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 A B S T R A C T

The increasing use of structural vibration control devices in civil engineering necessitates efficient data-
driven modeling to support rapid design and real-time applications, including digital twins. Performance 
testing of tuned mass dampers (TMDs) and their variants, such as tuned liquid column dampers (TLCDs), 
which are widely used in engineering practice, provides an excellent basis for developing and validating such 
models. However, comprehensive testing remains costly and time-consuming. This study proposes an active 
learning framework that autonomously optimizes experimental parameters to generate the most informative 
training data with minimal effort. The framework employs pattern search optimization to identify optimal test 
conditions based on model accuracy metrics. Neural Ordinary Differential Equations (NeuralODEs) are utilized 
to model response data, accurately capturing nonlinearities while eliminating the need for separate restoring-
force measurements. The proposed approach extends the standard NeuralODE architecture to model forced 
vibrations and simultaneously estimate the often-unknown modal mass, addressing a fundamental limitation in 
TMD identification. Experimental validation is conducted on a TLCD using a shaking table, employing harmonic 
excitation for training and sine-sweep excitation for model error estimation, in accordance with standard 
performance testing protocols. The results demonstrate that the proposed framework achieves a 90% success 
rate with only 20 experiments, a 43% reduction compared to the 35 experiments required by conventional 
unsupervised sampling methods. Robustness is further validated through broadband noise testing, confirming 
generalization beyond training conditions. Finally, the developed model is applied to a numerical example, 
demonstrating its broader applicability to structural engineering problems.
1. Introduction

Growing environmental, economic, and architectural demands in 
civil engineering lead to slender, lightweight structures with low in-
herent damping, making them prone to vibrations. This creates an 
increasing demand for structural vibration control devices that pro-
vide supplementary damping and help maintain structural integrity 
and serviceability. This study focuses on tuned mass dampers (TMDs) 
and, in particular, on their variations, such as tuned liquid column 
dampers (TLCDs), which are widely used in civil engineering applica-
tions, including skyscrapers and wind turbines. Traditionally, analyzing 
such structures requires labor-intensive time-domain computations for 
multiple dynamic loading scenarios using large high-fidelity models. 
The complex damping mechanisms in these vibration control devices 
introduce nonlinearities, further increasing the complexity of these 
calculations. Therefore, efficient and accurate models are critically 
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needed, representing a challenging task for traditional physics-based 
analytical models.

As an alternative, data-driven modeling can be employed, such as 
through various types of artificial neural networks (ANNs). Following 
supervised training, these methods can learn to replicate diverse re-
sponse characteristics based on the provided data. Notably, vibration 
control devices undergo laboratory performance testing, both dur-
ing manufacturing and as required by relevant codes, before being 
approved for structural use. This process presents an opportunity to de-
velop data-driven models through a testing-integrated approach. How-
ever, current testing procedures typically do not produce a functional 
model, representing a gap that this paper aims to address.

The main challenge lies in reducing the amount of required training 
data to maintain the economic feasibility of physical testing. To ad-
dress this challenge, this study integrates active learning with Neural 
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Ordinary Differential Equations (NeuralODEs) to enable data-efficient 
modeling directly during testing phase. The main contributions of this 
paper are:

1. Extension of the NeuralODE architecture to accommodate cases 
involving unknown modal mass and forced vibrations.

2. Integration of the NeuralODE model with active learning to 
minimize the number of required experiments.

3. Experimental validation of the framework using a TLCD proto-
type.

4. Demonstration of the trained TLCD model within a practical 
structural application.

The structure of the paper is as follows: Section 2 summarizes the 
relevant literature. Section 3 introduces the proposed methodology, 
followed by Section 4, which presents the validation of the framework 
through experimental results for the TLCD. Section 5 demonstrates the 
application of the developed TLCD model in an engineering example. 
Finally, Section 6 summarizes the findings of the study.

2. Related work

TMDs and TLCDs are widely used to suppress undesired vibrations 
in civil structures; however, their nonlinear behavior complicates ana-
lytical modeling. A review of these devices, including their advanced 
versions and application examples, is provided in Altay (2021).

2.1. Data-driven modeling and design of experiments

Data-driven modeling has been increasingly used as an alternative 
to physics-based modeling in structural dynamics. Cunha et al. (2023) 
reviewed ANNs for response prediction in dynamic systems. These 
models rely on supervised training and require sufficiently informative 
datasets to generalize well. However, a key limitation of supervised 
learning approaches is their demand for large, high-quality labeled 
datasets, which can be prohibitively expensive to acquire in experi-
mental settings. To reduce data acquisition cost, design of experiments 
(DOE) can be used to optimize sampling efficiency (Fisher, 1990). 
DOE encompasses a variety of methods, which are broadly classified 
into unsupervised (batch) sampling and adaptive (sequential) sampling 
methods. Unsupervised sampling includes methods such as random 
sampling and Latin Hypercube Sampling (LHS), where sampling points 
are chosen in advance. While computationally efficient, these methods 
do not leverage information gained during experimentation to guide 
subsequent data collection. In contrast, adaptive sampling methods 
sequentially optimize sampling strategies based on information gain 
from previous experiments. For example, Hametner et al. (2013) pro-
vided an approach for the identification of nonlinear dynamic systems 
using the Fisher information matrix as criteria for information gain. 
Although adaptive methods can achieve superior sampling efficiency, 
they typically require pre-existing models or surrogate functions to 
evaluate information content, which may not be available in early-stage 
testing scenarios.

2.2. Active learning for data-efficient model development

Active learning extends adaptive sampling in the field of machine 
learning where the model autonomously selects the most informative 
data for learning. By focusing on data points that are likely to yield the 
most significant improvements, this approach enables more efficient 
training with less labeled data, as described in Nelles (2020). Com-
prehensive reviews and applications of active learning are provided 
in Settles (2009, 2012), Ren et al. (2021). When integrated into testing 
environments, active learning can enable the automatic discovery of 
physical systems, as recently demonstrated in the context of wind 
tunnel experiments (Shields et al., 2023). Active learning strategies 
2 
can be classified based on data availability scenarios: methods utilizing 
existing data pools, stream-based approaches for continuously arriving 
data, and query synthesis for generating new experimental data from 
scratch (Settles, 2012).

Recent work has further advanced active learning methodologies.
Chen et al. (2025) proposed an uncertainty-guided Bayesian active 
learning framework for fault diagnosis, achieving up to 89% reduction 
in labeling effort for time-series data. While this demonstrates the 
power of uncertainty-based sampling, the computational overhead of 
Bayesian inference may limit scalability for large-scale dynamic sys-
tems. Sobot et al. (2024) developed a human-in-the-loop active learning 
approach for time-series electrical measurement data, incorporating 
expert confidence levels to mitigate labeling errors. Although effective 
for classification tasks, this framework’s reliance on human experts for 
each labeling decision may not be practical for autonomous experi-
mental testing environments. Samoa et al. (2024) introduced a unified 
active learning framework for graph-level regression tasks, demon-
strating improved annotation efficiency for complex data structures. 
However, graph-based representations may not directly translate to 
time-series dynamic response modeling of mechanical systems.

In structural engineering and dynamics, Bull et al. applied ac-
tive learning to aircraft monitoring (Bull et al., 2019), demonstrating 
effective pool-based sampling for structural health monitoring. This 
work was further improved by Hughes et al. through the elimination 
of sampling bias (Hughes et al., 2022). While these approaches suc-
cessfully reduced labeling effort, they assume pre-existing data pools 
and do not address scenarios where data must be generated through 
physical experimentation. Kiani et al. presented another pool-based 
example for response modeling using ANNs, where the authors selected 
the most informative samples from an existing set of ground motion 
data (Kiani et al., 2020). The approach significantly reduced the num-
ber of required ground motion analyses while improving prediction 
accuracy compared to randomly selected data. However, the reliance 
on pre-existing ground motion databases limits applicability to newly 
manufactured devices requiring testing from scratch. Similarly, Zhang 
et al. sampled stiffness parameters from a predefined pool to develop 
a surrogate model (Zhang et al., 2023), and Gardner et al. employed 
stream-based active learning to update digital twins based on quantified 
model uncertainty (Gardner et al., 2020).

Using Kriging models, Abbiati et al. (2022) applied active learn-
ing to hybrid simulations, where the goal was to create a classifier 
to determine failure and safe states of structural components. The 
strength of Kriging-based approaches lies in their inherent uncertainty 
quantification, which naturally guides informative sampling. However, 
computational costs scale poorly with dataset size, limiting their appli-
cability to large-scale testing programs. Again using Kriging, Yuan et al. 
(2023) introduced a response modeling framework that significantly 
improved identification rates while reducing required sample sizes 
by half. Despite these advantages, Kriging methods often struggle to 
capture highly nonlinear dynamics and require careful selection of 
kernel functions, which may not generalize well across different types 
of vibration control devices.

Active learning has also been integrated with Gaussian Process 
State-Space Models (GPSSMs) to discover system dynamics (Yu et al., 
2021). The authors highlighted the distinction from static active learn-
ing problems, noting that in dynamic systems, only the inputs can 
be controlled to steer the system through unknown dynamics and 
collect the most informative states. While GPSSMs provide uncertainty 
estimates that guide exploration, they share computational scalabil-
ity limitations with Kriging approaches and may be impractical for 
real-time testing applications.

2.3. Neural ordinary differential equations and integration with active 
learning

The aforementioned studies either rely on model uncertainty for 
data sampling, which can be computationally expensive and may not 
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scale well with large datasets, or assume scenarios in which data 
is already available, rather than providing a systematic framework 
for generating informative training data from scratch in experimental 
settings. In this work, ANNs are favored for their versatility, compu-
tational efficiency, and effectiveness in capturing nonlinearities, even 
though, unlike Kriging and GPSSMs, they do not provide direct access 
to uncertainty estimates. This trade-off is acceptable in the context 
where the focus is on practical implementation in testing environ-
ments with limited computational resources. To address these limi-
tations, an active learning framework based on ANNs is proposed, 
using NeuralODEs as the modeling core due to their versatility and 
strong capability to represent nonlinearities. Neural ODEs are a class 
of ANNs particularly well-suited for modeling dynamic systems, as 
they embed the ODE framework required for such modeling based 
on time series. They offer continuous-time representations and can be 
trained end-to-end using standard backpropagation techniques, making 
them suitable for experimental applications. Bradley et al. (2024) em-
phasized that NeuralODEs require informative data that capture key 
system characteristics, which further motivates their integration with 
active learning. Specifically, Neural ODEs may fail to generalize when 
training data does not adequately span the system’s dynamic range or 
when critical behavioral regimes are undersampled. This highlights the 
importance of integrating Neural ODEs with active learning strategies, 
which can guide data acquisition to ensure that key system dynamics 
are adequately captured while maintaining computational efficiency.

Concepts similar to the goals of the present study have been ap-
plied in automated protein design using self-driving laboratories (Rapp 
et al., 2024), where the integration of machine learning models with 
automated laboratory environments enabled systematic exploration of 
design spaces. While the experimental automation principles are trans-
ferable, the application domains differ significantly in terms of system 
dynamics, time scales, and measurement modalities. The idea behind 
the methodology proposed in this paper was conceptualized in our 
preliminary study (Milicevic and Altay, 2024), where simple feed-
forward neural networks (FNNs) were used for learning force-state 
mapping from data. However, this approach requires the measurement 
of the restoring force and was validated only numerically, limiting its 
practical applicability to testing scenarios where force measurements 
may be difficult or expensive to obtain.

3. Methodology

TMDs consist of an oscillatory mass coupled to a structure and 
tuned to its natural frequency to generate optimal vibration-restoring 
forces. Most of these devices, such as the TLCD, rely on nonlinear 
energy dissipation mechanisms, making accurate modeling challenging 
with traditional analytical methods. This study focuses particularly on 
rate-dependent nonlinearities with weak memory effects, which are 
typical of TLCDs and arise from fluid viscosity and flow effects. It is 
assumed that TMDs can generally be represented by a single-degree-
of-freedom (SDOF) system, as most are designed to operate in this 
manner or can be reduced to an equivalent SDOF system. Apart from 
its operational range, no pre-existing data or prior knowledge regard-
ing the device’s dynamic characteristics are assumed. Consequently, 
response data must be generated from scratch through laboratory ex-
periments. Furthermore, the study aims to achieve the following two 
main objectives:

1. To autonomously collect response data containing representative 
information about the device’s characteristics within its desig-
nated operational range, enabling the generation of an ANN 
model.

2. To minimize the number of experiments required to collect the 
aforementioned dataset.
3 
An important component of the methodology is the use of Neu-
ralODEs to model the control device, specifically its state response, 
as detailed in Section 3.1. Training this model, , in supervised 
learning mode requires fully labeled response data within the device’s 
designated operational range. Each training dataset generated from 
the 𝑖th experiment is denoted as 𝐷𝑖 = {𝐱̈𝐢, 𝐮̇𝐢,𝐮𝐢}, containing the 
excitation signal, such as the acceleration 𝐱̈𝐢 of the shaking table, along 
with the velocity 𝐮̇𝐢 and the displacement 𝐮𝐢 responses of the device. 
Supplying  with excessive data would require numerous experiments 
and could result in non-diverse datasets, such as disproportionately 
large amounts covering only specific behaviors, potentially leading to 
suboptimal training. In contrast, a very small dataset will lack the 
necessary information.

To circumvent these challenges, we propose an active learning 
framework that autonomously identifies an optimal training set 𝑜𝑝𝑡, 
encapsulating sufficient information to efficiently train the model and 
enable generalization. We define the vector 𝝍 𝑖 to represent the exper-
imental conditions that can be controlled and optimized to generate 
𝑜𝑝𝑡. These experimental parameters may include excitation signals, 
ambient temperature, or other factors, including those specific to the 
specimen. Within a predefined sampling space, as detailed in Sec-
tion 3.2, a single set of parameters 𝝍𝑜𝑝𝑡 is searched for, such that 
conducting the experiment with this set generates the optimal training 
dataset 𝑜𝑝𝑡.

After training with 𝑜𝑝𝑡, the model  is evaluated on a separate 
reference dataset 𝑅. The model  should then achieve a modeling 
accuracy within an error tolerance of 𝜖. Classical performance tests for 
vibration control devices are typically conducted based on a predefined 
set of loading conditions dictated by application requirements and 
industry codes. In our approach, the data obtained with these loading 
conditions is used as the reference dataset 𝑅 to evaluate the model 
accuracy. The outline of the proposed framework is shown in Fig.  1 
with the following steps:

• Step 1: Sample an initial set of experimental parameters 𝝍 𝑖 =
𝝍1 ∈ R𝑀 , where 𝑀 represents the sampling space dimension. 
This can be done either based on prior experience or through 
random sampling.

• Step 2: Conduct performance testing using the parameters 𝝍𝑅, as 
specified by the requirements of the planned application or gov-
erning standards, to obtain the reference dataset 𝑅 = {𝐱̈𝐑, 𝐮̇𝐑,𝐮𝐑}
This step is performed only once. Conduct another experiment 
with the configuration 𝝍 𝑖 to obtain the training dataset 𝑖 =
{𝐱̈𝐢, 𝐮̇𝐢,𝐮𝐢}.

• Step 3: Use the obtained training set 𝑖 to train the model  in 
supervised training mode. During training, NeuralODE employ a 
sliding temporal window approach where overlapping segments 
are randomly sampled from the time-series, utilizing all available 
data and validation is performed on new initial conditions. Once 
the model is trained, obtain the model error 𝑅∶ R𝑀 → R by 
evaluating the accuracy of the trained model on the reference set 
𝑅.

• Step 4: If any of the convergence criteria are met, such as the 
model error meeting the given tolerance 𝜖, the process is termi-
nated and the optimal training dataset is identified as 𝑜𝑝𝑡 =
𝑖. Otherwise, proceed to the next iteration, and sample the 
experimental parameters 𝝍 𝑖 with 𝑖 = 𝑖 + 1 according to the 
optimization algorithm (Section 3.2) to obtain a new training 
dataset.
Repeat Step 2 through Step 4 until the convergence criteria are 
met. Once the criteria are satisfied, optimal training dataset is 
identified, and the model  is achieved.

This is also shown in more detail in Algorithm 1. It should be noted 
that the framework assumes that the chosen model class appropriately 
matches the complexity of the system, minimizing bias due to model 
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Fig. 1. Workflow of the proposed active learning framework. Here, 𝝍 represents the parameters defining the experiment configuration,  is the target data-driven 
model of the control device, and  represents the dataset containing device response collected from experiments.  denotes the model error. The experimental 
setup shows the specimen’s restoring force, 𝑓𝑅, and the auxiliary mass, 𝑚, which are modeled using data obtained from the shaking table.
capacity. By enhancing data quality, the framework aims to reduce bias 
resulting from data limitations. Even with a highly capable model, miss-
ing essential information in the data prevents ANN models from fully 
learning the underlying system dynamics. By incorporating data with 
relevant features, models are enabled to capture these relationships 
more effectively. Additionally, an ensemble of networks is employed 
to introduce diversity among the models. Each network has the same 
architecture but differs in initial weights and biases. This diversity 
reduces variance, as fluctuations due to initialization are smoothed 
across the ensemble. Readers interested in ensemble deep learning 
techniques are referred to the review paper (Ganaie et al., 2022).

3.1. Extended neural ordinary differential equations

NeuralODEs are a class of ANNs particularly well-suited for model-
ing dynamic systems, as they naturally embed the ordinary differential 
equation (ODE) framework required for such modeling based on time 
series. Classical NeuralODEs (Chen et al., 2018) are designed to model 
continuous dynamical systems by parameterizing their ODEs as: 
𝐡̇ = 𝑓𝜃(𝐡, 𝑡,𝜽), 𝐡(𝑡𝑜) = 𝐡0, (1)

where 𝐡̇ = 𝑑𝐡
𝑑𝑡 ∈ R2𝑛 denotes the time derivative of the state vector, 

which is represented by 𝐡 = [𝐮(𝑡) 𝐮̇(𝑡)]⊤ with 𝐮(𝑡) ∈ R𝑛 being the 
displacement and 𝐮̇(𝑡) ∈ R𝑛 the velocity, 𝑡 ∈ [𝑡 , 𝑇 ] is the time variable, 
0

4 
𝑡0 denotes the initial time, 𝐡0 denotes initial conditions, and 𝜽 ∈ R𝑝

represents the trainable parameters of the neural network 𝑓𝜃 ∶ R2𝑛 ×
R × R𝑝 → R2𝑛. The parameters 𝜽 consist of weights 𝐖 and biases 𝐛 of 
the FNN, and the output of each layer is computed as a weighted sum 
of inputs from the previous layer, activated with an activation function 
𝜎 such that: 

𝐡𝑙 = 𝜎𝑙(𝐖𝑙𝐡𝑙−1 + 𝐛𝑙) , (2)

where 𝐡𝑙 ∈ R𝑛𝑙  denotes the hidden state at layer 𝑙, 𝐖𝑙 ∈ R𝑛𝑙×𝑛𝑙−1  is the 
weight matrix, 𝐛𝑙 ∈ R𝑛𝑙  is the bias vector, and 𝜎𝑙(⋅) is the activation 
function of the 𝑙th layer. Using numerical integration methods, such as 
the Runge–Kutta algorithm, the state 𝐡 at time 𝑡 can be predicted from 
𝑓𝜃 . In supervised training, the predicted solution is compared to the 
true solution through the loss function: 

𝑁 (𝐡(𝑡)) = 𝑁
(

ODESolve
(

𝐡(𝑡0), 𝑓𝜃 , 𝑡0, 𝑡,𝜽
))

, (3)

where 𝑁 ∶ R2𝑛 → R is the loss function computed over 𝑁 training 
samples, and ODESolve(⋅) denotes a numerical ODE solver that inte-
grates the system from 𝑡0 to 𝑡 given initial state 𝐡(𝑡0) and dynamics 𝑓𝜃 . 
The loss is minimized during training by optimizing the parameters 𝜽. 
This formulation assumes all system parameters can be learned implic-
itly through the network weights. However, while classical NeuralODEs 
are efficient for solving initial value problems, our framework requires 
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Algorithm 1 Active learning framework for tuned mass damper 
modeling
Require: Parameters 𝝍𝑅, error tolerance 𝜖, sampling space dimension 

𝑀 , ensemble size 𝑁𝑒𝑛𝑠
Ensure: Optimal training dataset 𝑜𝑝𝑡 and trained model ensemble 

{1,… ,𝑁𝑒𝑛𝑠
}

1: Sample initial experimental parameters 𝝍1 ∈ R𝑀  (randomly or 
based on prior knowledge) 

2: Set iteration counter 𝑖 ← 1
3: Set convergence flag converged ← False
4: Conduct performance test with parameters 𝝍𝑅
5: Obtain reference dataset 𝑅 = {𝐱̈𝑅, 𝐮̇𝑅,𝐮𝑅}
6: while converged = False do 
7: Conduct experiment with parameters 𝝍 𝑖
8: Preprocess 𝑖 (filtering, differentiation, normalization) 
9: Obtain training dataset 𝑖 = {𝐱̈𝑖, 𝐮̇𝑖,𝐮𝑖}
10: for 𝑗 = 1 to 𝑁𝑒𝑛𝑠 do 
11: Initialize NeuralODE model 𝑗 with random weights 
12: Split 𝑖 into training and validation subsets 
13: Train 𝑗 on training subset with early stopping on validation 

subset
14: end for
15: Compute ensemble prediction on reference set: 𝐮̂𝑅 = 𝑗 (𝑅)
16: Compute model error: 𝑅(𝝍 𝑖) = Error(𝐮̂𝑅,𝐮𝑅)
17: if 𝑅(𝝍 𝑖) ≤ 𝜖 or other convergence criteria met then 
18: 𝑜𝑝𝑡 ← 𝑖
19: converged ← True
20: else 
21: 𝝍 𝑖+1 ← PatternSearch(𝑅,𝝍 𝑖)
22: 𝑖 ← 𝑖 + 1
23: end if
24: end while
25: return 𝑜𝑝𝑡, 𝑜𝑝𝑡

the modeling of forced vibrations. This is typically achieved by incor-
porating physical principles into NeuralODEs, as demonstrated in Lai 
et al. (2021). Furthermore, our approach assumes no prior knowledge 
about the vibration control device being modeled. To better illustrate 
that standard NeuralODEs cannot learn in case of forced dynamical 
systems, the state-space representation can be written as: 
𝐡̇(𝑡) = 𝐀𝐡(𝑡) + 𝐁𝐹 (𝑡) (4)

where 𝐀 is the state matrix, 𝐁 is the input matrix, and 𝐹 (𝑡) is the 
external forcing. For structural systems with 𝑛 degrees of freedom, the 
input matrix contains mass-dependent terms. For example, in a linear 
SDOF system: 

𝐀 =

[

0 1
− 𝑘

𝑚 − 𝑐
𝑚

]

, 𝐁 =

[

0
1
𝑚

]

, (5)

where 𝑚, 𝑘 and 𝑐 denote the mass, stiffness, and viscous damping 
coefficient, respectively.

Hence, when mass parameters are unknown, the standard Neu-
ralODE faces an identifiability issue. The network cannot uniquely 
determine both the system dynamics (𝐀) and the input scaling (𝐁) 
simultaneously, as these are coupled through the unknown mass. To 
address this, the modification presented in this paper explicitly param-
eterizes the input scaling and extends the NeuralODE formulation in 
Eq. (1) as follows: 
𝐡̇ = 𝑓𝜃(𝐡, 𝑡,𝜽) + 𝜃𝑚𝐁𝐹 (𝑡), (6)

where 𝐹 (𝑡) ∈ R𝑚 is the external force excitation, 𝜃𝑚 ∈ R is a scalar 
parameter that accounts for unknown modal mass, and 𝐁 ∈ R2𝑛×𝑚

is the input matrix. Corresponding to an SDOF system, 𝜃 = −𝑚−1

𝑚

5 
and 𝐁 = [0 1]⊤ are used. Note that 𝜃𝑚 is not explicitly used in the 
FNN. However, it is optimized simultaneously with other parameters, 
𝜽, using the same loss function, ultimately enabling the identification 
of the modal mass. Hence, this extension allows:

1. The neural network 𝑓𝜃 to focus on learning the intrinsic system 
dynamics.

2. The parameter 𝜃𝑚 to capture the mass-dependent input scaling.
3. Unique identification of both components.

Fig.  2 shows the training procedure and the computation of the 
training loss in Eq. (1). The training is done iteratively in the following 
manner:

1. the dataset  contains measured system states 𝐡(𝑡) and input 
forces 𝐹 (𝑡) at discrete time points 𝑡 = 𝑡1,… , 𝑡𝑛. For each training 
iteration, an initial condition 𝐡(𝑡𝑠,𝑖), 𝐹 (𝑡𝑠,𝑖) is randomly selected 
from the training set and used as input for the NeuralODE.

2. using the initial condition from Step 1, numerical integration 
is performed to predict the solution at time 𝑡𝑝 for iteration 𝑖. 
Note that the prediction horizon is a hyperparameter of the 
NeuralODE and can be tuned. The integration incorporates the 
FNN 𝑓𝜃 , which models the system’s restoring acceleration, and 
the free parameter 𝜃𝑚, which models the system’s mass and 
scales the input force.

3. after solving the ODE in Step 2, the output ̂𝐡(𝑡𝑝,𝑖), as well as the 
trained parameter 𝜃𝑚 are obtained.

4. The predicted response ̂𝐡(𝑡𝑝,𝑖) from Step 3 is compared to the true 
value 𝐡(𝑡𝑝,𝑖), and the loss 𝑁  is calculated.

5. the loss from Step 4 is used to update the parameters 𝜽 and 𝜃𝑚
via backpropagation.

6. a new iteration is initiated with fresh initial conditions selected 
from the dataset.

3.2. Optimization algorithm

To find an optimal training set 𝑜𝑝𝑡 while keeping the number of 
experiments as small as possible, we formulate an optimization problem 
in which the experimental parameters 𝝍 𝑖 are adjusted to minimize 
the model error 𝑅(𝝍 𝑖). Since certain samples of the experimental 
parameters will lead to more informative datasets, the error function 
will have at least one global minimum with possible local minima. 
However, the model error comprises both the error due to data quality 
— our primary focus — and errors stemming from variance compo-
nents and the suitability of the selected architecture. Consequently, the 
model error is stochastic, necessitating a derivative-free optimization 
method. Most optimization algorithms designed for stochastic prob-
lems are compatible with our framework. For example, particle swarm 
optimization (Guo et al., 2025) could also be utilized, but it requires 
many samples. However, since our goal is to minimize the number of 
experiments, we prioritize optimization algorithms that require fewer 
function evaluations (experiments). In this regard, the pattern search 
methods are particularly suitable, as they are derivative-free (Torczon, 
1997). For at least a moderate number of variables, they can han-
dle non-smooth problems with fewer function evaluations compared 
to other methods, such as genetic algorithms. With pattern search, 
experiments are executed sequentially in our approach, with new ex-
perimental parameters 𝑘𝝍𝑒

𝑖  sampled at each iteration using a mesh: 

𝑘𝝍𝑒
𝑖 = 𝝍 𝑖 + 𝛥 ⋅ 𝑘𝒗 , (7)

where 𝑘 denotes the number of mesh points, corresponding to the 
number of patterns 𝑘𝒗 chosen based on the sampling space dimension 
𝑀 . Furthermore, 𝛥 is the step length equivalent to the Euclidean 
distance between the exploratory steps 𝑘𝝍𝑒 and the mesh center 𝝍
𝑖 𝑖
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Fig. 2. Expanded NeuralODE architecture and learning process.
𝑢

representing the best current solution. If any of the exploratory steps 
produces a better solution such that 𝑅(𝑘𝝍𝑒

𝑖 ) < 𝑅(𝝍 𝑖), it becomes 
the new mesh center 𝝍 𝑖+𝑘 = 𝑘𝝍𝑒

𝑖 . The execution can be done such 
that all 𝑘 exploratory steps are executed first and the best solution is 
then evaluated, or using a greedy approach, where the mesh center 
is moved immediately to the first better solution. If the exploratory 
step is successful, meaning a better solution than the current one 
is found, the mesh is expanded. If no improvement is achieved, the 
mesh is contracted, with the current mesh center remaining unchanged 
𝝍 𝑖+𝑘 = 𝝍 𝑖. This approach enables the algorithm to balance exploration 
and exploitation within the sample space. Contraction continues until 
a predefined minimum mesh size 𝛥𝑡𝑜𝑙 is reached, at which point the 
algorithm terminates. Additional stopping criteria include cases where 
the model error tolerance is satisfied such that 𝑅(𝝍 𝑖) < 𝜖 or a 
predefined maximum number of experiments is reached. The stopping 
criteria are application-driven and are defined by the user.

4. Experimental validation on a tuned liquid column damper

A TLCD is an auxiliary mass control device consisting of a U-
shaped tube filled with Newtonian liquid (Altay and Klinkel, 2018). It 
dissipates energy through the movement of the liquid and head loss re-
sulting from directional changes and restrictions within the tube. Due to 
its geometric versatility and ability to achieve low frequencies, various 
TLCD layouts have been developed for civil engineering structures, such 
as skyscrapers and wind turbines. TLCDs are used both as standalone 
systems or in combination with other vibration control systems, such 
as base isolation (Furtmüller et al., 2019).

In this section, we experimentally validate the proposed framework 
using a TLCD prototype. We demonstrate how the optimal training 
dataset is autonomously identified to develop a NeuralODE model 
while minimizing the number of experiments. Additionally, we com-
pare the performance of the proposed framework with several standard 
unsupervised sampling methods. Furthermore, the data used for the 
presented results come from the experiments conducted in the labora-
tory and the simulations and investigations were performed in MATLAB 
R2023a. The neural network architecture was implemented using the
Deep Learning Toolbox. The pattern search optimization was performed 
using the Global Optimization Toolbox with the patternsearch function.

The study is structured as follows. Sections 4.1 and 4.2 introduce the 
experimental setup, parameters, and sampling space. Sections 4.3 and
4.4 describe the optimization algorithm parameters and the NeuralODE 
configuration and training procedure. Section 4.5 presents the investi-
gations and results, including the error surface (Section 4.5.1), a com-
parison with unsupervised methods (Section 4.5.2), NeuralODE train-
ing results and TLCD modal mass identification (Section 4.5.3), model 
robustness (Section 4.5.4), architectural modifications (Section 4.5.5), 
optimization parameter studies (Section 4.5.6), and a comparison with 
a genetic algorithm (Section 4.5.7).
6 
4.1. Experimental setup

The TLCD prototype used in this study is an omnidirectional TLCD 
mounted on a shaking table (Fig.  3, ¬). Omnidirectional TLCDs are 
capable of controlling vibrations in multiple lateral directions. As de-
scribed in Mehrkian and Altay (2020), their dynamic response can be 
represented by an SDOF system, independent of the excitation direc-
tion. The prototype features four L-arms, each divided into multiple 
cells ­. Liquid oscillation is measured using an ultrasonic level sensor 
® with a sampling rate of 100 Hz. Each cell can be opened or closed 
by actuators ¯ to achieve different natural frequencies, providing the 
damper with semi-active vibration control capabilities, as described 
in Mehrkian and Altay (2025). For brevity, the proposed framework 
is demonstrated using a single configuration, and the TLCD is excited 
uniaxially. An inlet/outlet pipe ° is used to fill the damper. The fluid 
motion in a TLCD is described by a streamline. The idle liquid height 
is 𝐿𝑉 = 125 mm, and the horizontal distance between the column axes 
is 𝐿𝐻 = 520 mm. The cells 𝑐1 and 𝑐2 are 70 mm wide, while cell 𝑐3 is 
50 mm wide. All cells have a length of 𝑑3 = 50 mm.

To illustrate the complexity of the system expected to be modeled, 
the analytical representation of the TLCD is presented, which is derived 
using the unsteady Bernoulli equation: 
̈ + 𝛿|𝑢̇|𝑢̇ + 𝜔2

𝐷𝑢 = 𝛾1𝑥̈ (8)

where 𝑢(𝑡) ∈ R denotes the liquid displacement, 𝑢̇ = 𝑑𝑢
𝑑𝑡  is the liquid 

velocity, 𝑢̈ = 𝑑2𝑢
𝑑𝑡2

 is the liquid acceleration, 𝑥̈(𝑡) ∈ R is the excitation 
acceleration applied to the damper, 𝛿 > 0 is the head loss coefficient 
representing nonlinear damping effects, 𝜔𝐷 > 0 is the natural circular 
frequency of the damper, and 𝛾1 ∈ R is a dimensionless geometric factor 
relating the excitation to the liquid motion. This equation of motion 
of the TLCD is assumed to be unknown in the proposed framework. 
The damper is characterized by its natural circular frequency, 𝜔𝐷, 
which can be analytically modeled with high accuracy (Mehrkian and 
Altay, 2020). Another critical parameter is the nonlinear damping term 
𝛿|𝑢̇|𝑢̇, where the head loss coefficient 𝛿 accounts for flow losses due 
to pipe friction and turbulence. While some analytical formulations 
exist, their accuracy is limited for complex TLCD layouts, as investi-
gated in Mehrkian and Altay (2025). Estimating the geometric factor 
𝛾1 is equally challenging. During the derivation of the equation of 
motion, this factor is introduced to consolidate the damper’s geometric 
parameters. The geometric factor 𝛾1 is defined as: 

𝛾1 =
𝐿𝐻

2𝐿𝑉 + 𝐴𝑉
𝐴𝐻

𝐿𝐻

, (9)

where 𝐴𝑉 ∕𝐴𝐻  represents the ratio of the cross-section areas of the ver-
tical and horizontal parts of the damper. Since 𝐿𝐻  and 𝐿𝑉  approximate 
the liquid flow direction, they are particularly challenging to determine 
for complex TLCD layouts, which impacts the accuracy of 𝛾1. However, 
ensuring the accuracy of this factor is crucial, as it corresponds to the 
modal mass of the damper, as discussed in Altay and Klinkel (2018), 
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Fig. 3. Experimental setup of the TLCD prototype with four L-arms connected to a uniaxial shaking table ¬, shown in the front view (a) and plan view (c), along 
with corresponding sketches (b) and (d). Each L-arm is divided into five cells ­. Liquid motion is measured using ultrasonic sensors ®, while actuators allow the 
cells to be opened or closed ̄ . Liquid can be added or removed through an inlet/outlet pipe °.
and is essential for designing structures equipped with TLCDs. In its 
expanded version, the NeuralODE can directly estimate the geometric 
factor 𝛾̂1 to circumvent this challenge, cf.  Section 4.4.

4.2. Experimental parameters and sampling space

As shown in Fig.  4, the excitation signal applied to the shaking table 
is parameterized while keeping other experimental conditions constant. 
Thus, simple harmonic excitation is used to generate training datasets 
𝑖 despite the potential superiority of other signals for model identifica-
tion. By retaining the transient response in the signal, it is assumed that 
the signal is sufficiently powerful to extract the necessary information. 
The goal is not to design the optimum excitation signal but rather to 
sample the most informative response data. Using a simple harmonic 
function allows for a two-dimensional parameterization: the excitation 
amplitude 𝑥0 and cyclic excitation frequency 𝑓𝑆 . This approach enables 
visualization of the model error 𝑅(𝝍), which would not be feasible 
with higher-dimensional parameterization.

The sampling space of the experimental parameters, the excitation 
amplitudes and cyclic excitation frequencies, is defined based on the 
damper’s operational range, which is determined by the maximum pos-
sible liquid displacement. The measured damper response (liquid level) 
and shaking table motion (base acceleration) are preprocessed. First, 
the raw measurement signals are filtered to remove high-frequency 
noise. Next, for training the NeuralODEs, the excitation signal is trans-
lated into an acceleration ẍ time history. Offsets and high-frequency 
noise are removed from the measured liquid displacement 𝑢, and the 
corresponding velocity 𝑢̇ is obtained through numerical derivation. 
Finally, the signals are then truncated to 20 s to obtain the same number 
of measurement points for each dataset. The response signals 𝑢 and 𝑢̇
serve as direct inputs to the NeuralODEs, while the excitation signal 𝑥̈
is added to the network output before integration.

Fig.  5 displays the sampling space for the experimental parameters. 
To gain a comprehensive understanding of the results, the experimental 
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parameters are initially sampled uniformly before applying the active 
learning framework. These sampling points are represented as dots in 
the figure. The displacement amplitudes are sampled in the range of 
5–40 mm, with increments of 5 mm. The excitation frequencies are 
sampled in the range of 0.40–0.96 Hz, with increments of 0.08 Hz, 
and additionally at 1.00 Hz. With active learning, the optimization 
algorithm will be restricted to selecting only from these points. If 
a sample is requested that does not correspond to these points, the 
point closest to the requested one will be used. While this restriction 
limits the effectiveness of the proposed framework, it allows for a 
more accurate comparison with unsupervised sampling methods by 
utilizing the same set of available points. An additional challenge arises 
from the indirect nature of the sampling process, as mentioned in 
the introduction. Although the goal is to obtain the training data, 
the testing-integrated framework prevents direct sampling. Instead, the 
excitation signal must be sampled first and applied to the testing system 
to generate the training data. Direct sampling methods are therefore 
not applicable. Furthermore, as indicated by the background color 
in Fig.  5, the acceleration amplitude of the shaking table increases 
quadratically with increasing frequency. This nonlinearity introduces 
another challenge in identifying optimal training data.

Fig.  6 displays the reference dataset 𝑅 used to evaluate the model 
error. Fig.  6(a) shows the sine-sweep excitation signal. A sine sweep 
was used because it effectively extracts comprehensive information 
about the system and serves as a reliable measure of model accuracy 
and generalization capability. The signal has a constant acceleration 
amplitude of 0.4 ms−2 and spans an excitation frequency range of 
0.40–1.00 Hz. With this excitation signal, the displacement response 
measurement shown in Fig.  6(b) was obtained. The displacement mea-
surement was numerically differentiated to obtain the velocity response 
shown in Fig.  6(c). It is evident from Figs.  6(b) and 6(c) that mea-
surement noise from the sensors and the shaking table is present in 
the datasets. Therefore, the dataset replicates a realistic scenario and 
poses an additional challenge for the trained model. The important 
parameters of the experiments are summarized in Table  1.
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Fig. 4. Workflow illustrating the process of obtaining a training dataset from a sampling point.
Fig. 5. Plot showing the relationship between displacement amplitude 𝑥0, 
cyclic excitation frequency 𝑓𝑆 , and acceleration amplitude 𝑥̈0 = −𝑥0(2𝜋𝑓𝑆 )2.

Table 1
Important parameters of the experiments.
 Parameter Value  
 Damper: Tuned Liquid Liquid level (𝐿𝑉 ) 125 mm  
 column damper Column distance (𝐿𝐻 ) 520 mm  
 Cross section (vertical) (𝐴𝑉 ) 16500 mm2  
 Cross section (horizontal) (𝐴𝐻 ) 8500 mm2  
 Training signal Signal type single-sine excitations 
 Amplitude range (𝑥0) 5–40 mm  
 Frequency range (𝑓𝑆 ) 0.40–1.00 Hz  
 Reference signal Signal type Sine-sweep excitation 
 Acceleration amplitude (𝑥̈0) 0.4 m/s2  
 Frequency range (𝑓𝑆 ) 0.40–1.00 Hz  

4.3. Pattern search parameters

The experimental parameters, 𝝍 𝑖 = [𝑥0𝑖 𝑓𝑆𝑖
]⊤, serve as inputs. The 

output is the model error 𝑅. The error measure used is the mean 
absolute error (MAE). The first guess for the experimental parameters 
𝝍  is random, and each subsequent set of experimental parameters is 
1

8 
determined by the optimization algorithm. The parameter space was 
scaled such that the boundaries are between 0 and 10 for all sampling 
parameters. The minimal basis set was used for the poll method, where 
the mesh points were determined by 𝑘𝝍𝑒

𝑖 = 𝝍 𝑖 + 𝛥 ⋅ 𝑘𝒗  with 𝑘𝒗 =
{[1 0]⊤, [0 1]⊤, [ −1 − 1]⊤}. To further minimize the number of 
experiments, a greedy approach was utilized by disabling complete poll
option. In addition the cash option was enabled, which allows us to keep 
the evaluation record such that the same point is not evaluated twice. 
The mesh tolerance 𝛥 was set corresponding to the distance measured 
between the two sampled parameters in the experimental campaign 
described in Section 4.2, such that when the mesh size becomes smaller 
than the distance between two points on the grid (shown in Fig.  5), 
the algorithm terminates. After each successful iteration, the mesh was 
expanded by a factor of 2, which is the default setting in MATLAB and 
was not further optimized.

Therefore, the convergence criteria were carefully selected to bal-
ance accuracy requirements with practical experimental constraints. 
The error threshold was set to 0.25 mean average error, which ap-
proximately translates to 0.1 normalized root mean square error, where 
normalization is performed using standard deviation. This corresponds 
to approximately 90% goodness of fit. This threshold was determined to 
be appropriate as it allows for both measurement noise and uncertainty 
as well as numerical processing and integration errors. The minimum 
allowed mesh size was set to 0.2, which corresponds to a distance in 
the measurement grid where performance does not vary significantly. 
The algorithm was allowed to run until either the minimum mesh size 
was reached or the minimum error threshold was satisfied, without 
restrictions on the maximum number of experiments.

4.4. Neural ordinary differential equation setup

Since the NeuralODE consists of an internal FNN that essentially 
learns a force-state map, and the anticipated nonlinearity has weak 
memory, the network architecture does not need to be deep, as dis-
cussed in Pei et al. (2022). Therefore, to model the TLCD, a NeuralODE 
consisting of a fully connected layer with 20 neurons and a sigmoid
activation function is used. The architecture has not undergone further 
optimization but initial tests suggest that it is sufficiently large to 
account for the expected system complexity, while remaining compact 
enough to avoid introducing significant variance error.

A sliding-window training scheme is adopted that preserves tem-
poral causality. The model is trained using contiguous, fixed-length 
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Fig. 6. Reference dataset obtained using a sine-sweep excitation. The excitation signal is shown in (a), and the damper displacement and velocity responses are 
shown in (b) and (c), respectively.
windows, each constructed by selecting random starting indices from 
the full time series. In this way, 100% of the signal contributes to 
training over the course of optimization (though not simultaneously), 
and no shuffling of time steps occurs, ensuring physically meaningful 
time dependencies. For validation, a held-out set of starting indices 
from the same signal (i.e. a segment-level split) is used at each iteration. 
The evaluation windows were also contiguous and did not reuse any 
of the training start positions, so the validation assesses generalization 
to unseen segment initial conditions rather than unseen time samples. 
The training parameters were selected based on preliminary tests to 
achieve a good balance of accuracy and stability. These intermediate 
results were omitted from the manuscript to maintain conciseness. 
The model was trained for 104 iterations with a batch size of 200. 
The NeuralODE time-length parameter 𝑁𝑡 specifies the number of 
prediction steps in the NeuralODE during the training. To account for 
the noise present in the dataset it was set to 40. This value was found 
as optimal, as smaller values of 𝑁𝑡 would lead to poor training and 
model accuracy, while larger values would increase the training time, 
but would not lead to better accuracy. The network parameters were 
initialized using Glorot initialization. The Adam (Adaptive Moment 
Estimation) optimization algorithm was employed with a learning rate 
of 0.01 and a gradient decay rate of 0.9 The training loss was obtained 
using the MAE as the error function. Furthermore, an ensemble of 
ten NeuralODEs was employed to reduce the training variance, each 
with identical architecture and training parameters but initialized with 
different random weights. After each training, all ensemble members 
were evaluated, and the member with the best performance is taken 
as the TLCD model. Finally, the modifications described in Section 3.1 
are utilized to incorporate the excitation signal and the identification 
of the geometric ratio 𝛾1, where the NeuralODE prediction is obtained 
from 𝜃 = −𝛾̂ .
𝑚 1
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4.5. Results and discussion

4.5.1. Error surface
To better demonstrate the performance of the proposed frame-

work, the model error over the entire sampling space is visualized. 
We emphasize that the error surface is created solely for illustrative 
purposes and is not part of the methodology, nor is it assumed to be 
known. Here, the NeuralODE ensemble is trained sequentially with 
the response data corresponding to the sampling points. After each 
training, the obtained model is evaluated on the reference dataset 
to obtain the model error. By plotting each corresponding 𝑅(𝝍) for 
each 𝝍 in the sampling range, the error surface can be obtained and 
therefore the objective function can be visualized. Fig.  7(a) illustrates 
the error surface, where a dark blue color indicates a more informative 
training dataset, and red indicates a poor dataset. Each number inside 
the square on the graph shows the MAE of the model. Hence, the 
surface regions shown in blue correspond to smaller errors and are 
the regions of high model accuracy. As described in Section 4.4, the 
errors shown in Fig.  7(a) correspond to the best trained member of 
the NeuralODE ensemble. It is evident that the best performance is 
at 𝝍 = [20mm 0.64Hz]⊤. Knowing that the natural frequency of the 
system, evaluated in a separate study, is 0.64 Hz, this expectation is met. 
However, the minimum model error does not align with the maximum 
excitation amplitude, contrary to intuitive expectations, underlining the 
need for the optimization algorithm. This discrepancy arises due to the 
simultaneous identification of the geometric scaling factor 𝛾1 and the 
state matrix by the NeuralODE. As the excitation amplitude increases, 
the transient stage of the response signal becomes less prominent, lead-
ing to non-unique solutions and, consequently, a less accurate model. 
Fig.  7(b) illustrates the smoothed error surface, which was obtained 
through linear interpolation of the discrete results.

Fig.  8 compares the reference signals with the response predicted 
by the model trained on the most informative data sampled at 𝝍 =
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Fig. 7. (a) Error surface representing the information content of each sampling point. Squares indicate the training sets obtained using a sine excitation with 
the shown amplitude and frequency. The displayed value represent the mean absolute error (MAE) of the model when evaluated using a sine sweep, where red 
indicates high error. (b) Linear interpolation of (a) using the grid points, providing a smooth representation of the error surface.
[20 cm 0.64Hz]⊤. As shown, the model accurately replicates the unseen 
reference signal. From the error surface (Fig.  7) and the depicted 
responses (Fig.  8), the following results can be interpreted:

• The error surface has a minimum, which justifies the assump-
tion that there is a region in the sampling space that is more 
informative.

• The error surface is stochastic, hence the use of a stochastic 
optimization algorithm is justified.

• The optimal training dataset is attainable as shown in Fig.  8. This 
result confirms that the simple harmonic excitation is powerful 
enough to extract data from this system, such that the trained 
model achieves the desired accuracy on the reference set. Further-
more, the trained model can handle a significant levels of noise 
present in the training set, as shown in Fig.  8(c) where it can be 
seen that the model prediction is smooth.

4.5.2. Comparison to unsupervised sampling methods
Three different unsupervised sampling methods are used as bench-

marks to investigate the performance of the proposed methodology:

• Uniform Random Sampling,
• Latin Hypercube Sampling (LHS),
• Sobol Sequence Sampling.

For the Uniform Random Sampling and LHS, the default settings of 
MATLAB were used. The Sobol set was generated using the option to 
skip the first 1000 points in the sequence and to take every 101st point 
after the initial skip. Both of these settings are used to improve the 
quality of the obtained distribution by increasing the uniformity of the 
distribution of the sampled points.

For the unsupervised sampling methods, the number of sampled 
points is predetermined and the sampling point distribution in the 
sampling space depends on the method itself. Since the aforemen-
tioned unsupervised methods are quasi-random, the sampling point 
distribution they generate will be different each time they are applied. 
Comparison with unsupervised sampling methods is a common ap-
proach for evaluating active learning techniques, and it has been shown 
that active learning methods do not always outperform them (Yang 
and Loog, 2018). To obtain a statistically viable picture, the sampling 
methods were run 1000 times, each time sampling 5, 10, 15, 20 points. 
The success rate was determined by evaluating the model error and 
identifying the number of successfully trained models out of 1000 runs. 
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Table 2
Success rates of different sampling methods across varying number of exper-
iments, evaluated over 1000 independent runs. The proposed active learning 
framework achieves 90% success rate with significantly fewer experiments 
than unsupervised methods.
 Number of experiments
 Method 10 20 30 40 50  
 Uniform Random Sampling 34.2% 54.9% 64.9% 75.3% 85.3% 
 Latin Hypercube Sampling 38.6% 65.7% 75.6% 85.7% >90%  
 Sobol Sequence 37.6% 66.0% 82.0% >90% >90%  
 Active Learning (Proposed) 50.2% >90% >90% >90% >90%  

For example, using random sampling with 20 points, the simulation 
is run 1000 times with different random distributions of 20 points, 
and 𝑜𝑝𝑡 was successfully identified 549 times, hence the success rate 
of 54.9%. The results are shown in Fig.  9(a) and summarized in 
Table  2 showing that the proposed active learning framework clearly 
outperforms all unsupervised sampling methods across all sample sizes 
tested. Here, the number of sampling points required by each method 
to achieve a success rate of at least 90% is also shown. For a fair 
comparison, the proposed active learning framework was initialized 
1000 times with the Halton Sequence Sampling. This approach ensured a 
uniform distribution of the starting points and eliminated any bias that 
could result from the initial sampling. The number of sampling steps 
required to identify the optimal training dataset was counted for each 
sequence to obtain the success rate. After running all 1000 simulations, 
the histogram shown in Fig.  9(b) is obtained and shows the frequency of 
success of the proposed framework. The proposed methodology clearly 
outperforms the unsupervised sampling methods by reaching a success 
rate of 90.4% with only 20 experiments. In comparison, the best-
performing unsupervised sampling methods, LHS and Sobol sequence, 
achieve with the same number of experiments a success rate of about 
66% and require at least 35 to 45 experiments to reach the same success 
rate as the proposed approach.

Fig.  10 illustrates example cases of points placements generated by 
the unsupervised sampling methods and the proposed active learning 
framework on the smoothed error surface. Since the proposed approach 
requires in average 10 experiments (cf. Fig.  9(b)) to achieve the de-
fined success rate, this case is depicted in the figure. It should be noted 
that the efficiency of unsupervised sampling methods is enhanced by 
the constrained sampling space. Expanding the sampling space would 
make it more challenging for these methods to effectively cover the 
area. Consequently, the benefits of the proposed method are expected 
to be even more pronounced in such scenarios.
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Fig. 8. Plots showing the reference dataset obtained using sine-sweep excitation shown in (a) with the damper displacement (b) and velocity (c) shown in green. 
Furthermore (b) and (c) show the performance of the NeuralODE when trained with the optimal training dataset obtained by the proposed framework.
Fig. 9. (a) Success rate of the proposed active learning framework compared to unsupervised sampling methods. The plot shows that the proposed method 
achieves the success rate of 90% with only 20 samples, whereas other methods require at least 35 samples to achieve the same performance. (b) Histogram 
showing the frequency of convergence for the proposed framework, showing the number of experiments which was required to find the optimum training data 
set for each of 1000 runs.
4.5.3. Training of the neural ordinary differential equation
Table  3 summarizes the NeuralODE architecture, training param-

eters, and performance metrics obtained with the optimal training 
dataset. Fig.  11(a) shows the training loss obtained using the MAE 
as the error function for the optimal training dataset, indicating that 
the model is learning effectively from the data. The training starts 
with a rapid decline reaching a steady convergence after around 7000 
iterations. Fig.  11(b) depicts the estimated 𝜃𝑚, which provides the 
geometric factor as 𝛾̂1 = −𝜃𝑚, converging to 0.40. This result closely 
matches the theoretical value obtained according to analytical methods 
from (Mehrkian and Altay, 2020, 2025). Note that the identification of 
the geometric factor is enabled by the NeuralODE setup and would 
not be possible if a classical FNN were used, as the FNN would re-
quire a measurement of the restoring force. In the presented case, 
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the NeuralODE model was able to identify a meaningful geometric 
factor, even when initialized with a physically impossible negative 
value demonstrating the robustness of the proposed approach.

Furthermore, the effectiveness of using an ensemble of NeuralODEs 
to eliminate the training variance is investigated. Fig.  12(a) presents 
the error surface observed when a single NeuralODE is utilized. This 
figure highlights the variance and potential instability in the training 
process when relying on a single model. Fig.  12(b) demonstrates the 
improvement in the error surface when the network ensemble is used, 
indicating a more stable outcome. The shown values are calculated by 
subtracting the error surface obtained using the ensemble (Fig.  7(a)) 
from the error surface obtained using a single NeuralODE (Fig.  12(a)). 
Using an ensemble, variance is significantly reduced, leading to more 
consistent and accurate parameter identification and model generation. 
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Fig. 10. Figures showing an instance of sampling point distribution using (a) Uniform Random Sampling, (b) LHS and (c) Sobol Sequence Sampling methods. 
Figure (d) shows an example of the typical convergence with the proposed active learning framework. The framework starts with an initial sampling point (green) 
and finds the optimal training dataset (magenta).
Fig. 11. (a) Training history of the NeuralODE calculated as the mean absolute error (MAE) and shown on a logarithmic scale. (b) Plot showing the estimated 
value of the 𝜃𝑚 from which the geometric factor is determined as 𝛾̂1 = −𝜃𝑚 = 0.40.
This methodological enhancement underscores the importance of en-
semble approaches in neural network training and their contribution 
to robust model performance.

4.5.4. Robustness and generalization assessment
To evaluate the generalization capability of the NeuralODE model, 

testing was conducted using a broadband noise excitation that differs 
significantly from the training data. Random noise excitation contains 
energy distributed across a wide range of frequencies simultaneously 
and exhibits stochastic characteristics that fundamentally differ from 
the periodic structure of harmonic signals. This provides a rigorous 
evaluation of model generalization.

This study was performed numerically, as the experimental setup is 
limited to periodic excitation and cannot produce broadband random 
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input signals. The NeuralODE was trained exclusively on harmonic 
excitation data (single-sine signals) synthetically generated by a nu-
merical TLCD model according to Eq. (8). The natural frequency was 
assumed as 𝜔𝐷 = 0.64 Hz based on preliminary studies with the 
specimen. The geometric factor 𝛾1, which corresponds to the modal 
mass, was kept at 𝛾1 = 0.39, while the head loss coefficient was set 
to 𝛿 = 8.275 m−1. As the test signal, zero-mean Gaussian white noise 
was applied, as shown in Fig.  13(a).

Despite this significant domain shift, the NeuralODE maintains 
satisfactory prediction accuracy for both displacement (Fig.  13(b)) and 
velocity (Fig.  13(c)) responses. While some discrepancies are visible 
— particularly in high-frequency components — the NeuralODE suc-
cessfully captures the overall system dynamics, response amplitude, 
dominant frequency content, and phase relationships. These results 
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Fig. 12. The difference in the obtained mean absolute error (MAE) of the model when a single NeuralODE is used (a) and when an ensemble of NeuralODEs is 
used (b). The ensemble is used to reduce the variance error coming from the training algorithm.
Fig. 13. Performance of the NeuralODE model in predicting broadband noise signal: (a) random noise excitation, (b) comparison of displacement responses, (c) 
comparison of velocity responses. The model demonstrates high accuracy despite the significant difference from the sine training signal.
demonstrate that the NeuralODE effectively learns the system dy-
namics and is capable of predicting responses to previously unseen 
excitation signals.

4.5.5. Sensitivity analysis of Neural ODE modifications
A sensitivity study was conducted to systematically isolate the ef-

fects of both the forced-input term and the modal mass parameter 𝜃𝑚 in 
the modified NeuralODE formulation. The study demonstrates the ne-
cessity of each component through controlled numerical experiments. 
Three distinct training scenarios were designed to isolate the individual 
contributions of forced excitation and modal mass parameterization, 
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as shown in Table  4. All trained models were evaluated on identical 
sine-sweep reference data to ensure fair comparison of generalization 
performance.

The comparison between Cases 1 and 2 isolates the effect of the 
modal mass parameter when no forced excitation is present in training. 
As shown in Fig.  14 (Case 1), when the modal mass is provided, 
training on initial conditions alone produces excellent performance on 
the reference signal. The model successfully learns the system dynamics 
and accurately predicts both displacement and velocity responses. In 
contrast, Fig.  15 (Case 2) demonstrates the critical importance of the 
modal mass parameter. When 𝜃  is unknown, the model fails to achieve 
𝑚
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Fig. 14. Case 1 — training with initial conditions and known modal mass: comparison of displacement (a) and velocity (b) responses. Model is able to learn 
system dynamics from free response data.
Fig. 15. Case 2 — training with initial conditions and unknown modal mass: comparison of displacement (a) and velocity (b) responses. Temporal patterns are 
captured, but amplitude scaling is incorrect due to missing mass parameter.
Table 3
Neural ODE configuration and training statistics for the optimal training 
dataset.
 Parameter Value  
 Architecture Hidden layer neurons 20  
 Activation function Sigmoid 
 Ensemble size 10  
 Training parameters Maximum iterations 104  
 Batch size 200  
 Time-length parameter (𝑁𝑡) 40  
 Learning rate 0.01  
 Gradient decay rate 0.9  
 Optimizer Adam  
 Initializer Glorot  
 Performance metrics Final training loss (MAE) 0.11  
 Final validation loss (MAE) 0.15  
 Reference set error (MAE) 0.23  
 Identified geometric factor (𝛾̂1) 0.40  
 Theoretical geometric factor (𝛾1) 0.39  

Table 4
Sensitivity study design to isolate the effects of forced excitation and modal 
mass parameter identification.
 Case Training excitation Modal mass (𝜃𝑚) known 
 1 Initial conditions Yes  
 2 Initial conditions No  
 3 Harmonic excitation No  
14 
proper scaling of the response, despite capturing the general dynamic 
behavior. The predicted responses exhibit correct temporal patterns 
but incorrect amplitudes, confirming that the modal mass parameter 
is essential for accurate forced response prediction. In Fig.  16 (Case 
3), which corresponds to the proposed active learning framework, the 
model is able to both learn the system dynamics and discover the modal 
mass.

The training dynamics were further analyzed when 𝜃𝑚 is learned 
simultaneously with the neural network parameters. Fig.  17 compares 
the training loss convergence with and without modal mass parameter 
learning. The results show that including 𝜃𝑚 as a learnable parameter 
introduces only a marginal increase in training iterations, with no 
significant computational overhead, demonstrating the efficiency of the 
joint optimization approach. The convergence history of the modal 
mass parameter during training is shown in Fig.  18. The parameter con-
sistently converges to the correct value across multiple training runs, 
confirming the stability and reliability of the identification process 
when using informative excitation signals.

The sensitivity study establishes several critical findings. First, the 
comparison of Cases 1 and 2 confirms that 𝜃𝑚 is essential for accurate 
amplitude prediction in forced systems. Second, the comparison of 
Cases 2 and 3 demonstrates that forced excitation data is necessary for 
modal mass identification. Third, the simultaneous learning of network 
parameters and 𝜃𝑚 is computationally efficient and numerically stable. 
Finally, the modal mass parameter consistently converges to the correct 
value when trained with informative excitation signals. These results 
validate both modifications to the standard NeuralODE formulation as 
necessary and sufficient for accurate dynamical system identification 
with unknown mass parameters.
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Fig. 16. Case 3 — training with harmonic excitation and unknown modal mass: comparison of displacement (a) and velocity (b) responses. Model is able to 
learn system dynamics and discover modal mass.
Fig. 17. Training loss convergence comparison with (a) and without (b) modal mass parameter learning. Each color represents a run with a different initial 
value. The identification of the modal mass introduces minimal additional computational cost.
Fig. 18.  Modal mass parameter convergence history during training across 
multiple runs with varying initial values (different colors). The consistent 
convergence to the correct value, regardless of initialization, demonstrates the 
reliability and robustness of the identification process.

4.5.6. Sensitivity analysis of optimization parameters
A sensitivity analysis of the pattern search optimization parameters 

was conducted to assess the robustness of the optimization procedure 
15 
and to justify the selected algorithm settings. All experiments were 
conducted on the same TLCD identification problem, where the error 
surface shown in Fig.  7 was used as the objective function for the opti-
mization. Similarly to results presented in Section 4.5, the success rate 
was used as the main performance metric. The analysis systematically 
examined three key parameters:

• Initial mesh size: 0.5, 1, 2, 4, and 8 (in scaled parameter space 
[0, 10])

• Poll method: Four different polling strategies were tested, varying 
in the number and direction of search points evaluated at each 
iteration

• Initial guesses: 1000 initial points uniformly distributed using 
Halton Sequence Sampling

Fig.  19(a) shows the sensitivity to initial mesh size. The initial mesh 
size significantly affects optimization performance, with the optimal 
mesh size of 4 achieving the best overall performance, validating the 
choice used in the paper. Medium-range mesh sizes (2–4) provide opti-
mal balance between exploration capability and convergence precision. 
In contrast, very small mesh sizes (0.5) lead to premature local con-
vergence. This result is consistent with previous findings, confirming 
that intermediate mesh sizes enable effective parameter space coverage 
during optimization.

Fig.  19(b) shows a comparison of poll methods. The investigated 
four poll methods differ in how they generate candidate points around 
the current best solution. Poll Method #1 evaluates 3 points using a 
minimal positive basis with directions along the positive coordinate 
axes and one negative diagonal direction. Poll Method #2 evaluates 
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Fig. 19. Sensitivity analysis of pattern search optimization parameters: (a) influence of initial mesh size on convergence behavior; (b) comparison of different 
poll methods; (c) combined influence of poll method and mesh size; (d) spatial distribution of converged (hollow) and non-converged (red) initial points in the 
parameter space.
4 points using a positive basis that includes all positive and negative 
coordinate directions (i.e., 2𝑁 directions in an 𝑁-dimensional space). 
Poll Methods #3 and #4 employ adaptive mesh strategies that dy-
namically adjust the search directions based on local geometry: Poll 
Method #3 uses 𝑁 + 1 directions with Mesh Adaptive Direct Search, 
while Poll Method #4 uses an orthogonalized mesh with 2𝑁 directions, 
enabling a more systematic exploration of the search space. Results 
show that the choice of poll method can significantly affect the perfor-
mance of the algorithm. Poll Method #2 achieves the highest overall 
success rate but requires more experiments. Poll Method #1, used in 
Section 4.5, reaches 90% success rate with fewer average function 
evaluations, providing better efficiency. Poll Method #1 uses 3 poll 
points versus 4 for Poll Method #2, explaining the efficiency advantage 
when fewer experiments are required. Both Poll Methods #3 and #4 
show inferior performance for this specific problem. Hence, the choice 
of Poll Method #1 represents an optimal balance between reliability 
and computational efficiency.

In Fig.  19(c), Poll Method #2 was further evaluated with differ-
ent initial mesh sizes to examine whether its performance could be 
improved. Testing Poll Method #2 with varying initial mesh sizes 
confirms that the influence of mesh size effect is consistent across poll 
methods. Nevertheless, the reference configuration (Poll Method #1, 
mesh size of 4) yields the best overall performance.

Finally, Fig.  19(d) presents the initial guess distribution analysis. 
The spatial distribution of converged and non-converged initial points 
reveals a clear correlation between proximity to the global optimum 
and convergence success. Initial points in the range of [0.5…0.6] Hz
exhibit higher failure rates, likely due to mesh size causing the algo-
rithm to overshoot potential solutions in this region. A few scattered 
non-converged points are observed, which can be attributed to the 
stochastic nature of the optimization landscape. It should be noted that 
these initial points were also used to obtain the convergence statistics 
shown in Fig.  10.
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The findings confirm that the chosen pattern search configuration 
was deliberately selected to minimize function evaluations while main-
taining effectiveness. The sensitivity analysis validates this choice by 
showing that the selected parameters (mesh size 4, Poll Method #1) 
provide near-optimal performance. Further tuning of these parameters 
yields marginal improvements in success rate, but at the cost of a 
significantly higher number of function evaluations, i.e., experiments. 
As noted, the parameter space was scaled to [0, 10] for both amplitude 
and frequency to ensure algorithmic generality across different TLCD 
configurations. This scaling approach, combined with the validated 
parameter settings, establishes a robust optimization framework that 
can be translated to other problems.

4.5.7. Comparison with a genetic algorithm
For the proposed active learning framework, pattern search was 

selected due to its demonstrated efficiency in other applications with 
respect to the number of required function evaluations, which in this 
context correspond directly to physical experiments. While more ad-
vanced optimization algorithms could also be used when experimental 
budgets and timelines allow, an algorithm such as pattern search offers 
clear advantages when each function evaluation requires substantial 
time and resources. To justify the choice of optimization algorithm, 
a comparison between pattern search and a genetic algorithm was 
conducted using identical problem setups and convergence criteria, 
as described in Section 4.5.2. Both algorithms were tested in 1000 
independent optimization runs to ensure statistical significance.

The results in Fig.  20 demonstrate clear advantages of pattern search 
for this application. Both algorithms were configured to achieve a 
success rate of 90% across 1000 runs to ensure a fair comparison. 
Fig.  20(a) shows the distribution of function evaluations for both 
algorithms. The pattern search exhibits a more concentrated distribu-
tion around the median value, whereas the genetic algorithm shows 
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Fig. 20. (a) Comparison of the success rates of the pattern search (PS) and the genetic algorithm (GA) (b) histogram showing the frequency of convergence for 
the pattern search and the genetic algorithm for 1000 runs.
𝑢

Table 5
Comparison of pattern search and genetic algorithm performance over 1000 
independent optimization runs. Pattern search demonstrates superior efficiency 
and lower variability.
 Metric Pattern search Genetic algorithm 
 Mean function evaluations 9.0 14.5  
 Median function evaluations 9.0 13.0  
 Standard deviation 4.2 11.9  
 Success rate at 90% 20 experiments 55 experiments  

substantially greater variability, as reflected by its higher standard de-
viation and a larger number of outliers that require excessive function 
evaluations. This variability makes pattern search more predictable and 
therefore better suited for experimental planning, where resource allo-
cation and time scheduling are critical constraints. Table  5 presents a 
quantitative comparison of the two optimization algorithms. Quantita-
tively, pattern search requires significantly fewer function evaluations 
on average, with a mean of 9.0 and a standard deviation of 4.2, 
compared to the genetic algorithm’s mean of 14.5 and a standard 
deviation of 11.9. The median number of function evaluations further 
highlights this efficiency advantage: Pattern search required only 9.0 
evaluations compared to 13.0 for the genetic algorithm, representing 
approximately a 31% reduction in experimental cost. This empirical 
comparison validates the choice of pattern search as the optimization 
algorithm for the proposed framework, demonstrating its superior effi-
ciency and reliability for experimental parameter identification in this 
application.

5. Application example

In this section, we present how the obtained NeuralODE model of 
the TLCD can be further utilized. Here, the focus is on its application 
in structural analysis, but further applications such as structural health 
monitoring are possible as well. Our goal is to assess whether the 
damper properties are appropriate for the structure. In particular, we 
investigate an SDOF system subjected to a dynamic force shown in 
Fig.  21. The application process is similar for multi-degree-of-freedom 
(MDOF) systems with either single or multiple TLCDs.

The equation of motion representing the structure reads as follows: 

𝑥̈ + 2𝐷𝑠𝜔𝑠𝑥̇ + 𝜔2
𝑠𝑥 = −𝜇(𝑥̈ + 𝛾̂2 ̂̈𝑢) + 𝑓, (10)

where the damping ratio of the structure is 𝐷𝑠 = 1%, the natural 
frequency is 𝜔𝑠 = 4.22 rad s−1 corresponding to 0.67 Hz, and the mass 
ratio of the damper liquid mass to the modal mass of the structure is 
𝜇 = 𝑚𝑑∕𝑚𝑠 = 11.7∕180 = 6.5%. Additionally, 𝑓 = 𝐹 (𝑡)∕𝑚𝑠 represents 
the time-dependent, mass-normalized excitation. Corresponding to the 
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Fig. 21. The studied structure with the TLCD.

reference signal, with which the NeuralODE model was obtained, a 
sine-sweep signal is chosen in the range of 0.40–1.00 Hz as excitation 
with constant amplitude, as shown in Fig.  22(a). In Fig.  22(b), it can be 
seen that the frequency of the excitation signal increases linearly over 
time.

When coupled with the structure, a second geometric factor, 𝛾̂2, has 
to be estimated. Similar to the first geometric factor, 𝛾1, it depends on 
the TLCD’s geometry. Since the cross-sectional areas, 𝐴𝑉  and 𝐴𝐻 , can 
be easily measured, it is assumed that they are known. However, as 
mentioned before, 𝐿𝐻  and 𝐿𝑉  are approximations of the liquid flow 
direction and are particularly challenging to determine for complex 
TLCD layouts. Therefore, we assume 𝐿𝐻  based on the TLCD’s geometry 
and estimate the missing 𝐿𝑉  substituting the first geometric factor, 𝛾̂1, 
estimated by the NeuralODE in the corresponding Eq. (9). Once 𝐿𝑉  is 
identified, the second geometric factor can be estimated from: 

𝛾̂2 =
𝐿𝐻

2𝐿𝑉 + 𝐴𝐻
𝐴𝑉

𝐿𝐻

. (11)

In this way, any error introduced by the approximation of 𝐿𝐻  is 
effectively removed. In Eq. (10), the acceleration response of the TLCD, 
̂̈, is estimated by the NeuralODE model. Corresponding to Eq. (8), 
this model uses the acceleration of the structure, ẍ, multiplied by the 
first geometric factor, 𝛾̂1, as its dynamic force input. A simultaneous 
inference of the NeuralODE model with Eq. (10) yields the dynamic 
response of the structure-TLCD system. It can be seen from Fig.  22(d) 
that the frequency response of the structure is significantly improved 
when compared to the uncontrolled case. This is further highlighted in 
Fig.  22(c), which shows the displacement time histories of the structure 
with and without the TLCD.
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Fig. 22.  (a) Excitation signal. (b) The frequency content of the excitation signal plotted over time. (c) Displacement of the structure. (d) The frequency response 
of the structure with and without the damper.
6. Conclusion

In this study, an active learning framework was proposed for data-
efficient modeling of TMDs. The framework aims to efficiently generate 
experimental data and develop a model of the tested specimen. It allows 
the model to actively query the parameters defining the experimental 
conditions, such as the excitation signal, ambient temperature, and 
factors specific to the specimen. For this purpose, the pattern search 
algorithm was employed to optimize the experimental parameters, 
focusing on improving model accuracy by generating the most infor-
mative data with the fewest experiments. To evaluate the model, a 
reference signal was used, corresponding to those typically applied 
in laboratory performance testing based on application requirements 
and industry codes. As a model, extended versions of NeuralODEs 
were developed, enabling the prediction of system states under forced 
vibrations without requiring restoring force measurements. Unlike their 
classical counterparts, the proposed NeuralODE architecture can also 
estimate the modal mass of the control device in addition to its state. 
This new feature is expected to be useful not only for the paper’s 
target application but also for other structural dynamics modeling and 
system identification tasks. By employing an ensemble of NeuralODEs, 
the training variance was reduced, further enhancing the framework’s 
performance.

The proposed framework was validated on a TLCD prototype mou-
nted on a shaking table, as it would be for an industrial perfor-
mance test. A simple harmonic signal was used to generate response 
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data, with the amplitude and frequency selected as experimental pa-
rameters. A sine sweep was used as the reference signal. After ran-
domly initializing the optimization algorithm, the proposed frame-
work identified the optimal training dataset. Once trained on this 
dataset, the NeuralODE model accurately predicted the TLCD response, 
demonstrating the framework’s effectiveness. The framework was then 
compared to three unsupervised sampling methods (Uniform Random 
Sampling, LHS, Sobol Sequence Sampling). The proposed framework 
outperformed these methods, achieving a success rate of 90% with only 
20 experiments, whereas the best-performing unsupervised sampling 
method (Sobol sequence) required at least 35 experiments to reach 
the same success rate, representing a 43% reduction in required ex-
perimental effort. Finally, the generated NeuralODE model was used 
to simulate the TLCD when coupled with a structure, showing the 
potential of the generated model in engineering applications.

6.1. Contributions of the proposed framework to research and industrial 
communities

6.1.1. Scientific contributions
• Development of an active learning framework that autonomously 
selects informative experiments via pattern search to maximize 
model accuracy with minimal experiments.

• Extension of the NeuralODE architecture to forced vibrations 
which includes modal mass estimation without restoring-force 
measurements.

• Experimental validation demonstrating that the proposed method 
achieves the target accuracy with significantly fewer experiments 
than the best unsupervised sampling methods.
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6.1.2. Industrial relevance
• Accelerated design and control analysis for TMDs and TLCDs 
through reduced experimental effort.

• Reduced instrumentation requirements by eliminating the need 
for force measurements.

• Seamless integration with standard performance testing protocols.
• Efficient development of digital twins for vibration control de-
vices. The resulting data-driven models can be readily applied to 
control system design, performance optimization, and predictive 
maintenance applications.

6.2. Limitations of the study

The current framework is designed for SDOF systems, accommodat-
ing only nonlinearities with weak memory effects, where the response 
characteristics do not strongly depend on past states. While this is 
sufficient for the target application, future research could focus on 
expanding the framework to other systems. Such an expansion will 
necessitate the development of additional training strategies, including 
the use of additive training datasets. Furthermore, the approach does 
not provide direct uncertainty quantification of the trained model. 
NeuralODEs do not inherently quantify prediction uncertainty, which 
limits confidence assessment of model predictions. While ensemble 
methods can partially address this limitation by providing variability 
estimates across models, formal uncertainty quantification remains an 
area for future development.

Glossary

List of Abbreviations

Adam Adaptive Moment Estimation

ANN Artificial neural network

DOE Design of experiments

FNN Feedforward neural network

GPSSMs Gaussian Process State-Space Models

LHS Latin Hypercube Sampling

MAE Mean absolute error

MDOF Multi degree of freedom

NeuralODE Neural Ordinary Differential Equation

ODE Ordinary differential equation

SDOF Single degree of freedom

TLCD Tuned liquid column damper

TMD Tuned mass damper
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