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Overarching Questions

« Can Machine Learning (ML) methods reproduce
physical parameterizations in CAMG?

* How does the ML performance depend on the
complexity of the parameterization scheme?

« Can domain knowledge improve our use of ML?

* Complete discussion in recently published
manuscript
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within the dimate model. Utilizing a hier arcy of model configurations, we explorethelimits of rancom forest
emulator skill using sim plifi ed model frameworkswithin NCAR's Community A tmosphere Model, v ersion 6
(CAMG). Theseinclude a dry CA M6 configuration, a moist extensi on of the dry model, and an extensi on of
the moist casethat includes an adciti onal con vection scheme Each model configuration is run with identical
resolution and over the sametime periocl W ith unique RF being optimizedfor eachtendency or precipitation
rate acrossthe hierarchy, we create a variety of "best case’ emulators The rancom forest emul ators arethen
evaluated againgt the CA M6 output aswell as a baseline neural network emul ator for completeness All
emulators show s gnificant skill when com paredtothe "truth” (CAMS), often in linewith or exceecing similar
approaches within the literature In adcition, asthe CA M6 compl exity i sincr eased, the random forest il

noti ceably clecreases; regarcless of the extensiv etuning andtraining process each random f orest goesthrough.
Thisincicates a limit on thefeasibility of RF to act as physi cs emul ators in dimate models and encour ages
further expl oration in or der to icentify iceal uses int he context of state of-the art climate model configurations

Plain L anguage Summary Machine|earning (ML) has become an intriguing technicue for

repl aci ng com pli cated aspects of ofimate and w eather modlels, processes such as d oudinteractions and rain are
examples of this However, the [imitati ons of various ML techni ques are notyet fully understood We explore
these limits, focusing on a specf ic ML method and utilizing sim plified dimate modeling frameworks The

ML models arethen carefully analy zed against the original climate mode! results and resultsfrom a standiard
baseline ML approach. All of our machine learned models show impressive sill at recreating the original
results. However, that skill is shown to noticeably decrease as the complexity of the dimate model framework
isincreased Whilethis may be expected, it is useful f or understanding limits ont hefeasibility of certain ML
techni cuesto be used within state of-the-art dimate models Further investi gati on is needed to understandthe
viability and best use cases of these methods bei ng acopted into smulating of the Earth system.




Bridging the Gap:
Model Hierarchy with Increasing Complexity

Increasing complexity

Deterministic Tests | V Statistical Tests
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Bridging the Gap:
Model Hierarchy with Increasing Complexity

Increasing complexity

Deterministic Tests l V Statistical Tests
ﬁ
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* Moist version of the Held-Suarez test (Thatcher & Jablonowski, 2016)
» Coupled Moist Version with convection scheme (Betts & Miller, 1986)
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Moist Held-Suarez (TJ)
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Moist Held-Suarez (TJ)
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*Mathematical description of convective precipitation can be found in Frierson (2007)
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Moist Held-Suarez (TJ)
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*Mathematical description of convective precipitation can be found in Frierson (2007)
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Machine Learning

- - .’

* Determines a functional relationship between data

Output

* Our focus: Random Forests (RF)
* Include baseline Neural Network (NN) comparison

* Built using Scikit-Learn & Keras (TensorFlow)
* Tuned with SHERPA

* Uniquely trained and tuned RFs
» Can be considered our ‘best possible case’
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GCM Configuration

* NCAR’s Community Earth System Model (CESM) version 2.1

* Finite-Volume (FV) CAMG run at 1.9 x 2.5 horizontal resolution with 30
vertical levels

* 60-year model run with weekly output

6 years (test)

50 years for training and validation ‘ 4-year gap

» Data reshaped for preprocessing
« EX: diagnostic vars(time, lev, lat, lon) -> features(time*lat*lon,lev*vars)
* NNs have normalization input layer
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Moist dTigt ,  MF-CAM ,  Kiday Ioist dTigt ( NN-cAm Kiday
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* ML reproduces dT/dt effectively w1

* Increase in regions of significant :;j’f»&, ]
ML anomaly in dT/dt convection '
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e Correlation coefficient:
» Ratio of error to the variance
* Closer to 1.0: 'learned’ better

Pressure (hPa)
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Pressure [hPaj
Pressure [hPai

R? Investigation

e Correlation coefficient:
» Ratio of error to the variance
* Closer to 1.0: 'learned’ better

re (hPa)
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*R2 decreases when complexity e
Increases
* More significantly for RFs
* Low skill region in (e) associated
with peaks in convective precip
* Less apparent in NN
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Domain Knowledge

* Tendencies don't utilize RH internally

\We are aware of connections between
RH and the internal processes.

Pressure (hPa)
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Domain Knowledge

200 -l

400

* Tendencies don't utilize RH internally ]

\We are aware of connections between
RH and the internal processes.

* ML improved significantly when
included.

* Unexpected from data science
perspective, but unsurprising from
atmospheric science perspective

Pressure (hPa)
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Application to 2-Hourly
Data

* Simple example of ‘transfer
learning’

* Regions of minimal precipitation
appear to be missing (1-4mm/day)

* Unsure why (still preliminary)
* Bug”? Not an issue in weekly-dataset

* Prioritizing large-scale features?
(Chattopadhyay, 2023 arXiv:2304.07029)

« Could impact online performance
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https://arxiv.org/abs/2304.07029

Ongoing & Future Work

* Coupling these to CAM

* We are close — hit a few ’known unknowns” in recent weeks
* RF size/feasibility for online runs
« ‘MaxDepth’ parameter significantly impacts both skill and size

* Offline transfer learning

* Adding steps to the hierarchy
» Repeatable ‘Simple Physics’ CAM-ML workflow?

* Moving on from RFs?
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On Original data

* Weekly output, 20 weeks (very
choppy)
» Captures the 1-4mm/day
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R? Investigation
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Skill Variation
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R2 Variation
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