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ARTICLE INFO ABSTRACT

Keywords: This study presents a novel approach utilizing DistilBERT, a lightweight variant of BERT, to identify

Databases inconsistencies in piping and instrumentation diagrams (P&IDs) within SmartPID systems. A structured dataset

P&ID was constructed by extracting engineering design data from a SQL-based SmartPID database, monitoring all

]C)(’Iisll;tg};';y modifications and updates made throughout the design phase. The DistilBERT model was fine-tuned on this
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dataset to recognize inconsistencies in real-time, achieving an impressive F1 score of 99% and a loss of 0.04%.
The model’s performance was validated by domain experts, who confirmed the detected inconsistencies as

highly accurate. Our approach significantly reduces the manual effort required for P&ID review and improves
design consistency, demonstrating the potential for enhanced safety and efficiency in complex industrial
projects. Future work will focus on refining the model’s parameters and expanding its application across

different industries.

1. Introduction

In the engineering industry, the accuracy and consistency of piping
and instrumentation diagrams (P&IDs) are of paramount importance
for the safety and success of complex industrial projects. P&IDs are
instrumental in visualizing the design of process systems; however,
their manual review is both time-consuming and susceptible to error,
frequently resulting in design inconsistencies that may lead to costly
delays and safety risks. The conventional approach to reviewing P&IDs
places considerable reliance on the expertise of technical personnel,
which can lead to the introduction of human error and inefficiency into
the process.

Recent advancements in machine learning (ML) and deep learning
(DL) offer significant potential for the automation and enhancement
of this review process. In particular, the advent of transformer-based
models, such as BERT [1], has transformed the domain of natural
language processing (NLP), facilitating machines’ comprehension of
contextual and semantic nuances in textual data. In this context, Dis-
tilBERT [2]—a variant of BERT that is both more lightweight and
faster—has emerged as a promising tool for detecting textual incon-
sistencies while maintaining much of the performance of the original
BERT model.
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In recent years, there has been a notable increase in the adoption of
artificial intelligence (AI) in various industries, including engineering,
which has been actively supported by government initiatives. This
trend has been reinforced by government programs at the departmental
level in Colombia and the national level through the Ministry of Infor-
mation and Communications Technology (MINTIC). These initiatives
encourage the use of Al technologies to optimize operational activities
and improve efficiency across sectors. However, to successfully imple-
ment Al in the industrial field, it is crucial to collate, interpret, and
utilize the vast amounts of data generated in this sector to identify the
specific requirements of each company and create innovative, bespoke
solutions.

In this study, we employ DistilBERT to identify inconsistencies in
P&ID designs stored in a SmartPID system. SmartPID, which forms part
of the Hexagon PPM suite, is a widely used software tool in the field
of industrial engineering, employed for the design and management
of P&IDs. The proposed approach automates the identification of de-
sign inconsistencies by integrating a structured dataset extracted from
SmartPID’s SQL-based database, which records all changes made during
the design process. DistilBERT was fine-tuned on this dataset to detect
potential errors in real time, thereby markedly enhancing the speed and
accuracy of the review process.
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While machine learning has been successfully applied to object
detection and feature recognition tasks in P&IDs, the majority of these
approaches concentrate on the visual aspects of the diagrams. To
date, there have been few studies that have addressed the challenge
of detecting textual inconsistencies within P&ID databases. Our work
addresses this gap by combining natural language processing with
industrial design, thereby providing a robust solution to enhance P&ID
consistency checks.

The following is a description of the structure of this paper: Sec-
tion 2 presents a review of related work in the application of artificial
intelligence to process and instrument diagram (P&ID) databases. Sec-
tion 3 outlines the methodology and details the construction of the
dataset. Section 4 provides an account of the experimental results and
the performance of the model. Sections 5 and 6 discuss the implica-
tions of the findings and conclude with an outline of future research
directions.

2. Related work

A research opportunity has been identified in the scientific literature
on the topic of consistent detection in databases for P&ID applications.
Following a comprehensive review of over 100 articles employing the
ProKnow-C methodology [3,4], it became apparent that the majority
of research efforts have been concentrated in the domain of computer
vision, particularly in the areas of instrumentation and piping diagrams.
However, research has been largely centered on object detection and
feature recognition within P&IDs, with other critical aspects, such as
the detection of textual inconsistencies, receiving comparatively little
attention.

Deep learning models such as YOLO (You Only Look Once) have
been effectively utilized to automatically detect symbols and com-
ponents within P&ID layouts, as evidenced by the literature [5-7].
Although these models demonstrate proficiency in identifying visual
elements, they exhibit limitations in discerning the intricate varia-
tions observed across different industries, particularly in the context
of complex layouts and symbol variations. This gap in the literature
indicates a need for more sophisticated approaches that not only focus
on visual elements but also address the textual and relational aspects
of P&IDs [8-13].

Despite the increasing prevalence of natural language processing
(NLP) in a range of industries, its deployment for the identification of
inconsistencies in technical documents, such as those found in P&ID
databases, has remained relatively limited. NLP models such as BERT
have been demonstrated to be effective in tasks such as text classifi-
cation and error detection in fields including finance and healthcare.
These models have exhibited robust capabilities in comprehending the
context and semantics of technical texts. Nevertheless, there has been
a paucity of research investigating the utilization of such models in
the domain of industrial engineering, particularly in the context of
identifying inconsistencies within databases. Our work exploits the
strengths of transformer-based models, adapting them to the particular
requirements of P&ID systems, where text and data must be aligned to
guarantee design consistency [14].

2.1. Adaptation to the oil and gas industry

Beyond P&ID-related applications, Al techniques have also been
explored in other areas more closely linked to natural language process-
ing, such as address validation and material property data management.
These approaches, although not originally developed for P&ID systems,
can be adapted to benefit industries like oil and gas, specifically for our
project. In the context of address validation, for instance, the use of
RoBERTa has significantly improved the ability to handle polysemy and
contextual ambiguities. The study “A RoBERTa-Based Approach for Ad-
dress Validation” demonstrated advancements over traditional methods
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but highlighted ongoing challenges in parsing complex, multilingual
address structures [15].

Similarly, artificial neural networks (ANNs) have been used for
material property data validation and imputation, marking a significant
improvement in database quality. However, the simplicity of the ANN
models, often limited to single-layer architectures, has constrained their
ability to capture complex, nonlinear relationships in large datasets,
affecting the accuracy of imputed values. Despite these advancements,
current methods face limitations when applied to diverse and complex
inputs, such as intricate P&ID layouts or non-standardized address
formats [16].

While (AI) techniques such as object detection, feature recognition,
and address validation have proven useful in certain contexts, they of-
ten lack the necessary scalability and robustness for broader industrial
applications. Furthermore, many of these solutions entail a compromise
between model complexity and performance. In many cases, simpler
models are unable to adequately capture the nuances of real-world
data. It is therefore evident that more sophisticated approaches are
required to meet the increasing demands of industries such as oil and
gas [17-19].

2.2. DistilBERT as a solution

DistilBERT has emerged as a promising candidate for addressing
these challenges. It provides a streamlined alternative to BERT, re-
ducing the computational cost and memory consumption while largely
maintaining BERT’s performance. In the process of knowledge distil-
lation, DistilBERT learns to emulate the behavior of the larger BERT
model by utilizing BERT’s outputs as soft targets during training. This
approach permits the retention of BERT-level performance in a more ef-
ficient model that is well-suited to resource-constrained environments,
such as those encountered in industrial settings [20,21].

In order to optimize the use of DistilBERT, a variety of transformer
architectures have been evaluated based on both performance and
resource requirements. The positive outcomes of these evaluations can
be applied to enhance the consistency detection capabilities of our
model. The objective of this project is to introduce a more sophisticated
model that is capable of handling the inherent complexities of large,
real-world datasets, thereby advancing Al-driven solutions for P&ID
consistency detection [22].

2.3. Existing methods for P&ID analysis and validation

Existing approaches to P&ID analysis have predominantly empha-
sized digitization and visual recognition, often overlooking the de-
tection of textual and relational inconsistencies within engineering
databases. Recent studies employing Graph Convolutional Networks
(GCNs) have achieved significant advancements, such as the use of
GraphSAGE, which attains precision rates of 98.48% for binary
text/non-text classification and 90.82% for three-class classification
in mechanical engineering drawings [23]. Similarly, the OSSR-PID
methodology utilizes Dynamic Graph Convolutional Neural Networks
tailored explicitly for P&IDs, reporting an F1-score of 85.98% through
one-shot learning techniques [24]. Nevertheless, these GCN-based
methodologies inherently focus on graphical elements and neglect
semantic relationships inherent in textual data, while also depend-
ing on intricate vectorial preprocessing, thus introducing potential
inaccuracies.

Approaches to automatic digitization incorporating computer vision
techniques have demonstrated varied success rates. For instance, a
zero-shot method using Faster R-CNN and Siamese networks achieves
detection accuracy of 75.4% and classification precision of 74.6% [25].
The Digitize-PID pipeline, integrating CRAFT for text detection, mor-
phological operations, and deep learning models like FCN and TBMSL-
Net, achieves symbol recognition F1-scores of 85.98% and line detec-
tion precision of 99.34% [26]. Advanced implementations improving
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Fig. 1. Pipeline MLOps defined for the project.

upon Faster R-CNN have achieved up to 96.3% mAP by substitut-
ing VGG16 with ResNetl01 for recognizing industrial control dia-
gram elements [27]. Despite these advancements, their effectiveness
remains heavily contingent on image quality, and they cannot assess
logical consistency between interconnected components—essential for
comprehensive P&ID validation.

Commercial solutions like Smart P&ID depend heavily on prede-
fined rules for consistency verification, demonstrating significant rigid-
ity and limited scalability to novel configurations and contextual vari-
ations.

Therefore, three key limitations emerge from existing methodolo-
gies: exclusive reliance on visual processing, inability to validate rela-
tional consistency comprehensively, and extensive dependency on man-
ual intervention or large annotated datasets. Utilizing DistilBERT di-
rectly addresses these issues by performing semantic analyses on struc-
tured textual data from Smart P&ID systems. This reduces preprocessing
errors and enhances the detection of complex semantic inconsistencies,
such as discrepancies in properties among related components, which
are otherwise undetectable through visual-only methodologies. Conse-
quently, integrating DistilBERT and similar NLP techniques provides a
robust and scalable alternative, addressing critical gaps identified in
prior methods and significantly enhancing the semantic understanding
necessary for effective P&ID validation.

3. Methodology

This section describes the environment, data acquisition, and
methodology developed for the construction of the dataset and training
of the Al model using DistilBERT for P&ID inconsistency detection. The
methodology follows the MLOps pipeline illustrated in Fig. 1, which
outlines the stages involved in transforming the model into a usable
product for operational purposes within the company.

3.1. Research process

This work follows an action—research approach, involving multidis-
ciplinary team members who actively participate in the development
of the described solution. The team comprised nine professionals: an
IT Project Manager, a Senior Al Consultant, a Junior Process Engineer,
a Junior Mechatronics Engineer, a Junior Electronic Engineer, two
Junior Civil Engineers, an Industrial Engineer, and a Junior Electrical
Engineer. This diverse group ensured comprehensive coverage of both
the technical aspects of model development and the evaluation criteria
related to engineering drawings.

The validation of the deep learning (DL) model employed a mixed
strategy. Initially, developers verified internal prediction consistency
via unit testing on labeled datasets. Subsequently, senior engineering
experts participated as validators, assessing model outputs in complex
or critical cases. The validation targeted specific types of inconsisten-
cies, including:

1. Labeling inconsistencies related to the standardization of
symbols within P&ID diagrams.

2. Errors in accurately extracting and interpreting functional
relationships between components.

3. Semantic ambiguities or inaccuracies impacting the engineering
interpretation of the results.

The primary objective of the validation was to confirm label con-
sistency with standardized symbols, followed by assessing accuracy in
functional relationship extraction and ensuring semantic clarity from
an engineering perspective—this expert intervention aimed to opti-
mize resource utilization (man-hours) while maintaining high-quality
standards.

The project timeline spanned January to August 2024 and included
the implementation of a user interface (not discussed herein), enabling
continuous interaction and validation by engineering experts. These
iterative improvements align closely with MLOps methodologies, as
illustrated in Fig. 1.

3.2. Dataset

The dataset was collected from a Smart P&ID system, which stores
all the engineering design information in a SQL database. Smart P&ID
is part of the Hexagon PPM suite, an advanced engineering tool that
follows a data-centric approach. To build the dataset, we tracked all
changes made in the design process, capturing data from every INSERT,
UPDATE, and DELETE operation in the database. This Change Data
Capture (CDC) approach allowed for the collection of over 100,000
rows of engineering data, focusing on key components such as equip-
ment, instruments, labels, and piping runs. After gathering this data,
preprocessing was applied to clean and prepare it for the model,
ensuring that only relevant columns were included.

3.2.1. Data acquisition

For the collect data stage, the dataset created for the project con-
sisted of the capture of engineering design information in the database,
as shown in Fig. 2. This involved the identification and documentation
of each element that composed the database, (created, modified, or up-
date) [28,29]. This review was conducted methodically and rigorously,
ensuring the accuracy and precision of the information captured.

For this purpose, the designer started using Smart P&ID and we
tracked every change. Smart PID is an intelligent engineering design
tool that is integrated into the Hexagon PPM application suite. It is
an advanced software tool that is based on a data-centric model and
engineering rules. This tool facilitates the creation and management
of PIDs and also deploys a set of functionalities that optimize the
efficiency and quality of engineering products. The first step was to
identify all the components in the design shown in Fig. 3. This included
equipment, instruments, notes, labels, piping runs and instrumentation
signals. The aim was to identify the tables that corresponded to each
of the components.

All detected changes were saved in a structured format as shown
in Table 1, ensuring that each modification was properly documented
where the first column called “table” represents the existing tables in
the database, “column” is the specific column in which information up-
date occurs within the tables (creation, modification, update), “logic”
was defined as the column referring to the role of the table within the
database, whether it is a domain table or a tool configuration table
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Fig. 2. Change Data Capture (CDC) extracts change events such as INSERTs, UPDATEs or DELETEs from data.
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Fig. 3. P&ID designed for the crude oil extraction process for a client, here each of the most common components of a P&ID, equipment, instruments, notes, circuit labels (loop

tags), pipe runs, signal lines.

Table 1
Extracted from the dictionary created to understand and build the views defined to acquire the dataset.
Table Column Data type Max Logic Description
length
T_Inconsistency Name nvarchar 160 Dominio
T_Inconsistency Severity nvarchar 4 Dominio . . .
. .. Records the inconsistencies
T_Inconsistency SP_ID nvarchar 64 Dominio enerated in the drawin
T_Inconsistency SP_RelationshipID nvarchar 64 Dominio & &
T_Relationship GraphicOID nvarchar 4 Configuracién
T _Relationship SP_DrawingID nvarchar 64 Configuracién
T_Relationship SP_ID nvarchar 64 Configuracion Records the types of
T_Relationship SP_Item1ID nvarchar 64 Configuracién relationships that are
T _Relationship SP_Item2ID nvarchar 64 Configuracién allowed in the project.
T_Representation GraphicOID int 4 Configuracion
T i I kpil i fi i6
_Representatfon nStoc p} e int 4 Conl 1gurac%tfn Records the symbols added
T_Representation SP_DrawingID nvarchar 64 Configuracién . .
. . P . X L in the drawing and where
T_Representation SP_FileLastModifiedTime datetime 8 Configuracién
. . L. each of these symbols
T_Representation SP_ID nvarchar 64 Configuracién are taken off from
T_Representation SP_ModelltemID nvarchar 64 Configuracién ’

and finally a general description of what each table corresponds to
understand its role within the design process.

This exercise resulted in a data dictionary to understand the struc-
ture and meaning of the data stored in the SmartPID database. The
data dictionary provides clear guidance on the relevant tables and their
attributes, helping to understand the application logic and select the
appropriate tables to create a view that will serve as a basis for training
an artificial intelligence model.

Creating views is fundamental to focusing, simplifying, and per-
sonalizing the perception of data stored in the database. Views allow
the definition of subsets of data that specifically reflect elements of
interest for analysis or modeling. In this case, two main views have
been defined: one focused on unresolved inconsistencies and another
on the history of changes in the database. These views are constructed

through SQL queries that combine several related tables to obtain the
necessary information for model training.

The first view, shown in Fig. 4, focuses on the relationships between
engineering elements and the graphical representations associated with
these elements. The SQL query uses the T-History, T-Relationship, and
T-Representation tables to obtain information about the relationships’
location, type, and other attributes and graphical representations.

The second view, Fig. 5, focuses on unresolved inconsistencies
between engineering elements. The SQL query combines the T-Relation-
ship, T-Representation, and T-Inconsistency tables to obtain informa-
tion about the inconsistencies, including their description, status, and
severity. This view allows identifying the inconsistencies that need to
be addressed and provides labeled data that can be used to train the
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artificial intelligence model in detecting and resolving problems in en-
gineering design. Both views are fundamental to the training process of
the artificial intelligence model, as they provide structured and relevant
data that allow the model to learn patterns and relationships between
engineering elements, as well as identify and resolve inconsistencies in
design.

The dataset was constructed according to the previously selected
views. This process resulted in a query that can be secured for future
testing, aiming to make the process more robust. After verifying the
functionalities in a test instance, this query was executed in a produc-
tion environment. This allowed for the verification of both consistency
and inconsistency on a large scale, using a greater amount of data. For
this exercise, two projects that had been successfully completed by the
client and one ongoing project were used as references.

3.2.2. Annotations

For the annotations, we made them take into account different
inconsistencies that could show the tool as, “Inconsistent Property
Value”, which refers to a situation in which the value assigned to a
property does not match the expected or required value according to
the rules or standards of the system. On the other hand, the second
type of inconsistency, called “Required Connection Point Unbound”,
indicates that a connection point, required to establish a link to another
component, remains unbound, creating a design inconsistency.

The third type of inconsistency, called “Inconsistent flow direction”,
occurs when the direction of flow, whether in a pipe, circuit or any
other matter or energy transport system, does not match the intended
or designated direction according to the rules of the system. The fourth
type of inconsistency, “No applicable standards”, suggests that there
are no relevant or applicable standards that can be used to assess the
consistency of the design element in question. The fifth type of incon-
sistency, known as “Connector not attached”, occurs when a connector
that should be attached to other components is left unconnected.

The model can detect any discrepancies in the process lines, which
are categorized as primary, secondary, or utility. Primary lines are
defined as pipes that transport the main process fluid, thus constituting
the primary flow route within the plant. Secondary lines are defined as
those that branch off or connect to a primary line. In contrast, utility
lines do not directly contribute to the primary process; rather, they
furnish vital services such as water, steam, electricity, or gas to other
equipment or processes. The model is principally designed to assess
whether the information related to these different types of lines remains
consistent across various components and representations.

To illustrate this point, consider a scenario in which a model iden-
tifies discrepancies in the property values of two pipe runs that appear
to be related. These inconsistencies, categorized as ’Inconsistent Prop-
erty Value’, are identified when properties such as Nominal Diameter,
Insulation Type, or Heat Trace Requirements deviate between the two
items, despite the expectation of congruence. The comparison process
systematically checks attributes such as insulation density, fluid code,

Table 2
Training parameters of the DistilBERT model on Smart P&ID intelligent design databases.

Model/ distil-pid-v1 distil-pid-v2
Parameters

Epoch 1 1

Learning rate 5.00E-05 1.00E-05
Training Batch Size - 16

Eval Batch Size - 16
Optimizer Adam Adam

Eval steps - 500

Step per Epoch - -
Validation Steps - 500

or coating requirements and highlights any mismatches that violate
predefined engineering rules. The model has been developed to ad-
dress these inconsistencies by comparing corresponding properties and
visually indicating any deviations that require engineering review. This
capacity is imperative to preserve the integrity and consistency of data
throughout the design and documentation of industrial systems.

3.3. Model training

Consequently, an information flow of over 100,000 rows was ob-
tained, providing a substantial and reliable dataset essential for training
the model. The data was subjected to preprocessing before its loading
for training. This entailed the cleansing of the dataset to ensure its
exclusive focus on the target columns, thereby precluding any potential
interference with the model’s performance. However, before the exe-
cution of the experiments, the model underwent training to ascertain
its computational capabilities and to verify its ability to process more
information. This was done to enhance the robustness of the dataset,
as discussed at the outset of this text while avoiding the pitfall of
overfitting the model, as evidenced in Table 2.

In the experiments, we use DistilBert to build a model that can
detect inconsistencies in smart P&ID databases according to the given
dataset. The initial learning rate was le-5, the epoch was 1 according
to large dataset, for the training batch size we chose 16, and the
evaluation batch size was 4. The experiments were conducted on a
single machine with Intel i7-10700 CPU, 32G memory.

3.4. Model evaluation

This section presents our evaluation using MLflow, an open-source
visualization tool designed for experiment tracking in machine learn-
ing. The library provides a streamlined approach to logging perfor-
mance metrics, hyperparameters, and statistical characteristics of the
data. Its importance within the machine learning community is re-
flected in its widespread adoption. MLflow supports the management
of the machine learning lifecycle [30,31], offering access to experiment
logs through either a web-based user interface or a programmatic
API [32,33].
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Table 3
Summary of DistilBERT model results on Smart P&ID intelligent design databases train
by our team.

Model distil-pid-v1 distil-pid-v2
Duration 1.1d 3.0d

epoch 1 1
eval_accuracy 0 0.99997
eval_f1 0 0.99995
eval_loss 0 0.00017
eval_precision 0 0.99994
eval_recall 0 0.99997
eval_runtime - 90815.2047
eval_samples_per_second - 3.445
eval_steps_per_second - 0.215
grad_norm 1.8139E-05 0.00055
loss 0.0044 0.0004
total_flos 3.5209E+16 1.7916E+16
train_loss 0.00798821 0.00503
train_runtime 92931.9346 262155.162
train_samples_per_second 2.86 0.516
train_steps_per_second 0.357 0.032

In this way, the performance can be evaluated using the F1 score
metric. The F1 score is calculated as each class’s harmonic mean
of precision and recall. The macro-F1 score represents the average
across all classes. The loss function tracks the loss value, which the
model aims to minimize during training. Lower loss values indicate
superior model performance. Gradient norms are a crucial metric in this
context, as they represent the direction and rate of change of the loss
function concerning the model’s parameters. Therefore, these metrics
are paramount in gauging the model’s overall performance.

4. Experiment

This section presents and analyzes the results obtained during the
training process of the DistilBERT model on a specific database. The
results obtained from the distilbase-vl dataset were deemed an ex-
perimental run, the objective of which was twofold: firstly, to ensure
that the code configuration was appropriate, and secondly, to assess
the computational capacity of the training machine. Additionally, the
experiment facilitated the expansion of the database from two to three
projects, thereby enhancing the dataset. Although the augmented data
volume likely resulted in prolonged training periods, this was impera-
tive to minimize the requisite number of epochs, as illustrated in Table
3. A principal factor for comparison is the duration of the training
process, which exhibited a discrepancy between the two experiments.
This discrepancy can be attributed to the incorporation of the evalu-
ation dataset into Experiment v2. Despite the augmented complexity,
the training times exhibited a proportionality, reflecting the augmented
data volume.

Experiment distil-pid-v2 was particularly notable for the high pre-
cision values and promising model behavior observed under the es-
tablished parameters. The F1 score, as illustrated in Fig. 6, showed
a rapid increase during the initial training steps before stabilizing,
indicating that the model quickly reached and maintained a high level
of performance. This suggests that the model effectively captures the
essential features of the data early in the training process. The precision
metric demonstrated a consistent and linear increase, reaching a value
of 0.9181 by the end of the process, indicating continuous improvement
in the model. Significant peaks in the gradient norms shown in Fig. 6
were observed throughout the training, particularly around steps 1k,
2k, and 5k, reflecting moments of considerable parameter adjustment.

While these results are promising, it is crucial to interpret their
broader implications. The high precision and low loss metrics suggest
that the DistilBERT model is well-suited for the specific task of database
consistency detection in intelligent P&ID design. However, the scalabil-
ity of these results to other domains remains to be tested. Compared to
previous work, the model’s performance exceeds initial expectations,
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particularly in its ability to generalize across more complex datasets.
This suggests a significant advancement in the field, especially con-
sidering the model’s adaptability to increased data volumes. Future
research should further validate these results across different datasets
and explore the model’s applicability to other industrial contexts (see
Fig. 7).

The loss metric as shown in Fig. 8 exhibited a sharp decline within
the first few thousand steps, after which it stabilized at a very low
value. This behavior reflects the model’s efficiency in minimizing errors
and suggests a high level of convergence, implying that further training
is unlikely to yield significant improvements. However, while the low
loss is indicative of a strong model, it is essential to compare these
results with industry benchmarks to assess their real-world applica-
bility. The results obtained indicate an effective training process for
the DistilBERT model, but the broader implications of these findings
warrant further discussion. The following sections will delve into these
implications, comparing them to previous work and identifying areas
for future research based on the observed outcomes.

5. Conclusion

The training of the DistilBERT model on an expanded dataset pro-
duced promising outcomes, highlighting its efficiency and adaptability
in processing larger-scale data within the context of intelligent P&ID
design. Experiment 2 demonstrated the model’ s capacity to rapidly
attain a high level of performance, as evidenced by the F1 score’ s
swift stabilization and the precision metric’ s unwavering enhancement,
reaching 0.9181. These outcomes reflect a significant advancement in
the field of database consistency detection. The model effectively cap-
tured essential features at an early stage of training, thereby minimizing
error rates as indicated by the low and stable loss metrics.

This study makes a significant contribution to the field by demon-
strating the robustness and scalability of DistilBERT within the special-
ized context of database consistency detection. The model’s capacity
to generalize across more complex and larger datasets represents a sig-
nificant advancement over previous approaches, particularly in terms
of achieving high precision and rapid convergence. Furthermore, the
incorporation of data augmentation techniques, when feasible, could
serve to augment the model’s generalization capabilities by diversifying
the training dataset. The application of cross-validation and continuous
monitoring of learning curves ensured that the model’s performance
remained robust and free from overfitting, which is essential for the
rigorous development and tuning of Al models.

Notwithstanding these achievements, the study is constrained by its
focus on a specific industrial application and dataset, which raises ques-
tions about the generalizability of these findings to other domains or
data types. The constraints imposed by limited computational resources
and project execution times, particularly within the three-month time-
frame stipulated by the innovation strengthening call in Colombia, pre-
cluded the comprehensive implementation of certain hyperparameter
optimization strategies. Furthermore, the augmented training times re-
sulting from dataset expansion underscore the trade-offs between data
volume and computational efficiency, which may restrict the practical
applicability of this approach in resource-constrained environments.

6. Future directions

Extending this research to diverse datasets and industrial contexts is
crucial to validate the model’s scalability and adaptability. Future work
should also investigate the integration of DistilBERT with other ma-
chine learning techniques or models, such as those in computer vision,
to develop a more comprehensive solution for P&ID design validation.
Benchmarking these results against industry standards will be essen-
tial for evaluating the model’s practical applicability and identifying
potential avenues for further optimization. Moreover, addressing the
computational constraints that constrained this study will be vital for
achieving more extensive and refined hyperparameter tuning in future
iterations.
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