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 a b s t r a c t

Design of Experiments is a key methodology for optimizing machine learning models, but traditional methods 
often depend on extensive real data collection, which is costly and time-consuming. Moreover, predefined ex-
perimental designs may struggle at adapting to complex or high-dimensional input spaces, sometimes leading to 
inefficient exploration, especially when data are scarce and uncertainty is high. To address these challenges, we 
propose a methodology that integrates uncertainty estimation with synthetic data generation. First, we evaluate 
several uncertainty estimators (Gaussian Process, Monte Carlo Dropout and Tree-based ensembles) which iden-
tify the input regions where the current model is most uncertain. Next, we analyze different generative models 
(Variational Autoencoders, Generative Adversarial Networks, and Large Language Models) trained under varying 
levels of data availability (from only 10% of the real dataset up to full data), to test their robustness in extreme 
scarcity conditions. Finally, we combine the best uncertainty estimator with the most reliable generative model 
in a hybrid active learning pipeline. Beyond the standard setting, we systematically vary the number and pro-
portion of synthetic versus real samples, showing how the mixture affects predictive accuracy and uncertainty 
reduction. Results of the experimentation show that Gaussian Process uncertainty estimation outperforms other 
tested methods under extreme data scarcity, and that Variational Autoencoders produce the most stable syn-
thetic samples with as little as 10% of the real data used for training. The full hybrid loop (Gaussian Process + 
Variational Autoencoder) achieves similar R2 to baselines while driving down uncertainty significantly faster, 
offering a data-efficient strategy for costly experimental contexts.

1.  Introduction

Design of Experiments (DoE) is a fundamental methodology for sys-
tematically exploring input variables to gain insights into system behav-
ior and optimize performance across various engineering and industrial 
domains [1]. In the context of machine learning prediction tasks where 
data is collected from a specific domain, DoE plays a crucial role in con-
structing informative datasets that support accurate and robust model 
training. By carefully selecting experimental conditions, researchers aim 
to maximize the predictive power of their models while minimizing the 
number of required experiments. However, in many real-world scenarios 
data collection is often costly, time-consuming, and resource-intensive, 
making traditional DoE approaches difficult to implement.

One of the primary limitations of traditional DoE techniques, such as 
factorial designs [2], response surface methods [3], and Latin hypercube 
sampling [4], is that their reliance on a predefined sampling strategy 
does not dynamically adapt to the complexity of the underlying model 
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or to changes in the data distribution over time [5]. In data-scarce sce-
narios, where the number of real experiments is constrained by cost, 
time, or feasibility, such rigid sampling approaches may lead to subop-
timal model performance due to an inadequate exploration of the most 
informative regions of the input space. This may result in poor general-
ization, higher prediction uncertainty, and an incomplete understanding 
of the system under study.

To address these challenges, active learning frameworks that dynam-
ically select new experiments based on the model’s uncertainty have 
been studied [6,7]. Such approaches continually evaluate model con-
fidence to decide which data points to acquire next, and has been ap-
plied effectively in different domains [8,9]. In order to quantify uncer-
tainty at each point, techniques such as Gaussian Processes (GP) [10] 
and Monte Carlo Dropout (MC-Dropout) [11] have been extensively em-
ployed. These methods provide insights into the model’s confidence in 
its predictions across different regions of the input space. In the con-
text of DoE for machine learning, uncertainty estimation helps identify 
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areas where the model lacks sufficient knowledge, often due to limited 
or biased data coverage. By quantifying uncertainty, we can prioritize 
data collection in the most informative areas, ensuring that additional 
experiments contribute meaningfully to improving model performance 
rather than redundantly sampling well-explored areas.

However, as previously mentioned, collecting real data in these un-
certain regions is often costly or impractical. In such cases, data aug-
mentation techniques provide a powerful alternative by generating syn-
thetic data to expand the available dataset without the need for ad-
ditional real-world experiments. Several well-established methods for 
synthetic data generation have been developed to address this issue. 
Classical approaches like SMOTE [12] and its variants have long been 
used to handle data scarcity by interpolating between existing samples. 
More recently, deep learning-based methods for synthetic data gener-
ation have emerged as powerful tools. Unlike many pipelines focused 
on images, our work addresses the tabular data domain, which presents 
unique challenges in maintaining realistic feature correlations. In par-
ticular, generative modeling techniques such as Generative Adversarial 
Networks (GANs) [13] and Variational Autoencoders (VAEs) [14] learn 
to approximate the real data distribution and generate new synthetic 
samples. Even Large Language Models (LLMs) [15] emerged as a viable 
option for generating quality artificial data. However, these strategies 
rely on complex and deep architectures, which makes their effective-
ness particularly challenging in data-scarce scenarios, where there is 
already a limited amount of real data to generate reliable synthetic sam-
ples. Overcoming this limitation may require a more targeted approach, 
where the synthetic data is generated in a principled manner (guided 
by uncertainty estimation) to focus on the most informative and under-
explored regions of the input spaces of the data space.

Therefore, in this paper we propose a methodology for DoE that ac-
celerates the reduction of the model’s predictive uncertainty by strategi-
cally integrating uncertainty estimation and synthetic data generation. 
Rather than relying on predefined experimental sampling strategies, our 
approach dynamically identifies the regions of highest uncertainty in 
the input space, and generates high-quality synthetic data specifically in 
those zones to enrich model learning. By leveraging uncertainty-guided 
synthetic data augmentation, we ensure that the most informative ar-
eas are addressed, leading to more targeted and efficient experimental 
designs. The experiments are based on a real-world dataset from a fem-
tosecond laser texturing process, where each simulation requires exten-
sive computational resources and time. As a result, only a limited num-
ber of data points is available. This data scarcity highlights the need for 
a methodology that can efficiently focus sampling efforts and augment 
the dataset through synthetic samples, targeting areas of high uncer-
tainty. Building on this scenario, our goal is to contribute to the field in 
three different ways, which can be summarized as follows:

• Contribution 1 (C1): We evaluate how different uncertainty estima-
tion techniques (GP, MC-Dropout and Tree-based Ensembles) can be 
leveraged to identify the most informative regions of the input space, 
optimizing the selection of experimental data points via active learn-
ing.

• Contribution 2 (C2): We investigate the effectiveness of synthetic 
data augmentation using three different deep learning architectures 
(GAN, VAE, LLM), assessing their ability to generate high-quality 
synthetic samples that enhance model performance, especially when 
real data is limited.

• Contribution 3 (C3): We introduce a hybrid methodology that inte-
grates uncertainty estimation and synthetic data generation within 
an active learning loop, by dynamically selecting from a family 
of generative models pretrained on increasing fractions of the real 
dataset.

• Contribution 4 (C4): We analyze extreme scenarios (synthetic only 
updates) and varying synthetic adding ratios, showing that data aug-
mentation can significantly reduce the uncertainty.

The structure of the paper is organized as follows. Section 2 reviews 
the state of the art, focusing on uncertainty estimation, synthetic data 
generation, and DoE in data-scarce scenarios. Section 3 details the ma-
terials and methods, including the uncertainty estimation techniques, 
the synthetic data generation architectures, and the overall proposed 
methodology, while Section 4 describes the experimental setup, cov-
ering dataset, hyperparameters, baselines and evaluation metrics. Sec-
tion 5 presents and discusses the experimental results. Finally, Section 6 
provides the conclusions, summarizing key findings and proposing di-
rections for future research. Appendices report extended results and ad-
ditional visualizations.

2.  Related work

This section provides a comprehensive overview of the research re-
lated to our work, structured into three main parts. Section 2.1 dis-
cusses the foundations of DoE in the context of machine learning, with 
a particular emphasis on the role of uncertainty estimation as a tool to 
guide data acquisition in data-scarce scenarios. Section 2.2 focuses on 
synthetic data generation and augmentation techniques reviewing com-
monly adopted approaches, such as generative models, and discussing 
their applicability and limitations in low-data regimes and Section 2.3 
summarizes our contribution within the context of related work.

2.1.  Design of experiments and uncertainty estimation

The integration of DoE with machine learning methodologies has led 
to new strategies for optimizing data collection in predictive modeling 
tasks. Traditionally, DoE approaches such as factorial design, response 
surface methods, and latin hypercube sampling have structured the sam-
pling process. However, these approaches often assume static, uniform 
strategies and may struggle when applied to high-dimensional, complex 
problems encountered in modern machine learning applications.

A growing body of work investigates how machine learning can com-
plement and even enhance traditional DoE. In particular, the study by 
Freiesleben et al. [16] explores whether ML might replace or reinforce 
DoE. The authors conclude that ML and DoE are complementary ap-
proaches, and they highlight the potential of combining the two method-
ologies to improve process optimization and quality management. This 
reflects a broader shift toward hybrid approaches, suggesting a redefi-
nition of DoE as a dynamic, model-informed methodology instead of a 
static statistical tool.

One of the key enablers of this shift is the use of Bayesian Opti-
mization (BO). Greenhill et al. [17] review the application of BO in DoE 
tasks. They show how BO incorporates prior knowledge, handles mul-
tiple objectives, and adapts to complex experimental spaces, including 
high-dimensional, constrained, and multi-fidelity scenarios. BO offers a 
probabilistic framework that can leverage model uncertainty to identify 
the most informative points for data collection, ultimately leading to 
more efficient and targeted experimental designs.

A notable contribution in this direction is the incremental DoE 
methodology proposed in Voigt et al. [5]. This work presents a stepwise 
experimental design framework that combines GP Regression with ex-
pert knowledge. Their approach incrementally extends the experimental 
space by prioritizing inputs and designing new experiments step by step, 
achieving high model quality even with limited data. While not based 
on uncertainty-driven acquisition, this iterative, accuracy-driven refine-
ment aligns with our methodology, which adaptively guides synthetic 
data selection based on model feedback.

Similarly, Malluhi et al. [18] propose a workflow integrating BO with 
variance-based acquisition functions and stopping criteria based on un-
certainty convergence. They introduce empirical criteria to determine 
when further experiments yield diminishing returns, using prediction 
uncertainty as a stopping signal. This study reinforces the role of uncer-
tainty estimation as a central component in adaptive, resource-efficient 
DoE strategies.
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More recently, researchers have explored the broader role of 
uncertainty-guided learning beyond real data acquisition. For instance, 
Ji et al. [19] propose a method that uses uncertainty maps derived from 
both model and data uncertainty to improve training efficiency and re-
liability in a deep learning task. Although not focused specifically on 
DoE, this work illustrates how uncertainty estimation can guide model 
refinement and data handling together, supporting our approach of us-
ing uncertainty not only to select real samples but also to guide synthetic 
data generation and validation.

2.2.  Synthetic data generation

The growing complexity of deep learning models increasingly de-
mands large and diverse datasets, posing a significant challenge in data-
scarce or costly acquisition scenarios. In response, synthetic data gen-
eration and data augmentation techniques have attracted significant at-
tention as strategies to expand training datasets and improve model per-
formance without increasing experimental effort. A key issue explored 
in the literature is the effectiveness of generative models in low-data 
regimes, where training instability and overfitting may arise. Generative 
modeling paradigms such as GANs, VAEs, normalizing flows, diffusion 
models, and more recently LLM-based generators, have demonstrated 
effectiveness across a wide range of disciplines, including computer vi-
sion, natural language processing, scientific simulation, and tabular data 
modeling.

GAN-based methods have been actively investigated under limited 
data availability. Karras et al. [20] propose an adaptive discriminator 
augmentation strategy that stabilizes GAN training with only a few 
thousand samples, while Gurumurthy et al. [21] introduce the DeLiGAN 
model, which improves sample diversity via mixture-model reparame-
terization of the latent space. These methods demonstrate the viability 
of GANs in data-scarce contexts, supporting their integration into our 
proposed methodology.

Beyond image data, recent research has increasingly addressed syn-
thetic data generation for tabular datasets, which are more prevalent in 
engineering and scientific applications. Apellániz et al. [22] incorporate 
inductive bias through transfer and meta-learning to improve generative 
performance from small tabular datasets, and Delgado and Oyedele[23] 
show that multiple autoencoder variants can generate synthetic data 
that improves downstream predictive performance. These studies sup-
port the use of GAN and VAE based generators as practical tools for 
structured data augmentation under limited data availability.

The synergy between synthetic data generation and active learning 
has also been explored. Moles et al. [24] review this interaction in super-
vised learning, highlighting that synthetic data can improve generaliza-
tion in underrepresented regions of the input space, while Mosqueira-
Rey et al. [25] combine synthetic generation with expert-guided active 
learning in a medical context. Although these works focus on tasks that 
differ from experimental design, they motivate iterative uncertainty-
guided augmentation strategies.

In addition to GANs and VAEs, other probabilistic generative model-
ing paradigms have been proposed and reviewed in the literature. Nor-
malizing flows [26] learn flexible density models through sequences of 
invertible transformations and enable exact likelihood estimation, while 
diffusion-based models [27] learn a denoising process that can achieve 
high-fidelity generation. Comprehensive reviews such as that of Papa-
makarios et al. [28] and Yang et al. [29] highlight the broad applicability 
of these approaches across multiple domains.

Recent advancements in LLMs have positioned them as a viable al-
ternative to traditional generative models for synthetic data generation. 
Studies such as [30] and [31] explore the use of LLMs for generating 
high-quality tabular data, highlighting their ability to closely match real 
data distributions and, in some cases, outperform GANs in predictive 
tasks. Building on these findings, the recent GReaT framework [32] fur-
ther demonstrates the promise of transformer-based generators for tabu-
lar synthesis. However, these approaches also introduce new challenges 

such as higher computational requirements. In our work, we aim to as-
sess whether LLMs can be effectively leveraged in data-scarce scenarios 
for uncertainty-guided synthetic data generation and how they compare 
to more established techniques, such as CTGANs and VAEs.

In summary, while a variety of techniques have been proposed for 
generating synthetic data in low-data environments, most existing stud-
ies focus on either improving generative model architectures or apply-
ing synthetic data to enhance model training. Few explicitly integrate 
synthetic data generation into experimental design frameworks guided 
by model uncertainty. Our methodology fills this gap by combining 
uncertainty-driven sampling with multi-architecture synthetic data gen-
eration, offering a robust solution to the challenges of data scarcity in 
experimental design contexts.

2.3.  Our contribution

While previous research has explored uncertainty-driven experimen-
tal design and synthetic data augmentation independently, our work ad-
dresses several gaps in the existing literature. First, we provide a system-
atic analysis of how uncertainty estimation can effectively guide experi-
mental design decisions, particularly in data-scarce environments where 
traditional DoE methods may be insufficient. Second, we investigate the 
generation and validation of synthetic data using various deep learning 
architectures, offering insights into their relative performance and limi-
tations in low-data scenarios. Finally, we propose a hybrid DoE method-
ology that incorporates uncertainty estimation and synthetic data gen-
eration to explore under-represented regions in extreme data scarce sce-
narios. Unlike previous studies, our approach treats data generation and 
selection not as isolated processes, but rather as interconnected steps in 
an adaptive, model-informed experimental design loop.

3.  Materials and methods

In this section, we describe the methodological components that sup-
port our approach. Section 3.1 presents the uncertainty estimation tech-
niques used to identify high-uncertainty regions in the input space. Sec-
tion 3.2 introduces the synthetic data generation techniques evaluated 
in this work and Section 3.3 outlines the proposed hybrid methodol-
ogy, showing how uncertainty estimation and data augmentation are 
integrated into an active learning loop.

3.1.  Uncertainty estimation techniques

A central component of our methodology is the use of uncertainty 
estimation to guide the DoE and identify the most informative regions 
in the input space. In this work, we compare three distinct strategies 
to quantify total uncertainty. Each of these techniques provides a per-
sample measure of predictive uncertainty1, which is then used to guide 
the selection of new data points in our active-learning loop (see Sec-
tion 3.3).

Gaussian Process Regression. GP regression [33] treats the mapping 
from inputs to outputs as a draw from a multivariate normal process 
rather than a fixed, deterministic function. At its core is a covariance 
kernel 𝑘(𝑥, 𝑥′), which encodes our belief about how similar any two in-
puts 𝑥 and 𝑥′ should be (points closer in the input space are expected to 
have more strongly correlated outputs).

Formally, GP regression assumes that for any finite collection of in-
puts {𝑥𝑖}𝑛𝑖=1, the corresponding outputs {𝑓 (𝑥𝑖)}𝑛𝑖=1 follow a joint Gaus-
sian distribution. Given observed data  = {(𝑥𝑖, 𝑦𝑖)}𝑛𝑖=1, the GP posterior 

1 Uncertainty estimates are interpreted as predictive uncertainty, which may 
include both epistemic and aleatory contributions. We do not attempt to explic-
itly decompose uncertainty into its constituent sources; instead, all methods are 
compared consistently under the same data and training conditions.
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provides, for each new input 𝑥∗, a predictive mean 𝜇(𝑥∗) (the best esti-
mate of 𝑓 (𝑥∗)) and a predictive variance 𝜎2(𝑥∗) (which reflects predictive 
uncertainty due to limited data).

In this work, the GP posterior predictive variance 𝜎2(𝑥∗) is directly 
used as the uncertainty measure to guide sample selection, with larger 
values indicating regions of the input space that are less supported by the 
available data and therefore prioritized during the acquisition process.

A common choice for the kernel is the radial basis function (RBF):
𝑘(𝑥, 𝑥′) = 𝜎2𝑓 exp

(

− ‖𝑥−𝑥′‖2

2𝓁2

)

, (1)

where 𝓁 (the length-scale) controls how rapidly correlations decay 
with distance, and 𝜎2𝑓  sets the overall signal variance. By fitting 𝓁, 𝜎𝑓 , 
and the observation noise 𝜎2𝑛 via cross-validation, GP regression balances 
data fidelity and smoothness, yielding both accurate predictions and 
principled uncertainty estimates.

Tree Based Ensembles. In this work, tree-based ensembles are in-
cluded as a practical, ensemble-based baseline for uncertainty estima-
tion. Rather than providing a fully probabilistic characterization of un-
certainty, these models approximate predictive uncertainty through the 
dispersion of predictions across multiple learners, a strategy that is 
widely adopted in practice due to its scalability, robustness, and strong 
performance on tabular data. Boosting [34] is an ensemble learning 
paradigm that combines multiple weak learners into a single strong pre-
dictor by sequentially fitting each new learner to the residual errors of 
the aggregate model. At each iteration 𝑡, a base estimator 𝑓𝑡(𝑥) is trained 
to minimize a loss 𝓁(𝑦, 𝑦̂(𝑡−1) + 𝑓𝑡(𝑥)

)

, and the ensemble prediction is up-
dated as
𝑦̂(𝑡)(𝑥) = 𝑦̂(𝑡−1)(𝑥) + 𝜂 𝑓𝑡(𝑥), (2)

where 𝜂 is a learning rate controlling the contribution of each learner. 
Common choices for base learners are shallow decision trees. Predictive 
uncertainty can be empirically estimated by computing the variance of 
the individual base learners’ predictions for the same input. A small 
variance indicates strong agreement among learners (low uncertainty), 
whereas a large variance reflects disagreement (high uncertainty).

Popular implementations of boosting include XGBoost [35] and 
LightGBM [36]. In this work we use XGBoost due to its efficiency and 
built-in regularization, configuring each tree with row (𝑠𝑟) and column 
subsampling (𝑠𝑐) to promote model diversity. By tuning the subsampling 
rates 𝑠𝑟 and 𝑠𝑐 , we balance the trade-off between predictive accuracy and 
uncertainty calibration, ensuring that the ensemble both performs well 
and provides meaningful variance estimates.

Monte Carlo Dropout. MC-Dropout [11] interprets standard dropout 
regularization in deep neural networks as approximate variational in-
ference. During training, each hidden unit is randomly masked with 
probability 𝑝 via dropout, which can be seen as drawing from a vari-
ational posterior. At test time, we keep the dropout mechanism active: 
for each of the 𝑇  stochastic forward passes through the network, hidden 
units are randomly deactivated with probability 𝑝. As a result, each pass 
effectively samples a different subnetwork, yielding predictive samples 
{𝑓𝑡(𝑥)}𝑇𝑡=1. The predictive mean and variance are then approximated as

𝜇̂(𝑥) = 1
𝑇

𝑇
∑

𝑡=1
𝑓𝑡(𝑥), V̂ar(𝑥) = 1

𝑇 − 1

𝑇
∑

𝑡=1

(

𝑓𝑡(𝑥) − 𝜇̂(𝑥)
)2. (3)

Here, 𝜇̂(𝑥) serves as the point-estimate and ̂Var(𝑥) quantifies predic-
tive uncertainty. MC-Dropout can also scale to large datasets, though it 
requires 𝑇  evaluations per input to form a reliable uncertainty estimate.

3.2.  Synthetic data generation techniques

To augment the dataset in the most informative regions identified 
through uncertainty estimation, we evaluate the effectiveness of three 
distinct generative modeling techniques: CTGANs, VAEs, and LLMs. 

Each of these techniques provides a mechanism for producing synthetic 
samples that capture different aspects of the underlying data distribu-
tion. Below we summarize their main principles.

Conditional Tabular GANs. Conditional Tabular GANs (CTGANs) [37] 
are GANs specifically designed to handle tabular data with com-
plex distributions and mixed data types. Denote a data record as 𝐱 =
[𝑥(1),… , 𝑥(𝑝)], with continuous indices   and categorical indices . For 
each continuous column 𝑗 ∈  , CTGAN fits a Gaussian mixture model 
of the form

𝑥(𝑗) ∼
𝐾𝑗
∑

𝑘=1
𝜋𝑗,𝑘  (𝜇𝑗,𝑘, 𝜎2𝑗,𝑘), (4)

using expectation–maximization to estimate weights {𝜋𝑗,𝑘}, means 
{𝜇𝑗,𝑘}, and variances {𝜎2𝑗,𝑘}. During both training and sampling, a com-
ponent 𝑘 is drawn with probability 𝜋𝑗,𝑘 and the corresponding value is 
normalized via

𝑥̃(𝑗) =
𝑥(𝑗) − 𝜇𝑗,𝑘

𝜎𝑗,𝑘
, (5)

ensuring each continuous feature appears approximately Gaussian to 
the network. For each categorical column 𝑗 ∈  with 𝑚𝑗 categories, the 
value is one-hot encoded into 𝐜(𝑗) ∈ {0, 1}𝑚𝑗 . A conditional vector 𝐜 is 
constructed by sampling a column 𝑗∗ and category index 𝑘∗ according to 
their empirical frequencies, setting 𝐜(𝑗∗) = 𝐞𝑘∗  (the standard basis vector) 
and zeroing all other slots in 𝐜.

The generator 𝐺 then takes as input the concatenation [𝐳; 𝐜], where 
𝐳 ∼  (𝟎, 𝐈), and produces 𝐱̃ = 𝐺([𝐳; 𝐜]), outputting normalized continu-
ous values and categorical logits. The discriminator 𝐷 receives [𝐱̃; 𝐜] and 
returns a scalar score indicating real versus fake under the same con-
ditional vector. Training minimizes a Wasserstein GAN objective with 
gradient penalty. Over a minibatch of size 𝑚, the discriminator loss is

𝐷 = 1
𝑚

𝑚
∑

𝑖=1

[

𝐷(𝐱′(𝑖)) −𝐷(𝐱(𝑖))
]

+ 𝜆𝔼𝐱̂

(

‖∇𝐱̂𝐷([𝐱̂; 𝐜])‖2 − 1
)2

, (6)

where {𝐱(𝑖)} are real samples and {𝐱′(𝑖)} are generated samples. The gen-
erator loss is

𝐺 = − 1
𝑚

𝑚
∑

𝑖=1
𝐷(𝐱′(𝑖)) + 𝐻, (7)

where 𝐻 denotes the conditional-vector entropy term that encourages 
the generated sample 𝐱′ to satisfy the chosen category 𝑘∗ in column 𝑗∗.

Variational Autoencoders. VAEs [14] are latent-variable models that 
learn an approximate posterior 𝑞𝜙(𝑧 ∣ 𝑥) parameterized by an encoder 
network, which outputs a mean 𝜇𝜙(𝑥) and standard deviation 𝜎𝜙(𝑥). A 
latent sample 𝑧 is drawn via the reparameterization trick, 𝑧 = 𝜇𝜙(𝑥) +
𝜎𝜙(𝑥)⊙ 𝜖 with 𝜖 ∼  (0, 𝐼). The decoder network 𝑝𝜃(𝑥 ∣ 𝑧) then recon-
structs 𝑥̃ from 𝑧, and the model is trained by maximizing the evi-
dence lower bound (ELBO), combining a reconstruction term (e.g., log-
likelihood) and a KL divergence KL(𝑞𝜙(𝑧 ∣ 𝑥) ‖ 𝑝(𝑧)). This probabilistic 
framework enables the VAE to capture underlying data structure and 
generate diverse samples even with limited real data.

Large Language Models. LLMs, based on transformer architectures, 
leverage multi-head self-attention to capture complex dependencies 
across tokens. By fine-tuning an LLM on prompts that encode column 
names and cell values, the model learns to generate tabular rows consis-
tent with input patterns [38]. Specifically, we adapt a pretrained trans-
former by supplying structured prompts and train it to predict missing 
entries, thereby learning conditional distributions over mixed-type fea-
tures. While computationally more demanding, LLMs offer a high flex-
ibility and semantic coherence, which make them a data augmentation 
approach worth considering.
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Fig. 1. Overview of the proposed uncertainty-guided synthetic data augmentation framework. The predictive model is first trained, and the most uncertain real 
sample is selected based on model uncertainty. A generative model is then used to produce plausible candidate input configurations, while synthetic labels are 
assigned using the uncertainty estimation model to ensure consistency and robustness in low-data regimes. Selected synthetic samples and the newly acquired real 
sample are added to the dataset, and the model is retrained iteratively.

3.3.  Proposed methodology

In this work, we propose to combine predictive uncertainty estima-
tion with data augmentation in a unified active learning pipeline. Specif-
ically, uncertainty serves as the criterion to select the next informative 
real sample to be labeled, while generative models provide additional 
synthetic samples at each iteration, so that the model does not only learn 
from one new point at a time. This combined strategy aims to accelerate 
uncertainty reduction and improve data efficiency. The overall method-
ology is summarized in Fig. 1.

The methodology consists of the following steps:

1. Model Training (Initial Stage): The process begins by training a 
predictive model which is able to provide not only point predictions 
but also an estimate of predictive uncertainty on an initial dataset. 
Although our experiments focus on GP + VAE (selected because they 
yielded the best results in our evaluation), the framework is agnostic 
to the specific uncertainty estimator and generative model used.

2. Uncertainty Estimation and Region Selection: After training, the 
model outputs both performance metrics (e.g., R2 score) and uncer-
tainty estimates across the input space. Let   denote the pool of un-
labeled candidate inputs. Using the GP’s posterior uncertainty, we 
identify the unlabeled input 𝑥∗ with highest predictive variance,

𝑥∗ = argmax
𝑥∈

Var[𝑓 (𝑥)],

and query its true label 𝑦∗ = 𝑓 (𝑥∗), adding (𝑥∗, 𝑦∗) to the training set.
3. Synthetic Data Generation: Generate synthetic candidates 𝑋syn in 
the neighborhood of 𝑥∗ using a chosen generator (LLM, VAE, CT-
GAN, etc.). The role of the generative model at this stage is not to 
provide synthetic labels, but to generate candidate input configura-
tions that are statistically consistent with the underlying data distri-
bution. By learning the joint distribution of the input variables, the 
generator constrains the sampling process to a plausible data mani-
fold, preserving correlations and structural dependencies that would 
generally be ignored by random sampling around 𝑥∗.

Given that the synthetic data generator may not reliably capture 
the input-output mapping early in training, as observed in prelimi-
nary empirical analyses, we avoid using its generated labels directly. 

Instead, we employ the current GP model to pseudo-label each syn-
thetic sample 𝑥syn using its GP predictive mean

𝑦syn = 𝔼
[

𝑓 (𝑥syn)
]

,

which provides a conservative and consistent labeling strategy and 
mitigates the risk of propagating incorrect synthetic labels, partic-
ularly in low-data regimes. Moreover, since the uncertainty estima-
tion model is iteratively updated with informative real samples via 
active learning, the quality of pseudo-labels progressively improves 
over successive iterations, reducing potential bias over time.

Overall, within the active-learning framework adopted in this 
work, the generative model is used to propose plausible candidate 
inputs, while the uncertainty estimation model acts as an oracle re-
sponsible for evaluating and labeling these candidates in a consistent 
manner.

4. Synthetic Data Selection: The newly generated synthetic data is 
then evaluated to determine its quality and its contribution to im-
proving model performance. The L1 distance between each 𝑥syn and 
𝑥∗ is computed, and then the top 5 nearest synthetics {(𝑥syn, 𝑦syn)}
are selected for augmentation.

5. Add New Data (Real & Synthetic): Append the chosen 5 synthet-
ics together with the newly acquired real point to the training set. 
Retrain the GP on this extended dataset.

The process can then be iterated, progressively improving both the 
model performance and the quality of data generation over successive 
loops.

4.  Experimental setup

This section details the experimental conditions under which the 
methods described in Section 3 were evaluated. We first introduce 
the real-world femtosecond laser texturing dataset used in our study 
(Section 4.1), followed by the hyperparameter configurations adopted 
for both uncertainty estimators and generative models. (Section 4.2). 
We then describe the evaluation metrics employed to assess perfor-
mance of both data augmentation methods and active learning models 
(Section 4.3).
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Evaluated strategies and generative model evaluation. In our experiments, 
we benchmarked three uncertainty-based acquisition strategies cor-
responding to the uncertainty estimation methods described in Sec-
tion 3.1: GPs, Tree-Based Ensembles, and MC-Dropout. In addition, we 
consider a naive random acquisition strategy as a baseline, where new 
points are selected uniformly at random from the unlabeled pool. To 
allow fair comparison, we still fit a GP on the labeled set to track poste-
rior variance. This allows us to observe how uncertainty evolves when 
points are added without any selection criterion. Comparing this ran-
dom acquisition to our uncertainty-driven approach lets us quantify the 
true benefit of informed selection over purely random sampling.

On the other hand, each generative model (CTGAN, VAE, LLM) was 
tested independently to assess its ability to generate high-quality syn-
thetic data in data-scarce scenarios and to improve overall model per-
formance. Rather than combining these approaches, the objective was to 
systematically analyze their strengths, limitations, and suitability within 
the context of uncertainty-guided experimental design.

4.1.  Dataset

We evaluate our methodology on a real industrial dataset from a 
femtosecond-laser texturing process [39,40]. Femtosecond laser surface 
texturing is gaining increased interest for optimizing tribological be-
haviour. However, searching the optimum parameter combination be-
comes a tedious activity in laser processing, since multitude potential 
process parameter combinations exist [41,42], and its selection is often 
conducted through time-consuming trial-and-error processes, resulting 
in comprised DoEs. In our case study, among all the femtosecond laser 
process parameters, laser fluence, scanning speed and pulse repetition 
rate were analysed, as they are considered critical [43]. Specifically, our 
dataset comprises 𝑁 = 192 observations, where each sample includes 
those three input features corresponding to laser parameters:

• 𝑥1: Pulse energy (𝜇J)
• 𝑥2: Repetition rate (kHz)
• 𝑥3: Scan speed (mm/s)

and one target variable:

• 𝑦: Texture depth (µm)

The use case goal is texture depth prediction, driven by the pivotal 
role that lubrication film thickness plays in different tribology applica-
tions [44]. Due to the nature of the underlying physical process and 
experimental setting, the dataset exhibits intrinsic variability in the ob-
served outputs.

Train-Test Split. For performing our active learning methodology, we 
randomly select 𝑛initial = 20 samples as the initial labeled set; the re-
maining 172 samples form the unlabeled pool. In addition, we reserve a 
fully independent test set of 48 observations (20% of the total) to eval-
uate final predictive performance. This split ensures that the test set 
remains unseen throughout model training and hyperparameter tuning 
(Section 4.2), providing an unbiased estimate of generalization.

Note: to assess statistical variance, all experiments are repeated over 
𝑛runs = 10 independent trials, each with a different random seed for the 
initial labeled set.

4.2.  Hyper-parameter selection

Although in a fully deployed scenario one might only have access 
to a small initial batch of data, here we optimize all uncertainty-based 
model hyperparameters via 5-fold cross-validation (CV) over the entire 
training set. For the MC-Dropout network, where a full 5-fold CV would 
require retraining for multiple epochs and performing 𝑇 = 50 stochastic 
passes per fold, we instead used a single 20% hold-out split to select the 

Table 1 
Grid of hyperparameters tested for each uncertainty estimation 
method. Selected hyperparameters are highlighted in bold.
 Method  Hyperparameter  Tested Values

GP
 Kernel constant (𝜎2

𝑓 )  {0.1,  1.0, 10.0}
 Kernel length-scale (𝓁)  {0.5,1.0, 2.0}
 Alpha (𝛼)  {1e-10, 1e-5,1e-2}

XGBoost Ensemble
 # of estimators  {50,100, 200}
 Max tree depth  {3, 6, 9}
 Row subsample  {0.6,  0.8}
 Column subsample (by tree)  {0.6,0.8}

MC-Dropout
 Dropout rate  {0.1, 0.2, 0.3}
 Learning rate  {1e-3, 1e-4}
 Number of epochs  {50,100}

Table 2 
Hyperparameter grids evaluated for each synthetic data gen-
eration technique.
 Method  Hyperparameter  Values Tested
 CTGAN  batch_size  10, 30, 100, 500

 generator_lr / discriminator_lr  1e-3, 1e-4
 VAE  batch_size  10, 30, 100, 500

 embedding_dim  10, 20, 50
 LLM  batch_size  8, 16, 32, 64

 temperature  0.3, 0.6, 0.9

hyperparameters. Our objective is not to perform exhaustive hyperpa-
rameter optimization for each predictive model, but to ensure a fair and 
interpretable comparison between acquisition strategies under consis-
tent conditions.

The tested hyperparameter values are intentionally limited but rep-
resentative: they span distinct regimes of model complexity and regular-
ization (e.g., multiple orders of magnitude for GP regularization/noise), 
and reflect commonly used ranges for each model family. This design 
choice avoids confounding the comparison with aggressive method-
specific tuning, and ensures that subsequent performance differences 
arise primarily from the acquisition strategies rather than from disparate 
optimization effort. This results in a total of 27, 36, and 12 evaluated 
configurations for GP, XGBoost, and MC-Dropout, respectively. Table 1 
shows the tested hyperparameter; those highlighted in bold yielded the 
best results and were used in the experiments.

Similarly, Table 2 shows the hyperparameters tested for the synthetic 
generation methods. In order to identify the most effective configuration 
for each generative technique under different levels of data availability, 
we trained each generator (CTGAN, VAE, LLM) on subsets correspond-
ing to 10%, 25%, 50%, 75%, and 100% of the real training set, while 
fixing the number of training epochs of CTGAN, VAE, and LLM to 500, 
500, and 300, respectively. We then performed a structured grid search 
over all combinations of the listed hyperparameters for each augmenta-
tion technique at each training fraction and selected the configuration 
yielding the highest mean test-set 𝑅2 (see Table 3). The performance 
obtained with these settings is reported in Section 5.2.

For our LLM-driven augmentation, we fine-tuned the lightweight 
DistilGPT-2 model [45], which retains the core transformer architecture 
of GPT-2 in a compressed form. DistilGPT-2 comprises approximately 82 
million parameters distributed across six transformer blocks, each fea-
turing 12 self-attention heads and an embedding dimension of 768. This 
configuration offers a context window of up to 1024 tokens, balancing 
representational capacity with computational efficiency.

4.3.  Evaluation metrics

To assess the effectiveness of our proposed methodology, we con-
sider two complementary categories of evaluation metrics: 1) uncertainty 
estimation metrics and 2) synthetic data quality metrics.
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Table 3 
Optimal hyperparameter settings chosen for each 
synthetic-data technique at different data fractions.
 Method  % Data  batch_size  lr/emb_dim/temp
 CTGAN  10%  100  1e-3

 25%  100  1e-3
 50%  500  1e-3
 75%  30  1e-3
 100%  500  1e-3

 VAE  10%  10  emb_dim=20
 25%  10  emb_dim=10
 50%  10  emb_dim=10
 75%  10  emb_dim=10
 100%  30  emb_dim=20

 LLM  10%  8  temp=0.9
 25%  8  temp=0.6
 50%  8  temp=0.3
 75%  8  temp=0.6
 100%  8  temp=0.3

1) Uncertainty Estimation Metrics. To quantify how well each acqui-
sition strategy reduces total uncertainty and improves predictive accu-
racy, we record at each active learning iteration:

• Test-set 𝑅2 (↑): the coefficient of determination quantifies the pro-
portion of variance in the target variable that is explained by the 
model over the test data. Higher 𝑅2 values indicate better model 
performance and improved predictive power.

• Mean predictive uncertainty (↓): the average posterior standard 
deviation (for GP and ensemble) or MC-Dropout estimate over the 
pool of unlabeled points.

• Mean Absolute Error (↓): the mean absolute error (MAE) is defined 
as

MAE = 1
𝑁

𝑁
∑

𝑖=1

|

|

𝑦𝑖 − 𝑦̂𝑖||,

and provides an absolute error-based measure of predictive accuracy 
in the original scale of the target variable.

2) Synthetic Data Quality Metrics. To assess the fidelity and utility of 
the synthetic data generated by each method (CTGAN, VAE, and LLM), 
we compute four complementary metrics.

• Train-on-Synthetic, Test-on-Real (TSTR): We train an XGBoost re-
gressor on each synthetic dataset and evaluate its performance on 
the held-out real test set. We report the coefficient of determination 
𝑅2 on the real test samples. A high 𝑅2 indicates that the synthetic 
data captures the input-output mapping of the real process.

• Distance to Closest Record (DCR): To measure manifold coverage, 
we fit a 1-nearest-neighbor model on the entire real training set and 
compute, for each synthetic sample, the Manhattan distance to its 
nearest real neighbor in the original feature space. We then examine 
the distribution of these distances. Small median and narrow spread 
imply that synthetic points lie close to the true data manifold without 
creating large state spaces without being covered.

• Discriminator Score: We quantify how easily a classifier can distin-
guish real from synthetic samples. We label real training points as 0 
and synthetic points as 1, concatenate them, and train a Random For-
est classifier with 5-fold cross-validation, reporting the accuracy of 
the classifier. An accuracy near 0.5 indicates that the classifier can-
not reliably tell real and synthetic apart, implying high generative 
fidelity.

• Bivariate Joint Distribution Plots: As a qualitative check on fea-
ture dependencies, we generate scatter plots overlaying real and syn-
thetic points for the three most critical input-output pairs. By visu-
ally inspecting these joint distributions, we verify that each method 
preserves the shape, range, and correlation structure of the original 
data.

5.  Results and discussion

This section presents the experimental results and analysis of our 
proposed methodology. First, we evaluate the performance of the dif-
ferent uncertainty estimation techniques (Section 5.1). Next, the quality 
and effectiveness of the synthetic data generated by different generative 
models is analyzed (Section 5.2). Lastly, we provide the outcomes con-
sidering the pipeline of both uncertainty estimators and generative mod-
els when applied iteratively in an active learning setup (Section 5.3).

5.1.  Uncertainty measurement analysis

In this section, we present the results of the uncertainty methods 
presented in Section 3.1.

Fig. 2 shows how the mean predictive uncertainty evolves over the 
20 acquisition steps for each sampling strategy. The XGBoost ensemble 
stands out by driving uncertainty down most sharply from about 0.33 
at iteration 1 to 0.14 at iteration 20, showing a reduction of 57% and 
reflecting its ability to rapidly resolve high-variance regions through di-
verse boosted trees. The Gaussian-process sampler also decreases uncer-
tainty, from 0.466 to 0.27 (42.1% reduction) as its exact posterior vari-
ance concentrates around observed data. Random sampling, although 
being blind to model confidence, still reduces uncertainty from 0.466 to 
0.33 (27.7%), simply by filling unexplored regions. However, we can see 
how it exhibits intermittent increases in uncertainty when, as it may se-
lect points in already well-covered areas, leaving truly uncertain regions 
untouched. In contrast, MC-Dropout is not able to reduce the uncertainty 
over the iterations, even increasing it from 0.44 to 0.46 and suggesting 

Fig. 2. Mean predictive uncertainty for GP, XGBoost ensemble, MC-Dropout, 
and random sampling over 20 iterations. The shadowed area represents the stan-
dard deviation of the results performed over 10 independent runs.

Fig. 3. Mean test-set R2 score for GP, XGBoost ensemble, MC-Dropout, and ran-
dom sampling over 20 iterations. The shadowed area represents the standard 
deviation of the results performed over 10 independent runs.
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Fig. 4. Boxplots of final mean predictive uncertainty after 20 iterations, aggre-
gated over 10 independent runs, for each sampling method.

that dropout-based variance can overestimate model doubt when new 
samples fail to improve confidence. The width of the shaded bands fur-
ther reinforces these differences: GP and ensemble curves have narrower 
bands, indicating consistent behavior across runs, whereas random sam-
pling exhibit much wider variability, underscoring their less consistent 
uncertainty estimates.

Fig. 3 depicts how test-set R2 score evolves over the same iteration 
and independent runs. The GP sampler delivers the best accuracy re-
sults, climbing from 0.91 on iteration 1 to 0.98 by iteration 7, reaching 
a plateau near 0.99 thereafter. The XGBoost ensemble follows a stead-
ier ascent, rising from 0.75 to 0.96 by iteration 20, but not arriving 
to the performance shown by GP. Random sampling, despite its possi-
ble uninformative acquisitions, achieves comparable final accuracy of 
uncertainty based GPs, but more slowly and with greater variability. Fi-
nally, MC-Dropout lags behind, improving from 0.80 to 0.92 over all 
iterations.

To complement the 𝑅2 analysis, MAE results are reported in Ap-
pendix A. The MAE curves and final distributions exhibit consistent 
trends across all strategies and do not alter the conclusions drawn from 
the main results.

Taken together, Figs. 2 and 3 confirm an inverse relationship be-
tween total uncertainty and predictive performance: methods that 
rapidly drive down uncertainty (GP, ensemble) also yield the fastest 
and most stable R2 improvements, whereas those that maintain or even 
increase uncertainty (MC-Dropout, random) see slower or uneven ac-
curacy gains. This alignment underscores that effective uncertainty re-
duction is key to maximizing learning efficiency under a fixed sampling 
budget. Interestingly, random sampling achieves a final R2 comparable 
to the ensemble despite the absence of an uncertainty-driven criterion. 
However, this performance comes at the cost of greater variability across 
runs.

Fig. 4 presents boxplots of the final mean predictive uncertainty (af-
ter 20 iterations) across 10 independent runs. The XGBoost ensemble 
achieves the lowest median uncertainty, reflecting its rapid collapse of 
model-variance. The Gaussian-process sampler follows with very little 
spread (tightest interquartile range), illustrating its consistent contrac-
tion of true variance. Random sampling ends with a much wider whisker 
span, confirming the erratic uncertainty spikes observed earlier. Finally, 
MC-Dropout sits highest and also shows broad variability run-to-run, be-
ing consistent with wider predictive uncertainty in dropout-based neural 
nets.

Finally, Fig. 5 displays boxplots of the final test-set 𝑅2 scores across 
the same runs. The GP sampler not only achieves the highest median 𝑅2

but does so with minimal dispersion, indicating both strong accuracy 
and low run-to-run variability. Random sampling follows closely but 
with wider spread, reflecting its less targeted data selection. The XG-
Boost ensemble attains moderately high 𝑅2 scores yet exhibits greater 
dispersion than random, consistent with its overconfident uncertainty 

Fig. 5. Boxplots of final test-set R2 scores after 20 iterations, aggregated over 
10 independent runs, for each sampling method.

estimates that sometimes miss truly informative points. MC-Dropout 
shows the lowest and most variable 𝑅2 scores performance, mirroring 
its failure to reduce uncertainty effectively.

Based on our comprehensive comparison, the Gaussian-process sam-
pler emerges as the clear best choice for our application. It consis-
tently delivers the most faithful uncertainty estimates, reflected in both 
steadily contracting variance and narrow run-to-run bands, and this re-
liable uncertainty guidance translates directly into the highest and most 
stable test-set 𝑅2 score. While the XGBoost ensemble aggressively col-
lapses its own heuristic variance, it does so at the expense of masking 
systematic errors, yielding lower accuracy. Random sampling achieves 
comparable accuracy only after many more draws and with greater 
variability, and MC-Dropout neither reduces uncertainty effectively nor 
drives accuracy gains. Therefore, for our femtosecond-laser texturing 
use case, we adopt the Gaussian-process acquisition strategy as the sole 
uncertainty-guided sampler in our full hybrid methodology.

5.2.  Synthetic data generation analysis

After evaluating how uncertainty-guided acquisition strategies affect 
model confidence and accuracy, we now turn to the complementary 
task of synthesizing new training samples in those uncertain regions. 
This section evaluates the performance of the synthetic data generation 
techniques tested in our methodology: CTGAN, VAEs and LLMs. Each 
generative method is assessed independently using the evaluation met-
rics presented in Section 4.3.

5.2.1.  Train on synthetic, test on real
We begin by evaluating whether synthetic samples alone can support 

predictive modeling on real data. This “train on synthetic, test on real” 
setup provides a functional benchmark for the utility of each generator.

Table 4 reports the mean test-set 𝑅2 (±std) of an XGBoost regressor 
trained exclusively on synthetic datasets. Each generative model (CT-
GAN, VAE, LLM) was trained on a fraction of the real training data (10%, 
25%, 50%, 75%, or 100%) and then used to produce a synthetic dataset 
matching the size of the full real training set (192 samples in our case). 
The downstream XGBoost model was fitted on these synthetic samples 
and evaluated on the held-out real test set. We adopt XGBoost as the 
downstream predictor since boosting algorithms remain among the most 
robust and widely used approaches for tabular data [46,47].

In our study, CTGAN delivers very poor predictive utility at all data 
budgets, never exceeding 𝑅2 ≈ 0.40 even with 50% of the real data and 
falling below 0.10 at 25% and 100%. Notably, CTGAN performance does 
not improve when trained with larger fractions of the dataset. With the 
full set of 192 real samples used to train, the generated samples yield 
a very low 𝑅2 ≈ 0.04, suggesting that the model struggles to capture 
the input-output relationships required for downstream prediction. This 
can be consistent with known limitations of GANs with small datasets, 
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Table 4 
Mean test-set 𝑅2 ± std after training a XGBoost with solely synthetic 
samples. Synthetic datasets were generated by first training each 
generator (CTGAN, VAE, LLM) on a given fraction of the real train-
ing data (10%, 25%, 50%, 75%, 100%), then sampling the same 
number of synthetic points as the original real-training set, 192 
data points in our case. The downstream model is evaluated on the 
real hold-out test set. “Original” column reports the performance 
when training on the full real dataset. Best results are highlighted 
in bold.
 Percentage  CTGAN  VAE  LLM  Original
 10%  0.30±0.07  0.72±0.12 -0.14±0.46 −
 25%  0.12±0.12  0.77±0.07  0.26±0.21 −
 50%  0.39±0.24  0.88±0.02  0.71±0.01 −
 75%  0.14±0.40  0.87±0.05  0.83±0.09 −
 100%  0.04±0.09  0.91±0.04  0.92±0.01  0.98

Fig. 6. Test-set 𝑅2 of an XGBoost regressor trained on synthetic datasets gener-
ated by CTGAN, VAE, and LLM with their optimal hyperparameters. Synthetic 
datasets were generated by training each generator (CTGAN, VAE, LLM) on a 
given fraction of the real training data (10%, 25%, 50%, 75%, 100%). Shaded 
bands represent the variability over three independent runs, and the dashed 
horizontal line indicates the real-data baseline performance.

where issues such as mode collapse and poor conditional modeling can 
lead to synthetic data that lacks predictive value, as the discriminator 
overfits rapidly and the generator fails to learn diverse or informative 
patterns [20].

By contrast, the VAE is markedly more robust under data scarcity, 
achieving 𝑅2 = 0.72 ± 0.12 with only 10% of the data and steadily im-
proving to 𝑅2 = 0.91 ± 0.04 at full data. The LLM exhibits the oppo-
site profile: it fails to capture the mapping when data are very lim-
ited (𝑅2 = −0.14 ± 0.46 at 10%), but performance rapidly improves with 
more examples, surpassing CTGAN by 25% and approaching VAE levels 
by 100% (𝑅2 = 0.92 ± 0.02).

These numerical trends shown in Table 4 are illustrated in Fig. 6, 
which plots the 𝑅2 against the fraction of real data for each method, 
further confirming the numerical trends reported in Table 4. These re-
sults shows that under extreme data scarcity the VAE’s inductive bias 
yields the most reliable synthetic samples for regression, whereas the 
LLM requires a moderate amount of data (> 25%) to generalize effec-
tively. CTGAN, in our experiments, fails to produce useful examples at 
any scale.

5.2.2.  Distance to closest record
In order to quantify how closely synthetic samples are to the real 

data manifold, we computed the L1-based DCR. For each synthetic point 
𝑥𝑠𝑦𝑛, DCR is defined as the L1 distance to its nearest neighbor in the real 
training set. As a real-data baseline, we compute the DCR of each real 
test point with respect to its nearest neighbor in the real training set, 
yielding a reference median of 2.2 units.

Table 5 
Median L1 DCR (units) for each synthetic method and data 
fraction.

 Data Fraction  Baseline (Real)  CTGAN  VAE  LLM
 10%  2.2  20.48  23.54  0.00
 25%  2.2  21.48  19.56  0.00
 50%  2.2  21.45  15.45  0.00
 75%  2.2  16.63  5.09  0.00
 100%  2.2  11.46  3.80  0.00

These results are shown for one single seed; corresponding analyses 
for the other random seeds are provided in Appendix B. Fig. 7 presents 
the DCR histograms for CTGAN, VAE, and LLM across five levels of data 
availability used to train the generators (10%, 25%, 50%, 75%, 100% 
of the real training set), and the bottom row reports the real Test-Train 
baseline. Lower DCR values indicate synthetic points closer to genuine 
data in feature space. Table 5 summarizes the median DCR values for 
each generator method and the real-data baseline (median = 2.2 units).

The real-test baseline DCR of 2.2 units shows that unseen genuine 
samples lie very close to the training manifold, with most distances clus-
tered around 2–4 units and only a thin tail of outliers. By contrast, CT-
GAN’s DCR histograms remain broad and heavily skewed toward large 
distances (medians between 11.5 and 21.5 units), even at 100% data, 
underscoring its failure to place synthetic points near any real examples. 
The VAE initially produces wide distributions under extreme scarcity 
(median ≈ 23.5 at 10%) but its histograms narrow sharply by 75% and 
100%, matching the baseline shape (median ≈ 3.8), which demonstrates 
the VAE’s progressive learning of the true feature manifold. The LLM, 
however, shows a spike at zero DCR across all fractions-its median is ex-
actly 0-suggesting that, under the chosen seed, the model may be mem-
orizing and reproducing training records rather than generating novel 
samples. This behavior is undesirable in the context of data augmenta-
tion, as it limits the model’s ability to enrich the input space with diverse 
yet plausible observations.

These results confirm that only the VAE achieves both low me-
dian DCR and a histogram shape comparable to real data, striking the 
best balance between manifold proximity and genuine sample diversity, 
whereas CTGAN diverges widely and the LLM may overfit by copying.

5.2.3.  Discriminator score
To assess how easily synthetic samples can be distinguished from 

real ones, we trained a Random Forest Classifier (label 1 = real, 0 = 
synthetic) on balanced training sets (144 real + 144 synthetic points) 
and evaluated on balanced test sets (48 real + 48 synthetic). We adopt 
a Random Forest Classifier for this test, as tree-based ensembles are ro-
bust on tabular data, without requiring extensive hyperparameter tun-
ing [46]. The goal here is not to measure predictive accuracy on a regres-
sion task, but rather to quantify the “detectability” of generated data. 
The easier the classifier separates synthetic from genuine points (higher 
accuracy), the less faithful the generator. Table 6 reports the test accu-
racy for each generator and data fraction.

CTGAN samples remain highly distinguishable across all fractions 
(accuracy 0.83–0.87), with the classifier being most confident at 10% 
and 100% data. VAE outputs exhibit a similar level of distinguishabil-

Table 6 
Discriminator score (acccuracy ± std) for each synthesis method 
and data fraction.
 Percentage / Method  CTGAN  VAE  LLM
 10%  0.87 ± 0.03  0.9 ± 0.02  0.76 ± 0.08
 25%  0.85 ± 0.05  0.83 ± 0.03  0.64 ± 0.06
 50%  0.86 ± 0.05  0.83 ± 0.03  0.64 ± 0.02
 75%  0.83 ± 0.06  0.84 ± 0.03  0.6 ± 0.04
 100%  0.87 ± 0.04  0.84 ± 0.03  0.56 ± 0.08
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Fig. 7. L1-distance-to-closest-record (DCR) histograms for CTGAN (first row), VAE (second row), and LLM (third row) across five data-availability levels used to 
train the generators (10–100% of the real training set). Distances are measured to the nearest neighbor in the real training set. The bottom row shows the baseline 
DCR distribution for real test samples versus the training set.

ity, suggesting that VAE too leaves identifiable statistical artifacts. By 
contrast, the LLM’s discriminator accuracy steadily declines from 0.76 
at 10% to 0.56 at 100% data; with little training data it overfits, but as it 
ingests more examples it reproduces the real manifold so faithfully that 
a powerful classifier can no longer tell its samples apart from genuine 
ones.

Together with our DCR and TSTR performance analyses, these find-
ings confirm that while neither CTGAN nor VAE ever fully conceals their 
synthetic nature, the VAE achieves the best balance between artifact 
reduction and data diversity, and the LLM, given sufficient data, can 
generate near-indistinguishable samples. However, since our primary 
goal is to explore underrepresented regions of the solution space rather 
than simply replicate existing points, we ultimately favor generators that 
produce diverse coverage, even at the expense of perfect fidelity. In this 
scenario, the VAE remains our top choice: it progressively expands man-
ifold coverage in previously sparse areas while avoiding the CTGAN’s 
extreme divergence or the LLM’s memorization.

5.2.4.  Bivariate joint distribution plots
In this section, we qualitatively examine how well each generator 

reproduces the true bivariate relationships between key process param-
eters of our case study and our output variable, as mentioned in Sec-
tion 4.1. Specifically, we focus on the three variable pairs of our dataset, 
pulse energy vs. texture depth, pulse repetition vs. texture depth and 
scan speed vs. texture depth. For clarity purposes, we illustrate results 
at the 50% data fraction setting, where each generator was trained with 
50% of the available real samples. Additional results for other fractions 
are reported in Appendix C. Fig. 8 presents overlaid scatter plots where 

real samples (blue circles) and synthetic points (orange markers) are 
shown side-by-side for CTGAN, VAE, and LLM.

CTGAN. The CTGAN-generated synthetic data, illustrated in 
Figs. 8(a)–(c), reveals significant deficiencies in capturing the core 
experimental distributions. In Fig. 8(a), CTGAN fails to adequately 
represent the critical pulse energy levels at 5 𝜇𝐽 and 10 𝜇𝐽 ; at the 5 
𝜇𝐽 level, synthetic points are generated in nearby regions but miss 
the actual experimental cluster, while at 10 𝜇𝐽 , the method provides 
insufficient coverage of the established experimental region. Fig. 8(b) 
demonstrates similar shortcomings in pulse repetition rate generation, 
where CTGAN inadequately captures the well-defined experimental 
clusters around 80 𝑘𝐻𝑧 and 160 𝑘𝐻𝑧, generating synthetic points 
that deviate from these critical operational frequencies. In Fig. 8(c), 
while CTGAN shows improved performance for scanning speed, it 
still exhibits poor fidelity around the 100mm/s operational point. 
These systematic failures to capture established experimental regions, 
combined with excessive exploration in unrealistic parameter spaces, 
indicate that CTGAN’s generation strategy prioritizes coverage over 
fidelity to a detrimental degree, potentially introducing synthetic 
samples that misrepresent the underlying physical processes.

VAE. The VAE approach, presented in Figs. 8(d)–(f), demonstrates su-
perior performance in balancing experimental fidelity with strategic pa-
rameter space exploration. Fig. 8(d) shows that VAE successfully cap-
tures all major pulse energy levels while providing controlled explo-
ration in their neighborhood, maintaining realistic proximity to exper-
imental clusters without the misrepresentation observed in CTGAN. In 
Fig. 8(e), VAE exhibits excellent fidelity to the discrete pulse repetition 
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Fig. 8. Bivariate joint distribution plots for the 50% data-fraction setting. Each generator (CTGAN, VAE, LLM) was trained with 50% of the real samples and then 
used to produce 192 synthetic points, matching the size of the full real dataset. The scatter plots overlay 192 real samples (blue) with 192 synthetic samples (orange) 
for the three key variable pairs: pulse energy vs. texture depth, pulse repetition rate vs. texture depth, and scan speed vs. texture depth. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

rate structure while offering appropriate exploration across the entire 
experimental parameter space. Fig.  8(f) further confirms VAE’s bal-
anced approach, showing comprehensive coverage of scanning speed 
parameters with maintained fidelity to experimental clusters. Critically, 
VAE avoids the excessive exploration that characterizes CTGAN, pre-
venting the generation of unrealistic synthetic data points that could 
compromise model training. This controlled exploration strategy en-
sures that synthetic augmentation enhances parameter space coverage 
while preserving the physical constraints of the laser processing system.

LLM. The LLM-generated synthetic data, shown in Figs. 8(g)–(i), ex-
hibits exceptional fidelity to real experimental data, confirming the su-
perior performance observed in previous evaluation metrics including 
TSTR and DCR assessments. Fig. 8(g) demonstrates near-perfect replica-
tion of pulse energy distributions, with synthetic points precisely match-

ing experimental clusters without deviation. Fig. 8(h) shows the same 
preservation of pulse repetition rate patterns, maintaining exact cor-
respondence with established frequencies. Similarly, Fig.  8(i) reveals 
perfect adherence to scanning speed experimental structure. However, 
this high-fidelity approach comes at the cost of exploration capability, 
as LLM consistently fails to generate synthetic data in underrepresented 
parameter regions, providing minimal enhancement of parameter space 
coverage and limiting LLM’s utility for one of the key objectives of syn-
thetic data generation: exploring undersampled regions that could guide 
future experimental data or improve active learning strategies.

Together, these joint-distribution visualizations corroborate our 
quantitative findings: CTGAN cannot capture the full range of the real 
manifold, VAE strikes the best balance between reproducing correla-
tions and exploring underrepresented zones, and the LLM achieves near-
perfect fidelity at the cost of limited diversity.
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5.3.  Combining uncertainty estimation and synthetic data generation

Building on our earlier analysis, we now assess the full uncertainty-
guided synthetic-data pipeline by using the uncertainty guided algo-
rithm and the synthetic data generator yielding the best results: GP (Sec-
tion 5.1) with VAE-based augmentation (Section 5.2).

We implement the end-to-end workflow previously described in Sec-
tion 3. We begin training our GP model with an initial dataset of 20 
samples. In each acquisition step (20 in total), we select the most un-
certain real point according to the GP posterior and enrich the training 
set with VAE-generated samples drawn from the input region of highest 
uncertainty. We evaluate this hybrid approach on our industrial texture 
dataset by tracking test-set 𝑅2 as the primary performance metric and 
predictive uncertainty over active-learning iterations, and by compar-
ing final performance across four strategies: GP-based Active Learning, 
GP-based Active Learning with VAE augmentation, Random Sampling, 
and Random Sampling with VAE augmentation. Given the consistent 
behavior observed across performance metrics in Section 5.1, we focus 
on 𝑅2 as a representative indicator for the analysis of the full pipeline. 
This experiment tests whether strategic VAE augmentation can acceler-
ate uncertainty reduction and accuracy gains beyond what is achievable 
with real data alone.

Beyond this experiment, we further analyze other aspects to better 
understand the role of synthetic augmentation. First, we test extreme 
scenarios in which the GP is trained exclusively on synthetic points, to 
analyze the specific contribution of synthetics alone. Finally, we exam-
ine how the number of synthetic samples per iteration influences the 
trade-off between uncertainty reduction and predictive accuracy. To-
gether, these analyses provide a comprehensive view of how synthetic 
augmentation impacts the dynamics of active learning.

5.3.1.  Baseline comparison
Figs. 9 and 10 present the evolution of predictive performance (𝑅2) 

and mean predictive uncertainty, respectively, for four baseline strate-
gies.

As expected, the AL strategy consistently outperforms RS in terms of 
both predictive accuracy and uncertainty reduction, reaching an (𝑅2) 
of ≈ 0.986 and an uncertainty of ≈ 0.27, confirming its effectiveness 
in targeting the most informative regions of the input space. When 
synthetic samples are introduced, we observe a small decrease in pre-
dictive accuracy compared to the purely real-data baselines, from ap-
proximately 0.986 to 0.974. However, this decrease is marginal and 
outweighed by a substantial reduction in predictive uncertainty going 
from ≈ 0.27 to ≈ 0.15. This effect is observed under both AL and RS, 
suggesting that the inclusion of synthetic data contributes to a more 

Fig. 9. R2 performance through iterations of a GP training for different strate-
gies. The solid lines show mean test-set R2 across three random seeds; shaded 
areas indicate standard deviation across independent runs.

Fig. 10. Predictive uncertainty across iterations on a GP trained with different 
strategies. Solid curves denote mean posterior standard deviation on the test set, 
with standard deviation bands across independent runs.

diverse coverage of the input space, thereby accelerating uncertainty
reduction.

These findings suggest a trade-off: synthetic augmentation injects di-
versity into the training set, which accelerates the reduction of total un-
certainty, but this comes at the cost of a small degradation in predictive 
performance. To better understand this balance and to quantify the in-
fluence of synthetic data more systematically, we next analyze scenarios 
where synthetic points play a more dominant role.

5.3.2.  Extreme scenario: Only synthetic data
To better understand the contribution of synthetic augmentation, we 

also consider extreme scenarios in which the GP model is updated ex-
clusively with synthetic samples, without any new real acquisitions. We 
evaluate both uncertainty-guided active learning and random selection 
strategies for generating these synthetic points.

Results show that, in the absence of real data, predictive accuracy 
(𝑅2) remains consistently lower than in the mixed setting (Fig. 11), 
where synthetic points complement real acquisitions. By contrast, 
Fig. 12 demonstrates that uncertainty is reduced to a very similar degree 
across both mixed and synthetic-only settings, regardless of whether 
samples are chosen through active learning or random selection. This 
suggests that the act of injecting synthetic samples, rather than the pres-

Fig. 11. Evolution of test-set R2 across active-learning iterations for four strate-
gies: (blue) Active Learning with real + VAE augmentation, (yellow) Active 
Learning with solely VAE-generated data, (green) Random Sampling with real 
+ VAE augmentation, and (red) Random Sampling with solely VAE-generated 
data. Solid lines denote mean performance across three seeds; shaded bands 
show standard deviation. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)
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Fig. 12. Evolution of predictive uncertainty across iterations for the same four 
strategies as in Fig. 11. Curves report mean posterior uncertainty on the real test 
set, with shaded bands indicating variability across three seeds.

ence of real acquisitions, is the main driver of accelerated uncertainty re-
duction. However, without real acquisitions, these gains in uncertainty 
come at the cost of reduced 𝑅2, as the predictive signal becomes per-
turbed and increasingly biased toward the synthetic data.

Having established that synthetic samples consistently reduce pre-
dictive uncertainty but at the cost of a drop in 𝑅2 when used without 
real acquisitions, the next step is to examine how the number of syn-
thetic points influences this trade-off.

5.3.3.  Influence of number of synthetic samples
Finally, we assess the effect of varying the number of synthetic aug-

mentations per iteration within the Active Learning framework. To this 
end, we tested configurations with 0, 1, 5, 20, and 50 synthetic samples 
added alongside each newly acquired real point.

Results in Figs. 13 and 14 reveal a consistent pattern: introduc-
ing even a single synthetic point already accelerates uncertainty reduc-
tion compared to using real acquisitions alone. Increasing the number 
of synthetics further amplifies this effect, with the steepest decline in 
predictive uncertainty observed when adding 50 samples per iteration 
(Fig. 14).

However, this gain comes at the expense of predictive accuracy. As 
shown in Fig. 13, small additions (e.g., 1 or 5 synthetics) maintain 𝑅2

scores closer to the real-only baseline, while larger batches (20 and es-
pecially 50) introduce stronger deviations from the underlying signal, 

Fig. 13. Effect of the number of synthetic samples per iteration (0, 1, 5, 20, 50) 
under the Active Learning strategy on the evolution of predictive accuracy (𝑅2). 
The solid lines show mean test-set R2 across three random seeds; shaded areas 
indicate standard deviation across independent runs.

Fig. 14. Effect of the number of synthetic samples per iteration (0, 1, 5, 20, 50) 
under the Active Learning strategy on the evolution of mean predictive uncer-
tainty. Solid curves denote mean posterior standard deviation on the test set, 
with std bands across independent runs.

leading to noticeable drops in predictive performance. Moreover, when 
20 synthetic samples are added at each step, predictive performance 
collapses, and increasing the number further (e.g., 50 synthetics) does 
not lead to additional degradation, with the 50 synthetic data curve 
converging to a similarly low 𝑅2. These findings suggest that synthetic 
data play a complementary role: they are most beneficial when used 
in moderate amounts, where they effectively guide exploration and re-
duce uncertainty without substantially perturbing the predictive accu-
racy provided by real acquisitions. In practice, this highlights the impor-
tance of carefully tuning the ratio of real to synthetic samples in order to 
strike an optimal balance between uncertainty reduction and predictive
fidelity.

6.  Conclusion and future research

In this work, we investigated whether DoE can be guided more effec-
tively in data-scarce scenarios by explicitly targeting regions of highest 
uncertainty and enriching them with synthetic samples. Using an indus-
trial femtosecond-laser texturing dataset with only 192 real observa-
tions, we evaluated strategies that combine active learning with genera-
tive augmentation to accelerate both accuracy and confidence gains. To 
this end, we compared three uncertainty estimators (GP, tree-based en-
sembles, and MC-Dropout) and three generative models (CTGAN, VAE, 
and LLM), analyzing their performance both independently and in com-
bination. In the hybrid pipeline, the best-performing uncertainty esti-
mator and generator were integrated to iteratively select the most in-
formative real points while augmenting each acquisition with different 
proportion of synthetic data.

Our results show that GP provide the most reliable balance between 
predictive accuracy and uncertainty reduction under extreme scarcity 
reaching a test-set performance of 𝑅2 ≈ 0.98  and reducing predictive 
uncertainty in a 42.1%. For synthetic data augmentation, each generator 
was trained using different proportion of the available real dataset (10%, 
25%, 50%, 75%, and 100%), simulating different levels of data scarcity. 
Across these conditions, VAEs consistently produced high-utility sam-
ples, with train-on-synthetic, test-on-real 𝑅2 increasing from ≈ 0.72 at 
10% to ≈ 0.91 at 100%, while also showing realistic distributions in 
DCR and bivariate joint plots. Transformer-based LLMs achieved strong 
scores when trained with abundant data (≈ 0.92 at 100%), but they 
lacked diversity and frequently reproduced training records, reflecting 
overfitting. By contrast, CTGAN underperformed in all cases (𝑅2 < 0.40, 
as low as ≈ 0.04 at 100%), consistent with known instability of GANs on 
small tabular datasets.
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By combining the two best-performing methods, GP for uncertainty 
estimation and VAE for synthetic generation, we integrated them into a 
single active learning loop. In this hybrid setting, VAE-based augmenta-
tion accelerated uncertainty reduction: the mean uncertainty decreased 
from ≈ 0.27 (real-only AL) to ≈ 0.15 (AL+VAE), with only a small drop 
in 𝑅2 (0.986 → 0.975). Synthetic-only updates also reduced uncertainty, 
but predictive accuracy remained consistently lower, confirming that 
real acquisitions are essential to anchor the model. Varying the number 
of synthetic data per iteration revealed a clear trade-off: 1 to 5 synthetic 
samples provided faster confidence gains with minimal accuracy loss, 
while using 20 to 50 synthetic samples perturbed the signal and caused 
a collapse in 𝑅2. These findings highlight the complementary roles of 
real and synthetic data: real samples preserve accuracy, while synthetic 
ones accelerate the reduction of predictive uncertainty by enriching cov-
erage of the input space. In cost-sensitive DoE, this trade-off is attrac-
tive when faster convergence in confidence outweighs small losses in 
predictive performance, validating GP+VAE as an effective strategy for 
scarce-data exploration.

Future Work. Looking forward, several directions could further enhance 
and generalize our investigation. First, exploring alternative generative 
paradigms such as diffusion models may yield synthetic samples that 
better reduce uncertainty in scarcely covered regions. Second, different 
transformer-based architectures and sampling techniques could provide 
the diversity that our current LLM struggled to deliver without over-
fitting. Third, a systematic study of the augmentation protocol, vary-
ing the real-synthetic sampling ratio, the number of synthetic points 
per acquisition, and alternative labeling schemes would clarify the op-
timal balance between informativeness and noise. Finally, applying 
this uncertainty-guided synthetic augmentation to additional real-world 
datasets of varying scale and complexity will test its robustness and
scalability.
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Appendix A.  Complementary Performance Metric: MAE

In this appendix, we report mean absolute error (MAE) as a complementary error-based performance metric to support the 𝑅2 analysis presented 
in the main text. MAE provides an intuitive measure of average prediction error in the original scale of the target variable and serves to verify 
that the observed performance trends are not specific to a single metric. Across all experiments, MAE exhibits trends that are fully consistent with 
the 𝑅2 results reported in Section 5.1. In particular, strategies that achieve faster uncertainty reduction and higher 𝑅2 also yield lower MAE, while 
methods that struggle to reduce uncertainty show higher and more variable error levels. Importantly, the inclusion of MAE does not alter any of the 
conclusions drawn in the main text.

Fig. A1 shows the evolution of test-set MAE over the 20 acquisition iterations for the sampling strategies analyzed in Section 5.1. Fig. A2 reports 
the distribution of final MAE values across independent runs.

Fig. A1. Mean test-set MAE over 20 acquisition iterations for GP, XGBoost ensemble, MC-Dropout, and random sampling. Solid lines denote the mean across 
independent runs, and shaded bands represent the standard deviation. This figure is the MAE counterpart of Fig. 3.

Fig. A2. Boxplots of final test-set MAE after 20 acquisition iterations, aggregated over independent runs for each sampling strategy. This figure is the MAE counterpart 
of Fig. 5.

Appendix B.  Additional Distance To Closest Record Results

Figs. B1 and B2 report DCR histograms for the remaining random seeds. These complement the representative seed shown in Section 5.2.2 (and 
Fig. 7 in the main text), confirming the robustness of our conclusions. Across seeds, the qualitative trends remain consistent: the real Test→Train 
baseline concentrates around low distances, CTGAN exhibits broad and heavy-tailed distributions (even at higher data fractions), and VAE narrows 
substantially as more real data become available. LLM often shows pronounced mass at very small distances, which may indicate memorization 
under certain seeds.
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Fig. B1. DCR (L1) histograms for all generators trained with different data fractions (seed 21). Distances are computed to the nearest neighbor in the real training 
set. Lower values indicate synthetic points closer to genuine data in feature space.

Fig. B2. DCR (L1) histograms for all generators trained with different data fractions (seed 50). Distances are computed to the nearest neighbor in the real training 
set. Lower values indicate synthetic points closer to genuine data in feature space.
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Appendix C.  Additional Bivariate Joint Plots

This appendix provides additional bivariate joint plots for data fractions other than the representative 50% case shown in Section 5.2.4. For each 
fraction (10%, 25%, 75%, 100%), we overlay real samples and synthetic samples generated by each model (CTGAN, VAE, LLM) to qualitatively 
assess how well the observed pairwise relationships are reproduced Figs. C1, C2, C3, C4.

Fig. C1. Bivariate joint distribution plots for the 10% data-fraction setting. Each generator (CTGAN, VAE, LLM) was trained with 10% of the real samples and then 
used to produce 192 synthetic points, matching the size of the full real dataset. The scatter plots overlay 192 real samples (blue) with 192 synthetic samples (orange) 
for the three key variable pairs: pulse energy vs. texture depth, pulse repetition rate vs. texture depth, and scan speed vs. texture depth. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. C2. Bivariate joint distribution plots for the 25% data-fraction setting. Each generator (CTGAN, VAE, LLM) was trained with 25% of the real samples and then 
used to produce 192 synthetic points, matching the size of the full real dataset. The scatter plots overlay 192 real samples (blue) with 192 synthetic samples (orange) 
for the three key variable pairs: pulse energy vs. texture depth, pulse repetition rate vs. texture depth, and scan speed vs. texture depth. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. C3. Bivariate joint distribution plots for the 75% data-fraction setting. Each generator (CTGAN, VAE, LLM) was trained with 75% of the real samples and then 
used to produce 192 synthetic points, matching the size of the full real dataset. The scatter plots overlay 192 real samples (blue) with 192 synthetic samples (orange) 
for the three key variable pairs: pulse energy vs. texture depth, pulse repetition rate vs. texture depth, and scan speed vs. texture depth. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. C4. Bivariate joint distribution plots for the 100% data-fraction setting. Each generator (CTGAN, VAE, LLM) was trained with 100% of the real samples and 
then used to produce 192 synthetic points, matching the size of the full real dataset. The scatter plots overlay 192 real samples (blue) with 192 synthetic samples 
(orange) for the three key variable pairs: pulse energy vs. texture depth, pulse repetition rate vs. texture depth, and scan speed vs. texture depth. (For interpretation 
of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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