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Abstract  New manufacturing techniques like 3D printing are under development, and they need monitoring methods to 
ensure the quality of the manufactured parts. Artificial Intelligence has outperformed traditional methods in the monitoring 
process and has shown high potential in recent years. New approaches in Artificial Intelligence, particularly Neural Archi-
tecture Search (NAS), have unlocked the potential for automated design of high-performance and resource-efficient deep 
learning models. In this work, we propose a training-based, low-fidelity NAS framework to systematically discover optimal 
architectures for regression tasks. Leveraging 8,610 candidate topologies, we trained models on only 0.1% of the data for 
10 epochs, enabling faster execution and selection of the architecture using low-fidelity information. The dataset belongs to 
Laser Powder Bed Fusion (LPBF), which is a manufacturing method that is still not well mastered and requires many trials 
before obtaining a satisfactory result. To cope with this issue, we developed a NAS algorithm to design a lightweight AI 
model (an architecture with a low number of parameters) to predict the process parameters from video information to ensure 
having the same printing parameters in action. The ultimate goal is then to embed the AI model in a low-latency feedback 
control loop that enables on-the-fly supervision of the printing process. The final designed architecture is based on 3-dimen-
sional convolutional neural networks. The final AI models are 3–30 times lighter than off-the-shelf ones, while maintaining 
almost the same accuracy. This shows the potential of our methods when dealing with regression tasks in an industrial case 
study.
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Introduction

Artificial Intelligence (AI) (Cheng et al., 2021)has evolved 
dramatically over the past decades from early rule-based, 
fully programmed systems to deep learning architectures, 
transforming the way machines perceive, learn, and interact 
with complex environments. What was once a niche aca-
demic pursuit has now become a core technology founda-
tion for different applications across industries, ranging from 
natural language processing (Feuerriegel et al., 2025) and 
computer vision (Voulodimos et al., 2018) to autonomous 
vehicles (Janai et al., 2020) and predictive maintenance 
(Hu et al., 2025). This transformative progress has been 
fueled by advances in computational power (Ravikumar et 
al., 2022); the exponential growth of data; and innovative 
methodologies that automate the design and optimization of 
complex neural network architectures. The increasing com-
plexity of architectures can make them unreliable due to an 
excessive number of unnecessary parameters, which may 
lead to overfitting and reduce their generalization capability, 
which is the problem in the previous Neural Architecture 
Search methods (Salmani Pour Avval et al., 2025). NAS 
has emerged as a pivotal tool, harnessing AI’s capabilities 
to discover high-performing and resource-efficient neural 
networks automatically for devices that have limited power 
and restricted capacities, so-called edge devices.

Background knowledge on neural architecture 
search

Since the establishment of AI model and Machine Learn-
ing (ML) methods, the architecture has been designed by 
humans until the introduction of Automatic Machine Learn-
ing (AutoML) (Saxena & Verbeek, 2016), which was a way 
to enhance the AI models using automatic methods by com-
puters and algorithms. Later, researchers realized that the 
architecture of the AI models is a massive and even infinite 
space which should be probed and explored without involv-
ing other ML parameters in the optimization process (Yag-
houbi & Kumru, 2024). This branch of the autoML method 
is called Neural Architecture Search (NAS). NAS in general 
can be considered as an automated framework for designing 
Neural Network architectures that leverages the principles 
of systematic exploration and optimization. NAS operates 
on three fundamental pillars (Salmani Pour Avval et al., 
2025): the Search Space (SSp), the Search Strategy (SSt), 
and the Validation Strategy (VSt). In simple words, NAS is 
an algorithm that finds, designs, or optimizes the topology 
of a neural network to suit the dataset.

The SSp defines the boundaries and constraints of poten-
tial architectures by specifying the types of layers, connec-
tivity patterns, hyperparameters that can be combined, etc. 
This space includes every possible architecture that could 
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be generated, from the simplest to the most complex struc-
tures, and even sometimes novel architectures that might 
not be designed by humans.

The SSt is responsible for exploring and probing into the 
SSp in an efficient and effective manner. It involves an opti-
mization process-using techniques such as reinforcement 
learning (Zoph & Le, 2016; Mills et al., 2021), evolution-
ary algorithms (Gottapu & Dagli, 2020; He et al., 2021), 
gradient-based methods (Wan et al., 2020; Chen et al., 2020; 
Liu et al., 2018), or even random search methods (Li & Tal-
walkar, 2020; Wen et al., 2020)-that iteratively refines the 
candidate architectures based on performance feedback. In 
essence, SSt explores the trade-offs between exploring new 
architectural possibilities and exploiting the most promising 
regions of the Search Space..

Complementing these is the VSt; it plays a crucial role 
in assessing the performance of each candidate in every 
iteration. VSt estimates or calculates the AI model’s per-
formance by evaluating it on a separate validation dataset, 
often employing techniques like full or partial training, 
weight sharing, or even zero-shot evaluation (Salmani Pour 
Avval et al., 2025).

Together, these three pillars-SSp, SSt, and VSt-form the 
skeleton of NAS, enabling it to generate architectures that 
not only achieve high accuracy automatically but can also 
be efficient, robust, and well-suited for deployment in real-
world applications.

Literature review

Industrialized NAS (Benmeziane et al., 2021) represents 
the transition of NAS from a predominantly research-ori-
ented endeavor into a mature, production-ready technology. 
In this phase, NAS methodologies have been refined and 
optimized to meet the stringent requirements of real-world 
applications by streamlining the search process through 
techniques such as weight sharing, differentiable search 
spaces, and multi-objective optimization (Salmani Pour 
Avval et al., 2025). These enhancements not only boost 
benchmark performance but also enable architectures to be 
tailored for deployment on specific hardware platforms with 
practical constraints. Moreover, industrialized NAS empha-
sizes robustness and reproducibility, ensuring that search 
pipelines produce consistent and reliable results across 
diverse datasets and tasks. This evolution allows companies 
to leverage automated design processes (Gupta & White, 
2021) to accelerate the development of highly efficient 
machine learning models, significantly reducing the need 
for manual tuning and speeding up innovation across vari-
ous sectors-from autonomous driving (Hao et al., 2019) to 
edge computing (Gupta & White, 2021).

Apart from the mentioned benefits of AI, there are some 
downsides to it as well. First of all, AI models are normally 
designed in a way that they are unsuitable for industrial 
applications because of massive memory and process-
ing needs (Benmeziane et al., 2021). We try to develop a 
method that optimizes AI models to maintain a high per-
formance across diverse datasets and real-world conditions 
while minimizing sensitivity to noise and variations. This 
characteristic is closely tied to generalization, ensuring the 
training performance without overfitting and achieving high 
performance. A key aspect is achieving these capabilities 
with fewer parameters, leading to efficient and resilient AI 
models. This way, NAS output can use minimal but effec-
tive parameterization, which enhances noise resistance and 
adaptability, making models more reliable for deployment 
in dynamic environments with varying data distributions. 
The second problem comes from the need for an expert to 
design the AI models. For example, introducing an archi-
tecture that can solve a problem in a specific industry needs 
to have an expert in the loop because architectures are far 
different from each other, and they are designed in a way 
to analyze a variety of data. Using NAS, we can solve this 
problem because the mentioned algorithms can understand 
the performance of the different architectures and functions 
in the models and guide the topology of the model to the 
point that fits the need of the problem.

Artificial intelligence in process monitoring

AI methods have enhanced the performance of the monitor-
ing (Ahmadian et al., 2010) approaches for the industrial 
applications (Bowler et al., 2022; Hu et al., 2025). In addi-
tion to that, a new manufacturing method has been intro-
duced as additive manufacturing (Serin et al., 2016). In this 
technology, the particles of materials are being added over 
time to each other to make useful parts. Several techniques 
have been developed in this manufacturing branch, and 
one of the most important metal manufacturing methods in 
additive manufacturing is Laser Powder Bed Fusion (LPBF) 
(Rothfelder et al., 2023). In this method, a layer of powder 
of a metal is applied on a pool of particles, and a laser beam 
melts some part of it, and these melted parts fuse to con-
struct the part. This process repeats layer by layer, based on 
a CAD file, to build the parts. This process is sensitive to 
various factors like laser power or laser velocity, which can 
lead to defects such as tiny voids and pores (Dunbar, 2016). 
These defects can compromise the structural integrity and 
quality of the build (Kouprianoff et al., 2018). Therefore, the 
power of the laser beam and the distribution of the energy, 
which is related to the focal point of the magnifiers and the 
calibration of the mirrors, can change during the process 
because of the distortion (Yeung et al., 2020; Mussatto et 
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Application

As mentioned, one of the common additive manufacturing 
methods is Laser Powder Bed Fusion (LPBF), which uses a 
laser beam to melt powder-shaped particles and fuse them. 
Therefore, we need to be sure that the laser beam is always 
in the same working conditions to guarantee high-quality 
parts. In this article, we want to monitor the working condi-
tion of the machine and detect the malfunction of the laser. 
In addition, we want to do the monitoring process in a real-
time manner to be able to correct the printing properties. 
Therefore, having a light and quick AI model is our priority 
as well as designing high-performing architecture.

Current methods rely on trial-and-error approaches (Cao 
et al., 2021), involving costly post-production testing and 
multiple print iterations, resulting in increased scrap rates 
and higher production costs. A more effective solution 
would be an automated monitoring system integrated into 
a low-latency feedback control loop. This system observes 
the melt pool in real-time, predicting potential changes of 
the laser and enabling corrective actions to prevent or com-
pensate for them, reducing the likelihood of defective prints.

Such a system could be implemented using computer 
vision models that analyze video data of the melt pool 
(Blanc et al., 2023). These architectures can predict the pro-
cess’s actual parameters from the video frames. However, 
existing AI models are computationally expensive, making 
them unsuitable for real-time applications.

This study aims to develop a lightweight computer vision 
model that can predict LPBF process parameters accurately 
and efficiently, benefiting a NAS algorithm.

Dataset

We are dealing with a large dataset to analyze the effect of 
laser power and laser dot speed in 316 L stainless steel bulk 
material (Blanc et al., 2023). It contains videos of the 3D 
printing process recorded by an on-axis 20,000 frames per 
second camera. A process is defined by the printing of a line 
by the laser on the material for a given set of parameters, 
a specific laser power, and laser dot speed. The dataset is 
composed of 93,116,645 frames for 678,708 lines, and so 
678,708 videos, for a parameters’ distribution shown in 
Fig. 1. These videos contain grayscale frames.

The dataset in Blanc et al. (2023) compared the perfor-
mance of four off-the-shelf open-source video action clas-
sification models. These are the 3D-CNN-based methods 
3D ResNet (Blanc et al., 2023), SlowFast (Feichtenhofer 
et al., 2019), the transformers MViT (Fan et al., 2021) and 
Swin3D (Yang et al., 2025).

al., 2022) or aging of the actuator (Creac’h et al., 2015). 
As a result, the size of the laser spot and the distribution of 
the laser beam should be monitored to guarantee the quality 
of the manufacturing (Ross et al., 1996; Imran & Naeem, 
2025). To improve the quality of the monitoring process, we 
need to implement fast AI models that are working on the 
edge. Meeting the mentioned requirement needs some spe-
cial properties like low latency, high performance/ accuracy, 
etc. These kinds of architectures are hard to design by non-
expert humans. Also, the designed AI models should have 
small memory usage due to the fact that in situ monitoring 
devices and edge computing machines are low in resources, 
and they have limited memory and energy. To solve the 
problem, we used NAS to enhance the architecture design 
in the monitoring process of the laser beam quality in LPBF 
3D printing method.

Problem statement

In industrial applications, an AI model should be fast and 
lightweight (in terms of the number of parameters and 
operations). But, AI models that are designed by humans 
are mainly heavy and less accurate, which makes them not 
a suitable candidate for the in situ monitoring. Moreover, 
AI models designed by traditional NAS methods are often 
complex and computationally heavy, especially if they are 
designed using proxies for validation. The first reason is 
that, since the introduction of the NAS (Liu et al., 2018), 
the majority of the algorithms have been introduced for 
the classification problems, mainly for image classification 
such as CIFAR-10 (Krizhevsky et al., 2009) or ImageNet 
(Russakovsky et al., 2015). But for the regression problems, 
it is rare to find an algorithm that can optimize the algorithm 
automatically (Artin et al., 2021). Second, proxies are well 
defined for the complicated datasets, which are mentioned 
just before, and there is no possibility to find an architecture 
in the SSp reaching 100% accuracy. When we face a lack 
of dataset, like in industrial applications, the performance 
and reliability of the proxies go down, and actually they cal-
culate the complexity of architectures (Mellor et al., 2021; 
Zhou et al., 2024).

Therefore, in this article, we introduced a training-based 
low-fidelity NAS algorithm for the regression problem, and 
then we applied it to an industrial dataset coming from addi-
tive manufacturing industries to optimize the AI models for 
edge monitoring of the process and even probed into some 
ideas to make the NAS algorithm quicker. We compared the 
introduced AI models with the one that is developed in the 
article of the dataset (Blanc et al., 2023).
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method helped us to keep the laser point at the same position 
for each video and frame, which makes the dataset more 
consistent. However, this cropping process did not affect the 
observation of the movements of the laser point. This pro-
cess is similar to the pre-processing method, which has been 
done by Blanc et al. (2023).

In addition, we normalized the frames into a scale of 
[0,  1]. Input and output (laser’s power and speed values) 
were normalized using the means and standard deviations 
that have been provided for comparative purposes (Blanc 
et al., 2023).

Finally, we used AI models with a fixed input size; there-
fore, we had to clip the videos into time windows. To do 
so, we implemented a generic dataset object that can han-
dle both variable-length videos and fixed-length ones. The 
fixed-length videos are obtained by cropping the video every 
N frames. We did not use too-short videos from the modified 
dataset. This process ended up with 2383, 101 samples with 
32-frame data points. At this stage, we had a clean and nor-
malized dataset that was ready to be used to train both fixed-
input-length models and variable-input-length models.

Architecture design

In the following sections, human-designed AI models and 
machine-designed AI models are introduced, respectively.

Human designed AI model

We first developed a human-designed architecture. Design-
ing the model to achieve good performance and converge 
to acceptable accuracy took weeks; for some datasets and 
applications, it can take months. To design a competitive 
AI model, we designed different architectures and finally 
obtained one that uses 3D data as input, within which the 
third dimension is time. For this purpose, data was parti-
tioned with time windows using a 3- Dimensional Convolu-
tion Neural Network (3D-CNN). This includes a 3D matrix, 
which uses the frames as the first 2 dimensions of the data 
and time as the third one. Then, by processing three dimen-
sions at the same time, the AI model can learn from the 
spatial and temporal information of the videos, as well as 
a combination of both. The human-designed architecture– 
which is a 3D-CNN network– is shown in Fig. 3, so-called 
3D-CNN-1.

The human-designed architecture, trained using 70% of 
the dataset, leads to an Root Mean Square Error (RMSE) 

Pre-processing and data cleaning

The used dataset has a problem that goes into the fundamen-
tal camera feature; before the appearance of the laser, the 
camera frame consists of a large amount of noise in as you 
can see in the most left image in Fig. 2 due to the fixed ISO 
sensitivity of the sensor (Levoy, 2014).

This issue is common in the dataset and can occur at 
any time in the videos when the laser is off. Because these 
frames contain only noise and no useful information, it has 
a high potential to affect the AI model’s predictions and pull 
it down. Therefore, removing these frames would help us 
to have more reliable AI models. It should be mentioned 
that we did not introduce these frames as a new label to the 
model because it can increase the complexity dramatically 
also this problem can be solved on the hardware side by 
letting the program know that the laser is off and then the 
monitoring process can stop monitoring which ends up with 
power saving on the software and power usage. To clean 
the dataset, we split the videos containing these frames and 
removed the problematic frames. This process resulted in a 
dataset of 1,228,921 videos.

There was another problem with the dataset, which made 
it to be heavy-duty for the training process, and it was its 
memory size. We solved this by cropping the frames in a 
way to have 41 × 41 frames. The original size of the frames 
was 128x128 pixels. In this process, for a given video, we 
first computed the average location of the laser point and 
then cropped all the frames around this position. Using this 

Fig. 2  Example of a video from the 
RAISE-LPBF dataset. The video 
is cropped, and the color is a map-
ping of the pixel’s value

 

Fig. 1  Parameters’ distribution of the dataset. The power density is not 
a parameter but is the ratio of the power and speed parameters
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(NAS) algorithms (Salmani Pour Avval et al., 2025) in the 
following paragraphs.

Defined search space

A SSp is a necessary component of any optimization prob-
lem, as it defines the domain over which candidate solutions 
can be evaluated. Without it, the problem is undefined: there 
is no structure to guide search, no feasible set to constrain 
it, and no basis on which optimality can be determined. This 
applies equally to discrete, combinatorial, and continuous 
settings. Importantly, the SSp must also be limited. In high-
dimensional or combinatorially large spaces, the number of 
possible solutions increases exponentially, making exhaus-
tive search intractable and degrading the performance of 
even heuristic or sampling-based methods. This is a direct 
consequence of the curse of dimensionality (Barkat Ullah 
et al., 2008). A bounded SSp enables the use of algorithmic 
strategies such as pruning, surrogate modeling, or adaptive 
sampling, which rely on structure and prior information to 
reduce the number of evaluations required. It also mitigates 
overfitting in data-driven models by constraining complex-
ity. For these reasons, the definition and limitation of the 
SSp are not auxiliary design choices but necessary condi-
tions for efficient and meaningful optimization (Salmani 
Pour Avval et al., 2025).

Our defined SSp is constructed of two main parts. The 
first part is responsible for the first stage of the architecture, 
which is called blocks in this article, and the second part is 
responsible for the head of the networks, which is the com-
bination of some Fully Connected (FC) layers.

The block part has the Rectified Linear Unit (ReLU) acti-
vation function after a 3D convolution layer and a pooling 
layer, which is shown in Fig. 4. each model either has three, 
two, or one unique block, which are connected in series to 
make the feature extraction section. The convolution layers 
either have a kernel of size (1, 1, 1), (3, 3, 3), or (5, 5, 5). 

(Armstrong & Collopy, 1992)—Eq. 1– on the laser power 
of 94.5W, on the laser dot speed of 16.4 mm s−1, and on the 
power density of 0.0461 j/mm. The model does not directly 
predict the power density but does predict the power and 
speed parameters ratio. The next step is going to describe 
the NAS algorithm and how it is going to find the optimized 
architecture in its search space.

RMSE (xi − x̂i) =

√
ΣN

i=1 (xi − x̂i)2

N
� (1)

In Eq. 1, N is number of values, P is number of parameters, 
xi is ith value, and x̂i is ith predicted value.

Neural architecture search (NAS)

In industrialized NAS, mentioned pillars (Salmani Pour 
Avval et al., 2025) are further refined through hardware-
aware optimizations and resource-efficient approaches. The 
SSp is often adapted to incorporate domain-specific con-
straints, ensuring that the candidate architectures meet not 
only performance metrics but also real-world operational 
requirements such as energy efficiency and latency. Simul-
taneously, the SSt is enhanced with advanced optimization 
algorithms that balance exploration and exploitation, effec-
tively reducing the computational overhead and search time. 
Meanwhile, the VSt adopts efficient performance estimation 
methods to rapidly gauge the true potential of each architec-
ture without the need for exhaustive training. This syner-
gistic integration of pillars fosters a NAS framework that is 
both scalable and robust, paving the way for accelerated AI 
model development and seamless deployment in industry-
scale environments.

To continue, for optimizing the architecture for our 
industrial application, we used Neural Architecture Search 

Fig. 3  3D-CNN-1 model’s architecture (human-crafted). ks stands for kernel size
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conv_5_64_128, max_pool_2, flatten, fc_256, fc_128, 
skipped. Having all the important information for generating 
a model brings this challenge: is it possible to make a sur-
rogate model using LSTM structures without using Large 
Language Models (LLMs) to predict the performance?

Therefore, a surrogate model is designed to predict the 
performance of different AI models by learning from the 
performance of a fraction of them in the SSp and predict-
ing the rest. Therefore, the SSp was split into three sets: 
one thousand architectures were dedicated to training the 
surrogate model, another thousand were used to validate 
it, and others were left aside for testing. The architectures 
that belonged to the last set did not need any training, as 
the surrogate model would predict their performance. The 
main interest of this method is to reduce the computational 
cost of the NAS algorithm while computing its performance 
in the VSt step. As a result, instead of training all 8,610 
architectures, we only need to train 2,000 architectures and 
record the training information. Then this information (like 
layer type, layer number, etc.) is used to train a surrogate 
model, which allows us to predict the performance of dif-
ferent architectures using a lower cost. To prepare the data 
for training the surrogate model, we used the AI models’ 
architectures (as a string of DNA) as input. The layers were 
one-hot encoded as a vector of twenty values, as there were 
twenty different layers in the search space. Hence, the input 
was a variable-size 2D matrix with one dimension of twenty 
values and the other equal to the number of layers in the 
architecture. The surrogate model consisted of an encoder 
and a Multilayer Perceptron (MLP). The encoder’s role was 
to extract the architecture’s features by encoding them into 

Moreover, the pooling functions have two options: maxi-
mum pooling or average pooling. Within which a fractional 
maximum pooling has the ratio of 0.5, and the average pool-
ing is a squared average pooling layer. Finally, the pooling 
functions’ kernels are either of size (2, 2, 2) or (3, 3, 3). The 
input and output dimensions of the convolutions are fixed 
and detailed in Fig. 4.

The second part of the model, which is the head, has 
three, two, or one fully connected layers. Like the feature 
extraction part, the input and output dimensions of the head 
are detailed in Fig. 4. Each fully connected layer is followed 
by a ReLU activation function to bring the nonlinear com-
plexity to the AI models.

Finally, the last layer of the architecture has a fully con-
nected layer with an output dimension of 2. These two out-
puts were the laser power and the laser dot speed. There are 
no classical ML methods because they need intensive pro-
cessing power and huge memory (Vapnik & Vapnik, 1998), 
which is never feasible with our dataset.

In general, the SSp consists of 8,610 models. To effi-
ciently explore this vast space to find the most accurate 
model, several techniques could be considered; we decided 
to use a surrogate model method to check out if the DNA of 
the models can give important information about the perfor-
mance of the owner beforehand of the training.

Surrogate model method as a validation strategy

In our SSp, every model is defined using an array of string 
variables that have all the hyper-parameter information of the 
topology of the model, like conv_1_1_64, avg_pool_2, 

Fig. 4  Search space definition for the neural architecture search. FC stands for fully connected
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able to predict the performance of the AI models, as shown 
in Fig. 7. There is a high possibility of designing a surrogate 
model using more complex and larger structures that are 
able to predict the performance, but the aim of this article 
is not to design them. As a result, we will postpone the sur-
rogate structure design to the future. But, we consider that 
the information from the string type DNA information can-
not lead to the performance at the moment, and we believe 
that due to the fact that the performance of the AI models 
is hardly wired to the data, it is even harder duty. Mean-
ing, if we design an AI model that is working for a random 
image classification dataset, and transfer it to the CIFAR-10 
dataset, the performance of it will not stay the same, and 
the complexity of the dataset can alter the performance. 
As a result, for this article, we used the low-fidelity NAS 
method for the architecture selection and then fully trained 
the selected AI model for measuring the final performance 
(Salmani Pour Avval et al., 2025).

a ten-value vector. The MLP section then used this vector to 
map them into the AI model’s performance space (Fig. 5).

The encoder was a Long Short-Term Memory (LSTM) 
with a single layer with 10 cells in architecture and was 
trained using an autoencoder. The autoencoder’s decoder 
consisted of two LSTMs with the same number of cells. The 
first one was used to rescale the encoded architecture’s vec-
tor, a ten-value vector, to the original size, a twenty-value 
vector, and the second one was used to decode the archi-
tecture by iteratively reconstructing the original matrix. As 
shown in Fig. 6, the training and testing loss evolution were 
very good. The encoder was then ready to be used in the 
surrogate model. The autoencoder is trained using the DNA 
information, which is shown in Table 1.

In the surrogate model, the MLP section consisted of 
three fully connected layers with a ReLU activation func-
tion (Fig.  5). Unfortunately, the surrogate model was not 

Table 1  DNA information of the sample AI model that is in Fig. 9 is 
the values in the table plus DNA string which is: "3D-CNN → ReLU 
→ MaxPool → FC → ReLU → FC → ReLU → FC"
Number of
Layers CNN layers ReLU layers Pooling layers FC layers
8 1 3 1 3

Fig. 7  MultiLayer perceptron evaluation of the surrogate model. The 
line is the target graph, the best predictions

 

Fig. 6  Autoencoder performance of the surrogate model

 

Fig. 5  Surrogate model for predict-
ing the performance of AI models
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Score = 1
N

N−1∑
i=0

(poweri − ˆpoweri)2 + (speedi − ˆspeedi)2

2 � (2)

To train and test the top architectures, the whole dataset is 
divided into two parts: 70% for training and 30% for evalu-
ation. It should be mentioned that models are trained just 
for 10 epochs to calculate the score. After applying the NAS 
algorithm to the dataset using the defined SSp, the algorithm 
returned the order of the models in a way that we can choose 
the model according to our criteria. The reason that we did 
not define the criteria at the beginning is that the selected 
model can be changed from one edge device to another 
because of their hardware structure and their ability to pro-
cess different variables. We selected three different models 
called: the best architecture, the shortest architecture, and 
the simplest architecture. Later, these models are trained. 
We named them 3D-CNN-2, 3D-CNN-3, and 3D-CNN-3, 
respectively. Their architectures are shown in Figs. 8, 9 and 
10, respectively. The best performing model is the one that 
appeared at the top of the list by our NAS algorithm. The 
shortest model is the one that has the least number of lay-
ers in the top list. The simplest model is the model that has 
the fewest number of parameters. In some edge devices, 
we have some processors that are tending to have faster in 
series calculations which are good for the models that has 
least number of parameters, but some other type of devices 
like Jetson series (Mazzia et al., 2020; Smolyanskiy et al., 

Training-base low-fidelity validation method for neural 
architecture search

There is a guarantee that the best-performing AI model in 
the SSp can be found by training-based NAS algorithms 
despite their low efficiency because it has to train all the 
architectures in the SSp, which makes the process a time and 
energy-demanding one. These algorithms are sometimes not 
feasible due to the high number of architectures in the SSp. 
To make the expensive computational problems cheaper, we 
aimed to make the algorithm faster while keeping the per-
formance of the training methods. Therefore, we selected 
the low-fidelity approach and then trained the selected AI 
model with the whole dataset. Therefore, this new direction 
made us train and evaluate the architectures on a tiny subset 
of the dataset and for a few epochs. To make this subset, we 
made some trial and error at the beginning to find the right 
amount of data that is needed, which can help the algorithm 
in the model selection and validation. This subset consisted 
of 0.1% of the dataset, with 70% dedicated to training the AI 
models and 30% to evaluating them. For more information 
about the architectures, you can check the results in Table 3 
in Appendix 1. In this figure, the scores represent the mean 
square error of the architectures on the testing set: the lower 
it is, the better it is. For calculating the score, we used the 
error of two outputs of the models, which are the power and 
speed that are presented in Eq. 2

Fig. 9  3D-CNN-3 model’s archi-
tecture. ks stands for kernel size. 
This model has the fewest number 
of layers, which is present in the 
top-ranked architectures in the 
NAS algorithm

 

Fig. 8  3D-CNN-2 model’s architecture. ks stands for kernel size. This model is the best-ranked model in the NAS algorithm
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(Bian et al., 2025; Tobiasz et al., 2023), and that is why we 
consider the number of parameters as a metric to show how 
fast the model works on edge devices. However, some edge 
devices that contain graphics processing units (GPUs) or 
tensor processing units (TPUs) are quicker with models that 
have a larger number of parameters but less number of lay-
ers (Mazzia et al., 2020; Smolyanskiy et al., 2017). Here is 
why we announced two models with the fewest number of 
parameters (3D-CNN-4) and the fewest layers (3D-CNN-3). 
Speaking of robustness, reducing the number of parameters 
in AI models can enhance their robustness: simpler mod-
els are less prone to overfitting and demonstrate improved 
resistance to adversarial perturbations. For instance, in the 
domain of medical image analysis, networks with signifi-
cantly fewer parameters exhibited superior performance 
under adversarial attacks while maintaining comparable 
accuracy on clean data. Moreover, theoretical and empirical 
work has emphasized that models with low effective com-
plexity tend to generalize better and show greater robust-
ness to input variation (Budnikov et al., 2025; Rodriguez et 
al., 2022).

Results and discussion

After training and testing the defined architectures by 
humans and NAS algorithm, we put the results in Table 2. 
Our architectures outperformed three of the proposed previ-
ous models; they all had quite similar performances despite 
the massive difference in the parameter numbers- the fewer, 
the better. This research aimed to find a competitive archi-
tecture according to its performance while increasing the 

2017) tend to be good in in parallel processes which makes 
the fewer number of layers a benefit for the edge processing 
unit.

In this table, we compared the RMSE values with each 
other because this metric is the only metric that is provided 
by the introduction article of the dataset (Blanc et al., 2023). 
As shown in Table 2, the 3D-CNN-2’s RMSE on laser power 
was 93.2, on laser dot speed was 16.6, and on power density 
was 0.0452. The 3D-CNN-3’s RMSE on the same param-
eter predictions were 105.8, 16.8, and 0.0512, respectively.

In this article, we used the approach to consider the num-
ber of parameters in a model as complexity (Huang & Gao, 
2022; Canziani et al., 2016), which is one of the methods 
that is used in literature because there is a positive corre-
lation between the number of parameters and complexity. 
In addition, the number of parameters shows the number 
of mathematical operations that should be done indirectly 

Table 2  Benchmark results of all the models
NAS ranking Model Speed 

RMSE
Power 
RMSE

No. 
parameters

N/A SlowFast 67.6 11.12 34848090
1 3D-CNN-2 93.2 16.6 27728002
702 3D-CNN-1 94.5 16.4 13330690
16 3D-CNN-4 103.1 17.2 1239554
4 3D-CNN-3 105.8 16.8 27730434
N/A 3D ResNet 157.8 19.50 32735698
N/A MViT 191.9 24.88 36892274
N/A Swin3D 205.0 25.34 28238480
Our models are highlighted in italic. N/A means "not available". 
The model named 3D-CNN-1 is the human-crafted one. In the No. 
parameters, the bold value shows the model with fewest number of 
parameters

Fig. 10  3D-CNN-4 model’s architecture. ks stands for kernel size. This model has the fewest number of parameters, which is a characteristic of the 
top-ranked architectures in the NAS algorithm
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to a dataset coming from the metal additive manufacturing 
industry. It should be mentioned that NAS designed archi-
tectures have higher potential than traditional and off-the-
shelf models to work in real-time, and they become more 
energy-efficient algorithms, which means the next step in 
the automated AI model design field, the main focus will be 
on three different branches:

	● Within the scoring methodology, there is a substantial 
need to develop algorithms that explicitly account for 
complexity.

	● Within industrial applications, robustness constitutes a 
critical parameter, and its incorporation into the valida-
tion process enhances the accuracy and reliability of 
model optimization.

	● Model training is computationally intensive in terms of 
both time and energy, creating a strong demand for algo-
rithms capable of predicting model performance with-
out full training, or with substantially reduced training 
epochs.

	● A random partitioning strategy was employed to allo-
cate a subset of the dataset for low-fidelity validation. 
Developing principled methods for mini-batch selection 
has the potential to enhance the scoring methodology 
and improve predictive accuracy.

Appendix 1: Neural architecture search 
(NAS) results

See Table 3.

potential of using it on edge devices with low latency and 
higher efficiency, which can be concluded from the dif-
ference between the number of parameters. As shown in 
Table  2, introduced AI models were created with fewer 
parameters than those proposed in the previous paper, which 
makes them suitable for the Edge-Devices and industrial-
ized AI models due to the less complexity, which also can 
increase the potential of generalization and decrease the 
chance of overfitting.

Training the architectures in a subset of the dataset and 
on a few epochs tends to highlight the architectures that 
converge faster and with acceptable and competitive accu-
racy. We were looking for an AI model that is trainable in 
a few epochs; however, we managed to find architectures 
with good and compatible accuracy. Analyzing the results, 
with more time and a larger dataset partition, it is possible 
to optimize the topology of the AI models with higher accu-
racy. In addition, it could have been interesting to work on 
the surrogate model using different methods as well, which 
makes the NAS algorithm quicker and more accurate.

The architectures outperformed the previous ones in 
terms of accuracy over parameter numbers. Also, we 
showed that against the main mindset trend of the research-
ers, industrial applications often do not require complex 
architectures; rather, simpler ones, as built in this paper, are 
sufficient, generalized, and reliable. This is an important 
conclusion, as it is always better to use a AI model with 
fewer parameters, as it has less chance to overfit, is faster to 
train, consumes less, and is faster to run.

Conclusion and future direction

In this work, a training-based low-fidelity NAS algorithm 
for regression problems was developed to design better-per-
forming and less complex architectures. It was also applied 

Table 3  Neural architecture search’s top models when training all of them on few epochs
Layers Model
0 1 2 3 4 5 6 7 8 Score
conv_5_1_64 max_pool_2 conv_5_64_128 max_pool_2 fc_256 fc_128 0.25053099
conv_5_1_64 avg_pool_2 conv_5_64_128 max_pool_2 fc_256 fc_128 0.26365426
conv_5_1_64 avg_pool_2 conv_5_64_128 fracmax_pool_2 fc_256 fc_128 0.26365426
conv_5_1_64 lp_pool_2 conv_5_64_128 max_pool_3 fc_256 fc_128 0.26476849
conv_5_1_64 avg_pool_2 conv_5_64_128 max_pool_3 fc_256 fc_128 0.26692758
conv_5_1_64 max_pool_3 conv_5_64_128 max_pool_3 fc_128 0.26692982
conv_5_1_64 max_pool_2 conv_5_64_128 max_pool_3 fc_256 fc_128 0.26796104
conv_5_1_64 max_pool_2 conv_5_64_128 max_pool_3 conv_5_128_256 max_pool_3 fc_128 0.26839190
conv_5_1_64 lp_pool_2 conv_5_64_128 max_pool_3 fc_128 0.26849535
conv_5_1_64 max_pool_3 conv_5_64_128 max_pool_3 conv_5_128_256 max_pool_3 fc_128 0.26875695
conv_3_1_64 max_pool_2 conv_3_64_128 lp_pool_3 conv_5_128_256 max_pool_2 fc_256 fc_128 0.27148522
conv_3_1_64 lp_pool_2 conv_3_64_128 lp_pool_3 conv_5_128_256 lp_pool_2 fc_512 fc_256 fc_128 0.26839190
The scores are the mean square error of the models on the testing set: the lower it is, the better it is. The ReLU activation functions are not shown
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