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Abstract
The power grid is a critical dynamical system that forms the backbone of modern
society, powering everything from household appliances to complex industrial
machinery. However, this essential system is not without vulnerabilities – as
electricity travels at lightspeed, unanticipated failures can cause catastrophic
consequences such as country-wide blackouts in a cascading manner. In response
to such threats, we introduce NP-NDS, a nature-powered nonlinear dynamical
system designed to accurately and rapidly predict power grids as macroscopic
dynamical systems in the real world. In particular, NP-NDS is established
through a Hamiltonian-Hardware co-design: First, NP-NDS employs a hardware-
friendly serial-additive Hamiltonian based on Chebyshev series for accurately
capturing highly nonlinear interactions among power grid nodes, coupled with
node-relation-aware training for high accuracy. Second, NP-NDS features a fully
CMOS-based hardware dynamical system governed by the proposed Hamiltonian,
facilitating inferences with “speed of electrons”. Results show that NP-NDS
achieves, on average, 2.3 × 103 speedup and 105× energy reduction versus
GNNs on GPU with 23.6% and 28.2% decrease in MAE and RMSE compared
to GNNs on power grid forecasting datasets.

1 Introduction
“If it weren’t for electricity, we’d all be watching television by candlelight.”

− George Gobel
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Figure 1: Global electricity generated by year [1].

The domestic use of electricity dates back more
than a century ago, gradually transforming the
lifestyle of generations – one may be too com-
fortable to realize that television is powered
by electricity. To enable the modern lifestyle,
power grids play a critical role as the vein, trans-
porting electricity from power plants to millions
of households. The vein is also growing actively
and consistently: over the past decades, power
grids have undergone significant enhancements
in both scope and complexity (3× global electricity generation in 40 years as Figure 1 highlights),
establishing the lifeline of modern economy, technology, and even the entire civilization.

However, despite years of development, power grids are still far from flawless. As a dynamical
system of electricity, the behavior of a local area can have immediate global impacts as electricity
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Figure 2: The overview of NP-NDS, a graph learning paradigm utilizing microscopic artificial
dynamical systems to predict macroscopic real-world dynamical systems such as power grids.

propagates. In addition to performance fluctuations that can damage electrical devices, detrimental
consequences can be triggered. For example, the failure of a single power line in a power grid can
cause nearby lines to overload, causing cascading failures [2] that lead to severe total blackouts. To
name a few on a mass scale: Northern India in 2012 for 14 hours [3], South Australia in 2016 for
up to a week [4], and Southeast South America in 2019 for half a day [5]. Formidably, such events
are too fast to respond, as damage is done in only a few seconds [6], vaporizing billions of dollars
(in USD) [7]. With power grids constantly evolving in scale and density, this situation escalates,
posing threats of significant losses in terms of finance, and even human lives. To minimize the losses
inflicted, it becomes imminent to develop an approach to predict the behavior of power grids with
high accuracy and ultra-low latency.

Recently, a new Graph Learning (GL) framework has emerged [8–12], achieving over 1000× speedup
compared to SOTA GNNs on Nvidia A100 GPUs, while maintaining comparable or even superior
accuracy in graph prediction tasks. Within the framework, graph predictions are carried out through
rapid natural processes on a dynamical system of electrons. Similar to how water freezes into ice, the
electronic system evolves by seeking equilibrium at the lowest energy state, forming an organized
pattern in electric charge distribution. By mapping the observed data to the lowest energy state
through training, desired results are automatically obtained through a spontaneous decrease in energy
function (Hamiltonian). The physical embodiment of the artificial dynamical system is derived from a
CMOS-compatible Ising machine [13], which is based on the Ising model rooted in physics, featuring
strong connectivity and long-range information propagation in a cascading fashion. Observing the
remarkable results, we are motivated to investigate the following opportunity: Can we leverage
such artificial microscopic dynamical systems to efficiently model and predict the behavior of the
macroscopic dynamical systems – power grids, that demand extremely rapid responses?

Despite the framework’s promising characteristics, two significant obstacles remain, fundamentally
limiting the effectiveness of this approach when applied to power grids modeled as graphs. First,
the Hamiltonian, or the energy function described in the framework only leads to a linear model,
capturing mere linear relations between graph nodes. As a result, the expressivity and versatility of
the framework are fundamentally restricted, considering that power grids are dynamical systems with
sophisticated inter-node relations. Second, although intricate extensions could enable nonlinearity in
the machine, they must be carefully designed to ensure the practical complexity of the Hamiltonian,
given the constraints imposed by hardware feasibility.

In this paper, we address these problems by proposing NP-NDS, a nature-powered nonlinear dynami-
cal system that accurately predicts real-world graph behaviors such as power grids with lightweight
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CMOS-based hardware, as depicted in Figure 2. To highlight, NP-NDS can capture intricate and
nonlinear connections among nodes, demonstrating sufficient expressivity and versatility for such
a complex system. Meanwhile, it harnesses the inherent computational power within dynamical
systems through a Hamiltonian-hardware co-design approach that bridges Hamiltonian characteristics
with hardware implementation. On the Hamiltonian side, taking the linear model in previous work
as the backbone, we further enhance the Hamiltonian’s expressivity by integrating the Chebyshev
polynomials to capture nonlinear inter-node relations. Consequently, a highly nonlinear Hamiltonian
with serial-additive augmentation is constructed, unleashing the power of NP-NDS for complex real-
world GL problems such as power grid prediction. To achieve high accuracy, node-relation-aware
training enhancement methods are incorporated, including self-influence reinforcement, relation
matrix truncation, and order-based fine-tuning. On the hardware side, we develop a CMOS-based
programmable dynamical system governed by the proposed Hamiltonian following the serial-additive
structure. Specifically, the inter-node influences on a node are realized by combining electrical
currents modeled after Chebyshev polynomials, allowing the system to efficiently seek the lowest
energy state through electron movement. As a result, the hardware dynamical system, embodied
as a nature-powered processor, automatically evolves toward the desired results at the “speed of
electrons”, enabling ns-level inference on NP-NDS.

To the best of our knowledge, NP-NDS is the first work that exploits nature’s power within a nonlinear
dynamical system to solve real-world graph learning problems, outperforming SOTA GNNs. Our
contributions are summarized below.
• We introduce NP-NDS, a CMOS-compatible artificial dynamical system designed to predict the

behaviors of complex real-world graphs. By co-designing the Hamiltonian and hardware of the
dynamical systems, NP-NDS outperforms state-of-the-art GNN methods.

• We design hardware-friendly Hamiltonians with high expressivity and versatility for a nonlinear
dynamical system through serial-additive augmentation, ensuring high accuracy in prediction.

• We develop a microscopic dynamical system that is governed by the proposed Hamiltonian,
unleashing the inherent computational power within the system to solve power grid prediction
problems at the “speed of electrons”.

• Using power grids as representative cases, experimental results demonstrate that NP-NDS delivers
2.3× 103 speedup (vs. GPU), 105× energy saving, and higher accuracy compared to GNNs.

2 Background
2.1 Ising Model

The Ising model is a model originally proposed to study ferromagnetism in statistical physics with
only binary variables as “spins” σ. The model is characterized by its Hamiltonian:

HIsing = −
N∑
i̸=j

Jijσiσj −
N∑
i

hiσi ; σi ∈ {−1,+1} (1)

The Hamiltonian indicates that the pairwise relation between two spins σi and σj is denoted as Jij ,
and the self-response of spin σi to an external magnetic field is indicated by hi. In practice, the
self-response term is equivalent to a coupling term with an extra spin fixed to “+1”, namely, virtual
spin. In the binary domain, despite the simplicity of the model, it provides high expressivity due to
the vast number of discrete values (2N , with N being the total number of spins) that the Hamiltonian
can take. For conciseness, real-valued variables are also denoted as spins from now on.

2.2 Ising Machine

Ising machines are physical embodiments of the Ising model, which are essentially artificial dynamical
systems governed by the Hamiltonian described in the Ising model. Through carefully designed spin
dynamics, the systems are capable of spontaneously evolving toward the lowest energy state, offering
orders of magnitude speedup compared to conventional digital computers, particularly for tasks such
as combinatorial optimization problems [14].

To date, myriad Ising machines have been developed, such as D-Wave the quantum annealer [15],
optical coherent Ising machines [16], and electrical coupled oscillators [17]. However, the Ising ma-
chines listed above typically pose significant challenges in modification, due to their strict operating
conditions, sophisticated manufacturing, or the lack of high-quality hardware components. Conse-
quently, in this work, we choose the CMOS-compatible Ising machine [13] as our basic hardware
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substrate, due to its ability to function at room temperature, mature manufacturing technology, and
easily controllable hardware components such as resistors and capacitors.

To achieve spontaneous energy decrease, a Lyapunov analysis is performed to design the circuit that
defines the spin dynamics. Specifically, the inequality of Hamiltonian H needs to be satisfied:

dH
dt

=
∑
i

(
∂H
∂σi

dσi

dt
) ≤ 0 (2)

Reasonably, the spin dynamics can be designed following:
dσi

dt
= − 1

C

∂H
∂σi

(3)

with C being a positive constant. The summation in the inequality becomes
∑

i
−1
C (dσi/dt)

2,
naturally satisfying the inequality with its quadratic shape.

2.3 The Linear Additive Model

The Linear Additive Model (LAM) used in prior work [8, 9] is extended from the Ising model,
enabling real-value support and utilizing the spontaneous energy decrease in the selected Ising
machine with slight modifications. In this paper, this linear work is taken as the foundation and is
therefore briefly introduced here.

2.3.1 The Modified Hamiltonian and Graph Mapping

The Ising Hamiltonian in Eq. 1 is only suitable for discrete spins due to the lack of convexity. If the
spin values are naively extended to real values, the spontaneous energy decrease leads to infinitely
low energy, leading to divergent spin values. A naive approach is to replace the linear terms in the
Ising Hamiltonian (Eq. 1) by quadratic terms:

HLinear = −
N∑
i ̸=j

Jijσiσj −
N∑
i

hiσ
2
i ; σi ∈ R (4)

With negative parameters h, the Hamiltonian is granted a global minimum, allowing the dynamical
system to evolve towards the lowest energy state.

1 �����������

�����

��������
������
����
��������	�������
��������

����������
2 3 N...

... 2NN+1 N+2 N+3

Figure 3: Example: predicting node values at time t+1
based on the data at time t in IGL paradigm.

The inter-spin relations and the self-
response depicted in the model are partic-
ularly compatible with graph concepts. It
is logical to consider the values of nodes in
a graph as analogous to spin values in the
model, where the edges and self-loops of
the graph correspond to the parameters J
and h, respectively. In Ising Graph Learn-
ing (IGL), these parameters J and h are trainable based on the historical data of the graph nodes, and
are then used to forecast future values of the nodes. Figure 3 provides an example of the predictive
mechanism, in which the node values in the next time step are estimated from their values in the
current time step. As depicted in the figure, the graph consists of N nodes, with each node in the
graph linked to a pair of spins in the Ising model, representing the node’s state at time t and its
subsequent state at time t+ 1.

During the inference process, the spins related to the known node values are kept constant, whereas
their influences propagate through the spins to be predicted. As the spins evolve, the Hamiltonian of
the dynamical system naturally decreases, moving towards the lowest energy state. To escape local
minima, IGL is usually accompanied by an annealing process. Eventually, the lowest energy state is
reached, with the predicted spin values obtained as the inference result.

2.3.2 Training with Spin Regression

The spin relations at the lowest energy state are obtained by taking the gradient of the Hamiltonian.

∂HLinear

∂σi
= 0 ⇒⇒ σi =

−1

2hi

N∑
i ̸=j

(Jij + Jji)σj (5)
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It indicates that any spin σi follows a linear additive relation at the lowest energy state. Since σi

is clearly modeled in the equation, a direct training process can be carried out by minimizing the
difference between the modeled σi and the ground truth, effectively mapping the desired result to the
lowest energy state, allowing the dynamical system to perform inference.

2.3.3 The Modified Ising Machine

In Figure 2, the primary modification in the hardware of the vanilla Ising machine is to replace the
voltage regulator with a variable resistor. In the original setup [13], the voltage regulator, designated
as "ZIV," confines the capacitor’s voltage (or spin value) to either +1 or -1, suitable for binary
applications. With the variable resistor, the voltage is now influenced by the the resistor, the electric
current Ivri flowing through the resistor, and the total input current Iini . The spin dynamics satisfy:

dσi

dt
=

1

C
(Iini − Irvi ) =

1

C
(

N∑
i ̸=j

(Jij + Jji)σj − 2hiσi) (6)

where 2hi is the inverse of resistance Ri, which essentially leads to the term “2hiσi” in the equation,
effectively corresponds to the quadratic term in the Hamiltonian as described in the model (See Eq. 4,
note that ∇(hiσ

2
i ) = 2hiσi).

3 Methods
3.1 Overview

Despite the real-value support and the use of a rapidly evolving dynamical system, the complexity of
LAM’s Hamiltonian (described and discussed in Sec. 2.3) is compromised for hardware feasibility,
causing the lack of nonlinearity. Consequently, its ability to accurately represent sophisticated
relations between real-world observables is hampered. To this end, we propose a Hamiltonian-
hardware co-design paradigm that bridges hardware with Hamiltonians of high complexity, breaking
the trade-off between model complexity and hardware feasibility with the following steps.

(1) We design the spin relations by modifying the gradient of the LAM’s Hamiltonian, incorporating
nonlinear relations in the designed Hamiltonian. (2) To ensure the versatility of the model to represent
various relations, the nonlinear relations are approximated using series, taking the coefficients of the
series as trainable parameters. (3) Three training enhancement methods are adopted to improve the
self-influence of nodes in power grids, to eliminate redundant relations that may induce significant
error, and to fine-tune the model by gradually adding higher-order terms in the series. (4) We
demonstrate that the Hamiltonian design is highly compatible with hardware since the dynamics of
spins on hardware are also derived from the gradient of the Hamiltonian.

3.2 The Serial-Additive Augmentation

3.2.1 Series-Based Hamiltonian Design

The Hamiltonian design methodology is derived from Eq. 5. Rather than starting from an analytical
Hamiltonian such as HLinear, we begin with the equation on the right hand side, which essentially
represents the spin relations at the lowest energy state. As a result, the gradient of the Hamiltonian
can be directly designed with a general form:

∂H
∂σi

= hiσi +

N∑
j ̸=k

(Pjkf(σj) +Qjkg(σj) + ...) (7)

where Pjk and Qjk are parameters to be trained, f(σj) and g(σj) are functions of σj . Compared to
Eq. 5, two notable improvements are achieved. First, the original linear relations are generalized into
flexible functions, allowing for custom model complexity. Second, the symmetric relation (Jij + Jji)
between two spins is no longer compulsory, enabling more realistic asymmetric relations.

To properly capture the spin relations for a wide range of applications, functions such as f(σj) and
g(σj) must be carefully designed. In the following discussions, a guideline is provided to design the
functions in a systematic manner.

To design spin relations following the methodology above, we aim to achieve two key objectives.
First, for practicality, the model should be hardware-friendly, preferably analytical, to guide the

5



NP-NDS: A Nature-Powered Nonlinear Dynamical System for Power Grid Forecasting

���Model

Limited Voltage :

������������

In
�u

en
ce

to
   

   
 

In
�u

en
ce

to
   

   
 

������
��


������
���

������
���

������
��


������
��	

���

Hardware �����������������������	��������
���������

���������

���������

���������
Sp

in
 C

on
tr

ol
Network Control

... ...... ... ......

...

...

Pr
og

ra
m

m
in

g 
U

ni
ts

...

...

1n

2n

13C C C

CC

CCC

C C

C

C

12

Cij

n1 n2 n3

2321

3n3231 σ3

σ1

σ2

... ...
σN

σN

:  Coupling Units

:  Nodes

�

�

�

�

	




���
� 1

(1)

� 1
2 (2)

� 1
4 (3)

� 1
8 (4)

���

�	

�	 ���


�	

 
�	

� ���


�	

Figure 4: The model and hardware implementation schematics based on the Chebyshev series.

hardware design. Second, a versatile “one-for-all” model is desired. This not only provides a general
model but also eliminates the need for expensive hardware customization for various spin relations.

With these objectives in mind, our approach is to approximate the spin relations with series. Specifi-
cally, the spin relations at ∇H = 0 are generally designed as:

σi = − 1

2hi

M∑
m

N∑
i ̸=j

Jm
ij f

m(σj) (8)

It shows that the relation between σi and σj is represented as M -order series, with fm(σj) being the
m’th term in the series. Similar to the original Ising model, the 0’th order relation is represented by a
virtual spin and therefore omitted in the following discussions. It is worth noting that this approach
not only shows promising practicality and versatility but also demonstrates high interpretability. By
decomposing the inter-spin relations into separate components with trainable coefficients Jm

ij , the
strength of a particular component is quantified, thereby offering a clearer understanding of the
underlying mechanisms governing real-world phenomena.

With the general series form of inter-spin relations established, an immediate follow-up question is:
What series to choose? In this work, the Chebyshev polynomials of the first kind are selected for the
following features: (1) Chebyshev polynomials are typically used for series expansion, as it is often
used to mitigate Runge’s phenomenon in high-order polynomials. (2) Compared to trigonometric
series such as the Fourier series, the hardware implementation for polynomials is considerably
straightforward. While inductors can be used to directly achieve periodicity in trigonometric series,
the lack of high-quality inductors and their large size pose significant challenges. Conversely,
polynomials offer a simpler implementation path, as they require just multiplication and addition
operations. (3) Every term fm(σj) in the polynomial is confined between -1 and 1 for σj ∈ [−1, 1].
As σj and fm(σj) are represented by voltages, these non-divergent terms are exceptionally valuable
for practical implementation. To provide an intuitive view, the leading terms of the Chebyshev
polynomials are shown on the Model side in Figure 4. Conveniently, the 1st order of the polynomials
(NP-NDS O-1) is a linear term, preserving the linear relations from the backbone model.

3.2.2 Training Enhancement Methods

In training, we inherit the straightforward yet effective regression method for LAM introduced
in Sec. 2.3.2. With the serial additive model established, we focus on improving its training by
implementing three enhancement methods for graph prediction as shown in Figure 5, where the
original relation matrix depicts the general relation from the spin series of σ(t) and σ(t+ 1) to the
spins σ(t+ 1), where σ(t+ 1) are the spins to be predicted.

Self-Influence Reinforcement. Based on empirical observations, the relation of a power grid node
with its historical values outweighs its relation with other nodes. To differentiate the relations, the
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Figure 5: The three training enhancement methods. Each square represents a coefficient Jm
ij .

self-influence, or the diagonal lines in the square sub-matrices in Figure 5 are amplified, as indicated
by the arrows. The amplification is performed by multiplying a constant factor, which is considered
a hyperparameter. Note that the self-response parameter hi is also amplified, as the summations in
Eq. 8 typically require a sufficiently large hi for a limited range of σi.

Relation Matrix Truncation. This approach deliberately removes the off-diagonal elements in the
sub-matrices describing the relations between spins to be predicted σ(t+1) and themselves. Despite
that the relations contribute to the model’s expressivity, errors are introduced and amplified through
spin evolution following the relations, causing a destructive influence on the accuracy. To this end,
the error sources are removed to preserve clean spin relations.

Order-Based Fine-Tuning. The complexity of the model apparently increases as more terms of
the series are included. However, more terms do not always lead to high accuracy, as they may
cause disruptive influences on the actual significant terms during training. Based on this observation,
without prior knowledge of the optimal number of series terms, we first train a basic model using
only the lower-order terms to capture the relatively simple relations, which are usually predominant.
Subsequently, we increase the model size by adding higher-order terms as corrections while preserving
the previously trained parameters, and initiate a fine-tuning process to include higher-order relations
until the maximum order is reached, or the validation accuracy stops improving. As illustrated in
Figure 5, the number of parameters scales linearly with the number of series terms, demonstrating
good scalability in model sizes.

3.3 Hardware Implementation

In accordance with the model design, the hardware design is also closely related to the Hamiltonian’s
gradient, which directly corresponds to the spin dynamics described by dσi/dt as designed in Eq. 3.
The architecture of a spin shown in Figure 4 indicates that the spin dynamics is determined by the
current Ivri flowing through the variable resistor and the total input current Iini from the system.
Since the gradient is already defined in the model (Eq. 7), our task is to match the behavior of currents
with the gradient. Note that the value of Ivri obtained from LAM already fulfills the condition
Ivri = 2hiσi as stated by Ohm’s Law, our attention is thus directed towards Iini . Specifically,
Iini =

∑M
m

∑N
i ̸=j J

m
ij f

m(σj). This implies that the inter-spin relations are physically interpreted as
the superposition of electrical currents. Originally, a coupling unit combines (Jij + Jji) and σj in
the Ising model and LAM, producing partial input currents to the corresponding spins. In NP-NDS,
the coupling units are upgraded to produce multiple current components according to the series terms.
During the process, to prevent voltages from exceeding limits, the series terms are scaled down by
a factor (e.g., the second order 2σ2

i − 1 becomes σ2
i − 1/2), leaving the factor embedded in the

downstream resistor. Eventually, the current components are merged as Iinj , and delivered to the j’th
spin. This work employs dynamical systems with up to the 4th order of the Chebyshev polynomial.

4 Evaluation

4.1 Experimental Setup

Datasets. We evaluate NP-NDS with three datasets listed below, covering different aspects of power
grids. The datasets are divided into 70% for training, 20% for validation, and 10% for testing.
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Table 1: Accuracy comparison of NDS-GL variances: the lower the better - best results are in bold.

Dataset PMU-PA PMU-V PowerFlow
Metric MAE RMSE MAE RMSE MAE RMSE

NDS-O1 1.88e-2 2.31e-2 5.20e-2 6.78e-2 0.396 0.687
NDS-O2 1.41e-2 1.77e-2 5.15e-2 6.66e-2 0.395 0.690
NDS-O3 1.33e-2 1.70e-2 4.97e-2 6.61e-2 0.391 0.685
NDS-O4 1.26e-2 1.68e-2 4.75e-2 6.46e-2 0.394 0.690

NDS-FT-O2 1.27e-2 1.71e-2 5.05e-2 6.71e-2 0.387 0.681
NDS-FT-O3 1.16e-2 1.54e-2 4.61e-2 6.21e-2 0.379 0.662
NDS-FT-O4 1.08e-2 1.43e-2 4.27e-2 6.02e-2 0.377 0.664

• PMU-PA – Second-level Phase Angle prediction of Phasor Measurement Unit (PMU) data on a
synthetic network in Texas [18].

• PMU-V – Second-level Voltage data (in mV) prediction on a synthetic network in Texas [18].
• PowerFlow – Prediction of hourly power flow in MW on a synthetic network in Texas [19].

Baselines. We compare the accuracy and inference of NP-NDS with four SOTA spatial-temporal
GNNs that are capable of capturing a graph’s logical topology for fair evaluations. These GNNs
include Graph WaveNet [20], MTGNN [21], DDGCRN [22], and MegaCRN [23]. Their hyperparam-
eters are set based on their released code.

Platforms. The inference latency of the baseline GNNs is measured using an NVIDIA A100-40GB
GPU and an 18-core, 36-thread Intel Xeon Gold 6140 CPU. The dynamical system used for NP-NDS
is adapted from the current SOTA Ising machine, BRIM [13], based on the Cadence Analog Design
Environment.

4.2 Accuracy Evaluation
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Figure 6: Accuracy comparison with SOTA GNNs across
three datasets in MAE and RMSE. Lower is better.

Figure 6 depicts the MAE and RMSE re-
sults of predicting the (t+1)’th snapshot
based on the (t)’th snapshot. The com-
parison involves LAM, NP-NDS, and
four SOTA GNNs that are capable of ex-
tracting the logical topology of graphs.
Specifically, NDS-best shows the best
NP-NDS result of up to the 4th series
order with order-based fine-tuning taken
into consideration. In the LAM and NP-
NDS implementations, L1 loss is used to
mitigate the effect of outliers. The results
demonstrate that the NDS-best, incorpo-
rated with nonlinearity and custom model
complexity, is generally much more ac-
curate than the high-dimensional linear
model LAM, and significantly outperforms the best GNN results, with 23.6% reduced MAE and
28.2% reduced RMSE averaged over all three power grid datasets.

4.3 Latency Evaluation
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Figure 7: Latency comparison: NP-NDS vs SOTA GNNs.

Figure 7 shows the inference la-
tency results. Compared to the av-
erage latency of SOTA GNNs, NP-
NDS delivers 3.2× 104 speedup
over CPU and 2.3 × 103 over
GPU for all three datasets. In
addition, the power consumption
of the dynamical system is mere
∼2 W, more than 50× more effi-
cient in Watts than modern CPUs
and GPUs, which ultimately con-
tributes to over 105× reduction in energy consumption compared to GNNs on CPUs and GPUs.
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4.4 Ablation Study

In this section, we investigate how prediction is impacted by series order and fine-tuning. To this
end, we examine the results of NP-NDS with different orders, ranging from 1st to 4th order (NDS-
O1 to O4), as well as the results with fine-tuning for orders 2 to 4 (NDS-FT-O2 to O4). These
results are demonstrated in Table 1, where the higher-ordered implementations generally yield better
results. However, when fine-tuning is not applied, the MAE/RMSE may increase for higher orders.
Conversely, the order-based fine-tuning approach tends to maintain the MAE/RMSE achieved in the
lower-ordered models, while further enhancing the accuracy with higher-order corrections.

5 Related Work
5.1 Graph Neural Networks

GNNs have become a cornerstone in machine learning for graph-structured data, enabling effective
predictions and classifications. Their ability to model complex relational data has led to widespread
applications across various domains, including physics [24], social science [25], bioinformatics [26],
and chemistry [27]. In GNNs, information is propagated through message passing among nodes –
typically, each node collects and updates information from neighboring nodes, effectively capturing
the relations between graph embeddings and target outputs. The major areas of GNN research include,
but are not limited to, the following fields:

Graph Convolutional Networks (GCNs) [28–31] extend convolutional neural networks to graphs,
enabling efficient learning on non-Euclidean data structures. GCNs have been widely adopted
in, e.g., e-commerce [32, 33], natural language processing [34], internet of things [35], chemical
reactivity [36], material sciences [37] and pharmaceutical sciences [38]. Limited by the latency and
throughput requirements by those applications, GCN accelerators have also emerged [28, 29, 39–45].

Graph Attention Networks (GATs) [46] enhance GNNs by integrating attention mechanisms that allow
nodes to assign different importance weights. Subsequent advancements[47] have extended GATs to
support heterogeneous graphs containing multiple types of nodes and links. Further developments
have introduced dynamic attention mechanisms [48], enhancing the adaptability and expressiveness.
GATs have also been widely adopted across various research areas [49–52].

GraphSAGE [53] enables efficient inductive learning by leveraging node feature information to
generate embeddings for unseen data, eliminating the need to retrain the entire model as required
by traditional transductive methods. Subsequent works include: FastGCN [54] addresses sampling
inefficiency by applying importance sampling; Cluster-GCN [55] improves scalability by clustering
the graph and performing mini-batch training on these clusters; GraphSAINT [56] introduces a graph
sampling-based inductive learning method that reduces computation and memory consumption.

5.2 General Additive Models

Generalized additive models [57] are a statistical modeling technique that incorporates the relations
between variables. The related work dates back to a decade ago: GAM [58] employs decision
trees for regression and classification, achieving outstanding model interpretability. Its follow-up
work GA2M [59] further includes pairwise coupling interactions to improve model complexity.
Recently, neural network based additive models have also emerged. In NAM [60], individual neural
networks are employed to capture complex relationships between variables. Furthermore, this
research highlights the extensive influence of additive models. For example, scientific insights can be
obtained from such interpretable models and utilized to guide studies in natural sciences. Our work is
clearly distinguished from others, as we exploit the inherent power of dynamical systems to address
real-world dynamical system problems.

6 Conclusion
In this work, NP-NDS is proposed to address real-world graph learning problems with a physical
dynamical system. incorporating complicated nonlinear graph node relations through a Hamiltonian-
hardware co-design. As a result, the inherent computing power in the dynamical system is unleashed.
In particular, an average 2.3× 103 speedup is achieved compared to a Nvidia A100 GPU on various
GNNs, with 23.6% reduced MAE and 28.2% reduced RMSE averaged over three datasets for power
grids, as well as approximately 105× power saving compared to modern CPUs and GPUs.
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A Implementation Details
The Rprop optimizer is utilized with a customized early-stop mechanism for all experiments conducted
on the six datasets. The experiments employ the same set of hyperparameters, except for the Self-
Influence Reinforcement Factors (SIRF), which are specified in Table 2.

The remaining hyperparameters are listed in Table 3. LR is the initial learning rate, Etas and Step
Sizes are embedded in the Rprop optimizer. LR Decay and Step Decay are related to the early stop
mechanism – if the loss does not decrease in 100 consecutive epochs, the learning rate is halved. If
the learning rate reaches the early stop threshold of 1E-6, training is completed.
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Table 2: Self-Influence Reinforcement Factors (SIRF) for Different Datasets.

Dataset PMU-PA PMU-V PowerFlow
SIRF 1000 50 1000

Table 3: The universal hyperparameters used for all datasets.

Minibatch LR Etas Step Sizes LR Decay Step Decay Early Stop Random Seed
64 0.01 (0.5, 1.2) (1E-4, 50) 0.5 100 1E-6 123

B Social Impacts
The development of NP-NDS represents a significant stride in the realm of power grid forecasting,
with implications extending beyond technological advancement. By addressing the pressing need for
accurate and rapid predictions in power grid behaviors, NP-NDS holds the potential to mitigate the
socio-economic repercussions of power grid failures. Such failures, as evidenced by past incidents
in regions like Northern India, South Australia, and Southeast South America, not only disrupt
daily activities but also incur substantial financial losses and jeopardize public safety. NP-NDS,
with its ability to efficiently model complex inter-node relations and provide ultra-low latency
predictions, offers a proactive approach to safeguarding against such disruptions. By enhancing the
resilience and reliability of power grids, NP-NDS contributes to the stability of essential services,
fosters economic productivity, and ultimately enhances the quality of life for communities reliant on
electricity infrastructure.
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