these uncertainties and enables consistent benchmarking 
across ESMs. In addition, a clear need was identified to conduct more laboratory measurements 
to better estimate measurement uncertainties, and indirectly improve process-level understand-
ing, as these uncertainties are often unknown beyond the intuition of the instrument developer. 
The observational database would include multiple retrievals of key observables such as cloud 
droplet number, along with pixel level uncertainties for each product. This supports the retrieval 
bundle idea discussed above. This database would enable modelers and observationalists to es-
tablish agreed tolerances for each observable variable, thereby determining which ESM variants 
are most likely to produce observationally-plausible future projections. 

In turn, well-calibrated PPEs could provide actionable insights on where new observations are 
most needed (Section 5), creating a feedback loop that can be used to refine both ESM devel-
opment and observational practices. Furthermore, because certain ESM processes and proper-
ties, such as ice microphysics, ice crystal radii, and aerosol-cloud interactions, are highly sensi-
tive to structural choices made during parametrization, parameter perturbation effects will vary 
between ESMs. One way around this that was discussed at M2M was the idea of multi-model 
PPEs that sample both parametric and structural uncertainties (Shiogama et al. 2014). While not a 
new idea, the approach has not yet been attempted for several reasons: only a small number of 
modeling centers have historically had the capability to perform PPEs; there are large structural 
differences between ESMs and a lack of agreed-upon observational metrics. Nevertheless, these 
multi-structure ensembles will be a crucial tool for characterizing the shared causes of prediction 
uncertainty across the next generation of ESMs.

A recurring theme was the need for multi-scale frameworks that can bridge the gap from lab ex-
periments and microphysical observations to particle-resolved and large-eddy simulations, and 
ultimately to ESMs. Some recent work was presented along these lines connecting a process mod-
el-based PPE with a simple energy-balance model to constrain the processes based on historical 
temperature trends and leading to a reduced posterior uncertainty for this model (Watson-Parris 
2025). Further work is essential to quantify how uncertainties propagate across these scales so 
that climate-scale parametrization uncertainties can be robustly quantified. 
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Overall, while M2M highlighted progress in using observations to improve ESMs, the transition 
from promising pilot studies to an operational framework applicable across multiple modeling 
centers will require a more rigorous, multi-scale, and uncertainty-aware approach. By integrating 
enhanced process-level observations with comprehensive uncertainty quantification and multi-
model calibration techniques, the community can make significant strides toward reducing the 
uncertainty in Earth system projections and improving the reliability of ESMs.
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Where we are: As the field of atmospheric science matures, field campaigns are increasingly 
shifting from exploratory to hypothesis-driven science, leading to a need for strategic campaign 
planning that can robustly test specific hypotheses. Simultaneously, observation-driven im-
provements to ESMs remain limited by a lack of available frameworks to differentiate between 
parametric and structural uncertainties in complex systems.

Progress made: There is growing recognition of OSSEs, digital testbed approaches, and mod-
el-guided experimental design for planning and prioritizing observations.

Remaining gaps: Observations often lack systematic uncertainty quantification, and observa-
tional campaign designs are not always well-integrated with ESM development needs.

What’s needed: Innovative, robust machine learning and software frameworks are needed  to 
support parametric and structural uncertainty quantification, accelerate the model develop-
ment life cycle, and support strategic field-campaign design. A structured approach is needed 
to designing and prioritizing field campaigns for process-level constraints, using a hierarchy of 
models.

Key Findings:

•	 Model-Guided Experimental Design: observing system simulation experiments (OSSEs), vir-
tual deployments, and model hierarchies are needed to optimize and prioritize high-cost 
fieldwork aiming to improve understanding of the processes relevant to seasonal-to-decadal 
environmental prediction.

•	 Shorter-term predictability of weather can be evaluated during the period of most field cam-
paigns. For seasonal-to-decadal environmental prediction there needs to be a modeling step 
that lets short-term observations link to seasonal-to-decadal questions.

•	 Advances in process understanding are possible from opportunistic experiments and per-
turbation studies in outdoor environments. 

•	 Field campaign proposals targeting specific processes through “closure studies” are often 
deemed too pedestrian, but such targeted measurement strategies are critical for constrain-
ing processes.

Efforts to better understand microscale process observations and their larger-scale effects now 
span several decades. In the period after World War II, as observations of microphysics under-
went a surge of interest (Vonnegut 1947), there was so much new scientific territory to explore 
that any foray into the atmosphere yielded observational riches and improved physical under-

HOW CAN WE PLAN FUTURE PROCESSES 
OBSERVATIONS TO REDUCE PREDICTION 
UNCERTAINTY?
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standing. This can be thought of as a period of setting our priors. Over time, understanding of 
microphysical processes and their interactions has improved, and models have been developed 
and refined to represent them. Scientists have developed increasingly complex models of cloud 
microphysics processes, drawing on laboratory experiments, observations of clouds and pre-
cipitation in the natural environment, and theory (Morrison et al. 2020). Aerosol sources and 
distributions have been better characterized, and major global sources of aerosol and their 
primary known feedbacks within the Earth System are increasingly represented in models (Car-
slaw et al. 2010).

As the field of atmospheric science matures, we have witnessed a shift from exploratory field 
campaigns to more hypothesis-driven and integrative science, including efforts to characterize 
and reduce uncertainties in key large-scale ESM-projected outcomes that depend critically on 
microscale processes. Programs such as the Climate Process Teams (CPTs) have succeeded 
in bringing together modelers and observational scientists to target specific process improve-
ments in ESMs, using existing observations as constraints. 

Simultaneously, advances in computational power are enabling scientists to simulate larger do-
mains at higher resolutions than ever before. This includes both the recent emergence of a new 
class of kilometer-scale “convection-permitting” models (Donahue et al. 2024), and the appli-
cation of limited-domain models, including large eddy simulation (LES) models, to increasingly 
larger domains. From both sides, the gap in scales continues to narrow between microscale pro-
cess observations and large-scale simulations of cloud, aerosol, and boundary-layer processes. 

These transitions have led to both increased opportunities to improve the process fidelity of 
atmospheric models, and an increasing need for strategic campaign planning to robustly test 
specific hypotheses. Simultaneously, the pace of observation-driven improvements to ESMs is 
still limited by a lack of robust, hierarchical frameworks that facilitate the integration of pro-
cess-oriented observations into the development workflow.

There is a growing recognition that simulations can be used to identify where and how poten-
tial new observations will have the greatest ability to constrain specific physical processes, or 
address process-oriented science questions. For example, high-resolution atmospheric models 
such as LES are now sufficiently advanced that they can produce skillful representations of field 
experiments (McCoy et al. 2024), suggesting that they could and should be used more exten-
sively in field experiment design. Models are increasingly being deployed to compare alterna-
tive designs for proposed laboratory facilities that aim to isolate and study specific cloud micro-
physical processes (Wang et al. 2024). And models are being used at the ESM scale to identify 
the locations and types of observations that are most informative for specific science questions 
(Regayre et al. 2014; Gettelman et al. 2020; Song et al. 2025).

One approach for systematically employing models in such a fashion is an observing system 
simulation experiment, or OSSE. The term “OSSE” originates in the remote sensing community, 
where OSSEs have long been used, for example, to simulate the impacts of proposed designs of 
new satellite systems (Hoffman and Atlas 2016).
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More broadly, an OSSE can be defined as a simulation-based quantification of the expected 
capability of any future observing system to meet its stated design purpose. In their review of 
current OSSE use by US agencies that make Earth observations, Zeng et al. (2020) differentiate 
three different types OSSEs, which can be employed to achieve different aims:

1.	 to optimize observational data for forecast improvements (forecasting OSSEs),
2.	 to determine the spatial and temporal sampling requirements to address a specific science 

question (sampling OSSEs), and
3.	 to define technical requirements for new instrumentation to address a specific science ques-

tion, before that instrumentation is built (retrieval OSSEs).

An OSSE framework that directly connects process-oriented observing systems to key aspects 
of Earth System predictability would provide a powerful tool to optimize the design of future 
field campaigns, ground-based observing networks, and satellite observations, for the purpose 
of addressing specific science questions and optimizing specific predictions of interest.

One major challenge in building such a framework is the need to connect fast microscale pro-
cesses to their macroscale effects at the seasonal-to-decadal time frames. Tackling this chal-
lenge requires a hierarchy of models that can resolve processes occurring at different scales 
(Figure 3).

Bridging across these multiple scales is a longstanding challenge, but modern machine learning 
methods are opening new pathways to tackle this challenge. The application of machine learn-
ing to problems of Earth system predictability is currently an active research frontier. The simul-
taneous exploration of a variety of approaches by multiple research teams will drive innovation 
in this area in the coming decade.

We argue that we are now in the period of needing to craft studies that strategically target 
high-value processes that we know impact predictability (Kahn et al. 2017). As Earth system sci-
ence evolves and matures, there should be an expectation that large, resource-intensive field 
studies and observing systems need to objectively demonstrate how they will target specific 
model process improvements, either by providing observations that are sufficient to differenti-
ate between specific hypotheses, or by obtaining quantitative reductions in known uncertainties 
through observational constraints. Simply put, observational campaign/deployment designs 
need to be better integrated with OSSEs that assist in planning of technical requirements and 
sampling needs and driven by ESM predictive needs. This requires practitioners across multiple 
subdisciplines—from process-oriented observations to modeling at the Earth System scale—to 
develop new ways of coordinating. 

5.1 Causality in the Earth system

Studying microscale processes in the context of the Earth system is not only a challenging mul-
tiscale problem (Figure 2), but also requires grappling with a system intensely subject to equi-
finality7  (Beven and Freer 2001), where causal inference is difficult (Section 1.3). Being able 

7  Many combinations of processes can produce the same outcome.	
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to isolate flows of causality between observables is challenging in the atmosphere (Stevens 
and Feingold 2009; McCoy et al., D. T.  2020; Mikkelsen et al. 2025) and ultimately necessitates 
observing some sort of perturbation to the system (McCoy and Hartmann 2015; Mace and Ab-
ernathy 2016; French et al. 2018), modeling to build causal understanding (McCoy, D. T. et al. 
2020; Mikkelsen et al. 2025), or both (Malavelle et al. 2017; Toll et al. 2019). During M2M, several 
approaches were discussed as promising avenues to tackle causality inference using observa-
tions and connect it to decadal predictability. We briefly outline them below.

Opportunistic or “natural” experiments (Christensen et al. 2022) enable studies of a system’s 
response to external perturbations, for example cloud responses to volcano plumes. A number 
of recent ‘opportunistic experiments’ have studied cloud microphysical responses to transient 
aerosol changes such as those from volcanoes ( McCoy and Hartmann 2015; Mace and Aber-
nathy 2016; Malavelle et al. 2017), shipping (Gryspeerdt et al. 2019; Diamond et al. 2020), and 
changes in emission controls (McCoy et al. 2018; Wall et al. 2022). Other phenomena can also 
be leveraged to understand how clouds respond to warming; for example, through studies of 
marine heat waves (Myers et al. 2021; McCoy et al. 2023).

Studies where observations are coordinated with intentional perturbations to the atmospher-
ic state also have a long history in the field (Vonnegut 1958). Historically, these studies were 
not designed to achieve the goal of advancing fundamental process understanding. However, 
new approaches in recent work where the experimental design of perturbation studies has 
been scoped to improve basic physical process understanding have produced valuable insights 
(French et al. 2018; Henneberger et al. 2023). Perturbative studies in which microphysical cloud 
or aerosol changes are induced by deliberate injection of aerosol particles provide a clear way 
around the causality problem. These include projects such as Seeded and Natural Orograph-
ic Wintertime clouds: the Idaho Experiment (SNOWIE) (Tessendorf et al. 2019); Eastern Pacific 
Emitted Aerosol Cloud Experiment (E-PEACE) (Russel et al. 2013); and marine cloud brightening 
over the Great Barrier Reef (Latham et al. 2013; Hernandez-Jaramillo 2025). 

5.2 From probe to planet

As pointed out by several speakers at M2M, we need to identify ways to make our observa-
tions better constraints for ESMs, because ESMs will continue to be a critical tool needed for 
predictions at the key seasonal-to-decadal scale. This needs to be done with alacrity. We need 
to develop efficient, tractable solutions for how we unite field campaigns and the laboratory 
with ESM development to be able to provide stakeholders with robust, actionable projections 
of years and decades into the future. Field experiments have typically been designed to provide 
new knowledge and understanding of basic processes but are increasingly being used to ad-
dress deficiencies in the representation of these processes in large scale models. 

As an example, the 2008 Variability of the American Monsoon Systems (VAMOS) Ocean-Cloud-
Atmosphere-Land Study (VOCALS) program (Mechoso et al. 2014) involved two large-scale mod-
el assessment projects. The first (Wyant et al. 2010) was designed to take place prior to the 
VOCALS field campaign and helped set the observational sampling protocol for the campaign. 
Based on this, VOCALS adopted a “routine” sampling approach that allows the building of sta-
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tistical sampling along one geographical transect that is repeated numerous times during the 
campaign (Bretherton et al. 2010; Wyant et al. 2015). The routine sampling approach is more 
common now (Wofsy 2011; Albrecht et al. 2019; Redemann et al. 2021), establishing a frame-
work for meaningful direct comparison of campaign-mean properties and process-driven re-
lationships between variables with ESMs. However, we are still falling short on using ESMs to 
systematically aid the design of most field studies. Model simulations should be sampled to 
evaluate a variety of different possible sampling approaches, for example whether continuous 
sampling at a stationary surface site or sampling at limited times but over a larger spatial area 
provides more stringent constraints on processes of interest in ESMs. 

An extensive literature for spaceborne observations exists through OSSE ( Arnold and Dey 1986; 
Cucurull et al. 2024) approaches. Field observations can be modeled using an OSSE approach, 
but currently this is rarely carried out prior to the observational campaign. This would be ex-
tremely valuable for field experiment design and necessary to tell us the impact of a given field 
campaign on our ability to offer robust decadal predictions. Satellite OSSEs use models to test 
different satellite system designs before instruments are built or deployed. A critical step is to 
compare the proposed new satellite performance with what is available from the current ob-
serving platforms to establish the benefits of new measurements. 

A field campaign approach to the OSSE framework could be used to optimize where and when 
to deploy field measurements, determine what geophysical variables must be measured and 
how accurately, and determine if the experimental hypotheses to be tested can be refuted 
given the expected sampling uncertainties and covariances between variables that may make 
hypothesis testing difficult. An example is a potential closure study for warm rain falling from 
marine stratocumulus clouds, in which the hypothesis to be tested is that, after controlling for 
meteorologically driven variability, we are able to constrain, with sufficient statistical power, the 
sensitivity of warm rain to the concentration of cloud droplets in the cloud. This is the essence of 
the precipitation susceptibility metric (Feingold and Siebert 2009). We know that the amount of 
condensate a cloud contains, sometimes expressed in the form of the liquid water path (LWP), 
is the leading predictor of a cloud’s propensity to precipitate (Byers and Hall 1955; Pawlowska 
and Brenguier 2003). To account for this thermodynamic and meteorological control on pre-
cipitation, the field study would need to be able to take sufficient coincident measurements of 
LWP and precipitation rate to be able to regress out the impact of LWP. But there must also be a 
sufficient variability in the cloud droplet concentration to exert a detectable influence on precip-
itation above that driven by variability in LWP. Using the field OSSE approach, we would be able 
to essentially perform a precipitation susceptibility analysis with the ESM output to establish the 
potential for successfully testing the experimental hypothesis. 

There are consequential choices involved in how to sample the atmosphere in field studies [e.g., 
survey type flying designed to sample large-scale gradients in cloud or aerosol properties (Wood 
et al. 2011) vs highly localized flights designed to capture specific processes (e.g., cloud droplet 
activation)]. These different types of sampling are often in tension. A result of this tension is that 
field experiments frequently have too many objectives, make too many sampling compromises, 
and do not focus sufficiently on pressing unsolved issues. How would the experimental plan-
ning process differ if we were to use OSSE data (e.g., from a month-long simulation of a specific 



Micro2Macro: Origins of Climate Change Uncertainty 34

target region) to design sampling strategies in an objective way? Spaceborne missions have to 
make hard choices on the ground that cannot be fixed once the satellite is in orbit, while there 
may be the perception with field campaigns that ‘we can fix it once we are there.’ However, once 
in motion field campaigns have substantial inertia and decisions like what instrumentation is 
being deployed are rarely revised in any substantial way. It would make sense to use OSSE tech-
niques for field deployments and campaigns in the same way that we use these for spaceborne 
missions. 

The importance of and requirement for OSSEs as part of field campaigns were key points of 
community consensus at M2M. This was revisited at the DOE ASR/ARM meeting in 2025 as part 
of a M2M follow-on breakout on OSSEs and uncertainty quantification.8  There was agreement 
in the breakout that these tools would have been useful for recent major efforts such as the 
Bankhead National Forest deployment for topics as simple as the site deployment and has been 
critical to result from the Pi Chamber at Michigan Tech where processes need to be inferred 
from observables—even when the environment (a cloud chamber) is strongly controlled. 

We view the OSSE concept as a key component of the overall BIFES framework proposed in 
Section 1.3. OSSEs form the link between observations and models that can be used to explore 
multi-process uncertainty. One key recommendation from M2M was to continue to build a 
framework that allows us to plan future field campaigns and make clear, supported statements 
about how the cost of deployment is valued in reduced prediction uncertainty. 

While the OSSE and encompassing BIFES framework may not be needed for every sort of field 
deployment, it is needed for studies that seek to improve our seasonal-to-decadal predictions. 
Studies examining short-term phenomena that can be characterized within the days-to-weeks 
period of a typical field campaign may not benefit from this step, but as far as we know there is 
no way to assess the impact of new observations on longer-term predictions without incorpo-
rating an ESM (Figure 3).

One consistent feature of discussion at M2M was the idea that closure studies were a method 
that allowed observations and models to close the gap between observables, causality, and pro-
cess understanding. Closure can take many forms and effectively means the attempt to predict 
an observable based on a model of the processes linking different characteristics of the system 
(Wood et al. 2012; Kang et al. 2022). Closure studies represent one of our best tools that we 
can use to really build process understanding and link between microphysics and what we can 
implement in an ESM. It was pointed out that it is difficult to propose campaigns that focus on 
getting a single process study right as being too narrow and pedestrian. One possibility is that 
by being able to better contextualize the impacts of getting a narrow set of processes right with 
a focused campaign would better support the need for more targeted field work. For instance, 
a closure study focused on one specific convective rain process might not find support using 
typical campaign criteria, but if the infrastructure existed to show that a campaign focused on 
closure in this quantity would improve, say, our prediction of heavy rain over Alabama in the 

8   See: Uncertainty quantification and Observing System Simulation Experiments (OSSEs) for ARM data

https://www.orau.gov/support_files/2025ARM-ASR/B-Uncertainty_quantification_and_Observing_System_Simulation_Experiments_(OSSEs)_for_ARM_data.pdf
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next decade, support for the campaign could be motivated by economic necessity. One exam-
ple of this is the SAM-CAAM systematic measurement concept (Kahn et al. 2017).

One impact of operationalizing and requiring this step alongside traditional pre-campaign activ-
ities like flight planning would be to lead to a greater return on investment in field experiments 
and the targeting specific processes. Discussion at M2M began to sketch out what this might 
look like. We have provided a rough flow chart to illustrate this in Figure 8 and we discuss this 
concept below. 

This is illustrated with the idea that the proposed campaign should improve seasonal-to-decadal 
predictability in the Earth system. First, we need to evaluate where we think uncertainty is com-
ing from. One way to do this systematically could be to use one of the many existing PPEs, 
or some aggregate of them, to look at how observables from a campaign correspond to ESM 
predictions. One example of this might be work showing substantial constraint of historical 
radiative forcing by summertime cloud droplet number in pristine, high-latitude environments 
(Carslaw et al. 2013; McCoy, I. L. et al. 2020; Song et al. 2025). Having identified an observable (or 
set of observables) and a region, and given ourselves some priors regarding what sort of con-

Leverage PPEs to identify 
covariance between 

observables, processes, and 
prediction uncertainty.

Focus in on region and plan 
sampling/observations. 

Run synthetic pre-campaign 
with BIFES and evaluate impact 

of synthetic observations on 
prediction uncertainty.

Iterate on 
campaign 

design.

Conduct campaign. Identify 
structural model error and/or 

constrain process 
representation.

Figure 8. A potential approach to deploying observations to improve Earth system predictability. 
Courtesy of M2M SOC.
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straints on predictability we can get from measurements there, we can start to burrow down to 
the details of campaign design. This could be achieved through a mix of single column modeling 
and relatively high-resolution simulations to plan details like whether to sample systematically 
or whether to target particular weather states. Once we have an idea of the sampling strate-
gy, we can plug our synthetic campaign into the BIFES framework. Tools to contrast ESMs and 
field observations exist (Gettelman et al. 2020) and can be implemented in this step with the 
background of a PPE-type design in BIFES. At this point we may find that our decisions about 
what sort of measurements to make and what sort of sampling to employ may produce insuf-
ficient changes on predictability at the global scale. Different combinations of measurements 
and sampling approaches can be rapidly attempted to arrive at an optimal deployment. Key ob-
servational metrics like how big a systematic uncertainty are tolerable can be tried out here. For 
instance, we might find that we need to fly several instruments measuring the same quantity to 
create an observation bundle (Elsaesser et al. 2025; Jones et al. 2025; Zhang et al. 2023). Finally, 
once the campaign is completed, the results can be plugged back into the existing framework 
relatively quickly and can evaluate whether we are able to reduce uncertainty in a purely para-
metric manner or whether we also find a structural disagreement with the ESMs we rely on to 
produce long-term predictability.
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Where we are: ESM developers increasingly recognize the importance of prediction uncertainty 
quantification, but practical implementation is lagging.

Progress made: Steps have been taken toward integrating PPEs into ESM development cycles 
and multi-ESM comparisons. Major steps forward have occurred in observing microphysics and 
adding new processes to ESMs. 

Remaining gaps: There is need for a community of practice, standardized best practices for 
ESM-observation comparisons, and more coordinated multi-ESM studies.

What is needed: New approaches to implement include multi-ESM PPE studies, multi-scale 
frameworks to link from observations to ESMs, hypothesis-driven multi-model attributions, and 
uncertainty-aware seasonal-to-decadal projections.

Key Findings:

•	 Emphasis is needed on uncertainty in ESM seasonal-to-decadal predictions, departing from 
a historical focus on state fidelity.

•	 Advance tractable and robust uncertainty quantification in observational products, paired 
with instrument simulators and Bayesian uncertainty (Section 1.3) are needed.

•	 There is a need to plan observations that are coupled to ESM development to identify 
high-value observations.

•	 Coordinate Multi-ESM PPE studies to characterize both structural and parametric uncertain-
ty.

After two days of presentations and discussion the SOC went into retreat to develop a top-level 
set of recommendations based on M2M. These top-level recommendations were presented in 
the final half day to all in attendance to assess broad consensus. We describe these recommen-
dations in this section.

First, it is important to recognize the massive strides that the community has made in moving 
towards tackling one of today’s most challenging and societally-impactful multi-scale scientif-
ic problems. This problem has been with us since the very earliest days of developing ESMs. 
Syukuro Manabe’s recent Nobel prize win emphasizes the need to consider small, fast con-
vective processes to represent and predict the atmospheric structure (Manabe and Wetherald 
1967). ESMs that can deliver predictability across the seasonal-to-decadal boundary have grown 
in complexity and skill. However, simply because of the massive scale gap between the planet 

WHAT DO WE DO NEXT?6
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and the microscale (Figure 2), we are still confronted with the grand challenge of abstracting 
those processes and harnessing them to offer robust, reliable predictions. 

Bridging the scale gap between planetary and microscales is hard and by nature will introduce 
uncertainty. We emphasize that the Earth system is coupled, and we need to have global models 
(ESMs) that allow for this coupling and represent teleconnections across the planet. We know 
that small, fast processes directly impact ESM predictions (Lehner et al. 2020; Sherwood et al. 
2020; Watson-Parris and Smith 2022; Gettelman et al. 2025). There has historically been a great 
deal of emphasis on the importance of parameterized processes related to the top-of-atmo-
sphere energy budget (Andreae et al. 2005; Zelinka et al. 2020). However, regional changes are 
the key consideration as we provide guidance to stakeholders. While microscale processes are 
clearly important for the global energy budget, these processes are also important for our abil-
ity to provide regional forecasts at the seasonal-to-decadal scale. Parameterized processes set 
patterns of heating and cooling in the atmosphere that in turn set circulations. We can leverage 
high resolution models to reduce our reliance on some parameterizations, but it is important 
to emphasize that the scale gap is still enormous, and regional models do not explicitly resolve 
phenomena like convective clouds and smaller turbulent motions that are key to mesoscale 
cloud organization and cloud radiative properties (Figure 2). In addition to not resolving relevant 
microscale processes, regional models are still dependent on the boundary conditions from 
ESMs to offer future predictions. 

The discussion above is not meant to disparage any class of model. It is important to recognize 
that confronting the complex, multiscale problem of predicting the Earth system requires a 
hierarchy of model classes that each resolve different features and have different scales of geo-
graphic and temporal coverage. However, if we seek to offer stakeholders predictions on the 
scale needed to make societal decisions for the future, we are going to need ESMs, and to have 
reliable ESMs, we need to better understand and constrain ESM prediction uncertainty.

6.1 Prediction uncertainty instead of fidelity

Given that we are stuck with parameterization, what steps can we take to reduce prediction 
uncertainty? As a scientific community, we have been making ever more complex ESMs over the 
last few decades, yet key metrics related to historical forcing uncertainty and climate sensitivity 
have not narrowed (Bellouin et al. 2019) and have in some cases broadened (Zelinka et al. 2020) 
as we move to ESMs that represent more processes and allow higher prediction accuracy.

Broadly, the key deliverable of an ESM is a reliable, interpretable prediction of future environ-
mental state with the ability to couple to emissions decisions. The seasonal-to-decadal time 
scale is key to most forms of infrastructure planning from bridges to nuclear power plants. 
However, the way that we develop ESMs is often not focused on uncertainty in future predic-
tions as much as it is focused on matching the mean-state of various observables. Essentially, 
any ESM can be built to match observables well by adding more and more parameterization 
and model structure, but this may not necessarily address underlying causes of prediction un-
certainty. Here, we make suggestions for dealing with more sophisticated ESMs to allow higher 
accuracy predictions of the future.
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Perturbed parameter/process/physics ensembles (PPEs) were discussed at length during M2M. 
These are powerful tools that allow a systematic evaluation of parametric uncertainty. They 
also reveal how ESM equifinality limits observational constraint (Lee et al. 2016), which needs to 
be addressed to provide stakeholders with robust predictions. A clear example of the tension 
between calibrating ESMs in this framework was presented by Greg Elsaesser (Elsaesser et al. 
2025). The NASA GISS calibrated PPE (CPE) is built on the GISS E3 model where many parame-
ters that we know affect ESM behavior are systematically perturbed. The resultant ensemble is 
confronted with an array of spaceborne observations. This results in a set of ESMs where our 
observational record and the ESMs are in the best agreement. 

The results presented at M2M by Greg Elsaesser and Ken Carslaw, combined with the results 
issuing from other systematic explorations of how mean state maps to system response in the 
UK ESM (Sexton et al. 2021; Yamazaki et al. 2021), underlines the disconnect between observ-
ables and predictions. At the same time, they illustrate how we can use new approaches to ESM 
development to better close the gap between observations and predictions. These approaches 
show us how constraining an ESM with observations affects prediction uncertainty. Because 
of this strength, it is important that PPEs are more integrated into the ESM development cycle 
and that ESM development needs to focus on agreement with observations that exert the most 
leverage on future prediction uncertainty. Essentially, ESM development needs to move from 
being concerned with fidelity in replicating the observed state to concern with uncertainty in 
predicting the future. We have a set of computational tools to make this connection, but it re-
quires sustained commitment to make this a concrete part of the ESM development cycle.

6.2 Planning observations and avoiding false positives

The community should push towards focused observational campaigns and deployments that 
prioritize reducing projection uncertainty from ESMs. This suggestion is more relevant to subor-
bital observations where there is a large degree of freedom in how to sample key phenomena, 
flexibility in which instruments are included, and the deployment cost is relatively low.

A key component of determining the utility of any observations is the need for clear system-
atic error assessments. For most model evaluation purposes, the key uncertain quantity is the 
systematic uncertainty rather than the random uncertainty. This uncertainty is conceptually 
difficult to quantify, but is critically important for ESM development goals. Even for relatively ba-
sic observables, systemic uncertainty can be quite large (Lance et al. 2010). Discussion at M2M 
exposed a disconnect between those developing models and those developing observations. 
Observationalists are loath to provide a reductive view of uncertainty in their observations. Sys-
tematic uncertainty assessments are challenging and are not available for many instruments. 
ESM developers need assessments of systematic uncertainty that consider all sources of error 
and scale to the ESM sampling, as opposed to a very complex, but potentially lower estimate of 
systematic uncertainty that cannot be readily used in the context of an ESM. 

One recommendation for near-term ESM development is to create observation bundles where 
multiple techniques to measure an observable are grouped together as a simple assessment of 
systematic uncertainty. Such activities could build on the successful NASA Making Earth System 



Micro2Macro: Origins of Climate Change Uncertainty 40

Data Records for Use in Research Environments (MEaSUREs) Program, which focuses on the 
generation, availability, and utility of Earth system data records. There are also major opportu-
nities through the ARM program, which hosts instrument dense deployments that can develop 
observation bundles and the NASA A-Train. A longer-term suggestion directed at scientists mak-
ing and providing observations is to provide an estimate of systematic uncertainty that can be 
used readily at the ESM level and then, if possible, higher-detail assessments. If no systematic 
uncertainty is available, this needs to be clearly stated in the documentation of an observa-
tion. One of the key frameworks emerging from discussion in the SOC following M2M is BIFES 
(Section 1.3). The BIFES framework uses PPEs combined with OSSEs/instrument simulators to 
provide a connection between (a) process and observations and (b) observations and predic-
tion uncertainty. We provide BIFES in the context of a closure between ESMs and observations. 
Observations can provide insights into but are not themselves processes. We envision closure 
as the most straightforward way to make observations process-aware (Section 5). The BIFES 
framework illustrates that without some assessment of systematic uncertainty in observations, 
no process can be formally ruled out (Section 1.3). 

A broader impact from the BIFES framework is that it is by nature Bayesian and can handle the 
equifinality in the Earth system (Section 1.3; Figure 4). Most observables are dependent on mul-
tiple processes, and by understanding this, we can update ESMs and, by extension, their pre-
dictions in a robust way. To allow for the equifinality of the Earth system, we need to consider 
the impacts of multiple processes and associated uncertainties into our evaluation of ESMs with 
observations. By not considering this, new observations have a higher likelihood of rejecting 
the current processes representation incorrectly (Figure 5). Rejecting previous process under-
standing is an alluring prospect. It is incentivized by publication and grant-making that focuses 
on novelty. However, this rejection may not be robust without including other sources of uncer-
tainty or conflicting observation data. Considering uncertainty from all relevant processes to a 
set of observations or considering systematic error across multiple observations of a quantity 
widens the space of observations that are consistent with a given mathematical representation 
of process.

A recurrent theme of M2M was that we need to develop capacity to plan future observations 
to maximize leverage from those observations in reducing ESM prediction uncertainty. This 
process is more formalized for spaceborne deployments but is less common for suborbital ob-
servations. We view this as one of the side benefits of the BIFES framework where the effect of 
updating our process uncertainty with new observations can be propagated forward to predic-
tion uncertainty. This will require sustained effort and commitment to develop an infrastructure 
for integration between ESMs, satellite observations, and in-situ/lab measurements. By building 
digital testbeds like BIFES, we envision creation of robust model-guided experimental design 
and better understanding of how observations feed through to increased predictive skill.

6.3 The incomplete model and bridging across scales

The aphorism that ‘all models are wrong, but some are useful’9 compactly sums up some of the 
challenges with generating predictions of the future with ESMs. Broadly, M2M discussed the 
wrongness of ESMs in the context of parametric error and structural error. There is broad agree-
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ment that PPEs provide a useful way to evaluate parametric error, and these tools are becoming 
increasingly common for ESM developers  (Sexton et al. 2021; Regayre et al. 2023; Eidhammer et 
al. 2024; Elsaesser et al. 2025). However, it is likely that we may simply miss processes or have 
entirely the wrong mathematical representation of them—what then? A common theme across 
M2M was the idea that we can at least begin to approach the idea of structural uncertainty by 
contrasting PPEs hosted in different ESMs. There are other ways to incorporate structural un-
certainties, including the use of more generalized functions that can be adjusted parametrically 
to allow a single ESM to allow a range of structurally different parameterizations. Contrasting 
observations with predictions from multi-ESM ensembles that have both varying both model 
structure and parametric uncertainties will give us our first real chance of identifying and ad-
dressing sources of structural uncertainty.

Exercises like the coupled model intercomparison project (CMIP) (Taylor et al. 2013; Eyring et 
al. 2016) already exist to compare model structure, but it is opaque whether differences across 
ESMs are due to their parametric choices or due to structural differences, which are conflated 
in each ESM submission. A suggestion issuing from M2M was the coordination of multi-center 
efforts to contrast existing PPEs to inform our understanding of structural errors in ESMs. This 
approach would feed back onto how we effectively design future observations in a hypothe-
sis-driven framework and tell us which processes we need to focus on to address structural 
gaps in models.

6.4 A new framework to reduce prediction uncertainty

To summarize, ESMs are a key tool allowing us to provide physical, interpretable predictions of 
future environmental state at the critical seasonal-to-decadal time scale for infrastructure and 
society. 

We provide a strawman framework to illustrate the big picture guidance for an improved work-
flow for reducing uncertainty in predictions of the Earth system (Figure 9). The process of re-
ducing ESM prediction uncertainty is inherently cyclical. Step 1 is to characterize which pro-
cesses drive prediction uncertainty, which we can achieve through perturbing parameters and 
comparing across ESM structures. Step 2 requires us to formulate a testable hypothesis, which 
could be as simple as updating the current mathematical abstraction of a process or proposing 
an entirely new structure. Step 3 requires us to plan out a closure on some set of observation 
in the context of the aggregate of all process uncertainties. Steps 4 and 5 make observations 
in the environment, in a controlled lab setting, or from basic theory. Following our updating of 
the underlying process model, we can insert this back into an ESM in step 6 to evaluate how 
we have reduced prediction uncertainty, at which point we re-evaluate the dominant causes of 
prediction uncertainty (step 7).

9  Attributed to George Box (1919-2013).
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Figure 9. A proposed strawman framework for reducing prediction uncertainty in the 
Earth system through a synergy of model-based uncertainty quantification and observa-
tion planning. Credit: M2M SOC. Courtesy of M2M SOC.
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We highlight suggestions in summary:

1.	 A sustained, coordinated effort in assessing and addressing uncertainties across ESMs 
is needed. High-resolution global modeling will not resolve underlying parametric/structur-
al uncertainties in annual-decadal global predictions. While high resolution models (e.g., GS-
RMs and global LES) are powerful, it is not feasible to replace ESMs with them to offer global 
predictions at seasonal-to-decadal scale. [Figure 9; step 1]

2.	 End-user guidance is needed to inform prediction uncertainty deliverables. ESM devel-
opment has focused on fidelity rather than uncertainty—in part because this is a well-posed 
problem. Uncertainty benchmarks for ESM developers from stakeholders would focus and 
constrain the ESM development cycle. [Figure 9; step 1]

3.	 A need for studies that integrate global modeling with process modeling, satellite ob-
servations, and in-situ/lab measurements. A consequence of a focus on uncertainty rath-
er than fidelity is that it also means we need to use LES and ESMs in a way that integrates 
closely with the observations that will reduce uncertainty. Perturbed parameter/process/
physics ensembles (PPEs) could provide a systematic characterization of uncertainty as well 
as a way to bridge observations, process, and prediction. Understanding observations in the 
context of multi-process uncertainties is a key need (Section 1.3). [Figure 9; step 3]

4.	 Model-Guided Experiment Design (digital testbeds, virtual deployments, OSSEs) are 
a key to bridge between models and observations and plan observations intelligent-
ly. One benefit of closer ESM-observation integration is that we can use ESMs as a digital 
testbed to plan for future observations. This is a shift in how some future observations are 
planned for and should become a recurrent and ultimately a standard component of obser-
vation planning. [Figure 9; step 4 and 5]

5.	 Multi-ESM efforts are key to revealing structural uncertainty (across centers/schemes). 
A recurrent concern is that while we have developed tools to quantify parametric uncertain-
ty in ESMs, we have not developed the same set of tools to quantify structural uncertainty. A 
path towards understanding structural uncertainty is to foster collaboration where different 
ESMs can be contrasted to reveal structural uncertainty. [Figure 9; step 1]
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APPENDIX C: AGENDA

Monday, October 28, 2024
Time (MDT) Agenda Presenter
7:00 Workshop registration and breakfast
7:50 Welcome, opening remarks, and workshop goals
8:15 Session 1: What’s Wrong with Microphysics in 

Climate Models?

Chairs: Adele Igel and Daniel McCoy
8:15 (Invited) What’s wrong with microphysics in climate 

models, and how can we fix it?
Johannes Mϋlmenstädt, Pacific 
Northwest National Laboratory

8:40 (Invited) Addressing outstanding uncertainties 
associated with high clouds

Sylvia Sullivan, University of 
Arizona

9:05 Detecting and identifying the impact of parameter 
interaction on climate model outputs based on two 
Perturbed Parameter Ensembles (PPEs)

Qingyuan Yang, Columbia 
University

9:20 Tracking structural uncertainty in aerosol model 
representation

Nicole Riemer, University of 
Illinois Urbana-Champaign

9:35 The relationship between condensate lifetime and 
precipitating efficiency and their response to sea 
surface warming

Hassan Beydoun, Lawrence 
Livermore National Laboratory

9:50 Open discussion
10:30 Break
10:55 Lightning talks for virtual posters
11:30 Poster Session 1
12:30 Lunch
1:30 Session 2: Can We Even Observe Microphysics?

Chairs: Coty Jen and Masa Saito
1:30 (Invited, Virtual) Watching super-cooled water 

droplets nucleate heterogeneously with high speed 
cryo-microscopy

Nadine Borduas-Dedekind, 
University of British Columbia

1:55 (Invited) Remote sensing for cloud and precipitation 
measurement and science—Promises and 
challenges

Christine Chiu, Colorado State 
University

2:20 Can we infer microphysical process information 
from (infrequent) snapshots of data?

Graham Feingold, NOAA 
Chemical Services Laboratory

2:35 (Virtual) Aerosol products from PACE multi-angle 
polarimetric observations

Meng Gao, NASA Goddard 
Space Flight Center

2:50 Molecular simulations provide evidence in support 
of ice nucleation upon collision or breakup of 
supercooled cloud droplets

Elise Rosky, University of 
Michigan

3:05 Open discussion
3:30 Break
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https://usclivar.org/abstract-micro2macro-2024/molecular-simulations-provide-evidence-support-ice-nucleation-upon
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4:00 Breakout Session 1
5:15 End of day 1 for virtual participants; Networking 

event
8:00 End of day 1

Tuesday, October 29, 2024
Time (MDT) Agenda Presenter
7:00 Breakfast
8:00 Recap day 1
8:30 Session 3: How are Observations Being Used to 

Improve Models?

Chairs: Leighton Regayre and Duncan Watson-
Parris

8:30 (Invited) Towards maximum feasible reduction of 
aerosol forcing uncertainty

Ken Carslaw, University of Leeds

8:55 (Invited) Using observations to design Earth System 
Model Perturbed Parameter Ensembles

Gregory Elsaesser, NASA 
Goddard Institute for Space 
Studies

9:20 Constraining warm cloud precipitation initiation 
using aircraft measurements

Patrick Chuang, UC Santa Cruz

9:35 Satellite-based model constraints on cloud 
microphysical processes and its link to radiative 
forcing of aerosol-cloud interaction

Kenta Suzuki, University of 
Tokyo

9:50 Unraveling the striking difference in casual low-
cloud susceptibility to aerosol between GCM and 
observation

Jianhao Zhang, NOAA Chemical 
Sciences Laboratory

10:05 Open discussion
10:45 Break
11:00 Poster Session 2
12:30 Lunch
1:30 Session 4: How Can We Plan Future Process 

Observations to Reduce Climate Change 
Uncertainty?

Chairs: Susannah Burrows and Rob Wood
1:00 (Invited) Ice multiplication as a long-standing 

question in cloud microphysics
Alexei Kiselev, Karlsruhe 
Institute of Technology

1:25 (Invited) A process system approach for addressing 
climate change uncertainties

Christina McCluskey, NSF NCAR

1:50 A novel computational framework for optimal 
experimental design to improve climate prediction

Zhongjing Jiang, Brookhaven 
National Laboratory

2:05 Investigating the impacts of aerosol perturbations 
with a denoising diffusion model

Jatan Buch, Columbia University

2:20 Observing cloud microphysics using (ultra) high 
resolution radar and lidar system

Zeen Zhu, Brookhaven National 
Laboratory

2:35 Open discussion

https://usclivar.org/abstract-micro2macro-2024/coming-soon-1
https://usclivar.org/abstract-micro2macro-2024/coming-soon-1
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3:00 Break

3:15 Poster Session 3

4:15 Breakout Session 2

5:30 End of day 2

Wednesday, October 30, 2024
Time (MDT) Agenda Presenter
7:00 Breakfast
8:00 Recap day 2
8:30 Session 5: What Do We Do Next?

Chairs: Ann Fridlind and Susannah Burrows
8:30 (Invited) Simulating cloud microphysics across 

scales for predicting climate extremes
Andrew Gettelman, Pacific 
Northwest National Laboratory

8:55 Significant trend in vertical wind velocity variability 
revealed by machine learning

Donifan Barahona, NASA 
Goddard Space Flight Center

9:10 Confronting structural uncertainty in aerosol-cloud 
interactions through process-level benchmarking

Laura Fierce, Pacific Northwest 
National Laboratory

9:25 The death of autoconversion? Kaitlyn Loftus, Columbia 
University

9:40 Open discussion
10:00 Break
10:30 Final discussion and next steps
11:45 End of workshop

https://usclivar.org/abstract-micro2macro-2024/simulating-cloud-microphysics-across-scales-predicting-climate-extremes
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