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ABSTRACT

The EI Nifio—Southern Oscillation (ENSO) is a dominant mode of interannual climate variability, yet the mechanisms limiting its
long-lead predictability remain unclear. Here we develop a physics-guided Deep Echo State Network (DESN) that operates
on physically interpretable climate modes selected from the extended recharge oscillator (XRO) framework. DESN achieves
skillful Nifio 3.4 predictions up to 16—20 months ahead with minimal computational cost. Mechanistic experiments show that
extended predictability arises from nonlinear coupling between warm water volume and inter-basin climate modes. Error-growth
analysis further indicates a finite ENSO predictability horizon of approximately 30 months. These results demonstrate that
physics-guided reservoir computing provides an efficient and interpretable framework for diagnosing and predicting ENSO at
long lead times.

Introduction

The El Nifio—Southern Oscillation (ENSO) is the dominant mode of interannual climate variability, arising from nonlinear
ocean—atmosphere interactions in the tropical Pacific and exerting far-reaching impacts on global climate extremes, ecosystems,
agriculture, and socio-economic systems!™. Classical conceptual models distill the essential physics of ENSO, from the
Delayed Oscillator, which emphasizes delayed negative feedbacks associated with equatorial wave reflections’-3, to the
Recharge Oscillator (RO), which frames ENSO as a coupled evolution of sea surface temperature and equatorial subsurface
heat content governed by Bjerknes feedback, delayed oceanic adjustment, stochastic forcing, and nonlinear atmospheric
processes’!3. State-of-the-art coupled general circulation models reproduce many observed ENSO characteristics and achieve
skillful forecasts up to approximately one year'* .

However, accumulating evidence suggests that ENSO dynamics are embedded within a broader, multiscale inter-basin
framework involving the Indian Ocean, the extratropical Pacific, and Atlantic variability'®->?. Data-driven approaches based
on network theory and complexity science further demonstrate that dynamical coupling within the tropical Pacific and with
remote oceans provides robust precursors of ENSO evolution, enabling forecasts beyond the seasonal timescale®>*. These
insights are formalized in the Extended Recharge Oscillator (XRO), which elevates ENSO from a basin-confined oscillator to a
multi-basin coupled dynamical system and extends predictive skill to roughly 18 months®>.



While XRO represents a major advance toward physically interpretable long-lead ENSO prediction, existing conceptual
models are formulated in a reduced state space with prescribed feedbacks, emphasizing physical interpretability and diagnostic
clarity. In parallel, deep learning (DL) models have demonstrated substantial potential for long-range ENSO prediction by
flexibly extracting complex spatiotemporal patterns from high-dimensional climate data. Landmark studies?® demonstrated that
purely data-driven convolutional networks could rival physical models, and recent transformer-based architectures such as
3D-Geoformer?’ have extended Nifio3.4 forecast skill beyond 18 months. Despite their predictive success, these architectures
are computationally demanding and often difficult to interpret physically, which complicates mechanistic diagnosis, robustness
assessment, and regime transfer.

These contrasting strengths raise a central challenge: can machine learning, when guided by physically motivated conceptual
frameworks such as XRO, achieve strong long-lead predictive skill while also providing a physically grounded understanding
of ENSO dynamics? Here, “physically grounded understanding” refers to identifying the interaction pathways, timescales, and
nonlinear structures that are dynamically essential for predictability, rather than establishing strict physical causality.

To address this challenge, we develop a physics-guided and computationally efficient forecasting framework based on
Deep Echo State Networks (DESNG), a class of reservoir computing models well suited for nonlinear dynamical systems”3-3!.
Unlike conventional deep learning architectures, DESN combines hierarchical reservoir dynamics with physically interpretable
inputs, enabling both long-lead prediction and systematic dynamical diagnosis. The model incorporates seasonal priors and ten
ENSO-related climate indices selected by the XRO framework?’, allowing nonlinear cross-basin interactions to be represented
without prescribing explicit coupling structures.

The proposed DESN framework achieves Nifio3.4 forecast anomaly correlation coefficients exceeding 0.5 at lead times
of 1620 months, comparable to state-of-the-art physical and deep learning models>~>’, while requiring only seconds of
training on a standard CPU. Beyond predictive skill, DESN supports mechanistic diagnosis through sub-model and controlled
experiments, revealing that nonlinear, state-dependent couplings—particularly those involving warm water volume and cross-
basin interactions—play a central role in sustaining predictability beyond canonical recharge—discharge dynamics. Building on
the error-growth framework underlying nonlinear local Lyapunov exponent (NLLE) analyses>>33, we examine the saturation
behavior of forecast errors using an absolute-error metric. The resulting error growth dynamics indicate an intrinsic ENSO
predictability horizon of approximately 30 months.

Rather than prioritizing forecast accuracy alone, this work demonstrates that incorporating physically interpretable structure
into lightweight recurrent models enables interpretable and theory-consistent ENSO prediction. By guiding a Deep Echo State
Network with climate modes motivated by the XRO framework, we show how nonlinear coupling structures and the intrinsic
predictability limits imposed by ENSO dynamics jointly shape forecast skill across lead times.

Results

To explore long-lead ENSO predictability, we develop a physics-guided DESN framework that operates on a compact set
of physically interpretable climate predictors. Guided by the extended recharge oscillator (XRO) framework?>>, the model
incorporates Niflo3.4 (sea surface temperature anomalies averaged over 170°-120°W, 5°S-5 °N)34, warm water volume (WWV),
defined as 20°C isotherm depth anomalies averaged over 120°E-80°W, 5°S—5°N%, and a suite of key inter-basin climate modes
(Fig. 1a). These include the North and South Pacific Meridional Modes (NPMM and SPMM)3%37  the Indian Ocean Basin
(I0B) mode?®, the Indian Ocean Dipole (IOD)?, the Southern Indian Ocean Dipole (SIOD)?°, as well as Tropical North Atlantic
(TNA) variability*’, the Atlantic Nifio (ATL3)*', and the South Atlantic Subtropical Dipole (SASD)*?, all derived from the
ORASS ocean reanalysis (see Methods and Table S1). Together, these ten physically motivated climate indices, along with
sinusoidal seasonal cycles, constitute the model inputs. Stochastic variability is incorporated as part of the model’s dynamical
evolution and addressed through ensemble forecasting to extract the predictable signal (Fig. 1b). During inference, the model
generates rolling monthly forecasts up to 21 months ahead, initialized at each calendar month with 20-member ensembles.
Forecast skill is evaluated using in-sample, out-of-sample, and 24-year block cross-validation schemes (see Methods), providing
a robust basis for assessing long-lead ENSO predictability and its dynamical origins.

DESN achieves high skill and long-term ENSO forecasts

We trained our DESN models on the ORASS5 dataset over the period 1958-1999 and evaluated them on independent data from
2002-2023, following an out-of-sample forecasting protocol (Supplementary Algorithms, and Table S2). Forecast skill was
assessed using the anomaly correlation coefficient (ACC) of the Nifio 3.4 index across a range of lead times. As benchmarks,
we compared DESN against (1) a minimal Echo State Network (ESN), a standard single-layer reservoir computing model
trained only on the Nifio 3.4 index,(2) a full ESN trained on ten climate modes (Fig. 1a) and seasonal cycles, (3) the XRO
model?, (4) operational ensemble forecasts from the International Research Institute for Climate and Society (IRI), and (5) the
state-of-the-art 3D-Geoformer deep learning model?’. While all models performed similarly at short lead times, DESN showed
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Figure 1. Regions of interest and architecture of the DESN model for ENSO prediction. a, Standard deviation of sea surface
temperature anomalies (SSTA) from the ORASS reanalysis (1979-2023). Colored boxes denote regions used to compute area-averaged
climate indices for ENSO and associated modes, following the XRO framework?>. b, Schematic of the DESN architecture. The input layer
comprises multiple climate indices and seasonal cycles as periodic bootstrap sequences (PBS;). Inputs are passed through a hierarchy of n;
recurrent reservoirs, each generating a neuron state vector rf. Additive white noise érlc is injected into each reservoir to emulate stochastic
variability. Internal weights consist of input matrices Wiln and reservoir matrices Wl,. Reservoir outputs are concatenated and mapped to
next-month targets via a linear readout matrix Wy,. Multi-step forecasts are obtained recursively using rolling inputs. When n; = 1, the
model reduces to a standard ESN. The reservoir transition function at the bottom illustrates neuron dynamics with activation function g(-) and
leakage rate o. See Methods for definitions and implementation details.

clear advantages beyond 10 months, maintaining ACC values above 0.5 up to 16 months (Fig. 2a). It consistently outperformed
the IRI dynamical ensemble beyond 9 months and surpassed the statistical ensemble after just 6 months.

To evaluate seasonal sensitivity, we computed target-month-dependent forecast skill using rolling initializations. The
minimal ESN maintained ACC > 0.5 only at short leads across all months (Fig. 2c). The full ESN extended this horizon to about
15 months between January and June (Fig. 2d), but its performance dropped sharply around June and July, reflecting the Spring



Predictability Barrier (SPB)*. In contrast, DESN preserved elevated skill through this season. For example, forecasts targeting
June achieved a 10-month skillful lead with DESN compared to only 6 months for the ESN (Fig. 2e). These results indicate
that extending the predictor set from the minimal to the full ESN highlights the importance of cross-basin coupling as a source
of ENSO predictability, whereas the further improvement from the full ESN to DESN arises from the deep architecture’s ability
to represent higher-order, state-dependent couplings and multiscale interactions that provide additional predictive information.

We further assessed model generalization over extended periods, applying the same hyperparameters (Table. S2) as in the
out-of-sample implementation to ensure consistent dynamical behavior. Evaluation was performed over two temporal periods:
1979 to 2023 for the in-sample experiment (Fig. 2b) and 1958 to 2023 for cross-validation (see Methods). In the in-sample
test, the minimal ESN rapidly lost skill after 3 months, likely reflecting overfitting. The full ESN sustained ACC values > 0.5
up to 18 months, comparable to the XRO and 3D-Geoformer. By contrast, DESN outperformed all baselines, maintaining
ACC > 0.5 across lead times up to 20 months, with particularly strong performance during major El Nifio episodes (Figs. S1
and S2). Beyond ENSO, the DESN also delivered skillful long-lead predictions for nine other climate modes, achieving lead
times of 9—20 months (Fig. S3). Robustness was further demonstrated through 24-year leave-out cross-validation across the
full 1958-2023 window, where DESN retained ACC > 0.5 at lead times of 11-18 months (Fig. S4). In addition to forecast
accuracy, DESN offers substantial computational efficiency. It trains in seconds on a standard CPU, with runtimes comparable
to the XRO while achieving forecast skill that matches or exceeds both dynamical and deep learning approaches (Table. 1).
These results show that DESN generalizes well across decades, avoids overfitting to particular ENSO regimes or climate states,
and provides a computationally efficient pathway for advancing long-lead climate prediction.

Table 1. Comparison of training efficiency across ENSO forecasting models. Estimated training time and computational requirements for
the DESN, ESN, XRO, and 3D-Geoformer models. ¢ Out-of-sample evaluation (2002-2023); b Out-of-sample (1983-2021); ¢ In-sample
(1983-2023).

Models Training data Training time Training on Months
(size) (algorithms) lead

3D-Geoformer Gridded monthly sea surface ~12h GPU 134

27 wind stress and 3D ocean (Backpropagation)  (Nvidia V100) 18>

temperature anomalies (84 GB)

XRO monthly climate indices 4s CPU 13¢
2 (110 kB) (Linear-regression) (Intel i9-14900K) 18¢
ESN monthly climate indices 26's CPU 134

(110 kB) (Ridge-regression)  (Intel i9-14900K) 18¢
DESN monthly climate indices 122s CPU 16
(this study) (110 kB) (Ridge-regression) (Intel i9-14900K) 20¢

Mechanisms shaping long-term ENSO predictability
Here we identify the dynamical mechanisms that sustain ENSO predictability at extended lead times. Using a suite of targeted
and computationally efficient experiments enabled by the DESN framework, we show that long-lead ENSO predictability
arises from nonlinear, seasonally modulated cross-basin interactions that are integrated into the subsurface ocean memory
through WWV. By systematically varying predictor sets, input dimensionality, and model structure, and by directly comparing
DESN with the physics-based XRO model, we disentangle the respective roles of seasonal forcing, cross-basin coupling, and
nonlinearity. Together, these analyses reveal how physics-guided constraints and nonlinear interaction pathways jointly shape
the limits and sources of long-term ENSO predictability.

First, we show that seasonal cycles can be interpreted as periodic bootstrap sequences. ENSO exhibits strong phase locking
to the seasonal cycle, with events typically initiating in boreal spring and peaking in winter***>. To represent this periodicity,
we introduced sinusoidal seasonal functions, or Periodic Bootstrap Sequences (PBS), as additional inputs, defined as,
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Figure 2. Forecast performance of ESN and DESN models for ENSO prediction. a, Forecast correlation skill (ACC) of the 3-month
running mean Nifio3.4 index as a function of lead time, evaluated out-of-sample for 2002-2023. Shown are DESN (red), ESN (magenta),
minimal-ESN (dark blue), XRO (black; trained on 1958-1999), 3D-Geoformer (light blue), and the IRI operational ensemble
forecasts—ensemble means of dynamical models (dark purple) and statistical models (dark cyan). b, Same as panel a, but evaluated
in-sample over 1979-2023, including the ensemble mean of dynamical models from the North American Multi-Model Ensemble (NMME).
Individual NMME model forecasts (1981-2021) are shown in various colors. Forecast periods for the 3D-Geoformer and NMME correspond
to their respective training spans. c-e, Target-month-dependent ACC of Nifio3.4 forecasts for the minimal-ESN (c¢), ESN (d), and DESN (e).
Colors denote correlation skill as a function of target month (vertical axis) and lead time (horizontal axis). Black contours delineate regions
where ACC exceeds 0.5, highlighting combinations of target months and lead times with high predictive skill.



where @ = 27” = % is the angular frequency of the annual cycle (T = 12)*, ¢ € [0,L — 1], and L is the number of time steps

in the climate indices. PBS terms are applied during both training and prediction phases, significantly altering the reservoir
dynamics and enhancing prediction accuracy (Fig. S5). This demonstrates the value of embedding known seasonal structure
directly into the model to capture periodic forcing more effectively.

We further interpret long-term ENSO predictability as arising from the nonlinear coupling between WW'V and additional
inter-basin climate modes, rather than by any single predictor acting in isolation. This interpretation is supported by targeted
experiments (see Methods). To clarify the physical basis of these experiments, we recall that XRO restricts nonlinear terms to
ENSO-WWYV coupling and a conditional IOD quadratic contribution. In contrast, DESN does not impose explicit constraints
on interaction structure, allowing higher-order and cross-basin nonlinear couplings to emerge implicitly from the data.

To diagnose the sources and characteristic timescales of predictability, we conduct controlled mode-decoupling experiments
in which one climate mode is removed from the full predictor set while all remaining inputs are held fixed. Figs. 3a and b present
the decoupling results for XRO and DESN, respectively. In both models, removing WWYV leads to a pronounced collapse of
long-lead forecast skill, confirming its indispensable role in sustaining extended ENSO predictability. By contrast, removing
other individual modes while retaining WWYV generally affects forecast skill but does not eliminate long-term predictability.
Notably, the skill reduction associated with WWYV removal is more pronounced in DESN than in XRO (Fig. S6), suggesting
that DESN exploits WWYV through higher-order nonlinear interactions with other climate modes that are not fully represented
in the prescribed XRO framework.

To complement the decoupling analysis, we perform controlled mode-addition experiments that explicitly focus on
interactions between the core ENSO variables and individual external climate modes. We define a baseline configuration
consisting of Nifio 3.4 and WWYV, which encapsulates the classical recharge—discharge framework. One additional climate
mode from the standard XRO set is then added at a time, and both XRO and DESN are trained under identical input conditions.
Figs. 3c and d show the mode-addition results for XRO and DESN, demonstrating that retaining WW'V alone is insufficient to
sustain long-lead predictability and that extended forecast skill emerges only when WWYV is coupled with additional climate
modes. Among these, the NPMM yields consistent improvements in both XRO and DESN, highlighting its robust contribution
to extended-range ENSO predictability.

Figs. 3e and f examine systems of progressively increasing dimensionality, defined by the number of physically distinct
climate modes coupled to the core ENSO variables (Nifio 3.4 and WWYV). Predictive skill increases as additional climate indices
are combined with WWYV and Nifio 3.4, confirming that cross-mode interactions substantially enhance ENSO predictability.

Taken together, these experiments provide complementary evidence for a unified mechanism. Retaining ENSO together
with external climate modes while excluding WWYV fails to recover long-lead forecast skill, indicating that WW'V serves as
the primary mediator through which ENSO integrates cross-basin influences at extended lead times. Conversely, retaining
WWYV alone within the mode-addition framework is insufficient to sustain extended predictability. Extended skill emerges
only when WWYV is nonlinearly coupled with additional inter-basin climate modes, with the NPMM exerting a particularly
robust influence. These results demonstrate that long-lead ENSO predictability is governed primarily by the nonlinear coupling
between WWYV and inter-basin climate modes.

Our results further demonstrate that nonlinear cross-basin interactions underpin long-lead ENSO predictability. A first line
of evidence for the importance of nonlinearity emerges from the mode-decoupling and mode-addition experiments, as revealed
by the systematic comparison between XRO and DESN (Figs. S6 and S7). Although both models are driven by the same
set of climate modes, DESN consistently outperforms XRO at long lead times, while their skills remain comparable at short
leads. This divergence emerges despite XRO already incorporating multiple climate modes and instead reflects a structural
difference: XRO contains only a limited number of prescribed nonlinear terms, whereas DESN can represent a much broader
class of nonlinear interactions through its hierarchical reservoir architecture. The superior long-lead performance of DESN
therefore provides indirect but robust evidence that higher-order nonlinear interactions contribute substantially to extended
ENSO predictability.

A second, independent line of evidence is provided by the pronounced seasonality of forecast skill. We perform additional
uninitialized forecast experiments in which the initial conditions of selected inter-basin modes are replaced by climatology
while retaining all learned interactions (see methods and Fig. S8). These experiments reveal a strong seasonal modulation of
inter-basin memory, consistent with previous findings>. Notably, under specific combinations of initial and target months,
removing the initial conditions of Atlantic or Indian Ocean modes can even improve forecast skill, indicating state-dependent
and nonlinear interactions that are absent in linear frameworks. Such behavior further supports the view that long-lead
predictability arises from nonlinear, seasonally modulated cross-basin influences rather than from linear superposition.

Finally, we obtain strong mechanistic support by introducing an augmented Sparse-Nonlinear XRO (SN-XRO) model (see
methods). Starting from the standard XRO formulation, we systematically introduce quadratic coupling terms representing
multiplicative interactions between Nifio3.4, WWYV, and external climate modes, with seasonally modulated coefficients
estimated via sparse regression*®*’. When trained and evaluated under the same conditions as XRO, SN-XRO behaves
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Figure 3. Role of WWYV and cross-basin modes in long-lead ENSO predictability. a,b, Mode-decoupling experiments for XRO (a) and
DESN (b). Each curve shows the anomaly correlation coefficient (ACC) of Niflo 3.4 forecasts as a function of lead time when one climate
mode is removed from the full predictor set while all remaining inputs are retained. The black curve denotes the full model, and colored
curves correspond to decoupling individual modes (WWYV, NPMM, SPMM, 10B, 10D, SIOD, TNA, ATL3, and SASD). Removing WWV
leads to the strongest degradation of long-lead skill in both models, while removing other modes generally reduces skill without eliminating
extended predictability. The horizontal dashed line marks ACC = 0.5. ¢,d, Mode-addition experiments for XRO (¢) and DESN (d). Forecast
skill is shown for a baseline configuration consisting of Niflo 3.4 and WWYV (black dashed curve), with one additional climate mode added at
a time (colored curves). Extended forecast skill emerges only when WWYV is coupled with additional inter-basin modes, with the North
Pacific Meridional Mode (NPMM) yielding particularly robust improvements. The dashed horizontal line again indicates ACC = 0.5. e,f,
Increasing input-dimensionality experiments for WW V-selected sub-models in XRO (e) and DESN (f). Curves show the average forecast
skill across ensembles of sub-models with progressively increasing numbers of climate modes coupled to Nifio 3.4 and WWV (from 2 to 9
dimensions). Forecast skill increases with input dimensionality, indicating the cumulative contribution of cross-mode interactions.

similarly to the standard XRO at short lead times but exhibits a pronounced slowdown in skill degradation at longer leads
(approximately 8—19 months). This delayed improvement closely mirrors the behavior observed in DESN, providing strong
supporting evidence that enhanced nonlinear cross-basin coupling underlies the extension of the forecast horizon (see Figs.
S9-S10).

Taken together, these results indicate that WWYV influences ENSO predictability through slow, nonlinear, and seasonally
modulated cross-basin interactions. This interpretation is consistent with established ENSO theory, in which inter-basin influ-
ences are primarily mediated by atmospheric teleconnections and subsequently integrated into subsurface ocean memory*3-0,
The convergence of evidence from model-structure comparisons, seasonal sensitivity experiments, and explicit nonlinear
augmentation strongly supports the central role of nonlinearity in sustaining long-lead ENSO predictability.



Intrinsic limits of ENSO predictability

Although their methodological foundations differ, a range of contemporary ENSO prediction frameworks—including the
physics-based XRO conceptual model, the 3D-Geoformer deep learning system, and our ESN/DESN frameworks converge on
a forecast horizon of roughly 15-20 months. Given that ENSO cycles span 2—7 years, this convergence raises a fundamental
question: does the plateau in forecast skill reflect model limitations, or does it represent an intrinsic barrier imposed by ENSO’s
nonlinear dynamics?

To further quantify predictability, we analyze the saturation behavior of forecast errors using an absolute-error metric,
inspired by the error-growth framework underlying the NLLE approach. Specifically, we track the temporal evolution of
absolute prediction errors following small perturbations to the initial conditions. Error growth in DESN saturates more slowly
than in ESN or XRO (Fig. 4a), confirming enhanced dynamical stability. The practical predictability limit was defined as
the time when absolute error reached 95% of its saturation value, estimated consistently across models as the mean absolute
error between months 60-100 of the XRO trajectory. Using this criterion, we obtain predictability horizons of approximately
18 months for ESN, 22 months for XRO, and 34 months for DESN. Sensitivity tests further show that reducing the initial
perturbation magnitude delays the approach to saturation but yields only limited extensions of the predictability horizon once
the initial error norm falls below 0.1 (Fig. 4b), indicating that the estimated limits are robust (Fig. 4b).

These results indicate that the widely cited 15 to 20 month ceiling is not the absolute barrier but rather lies near the intrinsic
predictability limit of ~ 30 months. DESN’s ability to approach this barrier arises not from statistical overfitting but from its
physically informed design, stabilized internal dynamics, and improved representation of multiscale evolution. More broadly,
the analysis also points to concrete pathways for improving forecast skill: reducing errors in initial conditions, incorporating
more precise multivariate couplings across ocean—atmosphere modes, and embedding physically consistent constraints to better
capture delayed or cross-basin feedbacks.

a . .
Absolute error growth comparison b DESN absolute error growth comparison (95% saturation)
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Figure 4. Error-growth analysis and nonlinear predictability limits of ENSO models. a, Evolution of absolute forecast error between
perturbed and unperturbed trajectories for the XRO (black), ESN (green), and DESN (red) models, shown as In(§;) as a function of lead time.
Dashed vertical lines mark the predictability limits for XRO (22 months), ESN (18 months), and DESN (34 months), defined as the time
when absolute error reaches 95% of the XRO saturation value. b, Absolute error growth in DESN for a range of initial perturbation
magnitudes &y. While smaller initial perturbations delay the approach to saturation, the long-term saturation level and the inferred
predictability limit remain largely unchanged once &y < 0.1

Discussion

Our results demonstrate that a physics-guided DESN can extend skillful ENSO forecasts well beyond one year, maintaining
ACC above 0.5 for 16-20 months. This performance matches or exceeds the skill of operational explainable and state-of-the-
art deep learning models, while requiring only seconds of training on a standard CPU. Such efficiency enables systematic
exploration of model configurations and physical mechanisms, bridging the gap between predictive skill and mechanistic
understanding.

A central contribution of this study is clarifying the mechanisms that sustain long-lead predictability. Submodel experiments
confirm that WWYV is the dominant precursor of ENSO, consistent with the recharge—discharge paradigm, but also show that its
predictive power is amplified by couplings with remote modes such as the NPMM. These delayed and cross-basin feedbacks
extend predictability, and DESN’s hierarchical structure is particularly effective in capturing such multiscale interactions.

Despite the improved long-lead forecast skill achieved here, several limitations should be noted. First, the DESN acts as a
physics-guided surrogate model and does not explicitly resolve coupled ocean—atmosphere dynamics, meaning that physical
causality cannot be directly inferred from the learned representations. Second, model performance depends on the quality



and consistency of the ORASS reanalysis used for training, and uncertainties or biases in the underlying data may influence
forecast skill. Third, while nonlinear error-growth analysis provides a robust estimate of the predictability horizon, the inferred
saturation time represents a practical rather than a strict theoretical limit. Finally, although cross-basin interactions emerge
as a key contributor to extended predictability, their detailed dynamical pathways remain to be confirmed through targeted
numerical experiments with fully coupled climate models.

From a broader climate perspective, our results highlight physics-guided learning as a surrogate dynamical model, capable
of delivering both forecast skill and mechanistic clarity. By showing how WW V-mediated interactions and multiscale feedbacks
shape the intrinsic predictability limit of ENSO, this study advances understanding of ENSO as a nonlinear dynamical system.
Looking ahead, integrating improved initialization, richer multivariate observations, and coupled Earth system models may
further enhance long-lead forecasts. More broadly, this framework illustrates how machine learning can be embedded within
dynamical theory to advance prediction and understanding of other critical components of the climate system.



Methods

Data and preprocessing
We use sea surface temperature (SST) and thermocline depth data from the ORASS ocean reanalysis dataset (1958-2023) to
construct climate indices relevant to ENSO dynamics. Specifically, we derive ten monthly indices from predefined regions
(including the Nifio 3.4 region and the equatorial Pacific 20 °C isotherm depth), covering nine ENSO-related climate modes.
These modes were previously identified as physically linked to ENSO variability and are also featured in the extended recharge
oscillator (XRO) model®. The definitions and regions used to calculate these indices are summarized in Supplementary Table.
S1.

To isolate ENSO-related variability, we first remove the monthly climatology over the 1979-2010 reference period. We
then apply a second-order polynomial detrending to eliminate long-term trends. The resulting standardized anomalies represent
interannual variability and are used as model inputs.

Deep Echo State Networks

Echo State Networks (ESNs) leverage the richness of reservoir dynamics to replicate the temporal patterns expressed in training
data. Deep Echo State Networks (DESNs), first proposed by Gallicchio et al.>%3!, extend classical ESNs by stacking multiple
recurrent reservoir layers.

At each time step ¢, the DESN processes information hierarchically: the first reservoir layer receives external climate inputs
Xins, while subsequent layers take as input the state vector from the preceding layer. Let n; denote the number of reservoir
layers, and N; the number of neurons in layer [—both are architectural hyperparameters set prior to training (see Table. S2 for
specific configurations). We denote the reservoir state of layer [ at time 7 as r € RV,

To emulate the stochastic nature of real climate dynamics, we introduce additive white noise ﬁﬁc with noise level oy into
each reservoir layer. The state update rule for layer [ is given by:

rerl - (1 - al)rf + al tanh (anxg + Wiesrg) + gicv (2)

where a' € (0,1] is the leak rate controlling the time-delay property of dynamics in layer /, and tanh is the hyperbolic tangent

activation function ensuring bounded neuron activations. The input weight matrix W/, € RV>*dm(X)) i randomly initialized
from a uniform distribution and scaled by the input scaling parameter Giln to control the strength of external inputs. The
recurrent weight matrix Wﬁes € RM*Ni is constructed as a sparse random matrix with spectral radius p' (the largest absolute
eigenvalue) and connection density d', (the fraction of nonzero elements) to maintain the echo state property®®. The layer input

Xf is defined hierarchically as:
Xf — { .t l ’ (3)

il [>1.

In this study, the external input Xj,; to the first reservoir layer comprises a comprehensive set of climate indices and
seasonal cycles:
[ ENSO, (ENSO index) T
WWV; (Warm Water Volume)
NPMM; (North Pacific Meridional Mode)

SPMM; (South Pacific Meridional Mode)

TNA, (Tropical North Atlantic)
Xins = | ATL3; (Atlantic Nifno) , %)
SASD;  (South Atlantic Subtropical Dipole)
10B; (Indian Ocean Basin)
10Dy (Indian Ocean Dipole)
SIOD; (South Indian Ocean Dipole)

| PBS;  (Periodic bootstrap sequence. Eq. 1) |

Following reservoir initialization, we apply the Intrinsic Plasticity (IP) learning rule’! to each reservoir unit to enhance
network expressiveness. IP optimizes the internal activation dynamics of individual neurons by adapting unit-specific gain (a)
and bias (b) parameters, such that the distribution of activations approximates a target Gaussian distribution with target mean 1
and rarget standard deviation ©.

This optimization is formulated as minimizing the Kullback—Leibler (KL) divergence between the empirical output
distribution and the Gaussian target. For a reservoir unit receiving net input ry, the activation is computed as:

7 = tanh(arpe + b), 5)



where the gain a controls the slope of the activation function and the bias b shifts the operating point. At each training step,
these parameters are updated according to:

poor . .
Ab=— <_c2+02(262+1_r2+m)>’
n

Aa = —+Ab - rye,
a

(6)

where 1) is the IP learning rate. This adaptation process ensures that each reservoir unit maintains a high-entropy, information-
rich activation profile, thereby improving the overall dynamical capacity and generalization performance of the DESN.

After the IP learning process stabilizes the reservoir dynamics, the output of the DESN is computed by a linear readout
layer that combines states from all reservoir layers:

"N . . . . . . .
where Wy € RM *Li=1M s the readout weight matrix connecting all reservoir layers to the output. Unlike the reservoir weights
which remain fixed after initialization, W, is the only component trained using supervised learning.

We employ ridge regression to determine W, by minimizing the regularized least-squares objective:

L(Wout) = HY_WoutR||%+)~||WoutH%> @®)

where Y € RV *T ig the target matrix containing observed climate states, R € R(Zyil NJXT s the concatenated reservoir state
matrix across all time steps and layers, and A > 0 is the regularization parameter preventing overfitting. This yields the
closed-form solution:

Wou = YR (RRT + A1) )

In summary, the DESN architecture combines three key components: (1) hierarchical reservoir layers that extract multiscale
temporal features with architecture defined by hyperparameters (n;,N;, o', p,d.., O'i]n7 Oy ) detailed in Table.S2, (2) intrinsic
plasticity that optimizes activation distributions with parameters (1, i, ), and (3) a linear readout trained via ridge regression
with regularization A. This design maintains computational efficiency while achieving strong generalization for long-lead

climate prediction.

Training and validation periods
We employed three complementary experiments to assess model performance,

For out-of-sample forecasting, the model was trained on data from 1958-1999 and validated on 2002-2023, ensuring that
the validation period is temporally independent of the training period. and thus testing the model’s ability to generalize to new
periods.

For in-sample forecast, the model was both trained and validated on the 1979-2023 dataset. This experiment evaluates the
model’s ability to reproduce known data, providing insight into its fitting capacity.

For Cross-validation, the full 1958-2023 dataset was divided into 11 subsets of 6 consecutive years. For each iteration, 24
consecutive years were withheld for validation, with the remainder used for training. This rolling-block design ensures that
all portions of the record contribute to both training and validation, yielding a robust evaluation less dependent on specific
temporal divisions.

The Table. 2 summarizes these validation settings.

Table 2. Validation settings for model performance assessment.

Validation method Training period Validation period
Out-of-sample forecast  1958-1999 2002-2023
In-sample forecast 1979-2023 1979-2023

Cross-validation Remaining 7 subsets(e.g., 1958-1975, 2000-2023) 4 consecutive subsets(e.g., 1976-1999)




Prediction skill metrics
Forecast skill was evaluated using two standard metrics: the ACC and the root mean square error (RMSE). The ACC, calculated
as the Pearson correlation between forecasts (f) and observations (o),

acc— _EF=Nl=3)
VE(f = /PLle—a)

where f and 6 are the means of the forecasts and observations, respectively. The RMSE measures the average forecast error
magnitude,

(10)

RMSE =1/ (f —0)?, an

where the overbar denotes the mean.

Quantitative Experiments for Predictability Source

To rigorously quantify the contribution of individual climate modes and their interactions to ENSO predictability, we conducted
four complementary sets of systematic experiments. All experiments use the same training (1958-1999) and validation
(2002-2024) periods.

In the mode-decoupling experiments, we consider nine supplementary climate indices beyond Nifio 3.4 that are relevant
to ENSO dynamics> (Fig. 1a), forming a ten-variable predictor set in the full model. Mode-decoupling experiments are
performed by removing one supplementary mode j at a time from the full predictor set, while keeping all remaining inputs,
model architecture, and training procedure unchanged.

The full model, trained using all ten climate indices (Eq. (4)), serves as the control experiment. For example, DESN-Dnpym
denotes a DESN experiment in which NPMM is excluded from both training and prediction, with all other inputs and model
configurations identical to the full model. Analogous experiments are performed for the XRO framework, denoted as XRO-D;
(e.g., XRO-Dwwyv, XRO-Dnpmm). The difference in forecast skill between the full model and D; quantifies the sensitivity
of ENSO predictability to the removal of climate mode j. Comparing DESN-D; with XRO-D; under identical predictor
configurations reveals the role of nonlinear interactions in cross-basin interactions.

In the mode-addition experiments, we start from a baseline system composed of Nifio 3.4 and WWYV, corresponding to the
core ENSO recharge—discharge subsystem. Mode-addition experiments are performed by adding one supplementary climate
mode j to this baseline, while keeping all other model settings unchanged.

For example, DESN-Anpyy denotes a DESN configuration in which Nifio 3.4, WWYV, and the North Pacific Meridional
Mode (NPMM) are used as inputs. Identical experiments are conducted for the XRO framework, denoted as XRO-A; (e.g.,
XRO-AnpmM, XRO-Aspvm).

The difference in forecast skill between A ; and the baseline configuration quantifies the sensitivity of ENSO predictability
to the inclusion of climate mode j beyond the core recharge—discharge dynamics. Because XRO is governed primarily by
linear dynamics with prescribed coupling structure, systematic skill differences between DESN-A ; and XRO-A; under identical
inputs highlight processes that require nonlinear representations beyond linear superposition.

In the increasing input-dimension experiments, the baseline configuration (d = 2) consists of Nifio 3.4 and WWYV, repre-
senting the minimal recharge—discharge system. Higher-dimensional configurations are constructed by sequentially adding
supplementary climate modes to this baseline, yielding input dimensions d = 3,4,...,10. For each dimension d, all possible
combinations of d — 2 modes are selected from the remaining eight supplementary climate indices, while Nifio 3.4 and WWV
are always retained. Consequently, the d = 10 configuration corresponds to the fully coupled model.

For each input dimension, we compute the mean forecast skill by averaging over all corresponding sub-model realizations.
This approach isolates the systematic effect of increasing coupling dimensionality, independent of the influence of any single
climate mode. Identical increasing-dimension experiments are conducted for both DESN and XRO frameworks.

To investigate state-dependent predictability and the role of initial-condition memory, we performed a set of uninitialized
experiments, denoted as U;. In these experiments, the initial condition of climate mode j is replaced by its climatological mean
(zero in standardized units), while all other initial conditions are retained as observed.

Importantly, all uninitialized experiments are conducted using the fully trained DESN model, which is trained with the
complete set of coupled climate modes. Thus, the learned interaction structure remains unchanged, and only the initial-state
information of mode j is removed. The impact of the initial condition of mode j is quantified by the difference in forecast skill
between the control experiment and U;.

To further disentangle the role of basin-scale memory, we also conducted ocean-level uninitialized experiments by
simultaneously replacing the initial conditions of all climate modes within a given ocean basin by climatology. Specifically,
UnpmM+spmM removes the initial-state information of both Pacific Meridional Modes, Uiop+10op-+siop removes all Indian
Ocean modes, and Urna+ATL3+sASD removes all Atlantic modes.



The resulting differences in forecast skill isolate the contribution of initial-condition information associated with individual
modes or entire ocean basins to ENSO predictability. Unlike mode-decoupling experiments, which remove predictors entirely
and alter the dynamical system learned during training, uninitialized experiments retain all learned nonlinear interactions and
instead diagnose sensitivity to initial-state uncertainty.

Sparse-Nonlinear XRO (SN-XRO) model
For reference, the state vector of XRO is given by

T
X = (Tenso, hwwv, Tnemm, Tspmms Tios, Tiops Tsiops TiNa, TaTL3, TsasD) - (12)
In the original XRO formulation, the system evolves according to

dX
E:LX-FNXRO(X)a (13)

where the nonlinear terms are restricted to

b1 Tso + b2 Tensohwwy

0
0
b3 Tt
Nxro(X) = 3 (;OD . (14)
0
0
0
0

Thus, nonlinear interactions in XRO are confined to ENSO asymmetry, ENSO-WWYV recharge—discharge coupling, and a
conditional quadratic contribution associated with the Indian Ocean Dipole.

In the SN-XRO model, we extend the nonlinear tendency by introducing additional quadratic coupling terms that involve
ENSO and WWV:

NiTensoTwm
NZhWWVTM
0
0
0
Nsn(X) = Nxro(X) + 0 ; (15)
0
0
0
0
where
Twm = (Taemm, Tsemms Tios: Tiop, Tsiop, TiNa, Taris, TSASD)T, (16)

denotes the set of external climate modes. No nonlinear interaction terms are introduced among the external climate modes
themselves.

Here, N; and N, are seasonally modulated coefficient vectors controlling the nonlinear coupling between ENSO, WWYV,
and inter-basin climate modes. Each coefficient is parameterized as a truncated Fourier series,

n(t) = np + nigsin(r) + ny. cos(wr) + nog sin(2wr) + ny. cos(2wt), an

where @ = 27/12 represents the annual cycle.

The Sparse Identification of Nonlinear Dynamical systems (SINDy) metho is applied to fit the parameters of the
prescribed quadratic interaction terms using ORASS data over the training period (1979-2001). This procedure automatically
eliminates statistically insignificant nonlinear terms, yielding a parsimonious representation of nonlinear coupling consistent
with the data. The resulting seasonally modulated nonlinear coupling parameters are shown in Fig. S9.

To ensure a controlled comparison between XRO and SN-XRO, model parameters are estimated in two successive steps.

d46, 47



First, the standard XRO model is fitted using the SINDy framework, including all linear coefficients L;; and the prescribed
nonlinear terms by TEZNSO, by Tensohwwyv, and by TI%)D. This step yields a physically consistent baseline representation of ENSO
and its linear cross-basin couplings.

In the SN-XRO model, all linear coefficients L;; are fixed to the values obtained from the XRO fitting and remain unchanged.
Additional nonlinear terms are then estimated using SINDy.

This hierarchical fitting strategy ensures that differences between XRO and SN-XRO arise solely from enhanced nonlinear
coupling involving ENSO and WWY, rather than from changes in linear dynamics.

SN-XRO is integrated deterministically and evaluated over the same out-of-sample period (2002-2024) as XRO and DESN,
ensuring that differences in forecast performance arise solely from the inclusion of physically constrained nonlinear interaction
pathways.

By construction, SN-XRO provides a minimal nonlinear extension of XRO that allows us to directly test whether enhanced
ENSO-WW V-inter-basin coupling is sufficient to reproduce the delayed error growth and extended predictability identified in
DESN.

Computation of Nonlinear Local Lyapunov Exponents
The XRO, ESN, and DESN are all autonomous dynamical systems whose forward evolution can be expressed as z,.; = F(z,),
where z; is the full state vector and F is the evolution operator. The state space differs across models:

X; € R0, XRO
7 =} [r;X,] € RVFIO, ESN (N =20000) (18)
[rl;r?;X,] € RM+M+10 0 DESN (N = 20000, N, = 12000)

where X, € R'? denotes the 10 climate indices, and r;, r,l, rt2 are the reservoir neuron states.

Starting from an initial climate state X on the attractor, we introduce a small perturbation to the 10 climate indices:
X{, = X0+ 89, where § is a random unit vector scaled by initial amplitude €. For ESN/DESN, the corresponding reservoir
states are initialized from the unperturbed climate state, ensuring perturbations only affect the climate variables. Both the
reference trajectory X; and perturbed trajectory X! are evolved independently using the full nonlinear dynamics for 7 = 100
months.

We test a range of initial perturbation amplitudes &. For each amplitude, we perform 500 realizations with different random
perturbation directions, sampled from 500 initial conditions uniformly distributed across the test period (2002-2023).

The error at step i is defined as:

8 = |IX} — X2 (19)

where || - ||2 denotes the Euclidean norm (L2 norm). The absolute error growth is quantified by the logarithmic error:
E,‘ =In 5,'. (20)

To define a consistent saturation threshold across models with different error growth rates, we compute the mean logarithmic

error over months 60—100 of XRO evolution:
1 100

Eq=— Y Exro, (21
40 55

The predictability horizon T, is defined as the first time when the 95 percentile of Eg, is reached:
T, =min{i | (E;) > VEs}, (22)

where (-) denotes averge over all reanlization, and y = 0.95 is the saturation threshold.
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Figure 1. Regions of interest and architecture of the DESN model for ENSO prediction. a, Standard deviation of sea surface
temperature anomalies (SSTA) from the ORASS reanalysis (1979-2023). Colored boxes denote regions used to compute area-averaged
climate indices for ENSO and associated modes, following the XRO framework?S. b, Schematic of the Deep Echo State Network (DESN)
architecture. The input layer comprises multiple climate indices and seasonal cycles as periodic bootstrap sequences (PBSt). Inputs are
passed through a hierarchy of n; recurrent reservoirs, each generating a neuron state vector rf. Additive white noise érlc is injected into each
reservoir to emulate stochastic variability. Internal weights consist of input matrices an and reservoir matrices Wies. Reservoir outputs are
concatenated and mapped to next-month targets via a linear readout matrix Woy¢. Multi-step forecasts are obtained recursively using rolling
inputs. When n; = 1, the model reduces to a standard ESN. The reservoir transition function at the bottom illustrates neuron dynamics with
activation function g(-) and leakage rate . See Methods for definitions and implementation details.
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Figure 2. Forecast performance of ESN and DESN models for ENSO prediction. a, Forecast correlation skill (ACC) of the 3-month
running mean Nifio3.4 index as a function of lead time, evaluated out-of-sample for 2002-2023. Shown are DESN (red), ESN (magenta),
minimal-ESN (dark blue), XRO (black; trained on 1958-1999), 3D-Geoformer (light blue), and the IRI operational ensemble
forecasts—ensemble means of dynamical models (dark purple) and statistical models (dark cyan). b, Same as panel a, but evaluated
in-sample over 1979-2023, including the ensemble mean of dynamical models from the North American Multi-Model Ensemble (NMME).
Individual NMME model forecasts (1981-2021) are shown in various colors. Forecast periods for the 3D-Geoformer and NMME correspond
to their respective training spans. c-e, Target-month-dependent ACC of Nifio3.4 forecasts for the minimal-ESN (c¢), ESN (d), and DESN (e).
Colors denote correlation skill as a function of target month (vertical axis) and lead time (horizontal axis). Black contours delineate regions
where ACC exceeds 0.5, highlighting combinations of target months and lead times with high predictive skill.
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Figure 3. Role of WWYV and cross-basin modes in long-lead ENSO predictability. a,b, Mode-decoupling experiments for XRO (a) and
DESN (b). Each curve shows the anomaly correlation coefficient (ACC) of Nifio 3.4 forecasts as a function of lead time when one climate
mode is removed from the full predictor set while all remaining inputs are retained. The black curve denotes the full model, and colored
curves correspond to decoupling individual modes (WWYV, NPMM, SPMM, 10B, 10D, SIOD, TNA, ATL3, and SASD). Removing WWV
leads to the strongest degradation of long-lead skill in both models, while removing other modes generally reduces skill without eliminating
extended predictability. The horizontal dashed line marks ACC = 0.5. ¢,d, Mode-addition experiments for XRO (c¢) and DESN (d). Forecast
skill is shown for a baseline configuration consisting of Niflo 3.4 and WWV (black dashed curve), with one additional climate mode added at
a time (colored curves). Extended forecast skill emerges only when WWYV is coupled with additional inter-basin modes, with the North
Pacific Meridional Mode (NPMM) yielding particularly robust improvements. The dashed horizontal line again indicates ACC = 0.5. e,f,
Increasing input-dimensionality experiments for WW V-selected sub-models in XRO (e) and DESN (f). Curves show the average forecast
skill across ensembles of sub-models with progressively increasing numbers of climate modes coupled to Nifio 3.4 and WWV (from 2 to 9
dimensions). Forecast skill increases with input dimensionality, indicating the cumulative contribution of cross-mode interactions.
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Figure 4. Error-growth analysis and nonlinear predictability limits of ENSO models. a, Evolution of absolute forecast error between
perturbed and unperturbed trajectories for the XRO (black), ESN (green), and DESN (red) models, shown as In(§;) as a function of lead time.
Dashed vertical lines mark the predictability limits for XRO (22 months), ESN (18 months), and DESN (34 months), defined as the time
when absolute error reaches 95% of the XRO saturation value. b, Absolute error growth in DESN for a range of initial perturbation
magnitudes &. While smaller initial perturbations delay the approach to saturation, the long-term saturation level and the inferred
predictability limit remain largely unchanged once &y < 0.1

Table 1. Comparison of training efficiency across ENSO forecasting models. Estimated training time and computational requirements for
the DESN, ESN, XRO, and 3D-Geoformer models. ¢ Out-of-sample evaluation (2002-2023); b Out-of-sample (1983-2021); ¢ In-sample

(1983-2023).

Models Training data Training time Training on Months
(size) (algorithms) lead

3D-Geoformer Gridded monthly sea surface ~12h GPU 134

27 wind stress and 3D ocean (Backpropagation) (Nvidia V100) 18°
temperature anomalies (84 GB)

XRO monthly climate indices 4s CPU 134

2 (110 kB) (Linear-regression) (Intel i9-14900K) 18¢

ESN monthly climate indices 26s CPU 134
(110 kB) (Ridge-regression)  (Intel i9-14900K) 18°¢

DESN monthly climate indices 122's CPU 16¢

(this study)

(110 kB)

(Ridge-regression)

(Intel 19-14900K) 20°




