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Data assimilation (DA) combines observations with numerical models to estimate evolving Earth
system states for forecasting and monitoring. Machine learning (ML) enables surrogate modeling,
pattern recognition and Bayesian inference. These fields are converging: ML accelerates DA, while DA
provides uncertainty quantification and physical constraints. Hybrid DA-ML systems are promising,
yet challenges persist in generalization, consistency and reproducibility. These approaches are
increasingly integrated, shaping next-generation prediction systems and observing networks.

There has been remarkable progress in the development of numerical
weather prediction (NWP) forecast models based on machine learning
(ML) techniques'”". It has been demonstrated that forecasts produced with
these models can now outperform state-of-the-art, physically-based forecast
models for many key parameters when given the same initial conditions*”.
However, this success is, at least in part, still reliant on “traditional”, phy-
sically based data assimilation (DA) techniques. Firstly, traditional DA
techniques provide the initial conditions required to produce the forecast. In
addition, the forecast models are trained on multiple decades of atmo-
spheric, ocean and wave state information from global reanalysis systems
that also use standard DA techniques.

The application of ML techniques to DA is an active area of research.
Figure 1 highlights the expanding research landscape at the intersection of
ML and DA, which forms the focus of this paper.

DA has long been a cornerstone of NWP and Earth system modeling,
DA systems aim to characterize the posterior probability distribution
function (pdf) of the system state and to provide the statistically optimal
estimate of the initial conditions required for forecasting. This is achieved by
combining a prior short-range forecast with a heterogeneous set of noisy
and often indirect observations collected over a short assimilation window

(typically 6 or 12 h in global atmospheric DA applications). Traditional DA
approaches'’, such as variational methods (e.g, 3D Variational Data
Assimilation (3D-Var), 4D Variational Data Assimilation (4D-Var)) and
ensemble-based schemes (e.g., ensemble Kalman filters (EnKF)), have
evolved significantly over the past decades and are now integral to opera-
tional forecasting centers around the world. Some fundamental components
of these traditional DA systems include good estimates of both the short-
range forecast uncertainty and the observation uncertainty, to ensure that
these sources of information are combined and weighted in an optimal way.
DA systems also rely on a forecast model to interpolate to the time and
location of the observation and the development of fast but accurate
“observation operators” that transform from geophysical state space of
interest represented by the forecast model (temperature, humidity, wind, ...)
to observation space (e.g, satellite radiances, bending angles, ...). Incremental
improvements in these components have contributed to sustained progress
in NWP forecast quality over many decades'".

Simultaneously, the field of ML has undergone rapid and transfor-
mative growth. From foundational developments in deep learning to recent
advances in generative modeling and differentiable programming, ML
methods have demonstrated the ability to approximate complex, nonlinear
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Fig. 1 | Circular feedback loop between DA and ML.
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functions, extract patterns from massive datasets, and accelerate compu-
tational workflows. These capabilities have begun to permeate environ-
mental science and are increasingly viewed as promising complements, or
even alternatives, to traditional DA techniques.

In recent years, the intersection between ML and DA has givenrise to a
new class of hybrid systems that leverage the strengths of both paradigms.
ML models are being used to emulate observation operators, learn model
errors, improve background error covariance estimation, and even
approximate the DA process itself through end-to-end training frameworks.
Conversely, DA principles are feeding back into ML by informing uncer-
tainty quantification, sequential learning, and physics-constrained
optimization'>. The convergence of these fields is reshaping the way
observational data and physical models are integrated, with profound
implications for forecasting, reanalysis, and Earth system understanding.

This paper presents a synthesis of perspectives from 35 experts from 22
institutions on the current and future impact of ML on DA, as well as the
reciprocal influence of DA on ML. Through a series of structured questions
posed to researchers and practitioners in both fields, we explore the emer-
ging trends, operational challenges, methodological innovations, and phi-
losophical considerations that are guiding this convergence. The
perspectives summarized here were collected through a structured ques-
tionnaire distributed to experts contributing to the World Weather
Research Programme (WWRP) Working Group on Data Assimilation and
Observing Systems (DAOS) and beyond, and subsequently synthesized by
the authors. Key topics include the rise of hybrid DA-ML systems, the
viability of fully data-driven forecasting approaches, the role of DA in
training and constraining ML models, and the broader scientific and
institutional implications of this interdisciplinary evolution.

Our goal is to provide a clear and comprehensive account of where the
field stands today, what developments can be expected in the near term, and
how the DA and ML communities can collaborate to build robust, inter-
pretable, and efficient systems for Earth system prediction and analysis. By
capturing a range of expert insights, we aim to contribute to a more
informed and integrated research agenda that leverages the best of both DA
and ML.

Statement of the problem

The core challenge in DA and ML-based prediction is to estimate the
evolving state of the Earth system as accurately as possible, given imperfect
information. The inputs to the problem consist of: (i) a prior estimate of the
system state, often referred to as the background state, which is frequently

generated by integrating a dynamical model forward in time but may also
come from previous analyses, climatological estimates, or other prior
information, and (ii) a diverse set of observations, which may include a
diverse set of both in situ and satellite measurements. The output is an
analysis state, an optimally combined estimate that can serve as the initial
condition for the next forecast cycle (see Fig. 1).

Formally, the system is described in a high-dimensional time-depen-
dent state space, denoted x(t), which evolves under the dynamics of a
numerical model. Observations, y(t), belong to a distinct observation space,
and are related to the state by an often nonlinear, indirect observation
operator’H. This separation is fundamental: satellites, for example, do not
measure temperature or humidity directly, instead measuring quantities like
radiances, which must be mapped back into the geophysical state space
within the DA system'*'*,

The observations alone are not sufficient to constrain the estimate of
the initial conditions, that problem would be mathematically under-deter-
mined, and the short-range forecast information is required to stabilize the
solution. To resolve this, DA systems employ the background state and its
associated error statistics as a form of statistical regularization, ensuring that
the resulting analysis is statistically optimal and dynamically consistent.
This renders the problem inherently probabilistic: uncertainties from the
forecast and the observations must be quantified and optimally weighted in
the assimilation process. Several structural difficulties arise:

¢ Indirect and incomplete observations: many measurements provide
noisy, partial or transformed views of the true state.

* Under-determined problem: the available observations are insufficient
to uniquely determine the system state, allowing multiple states to be
consistent with the same observational data.

* High dimensionality: operational state vectors may contain on the
order of 10° variables.

 Time constraints: assimilation cycles must be completed within strict
deadlines to deliver forecasts on schedule.

* Model errors: NWP imperfections lead to systematic errors in the
system.

ML offers new avenues for addressing several of the open challenges in
DA (see Fig. 1). By learning efficient surrogates for expensive physical
operators, ML can accelerate the mapping between state space and obser-
vation space, particularly in cases involving nonlinear radiative transfer or
other complex forward models. ML models can also help characterize and
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correct systematic model errors, thereby improving the quality of the
background state used to regularize the under-determined problem. In
high-dimensional systems, ML-driven dimensionality reduction or latent-
space representations provide a pathway to more efficient assimilation,
while adaptive localization and flow-dependent covariance modeling may
be enhanced through data-driven techniques. Finally, the probabilistic
nature of the problem aligns naturally with emerging ML methods for
uncertainty quantification, generative modeling, and probabilistic inference,
offering tools to better represent forecast and observation errors. In this way,
ML has the potential to complement the statistical and physical rigor of DA
with flexible, data-adaptive solutions, helping to overcome limitations
imposed by incomplete observations, and strict operational time
constraints.

Recent advances in machine learning for data
assimilation

ML is already having an impact in operational NWP systems within the
traditional DA frameworks. Recent examples include the development of a
new observation operator that enables the assimilation of surface sensitive
microwave radiance observations over sea ice'*'’, automated data mon-
itoring and anomaly detection'’, and the correction of forecast model errors
in the stratosphere in a new global reanalysis (ERA6)"*. However, there are
many other emerging applications that are not yet operational. For example,
at Météo-France, ML tools are being developed for convective-scale
ensemble expansion, high-resolution statistical downscaling, and toward
fully data-driven kilometer-scale forecasting systems'”. In the United States,
the National Oceanic and Atmospheric Administration (NOAA) has
explored Al-driven data fusion and assimilation to manage large observa-
tional volumes more efficiently”’. Meanwhile, Google DeepMind’s GenCast®
and the European Centre for Medium-Range Forecasts (ECMWF) Artificial
Intelligence Forecasting System Continuous Ranked Probability Score
(AIFS-CRPS)”" both demonstrate probabilistic ensemble forecasts that
outperform traditional medium-range systems while running in only
minutes, suggesting near-term operational adoption. More broadly, Eur-
opean services have launched the open-source Anemoi framework™ to
integrate ML into operational workflows™, while systems such as
GraphCast® and ECMWF’s AIFS’ show that hybrid and ML-native fore-
casting is moving from research into daily forecasting practice.

A prominent area of development has been the integration of ML into
traditional DA systems, forming hybrid methodologies. Hybrid ML-DA
approaches typically integrate ML with established DA frameworks,
including variational methods (e.g., 3D-Var and 4D-Var) and ensemble-
based methods such as the Ensemble Kalman Filter*. Given the algorithmic
differences between these approaches, ML has been incorporated in distinct
ways. First, ML can be used to improve DA components external to the
assimilation algorithm itself, such as observation operators. Second, in
variational DA systems, ML has been explored as a differentiable surrogate
for operators required by the optimization procedure, particularly the
tangent-linear and adjoint models, which are costly to develop and main-
tain. Third, in ensemble-based DA systems, ML has primarily been applied
to enhance ensemble methodologies, including ensemble generation, cov-
ariance localization, and adaptive inflation. As noted above, observation
operators for satellite radiances have been approximated using ML models,
offering greater speed and flexibility in complex observational settings'™'**".
In variational DA, differentiable ML surrogates* have been proposed to
replace manually developed tangent-linear and adjoint models, reducing
technical overhead and enabling rapid iteration”. However, despite pro-
mising work on transfer learning and the development of adjoint models for
ML-based forecast systems, perturbations in these models often fail to
propagate forward in time in a physically consistent manner. This limitation
poses a major challenge for their integration into 4D-Var systems and more
generally raises concerns for DA applications that rely on physically
meaningful error propagation” .

Further enhancements include the use of ML for adaptive localization
and inflation in ensemble systems, improving covariance modeling in high-

dimensional spaces”. These hybrid systems offer the promise of reduced
computational cost, improved flexibility, and accelerated model develop-
ment, particularly for high-resolution or convective-scale (<3 km) appli-
cations. Alternatively, ML models have been trained to emulate the analysis
step™**. In parallel with hybrid systems, a more radical line of research has
focused on developing fully ML-driven DA methods. These approaches aim
to bypass the traditional DA cycle by training models to learn direct map-
pings from observational inputs to analysis or forecast states, often using
reanalysis datasets as ground truth. Systems such as Aardvark® and AI-Var”
exemplify this strategy. In contrast, Artificial Intelligence-Direct Observa-
tion Prediction (AI-DOP)* follows a similar end-to-end learning philoso-
phy but does not rely on reanalysis data, instead learning directly from
observation-observation pairs. Such models are typically built using
supervised learning architectures, generative frameworks like diffusion
networks, or autoencoder-based designs that emulate the DA process in a
data-driven manner*"*. Their ability to ingest image-like satellite data and
to handle complex, heterogeneous observation networks makes them par-
ticularly attractive for cases where traditional DA methods struggle.
Although these end-to-end systems remain largely at the research stage,
initial results suggest they can generate realistic analyses at reduced com-
putational cost and with enhanced architectural flexibility.

Another promising line of research involves latent-space DA, where
ML methods are used to project high-dimensional state vectors into reduced
representations to facilitate more efficient assimilation***’. Additionally, ML
has been employed for uncertainty quantification*, with Bayesian and
ensemble-based methods used to improve the probabilistic characterization
of the analysis and forecast®.

Several challenges have been identified as barriers to wider deployment
of ML techniques. Many ML models exhibit strong performance in specific,
curated test scenarios but fail to generalize across broader contexts. Purely
data-driven methods also struggle to enforce physical constraints, which are
critical for ensuring physically consistent analyses and forecasts. This issue is
related, but not identical, to the challenge of physically consistent error
propagation discussed above: while physical constraints concern the pre-
servation of governing balances or conservation laws, error propagation
refers to whether perturbations evolve in a dynamically realistic way within
the model’**. Moreover, training robust ML systems typically requires
access to large, high-quality labeled datasets, such as those produced by
reanalyses, which may not always be available or suitable for all use cases.
Another challenge concerns the physical realism of ML-based forecasts:
models trained to minimize average error metrics often produce overly
smooth fields, which can blur small-scale structures and lead to a systematic
underrepresentation of extremes, particularly at longer forecast lead times.
Interpretability is another key issue; black-box ML models can be difficult to
diagnose and are often viewed with caution in high-stakes, safety-critical
forecasting environments. Experts have also voiced concern about the
overselling of ML in public forums, stressing the importance of rigorous
validation and the integration of ML developments with established physical
understanding.

The literature reflects these evolving dynamics. Foundational and
recent contributions have played a critical role in shaping the field. Among
the most influential works are those focused on hybrid DA-ML
methodologies'**’,  surrogate  modeling  and  latent-space
assimilation®****, and operationally oriented studies"*”. Several review
articles""” and books’** have also synthesized key developments and
challenges in this domain. More recently, the development of fully ML-
native DA systems, such as Aardvark’ AI-DOP", Al-Var and FengWu-
4DVar”, illustrates the field’s ongoing exploration of alternative paradigms
for assimilating observational data.

Looking forward, the consensus within the community is that ML will
play an increasingly prominent role in the design and implementation of
DA systems. While the transition from research to operational deployment
will take time, future systems are likely to adopt hybrid architectures that
capitalize on both the flexibility and efficiency of ML and the robustness of
physics-based modeling. There is also growing interest in differentiable DA

npj Artificial Intelligence | (2026)2:48


www.nature.com/npjAI

https://doi.org/10.1038/s44387-026-00107-0

Perspective

frameworks, data-driven parameter estimation, and the use of DA to sup-
port model development and structural correction. However, the rapid rise
of ML poses a challenge to sustaining traditional DA expertise. The shift in
funding and research focus toward ML-centered projects risks margin-
alizing the foundational methods upon which modern weather and climate
forecasting are built. Ensuring a balanced approach to innovation—one that
leverages the strengths of both paradigms while maintaining rigorous sci-
entific standards—will be essential for the long-term success of DA research
and its operational relevance.

Anticipated impacts of machine learning on data
assimilation over the next five years

Looking ahead, ML is expected to have an increasingly profound impact on
the evolution of DA methodologies. While current operational systems
remain largely rooted in physics-based ensemble and variational methods,
the coming five years are poised to see the emergence of hybrid and fully
data-driven paradigms with growing practical relevance. Developments are
anticipated across several dimensions, including the unification of DA and
forecasting in end-to-end frameworks, the integration of ML to accelerate
traditional DA components, and the use of ML to better leverage complex or
underutilized observational datasets.

One key direction involves the rise of fully data-driven DA and fore-
casting systems, wherein neural networks or other ML architectures learn
both the system dynamics and the assimilation process directly from data.
These models have shown promise in bypassing the need for explicit phy-
sical models, potentially offering advantages in speed, simplicity, and data
flexibility*”'. Nevertheless, there is consensus that these systems still face
significant limitations, particularly in generalization beyond training
regimes, interpretability, and uncertainty quantification™. It is also unclear
how these approaches address the inherently under-determined nature of
the problem when training directly on observations, as the available
observations are typically insufficient to fully constrain the atmospheric
state compared with traditional NWP analyses. In practice, the success of
several ML-based forecasting systems relies on training with the extensive
analysis datasets previously generated by conventional DA systems, rather
than on observations alone. As such, while purely ML-based DA-forecasting
systems may become viable in niche applications or as complementary tools,
they are unlikely to displace physics-based systems in high-stakes opera-
tional environments within the next five years.

Instead, hybrid DA-ML systems are anticipated to become the domi-
nant architecture in operational and research settings. These systems pre-
serve the strengths of physically based methods while using ML to augment
or replace specific components. ML can be used to learn model errors,
emulate observation operators, optimize background error covariances, and
enhance the flexibility of assimilation schemes™ . There is growing interest
in “physics-aware” machine learning architectures, in which neural net-
works are trained to respect physical constraints or embedded within dif-
ferentiable DA frameworks. In these approaches, the learning process is
guided by governing equations, conservation laws, or model-consistent loss
functions, rather than purely statistical error minimization>””. When
integrated within DA frameworks such as 4D-Var or ensemble Kalman
filters, the ML components remain constrained by the dynamical model and
observational likelihood, which helps maintain physically consistent error
propagation during the assimilation cycle. Recent studies have demon-
strated that neural networks can be incorporated within variational DA
systems to learn model errors or reduced representations while preserving
the underlying dynamical constraints™. These hybrid, physics-aware
architectures offer a promising compromise between physical realism,
computational efficiency, and adaptability to new data types.

Moreover, ML will increasingly support the exploitation of complex
observing systems. ML-based observation operators, especially for non-
linear satellite radiance data or data from cloudy scenes, will enhance the
assimilation of previously underutilized observations''*®. Similarly, ML
can assist in quality control, bias correction, and uncertainty characteriza-
tion, areas that are becoming more critical as observational datasets grow in

volume and diversity'”*". ML’s ability to learn from raw observational data

may be particularly useful for preprocessing data from challenging plat-
forms such as active/passive microwave sensors, lidar, hyperspectral
instruments optical detectors, or systems like the Geostationary Lightning
Mapper (GLM)®.

ML will also play a vital role in accelerating components of the DA
workflow. Emulators trained on expensive simulations, such as those for
radiative transfer or atmospheric dynamics, can replace computational
bottlenecks with efficient surrogates™. The use of generative models for
sampling uncertainty or reconstructing missing variables has the potential
to improve ensemble-based DA schemes while reducing computational
costs. Additionally, techniques such as latent-space assimilation, enabled by
ML-based dimensionality reduction, may offer new paths to scalability in
high-resolution or coupled Earth system models™.

Another important development is the evolving interdependence
between ML and DA. High-quality training datasets for ML-based fore-
casting systems often depend on reanalyses and outputs generated from
physics-based DA. Conversely, DA systems are beginning to incorporate
transfer learning and online updating strategies to adapt to changes in
observational networks and environmental conditions. In this context,
transfer learning refers to initializing ML components with models trained
on large historical datasets, such as reanalyses, and subsequently adapting
them to new observational configurations or regional domains using limited
additional data. A related distinction concerns offline versus online training.
In offline approaches, ML components are trained in advance and then
deployed with fixed parameters, whereas online learning strategies update
model parameters sequentially as new observations are assimilated within
the DA cycle. Online approaches allow ML components to adapt to non-
stationary conditions and evolving observing systems, although ensuring
stability and robustness remains an important challenge for operational
deployment**.

Missing observations highlight a key contrast between DA and ML. DA
has well-established methods for handling under-determined problems
through the use of prior information, whereas in ML the a priori is less
explicit, often embedded as inductive biases within network architectures
that guide learning in ways that are not always transparent®. Related
research in learning dynamical systems has also pointed to approaches that
alternate between expectation-maximization and DA steps, further
underscoring the complementarity of the two paradigms.

ML may reshape the assimilation of station-based versus gridded data
by reducing representativeness errors and harmonizing scales between
sparse in situ records and dense satellite products. Long station time series
provide valuable training for bias correction and consistency, while gridded
data offer spatial coverage and redundancy. Any improvements will likely
depend on ML’s flexibility in handling heterogeneous inputs partly stems
from advances in multimodal representation learning. In these archi-
tectures, different data sources (e.g., satellite imagery, LIDAR point clouds,
or in situ measurements) are typically processed by separate feature-
extraction modules before being combined in a shared latent representation,
allowing complementary information from each modality to be integrated
during training. Such multimodal fusion strategies have been widely
explored in Earth observation applications, including the joint analysis of
optical, SAR, and LiDAR observations®.

Finally, the community anticipates that ML will help address long-
standing limitations of traditional DA. These include assumptions of line-
arity in variational solvers, the perfect model hypothesis, challenges with
high-dimensional error modeling, and the non-scalability of sequential
processing. For example, ML may help operationalize fully non-Gaussian
DA methods such as particle filters, which have historically been limited by
computational cost in high-dimensional systems. While scalable variants
such as local particle filters have alleviated some of these challenges, ML-
based approaches, including latent-space data assimilation, may provide
additional pathways to improve scalability®. Similarly, the integration of
ML into background error modeling could lead to the development of more
sophisticated, flow-dependent, and adaptive correlation structures. In
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systems that assimilate observations from rapidly evolving or irregular
networks, such as citizen sensors and Internet of Things (e.g., crowdsourced
measurements from smartphones or personal weather stations) or satellite
constellations, ML may offer the flexibility needed to continuously update
and recalibrate DA components in near real time.

In summary, while there is no consensus that end-to-end ML systems
will replace traditional DA in the next five years, there is widespread
agreement that ML will significantly enhance and reshape the DA land-
scape. Hybrid approaches are emerging as the most practical and promising
path forward, enabling the Earth system science community to benefit from
both physical insight and data-driven adaptability.

Feedback from data assimilation to machine learning:
opportunities for integration and advancement

While DA has long drawn upon ML for tools such as pattern recognition,
surrogate modeling, and data emulation, a reverse flow of influence is
increasingly underway. In recent years, DA has begun to contribute
meaningfully to the development of ML methodologies, particularly in areas
such as uncertainty quantification, physics-constrained learning, and the
treatment of observational data. As hybrid DA-ML systems mature and
data-driven forecasting continues to expand, the knowledge and structure
inherent in DA offer valuable insights for addressing foundational
challenges in ML.

One of the most prominent contributions of DA to ML is in the domain
of uncertainty quantification (UQ). Traditional DA frameworks, especially
variational methods and Kalman filters, are inherently Bayesian and offer
principled approaches to propagating and quantifying uncertainty in high-
dimensional, dynamic systems. This rigor contrasts with many ML methods,
where UQ has often been ad hoc or underdeveloped*. As ML begins to adopt
more structured probabilistic frameworks, such as Bayesian neural networks
and ensemble learning, DA principles are informing efforts to design loss
functions that explicitly incorporate uncertainty in both model parameters
and observations™”. In particular, the DA community’s experience in
separating background and observational error covariances provides a well-
tested model for avoiding overfitting, an enduring issue in ML.

Understanding the predictability of physical models enhances DA
algorithms by clarifying the error growth and associated uncertainty
quantification. Combining classical DA with predictability analysis could
also yield valuable perspectives on the predictability of ML models, and
guide future refinements of DA methods for ML systems. Studies have
suggested that ML-based forecasting systems may exhibit weaker error
amplification from small-amplitude perturbations in their initial conditions
than physical models, raising questions about how predictability manifests
in such systems™’. However, recent operational AI-NWP systems also show
loss of predictability over time in ways broadly consistent with physics-
based NWP models. The apparent differences may partly reflect the ten-
dency of some ML forecasts to produce smoother fields and underrepresent
small-scale variability, which can damp the growth of dynamical instabilities
that normally drive rapid error amplification in atmospheric models. The
extent to which these characteristics arise from the learned dynamics
themselves, rather than from aspects of current training strategies or model
design, remains an active area of research. Predictability characteristics also
vary substantially across Earth system components; for example, the ocean
and cryosphere typically exhibit longer intrinsic predictability timescales
than the atmosphere, implying that the implications of ML-based dynamics
may differ across the coupled Earth system. Furthermore, ML models may
exhibit a kind of extrapolative predictability, enabling them to project
extreme weather events not present in their training data. Indeed, they can
potentially learn the dynamics of strong tropical cyclones in one geographic
region and successfully forecast similar phenomena in another®. Thus, to
leverage the foundation of NWP DA to ML models and further construct
the optimal DA for ML models, the predictability of ML models needs be
explored.

DA also offers a conceptual and technical foundation for physics-
informed machine learning (PIML), an area of growing interest across

environmental sciences and engineering. The DA field has a long history of
embedding physical constraints into assimilation processes, whether
through background term regularization, adjoint-based gradient methods,
or model-constrained optimization. These techniques are now influencing
the design of ML architectures that integrate differential equations or
enforce conservation laws directly during training. The use of physical
constraints in learning, particularly in systems governed by known
dynamics, enables improved generalizability and interpretability, key lim-
itations in conventional black-box ML approaches’"".

Another mechanism through which DA contributes to ML is in the
generation of high-quality training data. Reanalysis datasets, produced
using state-of-the-art DA systems, serve as essential ground truth for
supervised learning models in weather and climate forecasting. These rea-
nalyses, such as ERA5 and its upcoming successors, synthesize sparse and
noisy observations with numerical models to yield dynamically consistent
estimates of the atmosphere, ocean, and land. In addition, it is found that
“fine tuning” by training with recent operational NWP analyses has an
impact on ML forecast performance. Consequently, ML systems trained on
these products inherently benefit from the physical and statistical rigor of
DA. In turn, the growing use of ML in forecasting is motivating the
development of DA systems tailored for ML training, with increased reso-
lution, reduced latency, and enhanced handling of uncertainty"’.

DA is also influencing ML by promoting online learning and continual
adaptation frameworks. In DA, especially in ensemble and variational
systems, the assimilation of new data is formulated as a sequential or
recursive optimization problem. This concept aligns with efforts in ML to
develop models that can be updated continually as new data arrives, without
requiring complete retraining. Such approaches are critical for real-time
applications and dynamic environments, including Earth observation,
autonomous systems, and operational forecasting®’. The idea of treating ML
model updates as state estimation problems, akin to DA, is gaining traction
as a means to improve stability and data efficiency.

Moreover, DA offers ML a valuable testbed for evaluating the
robustness, scalability, and interpretability of algorithms. Modern DA
systems must assimilate a wide range of observational data, often het-
erogeneous, sparse, and uncertain, into complex numerical models with
millions to billions of degrees of freedom. The sheer scale and hetero-
geneity of this challenge are unmatched in most standard ML bench-
marks. By applying ML methods to DA problems, researchers can assess
the performance of new architectures or optimization strategies under
realistic and demanding conditions, thereby driving innovation in the
broader ML field™. In practice, assessing such architectures in operational
contexts requires bridging heterogeneous software and hardware eco-
systems. Many operational DA systems are implemented in Fortran or C
and run on CPU-based high-performance computing infrastructures,
whereas ML models are often developed in Python using GPU-accelerated
frameworks. Recent efforts therefore rely on interoperable interfaces that
allow ML components to be exported and embedded within operational
workflows. For example, libraries such as FTorch enable PyTorch models
to be coupled directly with Fortran codes, facilitating hybrid systems that
combine traditional numerical models with ML modules running on
CPUs or GPUs". Such developments highlight the importance of flexible
software architectures and heterogeneous computing environments for
future DA-ML systems.

The interface between DA and ML is also producing novel algorithmic
synergies. For instance, techniques from variational DA, such as weak-
constraint formulations, adjoint-based optimization, and multiscale error
modeling, are being repurposed to enhance the training of ML models,
particularly in hybrid systems where neural components are coupled to
physical models. In these systems, the adjoint of a hybrid model may be
constructed by combining the adjoint of the physical core with the back-
propagation of the neural network, enabling end-to-end differentiability”.
Similarly, ensemble-based DA methods are informing ensemble training
and model averaging strategies in ML, offering probabilistic estimates that
are time-evolving and flow-dependent. The fusion of DA and ML has been
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incorporated into data learning models that integrate physical knowledge
with data-driven methods and enhance predictive capabilities'>”*".

Despite these opportunities, in operational applications, the feedback
from DA into ML remains under-leveraged, partly due to cultural and
terminological differences between the communities. DA practitioners often
work within physics-based numerical modeling frameworks, while ML
research is more data-centric and exploratory. As a result, DA contributions
to ML are sometimes rediscovered under different names or overlooked
entirely. Nevertheless, as ML increasingly moves into domains with sparse
data, strong prior knowledge, and real-time demands, hallmarks of DA, the
need for principled methods from the DA community is likely to grow.

Notions of observability, observation impact, and observation influ-
ence have long been central to DA, but their role in ML remains less clear.
While related ideas are emerging in the experimental design literature and in
initiatives such as the BAS/Turing ‘deep sensor’ work, these concepts have
not yet fully translated into weather prediction. It remains an open question
whether they should be treated within the current ML-DA convergence or
deferred to future developmental work.

In summary, DA is beginning to shape key areas of ML development,
offering tested frameworks for uncertainty quantification, physics-informed
learning, and online data integration. The continued blending of the two
fields promises to yield more interpretable, trustworthy, and efficient ML
systems, especially for applications in weather, climate, and Earth system
science. As differentiable programming becomes more common and as ML
systems increasingly interact with the physical world, the influence of DA
methodologies is expected to deepen, fostering a new generation of scien-
tifically grounded ML.

Additional reflections and emerging considerations

As the boundaries between DA and ML continue to dissolve, the scientific
community is facing a set of both promising and cautionary developments.
Several experts noted that the convergence of the two fields is accelerating,
with implications for methodology, collaboration, reproducibility, and the role
of public and private actors in shaping the future of Earth system modeling.

One area of concern is the divergence in research culture between DA
and ML. While DA traditionally operates within tightly peer-reviewed,
physically grounded frameworks, many ML contributions, particularly
those driven by large-scale commercial entities or rapid publication cycles,
lack the same level of scientific scrutiny. The sheer volume and variability in
quality of ML publications have made it increasingly difficult to assess
scientific validity, especially when reproducibility is not always prioritized.
On the other hand, many ML researchers and open-source communities
contribute complete and reproducible code bases, which sets a standard that
DA researchers may also benefit from embracing”.

The continued evolution of DA will likely benefit from incorporating
unsupervised and supervised ML techniques, where supervised methods
learn mappings from labeled datasets (e.g., reanalyses or analyses), while
unsupervised approaches aim to identify structure or patterns directly from
unlabeled data, particularly under non-stationary and data-scarce condi-
tions. In contrast to supervised learning, unsupervised and self-supervised
approaches may be better suited for identifying structure in high-
dimensional environmental data, which is especially relevant in a chan-
ging climate where labeled data from past conditions may be less repre-
sentative of future scenarios. This complements the emerging literature on
physics-informed neural networks (PINNs) and PIML, which seek to
embed governing equations directly into neural architectures for greater
fidelity and interpretability”’.

In terms of operational readiness, ML methods also offer modularity
and application-specific customization that can be advantageous in time-
critical workflows. While traditional DA systems can also be tuned to
particular observation types or applications, ML models can often be trained
for specific tasks or data streams with comparatively lower computational
cost and development overhead. This flexibility makes ML attractive for
industry adoption, particularly where speed and cost efficiency are para-
mount. Experts emphasized that operational systems may soon lean more

heavily on ML, while traditional DA frameworks may serve as scientific
reference tools or data-generation systems for model training and
validation™. However, in an operational context, where a single system must
be capable of delivering thousands of products, as would typically be the case
in a large weather service, it is not feasible to tune and train each product
separately. Managing such a fragmented approach quickly becomes
unmanageable. Addressing this challenge will likely require more modular
system architectures that allow ML components to be integrated into
existing DA production pipelines without disrupting operational work-
flows, for example through well-defined interfaces, interoperable software
libraries, and hybrid CPU-GPU computing environments.

However, this shift also raises questions about the role of public
institutions in maintaining foundational infrastructure for Earth system
science. As commercial stakeholders increasingly capitalize on the pre-
dictive power of DA-ML integration, there is a growing need for govern-
ments to proactively engage in this transformation. Collaborative
frameworks between public agencies and private sector actors could ensure
that critical systems remain transparent, equitable, and scientifically robust.

Several contributors stressed that despite rapid advances in ML, the
future of DA may remain structurally similar to the present, albeit with
substantial augmentation via ML tools. In this view, hybrid systems, where
ML accelerates or complements components of a DA pipeline, are expected
to persist as the dominant architecture in operational and research contexts
alike”. Continued focus on explainability, physical consistency, and
uncertainty quantification will be essential for fostering trust and enabling
rigorous scientific interpretation of results.

Other questions are around how ML may reshape the requirements for
future global observing systems. Traditional OSSEs based on DA currently
guide system design, but ML-DA integration could alter the relative impact
and importance of different observations, with some becoming more cri-
tical. It is often claimed that only ~5-10% of the available observations are
assimilated in global NWP systems, although this figure is a rough estimate
of the data volume reduction and it should be interpreted with caution. In
practice, observation usage varies by data type, and data reduction (e.g.,
thinning or superobbing) is primarily designed to manage representative-
ness errors and spatial correlations rather than implying a proportional loss
of information. Key challenges remain in representing correlated observa-
tion errors and handling nonlinear observation operators. ML methods may
offer new opportunities to exploit a broader range of observations by
learning nonlinear relationships between measurements and model states,
potentially enabling more information to be extracted from complex
observational datasets.

Finally, the convergence of DA and ML is increasingly seen not as a
competition but as a synergistic paradigm shift. DA contributes its strengths
in integrating sparse, noisy observations with physically consistent models,
while ML brings speed, adaptability, and the ability to discover patterns in
massive datasets. Together, they offer a powerful framework for building the
next generation of predictive models and Earth system monitoring cap-
abilities. As such, fostering interdisciplinary collaboration and sustained
community engagement will be vital to navigating this rapidly evolving
landscape.

Conclusions

The intersection of ML and DA is rapidly transforming how Earth system
models are developed, trained, and operated. While ML is enhancing the
efficiency, flexibility, and scalability of DA systems, DA continues to provide
the physical grounding, uncertainty quantification, and methodological
rigor needed to ensure reliable, interpretable results. Rather than replacing
one another, ML and DA are proving to be complementary tools, each
enriching the capabilities of the other.

This synthesis of expert perspectives underscores several key trends.
Hybrid DA-ML systems are likely to remain the dominant architecture over
the next five years, with ML contributing to observation operator emulation,
bias correction”*”, model error estimation, and real-time data handling.
Fully data-driven forecasting systems, though still in early stages, are
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advancing quickly and may achieve competitive performance in certain
applications. Meanwhile, DA continues to influence ML by offering stra-
tegies for physics-informed learning, continual adaptation, and principled
handling of uncertainty.

As these fields continue to converge, it will be critical to maintain
scientific transparency, foster reproducibility, and ensure that operational
and research systems remain interpretable and physically consistent.
Equally important is the role of the broader scientific community, including
academia, public agencies, and the private sector, in shaping ethical, open,
and collaborative frameworks for DA-ML integration.

Ultimately, the combined strengths of DA and ML offer a path toward
more agile, accurate, and insightful Earth system prediction. This con-
vergence marks not just a technological evolution, but a scientific shift, one
that invites new questions, redefines best practices, and opens the door to
more holistic and data-rich understanding of our planet.
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