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CATALYST represents a formal cooperative agreement between DOE and UCAR/NCAR

Why a cooperative agreement?

DOE and NCAR have shared scientific objectives,
so the combination of funding from DOE and NCAR leverages the efforts of a larger group
of scientists than could be assembled from within each organization alone.

The 22 members of the CATALYST team have funding from DOE (4 at 100%, 18 with partial DOE
funding) with the remaining percentages of support coming mostly from UCAR/NCAR

Diversity: CATALYST is committed to fostering diversity in the scientific community. The current
CATALYST team includes 12 females and 10 males
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CATALYST science contri buti ons to

-modes of variability (MOV)

= DJF Nifio3.4:

n
a. NOV init (1-mon lead), ACC=0.95, nRMSE=0.32 b. NOV init (13-mon lead), ACC=0.49, nRMSE=0.92
2

L] - . 2
coordi nawiitoh CASTCADE, 339W.
)
2 2
1-month lead 13-month lead
CESMZ: 90 2000 2010 1990 2000 2010 202
c VMAY init l{rmon lead), ACC-(} 76 IVRMSEV—O ”I, . u.VMAY mll}];@mon quq): A(C~07407,J\RMSVI:‘1 01 ~
-2
7-month lead 19-month lead
""""" S oo ww | B me Ww mw w0 2w
a. NOV init (1-mon lead), ACC=0.96, nRMSE=0.43 b. NOV init (13-mon lead), ACC=0.46, nRMSE=0.91
1
5 ‘
1-month lead 13-month lead
o 0 200 2010 % w0 20
E3SMV2.1 : €. MAY init (7-mon lead), ACC=0.81, nRMSE=0.60 d. MAY init (19-mon lead), ACC=0.53, nRMSE=0.85
{
-2
7-month lead 19-month lead

Observations: black; solid color lines are predictions for various
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1 Focus on modes of Earth system variability and

change to explore the limits to predictability, identify
fundamental underlying mechanisms, quantify interactions

cata

Cooperative agreement to andllyze variabiity, TS mode§ of varla.blll.ty and. assc.)cuated high impact
change and predictability inffhe earth system  events, and discover tipping points in the Earth system

JoiningYagaas
Pl: Gerald Meehl co-Pl: Jadwiga (Yaga) Richter project manager: Nan Rosenbloom co-Pl: Steve
Y "\ Yeager

Research Objective 1 (Lead: Aixue Hu) @ @ Research Objective 2 (Lead: Brian Medeiros)
PR (SR
Use a combination of Earth system models and “

machine learning methods to understand modes
of variability and their limits of predictability on .

Use a hierarchy of models to understand relevant
™, processes and feedbacks related to how modes of
variability interact with each other

subseasonal to decadal timescales J K /
Resedich Objective 3 {Laad: Sohn Pakiillo) \ / Research Objective 4 (Lead: Christine Shields) \

: . . X o Use high resolution ESMs, RRMs, and ML methods to
Examine the simulation of internal modes of E b

SR L. . . investigate the relationships between high impact
variability, tipping points, and connections :
events, the synoptic systems that produce them, and

J

between them in a changing climate

their interactions with modes of variability

/
Research themes across CATALYST:
Two-model analysis of modes of variability with E3SM and CESM
Initialized Earth system prediction with E3SM and CESM
Machine learning analysis and prediction of modes of variability
Antarctic atmospheric rivers and extremes, E3SM and CESM analyses complement machine learning methods
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CATALYST E3SM simulations
Web page listing E3SM simulations available for analysis by the community:
E3SM large ensembles: https://project.cgd.ucar.edu/projects/CATALYST

A 20-member E3SMv2 future climate (SSP3.70) ensemble
A 20-member historical+future large ensemble with E3SMv2 (collaboration with Chris Golaz, LLNL)

A Collaborated with Samantha Stevenson (UCSB) and contributed to the completion of ensemble members for

E3SMv1-LE
(Stevenson et al., 2023, JAMES; Fasullo et al., Earth Sys. Dyn., 2024, J. Climate, 2024)

E3SMv2 Smoothed Biomass Burning Large Ensemble
A explore the sensitivity of E3SMv2 to the CMIP6 prescription of biomass burning emissions:
21 members, 1990 to 2085 wusi ng -asOWIPG bidmags emissibns mat ol o g

Initialized Earth system prediction, Seasonal to Multi-Year Large Ensemble (SMYLE):

A recently completed 20-member ensemble hindcasts with E3SMv2.1 initialized quarterly between 1970-2019
(four start dates per year) and integrated for 24 months (SMYLE methodology: Yeager, Rosenbloom,
Glanville, Molina, Richter, Strand, King and coauthors, GMD, 2022).

Initialized Earth system prediction, S2S-control:
A In progress: E3SMv2.1 subseasonal reforecasts, initialized with observed and analysis-based atmospheric, ocean

and sea ice, and land ICs; weekly starts between October and March from 1999 to 2022; 45-day simulations, 11-
member ensembles (SZS methodology Rlchter et al., Weather and Forecastln, 2022)
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Initialized Earth system prediction with E3SM: removing bias and drift in hindcasts

Using historical large ensembles to compute model climatology produces similar drift patterns compared to the
initialized hindcasts in both the 1 degree and high res versions of E3SMv1 and CESM1

This result opens up whole new possibilities of being able to perform hindcast case studies without re-running
an entire hindcast set, and could facilitate greater use and application of Earth system prediction science

Drift pattern in year 1, year 5, and mean of historical large ensemble is similar (~0.9

pattern correlation), with only the expected larger amplitude in the LE;

hindcasts with 2 initialization methods in E3SMv1 and CESM1, 1 degree versions

CESM1 Bruteforce E3SMv1 Bruteforce CESM1 FOSI E3SMv1 FOSI

90N =

o BON " | ¢ T, g%

“71 30N[™S
ok

308

60S

6 ' : =l 6o & 0 : _c
0 90E 180 90w 0 0 90E 180 90w 0 0 90E 180 90w 0 0 90E 180 90w 0
CESM1 Hlstorlcal soN E3SMv1 Hlstorlcal soN CESM1 Hlstorlcal soN E3SMv1 Hlstorucal

90E

180 90W 180 90W

.
3 -2 -1 0 1 2 3
(Meeh!l Ki rRincahnt,er , Gl anvi |l |l e, R,0c¢
202Q1 i ,Dyn

GEREREY |7 & . ' catalyst




Initialized Earth system prediction with E3SM: removing bias and drift in hindcasts

Using historical large ensembles to compute model climatology produces similar drift patterns compared to the
initialized hindcasts in both the 1 degree and high res versions of E3SMv1 and CESM1

This result opens up whole new possibilities of being able to perform hindcast case studies without re-running
an entire hindcast set, and could facilitate greater use and application of Earth system prediction science

Drift pattern in year 1, year 5, and mean of historical large ensemble is similar (~0.9 As in the 1 degree versions, in high res versions of E3SMv1 and CESM1.3
pattern correlation), with only the expected larger amplitude in the LE; (1/4 degree atmosphere, 1/10 degree ocean) drift pattern in year 2 and mean of
hindcasts with 2 initialization methods in E3SMv1 and CESM1, 1 degree versions historical large ensemble is similar (~0.9 pattern correlation), with only the expected

CESM1 Bruteforce E3SMv1 Bruteforce CESM1 FOSI E3SMv1 FOSI larger amplitude in LE error
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Initialized Earth system prediction with E3SM: predicting modes of variability, ENSO and IPO

First results from SMYLE ENSO hindcasts

with E3SMv2.1 compared to CESM2:

Despite markedly different mean state biases (and

associated drift), full field initialized hindcasts using

CESM2 and E3SMv2.1 show considerable skill at

forecasting winter Nifi03.4 out to 19 month leads
DJF Nifio3.4:

a. NOV init (1-mon lead), ACC=0.95, nRMSE=0.32 b. NOV init (13-mon lead), ACC=0.49, nRMSE=0.92
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Observations: black; solid color lines are predictions for various
lead times; shading is ensemble range

(SMYLE description: Yeager et al., 2022, GMD;
new results; Yeager et al., 2024, pending)
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|l nitialized Earth sy38Mem predicting motdbasEof va

First documentation of the effects
of wildfire smoke on a mode of
variability: ENSO

3-year hindcast case study with
E3SMv2 and CESM2 showed the
2019-2020 Australian wildfire
smoke triggered coupled
processes that produced a multi-
year La Nina

Surface temperature
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Initialized Earth system prediction with E3SM: predicting modes of variability, ENSO and IPO

E3SMv1 and CESM1 show

comparable skill in predicting the
g 2 fbe)tatsleaéj ears 3-5 using two

different inftialization methods,

with decreases of skill after large

volcanic eruptions

1 ' 1 . T T T LI T
—e— CESM1 FOSI Anomaly pattern correlation
0.8} = ©— CESM1 bruteforce for |PQ prediction skill
—e— E35Mv1 FOSI ; ;
E 0.6 | —©— E3SMvl bruteforce
% I | S
©|0.4r |
S : | :
T : : . N &
0 : : : : ;
02F c : : :
0.2f S - —
: = o) 2 |
-04Fr © a] = 2 o
Je) [ - v ' .
‘D O e > 5
0.6r 2 m T ez

1970 1980 1990 2000 2010 2020

(Meehl, Kirtman, Richter, Glanville,
Rosenbloom, and Yeager, 2023, Cli.Dyn.;
Wu, Yeager, Deser, Rosenbloom, and
Meehl, 2023, Sci. Adv.)
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Quantifying sources of subseasonal prediction skill

J. H. Richter, A. A. Glanville, &t ephen G. Yeager ,é&al@02b)i e M. C
Nature Climate and Atmospheric Science, 7:59, https://doi.org/10.1038/s41612-024-00595-4
OBJECTIVE [ ___(a) Hypothesis 0.6 (b)model
To to quantify the respective roles of atmosphere, land, and | 05|
ocean initial conditions on subseasonal prediction skill. > '
= | 0.4é
APPROACH g Soal
We use a suite of subseasonal reforecast experiments with initial B | | < |3
conditions for one or more model components set to climatology. &’ \ -
» 0.1F ™
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Using ML to explore the relative importance of the MJO and ENSO to
North Pacific subseasonal predictability

OBJECTIVE

i (a) Correct Predictions (b) Correct & Confident Predictions
To separate the relative contribution of two tropical modes of variability to ” 7500 Averaging Windows
North Pacific subseasonal predictability: the Madden-Julian Oscillation (MJO) s0f——L fﬂ'ﬁo’;‘”;twifk ijays —_ ;; :ays —
and the El Nino Southern Oscillation (ENSO). S 70| — Both_N:th:ks —_— 1 ZZ; > ‘
APPROACH fa
Utilize an interpretable neural network to Eee———
disentangle the relative importance of the state of \
the MJO and ENSO for subseasonal predictability " : v B
. . . rediction lead (days) rediction lead (days)
atm 0S p h eric Circu | atlo n at 500 h Pa over th e NO rth " (c) Permutation Impor[t)ance: MJO ' . (d) Permutation Impor'zance: ENSO '
Pacific. ey  easmmab
IMPACT

The state of ENSO alone provides more subseasonal
predictive information than the MJO on a variety of
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Using unsupervised learning for signal
extraction with K-means clustering for climate
prediction

Skillful predictions of large-scale circulation
patterns can be used to derive predictions of
precipitation

(Molina, Richter, Glanville, Dagon, Berner, Hu, Meehl, 2023, AMS Al for the Earth Systems).
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