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Abstract Quality control (QC) serves as a cornerstone
of modern manufacturing, exerting a decisive influence on
production efficiency, product reliability and customer
satisfaction. However, traditional QC systems, which
largely rely on rule-based frameworks and narrowly
defined statistical methods, face increasing limitations in
handling the scale, diversity and complexity of contempo-
rary industrial data. This limitation provides a strong moti-
vation to explore the potential of large models (LMs) for
advancing QC. Distinguished by their powerful capabilities
in knowledge integration, contextual understanding and
adaptive reasoning, LMs offer transformative opportunities
to modernize QC. This review begins by analyzing why
LMs are particularly well positioned to enhance QC,
focusing on three crucial dimensions: input alignment,
which enables seamless integration of heterogencous data
sources; task adaptability, which supports associative
learning across multiple QC tasks and allows knowledge
transfer, and augmented intelligence, which supports
human experts in complex decision-making. Recent
advances in industrial applications are summarized, with
particular attention to methodological innovations, deploy-
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ment practices and integration pathways into manufacturing
workflows. To systematically structure the current land-
scape, the key challenges are categorized into three inter-
related dimensions, i.e., data, model and evaluation, which
correspond to the core requirements for model training,
practical implementation and sustainable adaptability in
real-world scenarios. Building on this foundation, the
review further outlines future research directions, high-
lighting secure data collaboration, system-level integration
and continual learning under dynamic environments as
critical priorities for the next stage of development.
Collectively, these insights underscore the promise of LMs
in reshaping QC into an intelligent, resilient and future-
ready paradigm.
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1 Introduction

In the era of intelligent manufacturing, quality control
(QC) has transcended its traditional role as a post-produc-
tion checkpoint and become a strategic component of the
entire manufacturing lifecycle. It is central to maintaining
the stability of production processes, ensuring the consis-
tency of product quality and supporting the overall
resilience of manufacturing systems. Over the past
century, QC has undergone several significant evolutionary
stages. It originated as empirical quality inspection in the
early 20th century, advanced to statistical quality control
(SQC) with the introduction of Shewhart control charts
and later, evolved into SPC and total quality management
(TQM), emphasizing organization-wide quality awareness
(Ebadi et al., 2021; Woodall and Montgomery, 2014).
With the advent of digitalization and cyber-physical
systems under the Industry 4.0 paradigm, quality QC
has entered the era of “Quality 4.0,” characterized by
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increasingly complex, interconnected, and data-intensive
manufacturing environments where the artificial intelli-
gence (Al), industrial Internet of things (IIoTs), and
advanced analytics are leveraged to build intelligent and
adaptive quality systems. (Escobar et al., 2025; Klingen-
berg et al., 2019; Lee et al., 2019). This new stage of QC
departs from the traditionally reactive paradigm and
instead emphasizes proactive and predictive strategies,
shifting the focus from post-failure remediation to quality
prevention and early-stage prediction (Megahed et al.,
2024; Gomaa, 2025). In this context, modern QC should
be redefined as an intelligent and data-driven process
spanning the entire product lifecycle: quality-oriented
product and process design, which involves learning from
historical failures and optimize design parameters (Yu
et al., 2021; Deng et al., 2023); in-process monitoring,
which utilizes sensor fusion to ensure production consis-
tency (Woodall and Montgomery, 2014; Yin et al., 2014);
intelligent fault diagnosis, which identifies the root
causes of anomalies and defects (Kouchakzadeh and
ElMaraghy, 2024; Lei et al., 2020); and predictive health
maintenance, which anticipates potential degradations or
failures based on historical and real-time data and reduce
unexpected downtime through continuous prognostics
(Hu et al., 2022; Gomaa, 2025).

Along this trajectory, several method lines have
recently advanced these tasks from different angles.
Bayesian and advanced statistical approaches extend SPC
to high-dimensional and dynamic production data by
embedding prior process knowledge in hierarchical or
nonparametric models, yielding interpretable posterior
risk measures for decision-making (Yang and Zhang,
2024; Qiu and Xie, 2022); they also enable multichannel
profile/functional monitoring (Capezza et al., 2024) and
adaptive EWMA-type charts that track complex trajecto-
ries (Capezza et al., 2025), as well as online Bayesian
change-point detection under partial observability and
strong cross-sensor dependence (Guo et al., 2023). In
parallel, digital-twin (DT) methods couple physics-based
simulation with streaming data to maintain an evolving
virtual counterpart of products and equipment, supporting
real-time state estimation, process-parameter what-if
analysis, and multi-scale quality characterization in
machining (Gaikwad et al., 2020; Psarommatis and May,
2023; Liu et al., 2023a); DT-enabled predictive mainte-
nance further integrates degradation models and virtual
tests to mitigate scarce failure data and to close the loop
from diagnosis to control (van Dinter et al., 2022). Mean-
while, data-driven machine learning (ML) and deep
learning (DL) methods, offer automated feature learning
for inspection and prediction (Li et al., 2024a; Lv et al.,
2024), such as multistage multi-task networks that jointly
model variation propagation and multiple quality indices
(Wang et al., 2023a), and multisensor-fusion models for
time-series quality forecasting and anomaly detection

(Tercan and Meisen, 2022; Wu et al., 2022). However,
these approaches are often limited by their reliance on
single-modality data and narrowly defined tasks, making
them incapable of handling the complexities of modern
manufacturing environments. They struggle with scaling
to large and integrated systems, require substantial
amounts of labeled data for effective performance, and
lack robustness when dealing with high-dimensional,
heterogeneous, or previously unseen conditions. These
limitations highlight an urgent need for more scalable,
flexible, and generalizable solutions capable of satisfying
the dynamic and multifaceted demands of intelligent
manufacturing.

While industrial QC is evolving toward data-driven
practices, a parallel revolution is taking place within the
broader field of Al (Bommasani et al., 2022). Large
models (LMs), including large language models (LLMs),
large multimodal models (LMMs), large vision-language
models (LVLMs) and so on, represent not just incremental
improvements over traditional ML approaches, but rather
a fundamental shift in how Al learns and generalizes.
LMs stand out primarily due to their massive scale in
both data and parameters. These models are pretrained on
vast and diverse data sets, ranging from text corpora and
image collections to multimodal sources, allowing them
to develop a rich and deep contextual understanding. This
scale enables LMs to excel in tasks like few-shot and zero-
shot learning, where they can make predictions or generate
outputs with minimal task-specific examples. Central to
the power of these models is the Transformer architecture
(Vaswani et al., 2017), which uses attention mechanisms
to capture long-range dependencies, understand nuanced
semantics, and model cross modality relationships effec-
tively. By focusing on relevant parts of the input data,
transformers enable LMs to learn intricate patterns and
relationships, leading to more accurate and adaptable Al
systems. Consequently, LMs have demonstrated remark-
able performance across various fields. In natural
language processing (NLP), they enable sophisticated
language understanding and generation, owing to knowl-
edge captured from massive text corpora (Devlin et al.,
2019; Brown et al., 2020). In computer vision (CV), they
surpass traditional convolutional neural networks (CNNs)
in tasks like image classification, segmentation and visual
reasoning (Kawaharazuka et al., 2023). In the healthcare
domain, they are becoming a cornerstone of precision
medicine by revolutionizing diagnostics, i.e., analyzing
pathology images, genomic data and electronic health
records to detect anomalies and guide personalized treat-
ments (Mahesh et al., 2024). In summary, LMs have
shown transformative capabilities, delivering state-of-the-
art performance across diverse domains. Their adoption
enables manufacturing to evolve from rule-based inspec-
tion to Al-driven systems that capture complex patterns,
detect anomalies with high precision and provide
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real-time prescriptive insights (Li et al., 2024b; Zhang
et al., 2026). These advances lay the foundation for a new
paradigm in industrial Al.

Asillustrated in Fig. 1, the advancements clearly indicate
that LMs hold great promise for transforming QC within
today’s  data-intensive  manufacturing  landscape.
Conversely, the unique and complex requirements posed
by industrial scenarios can, in turn, drive the advancement
of LMs by inspiring new capabilities, adaptations and
research directions tailored to real-world applications.
However, their successful integration necessitates a
deeper understanding of both their capabilities and limita-
tions. This review makes three primary contributions.
First, we explore the fundamental reasons why LMs have
the potential to empower QC tasks. Second, we conduct a
comprehensive survey of current research efforts that
have applied LMs to real-world QC scenarios, structured
around three core functional dimensions: perception,
reasoning and interaction, mirroring the end-to-end life-
cycle of quality-related data. Third, we highlight the key
challenges that still hinder the effective deployment of
LMs in industrial QC and outline future perspectives that
may help overcome these barriers. Ultimately, our objec-
tive is to bridge the current disconnect between the theo-
retical capabilities of LMs and their tangible industrial
applications in quality enhancement.
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2 Motivation for large models in quality
control

The adoption of LMs in QC is not merely a response to
technical limitations, but a natural outcome of the evolving
landscape of modern manufacturing. As QC processes
increasingly generate multimodal data and as inspection
tasks grow more interdependent, there is a rising demand
for models with stronger generalization, adaptability and
intelligence. This section highlights three key drivers
behind the integration of LMs into QC (see Fig. 2): Input
alignment reflects the ability of LMs to effectively handle
temporal, multimodal and low-label manufacturing data;
Task adaptability emphasizes their capacity to generalize
across designing, monitoring, diagnosis and predictive
health prognostics tasks through unified representation
and joint modeling; Augmented intelligence captures how
LMs integrate domain knowledge with reasoning and
generation capabilities to enhance interpretability and
decision support in QC processes.

2.1 Input alignment

The rapid digitalization of manufacturing has led to the
accumulation of massive, diverse and high-dimensional
data, which span time-series signals, text and sensor
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Igniting innovation at the crossroads of quality control and large models.
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Fig. 2 Motivation for leveraging large models in quality control.

streams. The data richness provides a natural foundation
for LMs to demonstrate their strengths in unified repre-
sentation, enabling more robust and scalable QC.

2.1.1 Temporal reasoning
Manufacturing processes generate vast amounts of time-
series data, including sensor readings and machine
parameters, where quality outcomes are influenced by
intricate temporal patterns and long-term dependencies.
Time series analysis enables manufacturers to monitor
quality data over time, identifying patterns, trends and
anomalies to maintain consistent production standards
(Fatima and Rahimi, 2024). However, traditional models
like ARIMA (Ho and Xie, 1998) often fall short in
capturing the nonlinear effects inherent in such data.
While ML methods offer improved capacity to capture
nonlinear patterns, they still rely heavily on handcrafted
features and struggle with modeling long-range depen-
dencies inherent in complex temporal processes. These
limitations become more pronounced as data scales and
task complexity grow.

In contrast, LMs, particularly LLMs, have demonstrated
a remarkable capacity to capture long-range dependencies
in sequential data. Originating in NLP, they convert raw
text into discrete tokens using subword methods such as
BPE, WordPiece, and SentencePiece (Sennrich et al.,
2016; Schuster and Nakajima, 2012; Kudo and Richard-
son, 2018). Once tokenized and embedded, these

sequences are processed by the Transformer architecture,
in which attention-based computations allow each token
to access information from any other position in the
sequence. This design overcomes the locality and
memory constraints of traditional recurrent or convolu-
tional models, enabling the model to learn hierarchical
structure, contextual relationships, and long-range seman-
tic dependencies that are difficult for earlier DL architec-
tures to capture. Motivated by this success in language,
recent research has sought to represent real-valued time
series in an analogous tokenized form, allowing them to
benefit from the same modeling capabilities. Continuous
signals can be discretized into “time-series tokens” using
several strategies, including vector-quantized codebooks
that assign temporal segments to learned discrete indices
(Talukder et al., 2024), patch-based segmentation that
embeds fixed-length windows across multiple temporal
scales (PerSak etal., 2024), and wavelet-based tokenization
that quantizes time—frequency coefficients into compact
vocabularies (Masserano et al., 2024).

Building on these developments, recent studies have
shown that LMs exhibit strong temporal-reasoning abilities
across a wide range of domains. By treating sequential
data as tokenized blocks, these models learn hierarchical
and contextual representations directly from raw
sequences, enabling them to capture both fine-grained
local dynamics and long-horizon temporal structure that
traditional DL methods struggle to model (Su et al.,
2024). Moreover, the attention-based computations
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within Transformers further allow the model to selectively
emphasize relevant temporal relationships, yielding
robust performance in long-range forecasting, anomaly
detection, and complex multivariate sequence modeling
(Wen et al., 2022; Ahmed et al., 2023; Kim et al., 2024).
Beyond architectural expressiveness, LMs trained on
extensive time-series corpora achieve highly competitive
results. For instance, Time-LLM re-encode numerical
sequences into token sequences aligned with textual
prototypes, allowing even frozen LLMs to perform
competitive forecasting (Jin et al., 2024b). Evidence from
recent time-series LMs further indicates that their high
capacity, expressive token-based representations, and
strong cross-domain generalization often allow them to
match or surpass specialized architectures on a wide
spectrum of predictive and preventive tasks (Rasul et al.,
2023). Collectively, these strengths make LMs well posi-
tioned for transfer to industrial QC scenarios (Kottapalli
et al., 2025). They can support not only essential time-
series analysis tasks such as process monitoring and fault
diagnosis but also more proactive, predictive applications
including quality-parameter design, early-warning assess-
ment, and predictive health maintenance, indicating the
potential of LM-based temporal reasoning to serve as a
unified modeling paradigm for next-generation QC
systems.

2.1.2 Multimodal fusion

QC in modern factories involves multimodal data, includ-
ing high-resolution images of products, time-series from
sensors (vibration, temperature), textual logs and even
audio signals from machines (McKinney et al., 2025).
Each modality offers unique and complementary insights
into product quality, failure modes, operational anomalies
and equipment health conditions. However, the hetero-
geneity and complexity of these data pose significant
challenges to conventional ML models, which often
struggle with modality alignment, feature fusion and
robust generalization across varying production conditions
(Baltrusaitis et al., 2019).

Recent advances in LMMs have demonstrated transfor-
mative capabilities in learning unified representations
from diverse modalities. Unlike traditional multimodal
pipelines that rely on early fusion of raw features, mid-
level fusion in shared latent spaces, or late fusion at the
decision level (Atrey et al., 2010), LMMs are typically
built upon Transformer architectures equipped with cross-
modal attention mechanisms. Models such as VILBERT
(Lu et al., 2019) and LXMERT (Tan and Bansal, 2019)
introduce co-attentional or cross-modality Transformer
layers that enable fine-grained interactions between
visual and textual tokens, thereby capturing nuanced inter-
modal correspondences and improving semantic align-
ment. Multimodal Transformer like MulT further shows
that cross-modal attention can explicitly model temporal

dependencies and correlations in unaligned multimodal
sequences (Tsai et al., 2019). The success of Flamingo
(Alayrac et al., 2022), which integrates visual features
into an LLM backbone via gated cross-attention layers,
further illustrates the effectiveness of such architectures
in open-world scenarios. These mechanisms enable the
model to selectively attend to semantically relevant cues
across modalities, establish deeper and more stable align-
ment of heterogeneous signals, and ultimately map them
into a shared embedding space that supports complex
multimodal reasoning.

Building on these architectural advances, pioneering
works such as CLIP (Radford et al., 2021), ALIGN (Jia
et al., 2021), and LiT (Zhai et al., 2022) have shown that
training on hundreds of millions of noisy image—text
pairs with contrastive alignment yields highly transferable
representations that support strong zero-shot performance
and robust cross-modal retrieval. These results underscore
the importance of both data scale and contrastive objectives
in shaping a well-structured joint embedding space. More
recent LVLMs further extend this paradigm to broader
multimodal inputs and increasingly complex downstream
tasks, demonstrating that scaling model capacity, data set
size, and modality diversity systematically enhances the
quality of learned multimodal representations (Yuan
et al., 2021; Alayrac et al., 2022; Chen et al., 2024a;
Wang et al.,, 2023c). Together, attention-based cross-
modal architectures and large-scale contrastive pretraining
endow LMMs with superior abilities to capture inter-
modal similarities, align semantic information, and gener-
alize across heterogeneous data sources. These capabilities
underscore the relevance of LMMs to industrial QC,
where diverse data modalities must be interpreted in
context to parameter designs, detect defects, trace root
causes and generate actionable insights. By bridging the
semantic gap across modalities, LMMs not only enhance
decision accuracy but also lay the foundation for more
autonomous, explainable and adaptive QC systems.

2.1.3 Few-shot generalization

Manufacturing quality data often exhibit severe class
imbalance: defects and failures are rare, while normal
operations are abundant. This creates a few-shot learning
scenario where only a handful of examples (or even
none) are available for certain fault modes (Liang et al.,
2023). Classical few- and zero-shot techniques, such as
metric-based meta-learning or prototype methods, can in
principle address data scarcity, but they typically require
carefully engineered architectures and task-specific train-
ing. Additionally, their transferability across heteroge-
neous products and modalities is limited. In contrast,
LMs, including but not limited to LLMs, are pre-trained
on web-scale multimodal data and learn rich and semanti-
cally structured representations that can be reused across
tasks. This broad prior knowledge enables strong few-
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and zero-shot performance via mechanisms such as
feature reuse, semantic alignment and in-context learning,
where a model conditions on a small number of examples
or purely textual descriptions provided in the input rather
than on task-specific fine-tuning (Brown et al., 2020;
Radford et al., 2021, Wang et al., 2023b). For example,
LVLM like CLIP can recognize novel defects from just a
description and a few images, thanks to their extensive
pre-training on diverse visual concepts (Radford et al.,
2021). By leveraging knowledge from large scale pre-
training, LMs use the input itself as a guide for adapta-
tion. Unlike traditional models, which rely on large
labeled data sets and fine-tuning, models like GPT-3 and
CLIP can rapidly adapt to new tasks with just a few
examples or prompts. Moreover, since LMs learn high-
level features, they are less prone to overfitting small data
sets and can generalize more effectively under data
imbalance. By exploiting the inherent few- and zero-shot
capabilities of LMs, Al-driven QC becomes viable even
for rare defects, new product introductions and rapidly
changing manufacturing environments, where relying on
conventional few-shot techniques or collecting large task-
specific data sets is uneconomically and operationally
infeasible.

2.2 Task adaptability

QC in manufacturing is inherently multi-faceted. Practi-
tioners must monitor processes in real-time, diagnose
root causes and predict future quality outcomes. Each of
these tasks entails distinct demands regarding data repre-
sentation, modeling strategies and interpretability, which
collectively pose significant challenges for traditional ML
approaches when confronted with the inherent complexity
and variability of industrial data. Instead of training sepa-
rate models for each task, multi-task learning (MTL)
provides a unified framework in which a single model
learns multiple tasks simultaneously, enabling shared
representations and cross-task knowledge transfer (Zhang
and Yang, 2022; Liu et al., 2019; Caruana, 1997). LMs
are inherently well-aligned with the principles of MTL
due to several training and architectural properties: Their
core strengths lie in general-purpose representation learn-
ing, enabled by pre-training on massive and diverse
corpora that span diverse functions, domains and task
types. This broad exposure equips LMs with highly trans-
ferable internal representations, reducing the need for
task-specific modeling and manual feature engineering
(Liu et al., 2020). Furthermore, Transformer-based LMs
typically operate under a unified sequence-to-sequence or
encoder-decoder architecture, allowing them to accom-
modate a wide variety of input-output formats with mini-
mal structural modifications. This architectural uniformity
supports flexible integration of tasks using either shared
heads or prompt-based conditioning, making them
well-suited for scalable multi-task adaptation (Chen et al.,

2024b).

Recent advances across multiple domains have demon-
strated the effectiveness of LMs as a foundation for
MTL. A representative example in NLP is the text-to-text
transfer transformer (T5) model (Raffel et al., 2020),
which reformulates all tasks ranging from translation and
summarization to question answering into a unified text-
to-text paradigm. This task-agnostic formulation supports
large-scale multi-task pretraining, allowing the model to
learn shared semantic representations across tasks and
achieve state-of-the-art results on numerous benchmarks.
However, it also illustrates the importance of task
compatibility, as performance may degrade when mixing
highly dissimilar tasks without careful balancing strate-
gies.

The success of unified LMs in NLP has inspired similar
approaches in other modalities. In CV, the vision trans-
former (ViT) (Dosovitskiy et al., 2020) exemplifies this
trend by treating images as sequences of patches,
enabling the use of self-attention to learn general-purpose
visual features. ViT has shown strong multi-task capability
across classification, detection and segmentation tasks,
reducing the reliance on task-specific architectures.
Extending VIiT, the swin-transformer (Liu et al., 2021)
introduces a hierarchical structure with shifted window
attention, improving the modeling of both local and
global visual features. This allows for scalable MLT
while maintaining high computational efficiency, making
it suitable as a general-purpose backbone for dense vision
tasks. In time series analysis, the UniTS framework (Gao
et al., 2024) adapts the Transformer architecture to jointly
model forecasting, classification, anomaly detection and
imputation within a single network. By capturing universal
representations of temporal dynamics, UniTS demon-
strates the value of shared learning even in sequential
domains with heterogeneous targets.

The versatility of LMs in supporting MTL extends to
medical applications as well, where multiple related
prediction tasks often coexist, for example, diagnosing
several related conditions, or simultaneously predicting a
disease and its expected progression. Kim et al. (2023)
develop an MTL framework to predict multiple chronic
diseases simultaneously, leveraging the interdependence
of disease states to improve predictive accuracy. El-
Sappagh et al. (2020) integrate multimodal clinical data
to jointly solve classification and regression tasks related
to Alzheimer’s disease, while Yang et al. (2020) propose
a multi-task model for lung cancer detection along with
auxiliary respiratory disease diagnoses. To manage task
imbalance and prevent overfitting, their design introduce
periodic focusing and internal-transfer weighting strate-
gies, techniques that improve robustness by modulating
learning focus across tasks. In autonomous driving and
robotics domain, MTL enables comprehensive perception
and decision-making by combining various subtasks. The
M3Net framework (Chen et al., 2025), for instance,
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integrates object detection, semantic segmentation and
3D occupancy prediction into a single network through a
query-token interaction mechanism. This unified
approach not only achieves superior performance
compared to separate task-specific models but also benefits
from cross-task feature reinforcement where informative
features for one task improve performance in others.

Pre-trained on massive and heterogeneous data sets,
LMs have demonstrated strong generalization across
domains when applied in MTL settings. Their inherent
support for task integration, modular architecture and
capacity to capture rich contextual representations make
them well-suited as the core of unified and scalable QC
systems. By facilitating shared understanding across
tasks, such models not only enhance consistency and
knowledge transfer but also substantially reduce deploy-
ment complexity.

2.3 Augmented intelligence

In modern QC systems, it is no longer sufficient to make
accurate decisions, the ability to explain those decisions
and interact naturally with human operators has become
equally essential. In industrial anomaly detection, a
recent survey emphasizes that a key objective of LMs is
to generate interpretable detection results that describe
anomalies in terms of color, shape and category (Yang
etal., 2025), bridging the gap between automated decisions
and human understanding. Traditional models often fall
short in providing interpretability and seamless human-
machine communication. LLMs such as ChatGPT
(Ouyang et al., 2022) and DeepSeek (Bi et al., 2024)
offer a compelling alternative with the remarkable capa-
bilities in comprehending (Peng et al., 2024), extracting
(Xu et al., 2024) and reasoning (Wu et al., 2024). Lever-
aging their advanced NLP capabilities, LLMs can generate
context-aware explanations and engage in dynamic and
interactive dialogs, bridging the gap between automated
decision-making and human understanding.

The generative capabilities of LLMs have demonstrated
remarkable effectiveness across a wide range of application
domains. One of the most notable areas of success is soft-
ware development, where LLMs have shown strong
potential in automating and enhancing programming-
related tasks. Models like OpenAl’s Codex (Chen et al.,
2021), trained on extensive corpora of source code, can
translate natural language descriptions into executable
code across multiple programming languages with high
syntactic and semantic accuracy. Beyond code synthesis,
LLMs have also proven valuable in tasks such as debug-
ging, code explanation and exploration of alternative
implementations (Sun et al., 2022). These capabilities
underscore LLMs’ strengths in logical reasoning, error
identification and iterative refinement, skills that are not
only vital in software engineering, but also directly
transferable to the diagnosis and resolution of quality

issues in industrial systems.

In the medical and healthcare domain, LLMs have
made remarkable strides, tackling tasks that require
expert-level knowledge and complex reasoning. A promi-
nent example is the medicine-pathways language model
(Med-PalLM) (Singhal et al., 2023), the first Al system to
surpass the passing threshold on US medical licensing
examination style questions. This milestone illustrates the
capacity of LLMs to encode extensive domain-specific
knowledge and to reason effectively over complex medical
content. Building upon this foundation, Med-PaLM 2
(Singhal et al., 2025) introduces further innovations by
addressing the challenges of long-form medical question
answering and integration into real-world clinical work-
flows. This is accomplished through a combination of
enhanced base model capabilities, targeted fine-tuning on
medical data and advanced techniques such as ensemble
refinement (Madaan et al., 2023) and retrieval-augmented
reasoning (RAG) (Lewis et al., 2020). These strategies
significantly improve the model’s factual grounding and
reasoning accuracy. In human evaluations, physicians
prefer the responses generated by Med-PaLM 2 over
those of generalist doctors on most clinical questions and
rate its advice as comparably safe. These achievements
highlight LLMs’ ability to apply expert knowledge and
reason with justification using natural language.

Similarly, in enterprise knowledge management, LLMs
are transforming how organizations retrieve and utilize
vast amounts of unstructured data with unprecedented
efficiency. Through natural language understanding and
generation, they facilitate retrieval and synthesis of infor-
mation from documents, manuals and conversational
logs. Jiang et al. (2024) propose an LLM-based retrieval-
generation framework tailored for enterprise knowledge
bases named as EKGR, addressing challenges such as
limited annotations and data privacy. It combines instruc-
tion-tuned question generation, a relevance-aware teacher-
student retriever training strategy and chain-of-thought
fine-tuning for answer generation, achieving strong
performance on real-world data sets with minimal super-
vision. Indeed, there is growing recognition that LLMs
may serve as a new backbone for knowledge management
in organizations (O’Leary, 2023; Lang et al., 2024).
These successes in medical and enterprise contexts show
that LLMs can act as knowledge integrators and conver-
sational agents, making them highly relevant to QC
scenarios, where engineers often need to diagnose
complex production issues, consult large volumes of
historical failure reports and interpret best-practice guide-
lines, all tasks that benefit from expert-level reasoning
and natural language interaction.

The cross-domain success of LLMs underscores their
potential as general-purpose cognitive engines for indus-
trial quality applications. By expressing insights in natural
language, LLMs turn raw predictions into actionable,
human-aligned explanations. Beyond interpretability,
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LLMs enhance interaction by linking data-driven analysis
with human communication. Their ability to understand
and summarize unstructured sources enables the extraction
and reuse of valuable domain knowledge. In smart manu-
facturing, engineers can query LLMs in natural language
(e.g., “Why has the defect rate increased this week”?) and
receive reasoned and evidence-based answers grounded
in real-time data and historical trends. These capabilities
position LLMs not as passive reporting tools, but as inter-
active and adaptive systems that integrate human expertise
with machine reasoning. As their capabilities advance
and industrial adoption accelerates, LLMs are poised to
become essential to intelligent QC.

3 Enabling large models for quality control

Building on the foundational capabilities of LMs, recent
research has begun to explore their concrete applications
in industrial QC, evolving from conceptual exploration to
practical deployment. This section reviews recent
advances that leverage LMs to address core challenges in
QC, including multimodal perception for integrating
heterogeneous data, multitask reasoning for unified
process understanding, few-shot and zero-shot learning to
mitigate data scarcity and generative Al to enable interac-
tive and explainable quality management. These develop-
ments collectively demonstrate the expanding role of
LMs in advancing intelligent and robust QC systems.

3.1 Multimodal perception
Multimodal perception plays a critical role in industrial

quality inspection, where integrating diverse data sources,
such as visual images, acoustic signals, vibration data and

thermal measurements, enable more accurate and robust
defect detection. An overview of commonly used sensing
modalities, along with their feature representations, is
provided in Table 1. By leveraging complementary infor-
mation from different modalities, LMs can capture more
comprehensive process signatures that single-modality
approaches often overlook. A range of multimodal fusion
approaches developed to facilitate this integration is
summarized in Table 2.

3.1.1 Attention-based multimodal fusion

Although attention mechanisms are not exclusive to LMs,
their flexibility and strong capacity for relational modeling
have made attention-based fusion a predominant architec-
tural choice in contemporary LMMs. This trend has also
carried over to industrial QC applications, where such
models benefit from Transformer-based LMs’ ability to
capture long-range dependencies in sequential data given
that most industrial quality signals are inherently time-
series in nature. At the same time, Attention enables
dynamic modeling of both intra- and inter-modal depen-
dencies, effectively capturing temporal patterns in sensor
sequences and fine-grained cross-modal correlations
among heterogeneous data sources (Zhao et al., 2024).
Specifically, self-attention layers allow each modality to
model its internal temporal or spatial dependencies, while
cross-attention facilitates interaction across modalities,
enabling the model to align sensor trajectories with corre-
sponding video frames or highlight visual regions associ-
ated with anomalous process behaviors. This fine-grained
and context-adaptive interaction is particularly advanta-
geous in noisy industrial environments because attention
itself inherently suppresses irrelevant features and ampli-
fies modality-specific cues that are most informative for

Table 1 Overview of sensing, odalities, data types and feature representations in industrial quality inspection

Modality type Data type Feature representation

Process PLC logs, actuator positions, process variables, structured signals Time-series embeddings, attention-based features
Image RGB, high-resolution images CNN, ViT embeddings

Acoustic Microphones, ultrasonic sensors Spectrograms, time-domain features
Vibration Accelerometers, vibration sensors FFT spectra, envelope signals

Thermal Infrared images, thermal sensors Thermal distribution maps

Point cloud LiDAR, structured light

Voxelized grids

Table 2 Multimodal fusion techniques for quality control

Fusion method Core mechanism

Learning paradigm

Attention-based fusion
attention mechanisms

Domain knowledge-guided
alignment

Contrastive fusion
objectives.

Injects expert rules, physics priors, fault ontologies and
standards into LMMs to guide multimodal alignment.

CLIP-style shared embedding space using contrastive

Models intra-/inter-modal dependencies using self- and cross- Supervised (Costanzino et al., 2024; Guo et al., 2022; Li et al.,

2024c; Nagrani et al., 2021; Wu et al., 2025b;
Jiao et al., 2024; Zhao et al., 2024)

LoRA fine-tuning + Domain prompts (Bianchini et al., 2025)

Unsupervised (McKinney et al.,2025; Wang et al., 2025)
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the task ( Guo et al., 2022; Jiao et al., 2024;Nagrani et al.,
2021). Compared to traditional multimodal fusion tech-
niques, attention-based fusion provides deep and token-
level interaction between the features of each modality
(Baltrusaitis et al., 2019). This enables the model to learn
fine-grained dependencies across different inputs, making
it especially effective when modalities provide comple-
mentary information that needs to be fused dynamically.

However, applying attention-based fusion model to
industrial QC still requires tailored model design to
address the specific data types and scenarios encountered
in this domain. For instance, Li et al. (2024c) propose an
industrial fault diagnosis system that incorporates an
attention-guided fusion module to jointly analyze video
streams and time-series process data. This enables precise
diagnosis even under highly complex production scenarios
with dynamic operational conditions. Wu et al. (2025b)
further extend this paradigm by introducing a cross-
modal Transformer for anomaly detection in magnesium
smelting, utilizing self-attention to capture intra-modal
features and bidirectional cross-attention to model inter-
modal correlations between video data and process vari-
ables. Costanzino et al. (2024) introduced a cross-modal
attention framework inspired by transformers to align and
fuse features from 3D point clouds and 2D images. By
dynamically capturing correlations across spatial and
structural domains, their methods excel in detecting
subtle anomalies that are often invisible in purely visual
inspection. Beyond detection and localization tasks, Li
et al. (2024e) also explore attention-based fusion in the
context of quality prediction. Their work introduces a
multimodal quality prediction algorithm that integrates
time-series sensor data, image-based inspection data, and
process parameters using an anomalous energy tracking
attention mechanism. By dynamically modeling both
temporal dependencies and cross-modal interactions,
their approach significantly improves prediction accuracy
and robustness under complex and noisy manufacturing
conditions.

3.1.2  Domain knowledge-guided multimodal alignment

While LMMs excel at learning generalized representations
across diverse modalities, their direct application to
specialized industrial tasks can remain limited due to the
lack of embedded expert knowledge. Bridging this gap is
essential to unlock the full potential of LMMs in industrial
settings. In this context, domain knowledge-guided multi-
modal alignment refers to approaches that inject structured
domain priors, such as physics-based rules, fault-mode
ontologies, or expert-defined labeling heuristics, into the
alignment process so that representations across modalities
become consistent with the way human experts conceptu-
alize diagnostic relationships. Such guidance may be
incorporated at multiple levels, including rule-based

construction of multimodal training pairs, knowledge-
conditioned contrastive learning objectives, or architec-
tural modules that explicitly encode relations defined in
domain knowledge graphs or rule bases. Recent surveys
on multimodal alignment and fusion emphasize that these
knowledge-aware mechanisms are critical for achieving
robust performance in domains where raw data alone are
insufficient to capture all relevant semantic structure (Li
and Tang, 2024).

A representative example of domain knowledge-guided
alignment for industrial QC is VSLLaVA, a large multi-
modal foundation-model pipeline tailored for vibration
signal analysis (Li et al., 2024f). Rather than relying
solely on raw signal-text co-occurrence, VSLLaVA
begins by using an expert rule-assisted signal generator to
synthesize a large Signal-Question—Answer (SQA)
corpus, in which each triplet links a vibration waveform
to a diagnostic query and an expert-consistent explana-
tion. The generator encodes core vibration-analysis
concepts, including amplitude and frequency modulation
patterns, harmonic structures, and characteristic bearing
fault signatures, ensuring that the constructed SQA pairs
faithfully reflect underlying physical mechanisms and
established diagnostic rules. These triplets are then used
to conduct instruction tuning via low-rank adaptation
(LoRA) on a CLIP-based vision encoder and an LLM,
thereby injecting domain-specific notions of normal
behavior, incipient faults, and severe degradation into the
shared embedding space. Finally, VSLLaVA introduces a
knowledge-aware evaluation loop in which an LLM,
guided explicitly by expert rules, evaluates the correctness
and relevance of generated outputs for tasks such as
parameter identification, waveform interpretation, and
fault diagnosis. Complementary to this, Bianchini et al.
(2025) propose a multimodal RAG framework for quality
anomaly detection in industrial electronics manufactur-
ing. Their approach leverages domain knowledge in the
form of engineering manuals and inspection standards to
align structured measurements and image-based detection
outputs with textual diagnostic rules. By integrating
document-grounded retrieval with LLM-based interpreta-
tion, their system demonstrates how symbolic domain
expertise can guide the alignment of multimodal inputs in
real-world QC pipelines.

3.1.3 Multimodal input-driven unsupervised learning

The inherent ability of LMMs to align heterogeneous
modalities into a shared semantic space significantly alle-
viates the challenges of data scarcity, thereby enabling
robust unsupervised learning in QC tasks. Recent studies
have demonstrated that, even without labeled defect data,
LMM-based multimodal learning frameworks can learn
modality-specific encoders whose embeddings are
aligned through contrastive or reconstruction-based
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objectives defined purely over synchronized inputs. Once
trained, the resulting joint embedding space can support
zero- or few-shot tasks.

A representative example is the work by McKinney
et al. (2025), which proposes an unsupervised multimodal
fusion framework inspired by CLIP for industrial process
monitoring. Their model constructs modality-specific
encoders for the distinct sensors and employs contrastive
learning to align representations across modalities without
any labeled defect data. By projecting these modalities
into a common embedding space, the model captures
cross-modal patterns that are highly indicative of quality
anomalies, facilitating defect detection in a fully label-
free manner. Extending multimodal unsupervised learning
to 3D quality inspection, recent advances have adapted
CLIP-like vision—language alignment to point cloud data.
Zuo et al. (2024) propose CLIP3D-AD, which projects
each 3D object into a set of multi-view rendered images
and fuses 2D features through adapter-based fine-tuning
and coarse-to-fine decoding. This architecture effectively
bridges the modality gap between 2D visual representations
and 3D geometric structures, enabling the model to
perform few-shot and zero-shot anomaly detection without
memory banks or extensive labels, and significantly
outperforming state-of-the-art industrial 3D inspection
methods. Building on the same motivation, Zhu et al.
(2023) introduce PointCLIP V2, a hybrid multimodal 3D
anomaly detection framework that unifies CLIP and GPT-
3 as a single 3D open-world learner by prompting CLIP’s
visual encoder with a realistic shape projection module
that produces high-quality depth maps from point clouds
and prompting GPT-3 to generate 3D-specific text as the
input to CLIP’s textual encoder, thereby narrowing the
domain gap between 3D data and pre-trained
vision—language knowledge and enabling zero-shot/few-
shot 3D understanding. Wang et al. (2025) propose
M3DM-NR, an unsupervised hybrid multimodal frame-
work using pre-trained CLIP and Point-BIND models. By
aligning RGB and point cloud modalities through
contrastive learning and applying multi-scale aggregation
techniques, M3DM-NR improves anomaly detection
accuracy, making it highly effective in noisy real-world
industrial environments.

Taken together, these three research directions reflect
complementary explorations that demonstrate the value

of LMMs for QC. Although they approach the problem
from different angles, they collectively show how multi-
modal information can be effectively integrated, struc-
tured, or learned without extensive annotation. Overall,
these developments suggest that LMMs are evolving into
unified perceptual systems capable of providing scalable,
accurate, and generalizable quality assessments through a
comprehensive and context-aware understanding of
complex manufacturing processes.

3.2 Multi-task reasoning

In recent QC systems, Transformer- and attention-based
architectures often serve as LM-style backbones and
provide strong shared representation learning. Compared
with general-purpose MTL settings, MTL in industrial
QC is substantially more complex. Tasks such as quality
prediction, process monitoring, fault diagnosis and health
prognostic are tightly linked through temporal dependen-
cies and cross-stage causal relationships inherent to
manufacturing processes. Industrial systems also place
higher demands on interpretability to support decision-
making and root-cause analysis. As summarized in
Table 3, these characteristics require models that can
learn rich and unified representations while also using
specialized mechanisms to regulate interactions among
tasks in a stable and transparent manner. Such mechanisms
include loss weighting, gradient balancing, multi-stage
modeling and mixture-of-experts (MoE) structures,
which help control how tasks influence each other during
training and inference.

3.2.1 Shared representation learning

One of the fundamental questions in MTL is how to share
representations. In the context of LMs, shared representa-
tion learning typically involves building a common
feature extractor which feeds into task-specific output
heads. This structure allows the model to jointly leverage
information across tasks. Han et al. (2025) formulate a
CNN-Transformer hybrid model with a shared feature
extractor and task-specific branches to simultaneously
diagnose multiple bearing fault modes. This Transformer-
enhanced architecture effectively captures both local
signal patterns and long-range dependencies, yielding

Table 3 Key challenges and strategies in multi-task learning for industrial quality control

Challenge Cause

Strategy Method

Data imbalance Few labels for some tasks

Shared representation Task-general vs. task-specific

Multi-stage modeling Cross-stage variable shifts

Task interference Cross-task conflicts

Task specialization Mixed correlation across tasks

Attention, low-shot sharing

Hybrid encoders, split decoders

Latent state, stage regularization

Gradient balance, MoE, loss tuning

MOoE routing, gated experts

Xie et al. (2022); Han et al., (2025)
Cao et al. (2024); Han et al. (2025);Liu et al.
(2023b); Wang et al. (2024b);
DMMTL (Yan et al., 2021),
AWAMTL (Wu et al., 2025a),
BMOoE (Huang et al., 2023)

AMSF-AMOoE (Zhou and Wang, 2024),
BMOoE (Huang et al., 2023)
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robust fault recognition even under heavy noise and data
imbalance. Similarly, Cao et al. (2024) address MTL by
proposing an enhanced hybrid LSTM-Transformer
model that jointly learns shared representations and
generates task-specific predictions in real time for multiple
related targets. By integrating LSTM-based sequence
modeling with self-attention, the framework supports
continuous adaptation through online learning and
enables efficient deployment via knowledge distillation
while maintaining strong multi-task predictive perfor-
mance. Xie et al. (2022) further introduce an attention-
guided multi-task network that simultaneously identifies
fault types and severity levels, rather than one at a time,
enabling the model to share global features and improve
fault diagnosis under limited data conditions. Wang et al.
(2024b) propose a target-related Transformer model that
learns a shared representation space guided by specific
quality objectives, allowing effective modeling of multiple
quality indicators within a single framework. To enhance
model interpretability, Liu et al. (2023b) propose DMRI-
Former built on a shared encoder—decoder Transformer
structure, and they further design a data-mode-related
interpretable self-attention that first clusters samples into
data modes and then performs homomode attention with
optional cross-mode attention, so that the learned attention
weights can be visualized as heatmaps for key-sample
analysis in multimode industrial process prediction. Liu
et al. (2024) extend the shared representation paradigm to
time series with Multirate-Former, a hierarchical archi-
tecture that models multistep quality prediction across
processes with heterogeneous sampling rates, leveraging
a common representation across temporal scales.

3.2.2 Dynamic task balancing

Building on the deep exploration of shared representa-
tions, an equally important direction in LM-based indus-
trial MTL is how to regulate and balance the learning
dynamics among multiple tasks, especially when tasks
have heterogeneous scales or difficulty. In industrial QC,
where tasks can range from predicting continuous metrics
(tool wear, remaining useful lifetime, quality scores) to
classifying discrete states (healthy/faulty, defect types),
such adaptive balancing methods are invaluable. Yan
et al. (2021) propose a deep multistage MTL framework
tailored for quality prediction in complex multistage
manufacturing systems, where numerous correlated quality
indices are measured across sequential stages. The frame-
work dynamically balances tasks by learning latent state
representations and introduces stage-wise regularization,
specifically group lasso penalties and robust Huber loss,
to adaptively suppress uninformative outputs and select
relevant inputs. This design enables end-to-end joint
modeling of all quality variables while effectively miti-
gating task interference and enhancing interpretability
through structured sparsity and gradient-based diagnos-

tics. Wu et al. (2025a) propose an attention-based weight
adaptive multi-task learning framework to address slab
head shape defects in the hot rough rolling process, a crit-
ical quality issue characterized by nonlinear and multi-
variate deformation. Task weights are adaptively updated
at each training iteration based on gradient disparities and
task-specific convergence rates, ensuring balanced opti-
mization despite differing learning dynamics. This gradi-
ent-aware adjustment mechanism enhances robustness
and accuracy by mitigating task interference throughout
the training process. Moreover, MoE-based architectures
(Jacobs et al., 1991) have overcome negative transfer in
diverse multi-task QC by dynamically routing inputs to
specialized experts, balancing shared learning with task-
specific adaptability across varying manufacturing condi-
tions. For instance, Zhou and Wang (2024) develop an
adaptive multi-scale feature fusion and adaptive MoE
multi-task model for concurrent health status assessment
and remaining useful lifetime prediction. This design
effectively captures inter-task dependencies while
addressing heterogeneity, significantly enhancing model
generalization on complex data sets like engine degradation
and tool wear. Additionally, Huang et al. (2023) present a
balanced MoE to estimate multiple quality variables,
which consists of a multi-gate MoE module to portray
task relationships and a task gradient balancing module to
balance the gradients among tasks dynamically. Both of
them cooperate to mitigate the negative transfer problem.

In summary, LM-style Transformer backbones play a
central role in industrial multi-task QC by providing
unified, expressive and context-aware representations that
capture cross-task dependencies, temporal dynamics and
multimodal process variations. Building on this represen-
tational foundation, MTL algorithms further tailor the
learning process to the specific demands of complex
manufacturing environments. The progress observed
across recent studies reflects the synergy between these
two components: strong LM-driven shared representation
learning and targeted MTL-driven task interaction model-
ing. Their integration offers a promising direction for
future research, enabling multi-task QC systems that are
not only more accurate and robust but also more aligned
with real-world industrial requirements.

3.3 Few/zero-shot reasoning

Supervised QC methods heavily depend on large amounts
of labeled defect data, which is costly and impractical
given the rarity and diversity of real-world defects (Zajec
et al., 2024). This limitation underscores the importance
of few- and zero-shot learning, enabling models to gener-
alize to unseen categories with minimal or no annota-
tions. Characterized by strong cross-domain generaliza-
tion, multimodal alignment and prompt-based adaptabil-
ity, LMs offer a scalable solution, facilitating label-effi-
cient and flexible inspection. A categorization of such
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LM-powered few- and zero- shot strategies is provided in
Tables 4 and 5.

3.3.1 Few-shot learning

LMs exhibit remarkable few-shot capabilities in QC
tasks, primarily due to their large-scale pretraining on
diverse visual, textual, or sensor data, which enables the
learning of highly transferable and generalized represen-
tations. For instance, Megahed et al. (2025) demonstrated
that CLIP’s vision—language pretraining equips it with
robust visual features that transfer effectively to surface
defect classification and 3D-print anomaly detection with
as few as 10-100 labeled samples per class. To further
bridge this gap, researchers have infused domain knowl-
edge via prompting. Jin et al. (2024a) propose the SEM-
CLIP, which guides CLIP’s attention to semiconductor
wafer defect regions using expert text prompts. By
customizing CLIP’s vision—language alignment, their
method accurately classifies and segments wafer defects
with minimal labeled examples. Beyond vision, Eldele
et al. (2025) introduce UniFault, a transformer-based
foundation model pretrained on over 6.9 million industrial
sensor records, achieving state-of-the-art fault detection
in predictive maintenance with minimal samples from
new machines, showcasing the cross-domain generaliza-
tion power of foundation models. Similarly, LLMs lever-
age their in-context learning to solve manufacturing few-
shot problems cast into language-like formats. Fang et al.
(2024) successfully reformulate 3D-print defect detection
as a text-prompted task, enabling a GPT-style model to
achieve 96.2% accuracy with only a few image—caption
pairs and expert explanations, without any retraining.

Complementing these approaches, Hu et al. (2024)
employ generative foundation models to address data
scarcity by proposing AnomalyDiffusion, which synthe-
sizes diverse anomaly—mask pairs from limited examples,
enhancing the performance of downstream defect detection
models. These works collectively demonstrate that the
few-shot success of LMs in industrial quality tasks stems
from their broadly learned semantic priors and strong
capacity for rapid task adaptation via prompting or in-
context learning, even under significant domain shifts.

3.3.2 Zero-shot learning

Recent advances demonstrate that LMs possess remarkable
zero-shot capabilities. However, as Zhong et al. (2021)
show in the NLP domain, zero-shot performance is deter-
mined not merely by model scale but also critically
depends on how models are trained and adapted, including
the choice of meta-tuning objectives and prompt formula-
tions. This implies that directly reusing the foundation
model or applying naive fine-tuning is rarely sufficient
for industrial zero-shot QC, where defects are subtle, data
are scarce, and task specifications are highly structured.
Instead, effective zero-shot QC relies on task-aligned
prompt engineering, tailored input representations, and
lightweight adaptation mechanisms.

Within industrial QC, one prominent line of work eval-
uates and adapts the segment anything model (SAM) as a
universal segmentation backbone. Introduced by Kirillov
et al. (2023), SAM is a promptable segmentation founda-
tion model trained on over one billion masks and exhibits
strong zero-shot transfer on natural-image benchmarks.
Motivated by this potential, Song et al. (2024) systemati-

Table 4 Categorized strategies for few-shot learning in industrial quality control

Modality

Strength Limitation

Method category Adaptation strategy ~ Domain knowledge
Pretrained vision- Prompt-based Minimal
language inference

Prompt-guided fine- Prompt or attention Expert prompts

tuning tuning

Sensor foundation Few-shot tuning

models

Language Text-format inference ~ Caption prompts
reformulation

Generative Synthetic data No explicit knowledge
augmentation generation

Vision + Text
Vision + Text
Embedded in training Time-series, vibration,
multi-sensor

Vision — Text

Vision

General, scalable,
data-efficient

Lacks domain specificity
(Megahed et al., 2025)

Prompt quality sensitive
(Jin et al., 2024a)

Needs large pretraining data
(Eldele et al., 2025)

Needs precise phrasing
(Fang et al., 2024)

Extra cost, variable quality
(Hu et al., 2024)

Better localization, data-
efficient

Cross-device transfer

High generalization, no
retraining

Data boost, helps detection

Table 5 Categorized Strategies for zero-shot learning in industrial quality control

Methodcategory Mechanism Modality Strength Limitation

Template-based language General prompts Vision Simple, generalizable =~ Weak in noisy/fine tasks (Zhong et al.,

prompting (e.g., CLIP) 2021)

Universal segmentation models Pretrained models Vision Label-free, broad use Low industrial specificity (Kirillov
(e.g., SAM) et al., 2023; Song et al., 2024)

Unsupervised prompt
composition

Auto-generated prompts

Hybrid domain- prompting Text + symbolic input

Vision + Rule
templates

Vision + Text +

Fully unsupervised Unstable prompt quality (Era et al.,

2024; Huang et al., 2025)

Precise, interpretable Complex setup (Cao et al., 2025)

Symbols
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cally evaluate SAM on industrial defect data sets, such as
strip-steel, tile, and rail surfaces, under various prompting
modes and show that, despite its impressive generalization
on natural images, out-of-the-box SAM consistently
underperforms well-tuned saliency-based and defect-
specific segmentation methods on low-contrast, fine-
grained industrial surfaces. This result clarifies that
SAM’s generic priors are not directly sufficient for reliable
QC: the strong pre-trained segmentation ability must be
coupled with task-aware prompting, domain adaptation or
both. To mitigate this gap, subsequent studies explore
automated or scene-level prompting strategies. Era et al.
(2024) generate contextual point prompts through unsu-
pervised feature clustering and use them to guide SAM
for porosity segmentation in additive manufacturing
without manual labels. Huang et al. (2025) further
propose SAID, which builds a global scene embedding
from a few annotated examples and uses it as a high-level
prompt to enable one-shot segmentation in new scenes.
These efforts trace a clear trajectory: from direct SAM
reuse to structured and scene-aware prompting tailored to
industrial environments.

Beyond segmentation models, vision—language
approaches extend zero-shot QC to both detection and
understanding. Jeong et al. (2023) propose WinCLIP,
which mitigates CLIP’s weak localization of small
defects by extracting overlapping window features and
aggregating them at patch and image levels. WinCLIP
also employs a compositional prompt ensemble combining
multiple state descriptors (e.g., normal, anomalous) and
template variations, allowing it to better capture the
linguistic diversity of defect descriptions. By comparing
each patch’s visual embedding with corresponding text
embeddings, WinCLIP identifies anomalous regions
without any fine-tuning and achieves superior zero-/one-
shot performance on industrial anomaly benchmarks. Cao
et al. (2025) propose AnomalyVLM, a framework that
moves beyond reference-based anomaly detection by
leveraging product standards and engineering specifica-
tions as a structured source of prior knowledge. Instead
of relying on clean exemplars, AnomalyVLM parses
these documents to construct hybrid prompts that jointly
encode: (i) textual descriptions of nominal appearance
and typical defect patterns, (ii) symbolic rules and region-
level constraints specified in the standards, and (iii)
region indices that anchor the prompts to specific parts of

Table 6 Core roles of LLMs in industrial quality control

the product. These hybrid prompts are then used to
personalize a pretrained vision—language model, enabling
it to reason about what constitutes normal versus anoma-
lous conditions under the guidance of domain knowledge.
Evaluations on multiple data sets show that AnomalyVLM
achieves state-of-the-art zero-shot performance, demon-
strating the effectiveness of coupling foundation models
with explicit, structured prior knowledge for industrial
QC.

Across all these examples, the common thread is that
large-scale pretraining provides a powerful prior: whether
it is vision—language alignment, universal segmentation,
temporal dynamics, or linguistic reasoning. While their
unsupervised learning and generative abilities can effec-
tively reduce reliance on labeled data, such as by synthe-
sizing high-quality anomalies for data augmentation, the
complexity of real-world industrial tasks still demands
the integration of domain expertise through prompt engi-
neering, fine-tuning, or hybrid frameworks to ensure
alignment with specific operational requirements.

3.4 Generative Al Interaction

Recent advances have demonstrated the potential of
LLMs to serve as interpretable and intelligent interfaces
in industrial environments. Their ability to process
unstructured data makes them effective in extracting
insights from quality-related information (Chkirbene
et al., 2024), while also serving as a bridge between
human expertise and automated systems. The core func-
tions of LLMs in this context are summarized in Table 6.

3.4.1 LLMs for explainable human—machine interaction
As manufacturing systems become increasingly complex,
the demand for intuitive and explainable interfaces
between humans and machines is more critical (Moosavi
et al., 2024). Recent surveys on smart and human-centric
manufacturing argue that future QC solutions must not
only detect defects but also communicate their decisions
in a way that aligns with operators’ mental models and
process knowledge (Abhilash et al., 2024). LLMs are
well suited to this role: through instruction tuning and
large-scale pre-training on code, technical text and natural
language, they can translate low-level machine instruc-
tions, sensor logs, or images into coherent explanations

Application area Main function

Knowledge requirement

Industrial benefit Typical scenario

Explainable interaction ~ Translate machine code; Data Low
to dialog
Domain-aware reasoning Causal diagnosis, retrieve over High
expert knowledge bases
Multi-agent collaboration Coordinate QC tasks via Medium

dialogs

Enhance interpretability,
usability, and operator trust

Code explanation (Jignasu et al., 2023);
quality guidance (Badini et al., 2023)

CausalKGPT (Zhou et al., 2024); SOP
query (Kernan Freire et al., 2024)

Enable automated fault
analysis

Support autonomous,
real-time QC

Agent-driven process control (Lim et al.,
2024); Prognostics co-pilot agents for
maintenance (Lukens et al., 2024)
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and interactive dialogs. This capability enables operators
to better understand, monitor and control automated
processes, fostering more transparent and effective
human-machine collaboration.

One stream of work focuses on code-centric interaction
in additive manufacturing, where QC often hinges on
whether process parameters and G-code are appropriate.
Jignasu et al. (2023) evaluate several LLMs for G-code
debugging, manipulation and comprehension, designing
prompts that ask the model to detect syntax or logic
errors, propose parameter changes, and explain the
impact on part geometry and print quality. Badini et al.
(2023) go further by using ChatGPT not only to diagnose
typical printing issues, such as warping, stringing or bed
detachment, but also to recommend specific adjustments
to temperature, speed and flow settings, showing that non-
expert users can obtain expert-level troubleshooting guid-
ance through dialog. A second stream leverages multi-
modal to make visual QC more transparent. In industrial
anomaly detection, AnomalyGPT (Gu et al., 2024)
combines an LVLM with simulated anomaly: description
pairs and a learned prompt module so that the model can
both localize defects in images and describe them in natural
language. At inference time, inspectors can interact with
the system via multi-turn dialog, (for example, asking
what type of defect is present, how severe it is, or which
region requires rework,) while the model updates its
responses based on both the image and the conversation
context. Compared with code-centric approaches, which
operate on symbolic process representations, Anoma-
lyGPT directly interfaces with visual evidence from QC
and emphasizes interactive explanation over scalar
anomaly scores, eliminating manual threshold tuning and
making defect decisions easier to scrutinize and trust.

3.4.2 LLMs powered by domain expertise

While general-purpose LLMs offer impressive linguistic
capabilities, their value for industrial QC becomes most
evident when they are explicitly enriched with domain-
specific knowledge. Zhou et al. (2024) develop
CausalKGPT, which integrates a causal quality knowledge
graph built from defect surveys, inspection reports, and
maintenance records. The model is fine-tuned with
prompts grounded in this graph, enabling it to interpret
defect descriptions and generate root-cause explanations
aligned with real manufacturing causal structures. Evalu-
ations in aerospace machining show that CausalKGPT
provides more accurate and engineering-relevant diag-
noses than generic LLMs, illustrating how causal, graph-
structured knowledge strengthens QC-related reasoning.
A complementary line of work focuses on operational
knowledge access. Kernan Freire et al. (2024) implement
a retrieval-augmented LLM assistant trained on factory
manuals, procedures, and diagnostic records. When oper-
ators pose natural-language questions, the system

retrieves relevant documents and synthesizes grounded
responses. Field studies indicate that it accelerates trou-
bleshooting while allowing workers to contribute new
insights that incrementally update the knowledge base.
This human-in-the-loop RAG approach showcases how
LLMs can democratize expert knowledge across produc-
tion teams. Similarly, Wang et al. (2024a) propose a
framework for empowering ChatGPT-like LLMs with
localized knowledge bases tailored for prognostics and
health management. By coupling general-purpose LLMs
with structured plant-specific knowledge, including
degradation modes, equipment hierarchies, and domain-
specific diagnostic flows, the system improves inter-
pretability and domain alignment for tasks such as fault
analysis, inspection guidance, and maintenance decision
support. Their approach reinforces the value of combining
RAG-based knowledge injection and natural-language
reasoning to make LLMs more context-aware, trustwor-
thy, and usable in real-world industrial environments.

3.4.3 Multi-agent LLM for collaborative QC

Beyond single-agent systems, researchers have begun
designing multi-agent frameworks that integrate multiple
generative models for collaborative QC. Lim et al. (2024)
demonstrate a manufacturing multi-agent system in
which each agent implemented using an LLM such as
GPT-4 performs a specialized role (e.g., planning, inspec-
tion, troubleshooting) and communicates through natural-
language messages. Within this architecture, agents artic-
ulate their reasoning, negotiate task assignments, and
coordinate corrective actions, enabling collective decision-
making that resembles a virtual team of quality engineers.
Similarly, Lukens et al. (2024) propose a multi-agent
LLM framework for prognostics and health management
copilots. Their workflow decomposes PHM support into
specialized agents for observation extraction, failure-
mode extraction, recommendation generation, and recom-
mendation evaluation, with structured function-calling
outputs. Using a case-study data set of industrial PHM
narratives, they show that RAG can improve the coverage
and earlier identification of failure modes in recommended
troubleshooting plans. The study also highlights limitations
of LLM-based evaluation, indicating the need for more
reliable evaluation protocols and domain grounding.
Although these architectures are still in their early stages
and often validated in simulated settings, they outline a
compelling direction: networks of generative agents that
can jointly monitor, diagnose, and support timely inter-
ventions for quality issues. Compared with single-agent
systems, multi-agent designs naturally promote special-
ization, distributed reasoning, and coordinated interac-
tion, making it plausible that interconnected agents could
deliver continuous and adaptive QC assistance across the
production workflow.

Together, these developments illustrate the expanding
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role of generative Al in industrial QC. Whether through
code interpretation, root-cause analysis, conversational
support, or agent collaboration, LLMs are enabling more
transparent, adaptive and accessible QC workflows
across the production lifecycle.

4 Challenges and perspectives

In the previous section, we have discussed why and how
the LMs can empower intelligent QC. This section
attempts to discuss the challenges and prospects of these
models from a broader and more global perspective.

4.1 Challenges

Despite the promising potential of LMs in QC, several
critical challenges remain across multiple dimensions
(see Fig. 3).

4.1.1 Data-level

For training and fine-tuning LMs, access to abundant
high-quality data are a fundamental prerequisite. Beyond
general challenges such as missing data and high noise,
the data landscape in industrial QC has several distinctive
characteristics that make applying LMs fundamentally
different from other domains. First, modern manufacturing
systems typically operate at very high yield, and thus
most collected samples are defect-free, while real defective
parts are scarce and often highly heterogeneous. Industrial
anomaly detection studies consistently emphasize that
benchmark data sets are built under a “many normal, few
defective” regime, with unsupervised or one-class
settings precisely because labeled anomaly samples are
too rare and diverse for conventional supervised training.
This lack of diverse training examples hinders model
generalization, increasing the risk of overfitting and
reducing effectiveness on new products or conditions.
The scarcity of large-scale and high-quality data has

Model
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Model
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performance

r Data scarcity & imbalance
* Privacy & security

~ Reliability & transparency
— Static models brittle
— Scattered knowledge sources

become a recognized bottleneck, prompting efforts to
collect compliant and diverse data sets.

Second, QC data are tightly constrained by data security
and intellectual property considerations. Industrial data
typically involve proprietary manufacturing processes
and sensitive customer information, making companies
reluctant to share raw data due to intellectual property
and regulatory concerns. Review of federated learning in
smart manufacturing and product lifecycle management
highlight that operational data are distributed across
different plants and business units, and that privacy and
confidentiality concerns make centralized data pooling
infeasible (Leng et al., 2025). For LMs deployed in QC,
this implies that training and inference pipelines must
account for both industrial data governance and LLM-
specific leakage channels, which is much more restrictive
than typical public-data settings.

Third, industrial QC is intrinsically multimodal, and the
alignment of modalities is more complex than in standard
image—text tasks. Visual inspection images, 3D scans,
vibration and acoustic sensor signals, temperature and
pressure traces, and structured quality reports all monitor
different objects or subsystems in the production process.
Multimodal benchmark further demonstrate that defects
may only be visible in geometry or only in texture,
requiring models to reason about physical structure rather
than just semantic similarity (Bergmann et al., 2021). For
LM-based QC assistants, this means that multimodal
alignments must respect process physics and temporal
causality, e.g., how a small change in a process variable
manifests as a subtle surface defect, rather than the looser
alignments typical of regular image—caption pairs.

Data-level challenges fundamentally limit the training
and generalizability of LMs in industrial QC applications.
To overcome them, high-quality, standardized data sets
must be prioritized. This calls for closer collaboration
between industry and academia to co-develop benchmark
data sets that reflect real-world variability and task-
specific requirements.
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Fig. 3 Key challenges in leveraging large models for quality control.
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4.1.2 Model-level

On the model side, the probabilistic nature of LMs
conflicts with the strict reliability requirements of industrial
QC. Even the most advanced LLMs are known to generate
fluent but incorrect content, and recent surveys identify
hallucination as a key barrier to deploying foundation
models in safety-critical applications (Sahoo et al., 2024).
For the reason that QC decisions directly affect product
integrity and operational safety, LMs in QC must satisfy
much tighter bounds on acceptable hallucination rates
and must be coupled with strong grounding, verification,
or retrieval-augmented mechanisms than in generic
conversational applications. At the same time, inter-
pretability is essential for industrial acceptance: engineers
and supervisors must understand why a model flags
defects or suggests parameter changes. As Li et al.
(2024d) note, the integration of Al in manufacturing
depends on operators' ability to validate and trust model
predictions. Given the reliance on interpretable statistical
rules and expert judgment in traditional QC, resistance to
Al adoption is common. Looking ahead, as the demand
for intelligent systems increases, predictive maintenance
will become a key focus of QC. To meet this demand,
future Al models are supposed to not only provide accurate
predictions but also offer reliable and interpretable
results. Ensuring high reliability and transparency will be
essential for integrating Al into safety-critical and predic-
tive maintenance applications.

Furthermore, industrial QC scenarios are highly frag-
mented and customized across products, lines, and facto-
ries, which complicates the notion of a unified QC foun-
dation model. High-mix, low-volume production and
frequent product changeovers further exacerbate data
drift and distribution shifts between training and deploy-
ment environments, making static models brittle. In QC,
this fragmentation means that LMs must be designed for
efficient adaptation, e.g., through parameter-efficient fine-
tuning, modular plug-ins, or line-specific adapters, rather
than only relying on monolithic pre-training over a
unified, large-scale data set.

Third, domain-specific challenge is the integration of
rich engineering and process knowledge into LMs.
Recent work proposes LLM-enabled process knowledge
graphs and LLM-assisted fine-grained knowledge graph
construction for manufacturing, but also makes clear that
domain knowledge remains highly specialized, multi-
layered, and difficult to encode in generic pre-training
corpora (Xu et al., 2025). For QC specifically, relevant
knowledge includes defect taxonomies, control plans,
tolerances, and cause—effect chains in processes, informa-
tion that is scattered across internal standards, documents,
and operator experience. Bridging this gap requires
hybrid architectures in which LMs are tightly coupled
with manufacturing knowledge graphs, ontologies, and

rule-based systems, rather than relying solely on unstruc-
tured text pre-training.

Model-level challenges hinder the deployment of LMs
in industrial QC settings. To be viable on the factory
floor, models must be reliable, computationally
lightweight and optimized for low-latency performance.
Equally critical is the injection of domain knowledge to
enhance task relevance and user trust. Future LMs must
balance efficiency, interpretability and contextual align-
ment to enable scalable, real-time and reliable quality
assurance.

4.1.3 Evaluation-level

Evaluating and sustaining model performance in real-
world factory environments presents a persistent and
multifaceted challenge. Unlike many other Al applica-
tions, industrial QC operates in dynamic, high-stakes
settings where product mixes, process conditions and
inspection criteria change frequently, and where misclas-
sifications can translate directly into scrap, rework or
safety risk. Consequently, static benchmarks and periodic
offline evaluations are inadequate for capturing the
dynamic and heterogeneous nature of industrial opera-
tions. Instead, continuous monitoring frameworks are
essential for assessing model behavior under time-varying
conditions and for promptly detecting performance drift.
This necessitates the development of robust and fine-
grained evaluation metrics that can reflect long-term
operational diversity, task complexity and defect variabil-
ity.

As models are exposed to new data and shifting envi-
ronments, a critical requirement for long-term deployment
is enabling models to adapt to evolving operational
scenarios, such as changes in product types, workflows,
or inspection criteria, while preserving previously
acquired knowledge. Evaluation frameworks must there-
fore assess both the adaptability of models to new data
and their retention of prior competencies. This calls for
continual learning mechanisms that balance plasticity (to
incorporate new information) and stability (to prevent
forgetting), thereby supporting reliable generalization
across both familiar and novel contexts.

Furthermore, model evaluation should not function as
an isolated post hoc analysis but must be tightly integrated
into the broader QC and decision-making infrastructure.
In high-throughput industrial settings, real-time model
assessments should inform operational decisions, such as
initiating inspections, pausing production, or tuning
process parameters. This level of integration enables
automated feedback loops, enhances anomaly response
speed and reinforces traceability and accountability, ulti-
mately supporting closed-loop quality assurance.

To ensure long-term model reliability and adaptability,
evaluation must be positioned as a core, continuous
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component of the AI deployment pipeline. Regular
performance validation and adaptive recalibration are
essential to mitigate performance degradation over time.
However, the lack of standardized and domain-specific
benchmarks that reflect the dynamic and complex nature
of industrial data remains an open challenge. Addressing
this gap is vital for achieving sustained model excellence
in real-world manufacturing environments.

4.2 Perspectives

To fully realize the potential of LMs in industrial QC,
future research must address several strategic directions
aimed at enhancing data readiness, architectural design
and adaptability (Fig. 4).

4.2.1 Building high-quality large-scale datasets
Addressing data challenges is a top priority for deploying
foundation models in manufacturing. A primary focus
lies in the construction of high-quality and large-scale
industrial data sets. Unlike traditional public benchmarks,
industrial data sets should be developed to capture vari-
ability across industries, production lines and defect types
to support robust pretraining for generalizable model
performance. To address scalability, one promising
avenue is leveraging the generative and self-supervised
capabilities of LMs themselves. LMs can be employed to
automate data annotation, generate synthetic defect
samples, or simulate rare operational conditions, thus
enriching training corpora without relying solely on
manual labeling. Another promising direction is the
advancement of collaborative learning paradigms such as
federated or distributed learning. These approaches can
enable cross-organizational knowledge sharing while
preserving data privacy, allowing multiple manufacturers
to jointly contribute to robust and general-purpose QC
models. Such collaborations can facilitate broader repre-
sentation of failure modes and process diversity,
accelerating model robustness and cross-domain transfer-
ability. Progress in this space will benefit from interdisci-
plinary collaboration across Al algorithms, manufacturing
engineering and data governance. Future research may

Dataset construction
===
L
(o— )
==

@ Task integration

@ Continual adaptation

explore new standards for industrial data interoperability,
improved simulation-to-reality transfer and privacy-
preserving learning protocols tailored for industrial appli-
cations.

4.2.2 Integrating downstream tasks

To fully harness the transformative potential of LMs in
manufacturing, future research should focus on their
seamless integration into real-world production work-
flows. A promising direction lies in the development of
modular architectures, where the LM serves as a versatile
backbone, complemented by lightweight and task-
specific adapters for downstream applications. This
decoupled structure enhances adaptability, reduces
computational overhead and facilitates rapid deployment
across varied use cases. Also, enabling cross-task knowl-
edge sharing is essential for amplifying the generalization
capabilities of LMs. Insights gained from one domain can
be transferred to and reinforce performance in others.
This shared representational space fosters a unified intel-
ligence layer that dynamically improves with cumulative
experience.

As intelligent QC systems evolve, they must progress
from simple process monitoring and fault diagnosis to
more sophisticated functions like quality predicting and
predictive maintenance which aims to reduce downtime
and operational costs. To facilitate this transition, LMs
must be enhanced to not only provide real-time diagnostic
insights but also deliver reliable predictions of potential
failures and quality deviations. Integrating Bayesian
statistical methods and statistical modeling approaches
into LMs can significantly improve the accuracy and
interpretability of these predictions. By incorporating
uncertainty quantification, these models can offer proba-
bilistic forecasts, helping operators better understand the
risk of failures and the likelihood of quality issues before
they occur. This predictive capability is essential for
adopting a proactive approach to QC.

In parallel, workflow integration remains a critical
frontier. LMs must be embedded into the broader digital
manufacturing ecosystem in a way that aligns with
human decision-making processes, automation cycles and

¢ High-quality, large-scale industrial datasets
¢ Synthetic data & automated labeling
¢ Federated & privacy-preserving data collaboration

¢ Modular foundation model architecture
¢ Uncertainty quantification
* Workflow integration

¢ Lifelong learning for evolving processes
¢ Dynamic recalibration for distribution shifts
¢ Uncertainty awareness

Fig. 4 Prospective research opportunities for large models in quality control.
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Fig. 5 Architecture of a continually adaptive industrial quality Al agent.

system-level feedback loops. The integration of LMs
with DTs, for instance, can provide a dynamic representa-
tion of physical systems, improving both predictive main-
tenance and quality forecasting. This workflow integration
requires robust human-Al interfaces, real-time model
orchestration, and context-aware interpretability mecha-
nisms to ensure that the insights provided by the models
are not only accurate but also actionable.

By combining these elements, manufacturing systems
can achieve a closed-loop lifecycle QC, where data flows
seamlessly from production to prediction, supporting
continuous improvement and ensuring the long-term reli-
ability of manufacturing operations.

4.2.3 Continual learning and dynamic adaptation

An important direction for future research is endowing
LMs with continual learning and dynamic adaptation
capabilities, enabling them to evolve with the manufac-
turing processes. To remain effective over time, LMs
must move beyond the conventional train-once-deploy-
forever paradigm and adopt a lifelong learning framework
that supports incremental knowledge acquisition without
forgetting previously learned patterns. Future models
should incorporate adaptive mechanisms that can
autonomously detect distribution shifts and initiate recali-
bration when necessary. This will ensure sustained
performance in the face of operational variability and
gradual system changes. Collectively, these capabilities
will drive the development of resilient and self-improving
Al systems that are capable of continuous alignment with
real-world manufacturing processes, paving the way for
more intelligent, autonomous and trustworthy industrial
operations.

As illustrated in Fig. 5, an effective path forward lies in
developing a continually evolving industrial Al agent

fueled by secure, scalable data collaboration, capable of
adapting across diverse downstream tasks and sustained
by lifelong learning. This integrated framework offers a
foundation for building resilient, generalizable and self-
improving Al systems aligned with the dynamic nature of
industrial environments.

5 Conclusions

LMs offer transformative potential for the QC domain,
empowering manufacturing systems to become more
intelligent and autonomous. Their strengths in multimodal
perception, structured reasoning and human-Al collabo-
ration can substantially elevate quality-centric processes.
Moreover, real-world challenges in the manufacturing
domain offer LMs concrete and application-oriented
problem scenarios that both challenge and enrich their
development. Fully realizing the potential demands
progress across model design, deployment and lifecycle
management, with future research focusing on trans-
parency, adaptability and seamless industrial integration
to ensure sustained impact.
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