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ABSTRACT

Reservoir computing (RC) has emerged as a compelling framework for modeling complex dynamical systems. When applied to
state-complete data generated by deterministic dynamical systems, its inherent memory dependence becomes a structural
constraint. This memory redundancy confines the model to local trajectory fitting, thereby limiting its capacity for global long-term
prediction. To overcome this limitation, we introduce State-Driven Reservoir Computing (SDRC), an architecture that actively
decouples temporal history from state evolution. By resetting the reservoir state to block the temporal propagation of input
information, SDRC collapses the functional equivalence of the model from a Volterra series to a Taylor expansion, effectively
eliminating the constraints imposed by memory in classical RC. We validate SDRC across a diverse set of benchmarks, ranging
from chaotic and coupled dynamical systems to real-world climate data. The framework demonstrates exceptional capability in
global predictive calibration and latent variable inference while maintaining robustness against data sparsity and parameter
perturbations. Compared to conventional temporal models, SDRC achieves superior predictive fidelity while requiring an
order-of-magnitude reduction in both the number of parameters and training data, establishing an efficient, history-independent

paradigm for intelligent dynamical modeling.

Reservoir Computing (RC) establishes a distinct method-
ology for training Recurrent Neural Networks (RNNs)!' .
This architecture is characterized by the use of a fixed, high-
dimensional nonlinear dynamical substrate known as the reser-
voir, where the training process is strictly limited to optimizing
a linear readout layer via convex optimization®~®. Empirical
studies on nonlinear chaotic systems confirm the superiority
of this architecture. Specifically, RC achieves state-of-the-art
prediction accuracy while simultaneously circumventioning
the computational bottlenecks of traditional deep learning
through an orders-of-magnitude reduction in trainable param-
eters and training time” '°. By striking an exceptional balance
between computational efficiency and modeling capability,
RC has been widely adopted in complex scientific domains,
ranging from spatiotemporal chaos prediction and fluid dy-
namics reconstruction to neuromorphic computing!'%-17.

The success of RC is grounded in its universal approxima-
tion property. Theoretically, an RC system with a sufficient
reservoir size is capable of approximating to arbitrary ac-
curacy any discrete-time nonlinear dynamical system with
fading memory'®-23 This capability derives from the geomet-
ric structure of dynamical systems, where reservoir states
driven by a scalar input synchronize with the driving signal
to form an embedding representation diffeomorphic to the un-
derlying attractor. This mechanism is functionally equivalent
to Takens” embedding theorem'!-?*. Consequently, even for
state-incomplete data where instantaneous observations fail to
determine future evolution, RC effectively embeds the system
manifold to restore determinism>~27. Mathematically, this
reconstruction process functions as an approximation of a dis-
crete Volterra series that generates a rich library of high-order
nonlinear memory terms'®2!-23. Building on this mathemati-



cal formulation, the recently proposed Next-Generation Reser-
voir Computing (NGRC) further streamlines the architecture
by replacing the dynamical reservoir with explicit polynomi-
als, thereby achieving leaner and more efficient prediction of
chaotic attractors?®.

RC is also extensively applied to state-complete data, where
observed variables at any instant contain full information
defining the system’s future evolution (corresponding to fully
observed trajectories, such as the Lorenz-63 system). Sig-
nificant advancements in this domain include the attainment
of arbitrary prediction horizons via sparse state updates that
mitigate trajectory divergence?, and the demonstration of
out-of-domain generalization, where multiple-trajectory train-
ing enables the reconstruction of dynamics across previously
unvisited basins of attraction3. Moreover, theoretical anal-
yses regarding critical hyperparameters, including network
size, spectral radius, and connectivity, focus primarily on
these systems®' 3. From the perspective of approximation
theory, the evolution of state-complete data is intrinsically a
vector field function dependent solely on the current state. In
contrast, standard RC approximates these dynamics using a
history-dependent Volterra functional'® %28 Consequently,
existing approaches inherently utilize a history-dependent ar-
chitecture to model a process physically defined by a history-
independent mapping.

This divergence reveals a critical efficiency bottleneck. Ac-
cording to the Information Processing Capacity (IPC) frame-
work, a strict trade-off exists wherein maintaining linear mem-
ory directly consumes the computational capacity required for
high-order nonlinearities®®33. This implies an inherent inabil-
ity to simultaneously sustain long-term memory and strong
nonlinear mapping. Supporting this, Storm et al. showed that
recurrent connections within the reservoir can be removed in
state-complete scenarios without performance degradation?”.
Therefore, when processing state-complete systems, the reser-
voir’s fading memory constitutes structural redundancy, limit-
ing the model’s potential to approximate complex dynamics.

In practical applications, this structural redundancy im-
poses severe limitations: the reliance on history necessitates
a prolonged "warm-up" period to washout transient errors,
constraining immediate response capabilities>®>*. Further-
more, the model exhibits high sensitivity to data continuity;
in the presence of missing data or non-periodic sampling, the
history-dependent reservoir state fails instantly. Additionally,
excessive memory predisposes the model to overfit spurious
temporal correlations rather than the intrinsic physical vector
field, thereby degrading robustness against parameter drift. To
overcome these drawbacks from "unnecessary memory," we
propose State-Driven Reservoir Computing (SDRC). By elim-
inating memory redundancy, SDRC reconfigures the reservoir
into a state-driven, high-dimensional nonlinear kernel opti-
mized for nonlinear dynamical systems. This architectural
alignment fundamentally improves the modeling of complex
vector fields, thereby achieving superior predictive perfor-
mance compared to memory-constrained baselines.

Results

A framework of SDRC

The SDRC framework is conceptually illustrated with the
Lorenz-63 system (see Fig. 1). Consider v(¢), an time se-
ries observed with sampling period At (see Fig. 1(a)). Both
the classical RC (see Fig. 1(b)) and the proposed SDRC (see
Fig. 1(c)) project the data into a high-dimensional space fol-
lowed by an output layer that performs a linear transformation
on the feature vectors. The fundamental distinction lies in
the architectural paradigm: while the classical RC employs
history-dependent mechanisms, the SDRC framework im-
plements a history-independent encoding principle. More
detailed differences are systematically examined below.

For a classical RC, the dynamics of the nodes are based on
leaky integrate neurons and basic sigmoid activation functions.
Notably, each node retains memory information from previous
time steps, known as the hidden state of the reservoir®. The
dynamics of the hidden state is described by:

r(t+Ar) = (1—o) r()+ o - tanh [Wi,v(r) + Wrr(s)], (1)

where « is the leakage rate, r(¢) represents the hidden state in
the reservoir at time 7, Wi, and Wy are, respectively, the input
and the weighted adjacency matrices. Typically, these two
matrices are chosen randomly and kept fixed in both training
and test stages. Then, it follows an output layer as a linear
transformation of the feature vector:

V(r+Ar) = WouR(1), 2)

where the feature vector is set as R(t) = [bout, V' (¢),r" ()]
with byy as a bias.

Differences in input layers. In a classical RC, the random
matrices Wj,, Wr must be specified to achieve feature dimen-
sionality expansion of the input data. This introduces some
instability to the model, and currently, there is no uniformly
reliable guideline for setting the random matrix*. Recent stud-
ies have firmly established the theoretical link between RC
and nonlinear vector autoregressive models'®?%. Specifically,
it has been demonstrated that a linear RC is structurally equiv-
alent to a model operating on polynomial feature vectors of
arbitrary order constructed from the input history. While the
theoretical framework supports arbitrary degrees, practical
implementations often prioritize quadratic terms to balance
expressivity with computational efficiency.

Building on this general theoretical foundation, the NGRC
framework replaces the reservoir with explicit polynomial
feature vectors typically constructed from delayed inputs®®.
Inspired by this explicit feature construction, our SDRC frame-
work also enhances data dimensionality through polynomial
function construction. A fundamental distinction between
SDRC and NGRC lies in the handling of temporal depen-
dency. For state-complete datasets, temporal delay embedding
is theoretically redundant. Instead, a feature vector composed
of polynomials (up to a sufficient order) derived strictly from
instantaneous states is adequate to replace the random matrix.
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Figure 1. Schematic diagrams for illustrating the proposed SDRC framework. a The data simulated by the Lorenz63
system as the input for different frameworks of RC. b The classical RC framework. ¢ The SDRC framework with four modules
from “S1” to “S4”. “S1” follows the NGRC methodology. d The output data predicted by the model. Here, using the data
simulated by the Lorenz63 system as an example (blue, left), the SDRC employs a quadratic nonlinear function to derive the
monomial feature vector of its time series data. This vector is then broadcast and introduced into the reservoir as external
perturbations. The predicted data (red, right) is a combination of three parts, specifically, the reservoir’s evolving states, the

input values, and the bias term.



For a clearer illustration, we take the Lorenz-63 system35 as
an example. Our SDRC constructs a quadratic nonlinear fea-
ture vector for the d-dimensional input v(z), which is directly
fed into Eqgs. (1)-(2) of the classical RC. First, we compute the
outer product of [bin; v(¢)], where by, represents the input bias,
resulting in a symmetric matrix with (d + 1)? elements. Next,
we use an operator denoted [®] defined in NGRC?® to collect
all unique polynomials from the matrix, yielding a second-
order nonlinear feature vector v\ (r) with (d +1)(d +2)/2
elements (see module S1 of Fig. 1(c)). Here, a polynomial
feature vector of order p is defined as:

VO (1) = v(r) [@]v(t) [®] - [@] v(1), 3)

where v(¢) appears p times on the right-hand side.

In module S2 of Fig. 1(c), we illustrate the replicate opera-
tion of the feature vectors. The D-dimensional (b;, excluded)
p-order feature vector from the input layer is replicated g
times to form a matrix &; containing g X D elements. To
enhance the model’s generalization capability, we introduce a
bias node in the reservoir by adding 1 to the elements of matrix
@, (denoted by N = g x D+ 1). Thus, the resulting number of
elements in @, corresponds to the configured reservoir nodes,
where each node can receive external stimuli, minimize infor-
mation transmission time within the network to the greatest
extent, and enhance information coupling.

The dimensionality expansion methodology, described
above, can be generalized to high-dimensional coupled
complex systems. Let ¢ be a complex system com-
posed of n mutually interacting subsystems, denoted by
u = {uj,up,...,u,}. For each subsystem u; € u, char-
acterized by d internal variables, its state vector is de-
fined as v;(t) = i1 (¢),...,via(t)]" € RY for i = 1,...,n.
Thus, the collective state of the system, given by v(t) =

[v{ (t),...,v, (#)]7, generates the expanded feature vector
vy (t) = [V(lp)T(t), VP T(0)]T through the input layer di-

mension expansion, where v(?) is defined in Eq. (3). Notably,
the SDRC framework can be implemented in parallel by as-
signing each subsystem an independent model. Specifically
for each subsystem, the feature vector:

V()= oV (), ], i j=1,..n, @

where each ®;; € R quantifies the coupling weight between
subsystems u; and u;. We treat the coupling strength as a
structural hyperparameter. Its optimal value is identified via
grid search on a held-out validation set, minimizing prediction
error to dynamically balance subsystem independence with
synchronization requirements. A combination of the feature
vectors in Eq. (4) emerges as a weighted global feature vector.
Continuing the broadcast operation, we can obtain subsys-
tem u;’s broadcast matrix ®; ;, comprising N =nx g x D+1
elements.

In parallel reservoir computing (PRC), each sub-reservoir
receives the full input v; associated with a subsystem u;, es-
tablishing a direct one-to-one correspondence between the

number of sub-reservoirs and subsystems. While these units
process data autonomously, coupling interactions are synthe-
sized via the output layers, where the prediction for each
subsystem aggregates reservoir states from all parallel units.
The architectural layout of PRC is detailed in Supplementary
Note 1.

Differences in reservoir layers. In our SDRC, the reser-
voir is also a network consisting of N nodes with the modified
dynamics. Different from the classical RC, our SDRC, as
seen in module S3 of Fig. 1(c), utilizes high-dimensional
states generated by a single external input at time ¢ to contin-
uously perturb these nodes, generating transient disturbance
responses that serve as the hidden states of the reservoir. Such
a configuration, using only a few dozen nodes, enables our
SDRC to produce dynamic information comparable to that
of the classical RC using hundreds of nodes. As a result,
our SDRC does not rely on a specific topological structure.
Moreover, unlike NGRC which replaces the dynamical sub-
strate with static polynomial features, SDRC preserves the
reservoir to function as a high-dimensional transient kernel.
The transient dynamics of SDRC are thus designed as:

O(s+As) = (1—a)-6(s) + a-sin[f (D) + WeO(s)], (5)

where 0(s) is the node state of the SDRC reservoir at the tran-
sient iteration time s (= 1,--- ,m) of the global time z, Wy is
the adjacency matrix with all entries equal to 1, and As = 1
is the transient time increment for the inner iteration process,
and f(P;) denotes the activation of the above-defined broad-
cast matrix @, at time ¢ through the function sin(-), followed
by a column-wise reshaping of its elements into a column vec-
tor. As for the high-dimensional system ¢, the reservoir node
state 6;(s) of the subsystem u; is also obtained by inputting
the broadcast matrix @, ;. Here, we set the sinusoidal function
as the activation function, because a non-monotonic function
has been demonstrated to have chaos dynamics and a stronger
memory capacity in artificial neural networks>®. In Supple-
mentary Note 2, we also use the Kuramoto oscillator network
model as reservoir dynamics to demonstrate the reliability of
the network’s transient disturbance process as an information
encoding mechanism.

After collecting the transient perturbed states correspond-
ing to each input data, the node states need to be reset. Before
model training, a baseline state (the initial state of the nodes
before an external stimulus) is randomly assigned to the sys-
tem nodes (as tested in Supplementary Note 3, we find that a
random selection of the baseline does not affect the model’s
predictive performance). After collecting the hidden state
for the current global time step ¢, the reservoir is reset to the
baseline state to ensure that the state changes caused by each
input perturbation begin from the same reference point. In
each transient, the network is iterated m times according to
Eq. (5), and the states of all nodes are recorded, as 6(s) with
s=1,---,m. Then, the recorded node states are used to con-
struct the hidden state vector ®(t) = [8'(1),---,0 " (m)]".
Finally, together with the hidden state vector ®(¢), the cur-



rent input v(¢), is also fed into the output layer to enrich the
system’s dynamic information, and an additional bias term
is introduced to enhance the model’s generalization ability.
During this dynamical process, memory accumulates solely
through the transient perturbation following uniform input
data, and the information between consecutive input data re-
mains independent, not contributing to the state update at the
next global time step.

To summarize, we formulate how the information in the
output layer is mapped to the target state space through the
output weights W, as follows:

V(t+Ar) = v(t) + WouR(), (6)

where, as depicted in module S4 of Fig. 1(c), V(t + Ar) is the
predicted value at time 7 + Az, R(7) = [b,,v(r)",0 " (2)]"
is the composite feature vector received by the output layer,
and by is the output layer’s bias. The term W, R(¢) can
be interpreted as the residual between v(¢ + At) and v(z), ef-
fectively representing the discretized integration step. This
precise mapping capability is reminiscent of the precise spike
timing observed in sensory processing®’, ensuring accurate
reconstruction of the vector field.

Within the parallel architecture of SDRC, the mapping rela-
tionship of each subsystem u; is governed by its corresponding
output weight matrix Wy ;. Similarly to Eq. (6), the output
dynamics are described by:

Vi(t + A1) = vi(t) + Wour iRy (1), (N
where R;(t) = [blovi(t)",®/ (1)]T and @;(t) =
(6.7 (1),---,6,"(m)]" is the reservoir hidden state vec-
tor of u;.

Differences in approximation. To understand the repre-
sentational bias of SDRC compared to classical approaches,
we examine its approximation properties using operator the-
ory. It is well-established that standard reservoir computing,
operating as a time-invariant fading-memory filter, functions
as a universal approximator for discrete-time Volterra series!S.
Our analysis demonstrates that the state-resetting mechanism
in SDRC fundamentally alters this representation, effectively
imposing a sparsity constraint that leads to a collapse of the
general Volterra functional into a multivariate Taylor expan-
sion of the instantaneous input.

Consider the reservoir as an operator H mapping inputs
v; € R to outputs y; (where y; targets the future state v;1).
Under the standard fading memory assumption, the Boyd-
Chua theorem implies that this input-output relationship ad-

mits a discrete Volterra series representation'?:

=

yt:h0+z Z Z Hk(Tla"wTk)'(vtf‘L'l®"'®thfk)7
k=11=0

7 =0
(®)
where hg is the bias, H; represents the k-th order Volterra
kernel tensor, and 7; € Z>o denotes the time lag. In this
general form, the output y, is computed via a convolutional
integration of the entire input history trajectory.

In the proposed SDRC architecture, however, the reservoir
state O(s) is explicitly reset to a baseline 0(0) at each time
step ¢. This mechanism decouples the transient state evolution
from previous time steps, ensuring that the hidden state de-
pends exclusively on the current input v,. Mathematically, this
enforces a strict history-independence constraint, render-
ing the output y, conditionally independent of any historical
inputs v,_. for T > 1. This independence forces the Volterra
kernels associated with non-zero lags to vanish. Specifically,
for any kernel tensor Hy, we have:

H(7y,...,%) =0, if3i,7,#0. )

Applying this constraint to Eq. (8) eliminates all cross-
temporal terms. Consequently, the infinite nested summation
over time lags collapses to a single term at the current time
index (71 = --- = 7 = 0), simplifying the series to:

yi=ho+ Y H(0,...,0)- (v, @V, ®---QV,). (10)
k=1

By defining the instantaneous coefficient tensor as C; =
H,(0,...,0) and letting Cy = hy, the mapping degenerates
into a power series of the instantaneous input:

=

ye=Co+ Y Cr-(vi)*.
k=1

QY

Eq. (11) is structurally identical to the multivariate Taylor
series expansion of a nonlinear function F(v;). This deriva-
tion highlights a critical theoretical divergence: while clas-
sical RC approximates a functional of the input trajectory
(history-dependent)'®2! SDRC strictly approximates an in-
stantaneous function of the vector field (history-independent).
The reservoir in SDRC thus functions as a high-dimensional
kernel machine that constructs the higher-order Taylor fea-
tures required to approximate the governing nonlinear dynam-
ics viy1 = F(vy).

Training method. Similarly to classical RC, our SDRC
employs the ridge regression to train the output weights
Wout-Ridge regression addresses the multicollinearity prob-
lem by introducing an L, regularization term into the tradi-
tional linear regression. In the entire reservoir, the output
weight W, is the only parameter that needs to be trained. Its
analytic solution in a matrix form is given by:

Wou = UZY(#FT + A1),

12)
where the k-th column of % (resp., U) is given by R(kAr)
(resp., v((k+ 1)Ar) — v(kAr)), A is the regularization param-
eter used to prevent overfitting, and I denotes the identity
matrix. For the parallel implementation, once obtaining the
R; and v;, one can estimate Wy ; as well.

Performances in representative dynamics
Description of input data. To evaluate the performance
of the SDRC framework, we consider three tasks. The first



task examines the predictive performance of SDRC in low-
dimensional state-complete and state-incomplete datasets in
comparison to traditional temporal models; the second task
assesses the model’s global prediction correction capability;
and the third task tests its robustness.

The experimental data required for Task 1 are generated
by numerically integrating the Lorenz-63 system and the
Mackey—Glass equation. The Lorenz-63 system is described

as follows>?:
X= G(y_x)7
y=x(p—2), (13)
Z:Xy_ﬁz,

where the parameters (o, p, ) = (10,28,8/3) are chosen to
induce chaotic behavior in the system.

The Mackey—Glass equation describes an infinite-
dimensional chaotic system. It is defined by the following

time-delay differential equation:

) x(t—1)

X_B1+[x(t—1)]” '}’X([), (14)
where the parameters (8,7,n,7) = (0.2,0.1, 10, 17) are cho-
sen to induce chaotic behavior in the system.

The experimental data required for Task 2 are numerically
generated by integrating a 15-D coupled Lorenz-63 (CL63)
system>®. Each subsystem is described by the following set
of ordinary differential equations (ODEs):

n
X =—0 {xz' —yit+ry, kijgij(xiaxj)} ;
! (15)

Yi=xi(p —zi) =i,

i = xiyi — Pz,
where n is the number of subsystems, Y = 0.5 represents
the coupling strength, k;; indicates the coupling weight, and
gij = (x; —x;) represents the coupling function. We consider
the CL63 system in Eq. (15) with 5 subsystems, making it
15-dimensional. Structure and coupling weights are depicted
in Fig. 3(a).

To provide an intuitive demonstration of the impact of mem-
ory effects on model performance, we further investigate the
coupled FitzHugh-Nagumo system (FHNS) and Chen system
(ChS)*. The FHNS is employed to describe a collection of
interacting neurons, and is characterized by the following set
of ODE:s:

Xi:xi(lfxiz) *yz'Jr}’_ZlWij(xi*y/‘), (16)
j:

¥i = a+bx; +cy;.

The experimental data in Fig. 4(a) is generated by setting
Y=0.5,a=0.28,b=0.5,c=—0.04, and n = 5 in system
Eq. (16). These parameter values are in accordance with
the unified dynamics of the FHNS as defined by this equa-
tion. They ensure an appropriate equilibrium between the

nonlinear self-dynamics of the system and moderate coupling
effects, thereby preventing the dominance of synchronization
phenomena.

The coupled ChS of 15-dimension exhibits more complex
dynamical behavior, encompassing double-scroll structures
and a wealth of chaotic characteristics. The standard coupled
form of its ODE:s is given by:

X = a(yi — x;) +k (xip1 —xi),
yi = (c—a)xi —xizi +cyi +k(Vie1 —yi)
Zi = xiyi—bzi +k(zi1 —2),

a7

where the parameters (a,b,c) = (35,3,28) govern the inher-
ent chaotic dynamics of the ChS. The coupling strength, speci-
fied as k = 0.1, enables interactions among five adjacent units.
As illustrated in Fig. 4(e), the ChS generates complex and
highly chaotic trajectories. Additional experiments involving
other systems are elaborated upon in Supplementary Note 2.

Real-world validation employed the Jena Climate Dataset
from the Max Planck Institute for Biogeochemistry. We ana-
lyzed a 14-dimensional multivariate time series of meteorolog-
ical variables, including temperature, pressure, and humidity,
sampled at 10-minute intervals. Spanning the full annual
cycle from January 1, 2024, to January 1, 2025, the dataset
comprises 52,704 temporal samples per variable.

To evaluate the model’s prediction performance, we use the
Lyapunov time as the effective prediction time of the SDRC
framework and employ the Root Mean Square Error (RMSE):

n D (1) — v 2
RMSE(r) = - ) ;i[v’(t)%’(t)} (18)

1
nia j=1

as the evaluation metric for the prediction error. Here, v;;(r)
(resp., ¥;j(t)) denotes the j-th component of v;(z) (resp., V;(1)),
and o) is the standard deviation of the i-th component of v;(t).
For a more lucid illustration, we define the valid predictive
steps (VPS) as the maximal number of consecutive time steps
during which the prediction accuracy remains above a pre-
defined threshold. Unless otherwise explicitly stated in this
work, the default value of this threshold is set as 0.1.

Task 1 Comparative analysis on nonlinear dynamics
with and without state completeness. In Task 1, we address
two primary research objectives: (1) to examine the perfor-
mance differences between SDRC and temporal models in
predicting fully observed nonlinear dynamical systems, which
inherently possess state completeness; and (2) to explore
approaches for extending SDRC to systems without state-
completeness. The Lorenz-63 system and the Mackey—Glass
equation are selected as representative benchmarks for these
respective regimes. All experimental results reported are aver-
ages over 10 independent runs to ensure statistical reliability.
The comparative models comprise NGRC, RC, LSTM, GRU,
and Transformer (see Supplementary Note 4 for detailed con-
figurations). To isolate the contribution of each SDRC module
to prediction performance, we conducted an ablation study
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SDRC denotes the proposed model, which is compared
against its ablated variants (SDRC-R, SDRC-I) and several
established architectures (NGRC, RC, LSTM, GRU,
Transformer).

using two variants: SDRC-R, which retains only the reser-
voir structure without the polynomial transformation in the
input layer, and SDRC-I, which preserves only the input-layer
polynomial transformation without the reservoir.

We first evaluate the model on the fully observed Lorenz-63
system Eq.(13) (the training set size is 400), which inherently
satisfies state-completeness. The input layer constructs a
monomial feature vector of dimension 9 x 1 (up to second-
order). After applying the broadcasting operation with g =
2, the size of ®; is expanded to 9 x 2. Following external
stimulation, the nodes iterate with a step size of As = 1. The
states of the nodes over the subsequent five iterations are
used as the hidden state ©(z), corresponding to 90 virtual
oscillators in the reservoir. Combined with the current input
data and the bias introduced in the output layer, the output
weight matrix W, has a dimension of 3 x 94.

As illustrated in Fig. 2(a), SDRC achieves superior pre-
dictive fidelity compared to classical RC while utilizing only
23.8% of the training data and 18% of the reservoir nodes.
Ablation studies clarify the underlying mechanism by demon-
strating that the standalone polynomial input layer (SDRC-I),
structurally analogous to NGRC, exhibits limited capability
in modeling complex chaotic attractors. This observation
suggests that the polynomial layer provides a coarse-grained
approximation of the vector field, whereas the state-driven
reservoir functions as a high-dimensional nonlinear kernel
designed to capture high-frequency residuals and fine-grained
topological features. Through this integration, SDRC outper-
forms both pure polynomial regression and classical memory-
based RC, where augmenting the reservoir baseline (SDRC-
R) with the SDRC-I module improves prediction accuracy by
over 80%. Furthermore, the elimination of reliance on histori-
cal inputs allows this architecture to mitigate recursive error
accumulation and facilitate long-term chaotic forecasting, a
capability examined in detail in Task 2.

Distinct from the fully observed regime, the isolated obser-
vation of the Lorenz-63 x-component exhibits induced state
incompleteness, where the scalar time series fails to define a
unique future evolution due to the occlusion of latent variables
(,z). To align such dynamics with the SDRC architecture,
we employ phase-space reconstruction to recover the attrac-
tor topology from the scalar proxy. Specifically, utilizing a
limited training set of 400, we lift the scalar series x(¢) into
a 3-dimensional state vector v, = [x(t),x(t — 7),x(t — 27)] "
with an embedding delay of T = 6. While this topological
unfolding theoretically restores state completeness, it trans-
forms the functional mapping from a simple polynomial in
the original coordinates to a highly nonlinear, non-polynomial
function in the delay coordinates. As illustrated in Fig. 2(b),
this complexity leads to a universal performance degradation
across all models; nevertheless, SDRC maintains its superior-
ity.

Validation was subsequently extended to the Mackey-Glass
system defined in Eq. (14) with a training set of 3000 samples,
which exhibits intrinsic state incompleteness arising from in-



herent time delays. We employed Takens’ embedding with
0 = 17 and D = 5 to explicitly unfold the infinite-dimensional
history into a state-complete spatial vector. Figure 2(c) illus-
trates that SDRC achieves superior predictive accuracy on this
reconstructed manifold. This result suggests that explicitly
restoring state completeness via embedding, rather than re-
lying on the implicit memory of RNNSs, enables the efficient
application of the SDRC framework to diverse dynamics char-
acterized by state incompleteness. Consequently, subsequent
analyses concentrate primarily on systems exhibiting state
completeness.

Task 2.1 Global prediction calibration test using coupled
high-dimensional dynamical systems. Beyond eliminating
structural redundancy, the advantages of modeling based on
state completeness are further reflected in enhanced predictive
flexibility and robustness. In Task 2.1, we have innovatively
introduced the concept of global prediction calibration. This
refers to a process in which, once prediction accuracy exceeds
a threshold starting from a certain time point #,, the predicted
value at any subsequent time point ¢, (where ¢, > t,) is cali-
brated using the true value. Starting from 7,,, the model’s pre-
dictions return to within the accuracy threshold and continue
to operate for a period of time. This calibration capability
is effective globally across the target system, indicating that
prediction and calibration can still be achieved even for time
points prior to the training set.

For the prediction of coupled chaotic systems, all models
are implemented using parallel architectures. To ensure a fair
comparison, LSTM, GRU, and Transformer models are se-
lected following the node-level modeling approach described
in reference [10]. In these models, variables directly involved
in subsystem computations are provided as inputs to their
respective submodels to maximize predictive performance.
In contrast, SDRC constructs its model without any prior
knowledge of the coupling relationships among variables.

In the CL63 system Eq. (15), chaotic data are generated
with a time interval of A = 0.01. The dimensionality of the
unique monomial feature vector of the subsystem u; is 9 x 1
(up to the second-order). Upon performing the broadcast
operation with g = 2, the size of ®; ; is transformed to 9 x 2.
Following the introduction of the bias node, the number of
reservoir nodes n, which is determined by the five subsystems,
is set as 91. After the nodes receive external stimuli, they
iterate with a step size of As = 1. The states of the nodes
over the next 5 iterations are used as the hidden state ©(¢),
corresponding to 455 virtual oscillators in the reservoir. With
the current input data and the bias introduced into the output
layer, the output weight matrix W, has dimensions 15 x 459.

As shown in Figs. 3(b) & 3(c), the SDRC framework
achieves high-fidelity reproduction of the subsystem A at-
tractor topology. During the prediction phase (see Fig. 3(d)),
our SDRC demonstrates a global prediction capability that no
traditional temporal models can achieve. Specifically, after
training, our SDRC can start the prediction task from any po-
sition in the target state space, whereas the temporal models,

including the classical RC, can only begin the prediction from
the next time step adjacent to the training set. This also indi-
cates that our SDRC possesses global calibration ability. As
the prediction accuracy exceeds the threshold at any time step,
the output can be corrected using the corresponding real value
at that time (as shown by the black dashed line in Fig. 3), en-
suring that subsequent predictions remain within the required
accuracy threshold for a period of time. As detailed in Supple-
mentary Note 5, our analysis of weight value distributions re-
vealed pseudo-periodic patterns. Notably, weights with larger
magnitudes exhibited strong correlations with higher-order
terms in the dynamical equations, a phenomenon that may
provide mechanistic insights into the robustness of SDRC.

We select 30 random initial points from the test dataset for
multi-step prediction and evaluate the predictive performance
of each method based on its effective prediction horizon. As
illustrated in Fig. 3(e), which presents statistical results of pre-
dictable steps for each method under varying training set sizes,
our SDRC framework demonstrates superior performance rel-
ative to both benchmark approaches. This advantage persists
even when our SDRC utilizes an order of magnitude fewer
computational nodes than conventional methods, particularly
pronounced in small-sample training scenarios. In Supplemen-
tary Note 6, we provide the predicted results of the remaining
CL63 subsystems.

Noise robustness was evaluated by adding zero-mean Gaus-
sian white noise with variance o, to the training dataset
(N = 6000), where results presented in Fig. 3(f) demonstrate
that SDRC sustains predictive fidelity even under stochastic
perturbations. The analysis was subsequently extended to gen-
eralized coupling dynamics characterized by sinusoidal and
linear interaction terms, including sin(x; —x;) and (y; — ;).
As illustrated in Figs. 3(g)-3(j), SDRC maintains a distinct
performance advantage over baselines in data-scarce regimes
(N =1,500) comparable to that observed in data-rich settings
(N = 6,000). Conversely, conventional LSTM, GRU, and
Transformer architectures exhibit marked degradation relative
to RC-based approaches, a divergence that emphasizes the
superior data efficiency of the proposed framework. Moreover,
although recent methodologies have integrated attention mech-
anisms into reservoir computing to enhance performance*?,
current findings suggest that for systems with full state ob-
servability, structural simplification achieved by explicitly
removing memory yields comparable or superior computa-
tional efficiency by aligning the model architecture with the
intrinsic state completeness of the system.

To elucidate the challenges posed by memory dependence
in dynamics characterized by state completeness, we conduct
experiments on the datasets of the coupled FHNS and the
coupled ChS. The prediction process is categorized into four
stages: (1) No Prediction Stage (NPS): The model does not
perform any predictions but directly forecasts the next time
step adjacent to the current stage; (2) Accurate Prediction
Stage (APS): Predictions within our predefined error thresh-
old; (3) Inaccurate Prediction Stage (IPS): Predictions ex-
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ceeding error thresholds; and (4) Prediction Correction Stage
(PCS).

Figures 4(a)-4(d) and 4(e)-4(h) present results for the
datasets of the coupled FHNS and the coupled ChS, respec-
tively. As shown in Figs. 4(d) & 4(h), calibration triggers are
activated when IPS steps exceed the sipg threshold. By con-
trolling NPS and IPS step sizes (abbreviated as snps and syps,
respectively), we regulated the error accumulation in memory
units and observe the memory effects on model performance.

Increasing IPS duration correlates with declining predic-
tion accuracy in RC, PRC, and Transformer, accompanied
by extended calibration requirements and reduced APS dura-
tion post-calibration. This demonstrates how memory error
accumulation degrades model performance. It is worth noting
that, in the Transformer architecture, which is based on a self-
attention mechanism, the range of error accumulation is con-
strained by the size of the constructed look-back window. The
predictive capabilities of LSTM and GRU models in the tested
coupled systems are nearly exhausted. Furthermore, NPS
execution causes original APS steps to transition to PCS (evi-
dent in control groups with sps = 1 and sps = snps L = 10),
indicating that disrupted memory architectures induce mem-
ory confusion requiring prolonged calibration to restore APS
functionality. In contrast, our SDRC exhibits the prediction
stability unaffected by the error accumulation, demonstrating
capacity for arbitrary position prediction.

Task 2.2 Inferring missing variables in real-world and
high-dimensional systems. We assessed the capability of the
SDRC framework to infer unobserved dynamics using a 14-
dimensional Jena climate dataset. During the training phase,
all 14 variables were provided as inputs, while five of these
(Temperature [T], Saturated vapor pressure [VPmax], Vapor
pressure deficit [VPdef], Water vapor concentration [H,OC],
and Air density [rho]) were randomly selected to serve as
prediction targets. In the testing phase, the inputs consisted
of the ground-truth values of the remaining nine variables
combined with the predicted values of the five missing vari-
ables. This configuration effectively enabled the inference of
the unobserved components of the system from a subset of
observed variables.

Considering the pronounced nonlinearity of the climate
system, each variable in the comparative models was treated
as an independent subsystem for node-level modeling within
a parallel configuration. As illustrated in Fig. 5(a), the SDRC
achieved stable and consistent predictive performance with
only 3000 training samples. Figure 5(b) further demonstrates
that, compared with the classical RC and PRC, the SDRC
maintained superior accuracy and robustness while employ-
ing a reservoir size one order of magnitude smaller. Although
the LSTM and GRU exhibited notable performance improve-
ments relative to previous tasks, their predictive accuracy
remained considerably lower than that of the SDRC.

Task 3.1 Robustness testing with missing training sets.
We extend the analysis from Task 2.1 by evaluating the robust-
ness of the SDRC model when trained on missing datasets
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generated from the CL63 system Eq. (15). As shown in
Fig. 3(d), the gray region represents a complete training set,
hereafter termed the training window (range from 1,000 to
6,000). To simulate real-world data imperfections, for each
window size, we randomly remove portions of data within this
window to create missing training sets. The SDRC model is
then retrained using these incomplete datasets under identical
parameter configurations. In addition, to ensure statistical reli-
ability, each experiment is repeated 20 times, and the average
VPS is used as the performance metric (Fig. 6(a)).

We define the minimal training set as the smallest subset of
data within a given training window that achieves prediction
performance equivalent to that of a complete training set of
the same size. From Fig. 6(b), it can be observed that approxi-
mately 12% of the training window can still maintain the same
predictive performance as the complete training window even
when the data volume is less than 10%,. Notably, the model
demonstrates a remarkable tolerance for data deficiency (up
to 60%) in the optimal training windows required for peak
performance, which collectively highlights the exceptional
robustness of the SDRC framework. Detailed proportional
relationships are provided in Supplementary Note 7.

Parallel missing data experiments were conducted on the
phase-space reconstructed Mackey-Glass system, as detailed
in Supplementary Note 8. In these scenarios, SDRC exhibited
robust predictive performance, achieving a level of stability
unattainable by conventional temporal models. This outcome
further underscores the efficiency and resilience of the pro-
posed framework.

Task 3.2 Robustness testing under system parameter
drift. Generalization capability and structural stability were
evaluated by subjecting the SDRC model, trained exclusively
on the canonical Lorenz-63 system with ¢ = 10, to unseen
dynamical regimes characterized by parametric drift. With
readout weights Wy, and hyperparameters held constant to
preclude retraining, the system parameter ¢ was varied across
the range [5,15] in increments of 0.1. For each parameter
value, the average prediction horizon was calculated using
20 randomly generated test samples. Results illustrated in
Fig. 7(a) show that predictive fidelity follows a gradual de-
cay profile rather than a sharp cutoff as the system deviates
from the training condition. This trend indicates that SDRC
captures the intrinsic topological features of the underlying
attractor manifold, thereby avoiding overfitting to the local
vector field associated with the specific training regime.

To further evaluate predictive robustness under parameter
drift, all comparative models were initially trained on data
generated with a fixed system parameter ¢ = 10. During
the testing phase, the system parameter was varied while the
model weights remained frozen. To rigorously probe the po-
tential performance of the temporal models (e.g., standard RC
and LSTMs), we implemented a "memory washout" mech-
anism to mitigate the impact of initial state discontinuities.
Specifically, prior to initiating the prediction sequence, the
models were "warmed up" by feeding a sequence of 100 true
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historical data points (The warm-up sequence length for the
Transformer matches its specified lag (or lookback window)
size). This procedure ensures the internal states are synchro-
nized with the immediate past trajectory, maintaining memory
continuity. In stark contrast, SDRC requires no such warm-
up phase, as its transient architecture enables instantaneous
state synchronization, allowing it to initiate valid predictions
immediately from any given point in phase space.

As shown in Fig. 7(b), traditional temporal models, includ-
ing LSTM, GRU, and Transformer, exhibit predictive perfor-
mance at least an order of magnitude lower than that of SDRC
and PRC. Due to their inherently weak baseline predictive ca-
pacity, the performance fluctuations of these temporal models
following the warm-up period appear relatively flat. While
PRC retains a degree of robustness by leveraging the warm-up
mechanism, SDRC consistently demonstrates superior perfor-
mance across the entire parameter range. The state-mapping
structure of SDRC preserves functional integrity by main-
taining stable predictive fidelity despite parameter drift and
evolving system behaviors, all without requiring historical
data for initialization.

Discussion

This study presents the SDRC framework, designed to address
the inherent inefficiencies of traditional RC when modeling
nonlinear dynamical systems. The framework is specifically
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optimized for state-complete representations, encompassing
both inherent full observations and dynamics restored via
phase space reconstruction. In classical RC, the internal re-
currence enforces a fading memory of past inputs. While
beneficial for temporal pattern recognition, this memory de-
pendence is redundant for state-complete dynamics, where the
future evolution is strictly determined by the current state®’.
SDRC resolves this misalignment by constructing polyno-
mial feature vectors to eliminate stochastic initialization and
resetting the reservoir state at each step to block historical
propagation. Through this reformulation, the functional equiv-
alence between RC and the Volterra series collapses into a
Taylor expansion, effectively replacing historical dependence
with a purely state-driven prediction mechanism.

The applicability of SDRC extends beyond systems charac-
terized by state completeness to those exhibiting state incom-
pleteness arising from partial observations or latent variables.
Through the application of phase space reconstruction tech-
niques, including time-delay embedding, hidden dynamics
are unfolded into a reconstructed state space®*. This transfor-
mation effectively restores state completeness to the trajectory
and renders the dynamics compatible with the instantaneous
mapping capabilities of SDRC. Distinct from conventional
methodologies that entangle temporal memory with state tran-
sition, SDRC isolates the deterministic law of evolution to
ensure that the model captures the intrinsic vector field of the
system rather than limiting itself to temporal sequence fitting.

This architectural transformation establishes a state-driven



reservoir capable of initiating predictions from arbitrary phase
space coordinates, effectively decoupling forecasting tasks
from the limitations of specific training trajectories. SDRC
consequently extracts invariant informational content embed-
ded within the dataset, constituting a fundamental advantage
over Recurrent Neural Networks (RNNs) and related memory-
dependent models. Empirical evaluations demonstrate that
SDRC achieves predictive accuracy comparable to or exceed-
ing state-of-the-art benchmarks while utilizing less than 25%
of the training samples and 6% of the reservoir nodes. More-
over, the observed order-of-magnitude reduction in training
time highlights the computational efficiency derived from
aligning the model architecture with the intrinsic state com-
pleteness of the target dynamics.

Robustness evaluations further validate the framework’s sta-
bility. In missing dataset tests, SDRC demonstrated resilience
to moderate data loss, with performance improving as the
training window expanded to capture global attractor geome-
try. In parameter perturbation tests, where system parameters
were altered to induce regime shifts, the fixed weights of
SDRC maintained parametric robustness. This suggests that
the framework approximates the underlying global manifold
rather than a local linearization. We hypothesize that the
synergistic interaction between nonlinear input encoding and
reservoir dynamics facilitates a faithful manifold reconstruc-
tion, thereby enabling global predictive capability even under
structural perturbations.

While SDRC demonstrates superior performance on sys-
tems where the state is complete or successfully reconstructed,
we must delineate its boundary conditions regarding state
incompleteness. For systems governed by intrinsic time de-
lays (e.g., the Mackey-Glass system) or partial observations,
the raw time series lacks the state completeness required by
SDRC. In such cases, SDRC is not a replacement for embed-
ding theory but rather a powerful downstream predictor that
operates after phase-space reconstruction.

As shown in our experiments, applying Takens’ embed-
ding restores the state completeness of the vector, thereby re-
enabling SDRC’s instantaneous mapping capabilities. Future
work will focus on integrating automatic embedding dimen-
sion estimation with SDRC to create an end-to-end framework
capable of resolving latent state incompleteness in real-world
data, such as partially observed climate subsystems.

Methods

The precise numerical results provided here, such as RMSE,
may vary slightly depending on the software used to compute
them. We obtained the results presented in this paper using
MATLAB R2023a on an x86-64 CPU running Windows 10.

Data availability

The data generated in this study can be recreated by running
the publicly available code as described in the Code availabil-
ity statement.
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Code availability

The code used in this study is freely available in the public
Zenodo repository: https://doi.org/10.5281/zenodo.18514031
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