<]
TUDelft

Delft University of Technology

Exploring extrapolation of machine learning models for power system time domain
simulation

Arowolo, Olayiwola; Stiasny, Jochen; Cremer, Jochen

DOI
10.1016/j.segan.2025.101908

Publication date
2025

Document Version
Final published version

Published in
Sustainable Energy, Grids and Networks

Citation (APA)

Arowolo, O., Stiasny, J., & Cremer, J. (2025). Exploring extrapolation of machine learning models for power
system time domain simulation. Sustainable Energy, Grids and Networks, 43, Article 101908.
https://doi.org/10.1016/j.segan.2025.101908

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.segan.2025.101908
https://doi.org/10.1016/j.segan.2025.101908

Sustainable Energy, Grids and Networks 43 (2025) 101908

Contents lists available at ScienceDirect

ERGY
GRIDSAND
NETWORKS

Sustainable Energy, Grids and Networks 5

||
)]

ELSEVIER journal homepage: www.elsevier.com/locate/segan

Exploring extrapolation of machine learning models for power system time
domain simulation™

Olayiwola Arowolo®* ©, Jochen Stiasny® ", Jochen Cremer® P

2 Electrical Sustainable Energy, Delft University of Technology, Delft, the Netherlands
b Austrian Institute of Technology, Vienna, Austria

ARTICLE INFO ABSTRACT

Keywords: Time domain simulation (TDS) is an important tool for assessing power system security under various distur-
Time domain simulation bances. However, its computational cost limits the number of disturbances that can be assessed. The need for
Power system security fast assessment of numerous disturbances has increased with the rapid integration of renewable energy sources.

Machine learning
Extrapolation
Transfer learning

Machine learning (ML) methods have been explored to accelerate power system TDS, but these methods are stud-
ied in interpolation scenarios, where they predict outputs for inputs within the training data distribution. This
work uses a state-of-the-art ML model to explore the extrapolation behavior of ML models for TDS. First, we high-
light the importance of ML models’ extrapolation capacity for fast assessment of numerous diverse disturbances.
Next, we demonstrate that extrapolation for discrete disturbances is more challenging than for continuous distur-
bances. Subsequently, we investigate how transfer learning (TL) may be used to improve the performance of ML
models in TDS extrapolation scenarios. Finally, we outline the limitations of TL for power system TDS and suggest
alternative approaches for developing ML models with better extrapolation performance in TDS applications.

1. Introduction Machine learning (ML) methods have been explored for predicting
power system dynamics promising significant speedup after training.
Most works applying ML for dynamic security assessment (DSA) focus on
classifying the system’s response to a contingency as stable or unstable
[5,6]. Others provide a confidence interval or stability margin in addi-
tion to the classifier output [7,8]. However, operators may need to check
the evolution of system states and ensure they do not exceed prescribed
thresholds. Binary security prediction is insufficient to make important
control decisions such as where controlled load outages should be per-
formed to prevent loss of system stability [9]. Thus, TDS may become
necessary. We refer interested readers to [10] for more details on the ap-
plication of ML to DSA. Neural-network-based architectures such as Long
Short Term Memory (LSTM) [11], have been explored for predicting
state trajectories in power systems. However, these approaches are lim-
ited by their dependence on large training datasets. The training datasets
must be generated using computationally expensive numerical solvers.
Physics Informed Neural Networks (PINNs) attempt to address this lim-
itation by incorporating the physical equations of the system into the
learning process, with the potential to reduce the need for large train-
ing datasets. PINNs have shown promise in accelerating TDS for small

The global power grid faces significant operational challenges due
to the integration of renewable energy resources and changing demand
patterns. Power system operators must ensure grid security and relia-
bility amidst these changes [1]. Time domain simulation (TDS), which
involves solving non-linear differential-algebraic equations (DAEs), is
the reference method for assessing the dynamic security of the power
grid under various contingencies [2]. Commercial software packages use
implicit integration methods, like the trapezoidal method, for solving
power system DAEs because of their accuracy and numerical stabil-
ity. However, implicit integration methods require small step sizes,
imposing long computation times for operators [3]. Conventionally,
the long computation time of TDS limits security assessments to a few
‘credible’ contingency scenarios. However, the increasing integration of
renewable energy sources renders the current contingency selection sub-
optimal. Therefore, new methods are needed to optimize contingency
scenario selection or reduce the computation time of TDS for assess-
ing a much larger set of scenarios [4]. We focus here on the latter
methods.
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test systems [12-15]. However, it remains challenging to train large net-
works because of inaccuracies in long-term integration [16] and gradient
pathologies inherent to PINNs [17]. While ML approaches show the po-
tential for accelerating power system TDS, their fundamental limitation
in extrapolation settings remains understudied.

We define extrapolation as the case where the data distribution
during operation differs from the training data distribution and interpo-
lation as the case where the training data distribution is representative
of the data during operation [18]. ML models optimize their parameters
based on the training data distribution, producing reliable predictions
only when the test data has the same distribution as the training
data[18,19]. This has led to the existing paradigm of minimizing gener-
alization error evaluated with the test dataset (interpolation). To ensure
the ML model always performs interpolation during operation, one
would need a high-dimensional training dataset that includes all possible
parameter variations (e.g. line configurations or loading conditions). It is
here we run into the curse of dimensionality. As the dimensionality of the
ML model input increases, the number of data samples needed to train
the model increases exponentially, thus the learning problem quickly be-
comes intractable. However, if ML models could extrapolate reliably to
unseen inputs, that is, the model error for operating conditions (OCs) and
system topologies (STs) outside the support of the training data distri-
bution is of the same order of magnitude as within-training distribution
errors, in that case, the number of training samples can remain tractable
as a training dataset that covers all possible parameter variations is no
longer required. This is illustrated in Fig. 1.

For power system TDS applications, good extrapolation refers to the
flexibility of the ML model to accurately predict the system’s response
to numerous scenarios (e.g. different fault types, network topologies,
and initial conditions) outside the training data distribution. Existing
works on ML for TDS typically assume fixed initial conditions and fixed
network topology to make the learning problem tractable. These as-
sumptions limit the dimensionality of the model input to a few variables
but restrict the learning problem to only specific scenarios. Such models
cannot assess many diverse scenarios, thus trading flexibility for im-
proved speed. Consequently, the speed-flexibility trade-off of these ML
approaches conflicts with the system operator’s goal of faster TDS tools
for more comprehensive contingency assessments. Transfer learning is
a common method for adapting ML models to changing input distribu-
tions and it has been studied extensively for DSA classification [20,21]
in power systems. However, to the best of the authors’ knowledge, it has
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Fig. 1. The number of samples needed for training the machine learning model
increases exponentially as the dimension of the input features increases.
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not been applied to ML models for power system TDS. Without the capac-
ity to extrapolate reliably, the utility of ML models for TDS applications
is severely limited.

To this end, we explore the extrapolation behavior of ML models
for power system TDS by analyzing the performance of an ML model
in an extrapolation setting for continuous and discrete disturbances. In
this study, we use the deep operator network (DeepONet), a state-of-
the-art ML model for predicting the trajectories of dynamical systems.
[4,22,23] have considered operator networks for approximating power
system dynamics. However, these works consider the problem of TDS
as a function regression where pre-fault and on-fault trajectories of the
power system are sampled and used to predict the post-fault trajec-
tories. Assuming the availability of pre-fault and on-fault trajectories
works well for offline simulation but becomes challenging in an on-
line setting. In this work, we only assume the availability of post-fault
initial conditions. We use the DeepONet model to learn a mapping
from the initial condition to the full post-fault trajectory. Moreover,
the function regression approach can have low generalization capac-
ity and requires recursive prediction. Here, we have considered how
DeepONet may be applied more generally for power system TDS by tak-
ing initial system conditions as input and producing the state solution
trajectories as output similar to numerical solvers. While we have consid-
ered DeepONet in this study, our analysis can be easily applied to other
existing ML approaches for power system TDS. We briefly outline our
contributions:

1. We investigate the challenge of extrapolating ML models for TDS
to contingencies outside the training data distribution. We also
investigate how common assumptions used to constrain the learn-
ing problem compromise the goal of assessing more contingency
scenarios with ML.

2. We demonstrate that it is more difficult for ML models to extrapo-
late to discrete disturbances than to continuous disturbances. We
assert that this is a critical limitation as discrete disturbances are
more severe.

3. We examine how transfer learning may be used to improve the ex-
trapolation performance of ML models for TDS. We also highlight
the limitations of transfer learning for TDS and outline alternative
approaches for better extrapolation performance.

The rest of the paper is organized as follows: Section 2 introduces
the problem formulation of ML for power system TDS. Section 3 briefly
introduces the DeepONet model. In Section 4, we carry out numerical
case studies. Section 5 discusses the results from the case studies and
highlights future directions. Section 6 concludes the paper.

2. ML for power system TDS

This section describes how a neural network can learn the power sys-
tem TDS problem through supervised learning. Power system dynamics
can be described by a set of non-linear differential-algebraic equations
(DAESs) written as:

& feuy (1a)

0=g(x,uy (1b)

where x € R“ are the initial conditions of the differential states, u €
R? are control inputs and y € R° are the algebraic states. The set of
equations can be written more compactly in mass matrix form as:

M‘;—’t‘ = f(x(),u) (2)

where M is a diagonal matrix and x = [x,y]” € R, The reference
solution is obtained by discretizing the time domain ¢ = {#(, 7}, ..., %4y}

» “max
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and performing numerical integration:

t
x(t)=M"! [/ fx@), u)dt] 3)
0

To simplify the notations, let the right-hand side of Eq. (3) be F(x), and
let x(r) = y for t > 0. As there is no analytical solution for Eq. (3), we aim
to approximate the solution of the equation, F(x), by a neural network
F(x). Note that F(x) can be any suitable neural network model (DNN,
PINNs or DeepONet).

We now formulate a classic supervised learning problem to train the
network. Assuming F(x) is the functional hypothesis of the chosen neural
network, let {(x;,y,)};_; C D be independent and identically distributed
(iid) samples randomly drawn from the joint probability distribution D.
The expected loss of F(x) is

R(F) = E(, )-plL(y. F(x))] )
where L can be the mean squared error loss:
L=|y-Fw| ©)

As the underlying joint distribution D is not known, we minimize the
empirical risk with n samples:

ROF) = = 3 103, Fx) ®)
i=1

This work assumes that DeepONet represents F(x). The universal ap-
proximation theorem of neural networks and operators [24] implies
that:

|R(F)— R(F)| < ¢ foranye>0 7

This means a sufficiently parameterized neural network will have a low
generalization error provided a new sample x; comes from D. However,
there is no guarantee a new sample x; will come from the same distri-
bution as the training samples in the case of power system disturbances.
This can lead to large extrapolation errors in the neural network. To de-
fine the extrapolation error, we define a conditional distribution P, such
that: {|la—b|| <e|a € D,be P}n{Pn D = g}, the extrapolation error
is the expected loss of F(x):

E(y [ LOF(x), F(x))] ®

Similarly, this error is estimated empirically by sampling {x;,y;} C
P. Since there are no established theoretical guarantees on the ex-
trapolation error of neural networks, we empirically investigate the
extrapolation error of an example machine learning model for time
domain simulation (DeepONet).

3. Deep operator network for TDS

The deep operator network (DeepONet) was proposed by Ref. [25]
for approximating continuous non-linear operators mapping two infinite
dimensional spaces such as function-to-function mapping. In an operator
learning setting, if u(x) is an input function and G(u) is an operator taking
u(x) as input, G(u)(z) is a real number output of the operator at point 7 in
the output domain. According to the universal approximation theorem
for non-linear operators [26], a neural network with 1 hidden layer can
approximate any non-linear continuous operator with arbitrary accu-
racy. We consider the DeepONet model to approximate the operator
mapping initial post-fault conditions to full post-fault trajectory. Our
choice of DeepONet is informed by its ability to handle multiscale input
and output domains. This is particularly useful in power systems where
transient responses for different events can have different time scales.
DeepONet and its variants have also been shown to achieve state-of-the-
art performance in predicting non-linear dynamics [25]. As shown in
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DeepONet

Branch input

Lo—

Model prediction
Trunk input

Xo x(t)

Fig. 2. DeepONet architecture has two separate neural networks for the ini-
tial conditions and time inputs respectively, the outputs of both networks are
combined with a dot product.

Fig. 2, DeepONet consists of two neural networks: the branch and the
trunk network. The branch network takes in the initial conditions and
control inputs u(x), discretized at a fixed number of points as input, and
returns a set of outputs [b,, b,, ..., b,] € R?. The branch network is a fully
connected neural network that applies non-linear transformations to u(x)
to obtain embeddings [b,,b,, ..., b,]. The embeddings can be viewed as
coefficients of a set of basis functions. The trunk network is a fully con-
nected neural network that takes the time ¢, at which the output function
is to be queried as input and returns [z}, 7,, ..., 7], which describes a ba-
sis function. The trunk network decomposes the target response into a
set of non-linear basis functions conditioned on u(x). This is similar to a
Fourier series for periodic functions:

[«

w(x) = ay+ z a, cos(nx) + d,, sin(nx) (©)]

n=1

where q, a,, and d, are coefficients of the sine and cosine basis func-
tions. To get the output of the DeepONet, the function G(u)(t) may be
obtained from its constituent basis functions by:

Gu)(t) = / ’ by - 7, di (10)

This may be simply interpreted as an inner product. Hence, the output
of the DeepONet is obtained by taking a dot product of the outputs of
the branch and trunk networks. This can be written as:

z

F (xg.u) 1) = Z [Bx] - [za] - an

k=1

where z is the number of output neurons per state variable. Note
that F approximates the entire solution trajectory in one step as t =
{t0.11 ... tmax } cOrresponds to the time discretization used to obtain the
reference numerical solution.

The representational power of DeepONet to learn complex non-linear
power system dynamics comes from its explicit decomposition of the
target function into a set of parameterized basis functions.

4. Case study

4.1. System settings

We perform all experiments on the IEEE 9 bus system. The network
admittance matrix is Kron reduced to a 3x3 matrix where we consider
the loads to be constant impedance. We model each generator in the
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Table 1

Generator parameters in p.u.
Gen H D Xd X'd X, X, P,
1 23.64 80.364 0.146 0.0608 0.0969 0.0608 0.710
2 6.4 40.28 0.8958 0.1198 0.8645 0.1198 1.612
3 3.01 0.903 1.3125 0.1813 1.2578 0.1813 0.859

network using the two-axis generator model from Ref. [27]:

- ,
s
TlI(J 4 Ea’ =
1 dt S
2H Aw
_ (12)
—E(; - (X, - x;) I+ Egy
—Ey+ (X, - X)) 1,
2z f Aw
| Pu-Ejly - Byl - (X; - x’d) 141, - DA
I, | _ | R —X; E; — V sin(6 — 0) 13)
L || X, R E —V cos(6 - )

We reduce the generator models to a classic model by setting X, and
X, = X/, and making E; and E/ constants. At each generator bus, we
obtain the state variables x = [§, Aw, I;, I, oV and 6]. The state variables
are represented in per-unit values. The values for the generator constants
are shown in Table 1. To solve the system’s DAE, we generate ground
truth data using the IDA solver from the Assimulo [28] Python library.
We set the solver’s absolute tolerance to 10~% and solve each scenario for
2 s using a step size of 0.01 s. We assume the system is initialized from
a steady state for all scenarios and we initialize the system states using
power flow solutions. In each experiment, we use the mean squared error
as the loss function for model training

e = 3 2|50 =50 (a4

We report the percentage maximum absolute error for each state to
compare them:

max AE = max |x;(t) — ;1) (15)

As there are three samples of each state for the three generators in
the system, we aggregate similar states across multiple model runs and
report the percentage maximum absolute error

max AE = max (1x,(0) = %,(0) (16)

where S is the number of states and N is the number of times the model
is run.

4.2. Model implementation

We use the same DeepONet architecture and settings for each exper-
iment. The branch network consists of 4 hidden layers with 360 neurons
each. The trunk network also has 4 hidden layers with 360 neurons each.
The two networks use a modified multi-layer perceptron (MLP) as pro-
posed by Ref. [17]. The modified MLP has achieved higher accuracy
than the standard MLP in non-linear differential equation problems. We
use a pointwise sine activation function and initialize the model param-
eters using the Xavier-Glorot scheme. We train the model with Adam
optimizer [29] and a learning rate of 1e~> with exponential decay by a
factor of 0.998 every 5000 steps. We train the model for 1¢® optimizer
steps and save the model weights corresponding to the lowest loss on
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the validation data to aim for low generalization error. The model is
implemented using Python and Jax framework. All experiments were
performed on a Linux 4.18 server computer with 32GB CPU RAM and
NVIDIA A30 GPU with 24GB RAM. All experiments were repeated 5
times with a random model initialization and a random dataset split into
training, validation, and testing sets each time. We report the average
metrics except for those stated otherwise.

We generate output trajectories for the state variables using the
Assimulo IDA solver in each experiment. We generate 12,000 samples
using 10,000 samples for training, 1,000 for validation and 1,000 for
testing. To analyse the model’s extrapolation capacity on samples out-
side the training distribution, we also generate 1,000 samples for the
extrapolation dataset. We perturb the system with random changes in
each generator’s power injection for experiments with continuous distur-
bances. We randomly sample power injection changes between +50 % of
the initial steady-state generator power injection from a uniform distri-
bution, for the training and test datasets. For the extrapolation dataset,
we randomly reduce each generator’s power injection between —50 %
and —70 % of its initial power injection.

In the experiment with discrete disturbances, we consider line out-
ages as discrete disturbances. We randomly select one transmission line
for removal. We only consider lines that do not cause islanding of any
part of the network. As the IEEE 9 bus system only has 9 transmission
lines, we keep lines {1,2,3} in place because their removal will lead to
the islanding of a generator. We select from lines {4, 5,6, 7} for removal
in the training, validation and test datasets. We select from lines {8,9}
for removal in the extrapolation dataset. All codes for the experiments
are publicly available.!

4.3. Within distribution performance

This case study investigates the model’s performance for disturbances
from the same distribution as the training data. We consider three set-
tings. 1) System with fixed initial conditions and continuous disturbance
2) System with variable initial conditions and continuous disturbance 3)
System with variable initial conditions and discrete disturbance.

4.3.1. Fixed initial conditions and continuous disturbance

Here, we assume the values of system states are fixed before any
disturbance is applied. Hence, the system always starts from the same
initial condition. The change in the generator power injection, AP € R,
is the only change to the system’s steady-state conditions. Other system
parameters are fixed. Therefore, AP is the input to the branch subnet-
work. The input to the trunk subnetwork is a vector of all time steps
t € {0.0,2.0} with time steps of 0.01 s. The model outputs the full tra-
jectories of all six states for each generator. We use a 2D t-distributed
Stochastic Neighbor Embedding (t-SNE) plot to visualize model input
in Fig. 3. A t-SNE plot is a data visualization and analysis tool used to
visualize complex, high-dimensional distributions in two or three dimen-
sions. The plot shows that the training/testing data distribution and the
extrapolation data distribution do not overlap. We conclude from the
plot that prediction for a sample in the testing dataset is a form of high-
dimensional interpolation, which differs from extrapolation. The trained
model achieves low generalization error on the test dataset with a max-
imum absolute error of 0.10 for the worst-case state variable as shown
in Table 2. A comparison of the model’s prediction and the ground truth
trajectory for an example in the test dataset is shown in Fig. 4. The pre-
dicted trajectories match well with the ground truth data for all state
variables.

4.3.2. Variable initial conditions and continuous disturbances

Most existing works assume a fixed initial condition for the system.
The assumption of a fixed initial condition simplifies learning but lim-
its the model’s utility. Here, we consider the more challenging scenario

1 GitHub Repository.
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Fig. 3. Model inputs for the system with fixed initial condition and continuous
disturbance shown in 2D. The extrapolation dataset does not overlap with the
training/testing dataset.

of a variable system state, where the initial condition is sampled from
a distribution. The assumption of an initial steady-state condition re-
mains. We randomly sample initial voltage magnitude V, at generator
buses from a uniform distribution " ~ (0.95,1.05), the voltage angle
at bus 1, 6, is sampled from V" ~ (1.0,3.0), 0, is sampled from U ~
(18.0,20.0) and 65 is sampled from U ~ (12.0, 14.0). The power injections
and other state variables are initialized from the power flow solution.
The system is perturbed by randomly changing the initial power injec-
tion AP as in the previous experiment. The model input combines the
initial power injection, change in power injection and initial states. This
increases the dimensionality of the input from R? to R?*. The trained
model achieves low generalization error on the test data. The predicted
trajectories match the ground truth trajectories as shown in Fig. 5.
The maximum absolute error is 0.03 for the worst-case state variable
as shown in Table 2. We also provide mean absolute percentage error
(MAPE) for all experiment settings in Table 3.

4.3.3. Discrete disturbance
Line outages are considered one of the most severe faults to the
power system and the system is conventionally designed to withstand

Table 2
Model error metrics within and outside training distribution.
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the sudden outage of any one line (N-1 security). Here, we consider
line outages as discrete disturbances and assume the system’s initial
condition is variable, as in the previous experiment. To generate a real-
number representation of the system topology, we extract the equivalent
line resistances and reactances of the Kron-reduced admittance matrix.
We then reinitialize the state variables and simulate the evolution of
the state variables in response to the fault. Fig. 6 shows the t-SNE plot
of the model inputs for the training/testing and extrapolation datasets.
Note that the plot shows the discrete nature of the data distributions. The
training/testing dataset shows four separate distributions corresponding
to the four network topologies in the dataset, while the fifth distribution
corresponds to the extrapolation dataset.

Thus, the model may learn a unique representation of data from each
discrete distribution/topology. Similarly to previous experiments, the
trained model achieves low generalization error on the test dataset with
a maximum absolute error of 0.01 for the worst-case state variable as
shown in Table 2. A comparison of the model’s predicted trajectories
and the ground truth trajectories for a sample in the test dataset is shown
in Fig. 7. The predicted trajectories match the ground truth data for all
state variables.

4.4. Out-of-distribution performance

This case study investigates the model’s performance for disturbances
outside the training distribution. We evaluate the model’s performance
with the extrapolation datasets. We consider the same three settings as
in the previous case study.

4.4.1. Fixed initial conditions and continuous disturbance

The model errors for the extrapolation dataset are larger than the
errors for the test dataset. Note that the model predictions in the extrap-
olation setting still match the ground truth trajectories quite well with
some discrepancies as shown in Fig. 8. This suggests the model learns
useful representations beyond the training data distribution. The maxi-
mum absolute error on the extrapolation dataset remains comparable to
the maximum absolute error on the test dataset as shown in Table 2.

4.4.2. Variable initial conditions and continuous disturbances

Here, we also observe that model predictions still match the ground
truth trajectories quite well with some discrepancies as shown in
Fig. 9. Notably, despite the more challenging setting, the trained model
achieves comparable performance on the test and extrapolation datasets,

Setting No of training samples Max absolute error within-distribution Max absolute error out-of-distribution

s Aw 1, 1, v 0 s Ao 1, 1, v 0
1 10000 0.09 6e~* 0.10 0.10 le2 0.09 0.12 Te 0.12 0.08 9¢73 0.11
2 10000 0.03 7e™s 0.01 0.01 le”? 0.03 0.15 6e~* 0.11 0.07 Te™3 0.15
3 10000 0.01 le* 0.00 0.01 le* 0.01 4.14 2¢72 1.29 1.76 8¢~2 4.22

0.000 —=—- GroundtruthAw

— GenlAw
— Gen2hw
— Gen3hw

—0.002

—0.004

Aw(pu)

—0.006

—0.008

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
T(s)

(a) Frequency deviation trajectory

1.08
1.07

1.06

3105
> 1.04{ ==+ Groundtruth V
— GenlV
1037 Gen2v —\_/—\'—”’_—\_’
1.02{ — Gen3V
0.00 0.25 0.50 0.75 1.00 125 1.50 1.75 2.00

T(s)

(b) Voltage trajectory

Fig. 4. Predicted trajectories and ground truth trajectories for a representative sample in the test dataset for a system with fixed initial condition and continuous

disturbance.
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0.001 === GroundtruthAw
— GenlAw
— Gen2Aw

— Gen3Aw

0.000

—0.001

Aw(pu)

—0.002

—0.003

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
T(s)

(a) Frequency deviation trajectory
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. Mh -

g — cenev
Z 1.00 — Gen
>
— Gen3V
0.98
06 M
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
T(s)

(b) Voltage trajectory

Fig. 5. Predicted trajectories and ground truth trajectories for a representative sample in the test dataset for a system with variable initial condition and continuous

disturbance.
Table 3
Mean absolute percentage error (MAPE) within and outside training distribution.
Setting  No of training samples ~ MAPE within-distribution MAPE out-of-distribution
5 Ao I, I, v 0 5 Ao I, I, \ 0
1 10000 025 7 0.08 007 7e* 028 121 65 9e2 114 004 3.94
2 10000 133 78 018 020 3¢ 099 173 4 487 076 003 197
3 10000 1.08 4¢5 053  0.06 det 198 let le® 5 5¢2 1.04  1et
100 4.4.3. Discrete disturbances
s training and testing data Large discrepancies between the predicted and ground truth trajec-
e extrapolation data A . ) >
75 tories can be observed in Fig. 10. The model’s prediction can thus lead
9 to the wrong security conclusions in an out-of-distribution setting. The
50 model error on the extrapolation dataset is orders of magnitude greater
than the error on the test dataset as shown in Fig. 13.
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Fig. 6. Model inputs for the system with variable initial condition and dis-
crete disturbance shown in 2D. Separate distributions highlight the different
topologies in the dataset.

using the same number of training samples and roughly equivalent num-
ber of model parameters as in the previous experiment. The model error
on the extrapolation dataset is also greater than the error on the test
dataset as shown in Fig. 11.

0.003 —=- GroundtruthAw
— GenlAw
— Gen2Aw

— Gen3Aw

N U

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
T(s)

0.002

0.001

Aw(pu)

0.000

—0.001

—0.002

(a) Frequency deviation trajectory

4.5. Transfer learning

We investigate how transfer learning may be used to improve extrap-
olation performance. The model is trained on the training dataset and
fine-tuned with ’sparse’ samples from the extrapolation (new) distribu-
tion. To this end, we generate 100 new samples from the extrapolation
distribution. We saved the weights of the trained model. We then
fine-tuned the model by initializing from the saved weights and train-
ing on the original data augmented with ’sparse’ samples from the
extrapolation data distribution for relatively few optimizer iterations
(1e*). We avoid fine-tuning the model with only a few new samples
to prevent overfitting the model on the new samples, which can cause
catastrophic forgetting [30]. Instead, we fine-tuned the model with the
augmented training data. We analyse the impact of transfer learning on
extrapolation performance under the following two scenarios.

4.5.1. Continuous disturbance

Here, we consider the system with variable initial conditions and
a continuous disturbance. First, we compare the model’s performance
on the test and extrapolation datasets before transfer learning. Fig. 11
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(b) Voltage trajectory

Fig. 7. Predicted trajectories and ground truth trajectories for a representative sample in the test dataset for a system with discrete disturbance.
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Fig. 8. Predicted trajectories and ground truth trajectories for a representative sample in the extrapolation dataset for a system with fixed initial conditions and
continuous disturbance.
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Fig. 9. Predicted trajectories and ground truth trajectories for a representative sample in the extrapolation dataset for a system with variable initial conditions and
continuous disturbance.
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Fig. 10. Predicted trajectories and ground truth trajectories for a representative sample in the extrapolation dataset for a system with discrete disturbance.
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Fig. 14. Comparison of the maximum absolute error in frequency deviations on
the extrapolation dataset before and after transfer learning for the system with
discrete disturbance.

shows the distribution of maximum absolute errors for frequency de-
viation on the test and extrapolation datasets. The model error on the
extrapolation data is greater than the error on the test data. Next, we
perform transfer learning and show the model’s performance on the ex-
trapolation dataset before and after transfer learning in Fig. 12. While
transfer learning helps reduce the range of possible errors as measured
by the maximum absolute error, the performance of the fine-tuned
model became slightly worse than the original model on the extrap-
olation data. While this may be counterintuitive, we hypothesize that
this behavior may be explained by the ‘double descent’ phenomenon of
ML models where model performance may first get worse before it gets
better, even with the addition of more data [31]. Crucially, the double
descent hypothesis depends on the function f learned by the network,
the size of the network and training dynamics [32]. We hypothesize
that fine-tuning the model with a few additional samples increases the
model variance, leading to slightly worse performance on the extrapo-
lation dataset. We refer the interested reader to [31,32] for more on the
double descent hypothesis.

4.5.2. Discrete disturbance

We also perform transfer learning in the case of discrete disturbances.
Fig. 13 compares the model’s performance on the test and extrapolation
datasets before transfer learning, with the maximum absolute error on
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the extrapolation data being significantly higher than the error on the
test data. Transfer learning is then used to fine-tune the model as in
the previous experiment. As shown in Fig. 14, transfer learning signif-
icantly reduces extrapolation error by two orders of magnitude in this
case. The model initially performs poorly in the extrapolation scenarios.
We hypothesize that the initial model is in the high-bias, low-variance
regime with respect to the extrapolation dataset. Thus, transfer learn-
ing increases the model variance, improving model performance in this
case. We leave further theoretical investigations on the effect of transfer
learning on model performance to future work.

4.6. Computational speed

The computational speed of the numerical solver is compared to the
DeepONet model. The numerical solver takes an average of 0.20 s to
complete 1 simulation while the ML model predicts the solution for all
1000 simulation samples in the test dataset in a single batch, taking
0.63 s. The average time to complete 1 simulation for the ML model
is thus 0.0063 s. The computational advantage of the ML model stems
from the parallelization of the computations. Matrix multiplication of
the model weights can be trivially parallelized on many GPU cores,
while numerical solvers perform iterative computations which are more
difficult to parallelize. If the data generation and model training times
are discounted, the ML model is more than 300x faster than the nu-
merical solver. When the data generation and model training times are
considered, the training dataset generation took 2,056 s while the model
training took 2,308 s. Therefore, the ML approach has an upfront time
cost of 4,365 s. This upfront cost can be amortized over subsequent
model inferences provided model inference is performed a sufficiently
large number of times. Also, transfer learning only took an additional
46 s to generate the new samples and fine-tune the model.

5. Discussions

This study demonstrated that ML models for TDS may give good per-
formance in out-of-distribution scenarios when disturbances are from a
continuous distribution. For example, a model trained to predict the sys-
tem’s response to changes in power injections or load variations within
a certain distribution may produce accurate trajectories for power injec-
tions or load variations outside the training distribution. We hypothesize
that this is because of the similarity between the system’s responses to
disturbances within and outside the training distribution. Our exper-
iments are limited to the case where the system remains stable and
further studies are needed to verify the ability of ML models to predict
unstable trajectories.

We observe that within-distribution predictions for the case with dis-
crete disturbances give the most accurate results with the worst-case
MAE for all states. We infer that this is simply due to the complexity of
the ground truth trajectories to be learned in this case. As [13] noted,
the accuracy of ML for TDS depends on the complexity of the system
responses to be approximated. As an example, it is much easier to learn
to predict a flat signal compared to a complex signal with non-periodic
oscillations. Conversely, we observe that out-of-distribution predictions
for the case with discrete disturbances give the most inaccurate results,
with the worst-case MAE significantly higher than in both cases with
continuous disturbances. [33] noted that MLP-based neural networks
such as DeepONet extrapolate linearly outside of the support of the
training distribution. Our results suggest that such extrapolation behav-
ior is insufficient to capture the different system responses that may
arise in the case with discrete disturbances. As such, generalizing to
out-of-distribution instances in the case of discrete disturbances remains
challenging. As indicated in Table 2, the maximum model extrapola-
tion error for a discrete disturbance can be orders of magnitude greater
than the extrapolation error for continuous disturbances. This may lead
to wrong security conclusions. The limitations of ML models in han-
dling discrete changes have been observed in ML models for security
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classification. We observe a similar limitation of a state-of-the-art ML
model (DeepONet) for TDS.

Furthermore, the ML model offers up to 300x improvement at the in-
ference stage if data collection and model training times are discounted.
However, we note that if data collection and model training times are
considered, the ML model would need to be evaluated a large number of
times to justify the upfront cost. For example, with a combined data gen-
eration and model training time cost of 4,365 s, the model will require
6.9 % 10° evaluations to pay off the upfront cost. The restricted setting of
fixed initial conditions typically considered in the literature is unlikely
to satisfy the requirement for numerous evaluations. Additionally, we
have considered the more realistic setting with variable initial condi-
tions in this study. Even though the dimensionality of the model input
increases by x6, the model can achieve high accuracy with the same
number of training samples as in the case with fixed initial conditions.
The model also has a comparable extrapolation performance to that of
the case with fixed initial conditions. This suggests the model has high
sample efficiency. We also note that a model trained with variable initial
conditions is more likely to be used for a large number of evaluations,
thereby justifying its upfront costs.

Furthermore, we demonstrated how transfer learning may be used
to reduce model errors where there is a shift in the input distribution.
While transfer learning significantly reduces the computational expense
of training a new model from scratch, the fine-tuned model suffers a
slight decrease in performance in the case of continuous disturbances.
Moreover, we assert that transfer learning may be operationally infea-
sible in practice because it requires foreknowledge of the 'new’ data
distribution for sampling. For example, if system operators know the
full range of potential disturbances, they can directly sample training
data from this range, eliminating the need for transfer learning. In the
case of discrete disturbances, we found that transfer learning signifi-
cantly reduces extrapolation errors. However, it remains challenging to
know which 'new’ network topology variations to sample in large power
systems, as all variations cannot be sampled. Hence, transfer learning in
the case of discrete disturbances may be infeasible in practice for a large
system. System operators typically use heuristics to select discrete dis-
turbances to simulate. Some studies such as [4] have proposed that ML
models may allow operators to comprehensively assess disturbance sce-
narios due to faster simulations. As we have noted in this study, ML
models may only produce the right conclusions for topologies that are
part of the training distribution. Hence, simulation speed is not the only
bottleneck in the way of more comprehensive TDS with machine learn-
ing, flexibility of ML models to different topologies and extrapolation
capacity is also an important consideration. The use of better scenario
selection heuristics may also reduce the range of scenarios ML models
need to assess, thereby striking a better balance between fast scenario
evaluations and operational risks.

While ML models for TDS can accelerate simulation of power sys-
tem dynamics, the lack of flexibility limits the scope of their use. Our
approach reduces the need for real-time sampling of inputs and we use
only a single point, i.e. the initial condition, to predict the power sys-
tem response. It can also deliver near real-time prediction for scenarios
that are part of the training data distribution, however, more work is
needed to improve the generalizability of ML models for power sys-
tem time domain simulation, especially for discrete events where data
generation is hard. We have shown that while updating the model via
techniques such as transfer learning can be quickly done as evidenced by
our case study on transfer learning, such approaches are inherently lim-
ited in power system security applications where data for such updates
is not available during real operations. Training a single model that re-
liably generalizes to unseen discrete and continuous scenarios remains
a fundamental challenge. One approach is to have many small models
where each model only handles certain scenarios, and the models can
be made to interface with each other. Graph neural networks, which
have a similar ‘distributed computation’ approach, are worth further
exploration for TDS.
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6. Conclusion

In this study, we have explored the extrapolation capacity of ML
models for TDS. ML models fail in extrapolation settings for discrete
disturbances but may give good performance for continuous distur-
bances. Transfer learning can improve the accuracy of the ML model
at predicting discrete disturbances in extrapolation settings, but it re-
mains impractical to use transfer learning in real power systems since
it assumes the availability of inaccessible knowledge. We propose that
subsequent studies on the use of ML for TDS should consider extrapola-
tion, especially to discrete disturbances, as part of the evaluation criteria
for the models. In this regard, we hold the view that the investigation of
ML models which show stability to topological variations such as graph
neural networks may be a promising future direction. Approaches which
improve the scalability of ML models for TDS as well as case studies on
larger networks can be investigated. Further, it should be investigated
whether additional power systems domain knowledge can be exploited
during training. For example, one can consider power system stabil-
ity indicators such as voltage stability margin or frequency deviation.
The impact of training data distributions and sampling strategies on
extrapolation performance should also be analysed.
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