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ARTICLE INFO ABSTRACT

Keywords: Precision process planning in Computer Numerical Control (CNC) machining demands rapid,
Large Language Model context-aware decisions on tool selection, feed-speed pairs, and multi-axis routing, placing im-
Retrieval Augmented Generation mense cognitive and procedural burdens on engineers from design specification through final
Knowledge Graph part inspection. Conventional rule-based computer-aided process planning and knowledge-
Manufacturing Process Planning engineering shells freeze domain know-how into static tables, which become limited when deal-

ing with unseen topologies, novel material states, shifting cost-quality-sustainability weightings,
or shop-floor constraints such as tool unavailability and energy caps. Large Language Mod-
els (LLMs) promise flexible, instruction-driven reasoning for tasks such as G-code synthesis to
spindle-load queries, but they routinely hallucinate numeric values and provide no provenance.
We present Augmented Retrieval Knowledge Network Enhanced Search & Synthesis (ARK-
NESS), the end-to-end framework that fuses zero-shot Knowledge Graph (KG) construction
with retrieval-augmented generation to deliver verifiable, numerically exact answers for CNC
process planning. ARKNESS (1) automatically distills heterogeneous machining documents,
handbooks, G-code annotations, and vendor datasheets into augmented triple, multi-relational
graphs without manual labeling, and (2) couples any on-prem LLM with a retriever that in-
jects the minimal, evidence-linked subgraph needed to answer a query. Benchmarked on 280
industry-curated questions spanning tool sizing, feed-speed optimization, and tolerance diag-
nostics, ARKNESS provides uplifts up to +16.6 Percentage Point (pp) gain in multiple choice
accuracy, +16.5 pp in Fl-score, and 8.9 ROUGE-L on open-ended responses. Additionally,
by grounding its reasoning in precise triples, ARKNESS lets smaller models match or surpass
the accuracy of much larger cloud models, while running fully on-prem for privacy-preserving,
real-time shop-floor inference.

1. Introduction

Modern production processes, such as precision machining, demands accuracy margins and tolerates virtually no
numerical error, imposing substantial mental and operational loads on engineers from initial design specifications
to the final part evaluation [1, 2, 3]. In high-stakes sectors, such as aerospace and energy, dimensional tolerances
routinely tighten to + 5 um, while surface-integrity constraints, white-layer thickness, and residual stress, must remain
within narrowly defined thresholds [4]. To meet these criteria, machinists must simultaneously optimize a variety of
intertwined process parameters, such as tool type, feed rate, spindle speed, and depth of cut, carefully trading off cycle
time against surface finish, tool wear, and geometric fidelity [5, 6, 7]. An incorrect decimal drill size or an outdated
cutting-speed chart therefore translates directly into scrap, rework or latent defects that may only become apparent after
catastrophic failure [8]. Such unplanned downtime erodes an estimated 11% of annual revenue for Fortune Global 500
manufacturers, roughly US $1.5 trillion lost each year [9].

Computer-Aided Process Planning (CAPP) engines and the Computer-Aided Manufacturing (CAM) modules bun-
dled within mainstream Computer-Aided Design (CAD) suites (e.g., Siemens NX, CATIA, and SolidWorks) form
automation pipeline that ingests STEP-compliant product models (AP203/242) and emits executable Numerical Con-
trol (NC) results [10]. A dedicated CAPP system executes the high-level analysis loop, geometry interrogation, fea-
ture recognition, precedence, constraint resolution, raw-stock/fixture/machine assignment, and operation-graph syn-
thesis, before compiling feeds, speeds, and tool-change cycles into ISO6983 or STEP-NC. Embedded CAM mod-
ules then refine the middle layers: selecting cutters from vendor libraries, applying parameter presets, generating
and simulating toolpath with collision checks and material-removal estimates, and invoking feature-based machin-
ing or knowledge-based-engineering rules for common prismatic features. Collectively, these rule-driven frame-
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Figure 1: lllustration contrasting a knowledge graph and a large language model handling the same tap-drill sizing query.

works can compress planning lead time by 2—-10X, yet they share a structural brittleness. Hard-coded heuristics
falter when faced with unseen topologies (e.g., self-intersecting free-form pockets), novel material states, shifting
cost—quality—sustainability weightings, or shop-floor constraints, such as tool unavailability and energy caps. More-
over, neither tier natively ingests telemetry (e.g., cutting force, vibration, and thermal imagery) generated by machining
cells, forcing human experts to intervene, reconcile documentation, and manually retune parameters, an increasingly
untenable bottleneck as geometrical complexity and throughput requirements escalate.

Large Language Models (LLMs) have emerged as versatile, instruction-following agents capable of synthesizing
domain knowledge, reasoning under uncertainty, and generating executable results, with growing evidence of their
benefits and limitations across operations, supply chain management, and digital manufacturing [11, 12, 13]. Recent
work further shows that AI-LLM-driven analytics can support real-time decision-making in digital manufacturing by
improving the scalability of optimization tasks such as demand forecasting, inventory control, energy-efficiency en-
hancement, and resource allocation [14]. Studies have also explored ChatGPT-enabled decision support for two-stage
auctions in electric vehicle battery recycling and large language models for spare-parts demand forecasting, illustrating
the broader shift from standalone automation toward LLM-assisted operational decision making [15, 16]. In manu-
facturing, studies demonstrate the ability of LLMs to synthesize 3-axis drilling paths, answer contextual queries about
spindle loads and feed rates, and troubleshoot controller alarms with human-level accuracy in descriptive tasks [17].
Sket et al. benchmarked GPT-3.5 and GPT-4 across independent G-code generation, self-interpretation, and error
simplification; GPT-4 rendered more correct toolpath yet remained limited to simple drilling operations and required
extensive prompt steering [17]. To broaden functionality beyond code synthesis, ChatCNC was introduced, coupling
multiple LLM agents with real-time machine telemetry so that an operator can, for example, ask “What was the spin-
dle load at 09:327”; the system attained 93.3% accuracy on complex production-tracking queries [18]. Nevertheless,
both studies expose two systemic bottlenecks: first, dependence on precise user prompts or narrowly structured SQL
retrieval, and second, fragile performance when required context is absent from the local database.

Domain-specific fine-tuning offers one mitigation strategy. Rosati et al. raised ROUGE-1 scores of Llama-3 from
0.164 to 0.314 using industrial user manuals [19]. CNCGPT fine-tuned GPT-3.5 Turbo on machine instructions and
trouble-shooting logs, boosting factual correctness from ROUGE-L 0.296 to 0.692 [20]. More broadly, fine-tuned
LLMs have also been explored for business optimization in digital manufacturing, highlighting their potential to sup-
port operational decision-making beyond narrow task-specific question answering [21]. Yet intensive fine-tuning and
LLM-based automation present new trade-offs: (1) escalating computational cost as the query-response inventory
grows into the thousands; (2) rapid obsolescence that mandates frequent retraining; and (3) data-sovereignty concerns
when proprietary part files or production metrics traverse external cloud APIs, echoing broader questions about whether
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LLM:s should act as autonomous systems or decision support copilots in production and supply chain contexts [22].
Hence, a complementary mechanism is required, one that supplies rich, verifiable context to an LLM without chroni-
cally retraining the model or exposing sensitive data.

Knowledge Graphs (KGs), on the other hand, provide a structured, semantics-rich foundation for capturing ma-
chining know-how as typed entities (features, tools, operations, machines) and relations (e.g., requiresTool, precedes,
causes) [23, 24, 25]. For CAPP, Wang et al. generated a feature-machining KG and proposed a cosine similarity
retrieval that chose industry-valid hole-machining schemes with 0.8450 similarity to expert templates [26]. Guo et
al. organized historical process routes by feature topology and machine capability, trimming part-routing time from
50-80 min to approximately 15 min [27]. Beyond planning, KGs have achieved >90% accuracy in root-cause diag-
nostics of rotary machinery even under missing sensor data by reasoning over causal chains [28]. Despite these gains,
KG deployment still depends on laborious, manual curation: (1) domain experts must annotate source texts, validate
triples, and periodically inject new machining knowledge; (2) Simple subject—predicate—object triples also struggle to
encode context such as tolerance stack-ups, fixture constraints, or process-chain rationale for nuance components. For
example, a given connection between the tool used to create thin walled geometry might omit the dependency between
the optimal tool geometry corresponding the the feature size and specific tolerances required for that specific part.

Figure 1 showcases these limitations by contrasting (1) a standalone knowledge graph a standalone LLM. In the
knowledge graph section, technical entities (i.e., Twist Drill, Clearance Height, Tap Drill, Titanium Nitride, 5-axis
CNC Milling Machine, and Impeller Blade) are connected by explicit relations but can often be missing contextual
links and undiscovered facts. The LLM section shows the model’s generated answer (“8 mm drill bit”), annotated to
expose imprecision risks, implicit untraceable knowledge, and domain inefficiency in specialized machining. Given
these challenges, this research introduces Augmented Retrieval Knowledge Network Enhanced Search and Synthesis
(ARKNESS), a hybrid framework that combines LLMs with semantically enriched, domain-specific KGs that provides
answers that are grounded in validated information ensuring that recommendations for machining process planning
queries are both reliable and contextual relevant. In addition, by grounding LLM prompts in these rich subgraphs,
ARKNESS can deploy a compact parameter model on-premise with accuracy on par with, or exceeding, much larger
cloud LLMs, slashing compute and deployment overhead. The main benefits of this paper are:

1. A model-agnostic, KG-augmented CAPP assistant. We present a retrieval-augmented generation pipeline that
couples any large language model with a multi-relational machining knowledge graph. A graph-aware prompt
compiler injects provenance-linked triples into the context window, yielding numerically precise and explainable
process-planning answers.

2. Self-supervised KG distillation from technical corpora. A zero-shot, GPT-based entity—relation extractor
converts heterogeneous machining documents (e.g., PDF manuals, specification sheets, and NC code com-
ments) into contextualized triples, eliminating the manual curation bottleneck that has constrained previous
CAPP-oriented KGs.

3. Lightweight, on-prem hallucination suppression. On a 280-query benchmark, ARKNESS paired with a
smaller LLM model matches or surpasses much larger cloud LLMs while reducing hallucinations, demonstrating
a privacy-preserving path to real-time shop-floor deployment.

The rest of the paper is as follows: Section 2 provides relevant knowledge graph and large language modeling
research in manufacturing planning contexts, Section 3 provides the implementation of ARKNESS for automatic graph
creation for retrieval and answering, Section 4 describes the experimental setup, Section 5 presents the experimental
results, and Section 6 concludes the paper.

2. Research Background

2.1. Large Language Models in Machining

LLMs are rapidly transitioning from research curiosities to core enablers of Al-driven production, thanks to their
capacity to parse free-form instructions, fuse heterogeneous context, and return actionable, domain-specific guidance.
A recent survey by Li et al. categorized their early penetration into the manufacturing stack spanning generative CAD
modeling, bio-process recipe design, robot path planning, and vision-based quality control [29]. Within subtractive
manufacturing, the most direct application is natural-language-to-G-code translation. Sket et al. evaluated commercial
ChatGPT models for 3-axis G-code generation testing GPT-3.5 and GPT-4 in three phases including independent
G-code generation, interpretation of the generated G-code, and detecting and simplifying errors [17]. Their results
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showed promise of implementing LLMs for G-code generation with GPT-4 producing more correct toolpaths but is
severely limited to simple operations such as drilling. Additionally, their method relied heavily on user input to align
the LLMs for generation which can lead to increased downtime if deployed in manufacturing environments. Jeon et
al. expanded upon just G-code generation by developing ChatCNC that integrated various LLM agents with real-time
CNC machining data [18]. This allowed users receive context-aware answers regarding the status of their 3-axis CNC
machines such as spindle load at specific instances or times; their method achieved an accuracy of 93.3% in queries
requiring complex data inference such as production tracking showcasing applications in analyzing data recorded in
the manufacturing pipeline. Despite the high accuracy, the authors acknowledged that the model resulted in failures
when encountered with missing context or the inability to retrieve information from their database. This suggests a
more in depth search beyond conventional retrieval methods such as defined SQL database structures is required to
supplement existing knowledge gaps.

Beyond prompting and traditional retrieving techniques, researchers have also introduced domain-specific fine-
tuning to better align a LLMs responses with domain-specific knowledge. Rosati et al. finetuned Llama 3 for industrial
applications achieving uplifts in average ROUGE-1 F1-score from 0.164 to 0.314 when trained on user manuals of a
360-degree camera [19]. Wang et al. finetuned GPT-3.5 for air craft maintenance outperforming general GPT-3.5
and its upgraded counterpart GPT-4.0 [30]. In areas specific to machining, Soundararajan et al. developed CNCGPT
aimed for on-site CNC operator assistance by finetuning GPT-3.5 Turbo on machine-specific data, operational instruc-
tions, and troubleshooting assertions [20]. Results showed an increase in factual correctness when using ROUGE-L
scores from 0.296 to 0.692 before and after finetuning, respectively. Despite the validity of their method, there are
some challenges that might prevent further deployment on factory floors. One such issue is the amount of resources
and training time required as the authors only trained around thirty query-response examples. In real world scenarios,
there might be hundreds to thousands of scenarios and responses which can severely limit scalability during training.
Moreover, as new scenarios continually emerge, the system must be frequently retrained to stay current which can
further strain computational resources and complicates maintenance. There is also the challenge of security regard-
ing production processes and information contained within. The authors used commercial LLMs which operate on
external, cloud-based platforms where data flows and storage may raise concerns about data privacy and intellectual
property protection. This reliance on third-party systems increases the risk of unauthorized access or data leakage,
making it imperative to implement solutions that explore on-premise solutions to ensure that proprietary manufacturing
data remains strictly confidential.

2.2. Knowledge Graphs in Machining

The ability to reuse and implement machining knowledge in a structured way provides not only enhanced con-
sistency across planning and decision making but also ensures existing knowledge gaps are mitigated. Xiao et al.
reviewed how computer-aided process planning involving knowledge graphs can benefit from reduced labor costs,
shortened production cycles, and more intelligent use of existing information [23]. The authors analyzed key steps of
implementing knowledge graphs from process knowledge representation to process knowledge graph construction and
validation, showcasing how these methods can overcome traditional CAPP by reducing excessive manual interven-
tions, and increasing flexibility and generalization. This implementation of process knowledge was shown in Wang
et al. where they constructed a process knowledge graph for feature-based machining to automate machining scheme
selection [26]. Through use of an improved cosine similarity formula for machining scheme selection, they achieved
a similarity score of 0.8450 closely matching existing mature schemes implemented in industry for a typical shell part
composed of 6 holes. By using their method, Wang et al. argued that the recommended machining steps would reduce
tool load and increase both part quality and machining safety. In a similar study, Guo et al. created a knowledge graph
for process route reuse by organizing historical process plans using part feature topology and machine capabilities [27].
When introducing a new part, the authors determine the process route that best aligns with its feature topology through
a similarity check with existing process routes. Their case study on a shaft part resulted in completing the overall ma-
chining process route in about 15 minutes, down from the typical 50 to 80 minutes, significantly enhancing efficiency.

Another major application of machining knowledge graphs involves fault diagnosis and maintenance of CNC equip-
ment. Manufacturing systems generate heterogeneous data from sources such as sensors, logs, and maintenance reports
that if left in isolation or silos can be difficult for diagnosis if problems arise. Knowledge graphs offer a unified repre-
sentation by connecting physical components, signals, and failure modes in a network of cause-effect and part-whole
relationships. Qiu et al. tackled this "data island" problem by constructing a multi-layered knowledge graph that inte-
grated sensor data and domain knowledge, enabling the automatic identification of health changes in the X-axis ball
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screw drive system on a vertical milling tool (model XHK-5140) over 201 days, while similarity-based reasoning over
the graph quantified the deviation from a healthy baseline [31]. Building on this idea, Cai et al. introduced a multi-level
fault diagnosis KG for rotating machinery combining hierarchical knowledge of subsystem states with Bayesian rea-
soning, offering probabilistic inference across the graph to pinpoint root causes [28]. Notably, even with missing sensor
outputs, their method achieved 91.1% diagnostic accuracy by leveraging the relationships between related symptoms
and outperformed traditional rule-based fault diagnosis.

Despite the considerable progress in implementing knowledge graphs, there remain challenges in deploying them
at scale for machining and industry. These aforementioned methods continue to depend heavily on extensive manual
curation. The process of extracting, validating, and continuously updating the domain knowledge requires significant
human knowledge and intervention, making it difficult to scale rapidly or adapt quickly to new information. This
labor-intensive approach not only increases the risk of inconsistencies or omissions but also impedes real-time re-
sponsiveness in dynamic manufacturing environments. Furthermore, the conventional reliance on simple triple-based
representations constrains the ability to capture the full contextual richness necessary for nuanced decision-making
in machining processes. Such representations often fall short in encoding the detailed circumstances, rationale, and
intricate relationships that underlie complex manufacturing operations. As a result, they may fail to fully express how
various machining operations interrelate or why specific process choices are chosen. This would thus lead to a super-
ficial understanding of the underlying mechanics and process dependencies. These limitations highlight the need for
more flexible and richly contextualized approaches in knowledge representation to support the evolving demands of
modern machining applications.

2.3. Motivation

The studies reviewed above demonstrate that LLMs can meaningfully assist machining workflows, but they also
expose recurring limitations that are difficult to ignore in CNC process planning. For example, LLM-driven natural-
language-to-G-code generation shows promise, yet it remains constrained to relatively simple operations and can re-
quire substantial user intervention to obtain usable toolpaths, which is not well aligned with high-throughput shop-floor
settings [17]. Likewise, agentic assistants that integrate real-time CNC data can achieve high accuracy on specific query
types, but they can fail when critical context is missing or when the system cannot retrieve the required information
from its database [18]. Domain-specific fine-tuning improves apparent factual correctness in targeted settings, but it
introduces practical deployment bottlenecks, including the need for continual retraining as scenarios evolve and height-
ened concerns around confidentiality when relying on commercial cloud-based models for proprietary manufacturing
knowledge [19, 30, 20]. Collectively, these results motivate a solution that maintains the flexibility of LLM interaction
while providing stronger guarantees for provenance, numerical consistency, and deployment constraints that matter in
practice.

While LLM-centric approaches emphasize interaction and broad coverage, Table 1 highlights that they typically
do not provide provenance-linked outputs or robust numerical behavior when the relevant context is incomplete. In
parallel, machining knowledge graphs offer structure for reuse and constrained reasoning, but current approaches often
depend on labor-intensive curation and, when represented as isolated triples, can lose the contextual conditions and
validity constraints required for engineering justification [23, 26, 27, 31, 28]. This creates a persistent gap between
usability and trustworthiness, particularly for numerically sensitive decisions where answers must be auditable and
locally deployable.

ARKNESS closes these limitations through an end-to-end hybrid pipeline that automatically distills heterogeneous
machining documents into contextualized graph knowledge with paragraph-level provenance, retrieves a compact evi-
dence subgraph tailored to the user query using vector-embedding search combined with beam search, and conditions
a downstream LLM on this evidence to produce numerically grounded and auditable answers. To further prioritize
correctness in deployment, ARKNESS incorporates conservative verification and a human-in-the-loop auditing design
that focuses manual effort on flagged or ambiguous cases rather than requiring exhaustive annotation.

3. Research Methodology

This section details the two main components of the ARKNESS framework with 1) Knowledge graph construction
and 2) Knowledge graph inference. Figure 2 provides the general overview of the two components.
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Table 1
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Figure 2: Overview of the framework from graph construction and storage through semantic search, matching, and retrieval
to the final model response.

3.1. Knowledge Graph

A knowledge graph can be considered as a set of tuples G = {(s,r,0)} where v and w are vertices (entities) from
a set of vertices V and r is an edge (relationship) from a set of relationships R. The set of tuples is commonly known
as triples denoted as (head, relation, tail) representing s, r, and o, respectively.

3.2. Automated Graph Construction

The knowledge graph construction for ARKNESS is mainly done using textual data from documents relevant to
the users chosen domain. Due to the heterogeneous nature of document types and file formats (e.g., .docx, .pdf, .pptx),
preprocessing was first done to extract the textual information from these different sources. This was achieved through
the Docling [32] Python package which efficiently parses through the documents and extracts the raw text subsequently
exporting the content as Markdown files for further processing.

Document splitting was done through parsing out each individual paragraph. Given a document with p individual
paragraphs, each paragraph was given to a LLM to extract entities and relations forming T triples. Specific instructions
were given to guide the LLM to output structured information given below:

-Goal-
Extract structured triples directly from the input text in the following format:
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ENTITY_1, RELATIONSHIP_TYPE, ENTITY_2, "RELATIONSHIP_DESCRIPTION"

-Steps-
1. Read the input text carefully to identify:
- Key entities: Concepts, systems, technologies, or processes central to the text.
- Relationships: Clear actions or connections described in the text that link two
entities.
- Descriptions: Verbatim or paraphrased descriptions from the text that explain the
relationship.

2. For each relationship, construct a triple:

ENTITY_1: The primary concept or entity initiating the relationship.
RELATIONSHIP_TYPE: The action or connection type as described in the text.

ENTITY_2: The target concept or entity affected by ENTITY_1.
RELATIONSHIP_DESCRIPTION: A concise description of the relationship directly sourced
from the input text.

3. Each triple must be clear and in this format:
ENTITY_1, RELATIONSHIP_TYPE, ENTITY_2, "RELATIONSHIP_DESCRIPTION"

4. Use the original text verbatim where possible for the description, ensuring accuracy.
Avoid adding external interpretations or explanations.

This process was repeated for each document chosen creating G, subgraphs. The purpose of including the ’Rela-
tionship Description’ in the triple information is to retain the relevant contextual information by which the triple was
created. This removes ambiguity and often missing information found in traditional knowledge graphs. All subgraphs
were then stored into respective text files which were then combined together for further processing.

A relational database was then created using PostgreSQL to efficiently store and retrieve entities, relations, and their
associated context. Specifically, Python and the Psycopg library was used to interface with the database where during
initialization three primary tables are created: (1) subjects table: stores unique entity names with a serial primary key,
(2) relations table: associates each subject with its corresponding relationships where each entry references a subject’s
unique identifier, ensuring relationships are correctly linked, and (3) objects table: stores ending triple entities along
with corresponding contextual information. This structure can be also represented as follows. Let .S be the set of
subjects (entities). For each subject s € S, let R(s) be the set of relations associated with s. For each relation
r € R(s), let O(r) be the set of ending objects linked to », where each object is represented as a tuple (o, ¢) with o
representing connected entities and ¢ the corresponding context or provenance. The entire data base is thus defined by
the set:

D= {(s,r,(0,0)) | s €S, r € R(s), (0,c) € O(r)} ey
with a single triple entry represented as:

(s,7,(0,0)) @
3.3. Triple Verification

After constructing candidate triples, we apply a natural language inference (NLI) verification pass. Let 7 denote
the set of candidate triples, where each t = (s, r, (0, c)) consists of a subject s, relation r, object o, and supporting
context ¢ originating from the source text. We deterministically verbalize each triple to a hypothesis via a linearization
function # : T — H and set h := £(¢). From the provenance ¢, the implementation selects a single premise sentence
D € c to serve as the textual evidence for verification. We verify each candidate triple using a single-premise natural
language inference pass that mirrors the symbols introduced in Section 3.2. For a triple = (s, r, (0, ¢)), we first form
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a hypothesis by linearizing the triple and we select one premise sentence from its provenance:
h:=72(), DEcC 3)

The ordered pair (p, h) is scored by a pretrained cross-encoder NLI model M, which returns three real-valued logits
in the fixed label order [contra, neutral, entail]. Applying a softmax yields calibrated probabilities:

(PC(P,h), Py(p, h), PE(P,h))» Pe+ Py + Pg =1, @

interpreted as the model’s belief that the premise contradicts, is neutral with respect to, or entails the hypothesis,
respectively. We map these probabilities to a discrete verification decision using a conservative, two-threshold gate.
Let 7, 7o € (0, 1) denote the entailment and contradiction thresholds (defaults being 7z = 7 = 0.60). The decision
function g : 7 — {entailed, neutral, contradicted} is

entailed, if Pg(p, h) > v and Pg(p, h) > Pc(p, h),
&(t) = | contradicted, if Po(p, h) > 7c and Po(p, h) > Pg(p, h), (%)
neutral, otherwise.

Thus, acceptance requires both a minimum level of entailment and that contradiction is not more probable than en-
tailment; contradiction is asserted only when it is simultaneously above threshold and not weaker than entailment.
All remaining cases, including high neutral mass or sub-threshold ties, are assigned to the neutral outcome. From
these scores, Triples classified as contradictory or neutral undergo manual review and, where needed, revision prior to
inclusion in the final knowledge graph; triples classified as entailed are added directly.

3.4. Graph Retrieval and Traversal
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Figure 3: Overview of the knowledge graph construction and graph traversal for user queries.

Figure 3 provides an in-depth illustration of how the knowledge graph triples are compared against a query and
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retrieved to be given to a LLM. The left side depicts the automated graph construction process from document selection,
preprocessing, entity-relationship extraction, triple generation and context matching, and database storage. The right
side depicts knowledge graph retrieval given a user query by embedding the query to get a vector representation,
performing a similarity check over the triples in the graph, and ranking the most relevant triples to give to the large
language model for answer generation. The retrieval process begins by first encoding a given natural language query,
or question, into a vector ¢ € RY. This is achieved using a chosen semantic embedding model f : Text — R4,
Similarly, each triple #; from the database is encoded into embedding e; using the same semantic embedding model
where f : t; — R?. The similarity between the query and each triple is then calculated using cosine similarity
according to:

q-ée;
llqlille;ll

This similarity score provides an evaluation of how semantically similar the query given is to each of triple in the
knowledge graph allow one to ascertain its relevance.

Given the potentially massive scale of knowledge graphs, which can reach hundreds of thousands or more connec-
tions, we replace fixed hyperparameters with data-adaptive rules while preserving the same retrieval flow and level of
interpretability. Let the embedded query be ¢ € R?. Each triple is represented as #; = (s;, r;, 0;, ¢;), where s;,7;, 0;
denote the subject, relation, and object strings and c¢; denotes an associated textual context. We embed each triple
in two ways: a “triple” embedding v; € R¢ that summarizes (s;,7;,0;,¢;) and a “context” embedding u; € R? that
summarizes c; alone. We first measure base and context similarities to the query and combine them into a refined score
so that the ranking reflects both structural and contextual alignment:

cos(q, e;) =

(6)

= cos(q, v;), s = cos(q, u;), 5, = s?ase +As™, A= % @)

Sbase P

1
Having only the highest refined similarities chosen allows the most semantically relevant triples to be selected for
further processing. To limit computation while preserving recall, we form a pre-pool using only the base similarity,
keeping either a chosen fixed minimum or a constant fraction of the graph, whichever is larger:

P,

size = min(N, maX(Mmin’ I_(ZNJ)), P = Top'Psize<{ S?ase },]il >s (8)
where N is the number of triples, @ € (0, 1] is a pruning fraction (e.g., « = 0.2), and M ;, is a small absolute
minimum (e.g., M,;, = 100). Over the refined scores restricted to 7, we compute a location and scale estimate and
define a data-adaptive inclusion floor via a z-threshold z (e.g., z = 0.5). This produces a dynamic choice of K that
automatically adapts to the score distribution while remaining within safe bounds:

1 [1
H=—5 o= .—>)»GE-w ©=u+zo, (€
Ps e I; l

N min(KmaX, max(K f)) K >0,
R=|tier:527) K= (10)
Kiases otherwise,
where K .. and K, bound the pool size (e.g., K, = 5, Kp.x = 50) and K, is a conservative fallback (e.g.,

Ky = 10). The dynamic candidate pool is then obtained by sorting the refined scores and retaining the top indices:
Cy = {i €P | iranks among the Top-K of {5; : i € P} } (11

As mentioned previously, because a knowledge graph can contain hundreds of thousands or even millions of connec-
tions, relying solely on the top-K triples could overlook additional relevant triples connected to them. To explore the
extended neighborhood of these triples, we traverse the graph by performing a beam search expansion with a depth
limit d,,,,.. Let E(i) denote the set of adjacent embedded triples indexed by i (i.e., those sharing a node with triple 7).
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Each neighbor j € E(i) is scored using the same refined rule to maintain consistency between selection and expan-
sion, and we also propagate the global floor into the traversal stage in the form of a node-level pruning condition (i.e.,
a parent is skipped if all of its neighbors are weak):

r. = cos(q, Uj)+ﬂcos(q,uj), T =n7, n=1.0, skipnode i if max r; < 7

12
J exp JeEG (12)

P

For the initial depth d = 0, we set the initial candidates as C,. For each subsequent depth d > 1, we select neighbors
using a dynamic (node-specific) beam width that adapts to the local score distribution: for each parenti € C;_;, we
compute the local mean score over its neighbors and retain as many neighbors as score at least this mean, capped by a

beam budget B,,,,. This widens the beam when evidence is strong and narrows it when evidence is weak:

_ 1 . . . . _
r,o= mﬁ;@r}-, b(i) = mm(BmaX, max(l, |{j e E@) : rj 2 F }|)>, B = 10, (13)

and we then select the top b(7) neighbors by score without applying an additional per-edge threshold:

o= U Top—b(i)({jeE(i)}), d=1,2..dpy,  dyy, =10 (14)

ieCy_y

In order to avoid re-processing triples and to prevent forward/backward duplicates during traversal, we canonicalize
edges to a forward orientation and maintain a visited set over contexted canonical triples, i.e., keys of the form (s, r, o, ¢).
Only edges whose canonical key is unseen are considered, and the key is inserted into the visited set immediately upon
selection, yielding the visited-constrained update:

Velsnoo)  Cu = |J Topb)((ie€ED)) (15)
ieC,\V

After recursively expanding through the chosen maximum depth and dynamic beam sizes, the final set of retrieved
triples is defined by

dmax
c = Ja (16)
d=0

As a final step, after the final set of candidate triples is chosen, the corresponding context c; for each selected triple is
retrieved from the database. This creates a set C of relevant information ready for downstream use:

C = {(si,ri,(oi,ci)) : iEC*} a7

3.5. Large Language Model Generation

The last step of answering the query g involves prompt construction where the information retrieved from the
knowledge graph is given to the large language model to help its answering. This is done by defining a set of system
instructions that designate that the LLM is designed to answer questions incorporate both its own knowledge and the
given retrieved knowledge. For example, we define the system instructions as:

"You are designed to help answer questions using retrieved knowledge. Not all knowledge given
< = need to be used but focus on the most important information. Remember this knowledge, if (18)
there is any, to help your decision making:’

I,

Then the final prompt P given to the LLM is constructed by concatenating the system instructions, query, and retrieved
knowledge graph information:

P@,C)= I, ®CBq (19)
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The final answer A |, is then generated by the LLM:

Arpy = LLM(P(q,0)) (20)

4. Experimental Design

4.1. Knowledge Graph

To test the efficacy of ARKNESS, we first created our machining knowledge graph composed of research and tech-
nical documents spanning 5-axis milling capabilities, industrial robotic integration in CNC machining, sustainability
in CNC machining, CNC programming and process planning, and fundamentals of CNC machining. By exposing
ARKNESS to a spectrum of complexity levels, domain-specific terminologies, and the assembled documents enables
a comprehensive evaluation of the model’s CNC machining knowledge. Each document was processed using the
automated graph-construction pipeline detailed in Section 3.2 using GPT-40 [33]. Descriptions of each documents
chosen are listed in Table 2 along with the total number of entities, relations, and triples after processing. In total, the
generated knowledge graph contains 4329 triples, 6659 unique entities, and 1251 unique relations providing a rela-
tively large graph to test to test ARKNESS’ capacity robust inference, and accurate knowledge retrieval across diverse
CNC-machining scenarios.

To assess and control the accuracy of LLM-generated triples during knowledge graph construction, we imple-
mented the conservative verification pipeline with full provenance described in Section 3.3. Each candidate triple is
converted into a simple hypothesis sentence (e.g., (5 AXIS_CNC_MILLING_MACHINE, used_for_producing, TUR-
BINE_BLADES) becomes “5 AXIS_CNC_MILLING_MACHINE used_for_producing TURBINE_BLADES”) and
checked against its source context using the ROBERTa-MNLI natural language inference model [43]. The model
produces entailment, neutral, and contradiction scores, which we convert into a conservative gate where a triple is
automatically accepted only when entailment exceeds a threshold of 0.6 and dominates contradiction; otherwise, it is
flagged as neutral or contradicted according to Equation 5. Across our corpus, the NLI gate labeled 4329 candidate
triples as 3158 accepted (72.9%), 69 contradicted (1.6%), and 1102 neutral (25.5%). We manually reviewed the neutral
and contradicted groups, corrected errors where needed, and only then included validated triples in the final graph. As
a result, the final KG contains only triples that are either directly supported by the source according to the NLI model
or confirmed through manual validation, providing strong source alignment and reducing the need for large-scale post
hoc cleaning.

As an additional validation step, we conducted a quantitative evaluation of triple extraction quality using small-
scale sampling and gold annotation. We first estimated precision through manual verification of 400 randomly sampled
triples from the KG, stratified by each document’s KG size. For each sampled triple, we inspected the (subject, relation,
object) statement together with its source context and labeled it as correct if it was directly supported by the text,
and incorrect otherwise. As shown in Table 3, this yields a precision of 0.845 (338/400) with a 95% confidence
interval of [0.806, 0.877], indicating that most extracted triples are factually supported by their provenance. To estimate
recall, we constructed a small gold subset by manually annotating triples for 100 randomly sampled source contexts,
yielding 161 gold triples. We then ran GPT-40 on the same contexts and matched extracted triples to gold using
exact match and semantic similarity to accommodate minor surface-form differences in entities and relations, with
manual checks for ambiguous cases. A gold triple was counted as recovered if an extracted triple expressed the same
underlying fact, even if the wording differed slightly. This yields a recall of 0.714 with a 95% confidence interval of
[0.64, 0.778]. For completeness, we report the corresponding F1 computed from these estimates (0.774), noting that
precision and recall are computed on different evaluation subsets (random extracted-triple sample vs. gold-annotated
subset), which is standard in sampling-based validation when large-scale annotation is infeasible. Taken together,
these results suggest that GPT-40 produces largely correct triples with substantial coverage, while our conservative
verification and selective manual review steps provide an additional safeguard. In practice, this human-in-the-loop
design substantially accelerates KG construction by focusing manual effort on a small set of flagged or ambiguous
cases rather than requiring exhaustive annotation.

4.2. Models

To rigorously assess how model choice shapes our framework’s performance, we evaluate a diverse set of both
open-source and closed-source large language models across multiple parameter scales. For open sources models in
their 8 bit configuration, Llama 3.2 3B Instruct [44], LLama 3.1 8B Instruct [45], and Qwen 2.5 7B Instruct [46] were
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Overview of source documents and their corresponding knowledge graph sizes.

Document Description Knowledge Graph Size

A Review in Capabilities and  This review surveys recent advances and challenges in 5-axis ~ # of triples: 464
Challenges of 5-Axis CNC CNC milling, including error modeling and compensation,  # of unique entities: 654
Milling Machine Tool Opera-  toolpath and process optimization, virtual machining sys- # of unique relations: 199

tions [34]

tems, tool wear and temperature prediction, and sustain-
ability considerations.

Design and development of  This paper presents a cloud-based CNC machining process  # of triples: 559
a CNC machining process knowledge base that maps STEP-NC to an OWL ontology  # of unique entities: 828
knowledge base using cloud and leverages Hadoop's HBase for scalable storage, MapRe-  # of unique relations: 291

technology [35]

duce driven querying, and SWRL-based reasoning to enable
intelligent, high-throughput process planning.

Exploring the Application of This paper explores the deployment of industrial robots in  # of triples: 98
Industrial Robots in CNC Ma-  CNC machining. It details robot selection, workflow and  # of unique entities: 151
chining [36] control program design, joint and transmission mechanisms,  # of unique relations: 57
and drive system choices to automate loading/unloading
and enhance operational flexibility, precision, and efficiency.
Fundamentals of CNC Ma- This guide provides a practical introduction to CNC machin-  # of triples: 1902
chining [37] ing fundamentals covering shop safety, tooling, coordinate # of unique entities: 2966

systems, programming and operation of mills and lathes,
2D /3D toolpaths, workholding examples, and best practices
for prototype and short-run production.

# of unique

relations: 512

Innovative Approaches to  This paper develops a machine-learning framework for sus-  # of triples: 278
Sustainable CNC Machin- tainable 5-axis CNC milling by combining per-axis power # of unique entities: 452
ing: A Machine Learning monitoring with Taguchi experimental design and tree-based ~ # of unique relations: 183
Perspective on Energy Opti- regression to model and predict energy consumption.
mization [38]
Integration of Taguchi and This paper integrates Taguchi's orthogonal-array experi- # of triples: 227
PROMETHEE for CNC mental design with the PROMETHEE multi-criteria ranking ~ # of unique entities: 366
Milling Machining Parameter method to optimize spindle speed, feed rate, and depth of  # of unique relations: 74
Optimization [39] cut for CNC milling of AA6061.
Research on CNC program-  This paper introduces a CAD/CAM-based CNC program-  # of triples: 269
ming and machining process ming framework that uses Bayesian process-skeleton map-  # of unique entities: 443
based on CAD/CAM technol-  ping to link part features with reusable macro-processes # of unique relations: 167
ogy [40] and applies residual-height trajectory generation and
nonlinear-error compensation to optimize multiaxis tool-
paths.
Review on Design Research in  This review surveys global advances in modeling, de- # of triples: 270
CNC Machine Tools Based on  signing, and evaluating CNC machine tools from an  # of unique entities: 470
Energy Consumption [41] energy-consumption perspective. # of unique relations: 140
Robotical Automationin CNC  This review surveys robotics-driven advances in CNC ma-  # of triples: 262
Machine Tools, A Review [42]  chining. Automated material handling and tool changing # of unique entities: 380
to adaptive control, quality inspection, data analytics, and  # of unique relations: 129

collaborative robots are evaluated for their impacts on effi-
ciency, precision, and safety.

chosen due to their ease of access and relatively low computational requirements; here B represents the number of
parameters in billions. By spanning 3B, 7B, and 8B parameter tiers, we can isolate how model capacity and design
choices interact with our knowledge graph augmentation. Evaluating these models across a broad spectrum of parame-
ter scales enables us to quantify how the integration of supplementary knowledge graph information influences overall
performance. To establish an upper bound on attainable performance, we also benchmark against state-of-the-art
closed sourced models including GPT-40 [33], its smaller GPT-40-mini, Gemini 2.0 Flash [47], and Gemini 2.0 Flash-
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Table 3

Sampling-based quantitative evaluation of triple extraction quality.
Metric Estimate 95% CI Support
Precision 0.845 [0.806, 0.877] 338/400
Recall 0.714 [0.640, 0.778] 115/161
F1 0.774 — —

Lite [48]. These comprehensive models enables us to quantify precisely how supplemental structured knowledge closes
the gap between open source baselines and leading proprietary offerings. For our semantic embedding model we chose
multi-qa-MiniLM-L6-cos-v1 due to which is a finetuned model specific for question-answering semantic search based
on the original MiniLM model developed by Microsoft [49]; we also chose this model specifically for its low memory
requirement in deployment.

4.3. Question Category

Following knowledge graph construction, we devised two question formats namely, multiple choice and open ended
to evaluate each model’s capabilities. Multiple choice questions present a controlled benchmark for retrieval precision,
enabling objective measurement and direct comparison across models, while open-ended questions simulate real-world
case studies by challenging models to perform generative synthesis and coherently integrate the retrieved information
into comprehensive answers. For each question format, two categories of questions were created namely: content
specific and machining specific. Content specific questions refer to the information written in the documents that do
not require quantitative analysis. Machining specific questions refer to questions that require quantitative precision
and decision-making based on numerical parameters. An example of each question in multiple choice format is given
below:

Content Specific Question

Which statement best describes a key distinction between 3-axis and 5-axis CNC milling machines?

A. 3-axis machines are used for metals, while 5-axis machines are used exclusively for plastics.

B. 5-axis machines include tilt and rotation of the workpiece or tool, in addition to X, Y, and Z motion.
C. 3-axis machines are larger and require more floorspace than 5-axis machines.

D. 5-axis machines do not allow any vertical movement while 3-axis machines do.

Machining Specific Question

What is the decimal equivalent of Drill Size 91 and what cutting speed (SFM) is recommended for drilling opera-
tions on aluminum?

A. 0.0087 inches and 250 SFM
B. 0.0083 inches and 200 SFM
C. 0.0083 inches and 300 SFM
D. 0.0095 inches and 150 SFM

GPT-40 was implemented to generate each question from the selected documents. From the 294 questions 65
content specific multiple choice, 72 machining specific multiple choice, 111 content specific open ended, and 46 ma-
chining specific open ended. Figure 4 showcases the topic distribution of the questions across 13 different categories
for a total of 280; it should be noted that several multiple-choice questions were also converted to open-ended vari-
ants to test both formats and so there are 280 unique questions. As shown from the figure, the distribution of the
questions are fairly uniform with eleven of the thirteen categories containing exactly 20 questions each (= 7.1%) and
two with slightly large groups "Feeds, Speeds, Programming & Shop Practice’ (=~ 11.8%) and ’Energy Consumption
& Green Manufacturing’ (~ 9.6%) to reflect their prevalence for manufacturing scenarios. The near-uniform distri-
bution of the questions and breath of the categories provides a diverse representative test set while minimizing topic
over-representation and reducing the risk of sampling bias across the tested LLMs.
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Feeds, Speeds, Programming & Shop Practice 33
Energy Consumption & Green Manufacturing 27
Multi-Axis Machining Fundamentals & Capabilities | 20
Kinematics, Geometric Error & Metrology | 20
Cutting Mechanics: Forces, Heat & Tool Wear | 20
g‘ Knowledge Representation for Process Planning | 20
8 Cloud & Big-Data Infrastructure 20
S’ Knowledge-Base Architecture & Governance 20
Industrial Robotics: Cell Integration & Workflow | 20
Robot Mechanisms & Drives | 20
Design of Experiments & Statistics for Machining 20
Toolpaths, Feed-Scheduling & Collision Avoidance 20
Multi-Criteria Optimization & Decision Methods | 20
0 5 10 15 20 25 30 35

Number of Questions

Figure 4: Topic distribution of the 280 unique industry-curated questions across 13 categories.

5. Experimental Results

ARKNESS is implemented using Python, PyTorch, and respective APIs for each of the chosen models using a
Ryzen 9 7950X CPU and a Nvidia 4090 GPU. Figure 5 showcases the results between the use of a static graph with a
top-K of only 10 and our dynamic knowledge graph retrieval algorithm for machining specific queries across the models
for a) accuracy and b) F1-score metrics. As shown in the figure, across every model the dynamic retriever outperforms
simply taking the top 10 triples, yielding consistent gains in both metrics. Rather than forcing a fixed amount of context
for every question, the dynamic retriever adjusts the amount of required information to the query by expanding when
additional dependencies are needed such as material, tool, and operation relationships and contracting when they are
not. This avoids two common failure modes in machining guidance. First, it reduces the chance of missing a rare but
decision critical constraint that would lead to an incorrect parameter recommendation. Second, it reduces the inclusion
of irrelevant context that dilutes the signal and increases response time. The net effect is more consistent retrieval of
the governing constraints that determine feasible feeds, speeds, and chip loads, which reduces back and forth during
process planning, lowers the likelihood of off nominal setups, and reduces mid run parameter changes that can interrupt
ajob. Fewer clarifications and fewer exceptions also reduce release to floor holds, helping maintain start time reliability
and keeping constrained machines producing saleable parts rather than waiting on parameter confirmation.

Table 4 provides a benchmark comparison between baseline model performance and results with the dynamic
knowledge graph retrieval for both multiple choice datasets. As shown the knowledge graph produces the largest im-
provements on machining specific questions where the answer must respect hard constraints such as material properties,
tool selection, and operation limits. This happens because retrieval aligns graph facts with the question entities and
narrows the feasible machining window for feeds, speeds, chip load, and tolerance related constraints to spec consistent
values. Constraining the feasible window reduces off nominal setups and reduces the chance that an operator selects
a value that triggers chatter, poor surface finish, excessive tool wear, or a nonconformance rerun. Over repeated jobs,
fewer parameter corrections reduce rework and inspection load, stabilize cycle time, and reduce the number of holds
that interrupt work in process. For content specific questions, where baseline performance is already high, the knowl-
edge graph primarily improves consistency and reduces rare planning errors that would otherwise require additional
review cycles. Taken together, these improvements support more repeatable parameter selection and higher first pass
success when translating planning guidance into production execution.

To translate these performance gains into operational terms, the improvement in machining-specific accuracy can
be interpreted through production economics and cost-of-quality relationships. In machining economics, total machin-
ing time is commonly expressed as T,, = T, + T, + T;, where T, is cutting time, T, is tool-changing time, and T; is
handling or idle time. Production cost is then obtained by multiplying these time elements by the relevant machine or
labor cost rate. In addition, cost-of-poor-quality models define failure losses as the sum of internal and external fail-
ure costs, where internal failures include scrap, rework, and inspection before delivery, and external failures include
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Figure 5: Results showcasing performance of use of dynamic knowledge graph compared to static graph for a) accuracy
and b) F1-Score across machining specific questions.

warranty, returns, or customer-facing defects [50, 51, 52]. Using the largest observed machining-specific accuracy
improvement in this study, AAcc = 0.166, the expected number of avoided incorrect planning recommendations can
be estimated as AE = N X AAcc. For every N = 1000 process planning decisions, this corresponds to approximately
166 fewer incorrect recommendations. If each avoided error prevents only $450 in combined scrap, rework, inspec-
tion, or lost machine time, the avoided quality loss cost is .S g = AE X C, = 166 x 450 = $74700. Prior KG-based
process reuse also reduced process-routing time from 50-80 minutes to approximately 15 minutes [27], which implies
a planning-time saving of 35-65 minutes per plan. At a fully burdened planning labor rate of C; = $60/hr, where T,
denotes the baseline planning time before ARKNESS and T, denotes the planning time after ARKNESS, the corre-
sponding time saving can be estimated as .S, = N X ((T}, — T,,)/60) X C;, yielding approximately $35000-$65000 per
1000 plans. Under this conservative scenario, the combined savings would be approximately $109700-$139700 per
1000 planning decisions before accounting for additional benefits from reduced tool wear, fewer delayed jobs, lower
warranty exposure, or improved machine availability. Therefore, the quantitative gains reported in Table 4 are not
only statistical improvements, but also indicate how KG-grounded LLMs can convert better parameter selection into
measurable reductions in planning labor, nonproductive time, and quality related production losses.

Our next experiment examines the ability of LLMs to respond to open ended questions versus multiple choice
questions. This evaluates performance when the model must generate a runnable answer rather than select among
predefined options. Figure 6 provides the average results across 10 runs for each of the datasets for four different
metrics. Semantic similarity evaluates closeness in meaning between the generated answer and the reference response
by comparing their vector embeddings. ROUGE-1 measures unigram overlap, ROUGE-2 measures bigram overlap,
and ROUGE-L measures the longest common subsequence between generated and reference text. The consistent
improvement with knowledge graph augmentation indicates that grounding does not just improve the general idea of
the response, but improves the completeness and specificity of what gets written. In practice, open ended answers that
are missing a critical numeric detail or that present overly broad ranges force extra verification steps such as additional
checks, trial cuts, or follow up clarification. By supplying the validated constraints and setpoints needed to answer, the
knowledge graph reduces interpretation burden and reduces the frequency of mid run parameter changes. This keeps
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Table 4
Accuracy and F1 for each model with and without the knowledge graph, with improvements over baseline shown in
parentheses.

Model File Baseline Knowledge Graph
Accuracy F1 Score Accuracy F1-Score
Gemini 2.0 Flash Content Specific 0.938 0.940 0.958 0.954
' Machining Specific  0.805 0.806 0.889 0.887
.. . Content Specific 0.923 0.924 0.969 0.969
Gemini 2.0 Flash-Lite -\ 1 ine Specific 0778 0779 0.044 0.944
GPT-40 Content Specific 0.938 0.939 0.954 0.954
Machining Specific  0.833 0.834 0.944 0.944
GPT-40 mini Content Specific 0.923 0.926 0.954 0.953
Machining Specific  0.805 0.807 0.889 0.886
Content Specific 0.877 0.877 0.969 0.969
Llama 3.1 8B Instruct 1 hining Specific 0658  0.668 0.711 0.713
Content Specific 0.892 0.893 0.938 0.938
Llama 3.2 3B Instruct /" 1ining Specific 0714  0.721 0.775 0.780
Content Specific 0.954 0.954 0.969 0.970
Qwen 2.5 7B Instruct /. hining Specific 0711 0.714  0.842 0.845
a) - Semantic Similarity ROUGE-1 ROUGE-2 ROUGE-L
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Son
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Figure 6: Comparison between baseline outputs with those augmented by knowledge graph data. a) for content specific
questions, and b) for machining specific questions.

jobs moving with fewer holds and reduces the amount of nonproductive machine time spent on troubleshooting and
retesting.

In addition to quantitative metrics such as semantic similarity and ROUGE, we include full answers for represen-
tative quantitative questions to show how each model actually uses retrieved graph knowledge. Table 5 and Table 6
show that baseline outputs often return wide parameter bands, which shift decision work back to the user and increase
variability across operators and shifts. With knowledge graph augmentation, the models converge to specific values
that match grounded references and can be executed directly. Moving from broad ranges to validated single value
setpoints reduces setup time, reduces the chance of selecting an off nominal point that causes poor finish or premature
tool wear, and reduces mid run adjustments that disrupt cycle time. Across repeated jobs, this raises repeatability,
reduces inspection and rework load, and keeps constrained machines focused on producing saleable parts rather than
correcting avoidable deviations.

Table 7 reports the computation profile for each model. The memory footprint is modest, with about 1.76 GB
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Open ended responses from open source models. Grounded quantitative answers are highlighted in
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in red, and knowledge graph augmented values in

, baseline values

Model / Question

For drilling operations on steel (4140),
what cutting speed (SFM) is recom-
mended?

For tapping operations on aluminum,
what cutting speed (SFM) is recom-
mended?

For milling operations on brass with
a tool diameter between 0.5 and
1.0 inches, what chip load is recom-
mended?

Grounded Answer

For drilling operations on steel (4140),
a cutting speed of 90 SFM is recom-
mended.

For tapping operations on aluminum,
a cutting speed of 100 SFM is recom-
mended.

For milling operations on brass with
a tool diameter between 0.5 and 1.0
inches, a chip load of 0.004 inches per
revolution is recommended.

Llama 3.1 8B Instruct

Baseline: The recommended cutting
speed for drilling operations on 4140
steel ranges from FEIECHEOONEEN.
depending on the drill bit type and
desired finish.

Knowledge Graph: For drilling opera-
tions on steel (4140), the recommended
cutting speed is QOISf.

Baseline: In general, the recommended
cutting speed for tapping aluminum

ranges from SEJEGIISOISEM. depending

on the specific conditions.

Knowledge Graph: For tapping
operations on aluminum, the recom-
mended cutting speed is [TO0JSfA.

Baseline: A commonly cited range for
chip loads on brass is between [JIBE

Knowledge Graph: For milling op-
erations on brass with a tool diameter
between 0.5 and 1.0 inches, the recom-
mended chip load is 0:004 ipr.

Llama 3.2 3B Instruct

Baseline: For drilling operations on
4140 steel, the recommended cutting
speeds typically range from [EOIEGHEE
BEM. with the optimal speed depending
on the specific drilling conditions.

Knowledge Graph: For  drilling
operations on steel (4140), a cutting
speed of BOISEM is recommended.

Baseline: A cutting speed of SO
BONERM is commonly recommended
for tapping operations on aluminum
alloys, but the optimal cutting speed
may vary depending on the applica-
tion, tooling, and machining conditions.

Knowledge Graph: For tapping
operations on aluminum, a recom-
mended cutting speed is [TOOJSfA.

Baseline: For milling operations on
brass, a general rule of thumb is to
use a chip load that is between [JIBBE

for a tool diameter
between 0.5 and 1.0 inches.

Knowledge Graph: Based on the
provided context, for milling operations
on brass with a tool diameter between
0.5 and 1.0 inches, the recommended
chip load is [0M004NiRchesIperrevalition

(ipr).

Qwen 2.5 7B Instruct

Baseline: The recommended SFM for
drilling 4140 steel generally ranges

between ENEMNSSNEENERI
(FPM)

Knowledge Graph: For drilling opera-
tions on steel (4140), a recommended
cutting speed (SFM) is DOISFR.

Baseline: For tapping operations on
aluminum, a recommended cutting
speed (Surface Footage per Minute,
SFM) typically ranges between IS8

Knowledge Graph: For tapping
operations on aluminum, a recom-
mended cutting speed (SFM) is 100
sfm.

Baseline: A common starting point for
chip loads in this range is approximately

Knowledge Graph: For milling op-
erations on brass with a tool diameter
between 0.5 and 1.0 inches, a chip load
of 0.004 inches per revolution (ipr) is
recommended.

of system RAM primarily to hold the PostgreSQL knowledge graph, and an additional 0.604 GB of VRAM to host
the embedding model and graph embeddings for closed source access. For local deployment, the open source models
operate within a consumer GPU budget of under 10 GB VRAM, and end to end retrieval plus generation achieves a
time to first token under 2.5 seconds. These characteristics support on prem inference with predictable per query cost,
stable latency that keeps engineering and operator queues moving, and minimal incremental hardware outlay since a
single consumer card can serve multiple concurrent requests with careful batching. Running locally also avoids cloud
egress and API operating expenses, simplifies data governance for air gapped work, and reduces outage exposure tied
to external services. Stable response time reduces waiting time for parameter checks and approvals and lowers the
chance that jobs stall on information holds. Over sustained workloads, the modest hardware footprint reduces total
cost of ownership and makes it practical to scale usage across cells without introducing a centralized bottleneck.

6. Conclusion

This paper introduces ARKNESS (Augmented Retrieval Knowledge Network Enhanced Search and Synthesis),
a hybrid LLM-agnostic pipeline that couples an automatically constructed knowledge graph with a large language
model to produce grounded and numerically precise answers for technical manufacturing queries. ARKNESS converts
heterogeneous document formats into paragraph-level (subject, relation, object) triples while retaining full provenance
and contextual information, and stores the resulting graph in a relational database to support efficient retrieval over
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Table 6

Open ended responses from closed source models. Grounded quantitative answers are highlighted in
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in red, and knowledge graph augmented values in green.

, baseline values

Model / Question

For drilling operations on steel (4140),
what cutting speed (SFM) is recom-
mended?

For tapping operations on aluminum,
what cutting speed (SFM) is recom-
mended?

For milling operations on brass with
a tool diameter between 0.5 and
1.0 inches, what chip load is recom-
mended?

Grounded Answer

For drilling operations on steel (4140),
a cutting speed of 90 SFM is recom-
mended.

For tapping operations on aluminum,
a cutting speed of 100 SFM is recom-
mended.

For milling operations on brass with
a tool diameter between 0.5 and 1.0
inches, a chip load of 0.004 inches per
revolution is recommended.

Gemini 2.0-flash

Baseline: For 4140 steel, which is a
medium-carbon, low-alloy steel known
for its high strength and good harden-
ability, typical cutting speeds for drilling
operations generally range from [JOIE8

Knowledge Graph: For drilling
operations on steel (4140), a cutting
speed of GOISEM is recommended.

Baseline: For general-purpose tapping
of aluminum alloys like 6061-T6, a
common starting point is between B

. However, softer alloys like
1100 or 3003 can often be tapped at
higher speeds, potentially up to [

BEM or more.

Knowledge Graph: For tapping
operations on aluminum, a cutting

speed of [TO0ISEM is recommended.

Baseline: The recommended chip load
for milling brass with a tool diameter
between 0.5 and 1.0 inches typically

falls within the range of IINDIEGIO00A
[RGHES per tooth.

Knowledge Graph: For milling op-
erations on brass with a tool diameter
between 0.5 and 1.0 inches, a chip load
of 0,004 inches per revolution (ipr) s

recommended.

Gemini 2.0-flash-lite

Baseline: For high-speed steel (HSS)
drills, a starting point for the cutting
speed when drilling 4140 steel is typ-
ically in the range of

B0 to 60 surface
[ESEIBEIIRNS (SFM) for the steel in

a hardened state.

Knowledge Graph: For drilling opera-
tions on steel (4140), the recommended

cutting speed is QOISEM.

Baseline: For most aluminum alloys,
a starting point for the cutting speed

is typically in the range of FRIGHE0N

Knowledge Graph: For tapping
operations on aluminum, a cutting

cpeed of 100 SFM (Surface Feet per
[MiRtiEe) is recommended.

Baseline: For milling brass with a tool
diameter between 0.5 and 1.0 inches,

a chip load of PINDSICIOIONRN s -

good starting point.

Knowledge Graph: For milling op-
erations on brass with a tool diameter
between 0.5 and 1.0 inches, a chip load
of 0.004 inches per revolution (ipr) s

recommended.

GPT-40 Baseline:  For annealed AISI 4140 Baseline: The recommended cutting Baseline: For general milling operations
steel, which typically has a hardness speed for tapping aluminum typically on brass with a tool diameter between
of around 150-200 Brinell, the recom-  ranges from 0.5 and 1.0 inches, a typical chip load
mended cutting speed is usually in the recommendation would range from
range of approximately [IDOEIECHOIOIONIREHES

when using high-speed  Knowledge Graph: For tapping [FEHECOETINRE
steel (HSS) drill bits. operations on aluminum, a cutting
speed of Knowledge Graph: For milling op-
Knowledge Graph: For drilling [(SEM) is recommended. erations on brass with a tool diameter
operations on steel (4140), a cutting between 0.5 and 1.0 inches, the recom-
speed of QOISEM is recommended. mended chip load is DI004NiRchesTper
revolution (ipr).
GPT-40-mini Baseline: Typically, for drilling opera- Baseline: For most aluminum alloys, a  Baseline: For brass, which is a relatively

tions on 4140 steel, a cutting speed in

the range of FOICIIBONSEM is often

recommended when using high-speed
steel (HSS) drill bits.

Knowledge Graph: For  drilling
operations on steel (4140), the recom-

mended cutting speed is Q0iStrface feet

common recommendation for tapping

speeds is in the range of [INDIEGHSER

Knowledge Graph: For tapping
operations on aluminum, the recom-

mended cutting speed is [J00NSUFface

soft and ductile material, the recom-
mended chip load generally falls within

the range of NNRONNNBNRERESNNE
tooth

Knowledge Graph: For milling op-
erations on brass with a tool diameter
between 0.5 and 1.0 inches, the recom-

mended chip load is DI004NiRCRESIpER
revolution (ipr).

both structured triples and their supporting text.

We show that combining provenance-aware KG retrieval with vector-embedding search and beam search improves
the evidence available to the LLM at generation time. Across multiple-choice questions spanning content-specific
and machining-specific queries, ARKNESS improves accuracy by up to 16.7% and Fl-score by up to 16.5%. For
open-ended questions, improvements of up to 8.9x in ROUGE-L indicate stronger alignment with reference answers,
suggesting that structured retrieval helps the model produce responses that are both more faithful to source material
and more technically consistent.

Beyond empirical gains, ARKNESS provides a practical mechanism for reducing hallucinations in settings where

Hoang et al.: Preprint submitted to Elsevier Page 18 of 22



KG-Fused LLMs for Explainable Process Planning

Table 7

Computation requirements for each model.

Model Max VRAM Required (GB)  Max RAM Required (GB) Time to First Token (s) Tokens Per Second (toks/s)
Gemini 2.0 Flash 0.604 1.76 0.881 144

Gemini 2.0 Flash-Lite 0.604 1.76 0.790 147

GPT-40 0.604 1.76 1.21 69.8

GPT-40 mini 0.604 1.76 1.09 72.6

Llama 3.1 8B Instruct 8.57 1.76 2.21 8.78

Llama 3.2 3B Instruct 4.57 1.76 1.16 12.9

Qwen 2.5 7B Instruct 8.76 1.76 2.25 9.46

correctness and traceability matter. By retrieving compact, auditable evidence together with its provenance, the frame-
work supports downstream applications such as process planning, troubleshooting, and decision support in CNC ma-
chining and production workflows, while enabling users to trace generated claims back to specific source contexts. This
evidence-first design shifts the LLM’s role from generating answers from latent knowledge to synthesizing responses
from retrieved, verifiable technical material, which is particularly important when numerical values, process param-
eters, and operating constraints must be correct. In addition, the structured KG representation enables controllable
retrieval and aggregation across documents, allowing ARKNESS to surface consistent parameter definitions, compare
alternative recommendations, and expose potential conflicts in source material rather than masking them in fluent text.
These properties make ARKNESS well-suited for human-in-the-loop settings, where engineers can quickly audit cita-
tions, validate assumptions, and update or override extracted facts, thereby improving both trust and usability in real
manufacturing deployments.

This deployment value becomes especially important as the knowledge graph grows beyond the scale evaluated
in this study. Industrial implementations may eventually include millions of relationships spanning machines, mate-
rials, cutting tools, inspection records, maintenance logs, sensor streams, and historical process plans. ARKNESS
is designed to remain practical in such settings because it does not require full-graph traversal at inference time. In-
stead, the framework first narrows the candidate space using semantic similarity, then retrieves a compact evidence
subgraph through adaptive graph traversal before passing only the most relevant context to the LLM. This design limits
unnecessary retrieval while preserving important neighboring relationships that may affect the final recommendation.
In larger deployments, the same architecture can be further supported through vector indexing, graph partitioning by
material or process family, caching of frequently retrieved subgraphs, and incremental graph updates rather than full
reconstruction. As a result, growth in graph size does not necessarily translate into proportional growth in inference
cost. The framework can therefore scale as a searchable decision-support layer, where the LLM receives concise and
auditable evidence rather than an unfiltered collection of all available manufacturing knowledge.

Although this study focuses on CNC machining, the underlying framework is not limited to subtractive manufac-
turing. The central workflow of ARKNESS consists of extracting domain knowledge from heterogeneous technical
documents, representing that knowledge as contextualized and provenance-linked graph triples, retrieving the most
relevant evidence for a user query, and using that evidence to ground LLM-based response generation. These steps
are broadly applicable to other manufacturing domains where decisions depend on technical parameters, process con-
straints, material behavior, and traceable engineering knowledge. For example, in additive manufacturing, the graph
could represent relationships among material properties, build parameters, defect mechanisms, and post-processing
requirements; in welding, it could encode links among joint geometry, heat input, shielding gas, filler material, and
quality outcomes; and in robotic assembly or maintenance planning, it could connect equipment states, task sequences,
failure modes, and corrective actions. The specific entities and relationships would change across domains, but the
core mechanism of combining structured retrieval with natural language reasoning would remain the same. This sug-
gests that ARKNESS should be viewed as a transferable framework for explainable Al-assisted manufacturing decision
support, provided that sufficient domain-specific documentation and validation procedures are available.

While the preceding results highlight the accuracy, deployment, and operational value of ARKNESS, several lim-
itations remain that motivate future work. Although provenance-aware retrieval and conservative verification reduce
errors, the constructed KG can still contain residual noise when evidence is implicit, spans multiple sentences, or is
expressed through domain-specific paraphrases, and some verification thresholds and retrieval hyperparameters are
currently selected empirically and may require re-tuning as the corpus or domain shifts. The current workflow is
also predominantly text-centric and evaluated on English-language materials, and it does not yet represent temporal
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or condition-dependent knowledge (e.g., time-varying telemetry or operating regimes), nor does it treat common non-
text evidence such as technical drawings, CAD files, images, vibration or acoustic traces, and dense tabular datasheets
as first-class, graph-aligned signals. Future work will expand ingestion and evaluation to multilingual corpora and
queries, incorporate cross-lingual entity linking and language-agnostic identifiers, and extend the KG to multimodal
and temporal evidence by lifting structured information from CAD and images, sensor streams, and tables or telemetry
into graph-linked nodes and relations, supported by cross-modal embeddings for retrieval. We will accompany these
extensions with broader benchmarks and provenance-aware evaluation protocols, enabling ARKNESS to scale to more
diverse manufacturing settings while strengthening reliability, coverage, and traceability.
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