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Abstract

Coupled dynamical systems govern essential phe-
nomena across physics, biology, and engineering,
where components interact through complex de-
pendencies. While Graph Ordinary Differential
Equations (GraphODE) offer a powerful frame-
work to model these systems, their generalization
capabilities degrade severely under limited ob-
servational training data due to two fundamental
flaws: (i) the entanglement of static attributes and
dynamic states in the initialization process, and
(ii) the reliance on context-specific coupling pat-
terns during training, which hinders performance
in unseen scenarios. In this paper, we propose a
Generalizable GraphODE with disentanglement
and regularization (GREAT) to address these chal-
lenges. Through systematic analysis via the Struc-
tural Causal Model, we identify backdoor paths
that undermine generalization and design two key
modules to mitigate their effects. The Dynamic-
Static Equilibrium Decoupler (DyStaED) disen-
tangles static and dynamic states via orthogonal
subspace projections, ensuring robust initializa-
tion. Furthermore, the Causal Mediation for Cou-
pled Dynamics (CMCD) employs variational in-
ference to estimate latent causal factors, reduc-
ing spurious correlations and enhancing universal
coupling dynamics. Extensive experiments across
diverse dynamical systems demonstrate that ours
outperforms state-of-the-art methods within both
in-distribution and out-of-distribution.

1. Introduction
Dynamical systems describe the evolution of states over
time and are fundamental to a wide range of scientific and
engineering disciplines (Kipf et al., 2018; Huang et al.,
2021; Khan, 2013). A prominent subset of these systems is
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Figure 1. Problem Illustration. In coupled dynamical systems,
GraphODE models rely on partially observed trajectories, which
can result in a bias towards the training data distribution. Specifi-
cally, I) static attributes such as material properties or environ-
mental conditions influence the initialization of system states but
should not affect the dynamic evolution governed by the ODE
function. II) Context-specific coupling during training often
leads to biased interaction patterns, which hinders the ability of the
model to generalize across different distributions and conditions.

coupled dynamical systems (Bahsoun & Liverani, 2024;
Börner et al., 2024; Sun & Yu, 2017), in which multiple
interconnected components interact to produce complex
collective behaviors. Such systems are ubiquitous across
various fields, including physics, biology, and engineer-
ing (Gambuzza et al., 2020; Wu et al., 2024b). For example,
in electrical engineering, coupled oscillators are employed
to model circuits where components like inductors and ca-
pacitors interact, giving rise to phenomena such as synchro-
nization and resonance (Galias, 2019). Accurately modeling
these interactions is crucial for understanding and predict-
ing the behavior of complex systems. Traditional numerical
methods often necessitate substantial domain-specific ex-
pertise and computational resources, which can limit their
scalability to more intricate systems (de Arruda & Moreno,
2024). As a result, data-driven approaches have emerged
as effective alternatives for capturing the dynamics of these
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systems (Rubanova et al., 2019; Greydanus et al., 2019).

Among these approaches, graphs provide an effective means
to model the intricate interactions by representing entities
as nodes and their interactions as edges. Graph Neural Net-
works (GNNs) (Kipf & Welling, 2017; Veličković et al.,
2017) leverage this structure to learn complex dependencies
among components, capturing both individual behaviors
and their interrelations. To further model the continuous
evolution of such systems, the Graph Ordinary Differen-
tial Equation (GraphODE) has been introduced (Luo et al.,
2023; Qin et al., 2024), integrating GNNs with differential
equation solvers to seamlessly capture temporal dynamics.
However, these models often rely on partially observed tra-
jectories during training, which can introduce bias toward
the training data distribution (Huang et al., 2024a; 2023b).
Consequently, when deployed in unseen environments, these
models may struggle to capture universal physical laws,
leading to reduced generalization ability.

Building on this discussion, the development of a General-
izable GraphODE, capable of modeling complex system
dynamics across diverse environments, becomes critical.
Existing GraphODE architectures generally consist of three
components: an encoder, a processor, and a decoder (Huang
et al., 2020). The encoder initializes the system’s state,
which is subsequently processed to model its temporal evo-
lution. However, previous work neglects that this initial
state often encapsulates various factors, including certain
static attributes that are unrelated to the dynamic evolu-
tion governed by the ODE function. For example, in a
multi-pendulum system, attributes such as material com-
position or local temperature represent ”static states” with
minimal influence on the pendulum’s dynamic motion. Sup-
pose the differential process inadvertently incorporates the
effects of these static factors into the dynamic evolution. In
that case, it can negatively impact the model’s generalization
capabilities when applied to new environments or varying
static properties. This observation raises a critical question:
I) How can we disentangle static attributes from dynamic
states in the initialization process?

Prior research has predominantly focused on refining the
encoder to improve the initialization of system states. How-
ever, it has largely overlooked the crucial role of the pro-
cessor, which is responsible for learning the GraphODE
function that governs the system’s evolution. In the context
of coupled interactions, we introduce the coupling factor,
a control variable that influences the interaction between
two entities. For example, in a multi-pendulum system,
this factor quantifies the strength of the coupling force ex-
erted by a spring on each pendulum. During the training
phase, however, this coupling factor often captures context-
specific interaction patterns present in the training data. This
leads to a dynamic process that is overly dependent on the

training distribution, potentially compromising the model’s
performance in novel scenarios or under different initial
conditions (e.g., velocity or location). This raises another
question: II) How can we design a processor that learns
universal coupling dynamics without bias?

To simultaneously address the challenges mentioned above,
in this paper, we propose Generalizable GRaphODE with
disEntanglement And regularizaTion (GREAT) framework.
Through the lens of Structural Causal Models (SCM), as de-
tailed in Sec. 2.2, we identify two potential backdoor paths
that hinder the generalization abilities of GraphODE, corre-
sponding to the issues outlined earlier. Therefore, based on
the SCM, to answer question I), we propose the Dynamic-
Static Equilibrium Decoupler (DyStaED). At the encoder
level, this mechanism disentangles static and dynamic states
through two distinct subspace projections constrained by
orthogonality. This separation ensures that static attributes,
such as material properties or ambient conditions, do not in-
terfere with the dynamic evolution process. Furthermore, we
leverage the self-exciting nature of the Hawkes process to
augment dynamic states, thereby enhancing temporal depen-
dencies and preparing robust initializations for dynamic evo-
lution. To address II), we introduce Causal Mediation for
Coupled Dynamics (CMCD), which mitigates spurious cor-
relations between the coupling factor and contextual states.
By utilizing variational inference, we estimate unobserved
factors that influence coupling dynamics. This estimation
enables us to regularize causal relationships within the state
evolution, ensuring that the learned dynamics are not bi-
ased by specific training data distributions. Our principal
contributions are summarized as follows:

¶ Problem Identification. We are the first to apply Struc-
tural Causal Models to systematically investigate Gener-
alizable GraphODE. We identify two potential backdoor
paths that hinder generalization and propose correspond-
ing design principles to address these challenges.

• Practical Solution. We introduce the Dynamic-Static
Equilibrium Decoupler, which disentangles static at-
tributes from dynamic states through orthogonal subspace
projections. Additionally, we propose Causal Mediation,
which uses variational inference to estimate latent causal
factors, mitigating spurious correlations and enhancing
the universal coupling dynamics.

‚ Experimental Validation. We conduct comprehensive
experiments on multiple benchmarks involving diverse
coupled dynamical systems, demonstrating that GREAT
significantly outperforms state-of-the-art methods in both
in-distribution and out-of-distribution settings.

2. Motivation
2.1. Preliminaries

Notations. A coupled dynamical system is represented as
a temporal graph G = (V; E ;X ), where V is the set of N

2



Rethink GraphODE Generalization within Coupled Dynamical System

entities (nodes), E � V � V denotes the edges describing
interactions between entities, and X is the feature matrix
that records the entity states over time. Each entity i at
timestamp t has a feature vector xi(t) 2 Rd, where d is the
feature dimension. The adjacency matrix A 2 RN�N en-
codes the pairwise relationships, where Auv = 1 if an edge
euv 2 E exists at time t, otherwise Auv = 0. The diagonal
degree matrix D is defined as Duu =

P
v Auv , and the nor-

malized adjacency matrix is given by Â = D�1=2AD�1=2.
The system’s dynamics can further be described using the
Laplacian matrix L = D�A or its symmetric normalized
form ~L = I� Â, where I is the identity matrix.

Neural ODEs for Dynamical Systems. The continuous
evolution of entity states in a coupled dynamical system can
be modeled using Neural Ordinary Differential Equations
(Neural ODEs) (Chen et al., 2018; Alvarez et al., 2020).
Each entity i 2 V has a latent state hi(t) 2 Rh, where h
represents the latent dimension. The state evolution over
time is governed by the following ODE:

dhi(t)

dt
= gθ (hi(t), fhj(t) : j 2 N (i)g,A) ,

hi(t0) = fenc (X(t�M : t�1),G) ,
(1)

where g� is a learnable neural network parameterized by �,
which models the dynamics of entity i based on its own la-
tent state hi(t) and the aggregated influence of its neighbors
N (i) using the graph structure A. The encoder fenc ini-
tializes the latent states hi(t0) by mapping historical states
X(t) and graph information into the latent space. The latent
state hi(t) at any future time t is obtained by integrating the
ODE with respect to time t, typically solved using numerical
solvers such as Euler’s method or Runge-Kutta methods:

hi(t) = hi(t0) +

Z t

t0

gθ (hi(τ), fhj(τ) : j 2 N (i)g,A) dτ.

(2)
The predicted entity states x̂i(t) are reconstructed from
the latent states hi(t) through a decoder fdec: x̂i(t) =
fdec (hi(t)) : The objective is to minimize the difference
between the predicted trajectories X̂(t) and the ground truth
X(t) over the prediction horizon t 2 [t0; T ]. The loss func-
tion is expressed as:

Lpredict =

NX
i=1

KX
k=1




Xi(tk)� X̂i(tk)



2

2
, (3)

where tk represents the timestamp.

2.2. A Causal View on Generalizable GraphODE
Definition 2.1 (Coupled Dynamical System). Coupled dy-
namical system refers to a system where the state evolution
of one entity is inherently influenced by its interactions with
others, often leading to energy transfer or synchronization.
The interactions are governed by physics-based coupling
mechanisms that determine energy/information exchange.

For instance, consider two pendulums connected by a

Figure 2. Structural Causal Model (SCM) for Generalizable
GraphODE within Coupled Systems.

spring—a canonical example of coupled dynamics. Their
motion can be described by: m�x = �mg xl1 � k(x �
y); m�y = �mg yl2 +k(x�y);where the spring constant k
embodies the coupling mechanism. Similar principles gov-
ern interactions in molecular systems (harmonic oscillators)
and electrical circuits (coupled RLC networks), demonstrat-
ing the universality of coupling phenomena across scales.
Effectively modeling these systems demands frameworks
that reconcile physics-based interactions with nonlinear het-
erogeneous dynamics in complex environments, motivating
our generalizable GraphODE:

Definition 2.2 (Generalizable GraphODE for Coupled Sys-
tems). To describe the dynamics of coupled systems, we
define a Generalizable GraphODE as:

∂hi(t)

∂t
=

X
j2N (i)

ηi,j(t) � �(hj(t), hi(t); �ode), (4)

where hi(t) 2 Rh represents the latent state of entity i at
time t, and �i;j(t) is the coupling factor quantifying the
interaction strength between entities i and j. The interac-
tion function �(hj(t); hi(t); �ode) models nonlinear, time-
varying relationships parameterized by learnable param-
eters �ode. This framework unifies interpretable, physics-
based principles with flexible, data-driven learning to ro-
bustly capture complex coupled interactions.

To design a Generalizable GraphODE that effectively
captures graph rationalization and facilitates generalization,
we analyze its underlying mechanism using a Structural
Causal Model (SCM) (Pearl et al., 2000; Pearl, 2016). The
SCM framework enables us to systematically understand
the causal relationships within coupled dynamical systems.
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Below, we detail the key variables and their interactions
(subscript i omitted for brevity):

• s  x ! h(t0): Initial states x consist of two disjoint
components: the static variable s, which encapsulates
time-invariant properties (e.g., material properties, envi-
ronmental conditions), and the dynamic variable h(t0),
representing the system’s initial dynamic state.

• h(t)
@h(t)=@t�����! h(t+ 1): The state evolution process de-

scribes how the dynamic variable h(t) evolves over time,
governed by a differential equation that captures temporal
dependencies and interactions between entities.

From the SCM, two backdoor paths are identified that intro-
duce spurious correlations, hindering generalization:

¶ h(t0) x! s! h(t)! h(t+ 1) Static states s act
as a confounder between the initial state h(t0) and the evolv-
ing state h(t). Static variables such as material properties
should only influence initialization but not directly affect
dynamic evolution. If improperly incorporated into the dif-
ferential process, these variables can reduce generalization
ability in scenarios with different static conditions.

• h(t)! �(t)! h(t+ 1) : The coupling factor �(t), de-
rived from h(t), acts as a confounder between the current
state h(t) and the next state h(t + 1). If �(t) captures
domain-specific contextual patterns (e.g., particular cou-
pling strengths in training data), it can lead to biased dy-
namics. Based on the discussion, we present the following
principle for designing Generalizable GraphODE:

Generalizable GraphODE Design Principle: Disen-
tanglement: Effectively separate static variables from
dynamic states, ensuring static properties influence
only initialization without confounding dynamic evo-
lution. Regularization: Address spurious correlations
in the coupling relationship, ensuring context-invariant
interactions aligned with universal physical rules. Per-
formance: Achieve robust generalization both within
the training distribution and out-of-distribution.

In the following sections, we will elaborate on how GREAT
adheres to these principles, effectively severing spurious
correlations through disentanglement and regularization.

3. Methodology
3.1. Framework Overview

The proposed GREAT framework achieves generalization
in coupled dynamical systems through two core innova-
tions: The Dynamic-Static Equilibrium Decoupler elimi-
nates static-dynamic entanglement during state initialization
via orthogonal subspace projections, decomposing system
states into independent static attributes (e.g., material prop-
erties) and dynamic patterns (e.g., velocity fields). Comple-

menting this, the Causal Mediation for Coupled Dynamics
addresses context-specific coupling biases through varia-
tional estimation of latent causal mediators, enabling the
GraphODE to learn interaction dynamics governed by uni-
versal physical laws rather than observational artifacts. The
illustration of the overall framework is detailed in Figure 3.

3.2. Dynamic-Static Equilibrium Decoupler

Dynamic-Static Bilinear Orthogonal Projections. Given
the historical observation input xi(t�M : t�1), we first
encode it into a latent state zi = f�(xi) 2 RM�d, where
the encoder f� is implemented as a two-layer multilayer
perceptron (MLP). The latent state zi captures both the
temporal evolution (dynamic) and invariant contextual prop-
erties (static) of the input. To disentangle these components,
we decompose zi into two orthogonal parts:

zi = oi + si, oi ? si. (5)

This decomposition separates zi into a dynamic compo-
nent (oi) and a static component (si), corresponding to
the system’s time-varying and invariant properties, respec-
tively. To ensure trainability and adaptability, we introduce
two learnable subspaces: the static subspace Sstatic and the
dynamic subspace Sdynamic, parameterized as:

Sstatic = EMBEDDINGstatic(p, p),

Sdynamic = EMBEDDINGdynamic(p, p),
(6)

where Sstatic = fsstatic;1; sstatic;2; : : : ; sstatic;pg and
Sdynamic = fsdynamic;1; sdynamic;2; : : : ; sdynamic;pg. Here,
p denotes the number of basis vectors in each subspace,
with sstatic;a 2 R1�p and sdynamic;b 2 R1�p representing
the a-th and b-th basis vectors of the static and dynamic
subspaces, respectively. These subspaces are optimized
during training to learn disentangled representations of zi.
We project zi onto Sstatic and Sdynamic to obtain si and oi:

si =





p
a=1

sstatic,a � z>i
ksstatic,ak2

� sstatic,a

ksstatic,ak2
,

oi =





p
b=1

sdynamic,b � z>i
ksdynamic,bk2

� sdynamic,b

ksdynamic,bk2
.

(7)

Here, si 2 RM�d and oi 2 RM�d denote the projections of
zi onto the static and dynamic subspaces, respectively. The
operator k denotes concatenation, and k � k2 is the Euclidean
norm. While si and oi are computed separately, orthogonal-
ity between the subspaces is not inherently guaranteed. To
enforce this, we introduce an orthogonality loss Lo:

Lo =

pX
a=1

pX
b=1

abs
�

sstatic,a

ksstatic,ak2
�
�

sdynamic,b

ksdynamic,bk2

�>�
, (8)

where abs(�) denotes the absolute value. Minimizing Lo re-
duces the cosine similarity between the subspaces, ensuring
mutual orthogonality. This prevents interference between
static and dynamic properties during prediction, enhancing
both robustness and interpretability.

Dynamic Hawkes Process Augmentation. To further en-
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Figure 3.Architecture illustration of Generalizable GraphODE with disentanglement and regularization. Best viewed in color.

hance the disentangled dynamic representationoi , we pro-
pose the Dynamic Hawkes Process Augmentation (DHPA),
which leverages the self-exciting nature of the Hawkes pro-
cess (Okawa et al.; Han et al.; Lin et al., 2021) to capture
temporal dependencies in complex dynamical systems bet-
ter. In the context of dynamic systems, states at a given time
are rarely independent—they are in�uenced by prior states,
often in a cascading manner. For example, forces propagate
dynamically in physical systems, creating continuous inter-
actions across time. While the disentangled representation
oi captures immediate temporal patterns, it does not fully
account for the compounding in�uence of past states. DHPA
addresses this limitation by explicitly modeling these tem-
poral interactions, enriching the dynamic representation and
enabling it to capture both short- and long-term dependen-
cies inherent in physical systems. Formally, the augmented
representation at timet, ôi (t) 2 Rd:

ôi (t) = oi (t) + �
sX

� =1

w�;t � oi (t); (9)

wheres is the historical window size determining the tempo-
ral range of in�uence, and� is a learnable parameter control-
ling the augmentation strength. The in�uence weightw�;t ,
which quanti�es the contribution of the past stateoi (t � � )
to the current stateoi (t), is de�ned as:

w�;t = exp
�

�
t � (t � � ) + 1
t � (t � s) + 1

�
; (10)

ensuring an exponentially decaying in�uence from more
distant past states, where more recent states exert stronger
in�uence. By summing over this weighted contribution
of past states, DHPA explicitly integrates the self-exciting
and decaying temporal dynamics intooi , augmenting the

representation with richer temporal dependencies:
ôi = f ôi (� M ); ôi (� M + 1) ; : : : ; ôi (� 1)g: (11)

This augmentation offers several advantages:¶ It explicitly
captures cascading effects and long-term dependencies in
dynamic observations, which are essential for understand-
ing physical systems governed by differential equations.
· By integrating temporal interactions, it smooths noisy
�uctuations and enhances robustness, ensuring that the rep-
resentation remains stable across varying system conditions.
¸ The learned in�uence weightsw�;t provide interpretable
insights into the temporal structure of the system, revealing
how past states in�uence future behavior.

Dynamic-Static State Initialization. To initialize the dy-
namic state for GraphODE and effectively learn spatial-
temporal relationships among agents, we follow the method-
ology in (Huang et al., 2021; 2024b; Luo et al., 2024). We
adopt a spatio-temporal GNN� (�), parameterized by� enc,
to compress historical trajectories into latent representations:
hi (t0) = � (ôi ; � enc): (For details about the spatio-temporal
GNN � (�), see Appendix D.) For the static state, we directly
apply a global pooling mechanism to summarize station-
ary characteristics, capturing unchanging information over
time insi : si = 1

M

P M
t =1 si (t): After obtaining the output

hi (T) at timeT through dynamic evolution (as described
in Sec. 3.3), we propose a synergy decoder to seamlessly
combine these two components in the �nal output stage:

x̂ i (T ) = f dec(hi (T ); si (T ); � dec): (12)

3.3. Causal Mediation for Coupled Dynamics

Analysis on State Evolution.After obtaining the separated
dynamic state, we analyze how to design the generalized
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GraphODE and sever spurious relationships· . The distri-
bution process can be de�ned asp(hi (t +1) jhi (t); � i (t); G),
governed by the differential process in Equation (4). Con-
sidering the impact of coupling factors, the generative form
can be expressed as:

E
p
�

� i ( t ) j h i ( t )
� [p(hi (t + 1) jhi (t); � i (t); G)] : (13)

While the generative distributionp(hi (t +1) jhi (t); � i (t); G)
provides a principled framework for modeling state transi-
tions,� i (t) can act as a confounding variable, introducing
biases. Speci�cally, the distributionp(� i (t)jhi (t)) serves as
a prior for coupling dynamics. However, relying on it biases
the model toward the training data distribution, entangling
the mapping fromhi (t) to hi (t + 1) with � i (t) and creat-
ing spurious correlations, as illustrated in Figure 2. These
context-speci�c in�uences limit the model's ability to gen-
eralize to unseen scenarios, as coupled systems generally
adhere to fundamental physical laws, such as the conserva-
tion of energy, which transcend speci�c coupling factors.

Deconfounding Coupled Evolution.To address the con-
founding in�uence of� i (t), we propose a causal regulariza-
tion method. Inspired by deconfounded learning (Wu et al.,
2024a), we aim to computelogp(yi (T)jdo(hi (t0)) ; G). The
causal interventiondo(hi (t0)) eliminates the spurious cor-
relation between the coupling factor� i (t) and the state
transition dynamics, enabling the model to focus on the
invariant relationship betweenhi (t) andhi (t +1) that holds
across domains. However, due to the unobservable nature
of � i (t), we cannot directly compute this quantity. Instead,
we leverage a variational distributionq(� i (t)jhi (t)) , allow-
ing the model to approximate the interventional likelihood
logp(yi (T)jdo(hi (t0)) ; G) in a tractable manner:

Theorem 3.1. Consider the state evolution process
p(hi (t + 1) jhi (t); � i (t); G) with the coupling factor� i (t)
as a latent confounder. The regularization likelihood
logp(yi (T)jdo(hi (t0)) ; G) can be bounded as:
logp(yi (T )jdo(hi (t0)) ; G) � logp(yi (T )jhi (T ); si ; � dec)p(si )+

TX

t =0

Eq( � i ( t ) j h i ( t ))

2

4 log
X

h i ( t +1)

p(hi (t + 1) jhi (t); � i (t); G; � ode)

3

5

�
TX

t =0

KL (q(� i (t)jhi (t)) k p(� i (t))) ;

(14)
wherep(� i (t)) is a context-agnostic prior over the coupling
factor, andq(� i (t)jhi (t)) is the variational approximation
of the posterior for� i (t).

The proof of this bound is provided in Appendix B.
Here,p(� i (t)) is typically assumed to be a uniform prior,
p(� i (t)) = 1 =K , to ensure that� i (t) remains agnostic to
domain-speci�c contexts. The causal mediation objective
introduces a scaling term p( � i ( t ))

q( � i ( t ) jh i ( t )) , which adjusts the in-
�uence of the coupling factor� i (t) on the learning process.

By incorporating a context-independent priorp(� i (t)) , the
scaling term prevents the model from over�tting to context-
speci�c correlations introduced byq(� i (t)jhi (t)) , enhanc-
ing its ability to handle distributional shifts. Furthermore,
the scaling term reduces the in�uence of frequently occur-
ring coupling patterns and increases the importance of rarer
ones, promoting the model's focus on invariant dynamics
that hold across different environments. By approximating
p(yi (t)jdo(hi (t0)) ; G) through the scaling term, the model
aligns with invariant principles governing coupled dynam-
ics, such as conservation laws. This enables the ODE solver
to learn stable dynamics fromhi (t) to hi (t + 1) , facilitating
robust predictions and ensuring unbiased dynamics.

Factor Estimator. To tackle the confounding effect intro-
duced by the coupling factor� i (t), we introduce a mech-
anism that explicitly estimates� i (t) based on the disen-
tangled dynamic statehi (t). We de�ne � i (t) 2 RK as a
K -dimensional representation of the inferred coupling fac-
tor for nodei at timet. Instead of directly assigning� i (t),
it is modeled as a probabilistic variable conditioned on the
node's dynamic statehi (t). Formally, we parameterize the
distribution of� i (t) as� i (t) = Softmax(W � hi (t)) ; where
� i (t) 2 RK represents the probability distribution overK
possible coupling patterns,W � 2 Rd� K is a learnable
parameter matrix, andd is the dimension ofhi (t). The
coupling factor� i (t) is then sampled using the Gumbel-
Softmax approach (Jang et al., 2016; Shah et al., 2024) to
ensure differentiability during backpropagation:

� i;k (t) =
exp ((� i;k (t) + gk )=� )

P K
j =1 exp ((� i;j (t) + gj )=� )

; gk � Gumbel(0; 1);

(15)
wheregk is noise sampled from the Gumbel distribution, and
� is the temperature parameter controlling the smoothness.

Coupling-Aware State Evolution in GraphODE. To bet-
ter model complex interactions in dynamical systems, we
decompose the dynamic statehi (t) into sub-stateshi;k (t),
each representing a speci�c coupling pathway� i;k (t). This
allows the model to capture distinct periodic and oscillatory
behaviors, such as synchronization and resonance. The state
is represented using a trigonometric basis, wherehi;k (t) is
expressed as sine and cosine transformations:
hi; 2m � 1(t) = sin( m�hi (t)) ; hi; 2m (t) = cos( m�hi (t)) : (16)

Each sub-statehi;k (t) interacts with its respective coupling
factor � i;k (t), allowing independent modulation of state
evolution for each mode. The inferred coupling factor
� i (t) in�uences state transitions, dynamically adjusting sub-
state evolution. Unlike traditional static coupling rules, our
method adapts each sub-state based on its associated cou-
pling factor. The overall state evolution is modeled as:

@hi (t)
@t

=
KX

k =1

� i;k (t)

0

@
X

j 2N ( i )

W ( k )
1 hj;k (t) + W ( k )

2 hi;k (t)

1

A ;

(17)
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