
Nature Machine Intelligence

nature machine intelligence

https://doi.org/10.1038/s42256-026-01245-5Article

Learning the coupled dynamics of global 
climate modes
 

Yuan Yuan1,2, Jingtao Ding    1,2, Zhongpu Qiu3, Jingfang Fan    3,4   & 
Yong Li    1,2 

Global weather extremes, from monsoons to droughts, are shaped by 
a network of recurrent, coupled ocean–atmosphere patterns known as 
climate modes. These modes, spanning from the Pacific’s El Niño-Southern 
Oscillation to interconnected patterns in the Indian and Atlantic Oceans, 
form a dynamically linked global system governed by complex nonlinear 
interactions. Holistically forecasting this interconnected system—rather 
than treating modes in isolation or in simplified pairs as existing approaches 
do—remains a fundamental challenge in machine intelligence for complex 
systems. Here we introduce UniCM, a unified deep model for global climate 
modes forecasting. Its key innovation lies in a dual-branch architecture that 
learns the dynamics of a coupled system directly from data, achieving a truly 
unified prediction through the synergistic modelling of localized dynamics 
and their collective global couplings. UniCM achieves strong performance 
in unified global climate-mode forecasting, outperforming strong existing 
baselines and extending the skilful forecast lead time across multiple major 
climate modes. It successfully captured the diversity of historical events, 
from the extreme 1997–1998 El Niño to the prolonged and challenging  
2020–2023 triple-dip La Niña. Beyond accuracy, UniCM offers interpretability; 
its internal attention mechanism identifies dynamic precursors and quantifies 
the structured inter-mode interactions that precede extreme climate events. 
Our results demonstrate that learning the coupled dynamics of climate 
modes as an interconnected system unlocks emergent predictability, laying 
a foundation for unified forecasting and data-driven insights that deepen our 
understanding of global ocean–atmosphere dynamics.

Large-scale climate variability on seasonal-to-interannual timescales 
shapes weather extremes, ecosystem dynamics and the stability of 
critical sectors such as agriculture, water resources and disaster 
preparedness1,2. Much of this variability is driven by a network of recur-
ring, coupled ocean–atmosphere patterns known as climate modes3–6. 
While the El Niño-Southern Oscillation (ENSO) in the Pacific7–10 and 
the Indian Ocean Dipole (IOD)11,12 are the most recognized of these 
phenomena, they are components of a larger, interconnected system13. 

Other modes, including the North and South Pacific Meridional Modes 
(NPMM and SPMM), Indian Ocean Basin (IOB), Southern Indian Ocean 
Dipole (SIOD) and Tropical North Atlantic (TNA) variability, also exert 
substantial regional and global influence13–18. Crucially, these modes do 
not evolve in isolation. They form a dynamically linked global system15, 
exchanging energy across ocean basins through intricate teleconnec-
tions19 that ultimately control the timing and intensity of monsoons, 
droughts and floods worldwide1,11,12,19.
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independently identified the NPMM as a key precursor to the 1997 El 
Niño, a finding consistent with recent physics-based studies29, that 
highlighted the NPMM’s sustained influence on El Niño evolution. 
UniCM’s ability to uncover such relations without previous physical 
assumptions demonstrates that a unified, coupling-aware approach 
not only enhances predictability but also advances the fundamental 
understanding of the interconnected climate system. The architectural 
principles of UniCM hold the potential to be extended to other com-
plex systems where components and global structures exhibit similar 
co-evolutionary patterns30–32.

A unified model for forecasting global climate 
modes
Multi-view architecture for learning multi-scale coupled 
dynamics
At its core, UniCM uses a multi-view Transformer architecture that 
analyses the climate system from two distinct yet complementary per-
spectives (Fig. 1a). The Globalformer branch models the spatiotemporal 
evolution of fine-grained physical climate fields. It processes five key 
variables—SST (T), zonal and meridional surface wind stress (τx, τy), ther-
mocline depth (hT) and upper-ocean temperature across 300-m depth 
(T300)—to capture the bottom-up processes that give rise to climate 
modes. These variables are anomaly-normalized, interpolated onto 
a 5° × 5° grid covering 0° E–360° E and 40° S–0° N, and subsequently 
tokenized into spatial patches for Transformer encoding. This 5° × 5° 
resolution is selected to align with the characteristic spatial scales of tar-
get climate modes while acting as a physical low-pass filter to suppress 
unpredictable synoptic noise33,34. In parallel, the Modeformer branch 
models the collective temporal evolution of seven key climate-mode 
indices: ENSO, IOD, TNA, NPMM, SPMM, IOB and SIOD. These indi-
ces, computed from SST fields following established definitions13, 
are smoothed with a 3-month running mean and structured as input 
sequences. The Modeformer is designed to autoregressively fore-
cast the mode trajectory while simultaneously constructing a mode 
representation to explicitly capture their dynamic interactions. Both 
branches are built on a spatiotemporal Transformer backbone with 
separate attention mechanisms for the spatial and temporal dimen-
sions, ensuring computational scalability for high-dimensional climate 
data (Fig. 1b).

Coupling-aware mechanism
A central innovation of UniCM lies in its coupling-aware learning of 
climate interactions and dynamics. The first level of coupling is learned 
within the Modeformer, which explicitly models the complex, non-
linear interactions and temporal co-evolution among the climate 
modes. Using a mode-wise attention mechanism, it captures dynamic 
interdependencies and teleconnections between patterns such as 
ENSO, IOD and TNA, yielding a high-level representation of the entire 
climate-mode system’s current state and trajectory. The second level of 
coupling is realized through the cross-view mechanism, which connects 
this high-level system state back to the underlying physical reality. The 
synthesized representation of inter-mode dynamics learned by the 
Modeformer is not kept isolated; instead, it is injected as a guiding bias 
into the Globalformer. This ‘mode-to-patch guidance’ ensures that the 
model’s fine-grained forecasts of physical fields (for example, SST) are 
dynamically informed by and consistent with the state of the large-scale 
climate patterns. By learning couplings at both the inter-mode and 
the mode-field levels, UniCM captures the critical feedback loop that 
governs the global climate system.

Results
Improved prediction skill for ENSO
We first evaluated UniCM’s performance using the anomaly correlation 
coefficient (ACC), a core metric that verifies a model’s skill in predicting 
the pattern of climate anomalies13,34,35. To rigorously test the model’s 

The interconnected nature of these climate modes underscores 
the profound difficulty of modelling them as a unified, coupled system3.  
These modes span vast spatiotemporal scales and interact through 
nonlinear, state-dependent couplings that vary seasonally and 
with background climate conditions8,15,20–22. Consequently, existing 
approaches that treat modes in isolation or via simple pairwise cor-
relations are fundamentally inadequate to capture the emergent, 
collective behaviours of the global system10,23,24. This challenge is 
compounded by limited physical understanding of many non-ENSO 
modes14, constraining even the state-of-the-art extended nonlin-
ear recharge oscillator (XRO)13, which relies on an ENSO-centric 
design with linear assumptions. While recent work has explored 
physics-guided deep echo state networks (DESN) to extend ENSO 
predictability25, the broader challenge of learning the coupled dynam-
ics of multiple climate modes as an interconnected, cross-scale system 
remains largely unresolved. Addressing this gap requires models that 
can learn the complex structure of these couplings directly from data, 
providing a foundation for unified seasonal-to-interannual forecasting 
of global climate modes.

A key insight for overcoming these challenges is that climate 
modes are not abstract entities acting independently. Their complex, 
state-dependent interactions are governed by their connection to the 
underlying physical system from which they emerge. From a bottom-up 
perspective, climate modes are large-scale emergent structures arising 
from the fine-grained dynamics of physical fields, such as sea surface 
temperature (SST)13. From a top-down perspective, once formed, these 
modes are no longer passive indicators. They act as organizing forces 
that interact and collectively steer the future evolution of both the 
physical fields that generate them and the broader climate system6,13. 
Successfully modelling this feedback loop—where fields generate 
modes, and modes, in turn, regulate those fields—is the key to unlock-
ing their joint predictability.

Here we introduce UniCM, a unified deep learning framework for 
global climate modes forecasting, designed with structured induc-
tive biases that enable hierarchical, coupling-aware representation 
learning. Unlike conventional approaches that treat climate modes as 
isolated problems, UniCM models them as an interconnected global 
system by capturing coupled dynamics at two critical levels: (1) the 
local-to-global emergence between fine-grained physical fields and 
large-scale climate patterns and (2) the nonlinear feedback among the 
climate modes themselves. This approach operates on the principle 
that the predictability of the climate system is an emergent prop-
erty of these multi-scale couplings. To realize this, the architecture 
uses a dual-view Transformer that explicitly synchronizes bottom-up 
physical dynamics with top-down systemic regulation. Specifically, 
the Globalformer branch first models the spatiotemporal evolution of 
fine-grained physical fields, such as SST and surface wind stress, cap-
turing the bottom-up processes from which large-scale climate modes 
emerge. On top of this physical representation, the Modeformer branch 
abstracts the collective temporal dynamics and nonlinear interactions 
among climate modes, forming a compact, system-level representation 
of the coupled climate state. These learned mode representations are 
then injected back into the physical field space through a cross-view 
coupling mechanism, enabling a top-down, coupling-aware guidance 
that regulates the Globalformer’s learning and prediction.

UniCM outperforms XRO in multi-mode prediction and surpasses 
DESN in long-range ENSO forecasting. It extends to 19 months for ENSO 
forecasting and to 7 months for IOD, while also substantially improv-
ing the prediction skill for other less-studied modes by more than 22% 
on average. Moreover, it captures the diversity of historical events, 
from the extreme 1997–1998 El Niño to the challenging 2020–2023 
triple-dip La Niña26–28. Beyond prediction, UniCM reveals physically 
meaningful early-warning signals. We found that localized precursor 
patterns and highly structured cross-mode interactions consistently 
emerged preceding extreme climate events. For instance, the model 
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real-world applicability and generalization, UniCM was directly evalu-
ated on four reanalysis datasets: the Global Ocean Data Assimilation 
System (GODAS), ECMWF Reanalysis v.5 (ERA5), Ocean Reanalysis Sys-
tem v.5 (ORAS5) and Simple Ocean Data Assimilation v.2.2.4 (SODA). 
We note that ORAS5 and ERA5 share the same prescribed SST boundary 
conditions and thus do not constitute fully independent validations for 
SST-derived indices. As shown in Fig. 2a, UniCM achieved consistently 
much higher prediction skill than baseline models (ResoNet35, XRO13, 
CNN34 and recent DESN25) across the entire 24-month forecast horizon. 
Notably, UniCM extended the skilful forecast lead time, maintaining 
an ACC above the critical 0.5 threshold for 19 months. This extends the 
predictability limit to 19 months, surpassing DESN at 16 months and 
standard deep learning baselines, including CNNs and Transformers, 
at 15 months, under our out-of-distribution evaluation protocol (Sup-
plementary Section 1.1). This suggests that the gain arises from learning 
cross-scale couplings, including both inter-mode interactions and the 
feedback between large-scale climate modes and fine-grained physical 

fields. This advantage in correlation was corroborated by error-based 
metrics; UniCM reduced the root mean square error (r.m.s.e.) by 
more than 14.1–17.9% relative to baselines, indicating a more accurate 
prediction of event magnitudes (Supplementary Figs. 3,5,7 and 8). 
Furthermore, the model’s performance proved robust, maintaining 
strong ACC scores of 0.78–0.8 for 12-month lead times across mul-
tiple observational datasets such as ERA5, GODAS and SODA v.2.2.4 
(Supplementary Figs. 2,4 and 6).

A formidable challenge for ENSO prediction is the ‘spring predict-
ability barrier’, a period in the boreal spring when forecast skill tends 
to decline sharply36. UniCM has demonstrated the ability to overcome 
this barrier. For forecasts targeting the spring seasons (March, April 
and May and April, May and June, highlighted in yellow), UniCM sus-
tained an ACC greater than 0.5 for lead times up to 14 months (Fig. 2b). 
This stands in contrast to baseline models, which lose skilful predic-
tive power (ACC < 0.5) at forecast horizons ranging from 9 months to 
12 months (Supplementary Figs. 9–12). This sustained performance 
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Fig. 1 | Overview of the UniCM architecture. a, The model processes two 
complementary input streams. The bottom stream consists of historical physical 
fields comprising five ocean–atmosphere variables: SST (T), zonal surface 
wind stress (τx), meridional surface wind stress (τy), thermocline depth (hT) 
and upper-ocean temperature averaged over the top 300 m (T300). These fields 
are interpolated onto a 5° × 5° grid and divided into non-overlapping spatial 
patches, forming a tensor of shape (Th, H/p × W/p, 5), where Th denotes the 
number of historical input time steps (indicated by the upward arrow labelled 
T in the figure), H/p × W/p is the number of spatial patches and 5 refers to the 
five physical variable channels. The top stream encodes seven climate-mode 

indices as a multivariate time series of shape (Th, M), where M is the number of 
modes. Two Transformer branches, the Globalformer and the Modeformer, 
process the physical fields and climate-mode sequences, respectively, 
interacting via a learned pairwise mode representation. b, The backbone of 
the Transformer layers, featuring temporal and spatial attention mechanisms. 
The left panel shows the encoder block and the right panel shows the decoder 
block. Layer norm, layer normalization. c, The encoder–decoder architecture 
of both branches. The Globalformer incorporates mode guidance by injecting 
representations from the Modeformer into corresponding spatial locations.
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through the spring predictability barrier highlights a key advantage 
of UniCM for reliable, year-round operational forecasting. Figure 2e  
provides a granular look at performance across different forecast 
horizons. The predictions show remarkable fidelity at short leads 
(1–6 months, ACC > 0.95) and, critically, remain highly skilful at 
extended horizons of 12 months and even 20 months. At these longer 
leads, the model consistently captures the correct phase and relative 
magnitude of major ENSO events, maintaining robust ACC scores of 
0.71 and 0.65, respectively. This visual evidence confirms that UniCM’s 
long-range skill is not an anomaly, but reflects a genuine capacity to 
forecast core ENSO dynamics.

UniCM’s skill extended beyond statistical averages to accurately 
capture the diverse characteristics of individual ENSO events. The 
hindcast of the Niño 3.4 index from 1980 to 2023 illustrates the model’s 
ability to reproduce the amplitude, timing and duration of historically 
notable events (Fig. 2c). This success is particularly meaningful because 
different event types are known to arise from distinct physical mecha-
nisms. For instance, some events, such as the canonical 1982–1983 and 
1997–1998 El Niños also captured by the model, are driven by strong 
thermocline feedbacks in the Eastern Pacific37. In contrast, others, 
such as the Central Pacific or ‘Modoki’ events (the 1991–1992 El Niño), 
are associated with warming further west38,39. UniCM’s ability to pre-
dict this wide spectrum of event types suggests it has learned the key 
spatiotemporal dependencies governing ENSO dynamics, rather than 
overfitting to a single event category. The model’s robustness was 
further validated against the recent 2020–2023 triple-dip La Niña26–28 
(Fig. 2d), where it correctly predicted the onset, intensity and decay of 
three consecutive La Niña phases. This rare, multi-year event posed a 
formidable challenge to forecasting systems, as many conventional 

models struggle with La Niña’s persistence and are prone to incorrectly 
forecasting a return to El Niño conditions14,40.

System-level predictability of global climate modes
To demonstrate UniCM’s capability to forecast global climate modes 
within a single, unified framework, we evaluated its performance on 
seven key modes spanning the Pacific, Indian and Atlantic Oceans, 
including IOD, IOB, SIOD, SPMM, NPMM and TNA. While ENSO remains 
the most predictable, many of these modes are characterized by 
greater stochasticity and complex regional drivers, posing a sub-
stantial challenge to forecasting13,15–18. To demonstrate the advantage 
of neural network-based coupling-aware modelling, We compared 
UniCM against representative baselines from different methodological 
families, including the fixed-operator regression model XRO13 and the 
physics-guided nonlinear DESN25, which provides a strong recent bench-
mark for ENSO forecasting. As shown in Fig. 3a, UniCM consistently 
achieved the strongest overall performance across the tested modes. 
In particular, while DESN provides a strong benchmark for ENSO pre-
diction, UniCM further extends this advantage to a unified multi-mode 
setting by explicitly learning both inter-mode couplings and their 
interactions with the underlying physical fields. This superiority was 
most pronounced for modes governed by complex, state-dependent 
teleconnections. For instance, the forecast skill of XRO for TNA, SIOD 
and IOB, which relies on linear assumptions, collapsed below the 0.5 
correlation threshold within 5–6 months (Supplementary Figs. 17–22).  
In contrast, UniCM maintained skilful predictions (ACC ≈ 0.5) for 
these same modes at lead times approaching 24 months (Fig. 3d and 
Supplementary Figs. 17–22). We further performed field-significance 
testing to verify the robustness of these results (Supplementary Figs. 23 
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Fig. 2 | ENSO forecast performance of UniCM. a, ACC for the Niño 3.4 index as a 
function of forecast lead time. UniCM (red) is compared against baseline models: 
XRO (purple), ResoNet (blue), CNN (green) and DESN (light brown). Forecasts 
are verified against observations from 1980 to 2023. b, Heatmap of ACC scores 
showing seasonal forecast skill. The skill is plotted against target season (y axis) 
and forecast lead (x axis). The yellow box highlights the boreal spring season 
(March, April, May (MAM), April, May June (AMJ)), a period known for the spring 
predictability barrier. c, Time series of the observed Niño 3.4 index (solid black 

line) from 1980 to 2023, overlaid with hindcast predictions from UniCM (dashed 
lines) initiated from various start months. d, A magnified view of c focusing on 
the 2020–2023 triple-dip La Niña event. Observed values (black) are compared 
with UniCM’s predictions (red dashed lines). e, Comparison of the observed 
Niño 3.4 index (black line) with forecasts made at discrete lead times: 1 month, 
3 months, 6 months, 12 months and 20 months. The legend reports the ACC score 
associated with different lead times. cor, correlation.
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and 24). Notably, this system-level predictability is achieved with high 
data efficiency. Supplementary Fig. 39b shows that UniCM attains over 
90% of its full-data performance using only 40% of the training samples, 
while temporally contiguous subsets lead to noticeably degraded skill. 
This suggests that exposure to diverse climatological states, rather 
than dense temporal sampling, is essential for learning climate-mode 
dynamics. Further ablation studies on model architecture design and 
hyperparameter sensitivity are provided in Supplementary Section 5.

To understand the capability of global prediction, we analysed 
the seasonal forecast skill for each mode (Fig. 3b). The results reveal 
distinct predictability windows: the IOD peaks in boreal autumn  
(September, October and November), the IOB in early spring (February 
and March) and the TNA in late summer ( July, August and September), 
among others. These findings are consistent with previous obser-
vational and modelling studies11,17,21,41–43. However, UniCM extends 
these findings by providing a systematic, comparative assessment 
of seasonal predictability across this diverse set of modes within a 
single framework. This unified approach marks an improvement over 
the baseline models, which struggle to maintain skill across different 
seasons for many modes (Supplementary Fig. 13). This holistic view 
reveals that the temporal alignment of these predictability windows 
is not a coincidence, but is instead shaped by the dynamics of their 
interactions. For instance, the overlapping peak seasons of ENSO, IOD 
and TNA during the boreal autumn (September to November) suggest 
a period of heightened inter-modal influence. The model’s internal 
attention mechanism (discussed with Fig. 5) validates this perspective, 

demonstrating that a joint modelling approach is necessary to uncover 
these critical, system-level couplings.

The physical realism of these learned couplings was further con-
firmed by UniCM’s ability to reconstruct the observed lagged cor-
relations between ENSO and other modes (Fig. 3e–g). The model 
precisely captures the timing, magnitude and asymmetry of these 
teleconnections, substantially outperforming XRO. For instance, 
UniCM accurately reproduces the ~4-month lead of NPMM on ENSO 
with a peak correlation of r ≈ 0.45 (Fig. 3e), the bimodal TNA–ENSO 
correlation structure including the negative trough at a 7-month lag 
and the preceding positive peak (Fig. 3f), and the SIOD–IOB peak cor-
relation (r ≈ + 0.4) at a 3-month lag (Fig. 3g). In contrast, the linear XRO 
model consistently overestimates coupling strengths, misplaces peak 
lead times and fails to capture asymmetric correlation structures. 
This advantage is even more pronounced in non-ENSO correlations, 
including intra-Pacific (SPMM–NPMM) and inter-basin (IOB–NPMM, 
TNA–IOB) interactions, where XRO’s simpler, ENSO-centric assump-
tions prove inadequate (Supplementary Figs. 31–34). All reported peak 
correlations were statistically significant (P < 0.001). By accurately 
reproducing the observed lagged correlations between modes, UniCM 
provides a data-driven framework to learn and understand the coupled 
dynamics that govern the global climate system.

Skilful SST forecasting
To validate that UniCM’s high skill on abstract mode indices is grounded 
in physically realistic forecasts, we evaluated its performance on the 
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c,d, Forecast skill (ACC) over lead time for the NPMM (c) and TNA (d) modes, 

comparing UniCM (red) with XRO (blue). e–g, Lagged cross-correlations among 
key climate indices, including NPMM–ENSO. Autocorr denotes the lagged 
autocorrelation of each mode index, reflecting its temporal persistence. (e), 
TNA–ENSO (f) and SIOD–IOB (g) indices. Lines represent observations (black), 
UniCM forecasts (red) and XRO forecasts (blue). Additional lagged cross-
correlations are available in Supplementary Section 4.
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SST fields at a 5∘ × 5∘ resolution (Fig. 4). For subseasonal forecasts 
(1–3 months lead), UniCM demonstrates high skill (Fig. 4a,b), particu-
larly over the Central and Eastern Equatorial Pacific, where it accurately 
captured core ENSO-related SST anomalies with an ACC greater than 
0.8. As the forecast horizon extended to 6 months (Fig. 4c), the skill 
decayed progressively, which is a realistic pattern of diminishing pre-
dictability, yet it remained robust (ACC >0.6) in the Central Pacific basin, 
indicating the model’s capacity to generalize from subseasonal signals 
to seasonal timescales. These results demonstrate a realistic decay of 
forecast skill consistent with known climate dynamics. Furthermore, 
the model’s physical realism was tested against a well-documented 
forecasting challenge: the spring predictability barrier. We evaluated 
its ability to maintain skill at long-lead times that extend through this 
period. Around a 9-month lead (Fig. 4d), while its skill predictably 
declined in alignment with this barrier, it retained localized skill in key 
precursor regions such as the eastern Equatorial Pacific. Most notably, 
at an extended lead time of 12 months and even 15 months (Fig. 4e,f), 
the model maintained faint but coherent signals in the Niño 3.4 region. 
The persistence at long leads provides evidence that UniCM has learned 
the long-term evolution of core climate dynamics, rather than sim-
ply extrapolating initial conditions. This ability to produce physically 
plausible SST forecasts provides evidence that the model’s predictive 
skill for climate modes is not a statistical artefact but is rooted in a 
representation of climate processes with physical meaning.

We further benchmarked UniCM against recent Transformer- 
based S2S models, FuXi-S2S44 and CAS-Canglong45, which target 
high-resolution field-wise forecasting. At a 12-month lead time, UniCM 
achieves a global mean ACC of 0.379, substantially higher than those of 
FuXi-S2S (0.262) and CAS-Canglong (0.207) (Supplementary Fig. 29). 
This advantage is most pronounced in the Equatorial Pacific, where 
UniCM preserves coherent large-scale SST anomaly patterns, 
whereas field-centric S2S models show rapidly degraded signals.  
As the Equatorial Pacific acts as the pacemaker of the global coupled 
climate system7,15,46, UniCM’s superior skill in this region underscores 
its advantage as a physically consistent foundation for long-lead 
climate forecasting.

Precursors and couplings revealed by UniCM
To probe the mechanisms underlying UniCM’s predictive success, 
we analysed its internal attention mechanism, which provides an 
interpretable map of its decision-making process. Specifically, we 

used a two-pronged analysis to probe what the model has learned as 
predictive signals for major ENSO events: (1) we analysed the spatial 
attention distributions over physical fields to pinpoint key geographic 
regions, and (2) we examined the cross-mode attention matrices to 
quantify the dynamic interactions among climate modes that precede 
these events.

Figure 5a–f presents the spatial attention maps for six representa-
tive ENSO years (1983 El Niño, 1995 La Niña, 1996 La Niña, 1997 El Niño, 
1999 La Niña, 2010 La Niña), while Fig. 5g,h illustrates two normal 
years (1980 and 1991). For the strong El Niño events of 1983 and 1997 
(Fig. 5a,d), UniCM concentrated 65.3% and 76.9% of the strongest atten-
tion weights (top decile) in the Central and Eastern Equatorial Pacific, 
regions known to be critical for thermocline feedbacks that drive ENSO 
development. In contrast, during normal years such as 1980 and 1991 
(Fig. 5g–h), attention patterns are diffuse, indicating a weakly coupled 
and unstructured state of the climate system. This contrast demon-
strates the model’s ability to distinguish between predictively relevant 
precursor patterns and background climate noise. Crucially, UniCM 
captures the known diversity of ENSO precursors. In the 1995 La Niña, 
attention shifted away from the Pacific to the tropical Atlantic, with 
53.8% of the top-decile weights concentrated in that basin (Fig. 5b). This 
finding is consistent with established literature on inter-basin telecon-
nections where Atlantic SST anomalies can trigger Pacific cooling20,41. 
By contrast, the 1996 and 2010 La Niña events show stronger attention 
over the western Pacific, with 69.2% of the top-decile attention weights 
concentrated in that region, indicating the role of cold SST anomalies 
and reversed wind patterns in that region47. These case studies show 
that UniCM did not rely on a fixed precursor template but learned 
multiple physical pathways.

Beyond identifying spatial precursors, UniCM learns quantitative 
interaction principles that function as an early-warning system by iden-
tifying the transition from stochastic noise to organized, non-random 
coupling. In the year preceding major ENSO events, the model captures 
pronounced amplifications in interaction strength relative to neutral 
states (1980 or 1991): preceding the strong 1983 El Niño, the TNA influ-
ence was 5.04 times higher than in 1991 (Fig. 5l) and 3.14 times higher 
than in 1980 (Fig. 5k); similarly, the NPMM influence before the 1997 
El Niño (Fig. 5j) showed 3.79-fold and 2.64-fold increases relative to 
1991 and 1980, respectively. These findings, which emerged with-
out previous physical assumptions, are consistent with independent 
physics-based simulations identifying the NPMM as a more sustained 
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Fig. 4 | Spatial prediction skill of SST across different lead times. a–f, Spatial 
maps of the ACC for SST forecasts at lead times of 1 month (a), 3 months (b), 
6 months (c), 9 months (d), 12 months (e) and 15 months (f). Boxes delineate 
regions corresponding to major climate modes. The model shows high fidelity in 

the Equatorial Pacific, a critical region for ENSO, and displays a physically realistic 
decay in skill with increasing lead time. Predictive signals are retained in key 
regions even at extended horizons of 12–15 months.
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driver of ENSO onset than the MJO29. Conversely, in the lead-up to 
normal years, the interaction matrix remains largely uniform, indicat-
ing a weakly coupled state. This capability extends to non-canonical 
extremes often intractable for linear models. For the 1986 NPMM 
event (Supplementary Fig. 36a), UniCM’s attention mechanism identi-
fied a sharp surge in inter-mode interaction weights. During the 1994 
IOD–TNA–NPMM co-occurrence (Supplementary Fig. 36b), the model 
uncovered the TNA as an active driver of Indian Ocean variability, 
suggesting inter-basin teleconnections under-reported in traditional 
ENSO-centric literature11,15. Furthermore, in the complex multi-mode 
extreme of 2011 (Supplementary Fig. 36c), UniCM autonomously iden-
tified the TNA as a dominant ‘hub’ node coordinating anomalies across 
both the Pacific and Indian basins. Collectively, these results extend 
previous climate network studies48,49 by advancing from grid-based 
correlation structures to a mode-level dependency framework, provid-
ing new insights into early-warning signals and the coupled dynamics 
of global climate modes.

Discussion
This work demonstrates that a substantial portion of the global cli-
mate’s predictability is an emergent property of the interactions among 
climate modes, commonly referred to as teleconnections15,46. We show 
that this predictability can be unlocked by treating these modes not as 
isolated phenomena but as a single, interconnected system. Our results 
reveal that the future state of the global system is more predictable 
than the sum of its parts because the cross-basin couplings are not ran-
dom noise but fundamental features of Earth’s dynamics15, containing 
predictive information often discarded by single-mode forecasts34,35,50 
forecasts. By learning these coupled dynamics directly from data, our 
framework, UniCM, achieves strong predictive skill, extending the 
forecast horizon for ENSO to 19 months and IOD to 7 months, while 
substantially improving accuracy for other less-studied modes across 
the global oceans13,34.

The physical basis for this success was confirmed by the model’s 
ability to produce high-fidelity forecasts of the underlying SST fields 
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Fig. 5 | UniCM’s attention mechanism reveals event-specific precursors to 
major ENSO events. a–h, Spatial attention maps extracted from UniCM for six 
representative ENSO years (1983 (a); 1995 (b); 1996 (c); 1997 (d); 1999 (e) and 
2010 (f)) and two normal years (1980 (g) and 1991 (h)), which were selected as 
representative neutral periods with weak climate-mode activity. The colour 
shading indicates the normalized attention weight, with warmer colours 
representing geographic regions that the model identified as more critical for 
prediction. The model focuses on distinct geographical regions, such as the 

eastern Equatorial Pacific for the 1983 and 1997 El Niños and the tropical Atlantic 
for the 1995 La Niña, while attention is diffuse during normal years. i–l, Heatmaps 
showing the learned interaction strengths (attention weights) between 
climate modes in the 12 months preceding the same events. Strong, structured 
interactions, particularly from the NPMM and TNA, emerge before major El Niños 
(pre-1983 (i) and pre-1997 (j)), contrasting with the weak, uniform interactions 
preceding normal years (pre-1980 (k) and pre-1991 (l)).
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and to accurately reconstruct observed teleconnections between 
ocean basins. In this sense, UniCM goes beyond recent ENSO-centric 
physics-guided approaches, such as XRO13 and DESN25. While DESN 
improves long-range ENSO prediction by incorporating physically 
informed climate-mode predictors, it still operates primarily at the 
level of mode indices. By contrast, UniCM is built on the premise 
that the predictability of complex climate variability is unlikely to be 
fully captured by mode indices alone, but also depends on field-level 
variations in the underlying physical fields, which both give rise to 
climate modes and mediate their feedback onto the broader system. 
This cross-scale design is important because it enables the model to 
learn not only inter-mode couplings, but also the mode-field interac-
tions through which large-scale modes emerge, persist and influence 
the broader climate system. Consistent with this view, UniCM’s gains 
are reflected not only in stronger long-range ENSO and multi-mode 
forecast skill, but also in physically realistic SST forecasts and more 
faithful reconstruction of lagged teleconnections, indicating that 
physical field evolution carries predictive information beyond 
mode-index dynamics alone. Notably, we found that fine-tuning the 
pretrained model on observational reanalysis data did not yield a 
substantial performance leap (Supplementary Fig. 41). This suggests 
that UniCM’s dual-branch architecture successfully extracts universal 
physical manifolds, demonstrating a robust ‘sim-to-real’ generaliza-
tion capability. Therefore, UniCM’s predictive performance is not a 
statistical artefact of a powerful architecture but reflects a physically 
meaningful representation of the coupled climate system, making an 
important step towards using AI to advance process understanding 
in the geosciences33.

From a broader perspective, this capability for long-lead, system- 
level forecasting has profound practical implications, particularly 
for anticipating compound climate events51. The most severe climate 
impacts, from concurrent continental-scale droughts and floods to 
widespread marine heatwaves, are often driven by the constructive 
interference of multiple climate modes51,52. Crucially, the likelihood of 
such compound events is expected to increase in a warming climate, 
making skilful long-lead forecasts not only beneficial but essential for 
societal adaptation51–53. By modelling the co-evolution of these climate 
modes, UniCM enables the anticipation of their co-occurrence, allowing 
early warnings for high-impact events that are missed by single-mode 
forecasts51,53. This offers a critical advantage for climate-sensitive sec-
tors, supporting proactive, multi-month planning for agriculture, 
disaster response and the management of interconnected water, food 
and energy systems1,5.

Beyond its predictive power, UniCM also serves as a tool for sci-
entific discovery. Its interpretable attention mechanisms enable a 
data-driven interrogation of the climate system, identifying precursors 
and dynamic relationships without previous physical assumptions. 
For instance, the model independently uncovered the role of tropi-
cal Atlantic SST anomalies as a precursor to the 1995 Pacific La Niña 
(Fig. 5b) and quantified the elevated influence of the NPMM and TNA 
in the lead-up to the major 1983 and 1997 El Niño events (Fig. 5i,j). This 
capability transforms the model from a ‘black box’ predictor to an 
interpretable scientific tool that can guide further research. Instead 
of being confined to testing isolated, predefined hypotheses, such 
as whether a warm pool in the Atlantic can trigger an El Niño in the 
Pacific, researchers can use the model’s findings to ask more targeted, 
data-informed questions, such as ‘Which inter-basin connections most 
strongly govern the onset of extreme events?’

While UniCM marks an advance, its improvement is mode- 
dependent, with smaller gains for modes such as the IOD whose pre-
dictability is intrinsically constrained by tight seasonal phase-locking 
and short decorrelation timescales54,55. Future research should focus 
on three directions. First, integrating processes across timescales, 
from intra-seasonal phenomena such as the Madden–Julian Oscil-
lation56 to decadal components such as the Atlantic Meridional 

Overturning Circulation57,58, is essential to capture the cross-timescale 
interactions governing the background climate. Second, combin-
ing attention-based insights with symbolic regression59,60 can help 
uncover and formalize the explicit governing equations of these 
complex dynamics61,62. Finally, applying UniCM to forecast climate 
variability under anthropogenic change9 will reveal how inter-mode 
relationships shift under global warming15. These avenues will trans-
late data-driven discoveries into a deeper theoretical understand-
ing of Earth’s interconnected climate system. Beyond geosciences, 
UniCM offers a general framework for hierarchical, non-stationary 
systems by jointly modelling localized dynamics and global couplings. 
Potential applications include whole-brain functional connectomics 
in neuroscience30, socio-economic systems31,63 and trophic interac-
tion networks in ecology32,64. More broadly, representing emergent 
structures in latent space may help uncover complex co-evolutionary 
dynamics across diverse high-dimensional systems.

Methods
Data
The UniCM framework was trained on historical climate simula-
tions from a curated subset of the Coupled Model Intercomparison 
Project Phase 6 (CMIP6). Rather than treating all available CMIP6 
models as equally valid, we performed a selection process based 
on each model’s ability to reproduce the observed temporal vari-
ances of major climate modes on a validation set. We retained four 
simulations from two model families: CESM2 and EC-Earth3. We 
caution that applying the framework to unscreened CMIP6 models 
may degrade performance due to inter-model biases in tropical 
climate-mode representations.

To ensure the robustness of our model’s performance, its predic-
tive skill was comprehensively evaluated against multiple reanalysis 
datasets, including GODAS, ERA5, ORAS5 and SODA v.2.2.4. We note 
that ORAS5 and ERA5 share the same prescribed SST boundary condi-
tions (from OSTIA and HadISST2.1.0)65,66, and therefore do not consti-
tute independent validations for SST-derived climate-mode indices. 
The independent cross-validation was provided by GODAS and SODA 
v.2.2.4, which use separately assimilated ocean analyses. All results 
reported in both the main text and Supplementary Information, includ-
ing prediction skill metrics, correlation reproduction, spatial patterns 
and attention-based interpretability analysis, are derived exclusively 
from these reanalysis datasets, which are used solely for model evalua-
tion. In the main text, ORAS5 is adopted as the primary testing dataset, 
while results based on other reanalysis products (including GODAS, 
ERA5 and SODA v.2.2.4) are provided in the Supplementary Sections 
2 and 3 for completeness. Supplementary Table 3 provides a detailed 
summary of all datasets used, including their temporal periods and 
spatial resolutions, as well as the specific breakdown of the training, 
validation and testing sets.

We used 165 years of CMIP6 historical runs to provide a clima-
tologically diverse training set. To generate samples, we applied a 
sliding-window approach with a 1-month stride, where each sample 
consists of a 12-month input sequence and a 24-month target forecast 
horizon, resulting in a total of 1,945 samples. Sensitivity analysis (Sup-
plementary Section 5.3) demonstrates that the model’s performance 
depends more on the temporal span (climatological diversity) than on 
the raw sample count. We found that covering complete multi-decadal 
physical cycles is essential for generalization, whereas high-frequency 
sampling (1-month stride) introduces redundancy, suggesting high 
data efficiency in learning global climate dynamics.

Model overview
The core challenge in forecasting global climate modes lies in modelling 
the complex, multi-scale feedback loop between fine-grained physical 
fields and the large-scale climate patterns that emerge from them. From 
a bottom-up perspective, modes such as ENSO are emergent structures 
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arising from the dynamics of variables such as SST. From a top-down 
perspective, these modes become organizing forces that interact and 
collectively steer the evolution of the broader climate system.

To capture this dual perspective, UniCM is designed as a unified, 
multi-view Transformer framework. Its architecture consists of two 
parallel, interacting branches. The Globalformer models the bottom-up 
process by learning the high-dimensional spatiotemporal dynamics of 
the underlying physical climate fields. Concurrently, the Modeformer 
models the top-down influence by explicitly capturing the temporal 
co-evolution and nonlinear interactions among multiple climate modes 
(M) across different ocean basins. These two branches are dynamically 
linked by a cross-view coupling mechanism, which injects the learned 
high-level mode dynamics into the fine-grained physical field model-
ling. This design enables UniCM to learn system-wide teleconnections 
and leverage their emergent predictability, providing a more holistic 
and powerful forecasting foundation.

Input data and preprocessing
The UniCM framework is trained on two distinct but complementary 
streams of input data derived from historical climate simulations and 
reanalysis datasets.

Physical climate fields. To capture the state of the ocean–atmosphere 
system, we use five key physical variables: SST, zonal surface wind stress 
(τx), meridional surface wind stress (τy), thermocline depth (hT) and the 
average temperature of the upper 300 m of the ocean (T300). Each vari-
able, represented by the tensor X(c), is preprocessed by first calculating 
monthly anomalies and then standardizing them using the climato-
logical mean (μ) and standard deviation (σ) for each calendar month:

X(c)t =
X(c)t − μ(c)month(t)

σ(c)month (t)

, c ∈ {1,… , 5}. (1)

The resulting fields are interpolated onto a regular 5° × 5° grid 
covering the global oceans from 40° S to 40° N. This grid is then divided 
into non-overlapping spatial patches of size p × p. This process converts 
the input tensor of shape (Th, H, W, 5) into a sequence of tokens of  
shape (Th, Np, 5), where Th is the number of historical time steps and  
Np = H/p × W/p is the number of patches. Finally, each patch is linearly 
projected into the model’s hidden dimension ℝD to serve as input for 
the Globalformer.

Climate-mode indices. In parallel, we process the time series for 
seven key climate modes: ENSO, IOD, TNA variability, NPMM, SPMM, 
IOB mode and the SIOD. Each mode index, Tm, is computed from the 
SST fields according to its standard scientific definition (detailed in 
Supplementary Table 4) and smoothed with a 3-month running mean 
to filter out high-frequency noise. The resulting multivariate time series 
of shape (Th, M), where M = 7, serves as the input for the Modeformer. 
The model is trained to predict these indices for a future horizon of Tp 
= 24 months.

Unified multi-view Transformer architecture
UniCM’s core is a spatiotemporal Transformer that uses an encoder–
decoder structure to facilitate autoregressive long-horizon forecast-
ing. A key feature of its design is the decoupling of spatial and temporal 
attention within each layer, which reduces computational complexity 
from 𝒪𝒪((TN)2) to 𝒪𝒪(T2 + N2) and makes it scalable for high-resolution 
climate data.

Globalformer branch. The Globalformer is designed to learn the evolu-
tion of the physical climate fields. Its encoder receives the sequence of 
patched field data of shape (Th, Np, D). Within each layer, it first applies 
temporal attention independently to each spatial patch’s time series, 

followed by spatial attention across all patches at each time step. This 
process can be formally expressed as:

Z( t)t,n = MSAtime(Z1∶Th ,n), (2)

Z( s)t,n = MSAspace (Z
( t)
t,1∶Np

) , (3)

where Zt,n represents the hidden state of patch n at time t, and MSAspace 
captures inter-regional spatial dependencies across the globe. The 
decoder then autoregressively generates predictions for future physi-
cal fields, ̂Xt ∈ ℝH×W×C.

Modeformer branch. The Modeformer operates on the sequence of 
climate-mode indices of shape (Th, M, D). Its architecture is analogous to 
the Globalformer, but its spatial attention mechanism operates across 
the different climate modes rather than geographical patches. Each 
Transformer layer alternates temporal and mode-wise self-attention:

H( t)
t,m = MSAtime(H1∶Th ,m), (4)

H( s)
t,m = MSAmode (H

( t)
t,1∶M) , (5)

where MSAtime models the temporal evolution of each mode individu-
ally, and MSAmode captures the dynamic interdependencies and  
couplings between modes. The Modeformer encoder produces a rich 
representation of these interactions, which the decoder uses to autore-
gressively forecast future mode indices, T̂m,M . Critically, the  
encoder’s output also serves as the high-level guidance signal for 
the Globalformer.

Encoder–decoder architecture. Both Modeformer and Globalformer 
adopt encoder–decoder structures to support autoregressive 
long-horizon forecasting. The Modeformer encoder processes the 
historical mode-index sequence I1∶Th ∈ ℝTh×M using stacked spatiotem-
poral Transformer layers, producing hidden representations 
H1∶Th ∈ ℝTh×M×D. The Modeformer decoder then autoregressively gener-
ates future mode indices ̂ITh∶Th+Tp ∈ ℝTp×M  by attending to previously 
predicted values and applying cross-attention to the encoder output. 
In parallel, the Globalformer encoder encodes the historical physical 
fields X1∶Th ∈ ℝTh×H×W×C . After spatial patching and projection, these 
inputs are transformed into a sequence of latent tokens with shape 
ℝTh×Np×D  and processed through a stack of temporal–spatial Trans-
former layers. The Globalformer decoder then predicts future physical 
fields ̂XTh∶Th+Tp ∈ ℝH×W×C in an autoregressive fashion, conditioned not 
only on past field predictions but also on the mode-level dynamics 
captured by the Modeformer, via the cross-view interaction mecha-
nism. This encoder–decoder setup enables UniCM to generate coher-
ent multi-step forecasts by leveraging both fine-grained physical 
representations and structured climate-mode dependencies.

Cross-view coupling using mode-to-patch guidance. To realize the 
top-down influence of climate modes on the physical fields, we intro-
duce a cross-view coupling mechanism that injects representations 
from the Modeformer into the Globalformer at both encoder and 
decoder stages. This is achieved by adding a mode-conditioned bias 
to the token embeddings of spatial patches that fall within the geo-
graphical region ℛm of a given climate mode m. Let zt,n be the token for 
patch n and h(m)t  be the learned representation of mode m from the 
Modeformer. The guidance is implemented as follows:

Encoder-stage guidance:

z enct,n ← z enct,n + ∑
m∶n⊂Rm

W enc
m × h(m)t , (6)

http://www.nature.com/natmachintell


Nature Machine Intelligence

Article https://doi.org/10.1038/s42256-026-01245-5

Decoder-stage guidance:

zdect,n ← zdect,n + ∑
m∶n⊂Rm

Wdec
m × h(m)t , (7)

where W enc
m ,Wdec

m ∈ ℝD×D  are learned projection matrices specific to 
each mode m. This mechanism acts as a form of ‘mode guidance’, forc-
ing the Globalformer’s predictions to be consistent with the state of 
the large-scale climate patterns.

Alternatively, this guidance can be implemented via masked  
cross-attention:

Attn (Q,K,V) = softmax (QK
⊤

√d
+M) × V, (8)

where Mi,j = 0 if patch i belongs to mode region j, and −∞ otherwise. 
This cross-view mechanism ensures that local physical predictions are 
dynamically informed by global climate drivers.

In summary, UniCM integrates global-mode dynamics with local 
physical fields through this dual-branch synergy. Notably, while the 
Modeformer branch generates direct mode-index predictions ( ̂IM), 
these are designated as auxiliary outputs to provide high-level dynamic 
guidance rather than the final evaluation results. Our final forecasts 
are based on the indices derived from the Globalformer’s predicted 
physical fields ( ̂IG). This design choice is grounded in the observation 
that the Globalformer, once enhanced by the Modeformer’s guidance, 
can leverage richer spatiotemporal information from the full physical 
fields to achieve superior predictive accuracy. Empirical evaluations 
also justify this design. First, the Globalformer-derived indices outper-
form direct Modeformer outputs (Supplementary Fig. 37b). Further-
more, ablation studies on integration strategies (Supplementary  
Fig. 37a) show that our ‘additive guidance’ outperforms a ‘replacement’ 
strategy, indicating that the Modeformer’s representations effectively 
complement rather than substitute the fundamental dynamics  
captured by the Globalformer.

Training objective
The UniCM framework is trained end-to-end using a composite objec-
tive function ℒ that balances three complementary goals, ensuring 
that the model learns a physically consistent and coherent representa-
tion of the climate system. The function is as follows:

ℒ = λ1 m.s.e.( ̂X,X)⏟⎵⎵⏟⎵⎵⏟
ℒfield

+λ2 ∑
m∈M

m.s.e.( ̂IG, I)
⏟⎵⎵⎵⎵⏟⎵⎵⎵⎵⏟

ℒglobal−mode

+λ3 ∑
m∈M

MSE( ̂IM, I)
⏟⎵⎵⎵⏟⎵⎵⎵⏟

ℒmode−aux

(9)

The three components are defined as follows. First, the physical 
field reconstruction loss (ℒfield) is the primary objective for the Global-
former. It minimizes the m.s.e. between the predicted physical fields 
̂X  and the ground-truth fields X across the entire forecast horizon, 

ensuring the model generates high-fidelity, spatially resolved forecasts. 
Second, the global-mode consistency loss (ℒglobal−mode ) enforces  
consistency between the two views. This term supervises the 
climate-mode indices ̂IG that are derived from the Globalformer’s 
predicted SST field against the ground-truth indices I. It encourages 
the Globalformer to preserve the correct large-scale spatial patterns 
that define each climate mode. Finally, the Modeformer auxiliary loss 
(ℒmode−aux) is a crucial auxiliary objective that directly supervises the 
mode indices ̂IM predicted by the Modeformer.

The final loss is a weighted sum of these three components, with 
hyperparameters λ1, λ2 and λ3 balancing their contributions. In our 
experiments, these were set to λ1 = 1, λ2 = 1 and λ3 = 0.01 to ensure all 
objectives were meaningfully optimized. This multi-objective formula-
tion guides UniCM to learn a robust, multi-scale representation of the 
global climate system.

Implementation details
Model architecture. Both Modeformer and Globalformer use hidden 
dimension D = 256. The Modeformer consists of 8 Transformer layers  
(4 encoder layers and 4 decoder layers), each with 4 attention heads 
and a feedforward network of intermediate dimension 512. The Global-
former adopts the same configuration and includes eight stacked lay-
ers. Spatial attention in Globalformer is applied over Np = 12 × 72 spatial 
patches, corresponding to a 5° × 5° resolution over the global ocean 
grid. Mode-to-patch guidance is implemented via learnable linear 
projection heads of shape 256 for each climate mode. A complete list 
of hyperparameters is detailed in Supplementary Table 2.

Experimental setup. To ensure the reproducibility of our results, we 
define the forecasting task as follows. The targets of UniCM are the 
monthly mean anomalies of the climate indices. The lead time is defined 
as the number of months from the end of the input sequence to the 
target month. For example, if the input sequence ends in December, 
a 1-month lead forecast targets January of the following year. We use 
a sliding-window protocol for model initialization: the input window 
(length L) slides forward by 1 month at each step to generate a continu-
ous sequence of forecasts across the entire evaluation period.

All models are trained using the AdamW optimizer with an initial 
learning rate of 5 × 10−4 and a weight decay of 1 × 10−6. We use a linear 
warm-up over the first three epochs, followed by a cosine decay sched-
ule. We use a batch size of 32. Gradient clipping is applied with a global 
ℓ2 norm threshold of 1.0. Dropout with a rate of 0.2 is used in both the 
attention and feedforward sublayers. The model is trained for 200 
epochs, and the best checkpoint is selected based on the validation 
loss evaluated over the target prediction horizon. To ensure determin-
ism and evaluate the model’s sensitivity to initialization, we conduct 
all experiments across 20 independent runs with fixed random seeds 
(1–20). All reported performance metrics (for example, ACC, r.m.s.e.) 
represent the mean values across these 20 runs to ensure statistical 
significance. All experiments are conducted using a single NVIDIA A100 
GPU (80 GB) with PyTorch v.2.0. The typical training time for 1 model 
is ~6 GPU-hours. A full summary of the hyperparameters is provided 
in Supplementary Table 2.

Model selection and validation. Our validation–test split is performed 
temporally within the reanalysis data: we use the period before 1980 
for validation and the period after 1980 for testing. Model selection is 
based on the mean forecast skill aggregated across multiple climate 
modes, evaluated using the corresponding climate-mode indices 
(derived from SST). As UniCM is designed primarily for climate-mode 
forecasting, auxiliary physical fields (for example, surface wind stress, 
thermocline depth and upper-ocean temperature) are treated as input 
coupling fields and are not used as separate validation targets in our 
current setup.

Data availability
All datasets used in this study are publicly available. The CMIP6 data are 
available from https://cds.climate.copernicus.eu/datasets/projections-
cmip6; the ORAS5 data are available from the Climate Data Store (CDS) 
at https://cds.climate.copernicus.eu/datasets/reanalysis-oras5; the 
ERA5 data are available from CDS at https://cds.climate.copernicus.eu/
datasets/reanalysis-era5-single-levels-monthly-means; the GODAS data 
are available from the National Oceanic Atmospheric Administration 
Physical Science Laboratory at https://psl.noaa.gov/data/gridded/data.
godas.html; and the SODA data are available from the SODA project at 
https://soda.umd.edu/.

Code availability
The source code for UniCM is publicly available via GitHub at https://
github.com/tsinghua-fib-lab/UniCM-Global-Climate-Modes and via 
Zenodo at https://doi.org/10.5281/zenodo.19173780 (ref. 67).
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