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Motivation

Hybrid (physics + ML) ESMs
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— Bridging across scales

- Improved with physics-aware ML

= Constrained and benchmarked with Earth observations
- Modern and operational science infrastructures

Kevin Debeire, DLR, 20 May 2026

Impact

models

Reduced systematic
errors and more accurate
climate projections

Actionable climate science

—

- Higher resolution with new computing opportunities

Eyring et al., Nat. Geos., 2024
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Machine
Learning
model

Low resolution
input y

High resolution
output X

Problem statement: learn cond. distrib. p(x|y) from a finite set of paired
data {(y;, x;)}i=1,.n

Can we incorporate physical knowledge in generative models when
downscaling? Will it improve generalization out-of-distribution?

Aytag Pacal, DLR, CESM Workshop 2026
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» Storm-resolving Earth-system Model (5.5 years at 6 km resolution)
= Temporal resolution: 3 hours

* Training set: 4 years (~ 11k samples)

» Validation set: 7 months

» Test set: 1 year

High resolution: Original data remapped to 0.056° x 0.056°

Low resolution: High-res data remapped to 0.56° x 0.56° (perfect model framework)
with cos-latitude-weigthing (conserves area-weighted spatial average by construction)

Factor 10 downscaling
Debeire al., in review

Aytag Pacal, DLR, CESM Workshop 2026



MODELS: Adaptive Flow Matching (AFMlCoerlff++)
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CorrDiff++ model

Encoder ¢

Noise 6%

Flow matching

y: Low
resolution input

X: High resolution

=&(y) +o.€

(xo=32 X = Z|=—————= SFMODE dx; = v(x,t)dt - s xp ;

Sampling of p(x) from p(z) with velocity field v(x,t)

Fotiadis et al., 2025

Adaptive flow matching: The encoder transforms inputs into a latent. From
the latent space, Flow Matching (FM) generates small-scale physics by
transporting samples from p(z) to p(x) via the velocity field v(x, t)

Aytag Pacal, DLR, CESM Workshop 2026




Physics-Constrained AFM (PCAFM)
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PC-SFM ARCHITECTURE / INFERENCE: Adapted from SFM of Fotiadis et al.(2024)
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Aytag Pacal, DLR, CESM Workshop 2026




Physics-Constrained AFM (PCAFM) $#FusmiLe 4#7
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» The gradient surgery ConFIG (Liu et al., 2024) ensures that the generative
and conservation objectives’ gradients are not conflicting.

(15 g1+ gz
Vanilla gradient descent \‘

g1

ConFIG gradient surgery

Aytag Pacal, DLR, CESM Workshop 2026




Spatial domain
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Evaluation domains
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Debeire al., in review

Aytag Pacal, DLR, CESM Workshop 2026




Central Europe results (training region)
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Central Europe (training region)
Relative Performance of PCAFM vs AFM-baseline
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Northern Europe results (held-out region)

Northern Europe region (unseen during training)
Relative Performance of PCAFM vs AFM-baseline
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Kevin Debeire, DLR, 20 May 2026
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Debeire al., in review



Northern Europe results (held-out region)

Precip. (pr), Northern Europe region (unseen during training)
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= PC-AFM extends AFM with soft conservation losses and ConFIG gradient surgery for
physically consistent climate downscaling

= PC-AFM reduce precipitation and humidity conservation errors by 40% in-distribution and up
to 50% out-of-distribution

= PC-AFM halves systematic precipitation wet bias in held-out climate regions and improves
extreme-quantile accuracy

* ConFIG gradient surgery is essential: naive loss summation produces conflicting gradients

* Physical constraints act as a generalizable regularizer: benefits extend beyond directly
constrained variables, with surface pressure showing the strongest improvement

Aytag Pacal, DLR, CESM Workshop 2026




Future Work 4#7
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Extend conservation constraints to thermodynamic quantities when possible (e.g.
supersaturation, energy balance)

«Address spectral bias in out-of-distribution regions through spectral loss terms
*Incorporate temporal conditioning or autoregressive generation for applications
requiring physically coherent time sequences

*Test robustness under temporal out-of-distribution shift by evaluating on future climate
scenario simulations

Preprint on arXiv: arxiv.org/abs/2604.03459

Aytag Pacal, DLR, CESM Workshop 2026
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» The physical loss constraints the modelled high-resolution output to
conserve the coarse-scale area-weighted spatial average of precipitation
and specific humidity. With C the cos-latitude-weighted coarsening operator:

phy% — ”C[pHR] LRH2 + ”C[@HR] o qLR”2'

Debeire al., in review

Kevin Debeire, DLR, 20 May 2026
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» The gradient surgery ConFIG (Liu et al., 2024) ensures that the generative
and conservation objectives’ gradients are not conflicting.

(15 g1+ gz
Vanilla gradient descent \‘

g1

ConFIG gradient surgery

Kevin Debeire, DLR, 20 May 2026
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» To focus the penalty on near-clean predictions, where it is meaningful, we
apply a noise-level-dependent down-weighting (o,~U(0, 7,))

0

i:.JTI IaX

» Enable the constraint after 20 epochs, allowing the model to establish a
reasonable mapping before the conservation constraint is involved

Debeire al., in review

Kevin Debeire, DLR, 20 May 2026
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AFM-baseline vs. Physics-Constrained AFM (PCAFM) over (12 ensembles)
Metrics:
» Bias and relative bias: Deterministic accuracy (systematic error)

= Continuous Ranked Probability Score (CRPS): Probabilistic forecast skill (ensemble
quality)

» Relative Average Log Spectral Distance (RALSD): average distance of scale-dependent
spatial structure and energy distribution

= Log PDF: Distribution similarity and tail behavior
= Conservation error: deviation from the conservation of coarse-scale extensive variables

» Miscalibration error: derived from rank histogram, quantifies deviation from a perfectly
calibrated ensemble.

= Quantile errors: Distribution error at the tails for wind speed, precipitation and Wet-Bulb-
Glob-Temperature (Heat-stress Index) Powered by

o ESMValTool

” Earth System Model Evaluation Tool

Kevin Debeire, DLR, 20 May 2026




Ablation results

Relative Performance vs SFM-baseline-2M | Ablation Study

Central Europe (training region) Iberic Peninsula Northern Europe region
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Aytag Pacal, DLR, CESM Workshop 2026
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Spatial domain
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Central Europe results (training region)

Precip. (pr), Central Europe (training region)
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Iberia/Morocco results (held-out region)

Iberic Peninsula (unseen during training)
Relative Performance of PCAFM vs AFM-baseline
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