


”.... solving problems is only a tool and 
proxy for achieving the primary goal of 
conceptual understanding and insight.”

Declaration from 25 Field Medalists, Sep. 2206
https://terrytao.wordpress.com/

performance understanding

https://openai.com/index/navier-stokes-solution/

Clever Hans: a horse in Germany in 1890s who could perform well at 
math problems!

But did he understand math? Turned out he was good at reading facial 
cues of the examiners

https://en.wikipedia.org/wiki/Clever_Hans

right answer for the 
right reason? next-gen models?

new knowledge (?)

Image is from ChatGPT



Lam et al. (2023) www.ecmwf.int
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2nd Revolution in 1-15 Day Weather Forecasting (2018-now)
Surprising accuracy: 2019: Oxford workshop, impossible; 2022: FourCastNet (~IFS); 2023: Pangu 

& GraphCast (>IFS); 2025: operational!

trained on 40 
years of data



https://www.imsi.institute/activities/unpacking-ai-weather-emulators/

Next: 30-min overview by Elizabeth Barnes

All other talks: 15 min
5 min tech breaks: quick clarifying questions + transition to the next speaker

70-90 min discussion panels: in-depth Q&A, comments/thoughts from the panelists, moderators, 
audience …

Audience
Main room
Overflow room
Online

Reception: today at DSI (other side of the campus)

Poster sessions: Tuesday and Thursday

Thursday and Friday: Breakout groups and more discussions (more info to follow)

https://www.imsi.institute/activities/unpacking-ai-weather-emulators/
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A few explorations and a lot of open questions.



Autoregressive AI weather & climate models

Adapted from Hassanzadeh et al. (2026)



AI for weather and climate has arrived... AI for weather and climate has arrived... 



AI for weather and climate has arrived... 

But new scientific insight has lagged behind.



XAI has been applied successfully to simpler climate 
prediction networks

Benjamin Toms e t  al. (20 21; GRL)

Pred ic t ing 5- year ave rage  surface  temp erature  at  e ach grid  p oint

Pred ic t ion of ave rage  
land  surface  
temp erature  anomaly 
ove r the  next  5  years

XAI
Mexico California

Midwest Canada



But XAI on autoregressive emulators is messy

Effective receptive field of precipitation in Graphcast for the Dubai floods.
Sun e t  al. (20 25)



Still, we have had some recent success with long-
rollouts of gradients (post-hoc XAI)

Ziqi Tang e t  al.  (in p rep )

Bac kp ropagat ing grad ient s  through 
20 0 + autoregress ive  s t eps  
(~50 + days ) reveals  physical 
sources of information used  by 
the  emulator. 

Output  J  - > Massac huse t t s  surfac e  t emperature  at  T0



Different sources act at different lags

Ziqi Tang e t  al.  (in p rep )
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Predictions tell us what the model can do. 

Post-hoc XAI tells us where they look.

But training tells us how it thinks.



We don't have to open the black box after the fact. 
We can watch it being built.

There Will Be a Scientific Theory of Deep Learning
Simon, Kunin et al. (Apr. 23, 2026)

"the emerging theory is concerned with 
the dynamics of the training process"

Sudden Drops in the Loss: Syntax Acquisition, Phase Transitions, and 
Simplicity Bias in MLMs; Chen et al. (2023)

LLMs abruptly acquire capabilities at 
specific training moments — and these 
can be manipulated to improve the final 
result.

Let’s bring this lens to AI weather and climate models



What happens during training? 

Watt - Meyer e t  al. (20 25); ACE2

This is what we usually look at. 

Loss goes down. 

Looks good.



Turning training into an experiment

checkpoint 
#1

checkpoint 
#2

checkpoint 
#3

checkpoint 
#4

checkpoint 
#5

FourCastNet v2 (SFNO)
Creat ed  by NVIDIA [link]

…

Use the AI model to make the same forecast over and over, 
and watch how it learns

https://developer.nvidia.com/blog/modeling-earths-atmosphere-with-spherical-fourier-neural-operators/


…or watch them forget 

AI forecast

Task the AI model to 
forecast this atmospheric 
river event 7 days ahead.

Annabel Wade et al. (in prep)



AI forecast

…or watch them forget

So far so good. Let’s keep 
going…

Annabel Wade et al. (in prep)



…or watch them forget 

Annabel Wade e t  al. (in p rep )



…or watch them forget 

? 
Annabel Wade et al. (in prep)



The model ultimately re-learns to 
forecast this event. But if we’d only 
looked at the final model, we’d never 
know this happened.

…or watch them forget 

Annabel Wade et al. (in prep)



In some cases, the model never recovers from 
forgetting 

Model learns to forecast peak 
s torm intens ity and  then 
“forge t s”; never recovering by 
the  end  of t ra ining.

Rebec c a Baiman e t  al. (20 25 , 20 26)



Clustering reveals distinct learning behaviours

Clustering TC forecast errors across 
t ra ining c hec kp oints  reveals  three  
d is t inc t  learning b ehaviors . 

One  sub se t  of s torms  is  actively 
unlearned in the  sec ond  half of 
t ra ining.

Rebec c a Baiman e t  al. (20 25 , 20 26)



Layer sensitivity differences for unlearned storms

Rebecca Baiman e t  al.  (in p rep )



Unlearned storms live in more moist environments

The subset of TCs that the model 
unlearns  have  significantly more moist 
environments , a lthough it  c an forec as t  
the  mois ture  c orrec t ly! 

This  sugges ts  that  the  mod e l find s  
moisture - driven intensification 
hardest to retain.

Rebec c a Baiman e t  al. (20 25 , 20 26)

Typical TCs Unlearned 
TCs



Reducing moisture during inference fixes the issue

Rebecca Baiman e t  al. (20 26)

Intervention improves 
forecast

Intervention: if we  reduc e  mois ture  
through the  rollout , the unlearning 
trend disappears and the 
forecast improves!



Input perturbations reveal when the model learns 
cross-variable relationships

Storm Location 
IoU

Storm Intens ity 
Error

By rep lac ing the  winds  in the  inputs  
with ave rage  fie ld s  we  ident ify when 
the model learns physics!

Annabe l Wade e t  al. (in p rep )



Complexity through training reveals a potential 
phase transition

Annabel Wade e t  al. (in p rep )



And this transition is timed with the learning of 
physics

Annabel Wade e t  al. (in p rep )

■ Ge os t rophic  balanc e  and  mass  
c onse rvat ion are  le arne d  following 
the  pote nt ial phase  t rans it ion 
about  ⅓ of the  way into t raining.



And this transition is timed with the learning of 
physics

Annabel Wade e t  al. (in p rep )

■ Ge os t rophic  balanc e  and  mass  
c onse rvat ion are  le arne d  following 
the  pote nt ial phase  t rans it ion 
about  ⅓ of the  way into t raining.



We can gain insights on climate timescales too [ACE2]

Landsberg et al. (in prep)

As expected, 6 - hr RMSE decreases with training over 
all variables…but what about climate phenomena?



We can gain insights on climate timescales too [ACE2]

Landsberg et al. (in prep)

ENSO and MJO teleconnections to land temperature 
are learned much earlier in training, stabilizing ~¼ of 
the way in.



We can gain insights on climate timescales too [ACE2]

Landsberg et al. (in prep)

ENSO and MJO teleconnections to land temperature 
are learned much earlier in training, stabilizing ~¼ of 
the way in.

ENSO teleconnections are 
tightly correlated with model 
RMSE early in training



Training dynamics can reveal how AI models “think”. 
And when to intervene. 

■ Many extreme events → models learn, forget, and recover

■ Mult ip le  AI mode ls  → pat te rn hold s  ac ross  weathe r and  c limate
■ Latent  rep resenta t ions  → what  mode ls  enc ode  c hanges  throughout  t ra ining
■ Cross - variab le  re la t ionship s  → mode ls  learn key phys ic s  a t  ident ifiab le  moments



Training dynamics can reveal how AI models “think”. 
And when to intervene. 

■ Many extreme events → models learn, forget, and recover

■ Mult ip le  AI mode ls  → pat te rn hold s  ac ross  weathe r and  c limate
■ Latent  rep resenta t ions  → what  mode ls  enc ode  c hanges  throughout  t ra ining
■ Cross - variab le  re la t ionship s  → mode ls  learn key phys ic s  a t  ident ifiab le  moments

Watch → Locate → Intervene



These models are skillful, but lack fundamental 
physics

Selz et al. (2026)



These models are skillful, but lack fundamental 
physics…allowing us to run them backward!

Hassanzadeh et al. (2026)



1000 ways to make landfall

Lin e t  al. (20 26)

1000 AI - generated 
atmospheric trajectories that 
all lead to Hurricane Sandy 
making landfall



Learning large-scale precursors to “gray-swans”

Jerry Lin e t  al. (20 26)

We are starting to 
explore the state 
space of precursors to 
the Rewind 
trajectories. 

Hurricane Ian



Bug or feature?

“As coarse - graining is reduced, a butterfly - like effect emerges and forecast skill 
degrades...the more completely the training data represent the true dynamical 
system spatially and temporally, the more the AI model behaves like the system, 
but the worse it forecasts the large scales, which are often the desired target of 
prediction and most verification metrics.”

“Our results prompt a question: do we actually want AIWP models to fully behave 
like physics - based models even if restoring the physics costs performance, e.g., 
accuracy of practical forecasting. ”

- Hassanzadeh et al. (2026)



Jacob Landsberg & Barnes (20 26)

AI models forecast the future with yesterday's climate

Colors  show which his torical p e riod  AI mod e ls  d rift  toward  
when run forward  9  d ays .



Memorization & Colinearity Hazards

Jerry Lin e t  al. (20 26)
Mu- Ting Chien e t  al. (in p rep )

Lack of explicit CO 2 in the 
input appears to reduce 

the historical trend

cBottle memorizes 
the QBO

The other models 
don’t learn it at all



When they forecast an unseen extreme – how? 

Extrapolation? 

Translocation?

The physics 
itself? 

Sun et al. (2026)



Tools I would love to have

1. Training dynamics theory: when and how are the physics learned? Are there 
optimal times we can disrupt the training process? 

2. Mechanistic interpretability: where in the model are mechanisms and features 
learned? Can we force them to learn concepts in a way that we can later intervene 
on them? [e.g. MacMillan & Ouellette 2025]

3. A handle on non - stationarity: how can we track its impacts? Rigorously estimate 
uncertainty? Are there training samples from early in the record that 
disproportionately hurt (or help)? 



This week, we are not asking “are the forecasts good 
enough” but “what have they learned and how?”.

What tools are we missing? Which can be adapted 
and which need to be developed?

What needs to be learned and when? Are there bugs 
we might turn into features?



Thank you.

Elizabeth A. Barnes, PhD
Dalton Family Chair in Environmental Data Science & Sustainability
Professor, Computing & Data Sciences
Professor, Earth & Environment
Boston University
eabarnes@bu.edu | www.barnes - research.com
https://github.com/eabarnes1010
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https://github.com/eabarnes1010
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