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Pacific sea surface temperature
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El Nino-Southern Oscillation (ENSO)
Sea surface temperature (SST) anomalies

El Nino (La Nina): SST warm ( cold) anomalies in the eastern ,
equatorial Pacific at intervals of 3-7 years; the strongest interannual ||~ EII\ISO effe(.:ts'
signal in the climate system; basinwide ocean-atmosphere teleconnections

interactions; most predictable signals

El Nino : 1997/12

EFl Niho - De La Nina :1998/12
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Surface Temperature Anomalies (°C)
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3. Data & model: A attention-enhanced transformer model for 3D field predictions (3D-Geoformer)

a . | ScienceAdvances /
@ g A self-attention-based neural network for three-di-
,q\ . [_Muijea_d ) ~ mensional multivariate modeling and its skillful ENSO
% 1 'mzfn —| | predictions
=: S Lu Zhou, Rong-Hua Zhang

Related paper: Zhou, L., and R.-H. Zhang, 2023: A self-attention
based neural network for three-dimensional multivariate modeling

Embedd'ng Embeddlng and its skillful ENSO predictions. Science Advances, 9, eadf2827,
|nput |nput https://doi.org/10.1126/sciadv.adf2827.
Pre-processing 3
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rédictions: Observed evolutions
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Real-time predictions: Observed evolutions

» Temperature anomaly evolution from January 2019 to April 2023 for the zonal-time

section at the sea surface and zonal-depth sections along the equator. s



4.6 Real-time predictions: IRI collections, including IOCAS ICM (Intermediate coupled model)

Nino3.4 SST Anomaly (°C)

Model Predictions of ENSO from May 2023
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4.6 Real-time predictions: 3D-Geoformer (SZH} F il
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collection, and the red lines indicate the predictions made using 3D-Geoformer. e
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4.6 Real-time predictions: 3D-Geoformer
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4.6 Real-time predictions: 3D-Geoformer

Predicted from May 2023

ta May 2025"' (e) Sep (i) Jan 2024
. 28. ......----|I . lelg | ¥ . glg .IIIIII-
E QOFs E ok E G E
= 60 t = €0 i- = 60 r—\
‘%90 1.5 ‘%90— ‘%QD —15“
Ls . 7 L
ﬂqgg il R A Y N i E 1R DR SNSaN
120°E 150°E 180° 150°W 120°W 90°W 120°E 150°E 180° 150°W 120°W 90°W 120° E 150 E 180° 150°W 120°W 90°W
Longitude Longitude Longitude
(b) Jun (f) Oct (j) Feb
e & < B N = 2}
E %0 ks Edok E 8 f’\
£ 1.5 £ £ ‘Ze S
5 90 ] 5 90 [ . - o || & 0FRY - ___‘___15_
A 120 7 a120 H O™ N A A120 R ~\
15 A 1 .../I"V'\"‘/i 1 150 1 \l\\—l // 1 150 _'ﬂﬂ—.
120°E 150°E 180° 150°W 120°W 90°W 120°E 150°E 180° 150°W 120°W 90°W 120°E 150°E 180° 150°W 120°W  90°W
Longitude Longitude Longitude
(c) Jul (g) Nov (k) Mar
e i 2 e i)
= 60 £ & EwF
N - - 7
o % F g 90 8 90 Fg - =0.0
0120 - r:-120 \f 5 a120 4! Rl o
150 1 ?-ﬁ 1 50 -5 _.1/'/\ 150 Lt h s L 1 ]
120°E 150°E 180° 150°W 120°W S0°W 120 E 150°E 180° 150°W 120°W 90°W 120°E 150°E 180° 150°W 120°W SQ0°W
Longitude Longitude Longitude
(d) Aug ) Dec {I) Apr
e 8 5 33 e i) D
EGF £ & EwEL 15 1
- = =
*;-J. Q0 *g 90 *% 90 s, - o>
0120 |- . 0120 [ "‘-‘\ '\ﬁ 0120 H,} S Siaee / /: ;
150 LA 1 1 -5 1 150 — "\ 150 L1 BERN ” 1
120°E 150°E 180° 150°W 120°W Q0°W 120°E 150 E 180“ 150°W 120°W 90°W 120°E 150°E 180° 150°W 120°W Q0°W
Longitude Longitude Longitude
-l | I I [
44 -33 -22 -11 00 11 22 33 44

°C

»Zonal-depth
sections of upper-
ocean temperature
anomalies along the
equator  predicted
by 3D-Geoformer

49
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A Purely Data-driven Transformer-Based

Coupled Ocean-Atmosphere Model for ENSO Research
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Argo data: upper-ocean temperature anomalies
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Retrospective hindcast experiments: surpassing other conventional
statistical and dynamic models
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Incorporating time sequence information in four dimensions:
multi-month time intervals (TIs) in the input predictors as initial conditions

More information during multi-month Tls in the input predictors serving as initial conditions, from which the
output predictions are derived. This Tl serves as a new parameter that determines how much information is
retained in the input fields, and also a factor that can be used to improve prediction skills
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The convenience for conducting perturbation experiments from initial
condition perspective for ENSO predictability studies

e factors crucial to ENSO prediction skills, including modeling settings (e.g., Tls), sensitive variables & regions;
* its effectiveness in enhancing skills & the mechanisms for good performance (e. g., Tls), enhancing model explainability.
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Sensitivity tests: processes & interpretability, predictability

»> Wind stress effects on ENSO predictions » Contributions of off-equatorial temperature effects to
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4.6 Real-time predictions: IRI collections, including IOCAS ICM (Intermediate coupled model)

Nino3.4 SST Anomaly (°C)

Model Predictions of ENSO from May 2023
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4.6 Real-time predictions: 3D-Geoformer

Nino3.4index(°C)
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5. EEFMA: a new modeling tool

v Its ability to adequately represent the ocean-atmosphere coupling within
the DL-based modeling context: monthly coupling in a rolling way

v’ Incorporating time sequence information in four dimensions: multi-month

time intervals (TIs) in the input predictors serving as initial conditions
More information during multi-month Tls in the input predictors serving as initial
conditions, from which the output predictions are derived. This Tl serves as a new
parameter that determines how much information is retained in the input fields,

v The convenience for conducting perturbation experiments from initial

condition perspective for ENSO predictability studies.

understanding factors crucial to ENSO prediction skills, including modeling settings
(e.g., Tls), sensitive variables, and regions; its effectiveness in enhancing skills & the
mechanisms for good performance (e. g., Tls), thereby enhancing model explainability,,
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The convenience for conducting perturbation tests from initial condition
perspective for ENSO predictability studies.
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