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Motivation: Unpacking CREDIT’s Development

Summer - Fall 2023
Derecho finally came online.
Wanted to train our own AI 

NWP emulators.
Model - level ERA5 on GLADE.

DJ, John, Will map out CREDIT 
plans over Domino’s pizza.

Winter - Fall 2024
Will builds initial CREDIT data 

pipeline. 
John experiments with 

different mishmashes of 
architectures, builds 

WXFormer. DJ validates 
models and debugs physics 

issues. Initial WXFormer 
release.

2025
Kyle Sha finds improvements 
with physics constraints. Will 

develops CAMulator . John 
builds stochastic 

decomposition layers for 
ensembles.
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● CREDIT team generated lots of exciting 
research results really fast…

● But the code became more brittle and 
fragmented.
○ Component duplication
○ Missing metadata to reproduce results
○ Growing maintenance burden

● Risk: CREDIT Defaulting. 

● What to do?
○ Declare bankruptcy (aka switch to Anemoi)?
○ No, restructure our investing strategy!

Running Up CREDIT Technical Debt
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CREDIT Generation 2



Unpacking AI Weather Emulators5

CREDIT: Community Research Earth Digital Intelligence Twin

Cloud/Local 
Datasets

Preblocks
PostblocksModels

Losses and 
Metrics

What is CREDIT?
An open, Python-based, foundational platform  for developing 

AI Earth System Emulators [Schreck, et al. 2025].

Command Line Interface (credit begin)
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Datasets

Cloud 
Datasets

Local 
Datasets

Custom 
Datasets

Stream directly from ERA5, GOES, MRMS, GFS, GEFS, HRRR, 
or any other remote data archive.
Pros: Minimal local storage; Cons: latency, need reliable internet

Load from local collection of netCDF or Zarr files with consistent 
file paths
Pros: Low latency, flexible Cons: Need storage, data coverage

Can make custom PyTorch datasets that load from disk or 
generate synthetic or simulated data, like solar irradiance 
Pros: Low latency, flexible Cons: may require more compute
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State Dictionary

ERA5

GOES

3D Temperature

2 m temperature

Channel 16

Channel 1

Variable Types
Prognostic
Diagnostic

Dynamic Forcing
Static

Computed

Variable Types
Prognostic
Diagnostic

Dynamic Forcing
Static

Computed

Sources
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Preblocks

Transforms Regrid /
Interpolate Scaling

Making data variations 
more linear and Gaussian 

speeds up model 
convergence, especially 

data that varies 
exponentially across many 
orders of magnitude (e.g., 

microphysics).

CREDIT has log and sqrt 
transform blocks and can 

fill missing values.

Data from different sources 
should align on the same 
grid and vertical levels. 

Regrid applies transform 
weights from ESMF

Vertical interpolate goes 
between different vertical 

coordinate systems.

Data needs to be 
normalized after 

transforms to make 
optimization generally 

feasible.

CREDIT supports 
standard, minmax, and 

quantile scaling with 
Bridgescaler.
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Models
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Pixel Shuffle

Conv2D- N

Consequence: 
Inherently drops decoder 

attention layers
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Postblocks

Inverse 
Scaling

Computed
Diagnostics

Conservation

Perform inverse transforms 
and scaling on predicted 

and target fields.

Calculate diagnostics like 
MSLP, geopotential, 

precipitable water, etc. 
from predicted state 

variables. 
Guarantees exact 

relationships and fast and 
differentiable in PyTorch.

Enforce global mass, 
moisture budget, and 
energy conservation.
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A Composable, Coupled Pipeline

Atmos
State CAMulator

SST

Wind 
Stress

Atmos
State

Ocean
State

Wind 
Stress

POPulator

SST

Ocean 
State

CAMulator

POPulator

Force

Prognose

Diagnose
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Command Line Interface
$ credit –h
CREDIT — AI-NWP model training and inference platform

positional arguments:
COMMAND

begin           Interactively create a starter CREDIT config
check           Validate a config: resolve every type, block, and path it names
preprocess      Fit preprocessing scalers (BridgeScaler) over the training data
train           Train a CREDIT v2 model
rollout         Batch forecast rollout to NetCDF
realtime Operational realtime forecast (single init time)
submit          Generate and submit a PBS or SLURM training, rollout, or realtime job
plot            Quick global map: truth vs prediction from a saved checkpoint
ask             Ask the CREDIT AI assistant a question

Examples:
credit init --grid 0.25deg -o my_config.yml
credit preprocess -c config.yml
credit train      -c config.yml
credit realtime -c config.yml --init-time 2024-01-15T00 --steps 40
credit rollout  -c config.yml
credit submit   --cluster casper -c config.yml --gpus 1
credit submit   --cluster casper -c config.yml --mode rollout --jobs 10
credit submit   --cluster casper -c config.yml --mode realtime --init-time 2024-01-15T00
credit submit   --cluster derecho -c config.yml --gpus 4 --nodes 2
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CREDIT Use Cases
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Rare Events Realized with Forward Flux Sampling

Calibrated stochastic perturbations to WXFormer enable 
re- sampling trajectories from states in individual runs. 
Preferential sampling toward a target give us a plausible 
extreme trajectory and calibrated probabilities of tail 
events.
No fine - tuning or guided latent perturbation needed!
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Forward Flux Sampling of Hurricane Intensity



CREDIT- chem for Black Carbon

Unpacking AI Weather Emulators

Black Carbon (BC)

Simulating primary organic 
matter (POM), secondary 

organic aerosols (SOA), and 
sulfates as well

CREDIT Chem Team
LJ Dunphy, Alma Roux, Ben 

Gaubert, DJ Gagne, John 
Schreck, Charlie Becker



CREDIT- chem Model Setup
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Hybrid Workflow for CREDIT - chem
t 0 c h e m  va rs

t0 s ta te  va rs

m e te o ro lo g y 
m o d e l

t 0  t ra n s p o rte d  c h e m  va rs
+  t 1 s ta te  va rs

apply
physical
transport

unpredicted 
columnar 
chem vars

predicted 
columnar 
chem vars

columnar 
neural 

network

NOTE: Physical transport 
is NOT ML based

Trained on CAM6 - chem, 1 hour time step, 
~1 deg. grid spacing, 32 vertical levels.
Predicts: Black Carbon (BC), Primary Organic Matter (POM), 
Secondary Organic Aerosols (SOAs), and Sulfates



CREDIT- chem Results

CREDIT- Chem 
captures 

evolution of each 
stage of black 

carbon. 

Can produce 
stable rollouts 
out a month at 

hourly time 
steps.



GOES 10.3- µm Nowcasting over CONUS

Low- Latency Multi - Spectral Geostationary Satellite Convection Nowcasting with CREDIT WXFormer

July 15th , 2024Work by postdoc Kevin Yang and 
undergrad Ethan Campbell






Enhancing Storm Growth Prediction with Temporal Context

Low- Latency Multi - Spectral Geostationary Satellite Convection Nowcasting with CREDIT WXFormer
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CAMulator : Now Open Source and Weights



NSF NCAR is and will be hiring!
• ASP Postdoc (October 31)
• SIParCS interns (undergrad 

and grad, due late Dec)
• Postdoc with Chris Snyder
• ML Engineers
• Science positions

Save the Date!
Emulated and Hybrid ML 

Physics Earth System Models 
Workshop

May 12- 14, 2027
Mesa Lab

Boulder, Colorado
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Announcements
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● CREDIT Gen 2 provides the scaffolding to build 
coupled AI Earth System models. 

● The speed of AI Earth system emulators 
enables new interactive applications 
previously impossible with traditional models.

● Modular components for the whole pipeline 
enable mechanistic interpretability 

Takeaways
Thank you to the CREDIT contributors, researchers, 
and supporters! 
MILES: J o h n  Sc h re c k, Da vid  J o h n  Ga g n e , Ch a rlie  
Be c ke r, Ga b rie lle  Ga n to s , Ke vin  Ya n g
IMPACT: Ka te lyn  FitzGe ra ld , Sc o tt Pe a rs e , Nih a n th  
Ch e ru ku ru , Ma tt Re h m e , Sta s  J a ro s zyn s ki, Ka te  
Ku ze m ka , J o h n  Clyn e
CISL: Ne g in  So b h a n i, Be n  Kirk, Da n ie l Ho wa rd , Do u g  
Sc h u s te r, J e ff An d e rs o n
Rest of NCAR : Yin g ka i “Kyle ” Sh a , Dh a m m a  Kim p a ra , 
Kirs te n  Ma ye r,  J u d ith  Be rn e r, Da n  Am h re in , Ma tt 
Ha ym a n , Eth a n  Gu tm a n n , Pe d ro  J im e n e z, An d y 
Ne wm a n , Su e  Ha u p t, Ch ris  Sn yd e r, Alm a  Ro u x,
Sc o tt Swe rd lin , Ch ris  Ca s tro
University Community : Will Ch a p m a n , Arn o ld  Ka za d i, 
Sta n le y Ako r, Aid a n  J a n n e y, La u re  Za n n a , Am y 
Mc Go ve rn , Stu a rt Ed ris , Re yn a  Wu ,  An e e s h  
Su b ra m a n ia n , Gio  Ellis , Ste ve  Gre yb u s h , Ch ris tia n  
Sp a llo n e , Da n ie l Ne a m a ti, LJ  Du n p h y, Eth a n  
Ca m p b e ll

Co n ta c t Me  
d g a g n e @u c a r.e d u

CREDIT So u rc e : github.com/NCAR/miles-credit
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