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Parameterizations dominate near term uncertainty in climate projections
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e.g. Gentine et al. 2018, Rasp et al. 2018 e.g. Bolton & Zanna, 2019; Zanna & Bolton, 2020. e.g. Dagan et al. 2020
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D. Watson-Parris, Philosophical Transactions A, 2025.
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The current Earth System Model (ESM) development process is slow!

Why new parameterizations take years to enter ESMs

@ New physical insight
8 field campaigns - theory
S LES/CRM models

o
>

N
= Expensive iteration
é& complex code bases
E‘@ costly model runs
manual debugging
J

-

Translation bottleneck
scientific idea — stable code
requires expert model developers

<>=

Candidate parameterization
implemented in legacy ESM code

often Fortran/C++ + scripts
difficult to integrate ML parameterizations
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Tuning, testing, validation

parameter tuning - stability tests

benchmarks - observations - diagnostics

many competing objectives

Ny
= { ~ years per major change ]

s
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Current workflow is fragmented, slow,
manual, & relies on expert intuition

THE ART AND SCIENCE OF
CLIMATE MODEL TUNING

FREDERIC HOURDIN, THORSTEN MAURITSEN, ANDREW GETTELMAN, JEAN-CHRISTOPHE GOLAZ,
VENKATRAMANI BALAJI, QINGYUN DuaN, Doris FoLini, DuoyING Ji, DaNieL KLockE, YUN QIAN,
FLorIAN RAUSER, CATHERINE RI0, LORENZO ToMASSINI, MASAHIRO VWATANABE, AND DANIEL WILLIAMSON

We survey the rationale and diversity of approaches for tuning, a fundamental aspect of
climate modeling, which should be more systematically documented and taken into account
in multimodel analysis.
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How to systematically integrate new physical understanding into ESMs?

1) Agentic Al
Code translation, literature review, parameterization development
and integration
- Enabling complex scientific workflows
- Automated laboratories
- Al Co-Scientists
- Automating model selection for Scientific Al

2) Differentiable Programming

Differentiable programming (JAX) for fast, gradient-enabled models
— Enables hybrid-physics ML models

Direct access to model adjoint

Easily integrate with ML parameterizations

Simultaneous tuning of physics & ML model parameters
Native on GPUs & TPUs for fast parallel computation
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Agentic Al to develop an intermediate complexity differentiable ESM

a One differentiable code base across scales

high-resolution simulations supply training targets for ML components, which then run in the global model /egoESM — d,'ﬁce,-em-,'ab/e JAX ESM

Large-eddy Cloud-resolving Regional / weather Global Earth system
turbulence, deep convection, fronts, storms, atmosphere - ocean
boundary layers > clouds, microphysics > weather regimes —> land - sea ice \ )
/ : 9 Te L
Ax =1-100m Ax =1-10 km Ax =10-100 km Ax = 25-200 km ‘ \ L 0
seconds—days days—months days—seasons weather—centuries ey CLOICILISIAMY

\
e A
7

v

increasing spatial scale and simulation length: weather — seasonal - centennial

b Composable along four independent axes

GRID cubed sphere lat—lon Gaussian / spectral MPAS Voronoi tripolar (EORCA) swap
COMPLEXITY shallow water hydrostatic nonhydrostatic slab ocean 3-D ocean e
. J . J . J . J . J
more complex ~ 5 1;
4 \ 4 \ 4 \ 4 \ 4 \
PHYSICS | ML radiation convection microphysics turbulence ML emulator swap 10 ||neS Of COde
: /L /L /L /L / < 6 mo. development time
f 3\ ( 3\ ( \ 4 \ ' N\
FIDELITY idealized single column RCE AMIP / OMIP / LMIP coupled (CMIP-class) | —»
. J J U J C J \

4
more realistic
l one choice per axis, a few lines of configuration —. compose into one model

P. Gentine, D. Balwada, A. Pagal, L. Hawkins, A. Adcroft, J. Fang, A. Lahlou, K. Lamb, D. Lawrence, J. Le Sommer, J. Mouallem, D. Watson-Parris, V. Eyring.
“legoESM: a modular, differentiable, multiscale, Al-ready Earth system model built with Al agents”, submitted.
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Collision-coalescence as a test case for agentic parameterization development

A * 50+ year lineage of published schemes of increasing complexity
Cloud ‘, Rain Dro * High fidelity ground truth (superdroplet/bin) can be used to
Droplet © =y . . . . .
_ )/ evaluate simplified bulk parameterizations used in ESMs
; * Known limitations in current parameterizations (cloud/rain
q Large Cloud =
Droplet 0 threshold )
Explicit droplet size distribution Bulk moments
Typical bulk process rates: coupled ODE’s that are o N=[n(D)dD  L=[gpuD*n(D)dD
) o (area under each shaded region) ILe 0.57 gm~3
power laws of cloud and rain moments [L., N, L, N/] E 06 i
2 0> i moment N- 100cm™3
3 : artificial reduction
0.4 1 )
; ; fhreshold D * B — , »
2 03 :/ r 082gm
Explore: % o’ i rain
- Human-expert-in-the-loop development 7 i Nr 38L7
- Single shot and iterative API calls to an LLM E 04 i
- Fully automated agentic workflow 0.0 . - . state =[keNe,Lr Nr]
10° 10! 102 103

droplet diameter D [um]
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Common evaluation framework and reference high fidelity simulations

a) Reference and bulk state b) Experiments
Explicit droplet size distribution Bulk moments .
: — Translate published
0.8 1 ' - N —_—|1—> {1}
; rain Lc 057 gm3 = schemes

r*l'w_' cloud !
£ 0.6 : N, 100 cm-3
> : o= duce ML

l +—» O O Reproduce

Q0.4 ! -3 .
= : moment Lr 0.82gm e e O O parameterizations
3 ! reduction O O
% 0.2 i Nf 3.8 L_l

0.0 . : : state :[Lc: N, Ly, Nr] (ﬁ) _ aLO‘NB Propose I‘Ie_W .

10 10t  10*  10° Ca parameterizations
droplet diameter D [um]

c) Common evaluation framework l
Shared JAX interface Structural evaluation Accuracy vs. Reference Cost and fair baselines
- : - - @ Does it run? D84 cessler I 19

Lc AU o
i : . ' : 29
N tendency | | AC @ Differentiable? E o2l McSnow berry SN
> N oV kessler ) )
i (state, p) o = — berry khairoutdinov - 35
® Conserves mass? ~ — khairoutdinov _
Nr SCr - 0.0- — seifert seifert [ 59
B - - - @ Stable for 6 h? ? Cei AL ¢ 28
forward Euler, jax.lax.scan = time [min] FLOPs step™!

K. Lamb, “Can LLM Agents Improve Imperfect Parameterizations in ESMs?”, Accepted, NeurlPS Sim2Sci Workshop, 2026
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Expert-in-the-loop JAX based development of parameterizations

. . . . | . oo .
& jax-based implementation Reconstruction of data-driven + Develop novel scientific machine
tests of historic parameterizations parameterizations trained on high-fidelity learning approaches — applying neural
box model simulations, based on existing ODEs for stable, physically consistent
ML baselines online process rates
Comparison against McSnow (test) Complexity vs. rollout MAPE (McSnow test)
40 4l EZZ] Bulk: published parameters 10% 4 I:lkeSS|er |:| Bulk: published
=3 Bulk: McSnow-retuned parameters [] Bulk: McSnow-retuned
: © Data-driven
c 35 1 734
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.g E () o w |:|I<hairoutdinov g
~ 5% 5 | SRERS 2
£ = T 220 = 5
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K. Lamb, “Can LLM Agents Improve Imperfect Parameterizations in ESMs?”, Accepted, NeurlPS Sim2Sci Workshop, 2026
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Fully automated development of parameterizations

Construct new parameterizations given high fidelity MCP (Model Context Protocol) server where agents can interact
reference simulations and iterative feedback with tools, fit data, run simulations & systematically improve
- Evaluate typical failure modes for LLM development

LLM-driven parameterization search via MCP

Search arms McSnow data
( ) (
Code-quality success rate: zero-shot vs agentic i
q Yy g LLM + MCP tools MCP server (tOOIS) s dlscovery
100 100 100 100 ) —> query + fit
100 4 autonomous - population explore describe / query data L
o fit fit free constants
E a2 )
g 807 LLM + text brief propose draft a candidate scheme | development
2 ¢ ti draft score only
g static - scheduled | score automatic on every draft | L )
% 60 A t
: y : N e .
S 404 Symbolic regression Harness ' i '
g 40 y g9 +: test (hidden) I
E — !
5 PySR, no LLM R budgets - early stopping - selection : final evaluation, once 1
N 20 - L J . J \____________________J
Il Zero-shot (n=10)
I Agentic (n=5) (
ol Shared grammar NV ; .
Runs Differentiable Mass Stable (6 h) ALL 4 : stated in the prompt, reported on every
conserving HErEEE te e Lr blr % @ . candidate; also PySR's operator set
operators + — x / ** exp tanh min max

K. Lamb, “Can LLM Agents Improve Imperfect Parameterizations in ESMs?”, Accepted, NeurlPS Sim2Sci Workshop, 2026
K. Lamb, “Automating Parameterization Development for Earth System Models with Agentic Al”, in prep.
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Next: Understand how turbulence impacts collision-coalesence

oo

COLUMBIA
UNIVERSITY

B NCAR
~—  UWM

Pacific Northwest

NATIONAL LABORATORY

MULTISCALE CLOUD DATA

Regional LES

droplet-size
distributions

CLUBB / Fortran
K

PHYSICS-AlI MODELING

Al-agent

Neural ODE
surrogates

ADHOC / JAX
)

4,

Online learning + UQ
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Next: directly integrate laboratory observations into ESM development cycle

@ Genesis Mission Cutting-edge Al-enabled laboratory experiments in microphysics and turbulence

Proof-of-Concept Proof-of-Concept
with 1-m x 1-m x 1-m with 1-m x 1-m x 3-m = |

DRACO Chamber | 10 m Tall

Entrainment

10 m

o Collision and

» . Condensation Coalescence
5 —— Cloud Proces! ”
500 vv *)— Precipitati
¥ i
~ Scavenging
kf 6 PANELS 14 PANELS ~50 PANELS .
Pairwise Interactions: Pairwise Interactions: Pairwise Interactions:
Brookhaven 15 91 ~1000 |
National Laboratory b
Lower Complexity Higher Complexity
d? Adapted from D. Koch Sci. Advisory Committee Mtg | March 27, 2026
AT UM Michi
OB Technbiogical : S :
Lapsl Howesiy e |Large-Scale cloud chambers demand Al-driven control of high-dimensional chamber dynamics & coupled cloud processes.
q\\\\ ¢ Al-enabled cloud chamber experiments can accelerate progress in closing critical gaps in predicting precipitation formation.
Stony Brook
University
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Toward more adaptive & accessible ESM development

Much faster iteration
years - weeks/months

Reproducible & systematic
consistent, auditable evaluation

Google
Academic Research Awards
Multi-modal
Better connect observations and
models
Outstanding Challenges :
Creativity o Scientific validity Trust & reliability
I R I truIY nc;vel scientific avoid benchmark overfitting; discovery vs. hallucinated or subtly wrong code; physically
discoveries: curve-fitting invalid yet 'successful' fits

"LLM’s Can’t Jump”
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