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Abstract—Accurate dynamic models are essential for reliable
power system stability analysis. However, practical models often
deviate from real-world behavior due to simplifying assumptions
and uncertain parameters. This paper proposes a supervised
fine-tuned transformer for symbolic discovery of power system
dynamics from post-fault transient trajectories by supervised
fine-tuning ODEFormer, a transformer-based model for symbolic
regression. A systematic data generation procedure is developed
to simulate multi-machine systems under diverse operating con-
ditions, fault locations, and durations. Numerical studies are
conducted on 2-generator and 3-generator systems to evaluate the
effectiveness of the proposed framework under different training
and inference settings. The results demonstrate that the pro-
posed method achieves high structural correctness and accurate
trajectory reconstruction across different system configurations.
In addition, mixed-topology training experiments indicate that
when training data are insufficient, higher-dimensional system
samples can improve the trajectory and parameter accuracy,
while lower-dimensional system samples can improve the struc-
ture correctness and interpretability. These findings highlight the
potential of transformer-based models for symbolic learning and
interpretable modeling of power system dynamics.

Index Terms—Power system dynamics, symbolic regression,
transformer.

I. INTRODUCTION

Running power system dynamic simulations is essential
for system operators to assess stability and evaluate system
response under a wide range of contingencies. The fidelity
of these simulations critically depends on the accuracy of the
underlying dynamic models. In practice, however, the models
used in operational studies often deviate from real-world
system behavior due to simplifying assumptions, incomplete
representations of control systems, or inaccurate parameter
settings. These discrepancies can reduce the robustness of
stability assessments, particularly under stressed or abnormal
operating conditions.

This gap highlights the need for data-driven approaches that
can learn both the functional forms and parameters of power
system dynamics directly from high-resolution measurement
data. The challenge is especially pronounced during post-
fault conditions, where network topology changes and hidden
or proprietary control actions can significantly alter system
dynamics in ways not captured by conventional models. In
this paper, we propose a supervised fine-tuned transformer
to extract interpretable differential equations from transient

trajectories that better reflect real-world system behavior by su-
pervised fine-tuning ODEFormer, a transformer-based model
for symbolic regression.

There are two main research directions in data-driven power
system dynamic analysis. The first focuses on leveraging
machine learning models to directly predict dynamic trajec-
tories from sensor measurements without relying on explicit
physical models. Representative examples include Fourier neu-
ral operator–based frequency-domain predictors [1], machine
learning–based reduced-order models [2], and neural ordinary
differential equation (ODE)–based decentralized forecasters
[3]. While these approaches demonstrate strong predictive
performance, they often lack interpretability, do not recover
explicit governing equations, and may violate physical con-
straints when operating outside the training distribution. In
addition, their dependence on large volumes of training data
limits their effectiveness in settings with sparse or partially
observed measurements.

A second line of research focuses on dynamic parameter
estimation using phasor measurement unit (PMU) data. Exist-
ing PMU-based parameter estimation methods include time-
domain trajectory fitting, frequency-domain modal matching,
and hybrid signal-processing-assisted estimation. For example,
[4] estimates unknown generator parameters by fitting simu-
lated trajectories to PMU measurements with a physics-based
neural ODE, [5] identifies inertia and damping parameters
by matching model eigenvalues and mode shapes to PMU-
derived modal characteristics, and [6] combines ESPRIT-based
oscillation extraction with weighted nonlinear least squares to
estimate system inertia and related dynamic parameters from
event-driven PMU data. [7] proposes a Nearly-Hamiltonian
neural network to predict transient trajectory and dynamic pa-
rameters of power systems by embedding energy conservation
laws in the proposed neural network architecture. These ap-
proaches assume that the underlying dynamic model structure
is known a priori, and focus solely on estimating unknown
parameters. Such an assumption limits their applicability when
the true system dynamics deviate from simplified modeling as-
sumptions or when control mechanisms are partially unknown.

To address these limitations, symbolic learning methods
offer a promising approach for discovering governing equa-
tions directly from power system trajectory data [8]. For
example, [9] extends SINDy-based symbolic regression for



online identification of synchronous generator (SG) dynamics,
improving the handling of noisy measurements, nonlinearities,
and physical constraints. However, this approach remains a
gray-box method, as it relies on a hand-crafted candidate
library and a pre-specified SG model structure. Moreover, it is
limited to local measurements and does not examine whether
the learned symbolic dynamics generalize across different
network topologies.

A transformer-based foundation model, ODEFormer,
demonstrated the ability to recover multidimensional ODEs
from noisy and irregularly sampled time series, highlighting
the potential of transformer architectures for interpretable
equation discovery from trajectory data [10], [11]. However,
ODEFormer faces several challenges. For example, different
symbolic expressions may have the same output on all possible
initial states, which means that it might be difficult to get
the ODEs with the ideal power system dynamic structure.
It also struggles with high-dimensional ODE systems, as
sequence length increases linearly with the system dimension,
which may impair scalability for larger-dimensional systems.
In addition, the training ODEs used in ODEFormer are
synthetically generated from random symbolic expressions
and do not explicitly represent networked systems with si-
nusoidal functions. These limitations highlight the need for
a power system–specific symbolic learning framework that
adapts transformer-based equation discovery to networked
swing dynamics and disturbance-driven trajectories.

The limitations of existing work motivate the problem
studied in this paper: symbolic discovery of power system
dynamics from post-fault transient trajectories using sensor
measurements. Unlike prior approaches that either predict
trajectories without explicit equations or estimate parameters
within fixed model structures, we aim to recover interpretable
governing equations directly from data. Furthermore, our fo-
cus extends beyond single-machine models to multi-machine
power system dynamics.

The main contributions of this work are as follows:
• We develop a transformer-based model for symbolic

discovery of power system dynamics from post-fault tran-
sient trajectories by supervised fine-tuning ODEFormer
on power system-specific datasets.

• A systematic data generation procedure is developed to
simulate multi-machine systems under diverse operating
conditions, fault locations, and durations.

• The proposed supervised fine-tuned transformer achieves
high structural correctness and reliable trajectory recon-
struction across different system configurations.

• We demonstrate that, under limited training data, cross-
topology training can improve symbolic discovery perfor-
mance: higher-dimensional system samples enhance tra-
jectory and parameter accuracy, while lower-dimensional
system samples improve structural correctness and inter-
pretability.

The remainder of the paper is organized as follows. Section
II presents the problem formulation. Section III describes the
proposed model developed by supervised fine-tuning ODE-

Former on power system-specific datasets. Section IV provides
the numerical study setup and results. Finally, Section V
concludes the paper.

II. PROBLEM FORMULATION

This work aims to develop a supervised fine-tuned trans-
former to infer symbolic expressions of power system dy-
namics from disturbance-driven time-domain data. This ap-
proach provides a data-driven pathway to bridge high-fidelity
simulations or real-world sensor data and compact analytical
models, enabling improved interpretability, generalization, and
potential insights into the underlying physical mechanisms.
In this section, we will describe the problem setup, followed
by an introduction to the classical models of power system
dynamics.

A. Problem Setup

Assuming that the time-series trajectories of generator phase
angles are available from simulations or measurements, the
phase angle of generator i at time t is given by δi(t),
and the rotor speeds ωi(t) are sequentially obtained from
the phase angle trajectories through numerical differentiation.
Here, the subscript i = 1, 2, . . . , n indexes the generators, and
t = 1, 2, . . . , T indexes the time steps.

By concatenating the phase angles and rotor speed devia-
tions, the sampled system state at time t is defined as (1).

x(t) = [δ1(t), ω1(t), δ2(t), ω2(t), . . . , δn(t), ωn(t)]
T

t = 1, 2, . . . , T
(1)

The state trajectory of an n-generator power system is then
given by (2):

D = {x(t)}Tt=1. (2)

Given the trajectories D, the goal is to learn the underlying
dynamic equations governing the system, which can be written
in compact form as (3):

ẋ = f(x), (3)

where x = [δ1, ω1, δ2, ω2, . . . , δn, ωn]
T .

B. Classical Swing Equations and Dynamic Simulation

In this work, we consider a n-generator power system
described by the classical power system dynamic model.
This model offers a physically interpretable and computa-
tionally efficient framework that captures essential nonlinear
electromechanical dynamics while maintaining a manageable
system dimension.

The classical multi-machine model uses a set of differential
equations to describe the dynamic of the generators, where
each equation is essentially the swing equation of generator i
(i = 1, 2, . . . , n) as shown in (4):

Mi
d2δi
dt2

+Di
dδi
dt

+ PGi(δi) = P 0
Mi i = 1, 2, . . . , n, (4)

where Mi and Di respectively denote the inertia constant and
the damping coefficient of generator i, PGi(δi) is the electric



power output at phase angle δi, and P 0
Mi is the mechanical

power input at initial phase angle δ0i .
The electric power output of each generator is given by

the power flow equations in terms of the admittance matrix
parameters from Kron reduced Y -bus matrix (Yik = Gik +
jBik), which is shown in (5):

PGi =

n∑
k=1

|Ei||Ek|(Gik cos(δi − δk) +Bik sin(δi − δk))

i = 1, 2, . . . , n.
(5)

Substituting (5) for PGi in (4), neglecting the damping
coefficient, and converting equations into a set of coupled first-
order differential equations, we have (6) for a multi-machine
system.

Miω̇i = P 0
Mi − |Ei|2Gii

−
n∑

k=1
k ̸=i

|Ei||Ek|[Biksin(δi − δk) +Gikcos(δi − δk)]

δ̇i = ωi i = 1, 2, . . . , n
(6)

Since the fault condition essentially affects the system topol-
ogy and parameters, the Kron-reduced admittance matrix Y
needs to be calculated respectively based on pre-fault, faulted
and post-fault conditions, denoted as Ypre, Yfaulted, and Ypost.
To simulate the system dynamics over the considered time
interval, the corresponding ODEs are accordingly constructed
and integrated sequentially, with the feasible pre-fault power
flow solution chosen as the initial state. Only the post-fault
trajectories are used for model training, while the pre-fault
and faulted stages are simulated only to generate physically
consistent initial conditions for the post-fault dynamics.

III. TECHNICAL METHODS

A. Overall Framework

The overall workflow of the supervised fine-tuned trans-
former for symbolic discovery of power system dynamics
is illustrated in Fig. 1, which consists of a supervised fine-
tuning phase and an inference phase. In the fine-tuning phase,
multi-machine power system trajectories are generated through
power flow analysis and power system dynamic simulations
under fault conditions, and the resulting trajectories and sym-
bolic dynamic equations are tokenized as supervised input-
output pairs. Numerical constants are encoded using sign,
mantissa, and exponent tokens. A pretrained ODEFormer is
then fine-tuned with cross-entropy loss, where the encoder
processes trajectory inputs and the decoder generates symbolic
equation tokens. In the inference phase, the fine-tuned model
takes unseen trajectory data as input and outputs candidate
symbolic equations. Greedy decoding is applied first, followed
by beam sampling if the decoded expression is not inter-
pretable.

B. Supervised Fine-tuning of ODEFormer
ODEFormer is a transformer-based symbolic regression

model designed to infer the governing ODEs of dynamical
systems from observed trajectories. Given time-series obser-
vations of x(t), the model aims to recover the symbolic
expression of the underlying dynamics ẋ(t) = f(x(t)). ODE-
Former formulates this task as a sequence generation problem
and adopts an encoder–decoder transformer architecture in
which the encoder processes the observed trajectory, while the
decoder automatically generates the symbolic representation of
the ODE. The attention mechanism is the core operation inside
these transformer blocks. Specifically, the scaled dot-product
attention is defined as (7):

Attention(Q,K, V ) = softmax

(
QK⊤
√
dk

)
V, (7)

where Q, K, and V respectively denote the query, key, and
value matrices, and dk is the dimension of the key vectors.

We fine-tuned the pretrained ODEFormer model using simu-
lation data generated from the classical power system dynamic
model. These trajectory-ODE pairs serve as supervision for
adapting the pretrained model to better capture the dynamics
of networked systems characterized by sinusoidal coupling
functions. Numerical constants are encoded using scientific
notation, where each number is decomposed into tokens rep-
resenting its sign, mantissa, and exponent, allowing continuous
values to be generated through discrete token sequences.

During fine-tuning, the transformer model parameters are
updated by minimizing the cross-entropy loss between the
predicted token distribution and the ground-truth symbolic
expression, as formulated in (8):

Loss = − 1

Z

B∑
b=1

S∑
s=1

wbs

C∑
c=1

ybs,c log(ŷbs,c), (8)

where B, S, and C denote batch size, maximum sequence
length, and vocabulary size, respectively. ŷbs,c represents the
predicted probability of the s-th token of the b-th batch being
c, and ybs,c is the one-hot ground truth. The term wbs is a
binary mask used for padding, and Z is the normalization
constant.

During inference, a greedy decoding strategy is first applied
to generate a candidate symbolic expression. The decoded
expression is then checked for interpretability. If the generated
expression is not interpretable, beam sampling with a beam
size of 5 is subsequently employed to explore alternative
candidates. In beam sampling, the decoding randomness is
controlled by a temperature parameter τ , which rescales the
logits before the softmax operation as shown in (9):

pi =
exp(zi/τ)∑C
j=1 exp(zj/τ)

, (9)

where zi is the logit of the i-th token, C is the vocabulary
size, and pi is the corresponding sampling probability. A
smaller τ sharpens the probability distribution and makes
decoding closer to greedy search, whereas a larger τ flattens
the distribution and increases exploration.
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Fig. 1. Overall workflow of the proposed supervised fine-tuned transformer for symbolic discovery of power system dynamics.

C. Dataset Generation Algorithms

The procedure for generating the training trajectories em-
ulating power system three-phase-to-ground faults is summa-
rized in Algorithm 1.

In the first step, we generate variants of two-machine and
three-machine power systems with different network topolo-
gies and parameter settings. For each generated system, a
power flow analysis is performed to verify the existence of
a feasible steady-state operating point under the specified
operating conditions. The resulting steady-state solution is then
used to initialize the subsequent dynamic simulations, while
cases without a feasible power flow solution are discarded.

Next, we simulate the trajectories of the generator phase
angles during three-phase-to-ground fault under different fault
locations and fault durations. The fault is assumed to occur
on transmission lines close to the load buses. During dataset
generation, all such fault locations are systematically explored.
Then, different fault durations are selected under the same
operation condition. The ODE systems of faulted and post-
fault conditions are obtained and continuously integrated using
the RK45 (Dormand–Prince) method.

Lastly, we gather the sample trajectories together with their
symbolic expressions and split them to form the training, test-
ing, and validation datasets for fine-tuning. Since trajectories
generated from the same power system under different fault
durations share the same underlying ODE system, the dataset
is split at the system level rather than the trajectory level. This
ensures that trajectories governed by the same ODE system do
not appear across different splits, preventing data leakage and
enabling a fair evaluation of model generalization.

IV. NUMERICAL STUDIES

A. Test System and Dataset Generation

To investigate whether data from a different topology can
compensate for limited training data, we construct two groups
of power-system datasets based on 2-generator and 3-generator

Algorithm 1 Data Generating
1: for each power system topology do
2: for each set of generator, line, load parameters do
3: if infeasible power flow case then
4: Discard infeasible case
5: end if
6: for each fault location do
7: for each fault duration do
8: Simulate faulted and post-fault dynamics
9: Collect the post-fault trajectory-ODE pairs

10: end for
11: end for
12: Group trajectories of the same ODE system
13: Split the grouped samples into different datasets
14: end for
15: end for

TABLE I
PARAMETERS CONTAINED IN EACH GENERATED PARAMETER SET

Category Parameter Description Range (p.u.)

Generator

M Inertia constant [0.01, 0.05]
x′
d Transient reactance [0.15, 0.35]

Pm Mechanical input power [0.6, 2]
Vm0 Initial voltage magnitude [0.95, 1.05]

Line
Rl Resistance [0, 0.02]
Xl Reactance [0.05, 0.2]
yc Shunt conductance [0.005, 0.02]

Load pf Power factor (lagging) [0.85, 0.95]
ρL Active-load distribution weight [0.3, 1.0]

systems. For the 3-generator systems, we consider power net-
works consisting of 3 generators, 5 buses, and 6 transmission
lines. A total of 12 network topologies are constructed. For
each topology, the parameters listed in Table I are uniformly
sampled within their prescribed ranges to generate multiple
parameter sets. Specifically, each parameter category contains
10 sampled groups.



For load sampling, the active power loads are assigned only
to load buses. For each load bus, a random distribution weight
ρL is sampled, and all weights are normalized so that the
total active load equals the total active power generation. The
reactive load at each load bus is then computed from a lagging
power factor pf .

Since three-phase-to-ground fault is assumed to occur on
the transmission lines close to the load buses, there are 4
to 6 possible fault locations for each topology depending
on how the load buses are connected. Fault durations are
selected from 0.04, 0.06, 0.08, 0.10, 0.12, 0.14, 0.16, 0.18,
and 0.20 s. The dataset size is determined by the combinations
of 12 network topologies, 4 to 6 valid fault locations per
topology, 9 fault durations, and the sampled parameter sets,
where each parameter category contains 10 sampled groups.
In total, 398,547 simulation trajectories are generated, with
80% samples for training, 10% samples for validation, and
10% samples for testing.

For the 2-generator systems, we consider two generators
interconnected by two transmission lines. Therefore, only
line and generator parameters are varied in the parameter
generation process. A total of 90,000 simulation trajectories
are generated, with 80% used for training, 10% used for
validation, and 10% used for testing.

B. Evaluation Metrics

To quantify the performance of the proposed method, we
employ the following evaluation metrics.

• Trajectory Fidelity: The root mean square error (RMSE)
is calculated between the predicted state trajectories (rotor
angles and speeds) and the ground truth obtained from
numerical integration. Note that the predicted state tra-
jectories are produced based on the predicted symbolic
expression of the ODE system. The RMSE is given

by RMSE =
√

1
T

∑T
t=1 ||xtrue(t)− xpred(t)||22, where

xtrue(t) and xpred(t) denote the ground-truth and recon-
structed state vectors at time step t.

• Symbolic Accuracy: For each test sample, we use two
metrics to assess structural correctness and interpretabil-
ity respectively. Structural correctness refers to whether
the discovered ODE matches the ground truth physical
swing equation, such as recovering the sinusoidal cou-
pling terms, whereas interpretability only requires that the
predicted tokens decode into a valid integrable differential
equation. Accuracy is calculated as the ratio of samples
with structurally correct or interpretable ODEs to the total
number of samples.

• Parameter Precision: For correctly identified structures,
we extract the coefficient matrices and compute the
relative Frobenius norm error against the ground truth,
defined as (10):

eF (Mpred,Mgt) =

√∑
i,j(Mpred,ij −Mgt,ij)2√∑

i,j M
2
gt,ij

, (10)

(a) Symbolic accuracy. The dashed line indicates the accuracy of the
pretrained ODEFormer.

(b) Trajectory fidelity and parameter prediction precision.

Fig. 2. Model performance under different training set sizes. The x-axis is
plotted on a logarithmic scale.

where Mpred and Mgt represent the predicted and ground
truth coefficient matrices respectively. This metric pro-
vides a normalized, scale-invariant measure of the dis-
crepancy between the predicted and actual parameters,
effectively quantifying the model’s precision in capturing
the underlying grid dynamics at the parametric level.

C. Performance of the Supervised Fine-Tuned Transformer

1) Effect of Training Set Size: To assess the effect of
training dataset size, we trained a group of models using
different fractions of the full training set and evaluated their
performance under each setting. For each fraction, the training
samples were randomly drawn from the 3-generator system
training set according to the specified proportion. To reduce
the impact of randomness in data sampling and model initial-
ization, each training was repeated using five random seeds.
Inferences are conducted using greedy decoding followed by
beam sampling with temperature τ set to 0.7. The mean and
variance of the evaluation metrics were reported in Fig. 2.

The experimental results show that, although the training
set size affects interpretability in the first attempt, it does
not influence structural correctness after five-seed retries. Both
the trajectory RMSE and the parameter Frobenius norm error
decrease as the training set size increases. However, increasing
the training set size from 50% to 100% slightly worsens both
metrics, suggesting that further enlarging the training set may
even degrade model performance.

2) Effect of Beam Sampling Temperature: To test the influ-
ence of randomness on structural correctness, inferences are
conducted with various beam sampling temperatures. We con-
duct experiments on both 2-generator and 3-generator samples.
The result is reported in Fig. 3. The results indicate that a



(a) Symbolic accuracy of 2-gen samples.

(b) Trajectory and parameter accuracy of 2-gen samples.

(c) Symbolic accuracy of 3-gen samples.

(d) Trajectory and parameter accuracy of 3-gen samples.

Fig. 3. Model performance with different temperature.

moderate increase in randomness improves the likelihood of
discovering the correct structure, while excessive randomness
leads to increased errors in trajectory and parameter prediction.

3) Cross-Topology Support under Limited Data: To ex-
amine whether data from another topology can compensate
for insufficient training data, we train models on a mixed
dataset consisting of 20% of the 3-generator samples and
20% of the 2-generator samples. The trained models are then
evaluated separately on the 3-generator and 2-generator test
sets. For comparison, we also train baseline models using
single-topology datasets of the same size, i.e., only 20% of the
3-generator samples or only 20% of the 2-generator samples.

TABLE II
CROSS-TOPOLOGY PERFORMANCE

Train / Test RMSE Rel. Frob. Struct. Corr. Interp.

mix / 3-Gen 1.128
±0.160

0.154
±0.008

97.57
±0.05

100.00
±0.05

3-Gen / 3-Gen 1.075
±0.138

0.156
±0.010

97.56
±0.05

99.96
±0.05

mix / 2-Gen 1.374
±0.137

0.055
±0.008

99.90
±0

99.90
±0

2-Gen / 2-Gen 1.454
±0.094

0.064
±0.003

100.00
±0

100.00
±0

During inference, the temperature τ is set to 0.7 for 3-
generator samples and to 0.5 for 2-generator samples. Each
experiment was repeated using 3 random seeds, and the

mean and variance of the evaluation metrics were reported
in Table II. The results suggest that when training data are
insufficient, higher-dimensional system data can improve the
trajectory and parameter accuracy, while lower-dimensional
system data can improve the structure correctness and inter-
pretability.

V. CONCLUSION

In this paper, a supervised fine-tuned transformer framework
based on ODEFormer is proposed for symbolic discovery of
power system dynamics from post-fault transient trajectories.
Numerical studies on multi-machine systems demonstrated
that the model achieves high structural correctness and reliable
parameter estimation under different training and inference
settings. The results also indicate that when training data are
insufficient, higher-dimensional system data can improve the
trajectory and parameter accuracy, while lower-dimensional
system data can improve the structure correctness and in-
terpretability. Future work will extend the proposed frame-
work to measurement-based datasets and more realistic large-
scale system settings, including measurement noise, partial
observability, parameter uncertainty. The underlying dynamic
models will also be extended to incorporate damping, governor
and excitation systems, inverter-based resource controls, and
other relevant dynamic components, thereby improving the
robustness and practical applicability of the framework.
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