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Abstract

Quality investigations in heat treatment require inspection results to be linked with pro-
cessing histories, while conventional manufacturing execution systems distribute these 
records across separate modules. This study develops a read-only language-model inter-
face with product and basket-time linkage and evaluates query execution separately from 
evidence correctness. A same-model comparison using GPT–OSS 20B covers 48 tasks and 
288 attempted executions, with 273 complete responses. Frozen condition-screen counts 
were similar; asymmetrically reviewed scope corrections are not used as comparative evi-
dence. Independent backend checks identified alarm-count inconsistencies before evidence 
reached the model. A retrospective, non-blinded review of 41 numerical fallbacks, assisted 
by artificial intelligence (AI), found six pre-fallback answers supported relative to the saved 
evidence, 34 containing unsupported or incorrect claims, and one indeterminate. These 
assessments do not independently validate the enterprise records. Three quality cases illus-
trate linkage to stage-specific furnace evidence, but incomplete basket coverage leaves the 
relationship between temperature deviations and hardness nonconformity undetermined. 
The study separates returned states, answer support, and independently verified facts when 
evaluating language-model access to manufacturing records.

Keywords: manufacturing execution system; large language model; heat treatment; tool 
calling; quality traceability

1. Introduction
Manufacturing execution systems (MES) connect enterprise planning with shop-floor 

production and provide records for quality management and process traceability [1]. In 
heat treatment, investigating a failed hardness inspection requires more than retrieving the 
inspection result. Engineers must identify the processed product, recover its loading and 
processing intervals, and compare measured furnace conditions with their targets. These 
records are commonly distributed across inspection, product-tracking, equipment, and 
process-history modules. Their practical value therefore depends on preserving the identity 
and time relationships that connect a quality measurement to its processing context.

Natural-language access offers a way to retrieve these records without requiring users to 
know every interface or database field. Large language models (LLMs) have been applied to 
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manufacturing knowledge retrieval, planning, maintenance, and quality management [2,3]. 
Retrieval-augmented generation supplies external information for response generation [4–6], 
while reasoning-and-action methods and tool learning support the invocation of external 
functions [7,8]. Such capabilities make a language model a potential interface to manufactur-
ing services, but successful invocation alone does not establish that the requested entity and 
time interval were preserved or that the returned evidence is complete.

The closest manufacturing-execution studies address different parts of this problem. 
Choi and Jeong [9] describe a domain-specific architecture combining retrieval and text-
to-SQL (Structured Query Language) generation. Yuan et al.’s Chat with MES [10] uses 
request rewriting and multistep operation generation, evaluated with manually designed 
requests in a simulated garment MES. Fan et al. [11] combine a language-model interface 
with reinforcement-learning support for photoresist viscosity adjustment. These studies 
establish substantial prior work in conversational access and orchestration; generic tool 
calling is not a contribution unique to the present study. Here, the focus is the connection 
between inspection and thermal-history records in an operating heat-treatment MES, as 
well as the distinction between query-condition coverage, faithful explanation of tool output, 
and agreement with the underlying enterprise records. Table 1 summarizes this positioning 
without comparing scores obtained on different tasks.

Table 1. Positioning relative to closely related manufacturing execution system (MES) studies. SQL 
denotes Structured Query Language.

Study Main Mechanism and Setting Relation to the Present Investigation

Choi and 
Jeong [9]

Domain-specific retrieval and 
text-to-SQL architecture

Provides architectural context for 
natural-language access to structured 
manufacturing data.

Yuan et al. [10] Request rewriting and multistep 
operations in a simulated garment MES

Establishes the tool-orchestration 
baseline; the present work examines 
record linkage and evidence 
verification in heat treatment.

Fan et al. [11]

Language-model orchestration of 
computational and 
reinforcement-learning services for 
viscosity adjustment

Addresses parameter 
recommendation and control support 
rather than retrospective 
inspection-to-thermal-history linkage.

Present study
Read-only MES queries, basket-time 
linkage, and a same-model 
component comparison

Evaluates query execution and 
evidence provenance through paired 
task conditions and linked 
inspection histories.

Other manufacturing applications include natural-language production planning, 
carbon-emission management, multi-agent coordination, and digital-twin parametriza-
tion [12–17]. Human-in-the-loop approaches retain engineering oversight [18]. In quality 
management and maintenance, cognitive assistants, causal knowledge, asset information 
models, and troubleshooting structures organize domain evidence [19–24]. Time-series 
and multimodal approaches support equipment fault diagnosis [25–30]; visual- and vision-
language approaches address industrial inspection [31–36]. These methods motivate 
evidence-based assistance but do not replace inspection specifications or the recorded 
links between products and process histories. Hallucination research further motivates 
checking claims against their sources [37].

This study examines how a language-model interface can support heat-treatment 
quality investigation through existing read-only services. The main contributions are as 
follows. First, the implemented calling and response-processing rules are specified so that 
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schema checks, result-state handling, and numerical screening can be evaluated separately 
from business-semantic correctness. Second, inspection, product, basket, and furnace records 
are linked through explicit identifiers and timestamps, with three quality cases used to 
examine the interpretation of the retrieved thermal evidence. Third, a same-model comparison 
and task-cluster analysis distinguish query execution from evidence correctness and identify 
failures that would be hidden by aggregate workflow scores. No claim is made that generic 
orchestration itself is novel or that these experiments demonstrate improved user efficiency.

2. Methods
The method connects natural-language requests to read-only MES services and as-

sembles the returned records for engineering review. Its two components are a bounded 
tool-calling procedure and an inspection-to-process evidence chain. The evaluation follows 
the same separation: it checks query conditions and response completion, then examines 
evidence provenance through independent backend comparisons and quality-case records. 
Figure 1 shows the application environment in which the relevant records are maintained.

16,949

(a) MES main workspace

(b) Shop-floor process monitoring

Figure 1. Representative interfaces of the implemented heat treatment manufacturing execution 
system (MES). (a) Furnace access, quality statistics, and production trends; colors distinguish furnace 
series in the production chart. (b) Process-stage status, workpiece positions, and measured and target 
parameters. Numbered markers indicate displayed workpiece positions; large black values show 
current readings and smaller red values show targets. Asterisked temperatures are illustrative display 
values for unavailable readings, not experimental measurements.
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2.1. Read-Only Tool Calling and Response Processing
For request 𝑞, the model selects tools and proposes arguments from a complete catalog. 

The response is formulated using the returned evidence, as expressed in Equation (1):

𝑦 = 𝑓𝜃(𝑞, 𝐸), 𝐸 =
𝐾
⋃
𝑘=1

𝑔𝑘(𝑥𝑘). (1)

Here, 𝑔𝑘(𝑥𝑘) denotes the records returned by the 𝑘th call, and 𝑓𝜃 denotes language generation. 
The calling layer parses JavaScript Object Notation (JSON) arguments and invokes permitted 
read-only functions. It does not give the model unrestricted database or equipment-control 
access. Figure 2 shows the overall architecture. Table 2 specifies the evaluated schema 
checks, result-state handling, and numerical screening; general-purpose identifier and 
temporal-semantic validation remain unverified.

The model is served through an internal inference endpoint, separately from the client. 
Source inspection identifies collectors for furnace measurements and basket timestamps, 
MySQL-based collector inputs, and a .NET MES data-access backend. In the application 
path described by the source code, collectors read historical shop-floor records, which are 
stored in the MES and exposed through its application programming interfaces (APIs). 
The Model Context Protocol (MCP) service retrieves these records and supplies them to 
the model context. Saved service responses verify particular query boundaries, not the 
complete deployed acquisition path. The study did not instrument the sensor-to-controller 
link or verify the remote deployment revision, so no specific fieldbus or sensor protocol 
is assumed.

Figure 2. Overall architecture of the read-only manufacturing execution system (MES) interface. 
The large language model (LLM) selects tools, MES services retrieve manufacturing records, and 
rule-based numerical summaries support evidence explanation. Numbers 1–5 identify the manufac-
turing task, controlled orchestration, evidence services, evidence processing, and structured result, 
respectively. Solid arrows show the main flow; the dashed arrow denotes controlled failure and 
recovery. ID denotes identifier.

Algorithm 1 defines the evaluated component configuration. Three result states are 
distinguished by the adapter and evaluator: evidence, no matching records, and tool error. 
A safe explanation of an error is not credited as successful retrieval. Tool text, sometimes 
containing its own structured status, is appended to the conversation; a separate uniform 
status field is not added to every model message. After a final answer, wholly unusable tool 
results trigger the error fallback before numerical screening is considered. Both original and 
fallback answers are retained. The ordinary configuration uses the same model, catalog, 
read-only interfaces, and execution budgets, without the evaluated schema, adaptation, 
and response-fallback package.
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Table 2. Implemented checks and their interpretation in the component comparison. JSON denotes 
JavaScript Object Notation.

Stage Implemented Operation What Is Not Established by This Check

Before 
invocation

Confirm catalog membership, parse JSON, and check 
required fields and declared types

A schema-valid date or identifier can still change the 
requested scope.

After retrieval Adapt the returned representation and classify 
evidence, no matching records, or tool error

An empty representation is not independent proof that 
the backend has no records.

Before 
presentation

Screen numerical tokens against the request and tool 
text; use a tool-record fallback when triggered

Token occurrence does not establish field identity, units, 
causal support, or factual accuracy.

Audit Retain the proposed arguments, original and adapted 
returns, pre-fallback and final answers, and timings

Log completeness does not independently validate the 
underlying business facts.

Algorithm 1 Bounded tool calling with explicit result states.
Input: request 𝑞, catalog 𝐶, schema check 𝑉𝑠, budgets 𝑁, 𝐵
Output: final response 𝑦, original records 𝐸, execution log 𝐴

1: Initialize conversation 𝐷 with the common system prompt and 𝑞;
2: for 𝑟 = 1, … , 𝑁 within call budget 𝐵 do
3:  Request a model response using 𝐷 and complete catalog 𝐶;
4:  if no tool call is proposed, retain the raw answer and break;
5:  for each proposed call (𝑔, 𝑥) do
6:  Parse 𝑥; on parsing failure, retain the exception and end incomplete;
7:  If 𝑔 ∉ 𝐶 or 𝑉𝑠 fails, return error text; otherwise call and adapt;
8:  append returned text to 𝐷; retain raw/adapted output and timings;
9: Classify returns as evidence, no records, or error for assessment;
10: If all returns are unusable, use error fallback; else apply numeric screen;
11: If no final answer is obtained, retain the failure reason and all timings;
12: Return 𝑦, 𝐸, 𝐴, keeping error explanation distinct from retrieval success.

2.2. Inspection-to-Process Evidence Linkage
The starting point is an inspection record containing an item, measured values, an 

acceptance range, and a product-tracking association. The tracking card supplies product, 
work-order, heat-number, and furnace context. A heat-treatment basket is a container 
holding parts during furnace processing; its process record provides timestamps for the 
relevant stages. As illustrated in Figure 3, the inspection record is linked to basket process 
records through the product-tracking card. The basket timestamps then delimit the furnace 
samples retrieved for analysis. The evidence set is defined in Equation (2):

𝐸𝑄 = {𝑒inspection, 𝑒product, 𝑒basket, 𝑒curve, 𝑒alarm}. (2)

A missing component is recorded rather than replaced by a model-generated value. In-
spection measurements are linked to a processing context, not assigned an individual 
temperature history unless a specimen-to-basket correspondence exists.

Variable retrieval and numerical calculations are performed by the services and analysis 
scripts. The original curve service enumerates available process zones and returns measured 
and target values; the reported heating zones were selected for examination from these 
returned fields. The model did not autonomously discover the two zones by searching an 
unrestricted variable space. Its role is to select documented retrieval functions and explain 
the returned evidence. Deterministic product and timestamp linkage remains outside 
the model.
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For valid paired measured and target samples (𝑥𝑧,𝑗, 𝑠𝑧,𝑗) in zone 𝑧, the descriptive mean 
deviation and fraction below a chosen analysis threshold 𝛿 are given by Equation (3):

𝑑𝑧 =
1
𝑛𝑧

𝑛𝑧

∑
𝑗=1

(𝑥𝑧,𝑗 − 𝑠𝑧,𝑗), 𝑃𝑧(𝛿) =
100
𝑛𝑧

𝑛𝑧

∑
𝑗=1

1{𝑥𝑧,𝑗 < 𝑠𝑧,𝑗 − 𝛿}. (3)

The denominator counts retrieved valid samples, not independent experiments. The orig-
inal case uses a linked production interval reconstructed from eight basket records. The 
supplementary basket-specific audit instead uses zone-1 timestamps keytime9--keytime10 
and zone-2 timestamps keytime10--keytime11, followed by deduplication by zone and 
timestamp. These two interval definitions are reported separately. The 5 ∘C threshold is 
an analytical comparison, not a verified plant alarm limit; its sensitivity is examined in 
the results. 

Basket ID

Figure 3. Quality-traceability workflow. Inspection and product associations identify basket records 
and process evidence for specification comparison and an evidence-based report. Numbers 1–5 denote 
failed inspection, product linkage, process-window evidence, rule-based deviation checks, and the 
evidence-grounded report. Arrows indicate the progression of evidence retrieval and assessment. ID 
denotes identifier.

2.3. Task-Level Evaluation
Evaluation separates the selection of retrieval functions, coverage of reference query 

conditions, completion of a final response, and factual agreement with independent records. 
Reference tools and arguments were constructed by the study authors from task requests 
and documented interface semantics, not from a database-derived reference answer for 
every field. The frozen screen permits defined alias and month-format normalization. The 
separate post hoc scope review permits consecutive monthly calls whose union equals the 
requested interval and uses the inspected energy-routing rule, where nonzero day takes 
precedence. Two component proposals were additionally corrected using returned dates 
without an equivalent blinded review of the ordinary arm. This asymmetric review is used 
for diagnostic interpretation only, not to estimate between-arm differences or intervals. 
Neither screen establishes complete conditional-chain or business-answer correctness.

Let 𝑧𝑖,𝑟,𝑚 be a binary execution measure for task 𝑖, repetition 𝑟, and configuration 𝑚. 
Comparisons first average the three repetitions within a task and then compare the paired 
task means, as defined in Equation (4):

Δ̂ =
1
𝐼

𝐼
∑
𝑖=1

(
1
3

3
∑
𝑟=1

𝑧𝑖,𝑟,component −
1
3

3
∑
𝑟=1

𝑧𝑖,𝑟,ordinary). (4)

Descriptive 95% intervals use 10,000 task-cluster bootstrap resamples [38], preserving 
repeated executions and pairing. Task selection is purposive, so the intervals describe 
variability within this task set rather than a randomly sampled enterprise workload. Total 
elapsed time is retained for all attempts, including incomplete ones; model-call and tool-call 
durations are also recorded. Human operation and browser rendering are outside this 
timing measure. A separate backend comparison is required before tool-output fidelity can 
be interpreted as enterprise-fact correctness.
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The retrospective audit reuses saved requests, tool returns, and pre-fallback answers 
without new model executions or backend queries. It counts explicit no-record returns 
separately from zero alarm counts. All 41 numerical fallbacks undergo a non-blinded record 
review assisted by artificial intelligence (AI): an answer is supported relative to the saved 
evidence only if its factual statements preserve the returned fields or justified calculations. 
Explicitly conditional suggestions are not treated as observed facts. An unsupported factual 
claim excludes the whole answer from that category; ambiguous wording is indeterminate. 
This is not an independent domain-expert assessment or verification of source-data truth. 
Per-execution states, decisions, and reasons are released in Supplementary File S1.

3. Experiments and Results
3.1. Tasks and Execution Conditions

The expanded comparison comprises the original 32 tasks and 16 additional requests, 
with both configurations repeated three times, giving 288 attempted task executions. The 
original tasks cover production records, monthly yield, alarms, nonconforming products, 
energy consumption, equipment status, product-tracking cards, inspections, curve-query er-
rors, and relative dates. Additional requests cover explicit day/month/year scope, multiple 
periods, cross-module retrieval, missing records, unsupported inferences, and conditional 
follow-up. They were constructed from existing interface semantics and reuse some business 
parameters; they are not an independently sampled unseen industrial workload. All at-
tempts remain in the results, including 15 without a complete final answer. Table 3 gives the 
task structure, with sanitized definitions and reference conditions in Supplementary File S1.

Table 3. Task composition and example requirements. Result absence and tool errors are recorded 
separately from task complexity.

Task Group Number Representative Requirement

Original functional set 32
Query a named production line and date; retrieve a product 
card or inspection; request monthly yield or energy; handle 
empty or failed retrieval.

Temporal-
scope extensions 3 Preserve an explicit daily, monthly, or annual energy scope.

Multiple-query requests 2 Compare two periods without silently dropping one.

Cross-module requests 3 Combine production/alarm, card/curve, or energy/
yield information.

Quality and 
missing-evidence probes 7

Compare inspections, preserve missing-record status, avoid 
unsupported conclusions, and handle conditional follow-up 
or an erroneous curve query.

Relative-date extension 1 Resolve yesterday using the current-time service.

Both configurations use gpt-oss:20b, the same system prompt, and the same 18-tool 
catalog. The component configuration adds the existing schema check, output adapter, and 
numerical/no-evidence fallback. This is a package comparison, not an ablation of each 
component or a test of a complete semantic validator. Runtime metadata identifies Ollama-
compatible serving version 0.33.1, a 20.9-billion-parameter model using four-bit microscal-
ing floating-point (MXFP4) weight quantization, and a loaded context of 32,768 tokens. 
Generation temperature is 0; output limits are 1024 tokens for the initial call and 4096 for 
subsequent calls, with at most five model rounds and eight tool calls. Model and tool time-
outs are 90 and 45 s. Retries of model requests over the Hypertext Transfer Protocol (HTTP) 
are disabled; the inherited MCP client retains a closed-connection reconnect-and-reissue 
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branch, whose activation was not established in this run. Inference ran on an internal server 
equipped with an RTX 5090 graphics processing unit (GPU) and 512 GB of random-access 
memory (RAM). The remote MCP deployment revision was not verified. Task order is 
randomized with a fixed seed. The model receives the natural-language request, prompt, 
and tool descriptions, but no task category, reference arguments, or expected outcome.

One brief model-connectivity call preceded the schedule, without forcing a service 
restart or model unload; these results are not a cold-start benchmark. Archived 32-task 
results are reanalyzed separately from the expanded comparison. Quality evidence comes 
from read-only enterprise inspection, product, basket, and curve records. An initial 
feasibility screen of 100 recent card groups returned 451 inspection records. Separately, the 
latest 20 nonconforming groups supplied nine hardness candidates; continued retrieval 
yielded three cases with linked curves. Historical conforming references were then sought, 
retaining incomplete candidates in the audit. The three cases include the original case 
and two additions. Sources, selection bounds, and missing calibration information are 
documented in Supplementary File S1.

3.2. Same-Model Component Comparison
Table 4 reports the frozen screen for both configurations. Required retrieval tools were 

called in 144/144 ordinary and 143/144 component executions; frozen condition-screen 
counts were 139/144 and 138/144. The separate post hoc scope review produced 139/144 
and 140/144 after two component-only corrections. The review was not blinded and did 
not re-examine the ordinary arm equivalently. Accordingly, the post hoc review is not used 
to estimate between-arm coverage differences or intervals. The frozen flags and asymmetric 
corrections remain separately available in Supplementary File S1; neither is an independent 
answer-accuracy measure.

Table 4. Expanded comparison using the frozen condition screen. The asymmetric post hoc scope 
corrections are excluded from this table and from comparative coverage inference. Frozen screen flags 
do not establish answer accuracy. Time includes all attempts.

Tasks Configu-
ration Attempts Frozen 

Screen
Complete 
Answer

Median
Time (s)

All 48 Ordinary 144 139/144 139/144 7.6
All 48 Component 144 138/144 134/144 6.7
Original 32 Ordinary 96 96/96 94/96 6.1
Original 32 Component 96 96/96 91/96 5.9
Added 16 Ordinary 48 43/48 45/48 12.7
Added 16 Component 48 42/48 43/48 11.5

Response completion exposes a different limitation. Ordinary calling produced 139 
complete answers, compared with 134 for the component configuration. Incomplete execu-
tions comprised one versus five output-length truncations and four versus five exhausted 
round budgets. The component package triggered 47 fallbacks: 41 numerical and six 
unusable-evidence fallbacks. Review of all 41 pre-fallback answers classified six as sup-
ported relative to the saved request/tool evidence (14.6%), 34 as containing an unsupported 
or incorrect factual claim, and one as indeterminate because a growth ratio was worded 
ambiguously. The six supported answers comprise two approximate production-change 
summaries and four query-attributed missing-record explanations; list markers or justified 
arithmetic triggered replacement. Other answers included invented inspection rows, wrong 
field/date assignments, and unsupported operational conclusions. Some erroneous answers 
also contained justified calculations, so trigger occurrence is not equivalent to correct error 
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detection. These non-blinded AI-assisted judgments neither establish independent business 
truth nor show that 34 errors were corrected by the fallback. The per-answer reasons and 
audit limits are in Supplementary File S1.

Timing also depends on the task. Added requests took approximately twice as long 
at the median as the original requests. For example, ordinary production requests had 
a median of 9.6 s, compared with 4.4 s for yield; multiple-query requests took 22.1 s. 
The corresponding component medians were 10.9, 4.0, and 32.8 s. Average accumulated 
model-call time was 9.71 and 9.09 s, compared with 0.73 and 0.71 s for tool execution. The 
task-paired mean total-time difference was −0.64 s, with a 95% interval from −1.77 to 0.41 s. 
Thus, neither a stable speed improvement nor a reduction in human task time follows from 
the observed medians.

3.3. Query Semantics and Independent Evidence Checks
The archived 96 executions illustrate why scoring stages must be separated. Exact 

dictionary matching accepted 24/96 argument sets, whereas alias and scope normalization 
accepted 95/96; the task-cluster interval for the latter is 96.9–100%. The remaining failure 
added day=1 to a monthly energy request. The frozen no-record flag identified 18 executions; 
inspection of saved text identifies six additional explicit production-card absence returns, 
giving 24/96 returned absences. These six wording cases also explain the original 89/96 
automatic versus 95/96 post hoc workflow-screen acceptance. A statement faithful to an 
absence return is not proof that the backend lacked records. No matched contemporaneous 
source snapshots establish the business truth of these 24 historical absences, and the archived 
cohort is separate from the expanded 288 executions. Scorer independence and agreement 
cannot be reconstructed; no independent human panel is claimed. The archived response-
time median remains 6.7 s, with a task-cluster interval of 5.52–7.73 s.

Constructed regression probes confirm the limits of the existing checks. Schema 
validation accepts a monthly action with a nonzero day and does not itself reject an empty 
identifier. An auxiliary normalizer repairs the known historical month/day proposal in 
offline replay; it is not part of the frozen experimental configuration and was not evaluated 
in a live comparison. In a separate replay of 50 saved energy proposals, one argument set 
changed with no scope correction or regression. The rule reads the proposed action rather 
than the user’s full request. Numerical occurrence checks can accept an unsupported value 3 
when only 30 occurs, and can miss an incorrect unit or unsupported nonnumerical inference. 
Conversely, a list number can trigger a false alarm. These outcomes explain why structured 
fields and source attribution need to be checked before interpreting a workflow score.

Independent backend checks revealed a defect in the system under study. For six 
requests, direct backend queries bracketed an identical MCP alarm call. Four stable backend 
counts were 51, 62, 113, and 16 while MCP returned zero; two zero-count requests agreed. 
A second read-only inspection reproduced the discrepancy, but the deployed conversion 
revision and the defect’s scope across interfaces were not established. These are counts of 
records in the backend occurring state, not incident counts. The checks are separate from 
the 288 executions and do not retrospectively label the historical model answers.

Across the expanded 288 executions, 83 contain at least one no-record return: 42 or-
dinary and 41 component. The last tool return is no-record in 39 executions per arm 
(78 total); this is a tool-sequence endpoint, not a verified final-answer state. There are 55 
and 60 such tool returns, respectively. A further 42 alarm calls (21 per arm) return zero 
counts but are classified as evidence rather than explicit no-records. Thus, an explicit-
state count alone does not bound the defect. The saved logs permit recounting of these 
representations but provide no matched contemporaneous backend snapshot establishing 
absence for each affected execution. The six separate alarm checks do not validate other 
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interfaces or all historical zero returns. Absence correctness and the prevalence of false ab-
sence therefore remain undetermined; returned-state recognition is not reported as verified 
business-result accuracy.

A conditional card-to-inspection request further exposed an identifier-interface ambi-
guity. The tool returned a product barcode but no separately labelled internal tracking-card 
identifier (ID). Ordinary calling issued a subsequent inspection query in all three repeats, 
using the barcode and other returned business fields; the component configuration stopped 
after the card query in all three repeats. Because the request conditioned follow-up on an ID 
and the tool description also described its ID field as accepting a barcode, neither the num-
ber of calls nor the presence of an answer is a sufficient reference for the whole chain. The 
trace is released as a documented example of intermediate-evidence-dependent behavior, 
not as a successful autonomous investigation. Explicitly distinguishing internal IDs from 
business barcodes is required before scoring this task as a conditional retrieval success.

3.4. Quality Cases and Historical Conforming References
Case REAL-Q-2C7883C8 links nine failed surface-hardness values on the Vickers hard-

ness (HV) scale to eight basket process records and a 419.3-min production interval contain-
ing 432 furnace records. All hardness values were below the 715–780 HV range: 683–707 HV, 
with a mean of 696.7 HV. Over the linked interval, zone 1 averaged 796.7 ∘C against 820 ∘C, 
and zone 2 averaged 824.1 ∘C against 835 ∘C. Fractions more than 5 ∘C below target were 
69.9% and 61.1%, respectively (Figure 4). These sustained deviations identify records worth 
examining when investigating the failed inspection. Available historical evidence does not 
independently establish the alarm state for this processing interval.
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Figure 4. Original anonymized quality case. (a) Nine Vickers hardness (HV) values and specification 
limits. (b,c) Measured and target temperatures over the linked production interval. These are 
interval-associated process samples, not nine specimen-specific thermal histories.

Table 5 adds two cases and historical conforming references matched on product 
identity, specification, inspection item, and a verified common physical furnace within each 
pair. The HV addition contains three of nine values below 715 HV, and the Rockwell C-scale 
hardness (HRC) addition contains two below 60 HRC, although both means lie within 
their respective limits. Thus, a comparison of average hardness alone would overlook the 
recorded local nonconformities. HV and HRC are analyzed separately.

Basket-specific retrieval confirmed that nonempty heating samples lay within the 
requested basket’s stage timestamps. For C3, the union of the eight stage windows contained 
61 unique zone-1 and 69 zone-2 samples, with mean deviations of −23.9 and −13.1 ∘C. These 
stage-specific subsets differ in temporal scope from the 432-point production interval shown 
in Figure 4. Requests were bounded to 12 basket records per card, and a 100-record list 
may be truncated; Table 5 therefore reports observed coverage rather than complete batch 
populations. Individual inspection positions could not be assigned to specific baskets.
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Table 5. Three quality cases and historical references. C3 corresponds to the case in Figure 4. Each 
fraction is checked/returned basket records; the two fractions distinguish case and reference, respec-
tively. A capped list may omit records. References are observational, not controlled trials. HV denotes 
Vickers hardness; HRC denotes Rockwell hardness on the C scale.

Case Specification Failed 
Inspection

Below Lower 
Limit

Reference 
Values

Basket Coverage:
Case; Reference

C1 715–780 HV 704–736; 
mean 720.8 3/9 732–741; 

mean 735.9
12/≥100;
12/≥100

C2 60–64 HRC 59.8–60.8; 
mean 60.3 2/9 61.0–61.7; 

mean 61.4 8/8; 12/21

C3 715–780 HV 683–707; 
mean 696.7 9/9 730–741; 

mean 735.2 8/8; 12/74

Within the checked subsets, C2 has zone deviations of −20.7 and −16.2 ∘C, com-
pared with −1.9 and −0.7 ∘C in its reference, with different target settings. C3’s checked 
conforming-reference samples have a zone-1 mean deviation of −39.2 ∘C. These are obser-
vations within retrieved stage windows. Given the capped and unequal basket coverage in 
Table 5, whether low-temperature deviations distinguish nonconforming from conforming 
batches remains undetermined. Neither a causal association nor the validity or invalidity 
of a temperature-based discriminator is established by these incomplete records.

Threshold sensitivity describes only the retained production interval. Raising 𝛿 from 5 
to 10 and 20 ∘C changes 𝑃1 from 69.9% to 68.5% and 63.9%, and 𝑃2 from 61.1% to 54.4% and 
20.1%. These changes describe the sampled curve, not a batch-level quality relationship or 
independently validated quality limit. Calibration certificates and measurement-uncertainty 
budgets were unavailable; no numerical uncertainty or causal significance is assigned.

4. Discussion
The same-model experiment did not show a completion or stable timing advantage 

for the existing processing package. Its asymmetric post hoc scope review cannot support 
a between-arm coverage conclusion. The 41-case fallback audit identifies six whole an-
swers supported relative to the saved evidence, but it is AI-assisted and not independently 
expert-validated. More fundamentally, the alarm-path defect has not been bounded across 
endpoints; neither returned absences nor token-level answer fidelity establish enterprise-fact 
correctness. Appropriate next steps include explicit temporal/identifier contracts, contem-
poraneous backend/tool snapshots, and independent answer assessment; their effectiveness 
has not been tested here.

The checked historical references cannot establish the relationship between low-
temperature readings and hardness outcomes because coverage is incomplete and process 
conditions are not controlled. Further investigation requires comparable recipes, specimen-
to-basket links, calibration records, and authorized process comparisons. A separate litera-
ture example is Li et al.’s mesh-belt study [39]. That study used DeepSeek-R1 to suggest 
78 rather than 80 Hz and physically tested the recommendation; Table 4 in [39] reports an 
ovality reduction with an end-face-diameter trade-off. It illustrates testing of a parameter 
suggestion, not a new result for the present GPT–OSS system.

Interaction efficiency requires paired graphical user interface (GUI) and generative 
artificial intelligence (GenAI) execution records, which were not collected here. Future 
engineering studies could test action counts, completion times, and whether an action-
distribution summary adds information beyond trace length [40,41]. Repeating a single 
action yields zero action-type entropy regardless of repetition count, and permuting a 
trace does not change that entropy; it cannot by itself measure workload or order. Incident 
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classification also requires separate validation: alarm management and event consequences 
are distinct problems [42,43].

5. Conclusions
This study investigated natural-language record access and quality traceability in a heat-

treatment MES using explicit inspection, product, basket, and process-time relationships. 
A 48-task same-model experiment produced 273 complete responses in 288 attempts. The 
processing package produced fewer complete answers and no stable timing advantage. 
Its asymmetric post hoc scope corrections are not used as comparative evidence. Review 
of 41 numerical fallbacks found six pre-fallback answers supported relative to the saved 
evidence, 34 with unsupported or incorrect claims, and one indeterminate; these AI-assisted 
assessments are not independent factual validation.

Three quality cases illustrate inspection-to-process retrieval within stated record-
coverage limits. Whether the retrieved temperature deviations distinguish nonconform-
ing from conforming batches remains undetermined, and no causal relationship is es-
tablished. The alarm-path defect and unverified historical absence returns further limit 
enterprise-fact interpretation. Future studies require contemporaneous source snapshots, 
symmetric blinded comparisons, and process-matched verification; user-efficiency and 
incident-classification claims require separate empirical evidence.
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