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Abstract

It remains challenging to integrate artificial intelligence (Al) and natural language processing (NLP) into
complex engineering systems. Popular models and techniques are designed for use with everyday,
non-technical text, and therefore perform poorly when attempting to interpret language containing
specialized terminology or context-specific meanings. Technical Language Processing (TLP) attempts
to address these challenges by tailoring NLP approaches for use in technical and engineering domains.
As a nascent field, community-driven events have played a crucial role in facilitating dialogue on
emerging issues and potential solutions.

In 2024, the TLP Community of Interest (COI), overseen by the National Institute of Standards and
Technology (NIST), organized two events: a two day virtual workshop hosted by NIST, and a panel
at the Annual Conference of the Prognostics and Health Management (PHM) Society. These two
events provided opportunities for experts from academia, industry, and government to discuss the
application of TLP and Large Language Models (LLMSs) in industrial settings. This paper summarizes
the key discussions and insights from the events, while highlighting the community’s collective efforts
to advance the application of TLP and LLMs in the industrial sector.

Keywords

Artificial intelligence; Data fusion; Engineering design; Industry; Information retrieval; Knowledge
extraction; Large language models; Maintenance; Manufacturing; Natural language processing; Prog-
nostics and health management; Retrieval-augmented generation; Standards; Technical language
processing; Vision language models.
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1. Introduction

As recent advancements drive the growth of industrial systems in size and complexity, the need
for effective approaches to analyze vast amounts of technical text has become critical. Industries
possess a vast amount of technical language data that range from detailed technical manuals to
maintenance logs, all of which contain valuable information that can enhance operational efficiency
and decision-making processes. Technical Language Processing (TLP) is an approach that adapts
natural language processing (NLP) methodologies to the specific needs of technical and engineering
domains [1, 2].

The assumptions underpinning NLP methods, while effective for general-purpose language tasks, can
lead to poor analysis of text from technical domains. TLP is intended to, in part, formalize the process
of examining these assumptions to ensure relevant interpretations of industry-specific terminology
and documentation. But doing so takes time, and given the rapid pace of NLP development, including
and especially the introduction of Large Language Models (LLMs), adapting state-of-the-art methods
to industrial requirements in a timely manner is challenging. LLMs, in particular, offer enhanced
capabilities for language understanding and generation, yet most “off-the-shelf” models lack domain-
specific knowledge, are vulnerable to hallucinations, and unable to verify facts—limitations which, until
addressed through TLP, make their use in high-stakes industrial settings ill-advised [3].

To advance research and practice in this area, the Technical Language Processing Community of
Interest (TLP COlI) brings together professionals from industry, academia and government. Past
community events have shown to be informative, such as a 2020 workshop hosted at the National
Institute of Standards and Technology (NIST) on gathering standards requirements for natural language
analysis in manufacturing [4].

In the fall of 2024, the TLP COI organized two events to share emerging tools, applications and
challenges in this field. The first was a two-day virtual workshop hosted by NIST in September [5].
The second was a panel held at the annual conference of the Prognostics and Health Management
(PHM) Society in November, which discussed TLP and LLMs [6]. This paper presents insights and
trends from both events.

The rest of this paper is organized as follows. A background of TLP is covered in Section 2. A summary
of the TLP COIl Workshop is covered in Section 3, which includes a detailed summary of each of
the presentations and discussions. A summary of the panel at the PHM Society Conference with
discussions and main points covered is presented in Section 4. A summary of the key takeaways from
the events is in Section 5, and Section 6 concludes the report.
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2. Background

2.1. Characteristics of TLP

One of the primary distinguishing characteristics of TLP is the emphasis on incorporating domain
expertise into the language processing pipeline. Unlike generic NLP, which often relies on broad,
general-purpose models, TLP integrates technical knowledge and terminology specific to a given
domain. This is achieved through the development and utilization of technical dictionaries, customized
tokenization strategies, and domain-specific embeddings that capture the unique linguistic features
and nuances of technical texts [7—11].

In many cases, TLP applications lack large quantities of relevant data needed for standard NLP
tool development [12—14]. This necessitates clever investment in and use of resources both to train
and deploy TLP models and services. The development of TLP resources is inherently iterative and
collaborative, involving close interaction between practitioners, domain experts, and stakeholders
to ensure that the resulting models and tools accurately reflect the needs and characteristics of the
target domain, which can vary significantly across different industries and applications.

A key aspect of TLP is its emphasis on maintaining a human-in-the-loop process for verifying the
accuracy and trustworthiness of analyses. This involves ongoing validation and refinement of TLP
models and outputs by domain experts, ensuring that the insights generated are not only technically
accurate but also relevant and actionable within the specific context. The human-in-the-loop approach
also facilitates the identification and mitigation of potential biases and errors, further enhancing the
reliability of TLP-based analyses [15—-17].

2.2. Applications of TLP

TLP supports a wide range of applications by combining domain expertise with computational meth-
ods. Here applications are summarized in three areas: TLP for data quality improvements, TLP for
prescriptive and recommendation systems, and human-machine communication.

TLP enables the extraction of actionable insights from unstructured and semi-structured data sources,
such as maintenance logs, inspection reports, and operational records. This can assist management
of large, unstructured and potentially dirty data through summarization or by extracting structured
fields from the unstructured text [13, 18, 19]. Failure Mode Classification is a specific task which labels
unstructured work orders with failure modes [14, 20]. Structured maintenance data can be used to
estimate input parameters for reliability metrics or statistical analyses [8, 10, 21] or for Failure Modes
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and Effects Analysis (FMEA) [22]. Approaches which focus on bridging the gap between engineering
FMEA templates and maintenance data for providing quantitative risk estimates [23, 24].

TLP also supports prescriptive tasks, acting as recommendation systems for troubleshooting, diagnos-
tics and defect inspection within PHM [9, 25-29]. Recommendation systems in adjacent application
include real time suggestion systems which utilize structured databases of historical failures and
actions taken to make recommendations for maintenance actions [30, 31] and for manufacturing
operations [32].

Root cause analysis is an application where TLP supports the development and access to a knowl-
edge framework in manufacturing [33, 34]. These frameworks can be developed and utilized for
design knowledge retrieval [35], assessing production issues [36], and for identifying and reducing
maintenance and defect-related occurrences [37, 38].

TLP enhances communication between humans and machines through the understanding of technical
documents, structured procedures, engineering specifications, and other domain-specific materials
[39-42]. Developments of note include creation of ontologies specific to maintenance data and fault
diagnosis [22, 39, 43], as well as maintenance actions [40] and maintenance procedures [44].

2.3. Advancements in NLP and the Rise of the LLMs

Recent advancements have focused on adapting LLMs to technical application through techniques
such as fine-tuning, domain-specific data augmentation, and Retrieval-Augmented Generation (RAG),
where the LLM is augmented with external knowledge sources to improve the accuracy and relevance
of generated text [45, 46]. Emerging approaches like GraphRAG further enhance LLMs by integrating
graph-structured data for better reasoning over complex technical relationships [47]. Additionally,
multimodal models that combine text with other data types, such as images or sensor streams, are
expanding the reach of TLP into diagnostics and predictive maintenance [48, 49].

3. TLP COIl Workshop

The TLP COI Workshop, hosted virtually by NIST on September 24-25, 2024, brought together 48
attendees from industry, academia, and government. Spanning two full days, 22 speakers presented
or participated in panels centered on the evolving role of TLP in engineering and industrial applications.

The TLP COI aimed to advance the understanding and application of TLP in engineering and industrial
domains through the workshop, with the objective of identifying current challenges, sharing best
practices, and fostering collaboration across industry, academia, and government. Expert speakers



NIST SP 1500-37 Advancing TLP and LLMs in Industrial Applications
December 2025 Insights from TLP COI Events in 2024

explored themes such as risk awareness, data accessibility, long-term resource development, and
the integration of LLMs into specialized domains. Key sessions highlighted challenges in data
sharing, the need for standardized methodologies, and strategies to bridge technical and domain
expertise effectively. Interactive sessions encouraged active participation and the exchange of ideas,
emphasizing the evolving landscape of TLP tools and opportunities for community-driven innovation.

Each session in the TLP Workshop is summarized, including a summary and takeaway(s) from the
perspective of the speaker. The workshop sessions were mostly talks, with a lightning round on
day one and a panel session on day two. The talks were either long talks (one hour) or short talks
(20-30 minutes). In the lightning round, each speaker had 10 minutes to speak and there was a group
Q&A at the end. For the panel session, each speaker presented for five minutes lengthy discussion
afterwards.

3.1. Opening: Introduction to TLP

The opening speaker for the event was Michael E. Sharp, of NIST, who provided a brief overview
defining TLP while highlighting the need for specialized language interpretation in industrial and
scientific settings. In highly contextual or rare event environments, standard NLP will often fail to meet
the operator’s requirements. In these cases, TLP ensures better cross-domain collaboration between
humans and intelligent systems by removing obfuscating language or concept barriers.

3.2. Long Talk: Understanding, Designing & Evaluating Informed NLP Systems

Rachael Sexton, from NIST, provided a more in-depth introduction to TLP methods and tools. She laid
out the basic framework that all TLP builds from and highlighted several key methods for development
and testing of TLP tools. Her keynote stressed the importance of understanding the assumptions
used when developing, implementing, and interpreting a solution using TLP. Establishing clear goals
and appropriate performance metrics are necessary prerequisites to successfully implementing a TLP
method, she stressed [50].

Key Takeaway: Human language can be more accurately interpreted using approaches from TLP when
implementers clearly define their intended outcomes, acknowledge underlying system assumptions,
and select appropriate metrics to measure progress.



NIST SP 1500-37 Advancing TLP and LLMs in Industrial Applications
December 2025 Insights from TLP COI Events in 2024

3.3. Lightning Session: TLP Applications in Government and Industry

The second part of the morning consisted of lighting talks on TLP applications in government and
industry.

3.3.1. Improving Product-Service Systems Offerings Through Technical Language Processing

Roberto Sala from the University of Bergamo detailed a case study in which TLP was applied to improve
remote troubleshooting in Product-Service Systems (PSS) offerings by leveraging the unstructured data
in maintenance reports. The TLP implementation used in the study, which took place in a packaging
machine manufacturing company, helped identify design problems and improve maintenance service
delivery [51-53]. The study highlights the potential benefits of using TLP in PSS: optimized processes,
lower costs, and better customer management.

Key Takeaway: Using TLP in industrial context with focus on improving service delivery and main-
tenance operations. Knowledge extracted from maintenance reports can lead to lower costs for the
company, faster market response times, increased productivity, and more.

3.3.2. TLP for Industrial Innovation: Opportunities for the Factory Floor

Radu Pavel from ARCTOS emphasized the role of TLP in maintenance workflows, particularly for
data cleaning and preprocessing as well as hybrid approach which use information across structured
and unstructured sources. Hybrid approaches that combine sensor data with operator narratives offer
potential for deeper insight during root cause analysis.

Key Takeaway: Combining numeric sensor data with text-based operator input can enhance diag-
nostics and prognostics, while technical documents—such as proposals, reports, and maintenance
logs—offer a pathway for capturing and operationalizing tribal knowledge.

3.3.3. Technical Language Processing to Support the Nuclear Power Industry

Jamie B. Coble from the University of Tennessee provided an overview of TLP in the nuclear sector,
where TLP can be used to improve operational efficiency and safety through automating the evaluation
and generation of critical documents, improving operational efficiency and safety. Applications include
extracting insights from work orders and reports, identifying recurring issues, and facilitating proactive
maintenance. Generative Artificial Intelligence (Al) can be used to automate tasks such as creating
work orders and drafting licensing documents. By automating routine tasks, these tools can reduce
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manual workload and enable human experts to focus on more complex aspects of nuclear operations,
supporting the goals of safety, reliability, and sustainability.

Key Takeaway: The safety, reliability, and efficiency of complex systems, like nuclear reactors, can be
improved by judicious application of TLP techniques.

3.3.4. Utilizing TLP to Get a Holistic Understanding of Freezer Performance

Manijish Naik from John Bean Technologies Corporation presented a use case where TLP was applied
to service technicians’ comments to generate maintenance troubleshooting recommendations. By
combining this unstructured text with time-series sensor data (e.g., vibration monitoring), the system
recommended diagnostics for refrigeration equipment. The alert led to identifying root causes—an
imbalanced fan wheel and undersized suction line—that impacted energy efficiency and product
quality. Corrective actions were implemented, preventing further degradation and production loss.

Key Takeaway: Managing assets through whole lifecycle is a system that involves using different data
sources and techniques. TLP is one piece of this puzzle, but it's an important piece of the puzzle.

3.3.5. LLM Quality Assessment & Interests in Design and Manufacturing

Nathan Hertlein, from the Air Force Research Laboratory (AFRL) explored the increasing capabilities
of LLMs in the domain of design and manufacturing, where quantitative performance comparisons are
challenging due to a lack of domain-specific benchmarks. He and other researchers at the Air Force
Research Laboratory are investigating ways to assess the quality of LLM-generated outputs, such as
computer-aided design (CAD) files, and evaluating their performance on various use-cases across
the design-and-manufacturing workflow. The goal is to measure LLM performance in areas like CAD,
manufacturability assessment, and maintenance tasks, as well as robotics action planning, to guide
the integration of TLP into control algorithms for real-world hardware.

Key Takeaway: AFRL has been able to use LLMs to generate CAD models by producing scripts for
3D modeling software and synthesize robotic behaviors in state machines [54]. However, prompt
design matters: more abstract prompts tend to produce less practical or “crazier” CAD models.

3.4. Long Talk: Generative Al for Engineering Design

Faez Ahmed from Massachusetts Institute of Technology (MIT) spoke on the use of language models
in engineering design. His talk was structured in three parts: using vision language models to help
designers, designing co-pilots, and complex design spaces.
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He began by exploring how vision language models (VLMs) could support early-stage engineering
design by helping teams better interpret complex, multi-modal requirements. He introduced DesignQA,
an open-source benchmark for evaluating multi-modal language models on tasks such as rule extrac-
tion, comprehension, and compliance using the Formula SAE design rules [48]). Models like GPT-40
performed best, but overall results highlighted limitations in extracting geometric and dimensional
information from engineering drawings.

Additionally, Ahmed proposed the concept of a “Design Co-pilot” using generative models to enhance
parametric engineering design. He presented Design Autocomplete, where generative models were
used to complete or modify parametric CAD models using assembly graphs and parameter embeddings.
This approach enabled faster design iterations and produced more diverse alternatives than traditional
imputation methods [55]. He also introduced the use of counterfactual reasoning—exploring “what-if”
scenarios—to help designers to explore alternative design configurations requiring deep domain-
specific expertise. While current generative models are not yet precise enough for every task, he
believes rapid advancements is making these tools increasingly relevant to product design workflows.

Finally, Ahmed addressed the difficulty humans face in navigating high-dimensional design problems,
such as those with both discrete and continuous components. Using contrastive learning, his team
trained joint embedding models on a dataset of 100 million four-bar linkage mechanisms to support
data-driven kinematic design [56]. These models support both generative and predictive tasks,
including inverse kinematics. He emphasized the importance of structured datasets and domain-
specific integration for advancing generative Al capabilities in engineering design.

Key Takeaway: VLMs show early promise in tasks like rule retrieval and compliance checking, but
struggle with visual geometry—pointing to a need for better methods to encode and present geometric
information in model inputs. Generative models, enhanced by counterfactual reasoning, offer new
ways to accelerate design and explore alternatives, but greater precision is needed for broader
applicability in real-world design tasks. Solving design problems involving high-dimensional, mixed-
variable spaces requires large, structured datasets and novel representations; contrastive learning
is one path forward for enabling generative models in such domains. Overall, generative models
have incredible potential for transforming the engineering design process, but require careful study to
understand their limitations.

3.5. Long Talk: Leveraging Al and NLP for Enhanced Climate and Resilience
Research

Juan F. Fung from NIST presented his team’s research for the day’s keynote. His team is focused on
developing disaster-resilient infrastructure and communities. By developing and validating Al-assisted
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human-in-the-loop methods, they aim to make technical resources more accessible and actionable for
end-users, such as state and local governments. To support this work, they use TLP to assist—rather
than replace—humans in annotating technical documents [57].

A suite of tools, including ALTO, TENOR, and TENOR-GPT, has evolved to support this goal. ALTO
applies active learning and LDA for annotation [58]; TENOR improves on this with neural topic models
[59]; and TENOR-GPT incorporates large language models to generate label suggestions directly
from document content. These tools enable the team to create best practices for Al applications in
technical tasks and improve decision-making in areas like community planning.

Key Takeaway: Human-in-the-loop NLP tools enhance climate resilience research by supporting
expert-driven annotation of technical documents. Successive tools (ALTO - TENOR — TENOR-GPT)
show the progression from topic models to their neural and generative counterparts in annotation
workflows. TLP methods help structure technical knowledge essential for building more disaster-
resilient systems.

3.6. Short Talk Session: How Can Al Language Models Deliver Business Value?

The first day concluded with a session of short talks from researchers at the University of Western
Australia. Melinda Hodkiewicz led the session, tying the talks into a central theme around how Al
language models can be developed in ways which provide value to industry. Specifically, the research
from Hodkiewicz’s lab focuses on practical Al tools for data cleaning, semantic modeling, automated
classification, and expert recommendation.

The first short talk was presented by Hodkiewicz, where she discussed integrating Al technologies
for enterprise applications with a focus on linked data, LLM challenges, and combining different Al
paradigms. She proposed a practical framework for explaining Al to business leaders, in which Al
tools are split into three categories: narrow Al generative Al, and logic-based Al—each with distinct
roles and benefits.

Key Takeaway: A key message was the importance of shared language, model grounding (e.g.,
through RAG), and semantic quality assurance as foundations for effective enterprise Al.

3.6.1. Automating Technical Text Classification using AI/NLP.

Michael Stewart explored classifying failure modes from unstructured technical text using LLMs. Early
findings emphasized the importance of prompt design—LLMs often invented failure modes unless
provided with a predefined list. Fine-tuning offered mixed results, in contrast to the consistency of Nar-
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row Al methods, underlining the challenges in applying generative models to structured classification
tasks [14, 20].

Key Takeaway: Prompt engineering is critical when using LLMs for technical classification—unconstrained
prompts can lead to hallucinated outputs. While LLMs offer flexibility, traditional Narrow Al approaches
may still provide more consistent and reproducible results for specific classification tasks.

3.6.2. Linked Data: The Foundations of Enterprise Al

Caitlin Woods highlighted the role of linked data, or ontologies, as a foundational paradigm for enabling
data interoperability and reuse across enterprise systems. Linked data allows organizations to define
data concepts in an unambiguous, machine-readable way. This approach supports consistent querying,
sharing, and integration of data across diverse software environments [40, 41, 44]. Woods provided
examples of companies such as IKEA and the Equinor Sverdrup drilling platform who are already
applying linked data strategies. These implementations have shown measurable benefits, including
reduced operational costs and improved quality assurance through more consistent and transparent
data handling.

Key Takeaway: For long-term Al success, enterprise software and Al systems must operate using a
shared, semantically consistent language. In technical domains, this includes grounding Al outputs in
physical constraints, which is made possible through linked data systems. These systems support
structured reasoning, constraint validation, and interoperable data use. Linked data will be essential
to building Al solutions that are robust, audit-able, and aligned with engineering and operational
standards.

3.6.3. Garbage In, Garbage Out: Navigating Technical Text Quality — Current Challenges and
Future Directions

Tyler Bikaun spoke on navigating technical text quality, highlighting the challenges and opportunities
associated with human-generated texts in industry. Poor-quality texts cause information to be misin-
terpreted by humans, and reduces the performance of NLP applications. This necessarily leads to
reduced overall efficiency in language-processing tasks.

Bikaun notes two categories of solution to this problem: narrow Al and generative Al. The narrow Al
approach involves “small task-specific language models” improving text quality with the assistance
of domain experts. While this method results in consistently high-quality data, it is more costly and
resource intensive. On the other hand is generative Al, which offers a comparatively cheap solution to
this problem, at the cost of overall quality and reliability. Bikaun suggests that the two approaches
could be combined to form a process in which a Generative Al model is fine-tuned by domain experts.
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Key Takeaway: The shortenings, typos, and quirks of human-generated text can make for poor results
when fed into a language processing algorithm untouched. Results can be improved by translating
low-quality text to high-quality text using a narrow Al system trained on expert-annotated text datasets.
Generative Al could be used to augment this task, lowering costs.

3.7. Long talk: Standards as Discourse: Technical Language Processing for
Standards

Jacob Collard, a computational linguist at NIST, discussed applying NLP methods to convert traditional
standards documents into structured, semantic data formats such as knowledge graphs. This shift
enables more advanced querying and validation than is possible with document formats like PDF. By
modeling standards in this way, the author can extract insights and relationships between elements,
such as clauses and terms, and apply this information to tasks like version control, information
extraction, and error detection. The goal is to enhance the standards development process and study
the language and style used in standards from a scientific perspective, ultimately improving the clarity
and usability of these documents.

Working with Eswaran Subrahmanian, Collard showed, with specific examples, how TLP can improve
access to complex technical documents and support automated detection of issues like contradictions
and circular definitions [60, 61]. The talk sparked questions about how non-experts would navigate
linked standards and how this foundational work might help improve the development and use of
standards.

Key Takeaway: This approach holds potential for industries such as manufacturing and engineering,
where improved access to standards can drive compliance and innovation. By applying TLP, complex
documents can be digitized into structured data models representing relationships, making them
easier to navigate, validate and apply in real-world contexts.

3.8. Long talk: Building Test Collections for LLMs

lan Soboroff, of NIST, spoke on the evaluation of LLMs, using experience through the Text REtrieval
Conference (TREC), an annual NIST workshop focused on assessing information retrieval systems [62].
The talk looked at the history of evaluation methodologies, including text summarization evaluation
and the pyramid method. He noted that many dataset and evaluation practices from retrieval tasks
can be adapted to LLMs in both the chat and RAG systems. While many evaluation techniques from
information retrieval can be adapted to LLMs, evaluating generative outputs requires new approaches
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due to their unstructured and variable-length nature and that responses are not ranked. In all cases,
context is important for measuring the performance of a system and needs to be considered.

Soboroff also emphasized a major point on LLMs as judge for evaluation. Despite advances in
automated evaluation of LLMs (such as using LLMs to judge other LLMSs), there is no substitute for
human-annotated ground truth to reliability assess LLM performance [63].

Key Takeaway: The current methods for evaluating generated text require significant manual effort,
but exploring methods to help automate this process remains a promising active research area.

3.9. Short talk: Text Pre-processing for Predicting Tool Wear

Michael Dawson, a industrial artificial intelligence researcher at NIST, presented their findings on the
effect of text pre-processing methods on tool wear predictions, a critical aspect of manufacturing. The
study analyzed human observational data from a production environment to predict tool wear using
various machine learning models. The results showed that some combinations of text pre-processing
steps far outperformed others when used to predict the measured tool wear.

Key Takeaway: Sometimes, the first steps in the language processing pipeline are overlooked. It is
important to understand which text pre-processing steps are most apt for your use case, whether by
referencing guidance or performing your own evaluations.

3.10. Panel Session: Measuring Impacts and Risk Awareness for TLP

The foundation of improving any tool starts with evaluating the effective impacts of its use. These
impacts, both positive and negative, potential and actualized, have associated frequencies, likelihoods,
and consequently risks. Understanding these potential risks allows informed and educated decisions
about their use. TLP is no different.

In the afternoon, three panelists—AJ Stein (General Services Administration (GSA)), Joshua Gen
(LMI), and Udayan Das (Saint Mary’s College of California)—discussed the risks and impacts of TLP.
The panelists’ responses have been paraphrased for brevity.

3.10.1. What are the most common risks you’ve observed with TLP implementation in industry?
Das emphasized that each document used in training or evaluating a language-processing algorithm

is different, so an approach that might work well for a specific document or set of documents may not
be applicable to others.

11



NIST SP 1500-37 Advancing TLP and LLMs in Industrial Applications
December 2025 Insights from TLP COI Events in 2024

Gen, meanwhile, pointed out that hallucinations by LLMs are a concern, and that they need to be
approached differently than other errors. Additionally, data leakage—in which a user’s data is shared
without their authorization—is a concern that should be considered.

Stein highlighted the problem of “Mechanical Sympathy”: when some operators change their behavior
to match the machine they’re working with, rather than questioning the machine. He added that that
the field of cybersecurity doesn’t have a consistent language for evaluating data.

3.10.2. What are some common shortcomings you observe regarding communicating TLP risks
to stakeholders?

Stein claimed that we need a way for a computer to mediate risks to the user—"cybersecurity for the
rest of us.”

Das, calling back to Gen’s earlier comment, noted that the domains in which language-processing
tools are being used aren’t necessarily aware of the limitations of those tools. When users in a domain
unrelated to language-processing are being offered a new NLP tool, the potential benefit of its use
may receive out-sized emphasis compared to its limitations.

Gen agreed, adding that often, it is often the case that many unexpected challenges arise when
integrating a new tool into the real-world system, despite interesting and seemingly-streamlined
prototypes.

3.10.3. What role do ethical considerations play when evaluating the use of TLP in different

industries?

Gen believes that there are many considerations, especially for the federal government. These include:
trying to minimize bias, putting guardrails on model outputs, and restricting associations between
parts of the output and the source.

Das warned against using off-the-shelf LLMs without understanding their training process and the
data sources.

Stein How can one prove to me that the model will do exactly what | need and nothing unexpected?
Structured data is incredibly important to even get to the point where you can trace the source and
privacy constraints.

Key Takeaway: There is need for mechanisms which ensure output traceability, bias auditing,
and control within well-defined guardrails. There is a lack of clear, shared language for assessing
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cybersecurity risks in data handling. Basic cybersecurity awareness must be ensured across teams,
including non-experts, and develop ways for systems to mediate and protect sensitive information.

3.11. Long Talk: Towards Machine-Assisted Reading and Structuring of Scien-

tific and Technology Language

Peter Chung, from the University of Maryland - College Park, presented on the characterization of
knowledge graphs through linguistic patterns in technical literature, exploring how machine-assisted
reading can support the structuring of domain-specific knowledge. His work addresses the challenge
posed by the vast and rapidly growing volume of scientific and engineering publications, and the
limitations of current language models that rely on co-occurrence patterns within narrow context
windows. Chung introduced two key findings: first, that technical correlations inherent in scientific
language—such as name-property relationships for molecules—can be captured and enhanced
through data fusion, enriching token representations with domain knowledge. Second, that graph-
theoretic methods, combined with ontology rules, can be used to extract structured semantic information
directly from unstructured text. This approach holds promise for developing scalable, unsupervised
information extraction systems tailored for scientific and technical domains, potentially enabling new
capabilities in automated knowledge graph construction, literature review, and technology scouting
[64].

Key Takeaway: Integrating domain reasoning, data fusion, and graph-theoretic methods with NLP
tools improves unsupervised extraction of structured, domain-specific knowledge from technical text,
overcoming the limits of co-occurrence-based models.

3.12. Long Talk: A Modular Platform to Improve Al Usability for Technical Tasks

Philippe Dessauw & Guillaume Sousa Amaral, two NIST researchers, spoke about how the rapid
growth of Al, particularly LLMs, has introduced challenges such as generating false information and
lacking unified metrics for technical tasks. To address these issues, a modular platform based on
RAG has been developed to ensure LLMs generate coherent and contextually relevant responses.
The platform’s plug-and-play architecture and modular design enable testing, tuning, and replacement
of components, providing a robust and efficient solution to enhance Al usability for technical tasks.

Key Takeaway: Design of a modular RAG platform can be used to improve LLM reliability, adaptability,
and technical task performance throughout the Al system’s lifecycle.
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4. TLP and LLM Panel at PHM Society Conference

The TLP and LLM Panel, held during the PHM Society Conference on November 13, 2024, explored
the practical applications of TLP and LLMs in the PHM domain. Moderated by Sarah Lukens, the
panel brought together a distinguished group of experts who shared insights on how Al-driven tools
can enhance PHM workflows, focusing on metrics, best practices, and human-centric implementation.

The panelists were Neil Eklund (Oak Grove Analytics), Michael Sharp, and Hao Huang (GE Vernova).
Eklund had presented a tutorial earlier at the conference entitled “LLMs and Multimodal Al for PHM:
The Future of Maintenance Intelligence” which introduced approaches for integrating LLMs into PHM
workflows, particularly around RAG and multi-modal Al for diagnostics and maintenance optimization.
Huang had presented a paper earlier at conference on collaborative root cause analysis using a
framework that combines data-driven models with pretrained LLMs to enhance the reliability and
accuracy of industrial failure analysis [26].

4.1. Panel Summary

Much of the discussion was centered on the growing synergies between TLP workflows and PHM
tasks such as predictive maintenance, failure analysis, and engineering documentation and insights
into LLM-assisted solutions for predictive maintenance and engineering documentation. Panelists
discussed how LLM-powered solutions can enhance these workflows in supporting decision making
and for streamlining technical documentation and unstructured data. While LLMs offer powerful new
capabilities, speakers noted that their integration into safety-critical systems requires thoughtful design,
robust evaluation, and close collaboration with human experts.

Eklund discussed the computational tradeoffs of using advanced transformer-based models, comparing
them to infrastructure systems that must scale with increasing complexity. Sharp urged practitioners to
ground Al implementations in well-defined business outcomes and cautioned against over-promising
results. Huang illustrated how fine-tuned LLMs can help improve reliability in anomaly detection, but
also noted the need for better methods to embed physical principles and expert feedback into the Al
loop.

The panel also highlighted the critical role of human-in-the-loop strategies. Human oversight remains
essential to ensure the reliability of LLM-based systems, particularly for detecting errors in automated
diagnostics, augmenting analyses with domain-specific knowledge, and building trust among engineers
and operators.

Panelists addressed cross-cutting challenges such as data standardization, trust, and long-term tool
sustainability. Discussions revisited themes from the 2023 PHM panel on generative Al and echoed
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concerns from the recent NIST TLP workshop, underscoring that engineering rigor—not hype—must
guide adoption. A lively audience Q&A session further highlighted the importance of interdisciplinary
collaboration and community-driven development to ensure LLM and TLP technologies meet the
evolving needs of the industrial sector.

4.2. Key Takeaways from the PHM Panel

LLMs and TLP systems are increasingly being applied to real-world PHM use cases, including
diagnostics, anomaly detection, and engineering documentation.

* Integration of Al into safety-critical workflows must be human-centered, with mechanisms for
expert oversight and interpretability.

» Customization of LLMs for industrial domains presents challenges around scalability, cost, and
standardization.

* Sustained community engagement and shared metrics are essential for evaluating and maturing
these technologies across sectors.

5. Takeaways

A number of key takeaways emerged from the presentations and discussions we witnessed last year,
which we summarize here. We have organized these observations into (i) best practices , (ii) methods,
and (iii) applications. The major themes in best practices are summarized in Table 1 and described in
Section 5.1. Methods are summarized in Table 2 and described in Section 5.2. Section 5.3 covers the
different applications presented during the events, summarized in Table 3. Each table summarizes
our observations across different speakers, and is cross-referenced with the speaker’s last name.

5.1. Best Practices

The sharing of best practices was a significant theme across both events. Broadly, these can be
summarized as two best practice principles: (i) follow the engineering design process when creating
a TLP system and (ii) center humans in the conception and implementation of that system. Table 1
contains a summary of these practices. The relevance of these practices are described below.
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Table 1. Summary of best practices when designing and implementing TLP systems.

Principle Practice Speaker(s)
Problem Thoroughly evaluate the problem that is being solved and  Sexton,
Definition the desired outcome that its solution must reach. Be Hodkiewicz, Das

aware of the assumptions that arise during the process.

Understand the characteristics of the available data and Bikaun, Dawson
quantize it appropriately.

Measure a model’s success by comparing its outputs to a  Soboroff
non-generated ground truth, rather than another LLM’s

response. Comparing responses isn’'t useful if what you

want to understand is the model’s ability to accurately

represent a quantitative measurement.

Validation

Characterize differences between pipelines through Dessauw &
parameter variation to verify that the model outputs are Amaral
representative of the input data.

Model Selection
& Risk
Awareness

Use the class of Al that’s appropriate for your use case. Hodkiewicz

Understand the risks associated with your use case and  Stein, Das, Gen
the models under consideration.

Human-Centered  Design your systems with a human-in-the-loop approach. Fung
Experts in their field will, and should, always verify model
outputs.

5.1.1. Use Engineering Design Principles

Engineering design begins with the most important phase of the problem-solving process: defining
the problem and the corresponding requirements for a solution [65]. Properly completing this task
necessitates that the designer not presuppose any given solution. Failure to do so often shifts the
process on its head: the problem is defined according to what the desired solution is able to address.
This mistake can result in suboptimal or wholly inaccurate performance and exacerbation of risks not
discovered in the problem definition.

Solution-neutrality is the practice of approaching a problem without any preconceived preference
towards a particular solution or technology, and is a requirement of a responsible design process. It
may be tempting to relax the relax this requirement in the face of the rapid advancements in research
and significant financial investments in language processing, where it may be tempting to apply
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available language models to tasks without fully understanding the problems they are intended to
solve.

A key theme of last year’s events was proper problem definition. Later stages of the design process, like
solution selection and solution validation, were also key themes. Even if a designer accurately models
their problem, they must still (i) choose a solution that best meets their stakeholders’ requirements
and (ii) validate that the chosen solution actually does so in practice [65].

5.1.2. Center Designs around Humans

The second main theme emphasizes the importance of a human-centered approach in designing TLP
systems. This approach ensures that the system is designed with the end-users in mind and includes
their input and feedback throughout the development process. Key to this approach is incorporating
a human-in-the-loop methodology, whereby experts continually verify and validate model outputs.
This practice leverages domain expertise to ensure the relevance and accuracy of the TLP system’s
results.

5.2. Methods

Many methodologies emerged as important or showing potential for future research and development
(see Table 2).

5.2.1. Data Quality and Diversity

One common theme was the need to ensure data quality across all stages of language processing
(training, input, output). Soboroff cautioned against relying on TLP tools to assess themselves, as this
can introduce bias and risk. Integrating diverse and structured data sources, whether linked by design
or coincidence, can reduce hidden biases and strengthen model reliability by providing independency,
redundant information.

Several speakers discussed the potential to incorporate non-text data type, such as time series data,
into LLMs. This is an area of ongoing research with particular promise for applications such as
predictive maintenance. Early research suggests that LLMs may be most effective as translators
between text and numeric data streams that can be more easily processed by relevant modeling
algorithms downstream.
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Table 2. Summary of key methods discussed for use in TLP systems.

Method Description Speaker(s)

Linked data Use structured connections and ontologies for Collard, Woods
interoperability and data reuse.

Knowledge Build and apply knowledge graphs to improve LLM  Chung

graphs understanding in technical domains.

RAG Combine LLMs with external sources to improve Ahmed, Dessauw &
accuracy, reduce hallucination. Amaral, Gen, Hodkiewicz

Fine-tuning & Adapt LLMs to specific domains; overfitting can be  Eklund
overfitting useful if managed with guardrails.

Annotation Ensure quality training data through careful Fung, Stein
annotation and active learning.

Human-in-the-  Involve humans throughout design, training, and Fung

loop deployment for reliability, trust, adaptability.

Time series Integrate time series data with LLMs to enable PHM Panel
data predictive tasks from heterogeneous data.

5.2.2. Annotation

Document annotation is critical for developing accurate LLMs. Researchers such as Fung and Stein
emphasized the importance of careful annotation practices to ensure high quality and reliable models.
Fung’s work on human-in-the-loop NLP tools for climate resilience shows how combining active
learning with expert annotation can improve model accuracy, while Stein pointed out that careful
annotation practices are key for producing models are accurate and reliable.

5.2.3. Linked Data and Knowledge Graphs

Structured approaches like linked data and knowledge graphs help ensure interoperability and reuse
across enterprise systems by defining data concepts unambiguously (discussed by Collard and Woods).
Chung’s work on showed how knowledge graphs can capture domain-specific knowledge and extract
semantic information from unstructured text. Using LLMs to build or interact with knowledge graphs
can further enhance their performance in technical domains.
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5.2.4. Retrieval-Augmented Generation

RAG has gained acceptance for improving LLM performance in specialized tasks by grounding outputs
in external knowledge and reducing hallucinations. Many speakers, including Hodkiewicz, Gen,
Ahmed, Dessauw, and Amaral described how RAG enhances both accuracy and relevance.

5.2.5. Fine-tuning

Fine-tuning, which is adjusting hyperparameter and reference texts to optimize LLMs for specific tasks
is common in academic studies, but has seen less uptake in industry, as noted by Eklund. Barriers
include limited expertise, time and resource allocations, as well as uncertainty about its effectiveness
and point of diminishing returns. While fine-tuning can improve performance, practical guidance
remains limited. Eklund also noted that local overfitting is not always a bad thing if proper guardrails
are in place to control outputs. The challenge is balancing between customization and generalization.

5.2.6. Human-in-the-loop Design

A consistent takeaway was the critical importance of human-in-the-loop design and implementation
throughout TLP tool development and deployment. Humans serve as auxiliary sensors and safeguards,
while also supporting knowledge transfer, training and trust-building between workers and Al systems.

5.3. Applications

A growing body of work is exploring how TLP approaches and LLMs can be applied both in the design
of Al systems and in practical industrial applications. The applications, summarized in Table 3, are
grouped by domain category and application type. The primary domain categories are maintenance
and manufacturing design, but other related technical areas were also covered.

Applications could be categorized as either descriptive or prescriptive and generative. Descriptive
applications help users understand or label existing data, while prescriptive and generative enable
decision-making, automation, and the creation of new designs or content. Descriptive applications
often include from improving data quality in maintenance logs to assisting engineers in generative
design tasks or diagnostics.

As shown in Table 3, the applications discussed at last year’s events spanned multiple industrial
domains. Maintenance applications discussed during the workshop and panel included using TLP to
support root cause analysis, automate document generation, and extract insights from unstructured
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logs. In engineering design, applications include using language models to assist with tasks such as

CAD scripting, parametric completion, and creative design exploration. Annotation and labeling tools

Table 3. Summary of industrial applications of LLMs.

. Application
Domain Task Speaker(s)
Type
Descriptive Cleaning, annotation and classification of Pavel, Bikaun,
unstructured maintenance data Stewart, Coble
Descriptive Failure mode classification Stewart, Bikaun
Descriptive Root cause analysis combining numeric and Pavel, Naik
Mainte- textual data
nance Descriptive ~ Work order trend analysis in nuclear Coble
maintenance logs
Descriptive Operator log processing for tool wear Dawson
prediction
Descriptive Linked data representations of maintenance Woods
concepts
Generative Remote troubleshooting using unstructured Sala
maintenance reports
Generative Task automation (e.g., work order and license  Coble
drafting)
Generative Diagnostic recommendations combining Naik
technician comments and sensor data
Generative LLM-driven CAD scripting Hertlein, Ahmed
) Generative Manufacturability and robotics planning Hertlein
Design
support
Generative CAD completion Ahmed
Generative Exploring Design modifications or alternatives Ahmed
Descriptive  Topic label suggestion for climate resilience Fung
documents
Other - . . . .
Descriptive  Active learning for technical report labeling Fung
Descriptive Knowledge graph representation of technical ~ Chung
chemistry documentation
Descriptive Knowledge graph representation of standards  Collard
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also play an important role, enabling domain experts to more efficiently work with large collections of
technical documents. The applications summarized here represent only those covered at the events
and are by no means an exhaustive list.

6. Conclusion

The 2024 TLP COI Workshop at NIST and the TLP and LLM panel at the 2024 PHM Society Conference
highlighted progress made as well as identifying and articulating challenges in advancing TLP across
industry, academia and government. Speakers explored critical topics spanning methods, best
practices and applications. Looking ahead, the TLP community has the opportunity to continue cross-
collaboration, share lessons learned, develop practical guidelines, and help educate the workforce on
how to use these technologies effectively in ways which provide value. Future work should focus on
addressing complex challenges in ways that align with the specific data, applications, and precision
requirements of industry.
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Appendix A 2024 TLP COIl Workshop Organizers

Table 4. Organizers of the 2024 TLP COIl Workshop.

Organizer Affiliation

Michael E. Sharp  NIST

Sarah Lukens LMI Consulting LLC
Rachael Sexton NIST

Alden Dima NIST

Michael Dawson NIST

Michael Brundage

Applied Research Laboratory for Intelligence and Security (ARLIS)
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Appendix B Acronyms

AFRL: Air Force Research Laboratory

Al: Artificial Intelligence

ARLIS: University of Maryland Applied Research Laboratory for Intelligence and Security
CAD: Computer-Aided Design

COI: Community of Interest

DOI: Document Object Identifier

FMEA: Failure Mode and Effects Analysis

GSA: General Services Administration

LDA: Latent Dirichlet Allocation

LLM: Large Language Model

MD: Maryland

MIT: Massachusetts Institute of Technology

NIST: National Institute of Standards and Technology
NLP: Natural Language Processing

ORCID: Open Researcher and Contributor Identifier
PDF: Portable Document Format

PHM: Prognostics & Health Management

PSS: Product-Service Systems

RAG: Retrieval-Augmented Generation

SAE: Society of Automotive Engineers

SP: Special Publication

TLP: Technical Language Processing

TREC: Text REtrieval Conference

U.S.: United States

VLM: Vision Language Model
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