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ABSTRACT: Large language models (LLMs) and related foundation-model workflows are emerging as promising
tools for advancing foundry intelligence across the casting value chain. This review examines their applications in
material design and property prediction, process parameter optimization and intelligent control, and defect detection
and quality tracing in casting environments. The surveyed studies indicate that LLM-enabled systems can help
integrate unstructured technical knowledge with multimodal industrial data. This integration supports composition
design, simulation-assisted process optimization, diagnostic reasoning, and knowledge-grounded decision support.
However, current evidence shows that the transition from pilot demonstrations to robust industrial deployment remains
constrained by several practical barriers, including heterogeneous data integration, insufficient traceability across
process stages, reliability under physical and safety constraints, and the latency and resource limitations of shop-floor
environments. We further highlight key research directions for real-world foundry applications, including multimodal
cognitive systems, lightweight domain-adapted models, trustworthy retrieval-augmented and physics-aware reasoning,
and human-in-the-loop validation frameworks. Overall, the review suggests that the future of foundry intelligence will
depend not only on model capability, but also on data governance, deployable system design, and reliable integration
with metallurgical knowledge and industrial workflows.

KEYWORDS: Large scale language models; foundry industry; material design; process optimization; defect detection;
multimodal data fusion

1 Introduction

The integration of artificial intelligence (AI) and machine learning (ML) has transformed research and
industrial practice across many domains [1,2], including materials science and advanced manufacturing
[3-5]. In materials engineering, data-driven methods have shown strong potential for revealing correlations
among composition, processing, microstructural evolution, and macroscopic performance, thereby acceler-
ating the design-build-test cycle [6-9]. Together with intelligent computational frameworks and automated
experimentation [10-12], these approaches are increasingly regarded as key enablers for next-generation
materials development and process optimization [13].

Casting is one of the most widely used manufacturing routes for metal components, but it remains
among the most difficult to control. A typical casting workflow comprises tightly coupled stages, including
melting and alloying, inoculation or modification, pouring and filling, solidification, heat treatment, and
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subsequent machining. Deviations introduced at any stage can propagate and amplify downstream. Process
outcomes are governed by a large set of interacting variables, including composition fluctuation, melt
superheat, pouring temperature and velocity, mold temperature, feeding and rising conditions, cooling rate,
and heat-treatment schedules. This high-dimensional coupling renders casting sensitive to disturbances and
frequently reliant on tacit expertise developed through long-term shop-floor practice.

Modern foundries generate heterogeneous information streams at multiple scales, including operational
records, sensor time-series, inspection images, and simulation outputs. In real production environments,
these data are often noisy, incomplete, and inconsistent across sources. Misalignment in time and identity
is common, particularly when linking heats, pours, molds, and downstream inspection results. Distribution
shifts are also pervasive, driven by equipment aging, operator variability, raw-material fluctuations, and
environmental changes. Consequently, purely data-driven models may generalize poorly across products
and plants and may provide limited interpretability for high-stakes process decisions [14].

Recent progress in foundation models, particularly large language models (LLMs), provides an oppor-
tunity to bridge engineering knowledge and industrial data in casting-oriented decision-making. This trend
supports the emergence of foundry intelligence, which should be distinguished from the broader paradigm
of smart manufacturing. While smart manufacturing refers to the general digitization, automation, and
data-driven optimization of production systems across industries, foundry intelligence is its domain-specific
realization focused on the casting process chain [15]. It emphasizes the cognitive automation of core foundry
tasks—such as alloy design, gating system optimization, and defect diagnosis—through the integration of
foundry-specific constraints, including multi-physics phenomena in solidification, complex defect formation
mechanisms, cross-process traceability [16], and the codification of tacit shop-floor expertise. Ultimately,
foundry intelligence aims to evolve from generic automation toward self-optimizing systems grounded in
metallurgical and process-engineering principles.

LLMs can process unstructured technical text, support retrieval-augmented reasoning over historical
cases and engineering documents, and serve as interfaces that connect process rules, sensor streams,
and enterprise databases into unified workflows. When combined with multimodal perception and
process-aware constraints, these systems may support defect diagnosis, root-cause analysis, parameter
recommendation, and knowledge management, enabling more systematic optimization than trial-and-error
adjustments. Practical deployment nevertheless remains challenging, with critical issues including data
standardization, hallucination risk and reliability, enforcement of physical and engineering constraints, and
on-site latency requirements.

Although a growing body of work has explored Al applications in casting, many existing reviews remain
focused on isolated scenarios and provide limited discussion of how LLM-enabled methods can be integrated
into end-to-end casting workflows. In addition, the transition from promising pilot studies to robust
industrial deployment remains insufficiently synthesized across the literature. To address this gap, this paper
presents a structured review of large language models (LLMs), domain-adapted foundation models, and
closely related enabling workflows for foundry intelligence in the casting industry. It synthesizes both direct
casting evidence and manufacturing-transferable evidence, and organizes representative studies across three
major application domains: materials design and performance prediction, process parameter optimization
and intelligent control, and defect detection and quality tracing. In particular, this review treats LLMs
not only as potential task-solving models, but also as orchestration, reasoning, and knowledge-integration
layers that connect simulation tools, multimodal sensing, engineering documents, and decision-support
workflows. On this basis, the review further identifies key technical bottlenecks and outlines future research
directions for building reliable, deployable, and scalable foundry intelligence systems.
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2 Methodological Foundations and Enabling Workflows

The purpose of this section is to organize the methodological foundations, model categories, and
enabling workflows that underpin LLM-enabled foundry intelligence. Rather than focusing on full industrial
case studies, this section emphasizes the technical paradigms through which language models, domain-
adapted foundation models, and related complementary workflows contribute to materials design, process
optimization, and defect-related decision support.

2.1 Review Methodology

To provide a structured, transparent, and application-oriented overview of the relevant literature, this
article was designed as a structured narrative review informed by PRISMA 2020 reporting principles [17],
rather than as a fully systematic review. This approach was adopted to identify, organize, and critically
synthesize representative studies on large language models (LLMs), domain-adapted foundation models,
and closely related enabling workflows relevant to foundry intelligence and casting-oriented manufacturing
applications. The review process comprised three main steps.

1. Literature search (search execution and query design): A structured literature search was primarily
conducted in Google Scholar, with the final main search completed on 15 December 2025. The
primary publication window was restricted to 2018-2025 in order to capture recent developments in
transformer-based language models, foundation-model workflows, and their industrial applications. We
primarily considered English-language records, with the review focusing mainly on journal articles and
peer-reviewed conference papers. In addition, a limited number of highly relevant recent preprints from
recognized repositories (e.g., arXiv) were considered only when they provided sufficient methodological
detail and clear relevance to the scope of this review.

The search strategy combined two groups of terms: (i) LLM-related terms, including “LLM”, “GPT”,
“BERT?”, “transformer”, and “large language model”; and (ii) casting- and foundry-related terms, including
“casting’, “foundry”, “material design’, “defect detection’, “quality inspection”, “process monitoring”, and
“solidification” A combined query string was constructed by integrating these two term groups in order to
retrieve studies positioned at the intersection of advanced language-model capabilities and foundry-relevant

industrial tasks.

After completion of the primary screening and during subsequent manuscript revision, a small number
of highly relevant additional references were manually added to reflect rapidly emerging developments
that became available after the main search window or were identified during editorial revision. These
supplementary references were used primarily to update the discussion and outlook sections, and were not
used to redefine the primary screened evidence base.

2. Screening and selection (PRISMA-style flow and eligibility): The search returned a large number of
potentially relevant records. To maintain a manageable and transparent screening scope, we retrieved
and screened the top 200 results ranked by relevance from the combined query. All retrieved records
were consolidated in a reference management spreadsheet. Duplicate checking was conducted manually
based on titles and DOIs, and no duplicate records were identified among the 200 retrieved items.
Screening was then performed in two stages: (1) title and abstract screening to remove clearly irrelevant
studies, and (2) full-text eligibility assessment.

The selection process can be summarized as follows: 200 records were identified; after deduplication
(0 records removed), 200 unique records were screened by title and abstract; 120 full-text articles were
assessed for eligibility; and 60 studies met the inclusion criteria for the primary evidence base.
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Studies were included if they satisfied at least one of the following criteria: (a) they explicitly investigated
LLMs, transformer-based language models, or domain-adapted foundation models; (b) they addressed
foundry-relevant or casting-related tasks, including materials/property knowledge extraction, process mon-
itoring and control, quality inspection, defect diagnosis, or engineering knowledge management; or (c) they
described complementary workflows that, although not LLMs in a narrow sense, could be meaningfully inte-
grated into LLM-enabled foundry intelligence pipelines, such as retrieval-augmented systems, multimodal
diagnosis frameworks, active learning, or generative design workflows. Studies were excluded if they were (a)
unrelated to casting, foundry intelligence, or closely relevant manufacturing scenarios; (b) purely conceptual
discussions without analyzable methods or evaluable results; or (c) inaccessible in full text.

3. Thematic synthesis (data extraction and synthesis): For each included study in the primary evidence
base, we extracted the application domain, model type (general-purpose vs. domain-adapted), data
modality, task definition, evaluation metrics, reported performance, and deployment constraints. The
selected literature was then organized into three primary application domains that form the core
structure of this review: (a) Material Design and Performance Prediction, (b) Process Parameter Opti-
mization and Intelligent Control, and (c) Defect Detection and Quality Tracing. Within each domain, we
summarize representative methods and findings while also discussing practical limitations, implemen-
tation constraints, and deployment-related challenges relevant to real foundry environments. Where
appropriate, the discussion further distinguishes between direct casting evidence and manufacturing-
transferable evidence in order to avoid overstating the current maturity of industrial adoption.

Overall, this methodology was intended to provide a structured, critical, and application-oriented
review of LLM-enabled and foundation-model-related developments relevant to foundry intelligence, while
acknowledging the heterogeneity and emerging nature of the current evidence base.

2.2 Terminology and Scope of LLM Architectures

Prior to delving into specific applications, it is essential to define the scope of “large language models”
and related concepts as used in this review. The suite of LLM-enabled technologies discussed herein encom-
passes several architectural paradigms, each serving distinct roles within foundry intelligence. Encoder-only
architectures, such as BERT and scientific or domain-adapted variants including SciBERT, SteelBERT,
MatBERT, and MatSciBERT, leverage bidirectional attention for deep contextual understanding and are
primarily employed for structured information extraction, material property prediction, and knowledge
encoding from textual sources [18-21]. In contrast, decoder-only or encoder-decoder architectures (e.g.,
GPT series and LLaMA) excel at autoregressive generation and are more suitable for complex reasoning,
planning, code generation, and open-ended dialogue. Furthermore, multimodal large models integrate and
reason across text, images, and sensor time-series, enabling visual defect inspection, multi-source data
fusion, and cross-modal retrieval-augmented diagnosis. The following sections detail how these model
categories are applied and combined to address specific challenges in casting [22]. For this reason, the
relevance of LLM architectures in this review is evaluated not only by general manufacturing capability, but
by their potential to address casting-specific challenges such as defect causality, solidification-related decision
making, process-chain traceability, and the codification of tacit foundry knowledge.

2.3 Material Design and Performance Prediction

By integrating multi-dimensional data resources, including academic literature, experimental data,
and simulation results, LLM-enabled methods and related foundation-model workflows are beginning to
support more data- and knowledge-driven approaches to casting material composition optimization and
performance prediction [23].



Comput Mater Contin. 2026;88(1):6 5

2.3.1 Automatic Extraction of Scientific Literature and Knowledge Modeling

Domain-specific foundation models have become an important entry point for applying LLM-enabled
methods to materials and foundry intelligence. In contrast to general-purpose language models, these models
are pre-trained or adapted on technical corpora from metallurgy, materials science, and manufacturing,
allowing them to better capture specialized terminology, composition-processing-property relations, and
implicit scientific knowledge embedded in the literature. Within the current materials domain, representative
examples include task-oriented BERT variants such as Steel BERT and MatBERT, which have been used for
structured information extraction, property prediction, and domain knowledge encoding from scientific
texts. In addition to SteelBERT and MatBERT, MatSciBERT further demonstrates the value of materials-
specific pre-training, while SciBERT provides a strong scientific-text baseline for assessing the incremental
benefit of domain adaptation in downstream materials NLP tasks [18,21].

SteelBERT illustrates the value of domain-specific pre-training in ferrous-alloy applications. By lever-
aging a curated corpus aligned with steel-related terminology and experimental records, it improves the
prediction of mechanical properties compared with a general-purpose BERT baseline. For example, on a15Cr
austenitic stainless steel dataset, SteelBERT improved the R* of yield strength prediction from 62.65% for a
general BERT baseline to 89.85% [19]. MatBERT further reflects the broader trend toward tighter coupling
between language modeling and scientific knowledge. As reviewed by Jiang et al., materials-domain NLP
and LLM workflows increasingly seek to incorporate crystallographic, compositional, and physicochemical
information, thereby improving the physical plausibility and practical relevance of model outputs [20].

More broadly, the significance of such models extends beyond these two examples. Prior studies have
shown that domain-specific pre-training provides measurable advantages over general-purpose models in
materials-science language tasks, particularly for extracting entities and relations from technical litera-
ture [24]. This suggests that the benefit of specialized foundation models is not limited to a single benchmark,
but represents a more general pattern in materials informatics. Recent reviews have also highlighted a
wider transition in materials science from narrow task-specific NLP pipelines toward broader LLM and
foundation-model ecosystems that support literature mining, scientific reasoning, workflow assistance, and
knowledge-grounded decision support [20].

From the perspective of foundry intelligence, these developments are especially relevant because casting
engineering depends heavily on fragmented knowledge distributed across handbooks, research articles,
process reports, and plant records. Therefore, the most valuable direction is not merely the use of isolated
domain BERT models, but the evolution toward knowledge-guided and domain-adapted foundation models
that can integrate textual evidence with metallurgical rules, process constraints, and engineering context.
Such models may serve as the semantic backbone for downstream foundry applications, including alloy
design support, process-window recommendation, and defect-related knowledge retrieval.

Nevertheless, the current evidence base remains heterogeneous. Reported results across SteelBERT,
MatBERT, and related materials-domain models are often derived from different corpora, task definitions,
and evaluation protocols, making direct quantitative comparison difficult [19,20,24]. Accordingly, Table 1
should be interpreted as a task-specific illustration rather than a universal ranking of domain-specific models.

For completeness, MatBERT-related results discussed in the materials-domain literature were obtained
under different datasets, targets, and evaluation protocols; therefore, they are not included in Table 1 to avoid
misleading direct comparisons.

The typical architecture of BERT-based models for material informatics is illustrated in Fig. 1.
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Table 1: Performance comparison of Stee]BERT and traditional baselines on material property prediction tasks. All
results are taken from Tian et al. [19] (15Cr austenitic stainless steel dataset; evaluated by R?), and are directly
comparable.

Model YS R? UTS R? EL R?
Traditional baselines (from [19])

General BERT 62.65% 85.97% 76.59%

Random Forest (RF) 78.21% 83.45% 80.12%

Gradient Boosting (GBR) 81.50% 85.10% 82.67%

Steel BERT (fine-tuned) [19] 89.85% 88.34% 87.24%
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Figure 1: BERT models for materials and the applications in materials design. Reprinted/adapted with permission from
Reference [20]. Copyright 2025, The Author(s).

While Table 1 demonstrates the superior performance of SteelBERT over traditional baselines and a
general-purpose BERT under one directly comparable setting, it should not be interpreted as a universal
ranking of domain-specific models. Their efficacy is contingent upon several stringent prerequisites. First,
the requirement for high-fidelity, structured domain corpora is critical. Steel BERT’s pre-training depends on
a curated, ontology-aligned corpus of ferrous-alloy literature, a resource that may not exist for emerging or
non-ferrous alloy systems.

Second, these models embed strong domain-specific priors and scientific constraints. Materials-domain
models that incorporate crystallographic, compositional, or physicochemical information can improve
extrapolation consistency and physical plausibility, but may also narrow the exploration space and bias
model preferences toward established structure-property patterns [20]. Third, the issue of static knowledge
representation persists. Domain-specific LLMs are fundamentally limited by the temporal scope of their
training data, rendering them unable to autonomously reason about post-training research breakthroughs
without explicit retrieval augmentation or continuous fine-tuning protocols.
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Consequently, the selection between a general-purpose LLM (greater flexibility, broader but shallower
knowledge) and a domain-specific LLM (higher accuracy, stronger domain alignment, and enhanced
physical plausibility) involves a fundamental trade-off that must be evaluated against specific application
objectives, data availability, and the desired balance between exploratory innovation and iterative optimiza-
tion [24]. Furthermore, a comprehensive evaluation should extend beyond point estimates like RMSE to
include calibrated uncertainty quantification and task-appropriate metrics. In addition, perplexity remains
a fundamental metric for evaluating language-model fit on domain-specific corpora. It is important to
note that for the concrete industrial applications discussed in this review, task-specific metrics are often
more critical for performance assessment, including Precision, Recall, and Fl-score for defect classification
tasks. For Retrieval-Augmented Generation (RAG) systems, groundedness and faithfulness are key for
assessing factual consistency with retrieved evidence. Benchmarking against traditional machine learning
baselines (e.g., Random Forests, Gradient Boosting) is also critical. Future progress would benefit from
standardized benchmarks spanning materials extraction, property prediction, scientific reasoning, and
deployment-oriented evaluation in manufacturing settings.

2.3.2 Complementary Data-Efficient and Generative Workflows

Although active learning, data augmentation, and GAN-based generative design are not themselves
large language models, they are discussed here as complementary workflows that may support broader LLM-
enabled foundry intelligence systems. In data-scarce alloy design and defect-analysis settings, such methods
may improve data availability, mitigate sampling bias, and support the robustness of downstream decision-
support pipelines.

Data-driven modeling methods, particularly machine learning (ML), have shown substantial potential
for accelerating alloy development. However, their predictive performance is often constrained by limited
high-quality datasets and dataset bias, especially under out-of-distribution (OOD) conditions. In this
context, active learning provides a practical strategy for small-sample casting-alloy research by iteratively
selecting the most informative samples for experimental validation, often in combination with simple
augmentation techniques such as noise injection or parameter perturbation [25]. Such workflows are
particularly relevant where expensive experiments and sparse labels limit direct model generalization.

Generative methods further extend this data-efficient paradigm. In non-destructive testing (NDT),
GAN-based approaches can synthesize industrial X-ray images with controllable defect patterns and paired
annotations, thereby alleviating the scarcity of rare defect samples for training inspection models [26].
Related small-sample defect synthesis frameworks, such as DefectGAN and Defect Transfer GAN, have
also been reported to improve the generalization of downstream classifiers and may offer potential trans-
ferability to casting inspection scenarios with limited defect labels [27]. Similarly, GAN-based synthetic
defect injection has been shown to improve automatic defect recognition on public casting radiograph
benchmarks [28]. Beyond radiography, conditional GANs have been used to generate microstructure images
of castable aluminum alloys conditioned on composition and cooling conditions, supporting data expansion
for microstructure—property learning under limited experimental observations [29]. Taken together, these
studies illustrate how generative augmentation can strengthen multimodal foundry intelligence in small-
sample regimes.

Complementary generative workflows have also been explored for alloy design. Rao et al. combined
a multi-objective genetic algorithm (MOGA) with active learning for aluminum alloy design and reported
improvements in strength-related properties relative to conventional design strategies [30,31]. More broadly,
such frameworks are better understood as enabling workflows rather than direct LLM applications. Their
relevance to this review lies in the role that LLM-enabled systems may play as orchestration, specification,
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and interpretation layers around generative models, for example by translating natural-language design
requirements into formal constraints, documenting search processes, and linking generated candidates to
domain knowledge and engineering evidence.

A representative adjacent example is the cardiGAN model, which learns a mapping between com-
position and properties in high-entropy alloys and supports inverse design [32]. Although this case was
demonstrated on high-entropy alloys rather than mainstream casting alloys, it illustrates a broader transition
in materials design from empirical trial-and-error toward data-driven, goal-oriented generative search. In
the foundry context, similar workflows could in principle be extended to cast irons and Al-Si alloy systems,
where future domain-specific generative models trained on curated foundry databases may support inverse
design for casting-relevant objectives such as castability, defect susceptibility, mechanical performance, and
cost. The architecture of a representative generative model employed for such tasks is shown in Fig. 2.
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Figure 2: Configuration of the cardiGAN model employed herein. Reprinted/adapted with permission from
Reference [32]. Copyright 2022, Elsevier Ltd.

2.4 Process Parameter Optimization and Intelligent Control

To realize the designed materials, optimal and stable casting processes are essential. Large language
models (LLMs) enable the dynamic modeling and optimization of casting processes by deeply integrating
multi-physical field simulation data with real-time sensor signals, thereby facilitating a shift from experience-
driven to data-driven production [33].

2.4.1 Simulation Code Generation and Automatic Modeling

LLM-based agents (e.g., for molecular dynamics) can automatically generate input scripts for simulation
software like LAMMPS based on high-level process specifications. This capability allows for the accurate
simulation of critical solidification phenomena, including temperature gradients, stress distributions, and
grain growth dynamics, thereby aiding in the optimization of gating system designs. Shi et al. demonstrated
that this approach can reduce simulation setup time by 40%, significantly accelerating the iteration cycle for
process design [34]. The architecture of such an LLM-based agent (MDAgent) is illustrated in Fig. 3.



Comput Mater Contin. 2026;88(1):6 9

User
code executor I Planner
i CodeWriter CodeExcuter:
: Manager
: Ul
Plan With SubTask Memory
i I
...... Evaluator
EvaluatorLLM

. . : ool
reflection (Repeat N times) :

- i  Judge Score

(@
Simulation Task Output ' Modeling Task Output
—\
N —————— 1\, ——————
Simulate the Cu/ ©oo ' ita 000
i
F- Al welding **lammps 1| nanotube model **lammps
process using units metal # Use metal units || with LAMMPS. units metal # Metal unit
Dat LAMMPS. system ! model
aset dimension 3 # 3D simulation |: boundary p p p # Periodic
atom_style atomic  # Atomic || boundary conditions
style ]
S N )
J
~
Task Output Expert Score Score Justification
o c——— ——— )
LES Calculating the 0090 :
Q- | | thermal expansion " lammps e >8> ---- ) dRaraa e
ici i - units metal # Metal units H y
Dat coefficient of smg_le botnd # Periodic [ i | 1.Boundary conditions |
crystal copper using oundary xy eriodic in ! aré inot: exactly set '
aset | || avmp x, y; non-periodic in z ! . Y i
| appropriately. !
I
........................
(eussnsssansns sosmusssnsssss ) Lo ) '
.

(b)

Figure 3: (a) Architecture diagram: MDAgent with Manager, Worker, and evaluator powered by large language models
(LLMs), interacting through a user interface. (b) Example of the dataset used. Reprinted/adapted with permission from
Reference [34]. Copyright 2025, The Author(s).

2.4.2 Electronic Laboratory Notebook and Real-Time Monitoring

The Electronic Laboratory Notebook (ELN) framework, powered by LLMs, enables real-time parsing
of unstructured data from casting logs, such as operator notes and equipment status updates. By integrating
with reinforcement learning (RL) algorithms, the system can dynamically identify process anomalies—
including deviations in cooling rate or temperature fluctuations—and autonomously generate corrective
adjustment strategies. Jalali et al. reported that such an integrated system can reduce the response time to
process deviations to mere seconds, thereby mitigating quality risks associated with parameter drift [35]. An
overview of the LLM ecosystem within an ELN platform (eLabFTW) is provided in Fig. 4.



10 Comput Mater Contin. 2026;88(1):6

CO adsorption on HKUST-1 at RT in
drifts-28.07.2023
! oate: 20230728

R,

'
'
'
'

eLabFTW |

| bme: 207203
I Samplei_HIUST- (sample N: 22 the Daabsce)
|

ELN con'ent | General description of the experiment:

i
| Detailed procedure;
i

1 Praparation: Put the p and g Foven (425 ‘Qpremisht to
| remove o8 water and carbonyis. SRS

Ker powdars,

&=
= —

Large Language Model (LLM)

| un s backoround In 3 (1 3t 50 mime) stmospbere

LLM-ELN

Text Analysis

s
Query */ @\ H
\ The HKUST-1 should be leftin the oven ovemight ata 4 — m—
425°C

/

/

Response and
carbonyls. This high temperature is necessary to
effectively

How long should the HKUST-1 be species. Water i ds ke cartx
left in the oven to remove all water HKUST-1, which caninterfere with subsequent
and carbonyls, and why at 425 °C? uchas C i

By heating t overnight at425°C

User Prompt Response

Figure 4: Illustration of Large Language Model Ecosystem in eLabFTW. Reprinted/adapted with permission from
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2.4.3 Automation and Standardization of Experimental Process

Inspired by architectures like Coscientist, LLMs can be employed to autonomously plan casting
experiments—for instance, tests for melting temperature gradients or composition verification—based
on high-level objectives. These models can generate standardized, hardware-agnostic experimental code,
enabling full automation from experimental design to execution [36]. This approach not only enhances
experimental throughput but also addresses the critical issue of inconsistent data annotation inherent in
manual workflows by enforcing a unified data format [37]. The general architecture of such an automated
experimental system is depicted in Fig. 5. Nevertheless, process optimization must be complemented by
defect detection and tracing to close the quality assurance loop.
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2.5 Defect Detection and Quality Tracing

Casting defects such as shrinkage porosity, gas porosity, inclusions, and hot tearing are major contribu-
tors to scrap, rework, and delivery risk. Defect formation is inherently multi-causal and spans multiple stages
of the process chain, which makes diagnosis difficult when relying on a single data modality or isolated mea-
surements. Recent studies therefore move toward multimodal learning and knowledge-grounded reasoning
frameworks that integrate inspection signals with process histories and domain knowledge to support defect
identification, root-cause analysis, and corrective actions.

2.5.1 Multimodal Retrieval-Augmented Diagnosis for Defect Analysis

A central challenge in industrial defect diagnosis lies in aligning heterogeneous data streams captured
at varying temporal frequencies and indexed with disparate identifiers. For instance, inspection images are
typically tagged by part or batch ID, sensor time-series by equipment and timestamp, and production records
by heat, pour, or mold number. Establishing reliable cross-modal traceability thus necessitates an explicit
data alignment layer. Common strategies involve: creating a unified traceability key across the production
chain; synchronizing timestamps via salient process event markers; and resolving ambiguous links through
rule-based or probabilistic matching of production metadata.

Retrieval-Augmented Generation (RAG) offers a robust framework for knowledge-intensive tasks by
grounding generation in retrieved evidence. In a typical RAG pipeline, the system first extracts and structures
features from each data modality. It then queries a curated knowledge base—containing historical defect
cases, engineering manuals, and process guidelines—to retrieve the most relevant precedents. Finally, it
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synthesizes a diagnostic report and intervention recommendations that are explicitly grounded in the
retrieved evidence, enhancing both accuracy and credibility [39].

For industrial deployment, model evaluation must extend beyond pure prediction accuracy to encom-
pass operational cost-benefit trade-offs. Metrics such as recall and precision are critical, as the cost of a
false negative (missed defect) often far exceeds that of a false positive (false alarm). Furthermore, research
indicates that classifiers leveraging a compact set of highly discriminative, cross-modal features can achieve
competitive performance with high efficiency, frequently surpassing single-modality baselines in real-world
defect classification [40]. Model robustness to distributional shift is another paramount consideration. In
foundry environments, covariate shift is ubiquitous—driven by changes in alloy grades, equipment wear,
operator practices, and raw material properties—and can severely degrade the performance of models
calibrated on historical data.

Ensuring Reliability in RAG Systems for Foundry Diagnosis: The practical deployment of RAG for
defect diagnosis hinges on its reliability—a paramount concern given the low error tolerance in industrial
settings. The correctness of its outputs is not automatic but must be engineered through a multi-layered
approach: (1) Source Quality Control: The knowledge base must be curated from trusted sources such as
historical validated cases, standard operating procedures, and engineering manuals. (2) Retrieval Confidence
Scoring: Retrieved evidence should be ranked by relevance and assigned confidence scores, allowing
engineers to assess provenance and uncertainty. (3) Constraint Checking: Generated recommendations must
be cross-checked against hard physical and process constraints (e.g., allowable temperature ranges, material
safety data sheets) to filter out thermodynamically implausible or unsafe suggestions. (4) Human-in-the-
Loop Verification: For high-impact decisions, the system should present its reasoning chain and supporting
evidence, requiring human confirmation to form a closed-loop verification. Together, these layers mitigate
hallucination risks and build the operational trust necessary for shop-floor adoption.

Evaluating RAG Systems: To systematically validate the effectiveness of these reliability mechanisms
and the overall system, evaluation must extend beyond traditional metrics such as Precision and Recall. A
rigorous assessment requires metrics that characterize both the retrieval and generation components, as well
as their end-to-end interaction:

o  Retrieval: Ranking-aware measures such as Mean Reciprocal Rank (MRR@k) and Normalized Dis-
counted Cumulative Gain (nDCG@k) complement Recall@k by reflecting whether critical evidence is
placed early in the retrieved list.

«  Evidence (context): Context Relevance and Context Precision/Recall quantify how much of the retrieved
context is useful and whether key supporting snippets are missing.

«  Generation: Answer Groundedness/Faithfulness evaluates whether claims are supported by the retrieved
context (mitigating hallucinations), while Answer Relevance measures whether the response addresses
the query. When verified reference diagnoses are available, Answer Correctness can be addition-
ally assessed.

o  Attribution and deployment: Citation Precision/Recall provides a practical proxy for source attribution
quality. Deployment-oriented metrics (e.g., latency, token/compute cost, and performance degradation
under distributional shift) are essential for benchmarking industrial readiness.

Such multi-dimensional evaluation has been operationalized in recent RAG evaluation frameworks
(e.g., RAGAS) for automated benchmarking of retrieval-grounded generation.

In the specific context of foundry defect diagnosis, the imperative for trustworthy, safety-sensitive
recommendations makes Answer Groundedness and Citation Precision particularly critical. High Recall@k
is also needed to surface rare defect patterns and long-tail failure modes from historical case bases, while
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tight shop-floor latency budgets often constrain the feasible complexity of retrieval and generation modules.
Ultimately, comprehensive offline test sets composed of historical defect cases with verified diagnoses remain
an indispensable engineering practice for iterative model improvement, standardized comparison, and
building operational trust for deployment.

2.5.2 Explainable and Actionable Defect Tracing with Process-Aware Reasoning

Interpretability and actionability are paramount for defect diagnosis systems, as corrective actions—
such as adjusting process parameters, redesigning gating and risering, or modifying heat treatment
cycles—carry significant cost and safety implications. Consequently, recent research focuses on integrating
inherently interpretable model components or post-hoc explanation techniques to filter out irrelevant
features and bolster the reliability of process-level reasoning.

Beyond merely flagging a defect, an effective system must attribute the root cause to key process variables
and prioritize actionable corrective measures, guiding engineers towards efficient troubleshooting [41].

Visual interpretation frameworks and attribution methods can provide practical support for this goal.
By analyzing feature importance and attention patterns, these approaches can localize key process parameters
associated with defect formation and offer evidence that engineers can validate against process knowl-
edge [42,43]. To reduce hallucination risk and improve deployment reliability, recommendations should be
grounded in verifiable evidence retrieved from validated cases and constrained by process specifications
and physical principles. Suggestions outside allowable parameter ranges, or incompatible with the process
sequence, should be filtered or down-ranked, and high-impact recommendations can be further checked
using lightweight simulation or fast surrogate models when feasible.

Overall, multimodal retrieval-augmented systems represent a promising direction for defect diagnosis
and quality tracing in casting. Their practical value depends not only on predictive performance, but also on
robust traceability, cost-aware evaluation, and the ability to deliver explanations and recommendations that
align with process knowledge and on-site constraints.

3 Current Status and Applications
3.1 Typical Application Cases
3.1.1 Efficient Design of High Strength Casting Alloy

Evidence type: materials/manufacturing transferable evidence.

As a transferable example from data-driven alloy design, prior studies have reported that transfer
learning combined with genetic algorithms can support inverse design optimization for high-performance
alloys [44]. In one representative study, a response-surface model linking creep life with composition and
process parameters was used to identify three promising compositional variants, and the best-performing
candidate was reported to achieve a 22% increase in stress-rupture strength relative to the baseline alloy
under the specific experimental setting of that study. The overall workflow for creep-life prediction and alloy
design is illustrated in Fig. 6.
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Figure 6: The basic workflow of creep life prediction and alloy design. Reprinted/adapted with permission from
Reference [45]. Copyright 2025, Elsevier.

This methodology is consistent with the broader trend toward intelligent materials design. In a
complementary study, Wei et al. employed transfer learning from a low-entropy alloy model coupled with
active learning to identify key variables in a Cr-Mo-V alloy system, and reported a 30% improvement in
fatigue life for the newly designed alloy under their pilot setting [46]. Taken together, these studies suggest
that physics-informed and data-driven methodologies can improve the efficiency of alloy design relative to
purely empirical trial-and-error workflows, although the reported gains are task-specific and not directly
comparable across studies [45].

Critical Notes and Limitations.

The inverse-design methodology, while promising, presents several considerations for industrial
deployment:

« Data Dependency: The performance of the transfer-learned model and the genetic algorithm is highly
contingent on the quality and scope of the underlying alloy composition-property database.

«  Physical Validation Lag: Computationally identified optimal variants still require subsequent experi-
mental verification, adding time and cost to the design cycle.

«  Narrow Objective Focus: Single-objective optimization (e.g., creep life) may not capture the multi-
property trade-offs required for real foundry components.

These considerations indicate that transferable success in alloy design does not automatically imply
immediate deployability in foundry production settings.

3.1.2 Simulation and Verification of Intelligent Gating System
Evidence type: mixed evidence (direct casting evidence and manufacturing-transferable evidence).

Direct casting studies have reported that data-driven methods can assist in the automatic generation of
parametric gating-system models. In investment-casting-related work, such models were used to capture the
relationships among variables such as gate size, flow rate, and temperature, enabling rapid design verification
through simulation tools such as ANSYS. Yu et al. reported that this approach reduced under-pour defects
and shortened the overall process design cycle by approximately 30% in their application scenario [47].

Expanding on this idea, a broader LLM-based intelligent design paradigm for manufacturing processes
has also been proposed [48]. To address the dual challenges of multi-physics coupling and tacit-knowledge
integration in domains including heat treatment and casting, the reported framework follows a “Knowledge
Hub-Decision Engine-Verification Closed Loop” architecture. In this framework, the knowledge hub uses
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a RAG architecture to integrate domain knowledge bases (e.g., ASM manuals and process databases), while
the decision engine supports process optimization by fine-tuning models such as LLaMA-2 and GPT-4 for
specific engineering tasks.

Under the reported pilot settings, the framework achieved task-specific gains across different man-
ufacturing scenarios. For example, in heat-treatment applications it was reported to improve evaluation
accuracy and reduce deformation out-of-tolerance rates, while on the casting side it supported natural-
language generation of APDL command streams and UDF scripts for design verification. Cross-domain
demonstrations further reported reductions in design-cycle duration, defect-related cost, and CAE training
burden, although these outcomes were obtained under different tasks and conditions and should not be
interpreted as directly comparable benchmarks [48].

Critical Notes and Limitations.

The LLM-driven simulation framework, while accelerating design, presents several considerations:

o  Simulation-Reality Gap: The accuracy of generated simulation scripts and subsequent optimization
remains bounded by the fidelity of the underlying physical models (e.g., turbulence and solidification
shrinkage) in the CAE software.

+  Knowledge Base Curation: The effectiveness of the RAG-based decision engine depends on a compre-
hensively curated knowledge base of defects and solutions, which is non-trivial to build and maintain.

o  Computational Overhead: Closed-loop verification involving repeated simulation can incur substan-
tial computational costs for complex geometries.

Accordingly, these results should be interpreted as promising pilot evidence rather than as fully mature
shop-floor deployment.

3.1.3 Multi-Source Data Diagnosis of Shrinkage Defects
Evidence type: direct casting evidence.

In foundry workshops, multimodal learning models have been reported to fuse process logs or PLC
signals with infrared thermal images for defect prediction and root-cause analysis, in some cases leading to
measurable defect reduction after targeted interventions [49,50]. In one representative case, an analysis of
shrinkage defects suggested that uneven cooling, caused by blocked cooling-system pipelines, was a major
contributing factor. Based on insights obtained from multimodal data fusion, cooling-system redesign was
reported to reduce defect occurrence in the studied casting process [49]. This case supports the value of
integrating heterogeneous data streams, such as thermal imaging and process parameters, for diagnosing
complex quality problems in casting.

Within such a pipeline, LLMs could serve as higher-level interfaces for generating diagnostic reports,
retrieving relevant historical cases, and organizing engineering knowledge around the outputs of multimodal
analysis. Thus, this line of work provides more direct foundry evidence for the practical relevance of
multimodal and knowledge-grounded decision support, while the specific contribution of LLMs still requires
further direct validation in foundry settings.

Critical Notes and Limitations.
The multimodal diagnosis approach, while effective in the reported case, presents several considera-

tions:

o Cross-Modal Alignment Complexity: Establishing reliable, automated traceability between process
logs, thermal images, and equipment parameters across multiple production runs remains a significant
data-engineering challenge.
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«  Root-Cause Ambiguity: While correlations (e.g., blocked cooling lines) can be identified, definitively
isolating a single root cause from interdependent process variables is often difficult.

« Sensor Dependency: The method depends on the installation, calibration, and maintenance of
dedicated sensing systems such as infrared cameras, increasing infrastructure cost.

These considerations highlight that even direct foundry evidence still requires careful validation before
routine deployment across different plants and products.

3.1.4 Intelligent Supply Chain and Predictive Maintenance of Equipment
Evidence type: manufacturing-transferable evidence.

Predictive-maintenance scenarios illustrate another potentially relevant application area for LLM-
enabled industrial intelligence, although the available evidence is more transferable from general industrial
settings than directly validated in foundry workshops. One reported platform integrates real-time sensor
data, including temperature, pressure, and vibration, with LLM-assisted analysis of correlations between
equipment operating status and failure modes. Under the reported pilot setting, the system predicted
equipment-failure risk up to 72 h in advance, reduced production interruptions by 40%, and lowered
maintenance costs by 30% [51]. These results suggest potential value for improving production reliability, but
they should be interpreted as context-specific industrial evidence rather than as established foundry-wide
performance expectations.

Critical Notes and Limitations.

The predictive-maintenance system, while demonstrating reported cost savings, presents several
considerations:

« High Initial Investment: Separate capital expenditures for sensor deployment, model development,
and system integration can be substantial, affecting the return-on-investment timeline.

«  Model Adaptation Needs: Models may require frequent retraining or adaptation to maintain accuracy
in the presence of equipment wear, process changes, or previously unseen failure modes.

«  Operational Reliance: Shifting to a predictive-maintenance paradigm requires workflow changes and
sustained operator trust in the model’s alerts.

Therefore, this case is better regarded as transferable industrial evidence than as direct proof of mature
LLM deployment in foundry environments.

3.1.5 Quantitative Performance and Database Scale

The quantitative improvements reported in the aforementioned cases, such as strength increase, cycle
reduction, defect-rate reduction, and maintenance-cost reduction, are typically derived from pilot studies
or controlled industrial trials and should not be interpreted as directly comparable across tasks, datasets, or
operational settings. The scale of the underlying databases also varies substantially:

o  The alloy-design examples in Section 3.1.1 relied on datasets ranging from several hundred to a few
thousand curated alloy compositions [44-46].

o  The predictive-maintenance example in Section 3.1.4 used several months of high-frequency sensor data
collected from multiple machines [51].

o  The SteelBERT model discussed in Section 2.3.1 was fine-tuned on approximately 50,000 annotated data
points derived from ferrous-alloy literature and laboratory measurements [19].
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o The reported 30% maintenance-cost reduction is an annualized indicator that mainly reflects savings
from reduced downtime and spare-parts waste; initial deployment and retraining costs should be
considered separately.

Regarding model comparison, the original SteelBERT study [19] reported a reduction in yield-strength
prediction RMSE from approximately 8.4% for a general BERT baseline to 5.2%. However, direct statistical
comparison with classical machine-learning models such as Random Forests and Gradient Boosting was not
the primary objective of that study. Accordingly, the reported results should be interpreted as evidence that
domain-adapted language models can be competitive for tasks involving technical-text understanding and
knowledge integration, rather than as a universal ranking across modeling paradigms.

Opverall, the quantitative results summarized in this section should be interpreted as context-dependent
indicators derived from heterogeneous pilot studies rather than as universally transferable performance
benchmarks. Further large-scale, cross-plant, and cross-product validation will be necessary before robust
generalization to diverse foundry environments can be claimed.

3.2 Technical Challenges and Limitations

Despite rapid progress, deploying large language models for foundry intelligence remains constrained
by several practical bottlenecks. These bottlenecks extend beyond model accuracy and can be grouped into
three closely related layers: data integration and traceability, reliability under physical and safety constraints,
and real-time deployment in resource-limited shop-floor environments. Addressing these issues is essential
for moving from demonstrative prototypes to scalable and dependable industrial systems.

3.2.1 Multi-Source Heterogeneous Data Fusion and Standardization Bottleneck

Foundry production generates multi-source data that are heterogeneous in format, granularity, and
semantics, including operational records, sensor time-series, inspection images, and simulation outputs.
In many plants, the same concept is recorded with inconsistent terminology, units, and identifiers across
departments and devices, which makes it difficult to build end-to-end traceability between heats, pours,
molds, and downstream quality outcomes. Such inconsistencies often lead to weak cross-scene generalization
and unstable performance when models are transferred across product types, lines, or factories [52].

A central technical difficulty is cross-modal alignment. Images typically correspond to a part or batch,
time-series data correspond to equipment and timestamps, and production records correspond to process
events and identifiers. Without a reliable alignment layer and standardized metadata schema, multimodal
models can learn spurious correlations and fail when the data distribution shifts. Practical solutions should
prioritize unified traceability keys, event-based synchronization along the process chain, and systematic data
governance that enforces naming conventions, unit normalization, and versioned process definitions [53].

3.2.2 Construction of Trust Generation Mechanism under Physical Constraints

Ensuring model reliability and safety under rigid physical and operational constraints remains a critical
barrier. Hallucinations or over-generalizations can produce recommendations that are thermodynamically
impossible or breach safety protocols—for instance, suggesting pouring parameters that promote oxide
entrainment or heat-treatment cycles that induce quench cracking. Mitigating these risks requires embed-
ding first-principles knowledge (e.g., from thermodynamics, fluid dynamics, and solid mechanics) directly
into the model’s reasoning process. Promising approaches include constraint-guided decoding, where
generation is bounded by hard limits derived from material databases and process windows; verification
via lightweight digital twins using reduced-order simulations; and providing explicit, calibrated uncertainty
estimates to flag high-risk predictions made in data-sparse regimes [54].
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A practical trust mechanism should enforce physical and engineering constraints during generation
and decision making. This can be implemented through constraint-aware decoding, rule-based validation
against process specifications, and retrieval grounding using verified historical cases and standard operating
procedures. Recommendations should be accompanied by confidence indicators and risk levels, and outputs
that conflict with hard constraints should be rejected or down-ranked before being presented to engineers.
Dynamic boundary control for generated parameters is particularly important in shop-floor scenarios where
process windows are narrow and disturbances are frequent [54].

3.2.3 Challenges of Real-Time Edge Deployment

The stringent latency requirements of shop-floor control, often ranging from milliseconds to seconds,
conflict sharply with the substantial computational load of foundational LLMs. Deploying these models on
resource-constrained edge devices therefore requires co-optimization at both the algorithmic and system
levels. Algorithmic strategies include model-compression techniques such as knowledge distillation, quanti-
zation, and pruning. However, aggressive compression may lead to non-negligible performance degradation,
especially for rare defect patterns or other low-frequency but high-impact events [55]. A representative
overview of fine-tuning lightweight LLMs is shown in Fig. 7.
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Figure 7: Overview of fine-tuning lightweight LLM. Reprinted/adapted with permission from Reference [55].
Copyright 2025, IEEE.

At the system level, a hierarchical intelligence architecture offers a more practical deployment path. In
such a setup, ultra-lightweight models perform continuous monitoring on edge devices and trigger more
complex LLM-powered diagnostic queries to an on-premise server only when anomalies are detected. This
edge-triggered, cloud-assisted paradigm balances low-latency response with deeper analytical capability and
provides a realistic route toward deployment in resource-limited industrial environments [56].

4 Prospects and Conclusions
4.1 Future Work Vision
4.1.1 Multimodal Cognitive Systems for Foundry Intelligence

Real-time, closed-loop process control requires systems that can perceive, reason over, and respond to
multimodal data streams with low latency. Future research should therefore focus on multimodal cognitive
architectures in which LLMs serve as a high-level reasoning layer that integrates visual data (e.g., cameras
and X-ray images), temporal data (e.g., sensor streams), and textual knowledge (e.g., logs, manuals, and
engineering records). Key research challenges include efficient cross-modal attention, robust alignment
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across heterogeneous data sources, and dynamic knowledge retrieval from continuously updated plant
databases to support context-aware decision-making [57,58].

To support industrial use, future multimodal systems should be evaluated not only by perception or
reasoning accuracy, but also by their ability to maintain stable end-to-end performance under realistic
production conditions. This will require closer integration between multimodal modeling, data engineering,
and system-level optimization [59,60]. A conceptual diagram for fine-tuning LLMs for manufacturing is
shown in Fig. 8.
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Figure 8: Fine-tuning large-scale language models for the manufacturing domain. Reprinted/adapted with permission
from Reference [60]. Copyright 2024, The Author(s).

4.1.2 Engineering Adaptation of Lightweight Domain Models

Given the specialized terminology, narrow process windows, and constrained computational envi-
ronment of foundries, a promising direction is the development of lightweight, domain-adapted LLMs.
Techniques such as Low-Rank Adaptation (LoRA) and other parameter-efficient fine-tuning (PEFT) meth-
ods make it possible to customize large base models with limited additional parameters. Coupling such
models with metallurgical knowledge graphs or domain-specific process rules may further improve the
semantic understanding of foundry concepts such as feeding efficiency, hot tearing susceptibility, and defect
causality, thereby enhancing both robustness and engineering relevance [61].

In the longer term, domain-adapted foundry models may provide a more practical balance among
accuracy, interpretability, and deployment cost than fully general-purpose models. A comparison of different
dataset fusion paradigms relevant to this adaptation is presented in Fig. 9.

4.1.3 Knowledge-Enhanced and Physics-Aware Intelligent Decision Paradigms

Another important direction is the construction of hybrid decision-making systems that combine
retrieval-augmented generation (RAG), process-aware reasoning, physics-informed constraint mechanisms,
and optimization or reinforcement-learning strategies [62]. Such systems could support a closed-loop
decision process of “data retrieval-strategy generation—effect feedback,” thereby shifting process optimiza-
tion from experience-driven practice toward knowledge- and data-driven decision support. By connecting
dynamic technical knowledge bases, such as ASM Handbook or process databases, with online opti-
mization modules, future foundry systems may achieve more adaptive and evidence-grounded parameter
recommendation [63].

Preliminary studies suggest that such knowledge-enhanced paradigms can reduce trial-and-error costs
and shorten process-optimization cycles, although further validation in foundry-specific scenarios remains
necessary [64].
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Copyright 2024, Elsevier.

4.1.4 Closed-Loop Autonomous Agents and Verification

A longer-term research frontier is the development of autonomous or semi-autonomous foundry
workflows that connect material design, simulation verification, experiment execution, and model updating
into a closed loop. Inspired by the paradigm of “Al agent + robotic experiment,” such systems could accelerate
the iterative cycle of composition design, performance prediction, experimental validation, and model
refinement [65]. In foundry settings, this idea is particularly relevant because process optimization often
depends on repeated interaction among simulation, testing, and engineering judgment.

Future intelligent casting systems may therefore evolve toward cyber-physical architectures that
integrate sensing, embedded simulation, decision support, and control. Such systems could provide the
foundation for more adaptive casting processes capable of predicting and optimizing defect formation,
microstructure, properties, and service life in a unified framework [66]. Various status-sensing methods
applicable to the casting process are summarized in Fig. 10.

4.1.5 Sustainability-Oriented Life-Cycle Optimization

Sustainability should become an increasingly important extension of future foundry intelligence. Rather
than optimizing only defect rate, throughput, or process stability, future systems should incorporate material
utilization, energy consumption, and environmental impact into a unified optimization framework. One
possible direction is a multi-level architecture spanning process optimization, operational scheduling,
and system-level life-cycle assessment, so that production efficiency and sustainability objectives can be
considered simultaneously.

Such a framework may combine process-level improvement methods, reinforcement-learning-based
multi-objective optimization, and life-cycle assessment modules for carbon-footprint tracking. Extending
intelligent control strategies across different casting scenarios may further improve the energy efficiency
of multi-variety production while preserving quality performance. The material and energy flow of a
CRIMSON sand casting process is depicted in Fig. 11.
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4.2 Concerns and Outlook for Real-World Deployment of LLMs in Foundry Environments

Building on the technical bottlenecks summarized in Section 3.2, this section discusses their impli-
cations for the real-world deployment of LLM-enabled foundry intelligence. Industrial adoption should
be evaluated not only by the performance gains reported in pilot studies, but also by the ability of these
systems to operate reliably under the heterogeneous, safety-sensitive, and resource-constrained conditions
of actual foundry workshops. Although recent studies have reported promising results in alloy design,
process optimization, defect diagnosis, and predictive maintenance, large-scale deployment remains con-
strained by a set of interdependent engineering requirements [44-46]. Importantly, these requirements are
not merely technical abstractions: in many foundry environments, fragmented records, weak cross-stage
identifiers, limited digital infrastructure, and incomplete knowledge-base curation remain practical barriers
to implementation [47,49,50]. First, data governance and cross-process traceability remain foundational
concerns. Foundry data are typically derived from operational logs, sensor streams, inspection images,
simulation outputs, and enterprise records, yet these sources often differ in format, sampling frequency,
semantics, and identifier conventions. Without unified traceability keys and standardized metadata schemas
linking heats, pours, molds, process events, and downstream quality outcomes, multimodal systems remain
vulnerable to spurious correlations, weak transferability, and unstable performance across product types or
production lines [52,53]. Accordingly, practical deployment requires stronger data lineage design, naming
and unit normalization, and event-synchronized multimodal alignment as prerequisites for trustworthy
system integration [52,53].

Second, reliability under physical and safety constraints is a decisive barrier for shop-floor use. In
foundry environments, model outputs are not merely informative; they may influence pouring parameters,
heat-treatment schedules, gating design, or defect-handling decisions. Hallucinated or poorly calibrated
recommendations can therefore become thermodynamically implausible, operationally unsafe, or econom-
ically costly, highlighting the need for verification-oriented safeguards in process-control settings [54,68]. A
practical deployment pathway requires retrieval-grounded reasoning with explicit provenance, rule-based
validation against process windows and operating procedures, and, where feasible, lightweight digital-twin
or surrogate-model verification before high-impact recommendations are executed [54,68]. Human-in-the-
loop confirmation should therefore remain essential for safety-critical interventions [54]. In foundry settings,
the consequences of model failure can be highly asymmetric. For example, an erroneous recommendation
on pouring temperature, feeding strategy, or heat-treatment scheduling may lead not only to reduced quality,
but also to scrap of an entire batch, unnecessary energy consumption, delayed delivery, or even downstream
safety risk if latent defects remain undetected. Similarly, false-negative diagnostic outputs in defect tracing
may be more consequential than false positives in many production scenarios. These considerations imply
that deployment-oriented evaluation should explicitly incorporate failure severity, intervention cost, and
risk tolerance, rather than relying on average predictive performance alone. Third, industrial deployability
depends on real-time performance under constrained computing conditions. Shop-floor scenarios often
require responses on millisecond-to-second timescales, whereas full-scale foundation models can impose
substantial memory and latency overhead. Edge-oriented deployment should therefore rely on tiered
architectures in which lightweight local models handle continuous monitoring and anomaly triggering,
while more complex reasoning is offloaded to on-premise or cloud resources only when necessary [55,56].
In this context, deployment evaluation should extend beyond isolated model accuracy to include end-to-
end latency, tail latency under peak load, throughput, memory footprint, energy consumption, and quality
retention relative to cloud-based baselines [55,56,59,60].
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Fourth, organizational adoption and life-cycle maintenance should not be underestimated. Several
reviewed applications implicitly assume stable workflows, curated knowledge bases, frequent retrain-
ing capability, and operator trust in model-generated alerts or recommendations. In practice, however,
knowledge-base maintenance, model updating under equipment wear and process drift, and integration into
existing engineering decision chains can become major barriers [48,51]. Future systems should therefore
be designed as decision-support infrastructures rather than fully autonomous replacements, with clear
accountability, transparent evidence presentation, and continuous post-deployment monitoring [48,51].

Overall, progress toward real-world foundry deployment will depend on whether these technical and
organizational requirements can be translated into reliable, traceable, and maintainable decision-support
infrastructures rather than isolated pilot systems.

4.3 Conclusions

This review has examined the emerging role of large language models (LLMs), domain-adapted
foundation models, and related enabling workflows in foundry intelligence across three major application
domains: material design and performance prediction, process parameter optimization and intelligent
control, and defect detection and quality tracing. The surveyed literature suggests that these methods are
most realistically positioned not as universal stand-alone engines for every foundry task, but as knowledge-
integration, reasoning, and workflow-orchestration layers that connect unstructured technical knowledge,
simulation outputs, sensor data, and engineering decision processes.

At the same time, the current evidence base remains heterogeneous and is still dominated by pilot
studies, controlled scenarios, and task-specific implementations. Accordingly, the significance of LLMs for
foundry applications should be judged not by isolated performance gains alone, but by their ability to support
reliable, traceable, and deployable industrial decision-support systems.

If advances in data governance, domain adaptation, trustworthy reasoning, and deployment engineer-
ing continue in parallel, LLM-enabled foundry intelligence may become an important enabling layer for
the transition from experience-driven casting practice to more systematic, data- and knowledge-driven
foundry manufacturing.
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