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Abstract

Ensuring worker safety remains a critical challenge in modern manufacturing environments. Industry 5.0 reorients the prevailing manufacturing
paradigm toward more human-centric operations. Using a design science research methodology, we identify three essential requirements for next-
generation safety training systems: high accuracy, low latency, and low cost. We introduce a multimodal chatbot powered by large language models
that meets these design requirements. The chatbot uses retrieval-augmented generation to ground its responses in curated regulatory and technical
documentation. To evaluate our solution, we developed a domain-specific benchmark of expert-validated question and answer pairs for three
representative machines: a Bridgeport manual mill, a Haas TL-1 CNC lathe, and a Universal Robots URSe collaborative robot. We tested 24 RAG
configurations using a full-factorial design and assessed them with automated evaluations of correctness, latency, and cost. Our top 2 configurations
were then evaluated by ten industry experts and academic researchers. Our results show that retrieval strategy and model configuration have a
significant impact on performance. The top configuration, selected for chatbot deployment, achieved an accuracy of 86.66%, an average cost
of $0.005 per query, and an average end-to-end latency of 10.04 seconds. This latency is practical for delivering a complete safety instruction
and is measured from query submission to full instruction delivery rather than generation onset. Overall, our work provides three contributions:
an open-source, domain-grounded safety training chatbot; a validated benchmark for evaluating Al-assisted safety instruction; and a systematic
methodology for designing and assessing Al-enabled instructional and immersive safety training systems for Industry 5.0 environments.
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over 12.7 million workers [2] and drives around 54% of the

1. Introduction

Manufacturing continues to play a central role in the U.S.
economy. In 2024, it generated more than $2.9 trillion in annual
GDP, or roughly 10% of total U.S. economic output, according
to the Bureau of Economic Analysis [1]. The sector employs
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research and development conducted by American businesses
with 10 or more domestic employees in 2021 [3]. These figures
highlight both the economic importance of the sector and the
need to support the safety and productivity of its workforce.
During the past 15 years, manufacturing has experienced
a significant shift with the rise of smart manufacturing tech-
nologies, often referred to as Industry 4.0. These advances in-
clude the Industrial Internet of Things (IIoT), cyber-physical
systems (CPS), collaborative robots (cobots), machine learn-
ing (ML), and other digital tools that provide real-time data for
process monitoring and system adaptation [4]. Even with these
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improvements, Industry 4.0 still faces limitations. Many sys-
tems operate close to their technological ceiling, where adding
more automation produces only small gains. Legacy equipment
also makes it difficult to achieve interoperability and reconfig-
ure systems quickly. As production demands change and hu-
man robot interaction becomes more common, issues such as
ergonomic strain, operator fatigue, and safety concerns con-
tinue to appear. These ongoing challenges show that produc-
tivity gains alone are not enough to ensure resilience. More re-
cently, Industry 5.0 has emerged to address these concerns by
placing human centricity, resilience, and sustainability on equal
footing with efficiency [4, 5]. By encouraging closer collabo-
ration between humans and intelligent machines, Industry 5.0
points toward manufacturing systems that are more adaptable,
safer, and better able to recover from disruptions while contin-
uing to improve through digital intelligence.

Despite its economic importance, manufacturing continues
to face persistent safety challenges. According to the U.S. Bu-
reau of Labor Statistics [6], the sector reported over 320,000
workplace injuries, making it one of the most hazardous occu-
pational domains. Common incidents include being struck by
objects or equipment (3™ most common workplace injury) and
being caught in or compressed by equipment/ objects (4™ most
common)[7]. These events endanger workers and impose sub-
stantial economic costs on employers and the broader economy.
The manufacturing sector spends ~$7.5 billion annually on di-
rect medical payments and lost wages [7]. Non-fatal workplace
injuries result in an average of 11 lost workdays per employee,
equivalent to ~$1,590 in lost productivity per case [8].

Contributing factors to workplace safety incidents include
systems and worker-level factors. Along with the traditional
safety concerns, the evolving manufacturing environment has
created new challenges for manufacturing operators, as they
need to know about and interact with new systems. For exam-
ple, variations in equipment make it difficult for operators to re-
member operating procedures across a range of systems. When
this is accompanied by the time pressure imposed by high pro-
duction demands, safety incidents may be more likely to occur.

This is where the application of Al can have a positive influ-
ence. For example, prior studies have identify applications of Al
in manufacturing to support operators in performing their tasks,
including the presentation of maintenance guidelines, process
monitoring, predicting machine downtime, and worker training
[9, 10]. Modernizing worker training is a critical area for ad-
vancing worker performance and mitigating safety risk. Tradi-
tional training has often involved classroom or online lecture-
based content presented upon job entry and/or at fixed intervals
(e.g., annually). This approach is static and fails to reflect the
complexity of modern manufacturing environments or worker
experiences. In this static setup, when an operator needs infor-
mation about a piece of equipment, they may not be able to
easily access information in a user manual or online. There is
thus a pressing need for adaptive, context-aware training sys-
tems capable of providing personalized, accurate, and readily
accessible safety information in real time.

Following a design science research (DSR) methodology
[11], our work identifies three essential requirements that a

next-generation manufacturing safety training solution must
satisfy: high accuracy, low cost, and low latency. To address
these requirements, we propose an open-source, Retrieval Aug-
mented Generation (RAG) based chatbot grounded in regu-
latory documents such as OSHA standards and OEM manu-
als. Prior work in construction safety shows that chatbot-based
training can improve hazard awareness, especially for partici-
pants with limited on-site experience [12]. One advantage iden-
tified in that work is the ability to tailor training materials to
specific worker needs. By combining large language models
(LLMs) with curated, domain-specific sources, our RAG sys-
tem provides precise and contextually relevant safety guidance
while maintaining affordability and responsiveness.

A second contribution of our work is the development of a
domain-specific benchmark that evaluates the chatbot’s safety
reasoning capabilities. Our benchmark spans three generations
of manufacturing technology. It includes a legacy manually
operated system represented by the Bridgeport Manual Mill,
an automated Industry 3.0 system represented by the 7TL-I
CNC machine, and an Industry 5.0 collaborative system rep-
resented by the Universal Collaborative Robot (Cobot). We
constructed datasets of question and answer pairs related to
each machine. All datasets were vetted by industry practition-
ers and researchers with expertise in smart manufacturing, in-
dustrial engineering, occupational safety, and human factors.
These benchmark datasets support reproducible evaluation of
accuracy and latency and form a foundation for future research
in safety-oriented conversational Al systems.

In summary, our work contributes to the growing literature
on Al for occupational safety and training by showing how
RAG systems can transform static safety instruction into a dy-
namic/interactive experience. By integrating regulatory ground-
ing, multimodal reasoning, and open benchmarking, our re-
search offers a pathway for using Al to enhance worker safety,
compliance, and preparedness in Industry 5.0 environments.

2. Literature Review

Existing research in manufacturing has explored a range of
Al-driven approaches to enhance worker safety, hazard aware-
ness, and on-site decision support. Three interrelated themes
emerge from this work. The first is the use of Al including
LLMs and RAG, for training and decision-making. The sec-
ond is the development of multimodal interfaces, such as vision
and language systems, to support richer human-machine inter-
action. The third is the use of digital twin environments for sim-
ulation, monitoring, and operator support. This section reviews
representative work in each of these areas.

Conversational Al frameworks have begun to help operators
interpret real-time industrial data. For example, Jeon et al. [13]
observe that limited digital literacy among shop-floor workers
often makes conventional monitoring interfaces difficult to use.
Their system, ChatCNC, addresses this issue by allowing oper-
ators to ask plain-language questions about machine conditions,
such as whether a machine is overheating, instead of navigating
complex software menus and interfaces.
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Research in this space reflects a broader shift toward Al-
mediated instruction and monitoring that aims to reduce hu-
man error and improve safety outcomes. Natural language tech-
niques such as LLMs are particularly attractive because they
blend general reasoning capability with a conversational inter-
face that aligns well with Industry 5.0’s emphasis on human-
centric smart manufacturing. For example, Wang et al. [14]
developed a collaborative robot with vision—language abilities
that enable it to visually map its surroundings and follow spo-
ken or written instructions through an LLM-based parser. Sim-
ilarly, Lou et al. [15] built an LLM-powered cognitive agent
that plans and makes decisions for assembly and disassembly
tasks. Their agent demonstrates context awareness and outper-
forms traditional automation by leveraging the LLM’s extensive
knowledge and reasoning abilities. These examples show how
LLM:s can function as conversational intermediaries that trans-
late operator intentions into complex technical actions.

A major challenge for LLMs in manufacturing is the gap be-
tween broad model training and the specific, real-time knowl-
edge needed on the factory floor. RAG has emerged as a
practical solution to this issue by pairing an LLM with a re-
trieval component that supplies relevant domain information
such as documents, sensor readings, or knowledge base en-
tries. Fan et al. [16] illustrate this approach with MaViLa, a vi-
sion—language model capable of interpreting live visuals and
grounding its guidance with retrieved manufacturing knowl-
edge. While MaViLa focuses on broad manufacturing tasks such
as process understanding and skill acquisition, our work targets
manufacturing safety and uses RAG to ground responses in a
curated safety knowledge base.

Another important development in manufacturing involves
the growing adoption of multimodal interfaces that integrate
vision, language, and other data modalities. Many shop-floor
scenarios are inherently visual, such as identifying hazards or
verifying proper use of protective equipment, which means an
Al assistant that can both see and converse offers clear ad-
vantages over text-only systems. The industrial metaverse de-
scribed by Li et al. [17] envisions manufacturing environments
where workers and Al interact through virtual and augmented
reality tools that combine digital avatars, spatial audio, mixed-
reality visuals, and text. These trends demonstrate that an effec-
tive manufacturing chatbot must be multimodal so that it can
process images or sensor data and generate language that sup-
ports safety monitoring and operator assistance. Multimodality
therefore serves as a core design principle in our work.

Digital twins and virtual environments have also emerged as
key platforms for integrating LLMs, RAG, and multimodal in-
terfaces in realistic, safety-oriented settings. A digital twin is a
dynamic virtual representation of a physical system that main-
tains continuous two-way communication with its real-world
counterpart, enabling real-time monitoring, predictive simu-
lation, control, and what-if analysis. In manufacturing, these
technologies support proactive safety management and training
without interrupting production. Gautam et al. [18] demonstrate
this potential by linking an LLM-based agent system with a
factory digital twin. Their system uses specialized LLM agents
for machine expertise, data visualization, and fault diagnosis to

process streaming IIoT data and reflect the factory state in a
virtual model. The digital twin then offers an interactive 3D in-
terface where operators can query an avatar about system status
or troubleshooting steps, allowing them to gain insights without
approaching hazardous equipment.

Taken together, these developments show the main com-
ponents of a modern manufacturing safety assistant. They
demonstrate that LLMs support natural communication, that
RAG provides timely and relevant domain knowledge, and
that multimodal understanding is essential for interpreting fac-
tory conditions. Despite this progress, the literature still lacks
(1) domain-grounded, safety-focused benchmarks with expert-
validated gold answers, (2) systematic, controlled comparisons
of multiple retrieval strategies and model configurations using
accuracy-latency—cost criteria, and (3) a reproducible method-
ology linking knowledge-base design choices to end-to-end
RAG performance for manufacturing safety guidance. Our
work addresses these gaps by proposing a RAG-based chatbot
for manufacturing safety training and hazard prevention. Our
system uses an extensive safety knowledge base, perceives the
manufacturing environment, and engages in dialog to deliver
practical safety guidance and real-time risk analysis. Moreover,
we contribute an expert-validated benchmark spanning repre-
sentative manufacturing equipment and describe a systematic
methodology for selecting RAG configurations.

3. Research Methodology

We address the challenge of modernizing hazard-recognition
training in manufacturing by adopting a design science re-
search methodology (DSR) [11]. This methodological approach
is well-suited for the development and evaluation of informa-
tion technology solutions (artifacts) that aim to solve complex,
real-world problems. Following DSR ensures that our work sys-
tematically integrates scientific rigor with practical relevance,
producing outcomes that are both theoretically grounded and
operationally viable within industrial settings.

In particular, our research process follows the six-stage
model outlined by Peffers et al. [11], which we elaborate on
throughout the paper: (1) problem identification and motivation,
(2) definition of solution objectives, (3) artifact design and de-
velopment, (4) demonstration, (5) evaluation, and (6) commu-
nication. We have already identified and motivated the problem
in the preceding section, and the last stage of the DSR method-
ology, i.e., communication, is represented by this paper. That
said, we now turn to the second stage, namely defining the solu-
tion objectives, which are derived “from the problem definition
and knowledge of what is possible and feasible” [11]. To opera-
tionalize this stage, we established a set of design requirements
that any proposed artifact must satisfy to address the underlying
hazard-recognition and safety-training challenges.

Our first design requirement concerns system accuracy,
which represents the non-negotiable foundation of any effec-
tive safety-training system. In industrial environments, inaccu-
rate or misleading instructions can lead to improper procedures,
equipment misuse, and, in the worst cases, fatal accidents. A
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training artifact that compromises factual precision risks under-
mining the very purpose of hazard education. Therefore, every
element of the system, whether textual guidance, visual cues,
or procedural demonstrations, must convey information that is
technically correct, operationally safe, and fully aligned with
regulatory and manufacturer standards. The following require-
ment definition captures the above discussion.

Design Requirement #1 (Accuracy): Training arti-
facts must deliver information that is technically cor-
rect and operationally safe.

Our second design requirement concerns system latency, re-
flecting the need for timely and responsive feedback within dy-
namic manufacturing environments. In industrial contexts, haz-
ards can emerge and evolve in seconds, and delayed or slug-
gish responses can render safety guidance ineffective or even
dangerous. A training system that fails to deliver instructions,
alerts, or assessments in real time risks losing its relevance to
the unfolding situation on the shop floor. Therefore, any pro-
posed solution must minimize end-to-end latency in both data
processing and user feedback, ensuring that workers receive im-
mediate, context-appropriate information as they interact with
machinery or simulated environments. Here, latency is defined
as the total time from user query submission to complete in-
struction delivery (i.e., full response rendered), not time-to-
first-token or generation onset. Low end-to-end latency is es-
sential not only for maintaining user engagement and situa-
tional awareness but also for reinforcing procedural learning
under realistic temporal conditions. The following definition
summarizes our second design requirement.

Design Requirement #2 (Latency): Artifacts must
provide timely and responsive feedback, ensuring
that safety instructions are rapidly provided under
changing conditions in manufacturing environments.

Our third design requirement concerns the cost of deploy-
ment and operation, emphasizing the importance of economic
accessibility for broad adoption across the manufacturing sec-
tor. Safety innovation cannot achieve its intended societal im-
pact if the associated technologies are prohibitively expensive
to implement, maintain, or scale. Many small and medium-
sized manufacturers, which account for 98 percent of U.S. man-
ufacturing firms [19], face constrained capital and “do not have
the resources” to invest in advanced technologies and associ-
ated training [20]. Therefore, training solutions must minimize
recurring expenses such as software licensing, hardware re-
quirements, and data-processing costs, without compromising
instructional quality or safety integrity.

Design Requirement #3 (Cost): Artifacts must min-
imize deployment and operational costs to ensure af-
fordability and, consequently, adoption across manu-
facturers of varying sizes.

In the following sections, we design, demonstrate, and eval-
uate an artifact that satisfies the above design requirements.
We do so by proposing the six-phase framework in Figure 1

for building manufacturing-safety chatbots grounded in expert-
curated operational and safety documents. These phases align
perfectly with our DSR methodology. For example, Phases 1
and 2 are part of the third DSR stage called “artifact design
and development.” In particular, in Phase 1, we curate and pre-
process safety materials from OSHA, the National Institute for
Occupational Safety and Health (NIOSH), and Original Equip-
ment Manufacturer (OEM) manuals to build a reliable, struc-
tured corpus. In Phase 2, we construct multiple knowledge
bases that integrate keyword, semantic, and graph indices to
support flexible information retrieval for question answering
(Q&A). In Phase 3, we transition to the fourth design science
stage, namely artifact demonstration. In particular, we demon-
strate how a grounded, multimodal chatbot can be developed
based on the knowledge base and indexing from the previous
phase. Phases 4 to 6 are linked to the fifth stage of our DSR
methodology, namely artifact evaluation. Phase 4 develops a
benchmark Q&A dataset, with expert-validated questions and
reference answers. We evaluate multiple RAG configurations
using automated metrics in Phase 5 to identify a reasonable
subset of configurations for human evaluation. In Phase 6, we
employ blind human evaluation to select the “best” configura-
tion. The evaluations in Phases 4 to 6 enable us to implement a
single configuration and deploy a multimodal chatbot that inte-
grates text, visual, and speech interactions.

4. Artifact Design and Development

In the third stage of our DSR methodology, we designed
and developed a concrete artifact. While many digital solutions
could theoretically address the challenge of delivering acces-
sible, accurate, and adaptive safety training in manufacturing,
few can simultaneously meet the requirements of accuracy, low
latency, and affordability identified in Section 3. For example,
generic e-learning platforms or static digital manuals often fall
short because they lack contextual awareness, interactivity, and
real-time responsiveness. In contrast, modern Al technologies,
such as a multimodal chatbot capable of processing text, im-
ages, and speech, offer a uniquely flexible and human-centered
medium for safety communication. In particular, by embed-
ding RAG techniques within a multimodal interface, such a
system can ground its responses in authoritative safety docu-
ments while allowing workers to query information naturally
through the mode most convenient to their environment. Given
the advantages of conversational accessibility, multimodal ca-
pability, and ability to ground responses in authoritative doc-
uments, a RAG-based chatbot is a suitable artifact to opera-
tionalize the design requirements and realize the goals of Indus-
try 5.0-aligned, human-centric safety training. We next describe
the first two phases of our framework (Figure 3), which focus
on data curation and the construction of RAG methods.

4.1. Phase 1: Source Curation and Corpus Development

Phase 1 establishes the foundation of the chatbot develop-
ment framework by focusing on the systematic curation and
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Figure 1. An overview of our proposed six-phase framework for developing, demonstrating, and evaluating a multimodal manufacturing-safety chatbot.

preparation of safety-critical source materials. This stage en-
sures that all subsequent modeling and retrieval processes are
grounded in authoritative, high-quality data.

4.1.1. Collect Safety Documents

Grounding LLM responses in authoritative documents re-
duces hallucinations and improves factual correctness when
compared to generation from the LLM alone [21]. We curated
four categories of documents to ensure that the chatbot’s re-
sponses are grounded in authoritative safety expectations: (1)
OSHA Laws and Regulations, i.e., CFR 1910 Subparts O and
N, (2) OSHA technical guidance documents, (3) NIOSH safety
alerts, and (4) OEM manuals for our target machines. Figure 2
summarizes our data sources.

4.1.2. Extract and Clean Text
For each document, we first determined whether it was
machine-readable. For machine-readable PDFs, we used the

Python library PyMuPDF, which returns page-level text while
preserving paragraph structure. If the document stored text as
embedded images, we applied the Mistral OCR API to produce
a text layer with page boundaries and paragraph breaks. After
OCR, these documents were processed identically to machine-
readable files to ensure a unified format across the corpus.

4.1.3. Content Segmentation

For longer documents, such as OSHA standards and OEM
manuals, we used the table of contents to identify the start of
chapters and subchapters, and split the document accordingly.
This segmentation keeps each text unit aligned with meaning-
ful instructional topics. Shorter narrative documents, such as
NIOSH safety alerts, often lack a usable table of contents. For
these, we applied a length-based rule: documents exceeding
3,000 words were divided into smaller sections. This threshold
balances retrieval performance by preventing segments from
becoming excessively large or too fragmented.
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Phase 1: Source Curation and Corpus Development

3l OSHA Regulations (29 CFR 1910):
1910.147 (Control of Hazardous Energy: Lockout/Tagout),
1910.178 (Powered Industrial Trucks),
1910.211-1910.219 (Guarding to Mech. Power Transmission)

B OSHA Technical Documents:
3120 (Control of Hazardous Energy Lockout-Tagout),
3170 (Safeguarding Equipment & Protecting from Amputations),
OSHA Technical Manual (Sec. IV: Ch. 4 Industrial Robot Safety)

A NIOSH Safety Alerts and Guidance:
2011-156 (Lockout/Tagout to Prevent Injury during Maintenance),
85-103 (Preventing the Injury of Workers by Robots)

#$ OEM Manuals:
Bridgeport Milling Machine (M-508, 2018),
Haas Lathe Operator’s Manual (96-8910, Rev. J),
URSe Universal Robots User Manual

Figure 2. Regulatory, safety, and OEM documents forming our safety corpus.

4.1.4. Filename Standardization

Once segmented, each section was saved as its own PDF, and
any repeated header, footer, or boilerplate content was removed
when present. We standardized filenames to include the source
type, the document identifier, the section title, and the original
page range. This naming convention ensures that each file is
traceable back to its authoritative source and simplifies manual
review, debugging, and alignment in downstream steps.

4.2. Phase 2: Knowledge Base and Indexing

The goal of this phase is to construct the knowledge bases
from the segmented documents in Phase 1 and develop the
retrieval mechanisms that the chatbot relies on when answer-
ing questions. Prior research has shown that different retrieval
strategies can surface different types of relevant content [21].
Because manufacturing safety questions may use precise ter-
minology or broader hazard descriptions, we examined multi-
ple retrieval methods rather than relying on a single strategy. In
later phases, we evaluate which approach performs best when
answering the benchmark questions developed in Phase 4.

4.2.1. Cloud-Based Keyword and Semantic Search Indices

We uploaded the segmented PDF documents from Phase
1 into an OpenAl-managed vector store, i.e., a database that
stores documents as numerical representations (embeddings),
enabling comparison and retrieval based on similarity in a high-
dimensional vector space. OpenAl was selected as the vector
store and retrieval provider for two main reasons. First, its em-
bedding models and retrieval API are tightly integrated, reduc-
ing engineering overhead and limiting potential sources of error
in data preprocessing and indexing. Second, OpenAl provides
a fully managed, scalable service with strong latency and relia-
bility guarantees, simplifying deployment and supporting real-
time interactive querying.

During ingestion, we specified a chunk size of 4,000 tokens
(approximately 3,000 words; the default is 800 tokens) to en-
sure that the API did not further subdivide our segmented docu-
ments. As of Feb. 06, 2026, the OpenAI Retrieval API sup-
ports two retrieval modes over the same stored data. In keyword
search mode, the system prioritizes exact or near-exact lexical
matches between the query terms and the stored content. In se-
mantic search mode, the system rewrites or embeds the query
and retrieves passages whose vector representations are close in
meaning, even when they do not share surface-level wording.
Keyword search is most effective when users know and reuse
technical terms verbatim, whereas semantic search better sup-
ports users who describe their information needs in everyday
language or with partial recall of the original phrasing.

4.2.2. Local Index for Keyword Search

We constructed a local keyword-based index using the
BM?2S5 retriever in the Python LangChain library. BM25 em-
ploys probabilistic term weighting to rank documents based on
estimated relevance and has remained a competitive baseline in
information retrieval [22]. We selected BM25 for three primary
reasons. First, as a purely lexical method, BM25 is well aligned
with queries that contain distinctive regulatory language, com-
ponent identifiers, or procedural step names, all of which tend
to appear verbatim in technical manuals. Second, maintaining
the BM25 index locally eliminates per-query API costs and re-
duces dependency on external services, which is advantageous
for repeated experimentation and for potential deployment in
cost-sensitive or bandwidth-constrained environments. Third,
local execution provides consistently low latency and full con-
trol over the indexing and retrieval pipeline, facilitating repro-
ducibility and fine-grained inspection of retrieval behavior.

4.2.3. Graph-Based Indices

Graph-based retrieval methods allow the system to use both
textual similarity and structural relationships among safety con-
cepts, procedures, and component interactions. This is espe-
cially valuable in technical domains where relevant informa-
tion spans multiple steps or subcomponents, and where safe
outcomes depend on understanding dependencies rather than
isolated passages. Following the LangChain GraphRetriever
design [23], we implemented three graph RAG variants that
differ in how they explore or constrain graph neighborhoods.
AstraDB serves as the online vector storage backend for all
three configurations because it provides scalable embedding
storage with native support for vector similarity search and in-
tegrates smoothly with graph-based retrieval workflows.

The three variants provide complementary strategies. The
Graph Eager retriever expands outward through connected
nodes to gather broader context, which helps when queries are
imprecise. The Graph MMR variant applies maximal marginal
relevance to balance relevance and diversity, reducing redun-
dancy across similar segments. Finally, the vanilla similarity
search baseline over AstraDB performs traditional k-nearest-
neighbor retrieval without graph traversal and serves as a ref-
erence for assessing the added value of graph methods.
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4.2.4. Retrieval Routing Across Heterogeneous Indices

We implemented a unified retrieval router to coordinate ac-
cess to the six retrieval mechanisms described above: (1) Ope-
nAl keyword search, (2) OpenAl semantic search, (3) the lo-
cal BM25 retriever, (4) Graph Eager, (5) Graph MMR, and (6)
vanilla similarity search over AstraDB. The router decouples
retrieval strategy selection from the rest of the conversational
pipeline by standardizing how results are formatted and passed
to the underlying LLM. This ensures that downstream evalu-
ation compares retrieval strategies fairly and that performance
differences can be attributed to retrieval behavior rather than
formatting variations. Operationally, the routing layer allows
retrieval strategies to be swapped in or out without modifying
the chatbot architecture, enabling controlled experimentation in
Phases 4 to 6 and simplifying demonstration in Phase 3.

5. Artifact Demonstration

The fourth stage of our DSR methodology is to “demon-
strate the use of the artifact to solve one or more instances
of the problem™ [11]. For our case, this involved deploying a
publicly accessible multimodal chatbot interface that exposes
the safety-assistance capabilities of the underlying RAG sys-
tem to end users. The system focuses on three types of equip-
ment: the Bridgeport Manual Mill, TL-1 CNC Machine, and
the Universal Robots Collaborative Robot (Cobot). The inter-
face supports three input modes: (1) text-based dialogue, (2)
image-based queries, and (3) speech-to-speech interaction.

Operationally, the fourth stage corresponds to Phase 3 of our
development framework. We began by developing a text chat
interface that allows workers to pose safety-related questions in
plain language. The system then retrieves and synthesizes an-
swers grounded in the authoritative documents curated earlier
in the pipeline (see Section 4.1). We next added an image in-
put mode, enabling users to upload photographs of equipment,
controls, or workspace conditions. The model interprets the vi-
sual context and issues a retrieval query tailored to the situation,
returning relevant safety passages. Finally, we added a speech
modality to enable hands-free questions and spoken responses.

The deployed system was implemented as a Streamlit ap-
plication that integrates OpenAl’s Responses and Realtime
APIs to provide text, image, and speech capabilities through a
unified interface. Retrieval operates over the same corpus, vec-
tor stores, and indices established in earlier phases, preserving
traceability between responses and their documentary sources.
The application also exposes the retrieval router described in
Section 4.2.4, allowing users and researchers to select among
different RAG configurations and to experiment with them in
situ. This capability supports both practitioner use and system-
atic comparison in later evaluation phases.

The system logs session-level analytics and provides trans-
parent citations linking each answer to specific source passages,
supporting explainability, auditability, and user trust. A screen-
shot of the deployed application is shown in Figure 3, and the
full code implementation is available in the project repository
(see “Data and Code Availability” section).

About Multi-Method RAG

Authors: The SIGHT Project

System - SIGHT

Version: 3.0.3

Compare embedding-based
retrieval methods for machine
safety Q&A

Date: September 24,2025

Default Model: gpt-5-mini-2025-
08-07

Chat  Method Comparison  Experiments oiceChat  Analytics

Voice Chat - Hands-free Al Assistant

> Legend

Configuration
> Help
Chat/Comparison
Settings
Realtime Model Instructions

> Experiments Settings )
P & gpt-do-realtime-preview You are a helpful assistant for
SIGHT.

> Vector Store Voice (optional) 4

verse

Mint Ephemeral Token

Mint a token to enable the Start/Stop controls.

Figure 3. A screenshot of the voice module of our deployed chatbot. The chatbot
is available at https://sight.fsb.miamioh.edu/.

6. Artifact Evaluation

The fifth stage of our DSR methodology comprises “com-
paring the objectives of a solution to actual observed results
from use of the artifact in the demonstration” [11]. In our con-
text, this stage corresponds to a systematic assessment of how
well the proposed RAG configurations meet the design require-
ments identified earlier, namely high accuracy, low latency, and
cost. To enable this assessment, we adopt a three-stage evalua-
tion pipeline within our development framework. In Phase 4, we
curate a domain-specific benchmark of safety-related queries
and ground-truth reference answers derived from the authorita-
tive corpus. In Phase 5, we use the above benchmark to con-
duct controlled experiments over multiple RAG configurations.
Finally, in Phase 6, we conduct expert-based subjective evalua-
tions to evaluate the most promising configurations, ultimately
narrowing down to a single configuration that best balances per-
formance, cost, and latency for deployment.

6.1. Phase 4: Benchmark Q&A Dataset Development

We developed a comprehensive benchmark consisting of
questions and gold-standard answers derived from the opera-
tional and safety manuals of the three target machines. This
benchmark was designed to assess the chatbot’s ability to re-
trieve, reason about, and accurately convey safety-critical in-
formation across diverse levels of difficulty.

The process began with our research team conducting a
detailed review of each machine’s official manuals. From
these materials, we systematically extracted and formulated
questions that represent realistic scenarios faced by operators
and trainees in manufacturing settings. Each question was
paired with a corresponding answer grounded explicitly in the
manuals or regulatory guidelines, ensuring factual correctness
and traceability. For instance, an example of an easy question
was: What is a pinch hazard in robot operation?
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with the corresponding answer: A pinch hazard occurs
when body parts can be caught between moving
robot parts or surfaces. Easy questions can typically
be answered from a single section of a manual. To better
simulate realistic industrial information retrieval tasks, we also
created more challenging questions that required integrating
knowledge from multiple sections or documents. For example,
a complex question might ask: What are the external
connection ports on the robot? The answer should
be Teach Pendant Port, SD Card slot, Ethernet,
USB 2.0 and USB 3.0, Mini Displayport, 10A Mini
Blade Fuse, which requires synthesizing details scattered
across different technical sections. This ensured the benchmark
tested direct retrieval and reasoning capabilities of the system.

After the initial Q&A pairs were derived, we implemented a
validation phase to ensure content accuracy and industrial rel-
evance. Each Q&A was reviewed either by experienced safety
professionals from partner companies as well as by researchers
with expertise in manufacturing, engineering technology, occu-
pational safety and human factors engineering. Their feedback
was used to refine the clarity, technical precision, and contex-
tual relevance of the benchmark items. This iterative validation
process guaranteed that the benchmark accurately represented
the complexity of real-world safety knowledge and could be
reliably used for evaluating Al system performance across dif-
ferent machines and hazard contexts. We refer to the final, val-
idated answers in our benchmarks as gold-standard answers.

In total, we created 60 questions for the UR6 Cobot, 51 for
the Haas TL-1 lathe, and 42 for the Bridgeport Manual
Mill. Due to space constraints, we henceforth focus on the UR5S
Cobot in our evaluations since it exhibits greater operational
complexity and a higher degree of human—machine interaction
than the other two machines. We argue that the UR5 benchmark
sufficiently tests the system’s ability to retrieve and synthesize
information across multiple text segments (‘“‘chunks”) produced
during corpus pre-processing. As such, including additional re-
sults for other machines would provide little to no insight be-
yond what is demonstrated through the Cobot evaluation. Our
UR5 dataset contains 23, 30, and 7 questions classified as easy,
moderate, and challenging, respectively.

6.2. Phase 5: Automated Evaluation and Experimental Design

We used a full-factorial experimental design to study how re-
trieval method and model specification choices influenced the
quality of answers generated by the Al. The purpose was to
identify which configuration patterns consistently yielded cor-
rect responses obtained fast and cheaply before advancing a
small number of candidate configurations for human evalua-
tion in Phase 6. We vary three factors (see Table 1), resulting in
24 retrieval-generation pipelines. Henceforth, we use the term
pipeline to refer to a specific combination of the three factor
levels used to generate an answer from the LLM/chatbot. Each
pipeline is evaluated across all 60 benchmark questions, yield-
ing 24 x 60 = 1,440 generated responses per evaluation metric.

For each pipeline, we generate an answer to every bench-
mark question using that pipeline’s specific settings. All out-

Table 1. Factors and levels in the full-factorial experimental design.

Factor Purpose Levels

Retrieval Determines how rele- {OpenAI Keyword,

Approach vant safety text is se- OpenAI Semantic,
lected BM25, Graph Eager,

Graph MMR, Vanilla}

LLM Used Controls model capac-  {gpt-5-mini-2025-08-07,
ity and reasoning abil- gpt-5-nano-2025-08-07}
ity

Top—k Number of chunks re- {3, 7}

Retrieval turned

Depth

Total Pipelines = 6 x2x 1 x 1 x2 = 24

puts are stored together with their pipeline, question, and repli-
cate identifiers to support consistent evaluation. We used a sin-
gle system prompt (set of instructions) in our experiments. The
prompt explicitly instructs the model to use only the retrieved
sources when generating answers, preventing it from relying on
prior knowledge. To promote concise and comparable outputs,
the prompt instructs the model to provide direct answers in one
or two sentences when possible and to add brief supporting sen-
tences only when additional explanation is necessary. We set the
underlying LLM’s temperature parameter to O to ensure repro-
ducibility, making responses deterministic for a given pipeline.
Moreover, we set the maximum number of output tokens to
5,000 to avoid truncation of safety-critical answers while still
keeping costs bounded, and we set the reasoning effort to low
to avoid introducing additional latency and cost.

Given the generated answers from each pipeline along-
side the gold-standard answers, we computed a set of evalu-
ation metrics corresponding to the three design requirements
in Section 3. The complete set of metrics and their definitions
are summarized in Table 2. First, accuracy was assessed us-
ing an LLM-as-judge that compares each generated answer
to the gold-standard answer and returns a binary decision.
The LLM-based judgment used standardized evaluation prompt
templates provided in the LangChain “RAG Evaluation” tuto-
rial [24] and ChatGPT 5 as the model evaluator. Second, la-
tency was measured as the end-to-end response time for an-
swer generation. Third, cost values were built into the experi-
ment design by restricting model selection to smaller/distilled
versions of ChatGPT 5, namely gpt-5-mini-2025-08-07
and gpt-5-nano-2025-08-07. These LLMs are consid-
ered to be high-performing and relatively low-cost. As of
October 2025, the gpt-5-mini-2025-08-07 was priced
at $0.25/IM input tokens and $2/IM output tokens, and
gpt-5-nano-2025-08-07 was priced at $0.050/1M input to-
kens and $0.400/1M output tokens.

6.3. Phase 6: Human Evaluation

While automated evaluations provide valuable initial in-
sights, they can only go so far in identifying the best re-
trieval-generation pipeline. For example, metrics such as LLM-
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Table 2. Summary of evaluation metrics used in our framework/experiment.

Metric

Definition / Prompt Basis

Accuracy Binary decision from LLM-as-judge compar-
ing the generated answer with its corresponding
gold-standard answer

Latency Model response time

Cost Token cost for gpt-5-mini and gpt-5-nano

as-judge may be imperfect for differentiating accuracy across
solutions. To complement these results and select a single final
pipeline, we conducted a human expert evaluation.

In the first stage, we evaluated all 24 pipelines on the full
UR5 Cobot benchmark. Performance was assessed primarily
on accuracy. Latency was considered as a secondary criterion,
and cost was treated as an acceptability threshold rather than
a ranking factor. When pipelines had no practical differences
in accuracy or latency, we relied on their accuracy ranking to
guide the selection of candidates. Based on this evaluation plan,
we narrowed the original set of 24 pipelines down to 2.

After this narrowing step, we drew a random sample of ten
questions from the UR5 Cobot benchmark for human evalua-
tion. For each sampled question, we retrieved the correspond-
ing answers generated by the two selected pipelines. These ten
questions and answers were then presented to expert evalua-
tors through a purpose-built web interface that enabled blind
side-by-side comparison of model outputs. Figure 4 shows this
evaluation interface. This setup allowed us to distribute a struc-
tured survey to domain specialists in manufacturing, occupa-
tional safety, and human factors. All evaluators were safety en-
gineers and academic researchers; we did not include front-line
operators in this study. A planned future study includes assess-
ing how performance and reliance change for less technically
literate user groups, including new operators.

6.4. Results

We next report our experimental results by comparing differ-
ent RAG configurations to understand their impact on the met-
rics of interest. Specifically, we highlight key trends and trade-
offs observed in our experiments, leading to the configuration
that offers the most practical balance for deployment in manu-
facturing training settings. Figure 5 summarizes our results.

6.4.1. Accuracy

First, we examined how each of the pipelines affected the
proportion of answers judged correct relative to the gold-
standard answers (as depicted in Figure SA). Our reported anal-
yses in this subsection focus on main effects. That is, the av-
erage impact of each factor when collapsing over the others,
rather than on specific interactions between model, retrieval
depth, and retrieval method.

Across all conditions, the larger gpt-5-mini-2025-08-07
model achieved a higher overall correctness rate (0.73) than the
smaller gpt-5-nano-2025-08-07 model (0.62). A paired Mc-
Nemar test confirmed that this difference was statistically sig-

Question:
What safety modes does the robot arm have?

Answer-based on Cobot User Manual:
The robot arm has three safety modes. Normal mode, reduced
mode, and recovery mode.

Generated Answer A: Generated Answer B:
The robot safety system has The robot arm has three
three Software Safety Modes: software Safety Modes: Normal,
Normal, Reduced and Recovery. Reduced, and Recovery. -
Supporting details: - Normal: Normal: the default active
active by default (standard safety mode. - Reduced: a
safety limits). - Reduced: more restrictive mode triggered
active when triggered by a by a Trigger Reduced Plane or
Trigger Reduced Plane or an an external safety input
input; uses more restrictive (reached within 500 ms). -
limits. - Recovery: entered Recovery: activates when a
when a safety limit is violated safety limit is violated or if the
or if a limit is already violated at robot powers on already
power-up; allows manual outside limits; it allows manual
movement back within limits movement to bring the arm
under fixed recovery limits. back within limits and prevents
running programs.

*Which generated response is closer to the gold answer?

O Generated Answer A

O Generated Answer B

O Tie / About the same

Figure 4. A screenshot of the interface used for human evaluation for blind side-
by-side comparison of model outputs.

nificant, y*(1,N = 720) = 19, p < .001. In other words, the
presumed additional capacity of the mini variant translated into
more accurate safety-related answers in our benchmark when
averaging across retrieval depths and approaches.

Next, we assessed the effect of the number of retrieved
chunks provided to the LLM (top k = 3 vs. 7). Accuracy was
similar across these conditions, with correctness proportions
of 0.67 and 0.68 for top k = 3 and top k = 7, respectively.
McNemar'’s test found no statistically significant difference be-
tween these retrieval-depth settings, y>(1, N = 720) = 38,
p = 0.445. From a practical perspective, correct proportions
of 0.67 and 0.68 are also practically indistinguishable, which
implies that the added computational cost of retrieving more
chunks may not be justified in our case.

Finally, we investigated the main effect of retrieval approach
on answer accuracy. Cochran’s Q test indicated a significant ef-
fect of retrieval method, Q(5) = 103.24, p < 0.001. Averaged
across models and retrieval depths, the highest proportions of
correct answers were observed for the OpenAI Keyword and
OpenAI Semantic approaches (both 0.77), followed by BM25
(0.71), Vanilla (0.68), Graph MMR (0.62), and Graph Eager
(0.50). Post-hoc pairwise McNemar tests with Holm adjust-
ment, focusing on the three best-performing methods, revealed
no significant differences among OpenAI Keyword, OpenAl
Semantic, and BM25 (all adjusted p = 0.2), indicating statis-
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Figure 5. Comparison of the performance of our 24 RAG pipelines across correctness (A), generation time, i.e., latency (B), and cost (C). The y-axis in each subplot
utilizes the LLMModel _RagApproach_TopKChunksUsedAsInput naming convention. For each subfigure, we sort the pipelines by performance, placing the best at

the top (using median performance for the box plots).

tically equivalent performance at the top end. Both OpenAl-
based methods, however, significantly outperformed all remain-
ing baselines, i.e., Graph Eager, Graph MMR, and Vanilla
(all adjusted p < 0.05), highlighting the advantage of OpenAl’s
retrieval strategies for maximizing response correctness.

These results characterize average (main) effects of each fac-
tor. That is, we ask questions such as “Is mini more accu-
rate than nano on average?” or “Which retrieval approach per-
forms best on average?” rather than examining the full pattern
of interactions (for example, whether certain retrieval methods
benefit mini more than nano, or whether top k = 7 helps
some methods but not others). Analyses at the level of specific
model-method—depth combinations, e.g., those in Figure 5A,
would be required to fully characterize such interaction effects.

6.4.2. Latency

We next examined how each of the model choice, re-
trieval depth, and retrieval approaches influenced end-to-
end response time (Figure 5B). As expected, the smaller
gpt-5-nano-2025-08-07 model generated responses more

quickly than the larger gpt-5-mini-2025-08-07 model.
Mean latency for the mini model was My, = 12.03 s, com-
pared with My, = 9.53s for the nano model. A one-sided
paired ¢-test (testing whether the mini model was slower than
the nano model) confirmed that this difference was statistically
significant (r = 20.80, p < 0.001). This means that the higher
accuracy gains associated with the mini model (described in
Section 6.4.1) came with a marked increase in response time.

Retrieval depth also produced a measurable latency effect.
Providing the LLM with k = 7 retrieved chunks yielded a mean
response time of M;-7 = 10.98 seconds. On the other hand, pro-
viding k = 3 retrieved chunks results in a mean response time
of M;_3 = 10.58 seconds. Although the absolute difference was
modest (approximately 0.4 seconds on average), a one-sided
paired #-test (testing whether k = 7 was slower than k = 3) in-
dicated that it was statistically significant (# = 3.52, p < .001).
This means that increasing the number of retrieved chunks thus
led to a small but measurable increase in latency.

Finally, latency varied substantially across retrieval ap-
proaches. A Friedman test revealed a significant overall effect
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of retrieval method on response time (y2(5) = 822.53, p <
0.001). Mean latencies (in seconds) for each approach were:
Mpas = 6.11, MOpenAISemantic = 8.08, MOpenAIKeyword = 8.56,
Myanina = 11.61, MGraphEager = 14.97, and MGraphMMR =
15.35. Post-hoc Wilcoxon signed-rank tests with Holm correc-
tion showed that all pairwise differences were statistically sig-
nificant (peorrected < 0.05) except for the comparison between
OpenAI Keyword and OpenAI Semantic (adjusted p = 0.71),
whose latencies were statistically equivalent.

It is important to note that our latency measurements re-
flect end-to-end time to generate the entire response, rather
than time-to-first-token. As a result, these values can overes-
timate perceived latency in practice, since users typically be-
gin reading or listening while the response is still being gen-
erated. More importantly, the chatbot is intended for informa-
tional safety guidance (e.g., training and decision support) and
is not designed for time-critical protective actions such as emer-
gency stop activation or lock-out/tag-out execution, for which
latencies on the order of seconds (or less) are required.

6.4.3. Cost

To complement the accuracy and latency analyses, we eval-
uated how each of the model size, retrieval depth, and retrieval
method affected the monetary cost per request (Figure 5C).
Costs were computed from input and output token usage under
the October 2025 pricing for gpt-5-mini-2025-08-07 and
gpt-5-nano-2025-08-07.

Averaged across retrieval settings, the mini model was more
expensive than the nano model. The mini variant cost $0.0028
per query on average, compared with $0.00056 for the textt-
tnano model. A one-sided paired #-test confirmed that this dif-
ference was statistically significant (+ = 48.67, p < 0.001),
confirming that the additional power of the mini model comes
with a substantially higher token cost.

Second, we assessed the impact of retrieval depth. Pipelines
that used k = 3 retrieved chunks had a mean per-query cost of
$0.0013, compared with $0.002 for k = 7. A one-sided paired ¢-
test (testing whether k = 7 was more expensive than k = 3) indi-
cated that this difference was statistically significant (# = 18.25,
p < 0.001). Thus, on average, deeper retrieval nearly doubled
the per-query cost, slightly increased the latency (Section 6.4.2)
and produced modest gains in accuracy (Section 6.4.1).

Finally, we investigated cost differences across retrieval
approaches, averaging over models and retrieval depths. A
Friedman test showed a significant overall effect of retrieval
method on cost (y*(5) = 942.05, p < 0.001). Mean
per-query costs were lowest for Graph Eager ($0.00064),
followed by Graph MMR ($0.00097), Vanilla ($0.00168),
BM25 ($0.00185), OpenAI Semantic ($0.00240), and OpenAl
Keyword ($0.00247). Post-hoc pairwise Wilcoxon signed-rank
tests with Holm correction show that all methods differed sig-
nificantly from one another (all adjusted p < 0.05).

Although the cost differences across methods were statisti-
cally significant, their practical impact is modest in our antici-
pated deployment setting. Even the most expensive configura-
tions differ by only a few thousandths of a dollar per query. At
an expected volume of fewer than 10,000 queries per month,

these differences amount to only a few dollars in monthly
spend. Thus, while statistically significant, the observed cost ef-
fects are not likely to be decisive for chatbot usage at our scale.

6.5. Best Pipeline Selection

Selecting a single RAG configuration for deployment re-
quires balancing the competing objectives of accuracy, latency,
and cost. Our experimental findings indicate that no single
pipeline dominates across all three criteria, reinforcing the in-
herently multi-objective nature of RAG system optimization.
Out of the 24 pipelines, the OpenAl keyword retrieval method
paired with gpt-5-mini-2025-08-07 consistently produced
the highest accuracy scores, reaching 86.66% and 83.33%, re-
spectively, when using retrieval depths of k = 7. The average
latency and cost values for both pipelines were approximately
10 seconds and $0.005, respectively.

Subsequently, we followed the evaluation protocol described
in Section 6.3 and conducted a blind human-expert assess-
ment of the top-performing pipelines. Eleven manufacturing
and occupational safety experts, including seven external to our
research team, participated in the review. They evaluated re-
sponses from the two most accurate pipelines (gpt-5-mini
paired with OpenAI Keyword and OpenAI Semantic re-
trieval at k = 7) using a randomly selected subset of ten
benchmark questions. Across the resulting 110 blinded com-
parisons (11 experts X 10 questions), the experts preferred the
the OpenAI Keyword retrieval in 45 (41%) cases, the OpenAI
Semantic retrieval in 29 (26%) cases, and judged 36 (33%)
cases as ties. Taken together, the expert evaluations corrob-
orated the LLM-as-Judge evaluation approach and decisively
supported the gpt-5-mini-2025-08-07 + OpenAI Keyword
+ top-k = 7 pipeline as the most suitable configuration for de-
ployment. Although this configuration is not the cheapest nor
the fastest, it offers the best trade-off for safety-critical envi-
ronments. It maximizes retrieval and generative accuracy (the
system’s most important requirement), while maintaining ac-
ceptable levels of cost and latency.

7. Concluding Remarks

This study introduced a multimodal, RAG-based chatbot
framework designed to advance safety training and hazard
recognition within Industry 5.0 manufacturing environments.
Grounded in a rigorous Design Science Research methodology,
the work systematically addressed three critical requirements
for next-generation safety systems, namely, accuracy, latency,
and cost, through an experimentally validated approach. The
final system integrates text, image, and voice modalities with
multiple retrieval strategies to deliver contextually grounded,
real-time safety guidance. Beyond the artifact, a secondary con-
tribution of our work is a publicly available benchmark that can
help to evaluate future AI manufacturing solutions.

We argue that our empirical results are of great value to
practitioners, as they demonstrate how different retrieval strate-
gies and model configurations can exert a significant influence
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on system performance. In particular, our findings highlight
the multi-objective nature of RAG configuration optimization,
where trade-offs among correctness, speed, and expense must
be balanced. This leads to interesting future research direc-
tions, where one can explore Pareto-based optimization frame-
works to systematically identify non-dominated solutions that
best balance accuracy, latency, and cost given a manufactur-
ing facility’s needs and budget. Our results with a local RAG
approach suggest another promising avenue for future work.
In particular, by fine-tuning lightweight local LLMs and com-
bining them with efficient, on-premise RAG pipelines, one can
potentially reduce both operational costs and response latency
while preserving accuracy. Finally, given the safety-critical con-
text, future work should evaluate trust calibration by measuring
over-reliance (accepting incorrect advice) and under-reliance
(ignoring correct guidance) in realistic user studies. Such stud-
ies can also test behavioral interventions to better align reliance
with system reliability. These directions can further enhance
our contribution of a framework and empirical foundation for
next-generation Al-driven safety training systems, which marks
a step toward human—AlI collaboration that enhances safety, ef-
ficiency, and resilience in smart manufacturing environments.

Data and Code Availability

Code and evaluation benchmarks are available at https://
github.com/fmegahed/safety_rag_evaluation.
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