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Abstract

Industrial maintenance platforms contain rich
but fragmented evidence, including free-text
work orders, heterogeneous operational sensors
or indicators, and structured failure knowledge.
These sources are often analyzed in isolation,
producing alerts or forecasts that do not support
conditional decision-making: given this asset
history and behavior, what is happening and
what action is warranted?

We present Condition Insight Agent, a de-
ployed decision-support framework that inte-
grates maintenance language, behavioral ab-
stractions of operational data, and engineer-
ing failure semantics to produce evidence-
grounded explanations and advisory actions.
The system constrains reasoning through deter-
ministic evidence construction and structured
failure knowledge, and applies a rule-based ver-
ification loop to suppress unsupported conclu-
sions.

Case studies from production CMMS deploy-
ments show that this verification-first design op-
erates reliably under heterogeneous and incom-
plete data while preserving human oversight.
Our results demonstrate how constrained LLM-
based reasoning can function as a governed
decision-support layer for industrial mainte-
nance.

1 Introduction

Enterprise asset-intensive organizations rely on
condition-based maintenance to reduce downtime
and manage operational risk. Computerized Main-
tenance Management Systems (CMMS) aggregate
health scores, alerts, work orders, and operational
indicators, but rarely support the conditional rea-
soning required for maintenance decisions.

In practice, decisions depend on reasoning
across multiple forms of evidence: given a change
in behavior, which failure hypotheses are plausible,
which align with maintenance history, and what ac-
tion is appropriate? Existing systems fall short be-

cause evidence remains fragmented across meters,
work orders, and engineering knowledge, while re-
lationships between operational signals and asset
models are often uncertain. Practitioners must man-
ually reconcile these sources under time pressure
reliant on expert judgment.

This challenge is compounded by industrial data
realities: operational indicators originate from het-
erogeneous IoT and SCADA (Supervisory Control
and Data Acquisition) platforms with inconsistent
naming and limited shared ontology; maintenance
history is largely unstructured text; and engineer-
ing artifacts such as Failure Modes and Effects
Analysis (FMEA) are rarely integrated into data-
driven workflows. Supporting maintenance reason-
ing therefore requires controlled reasoning over
heterogeneous, partially structured, and semanti-
cally uncertain evidence. Large language models
(LLMs) offer flexible reasoning, but naively apply-
ing generative models in reliability-critical settings
introduces risks. Unconstrained agents may halluci-
nate explanations or produce fluent but unsupported
recommendations. In industrial maintenance, trust
depends on traceability, engineering consistency,
and explicit linkage between claims and evidence.

We present Condition Insight, a deployed rea-
soning framework that combines deterministic ev-
idence construction with constrained LLM-based
synthesis. Meter histories are abstracted into be-
havioral summaries, work orders into maintenance
patterns, and FMEA-derived semantics bound the
space of admissible explanations. The system is
integrated into enterprise CMMS workflows and
evaluated across large asset portfolios.

Our solution and contributions for this paper are:

• We define Condition Insight as a deployed
decision-support task that integrates opera-
tional indicators, maintenance history, and
engineering failure knowledge into evidence-
grounded explanations.



• We introduce a verification-first architecture
that separates (i) deterministic evidence con-
struction from heterogeneous maintenance
data into a structured evidence packet, (ii) con-
strained LLM synthesis operating solely over
this evidence, and (iii) rule-based governance
aligned with failure semantics.

• We develop a deterministic evidence construc-
tion pipeline that transforms weakly aligned
sources (work orders, meters, alerts, and
FMEA knowledge) into auditable, structured
representations used as the sole factual basis
for reasoning.

• We introduce a deterministic verification loop
that cross-checks LLM outputs against opera-
tional rules and structured evidence, ensuring
traceability and suppressing unsupported con-
clusions.

• We demonstrate through controlled evalua-
tion and deployment that this architecture im-
proves grounding, rule compliance, and hallu-
cination resistance compared to unconstrained
LLM pipelines.

• We report deployment lessons from enterprise
CMMS environments with heterogeneous IoT
data and sparse ontology support.

Beyond this application, our results illustrate that
reliable industrial LLM systems depend on struc-
tured evidence and explicit governance constraints,
enabling evidence-grounded reasoning to operate
in reliability-critical environments where outputs
must remain auditable.

2 Related Work

Data-Driven and Knowledge-Driven Mainte-
nance. Condition-based and predictive mainte-
nance research has focused on anomaly detection,
fault diagnosis, and remaining useful life estima-
tion from sensor data (Carvalho et al., 2019; Lei
et al., 2018; Teixeira et al., 2020). These ap-
proaches typically produce alerts or forecasts rather
than integrated explanations that connect observed
behavior to maintenance history and engineering
failure semantics. In parallel, knowledge-driven
methods employ rule-based systems, ontologies,
digital twins, and FMEA to encode asset struc-
ture and causal failure knowledge (Lu et al., 2020;
Langbridge et al., 2023). While interpretable, such

approaches often depend on comprehensive ontolo-
gies and consistent data alignment, which are dif-
ficult to sustain in enterprise environments with
heterogeneous assets and evolving data schemas
(Moosavi et al., 2024; Ahmed et al., 2022).

LLMs, Agents, and Constrained Generation.
Large language models (LLMs) enable multi-step
reasoning through retrieval-augmented generation
and tool-augmented agents (Brown et al., 2020;
Lewis et al., 2020; Yao et al., 2022). These ca-
pabilities have motivated applications in indus-
trial operations, including agentic anomaly detec-
tion and asset-oriented benchmarks (Patel et al.,
2025; Timms et al., 2024; Hosseini and Seilani,
2025). However, many agentic systems prioritize
autonomy over constraint, which poses risks in
reliability-critical settings (Acharya et al., 2025;
Ferrag et al., 2025). Recent work on reliable gener-
ation introduces verification loops, self-refinement,
human-in-the-loop evaluation, and LLM-based
judging to improve grounding and reduce hallucina-
tion (Madaan et al., 2023; Zheng et al., 2023; Wang
et al., 2020; Langer and Landers, 2021). Our work
extends this line by demonstrating a deployed rea-
soning framework in which deterministic evidence
construction and rule-based governance explicitly
bound LLM synthesis under real-world mainte-
nance constraints.

3 Problem Setting and Task

We study conditional reasoning for maintenance
decision support in an enterprise CMMS deploy-
ment spanning multiple asset classes. Rather than
prediction, the objective is decision-ready interpre-
tation of asset condition under heterogeneous and
imperfect evidence.
Condition Insight Task

Given maintenance evidence (historical work or-
ders, asset-level operational indicators, and struc-
tured failure knowledge) the task is to generate
an interpretable explanation of an asset’s current
or emerging condition together with appropriate
maintenance recommendations. The output is an
evidence-grounded narrative linking observed be-
havior to maintenance history and plausible failure
mechanisms.
Evidence Sources The system operates over three
complementary but weakly aligned evidence types:

• Work orders document past symptoms, di-
agnoses, and interventions in largely unstruc-
tured text, capturing experiential maintenance



knowledge.

• Operational indicators (“meters”) are low-
frequency, curated measurements (e.g., run-
time, periodic readings, discrete states) whose
meaning arises from temporal patterns and
whose semantics vary across cumulative, in-
cremental, and categorical forms.

• Failure knowledge is represented using Fail-
ure Modes and Effects Analysis (FMEA),
linking asset components to plausible failure
mechanisms and influencing factors that con-
strain admissible explanations.

Integration Constraints In practice, these sources
are not natively aligned. Operational indicators
originate from heterogeneous IoT and SCADA sys-
tems with inconsistent naming and limited shared
ontology, and mappings between telemetry points
and CMMS assets or components are often partial
or ambiguous. Consequently, schema-level inte-
gration is unreliable and rule-based reasoning over
raw signals is brittle. Conditional reasoning must
therefore operate on abstracted behavioral evidence
rather than authoritative semantic mappings while
tolerating incomplete context and uncertain data
relationships.

These heterogeneous sources are not passed
directly to the LLM, as their weak alignment
and inconsistent semantics make direct reason-
ing unreliable. Instead, they are determinis-
tically transformed into a structured evidence
representation (asset_facts) that serves as the
sole input to downstream reasoning. This
transformation converts raw, partially structured
maintenance data into bounded, interpretable
evidence, including normalized asset metadata
(asset_details_facts), aggregated work-order
summaries (workorder_facts), behavioral ab-
stractions of meter data (meter_facts), normal-
ized alerts (alert_facts), and aligned failure-
mode knowledge (fmea_facts). This evidence
construction step defines the admissible factual ba-
sis for all subsequent reasoning.

4 Condition Insight Framework

The Condition Insight system separates determin-
istic evidence construction from constrained LLM
reasoning. This separation reflects a key deploy-
ment requirement: explanations must remain trace-
able to operational evidence and consistent with

engineering knowledge, even when underlying data
is heterogeneous or incomplete.

Figure 1 illustrates the pipeline. Heterogeneous
asset data (including work orders, operational in-
dicators, alerts, asset metadata, and failure knowl-
edge) are first transformed into a structured evi-
dence representation (asset_facts) comprising
normalized asset details, work-order summaries,
meter-derived behavioral evidence, alert facts, and
aligned failure-mode knowledge. A domain LLM
agent then performs constrained synthesis over this
evidence, followed by a verification stage that gov-
erns key decision elements.

4.1 Overview of Reasoning Pipeline
The system operates in two stages:

• Analytics and Evidence Construction
produces a structured evidence packet
(asset_facts) summarizing asset behavior,
maintenance history, and failure semantics.

• Constrained LLM Reasoning generates con-
dition insights and recommendations using
this evidence, while deterministic checks ver-
ify adherence to operational criteria.

This separation decouples deterministic signal
extraction from semantic interpretation, allowing
the LLM to reason over curated, auditable evidence
rather than raw operational streams.

4.2 Deterministic Evidence Construction
This stage deterministically converts heterogeneous
maintenance data into interpretable, auditable evi-
dence for downstream reasoning.
Work-order abstraction converts historical
records into structured summaries of recurring
symptoms, interventions, outcomes, counts, and
category distributions, forming a compact represen-
tation of prior maintenance experience.
Meter abstraction transforms low-frequency oper-
ational indicators into behavioral summaries rather
than raw readings. Depending on meter semantics,
this includes trend detection, sustained deviations
from baseline, change points, reset identification,
drift characterization, and anomaly patterns. For
example, gauge-type indicators are summarized
through baseline deviation and sustained-change
detection, while cumulative indicators are analyzed
through increments to detect resets, abnormal rates,
and extended inactivity. These summaries capture
usage and condition evolution while suppressing
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Figure 1: End-to-end pipeline of the Condition Insight
System. Heterogeneous asset data and failure-mode
knowledge are consolidated into structured evidence
packets, which are processed by a domain LLM agent
with verifier-based checking to produce a UI-agnostic
condition insight summary.

noise. Additional implementation details are pro-
vided in Appendix A.
Failure knowledge alignment links work-order ev-
idence to failure mechanisms through a distribution-
aware semantic matching process based on an Un-
balanced Optimal Transport (UOT) (Chizat et al.,
2018) approach. Work-order descriptions w and
failure mechanisms and degradation modes m are
embedded into a shared vector space, and the opti-
mal matching between the distributions of w and
m is computed as follows:

min
T:T≥0

C ·T− εH(T) + ρ1KL(T1,w)

+ ρ2KL(TT1,m),
(1)

where C is a squared Euclidean cost on the la-
tent space, H(·) is the Shannon entropy, KL(·) are
Kullback-Leibler divergences, and T is the opti-
mal matching which defines the semantic corre-
spondence. This process constructs a structured
hypothesis space connecting observed behavior to
engineering-grounded failure semantics.

All processing in this stage is deterministic and
reproducible, producing auditable evidence that
defines the factual basis for downstream LLM rea-
soning.

4.3 Domain LLM Agent and Deterministic
Verification

The Domain LLM Agent consumes the structured
evidence packet and produces a Condition Insight
Summary consisting of evidence-backed insights
and recommendations. The LLM operates under
domain-specific constraints that restrict explana-
tions to those supported by evidence and consistent
with failure semantics. For ablation, we compare
this Constrained configuration with a Naive prompt
that requests a general condition summary over

the same structured evidence packet but does not
encode explicit rule-aligned condition criteria or
failure-mode constraints. The deterministic verifi-
cation loop remains active in both prompt settings,
ensuring identical governance checks while isolat-
ing the effect of prompt-level constraints over the
same structured evidence packet. Full details on
the prompt and structured evidence packet is given
in Appendix B.

In production deployment, key decision ele-
ments are governed through a deterministic ver-
ification loop. The LLM is prompted to assign an
overall condition category (e.g., Normal, Needs At-
tention, Not Enough Data) based on maintenance
signals such as open or delayed work orders, emer-
gency interventions, alerts, and meter anomalies.
These same criteria are implemented as explicit
rules in a parallel deterministic pipeline. The sys-
tem compares the LLM-generated condition with
the rule-based outcome, using discrepancies to
identify reasoning errors and refine prompts.

This generation–verification separation ensures
that high-level categorization remains governed by
explicit operational criteria, while the LLM con-
tributes explanatory synthesis over heterogeneous
evidence.

5 Case Studies

We evaluated Condition Insight in two deployment
settings to assess whether the verification-first rea-
soning architecture operates reliably under produc-
tion data constraints. These studies examine evi-
dence grounding, behavior under uncertainty, and
interaction with practitioner workflows rather than
model capability in isolation.

5.1 Case Study A: Product Integration

The system was deployed as an early-access
decision-support capability within an enterprise
CMMS, operating solely on production data avail-
able to practitioners (work orders, maintenance
status, asset metadata, and condition indicators).
As typical in such environments, evidence was in-
complete and uneven.

The system produced structured condition sum-
maries linking operational disruptions, mainte-
nance balance, execution delays, and diagnostic
coverage gaps to explicit evidence. All outputs
passed through deterministic verification checks,
and unsupported conclusions were revised or sup-
pressed. Recommendations remained advisory and



Figure 2: Condition insight generated by the proposed
framework using historical work orders of the last 200
days for a motor asset. The output separates evidence-
based observations (top) from prioritized, actionable
recommendations (bottom), synthesizing maintenance
history, asset metadata, health indicators, and data con-
sistency checks into a decision-oriented summary.

aligned with existing workflows; no automated ac-
tions were triggered. The system maintained con-
sistent insight structure across asset types while
surfacing uncertainty and data limitations as ex-
plicit outputs.

Figure 2 shows an example output. The system
produces a structured, UI-agnostic summary con-
sisting of evidence-based insights and prioritized
recommendations, linking claims to operational
signals and failure semantics.

5.2 Case Study B: Enterprise-Scale
Deployment

The framework was evaluated across ∼1,500 assets
spanning 16 asset classes and 14 sites, reflecting
heterogeneous sensor coverage, maintenance histo-
ries, and coding practices. Assets were categorized
as Not Enough Data, Normal, or Needs Attention
based on convergence of operational indicators,
maintenance history, and failure semantics.

A substantial portion of assets fell into Not
Enough Data, demonstrating conservative behavior
under sparse evidence. This conservative classi-
fication behavior is reflected quantitatively in the
Mean Insight Count (MIC) trend reported in Sec-
tion 6. Category distributions were stable across
sites, suggesting thresholds did not overfit local
conditions. For assets flagged Needs Attention,
insights reflected recurring, interpretable failure

mechanisms aligned with asset class and history.
The deterministic verification loop prevented un-
supported conclusions and ensured risks were tied
to explicit evidence.

In practice, the system supported prioritization
rather than automation, narrowing the subset of as-
sets requiring review. Practitioner overrides mainly
reflected local knowledge or pending operational
changes, reinforcing the role of human oversight.

5.3 Operational Impact and Scalability

In current enterprise workflows, condition-based
analysis typically requires manual retrieval and rec-
onciliation of heterogeneous data across multiple
systems. Discussions with practitioners indicate
that reviewing a single asset may require approx-
imately 5 minutes in the CMMS to retrieve main-
tenance records, 10 minutes in a building manage-
ment system to access sensor and SCADA data,
and an additional 10–15 minutes in external analyt-
ics or IoT platforms to inspect alerts, trends, and
metadata. This results in roughly 20–30 minutes of
effort per asset.

In contrast, the proposed framework generates
integrated condition insights and recommendations
in approximately 15–30 seconds per asset. While
human validation remains essential, the automation
of evidence integration and structured reasoning
substantially reduces analyst overhead.

Under existing processes, only a small fraction
of assets can be reviewed regularly, limiting prac-
tical adoption of condition-based maintenance at
scale. By reducing per-asset analysis time from
tens of minutes to seconds, the framework makes
broader, systematic coverage operationally feasi-
ble.

6 Evaluation

We evaluate system behavior using two comple-
mentary mechanisms: (1) deterministic validation
that assesses rule-following performance, and (2)
structured judge audits that quantify how generated
insights relate to available evidence and governance
constraints.

We tested multiple reasoning backbones
(Mistral-Medium, LLaMA-4-Maverick, Granite,
and GPT-OSS) and multiple frontier models
as evaluators (GPT-4.1 and Claude Sonnet 4).
Unless otherwise stated, results reported below use
GPT-OSS as the reasoning backbone and Claude
Sonnet 4 as the primary (strict) judge, as this



pairing produced representative and conservative
audit signals. Metrics are computed per asset
snapshot, summarized in this section, and formally
defined in Appendix C.
Grounding. Unsupported Claim Rate (UCR) mea-
sures the proportion of statements not supported by
structured evidence.
Diagnostic usefulness. High Specificity Rate
(HSR) measures how often statements refer-
ence concrete components, failure modes, or
maintenance-relevant details.
Reasoning stability. Contradiction Rate (CR) and
Redundancy Rate (RR) capture internal inconsis-
tencies and repeated issue descriptions.
Coverage and caution. Mean Insight Count (MIC)
reflects output verbosity and responsiveness to
available evidence.
Rule compliance. Condition Agreement Rate
(CAR) measures alignment between the model’s
overall condition classification and a deterministic
rule-based condition-selection specification.

6.1 Effect of Evidence Construction,
Enrichment, and Prompt Constraints

To isolate the role of deterministic evidence con-
struction, we include a baseline in which hetero-
geneous maintenance inputs are passed directly
to the LLM (RawData), bypassing the determinis-
tic evidence construction stage. This is compared
against the Naive configuration operating over the
full structured evidence packet (Naive + All), keep-
ing the prompt identical.

Effect of deterministic evidence construction.
Bypassing deterministic evidence construction
sharply degrades grounding and specificity. Com-
pared with Naive + All, RawData increases Un-
supported Claim Rate (UCR) from 0.003 to 0.214
and reduces High Specificity Rate (HSR) from 0.66
to 0.20, while Condition Agreement Rate (CAR)
remains similar. This indicates that without struc-
tured evidence, the model produces less grounded
and less diagnostically useful outputs despite ac-
cess to the same underlying information. This
demonstrates that deterministic evidence construc-
tion is a core architectural component rather than a
presentation layer over raw inputs.

Table 1 summarizes the effects of three archi-
tectural factors: raw versus structured inputs, ev-
idence scope (work orders + asset profile vs. full
structured evidence), and prompt configuration
(Naive vs. Constrained). The Naive prompt (see

Prompt Scope UCR↓ HSR↑ CAR↑ MIC

Naive RawData 0.214 0.20 0.68 5.0
Naive WO 0.007 0.64 0.68 4.9
Naive All 0.003 0.66 0.70 4.9
Constr. WO 0.002 0.68 0.89 3.2
Constr. All 0.008 0.71 0.91 3.3

Table 1: Effect of raw inputs, structured evidence con-
struction, and prompt constraints. RawData feeds het-
erogeneous maintenance inputs directly to the LLM,
bypassing deterministic evidence construction.

Appendix B.2) requests an unconstrained summary
of asset condition, whereas the Constrained prompt
explicitly encodes rule-aligned condition criteria
and failure-semantic constraints consistent with the
system’s deterministic governance logic. We next
examine how evidence scope and prompt-level con-
straints interact when operating over structured evi-
dence.
Effect of evidence enrichment. Under naive
prompting, expanding evidence to include meter
abstractions and structured failure-mode knowl-
edge reduces Unsupported Claim Rate (UCR) from
0.007 to 0.003 and slightly increases specificity
(HSR: 0.64 → 0.66). This indicates that structured
operational and engineering context constrains free-
form reasoning and reduces unsupported state-
ments.
Effect of prompt constraints. The Constrained
prompt substantially improves rule compliance
across both evidence scopes. Condition Agree-
ment Rate (CAR) increases from 0.68 to 0.89 under
limited data and from 0.70 to 0.91 under full evi-
dence. This demonstrates that explicit rule-aligned
prompting materially strengthens adherence to de-
terministic governance logic.

The Constrained prompt also reduces verbosity
(MIC: 4.9 → 3.2), reflecting more selective rea-
soning. While UCR increases slightly under full
evidence with the Constrained prompt (0.003 →
0.008), grounding remains high overall and outputs
remain internally stable.
Reasoning stability. Contradiction (CR) and re-
dundancy rates (RR) remain near zero across all
configurations, indicating that trajectory-controlled
reasoning combined with deterministic verification
prevents internally conflicting or repetitive issue
generation.
Variation Across Reasoning Models While abso-
lute performance varies, directional conclusions
hold across all tested backbones: for Mistral-



Medium, LLaMA-4-Maverick, and GPT-OSS,
structured evidence consistently reduces UCR rela-
tive to RawData, and constrained prompting consis-
tently improves CAR relative to naive prompting,
confirming the effect is architectural rather than
backbone-specific.
Evaluation Stability Across Judges Audits per-
formed with an alternative evaluator (GPT-4.1)
yield higher absolute grounding and specificity
scores but preserve directional trends. This indi-
cates that observed effects reflect architectural con-
straints rather than evaluator idiosyncrasies. Deter-
ministic Condition Agreement Rate (CAR), com-
puted independently of LLM judges, provides a
stable governance signal across evaluators.

6.2 Operational role and impact
The framework is designed to support prioritiza-
tion in enterprise maintenance workflows, where
condition assessment typically requires manual
retrieval and reconciliation of heterogeneous ev-
idence across multiple systems. Practitioner esti-
mates indicate that this process requires approxi-
mately 20–30 minutes per asset. In contrast, the
proposed system produces integrated, evidence-
grounded condition summaries in 15–30 seconds.

While outputs remain advisory and subject to
human validation, the combination of improved
grounding (low UCR) and rule compliance (high
CAR) reduces the effort required to synthesize
maintenance evidence and increases trust in gen-
erated insights. This enables broader and more
systematic asset coverage, which is typically infea-
sible under manual review constraints.

6.3 Overall Observations
Results indicate that system behavior is primarily
governed by evidence structure and prompt-level
constraints rather than backbone model variation.
Structured engineering and operational context re-
duces unsupported reasoning under naive prompt-
ing, while constraint-aware prompting dramatically
improves rule adherence and reduces verbosity
without introducing instability.

The combination of structured evidence con-
struction and deterministic governance therefore
provides a controllable reasoning envelope for in-
dustrial decision support.

These results indicate that performance is pri-
marily governed by evidence structuring and gov-
ernance constraints rather than backbone model
choice alone. In particular, deterministic evidence

construction defines the quality of the reasoning
substrate, while constrained prompting and verifica-
tion ensure adherence to operational criteria. This
separation provides a controllable and auditable
reasoning framework for industrial decision sup-
port.

7 Conclusion and Lessons Learned

Deploying Conditional Insight in enterprise main-
tenance environments highlights several principles
for operationalizing LLM-based reasoning under
real-world constraints.

• Conditional explanations improve trust. Prac-
titioners preferred structured reasoning framed
around “why” and “what next” over raw alerts,
aligning outputs with maintenance decision
workflows.

• Signal semantics must guide abstraction. Cu-
mulative, incremental, and categorical indica-
tors require distinct summarization strategies;
uniform treatment leads to unstable reasoning.

• Failure semantics provide guardrails. FMEA-
derived component and mechanism constraints
reduce implausible hypotheses and bound the
space of admissible explanations.

• LLMs should reason over curated evidence.
Operating on structured summaries rather
than raw telemetry improves robustness, inter-
pretability, and cross-site consistency.

• Deterministic governance enables produc-
tion deployment. Separating generative syn-
thesis from rule-based verification ensures re-
producibility, auditability, and operational ac-
ceptance.

• Prompt design encodes policy. Prompt struc-
ture functions as system configuration, requiring
iterative refinement aligned with deterministic
checks and practitioner feedback.

Together, these findings suggest that reliable in-
dustrial LLM systems depend more on structured
evidence and explicit governance constraints than
on backbone model choice alone.
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A Deterministic Meter Abstraction in
Conditional Insight

A.1 Upstream Aggregation Model
Enterprise asset management systems record oper-
ational indicators (“meters”) that summarize phys-
ical measurements over time. Unlike raw high-
frequency telemetry (e.g., SCADA streams), me-
ter readings stored in CMMS platforms typically
represent aggregated or accumulated quantities at
curated intervals.

Let x(t) denote an underlying high-frequency
signal. A recorded meter value vi at time ti may be
expressed as:

vi = A
(
x(t)

)
, t ∈ [ti−1, ti],

where A denotes an upstream aggregation op-
erator (e.g., averaging, integration, or accumula-
tion) applied by the operational system. The Condi-
tional Insight (CI) framework operates exclusively
on these aggregated indicators and does not ingest
raw telemetry.

A.2 Deterministic Behavioral Abstraction
Given a meter time series

{(ti, vi)}Ni=1,

CI performs deterministic statistical abstraction to
convert meter histories into compact, interpretable
behavioral summaries. These summaries constitute
auditable evidence and are incorporated into the
structured asset_facts packet.

GAUGE Meters. For point-in-time measure-
ments (e.g., temperature, pressure), summary statis-
tics are computed:

v̄ =
1

N

N∑
i=1

vi, s =

√√√√ 1

N − 1

N∑
i=1

(vi − v̄)2.

Anomalies are identified via Z-score deviations:

zi =
vi − v̄

s
, |zi| > zthresh,

and abrupt changes:

∆i = vi − vi−1.

Minor oscillations are suppressed using
deviation-from-baseline criteria to ensure only
sustained or practically meaningful shifts are
retained.

CONTINUOUS Meters. For monotonically in-
creasing totals (e.g., run-hours), increments are
computed:

∆i = vi − vi−1.

Increment statistics define a normal band:

[∆̄− ks∆, ∆̄ + ks∆],

where ∆̄ and s∆ are the mean and standard de-
viation of increments.

Event categories include:

• Reset events (∆i < 0),

• Rate anomalies (outside increment band),

• Extended flat periods (|∆i| ≤ ε).

A.3 Structured Evidence Integration

The output of deterministic abstrac-
tion is recorded as meter_facts =
{metadata, behavioral summaries, detected events},
which forms part of the structured asset_facts
evidence packet.

All computations are deterministic and repro-
ducible, and no raw time-series values are provided
to the LLM. Meter-derived summaries function
strictly as bounded, traceable evidence within the
verification-first architecture.

B LLM Prompt Design and Guideline

B.1 Condition Insight Prompt

The Condition Insight agent’s system prompt de-
fines the agent’s role as an evidence-grounded
maintenance analyst, specifies the reasoning
tasks over the structured evidence packet (
asset_facts), and instructs the model to confine
its inferences to the provided evidence. It pre-
scribes strict language and formatting rules (e.g.,
numeric digits only, expanded terminology, descrip-
tive problem-code text) and enforces a fixed JSON
output schema with the following fields: Overall
Condition, Overall Condition Explanation, Key in-
sights, Recommendations, and Overall confidence
(value and reasoning).

The prompt encodes explicit rule sets for: (i)
overall-condition labels and selection criteria; (ii)
key-insight generation (grounding, component
grouping, ordering, and limits); (iii) recommen-
dation formulation (specific component-level ac-
tions using failure-mode knowledge); and (iv) a



deterministic, majority-rule method for overall con-
fidence. It also provides guidance for interpreting
meter patterns to inform insights and recommenda-
tions.

At runtime, the prompt incorporates the
asset_facts block which is a structured JSON
object produced by the Analytics & Evidence Con-
struction unit (Fig. 1). This evidence packet con-
solidates information from sensor and meter data,
alerts and rule evaluations, work-order history,
and failure-mode knowledge, as described in Sec-
tion 4, and serves as the sole factual basis for the
agent’s reasoning. A simplified JSON schema for
this structure is provided in Listing 1. An op-
tional feedback block may also be included in
the prompt to convey refinement signals during
iterative workflows.

Listing 1: asset_facts block schema.
"asset_facts": {

"asset_details_facts": {
asset_number, description, site_ID,
priority, status, is_running, failure_code,
asset_age_in_years, manufacturer
},

"workorder_facts": { counts, distributions,
preventive_workorders: [...],
corrective_and_other_workorders: [...]
},

"meter_facts": [
{ meter metadata + meter_values[...] }

],
"alert_facts": [{ alert metadata... }],
"fmea_facts": [

{ component, mechanism, actions... }
],

"health_scores": {
score_name: { value, range, meaning }

}

B.2 Naive Prompt
In our evaluation results (Section 6), we include
a naive baseline prompt, shown in Listing 2, that
reflects an unconstrained application of an LLM
to the Condition Insight task. This baseline pre-
serves only the JSON output schema required for
LLM-judge evaluation and omits all grounding re-
quirements, verification rules, and domain-specific
constraints used in the deployed CI agent. As a
result, the LLM model is free to interpret and rea-
son over the asset_facts in any manner. This
minimal configuration serves as a lower-bound ref-
erence point in our comparative analysis.

B.3 LLM Judge Evaluation Prompt
The LLM judge provides a structured, rule-based
assessment of generated insights and recommenda-

tions. The LLM evaluation judge is implemented
through a two-part prompt consisting of a system
prompt (Listing 3) and a user prompt (Listing 4).
The system prompt defines the judge’s role as a
strict evaluator, specifying grounding constraints,
output-format requirements, and prohibiting the
model from generating any new content beyond the
evaluation.

The user prompt provides the full evaluation
schema and embeds the following information:

• CONDITION_INSIGHTS: the generated
condition-insight summary produced by
the Condition Insight agent and subject to
evaluation.

• ASSET-FACTS: the evidence packet provided
by the Analytics & Evidence Construction
module to the Condition Insight agent and
denoted as {asset_facts}.

• AGENT-SPECIFICATIONS (denoted also as
{agent_instructions}): the instructions used
by the Condition Insight agent’s system
prompt to generate the condition-insight sum-
mary.

The prompt also enumerates the scoring rules for
the evaluation of each insight and recommendation.
All per-item metrics are rated on a 1–3 scale:

• Factuality: evaluates whether each state-
ment is directly supported by the provided
asset_facts.

• Coherence: assesses internal logical consis-
tency and the absence of contradictions across
items.

• Relevance: measures the usefulness of each
statement for assessing asset condition and
maintenance risk.

• Repetitiveness: quantifies redundancy rela-
tive to other insights or recommendations.

• Specificity: evaluates how concrete, detailed,
and data-anchored each statement is.

In addition, the judge assigns two global evalua-
tion metrics:

• Overall-condition validity (boolean): deter-
mines whether the agent’s overall condition
classification is evidence-supported and com-
pliant with its specification.



• Completeness (two global scores: one for
insights and one for recommendations): mea-
sures the number of generated items relative
to the expected count.

For all scores, the judge is asked to provide a jus-
tification that anchors the assigned rating. Taken
together, the system and user prompts define the
evaluation procedure and promote assessments that
are carried out in a controlled and reproducible
manner. See the detailed descriptions in Listing 4.
Appendix C provides a detailed description on how
these scores are aggregated across the multiple ex-
periments to generate the evaluations metrics pre-
sented in Section 6.

C Structured Evaluation Metrics

We evaluate system behavior using structured judge
audits that quantify how generated insights and rec-
ommendations relate to available evidence and de-
terministic rules. Audits are performed using two
independent large language models acting strictly
as evaluators (Claude-4 Sonnet and GPT-4.1), each
operating under a fixed evaluation prompt and scor-
ing rubric described in Appendix B.3. Evaluation
metrics are computed directly from the judge out-
puts, measured per asset snapshot, and then aggre-
gated across evidence scope, reasoning model, and
judge model.

C.1 Grounding Metrics
Unsupported Claim Rate (UCR) measures the
fraction of statements (insights + recommenda-
tions) not supported by structured evidence.

UCR =
#unsupported statements

#total statements
Statements are considered unsupported if no cor-

responding evidence exists in the structured asset
context (e.g., meter summaries, work-order abstrac-
tions, or failure mappings). When using the LLM
judge (Appendix B.3), a statement is counted as
unsupported specifically when the judge assigns it
a Factuality score of 1.

C.2 Diagnostic Usefulness
High Specificity Rate (HSR) measures the propor-
tion of statements that reference concrete compo-
nents, failure mechanisms, or maintenance-relevant
details rather than generic observations.

HSR =
#specific, asset-relevant statements

#total statements

HSR reflects whether outputs provide actionable,
technically meaningful insight. When using the
LLM judge (Appendix B.3), a statement is counted
as specific when the judge assigns it a Specificity
score of 3.

C.3 Reasoning Stability
Contradiction Rate (CR) measures the fraction
of outputs containing internally inconsistent state-
ments.

CR =
#outputs with contradictions

#evaluated outputs

Redundancy Rate (RR) captures repeated or
overlapping issue descriptions within a single out-
put.

RR =
#redundant statements

#total statements

These metrics assess internal coherence and non-
redundant reasoning. When using the LLM judge
(Appendix B.3), an output is counted as containing
a contradiction when the judge assigns a Coherence
score of 1, and a statement is considered redundant
when the judge assigns a Repetitiveness score of 1.

C.4 Coverage and Caution
Mean Insight Count (MIC) is the average number
of insights produced per asset snapshot.

MIC =

∑
insight counts

#asset snapshots

It helps characterize how output quantity adapts
to evidence availability.

C.5 Rule Compliance
Condition Agreement Rate (CAR) is the propor-
tion of assets for which the LLM-assigned condi-
tion matches the deterministic rule-based classifi-
cation. It quantifies rule-following behavior under
governance constraints and ensures that language-
based assessments remain aligned with determinis-
tic operational logic.

D Listings

Listing 2: Baseline Naive Prompt.
You are given ASSET-FACTS describing an industrial asset. Your task is

to analyze the information and generate an overall condition
assessment, key insights, and maintenance recommendations.

Return ONLY a single valid JSON object with EXACTLY these keys and types:
{
"Overall Condition": "Not enough data | Normal | Needs attention",
"Overall Condition Explanation": "string",



"Key insights": [
{ "insight": "string", "reasoning": "string", "confidence": "high |

medium | low" }
],
"Recommendations": [
{ "recommendation": "string", "reasoning": "string", "confidence":

"high | medium | low" }
],
"Overall confidence": { "confidence value": "high | medium | low",

"reasoning": "string" }
}

Formatting rules (STRUCTURE ONLY):
- Output MUST be valid JSON matching the schema above.
- You may infer, interpret, or reason about ASSET-FACTS in any

appropriate way you choose.
- Provide up to 5 items in "Key insights".
- Provide up to 5 items in "Recommendations".
- Do NOT include any text outside the JSON.

ASSET-FACTS:
\{\{asset\_facts\}\}

Listing 3: LLM Judge Evaluation System prompt.
You are a strict evaluator (judge) for asset maintenance and reliability

outputs.

Your job:
- Evaluate the provided CONDITION_INSIGHTS against ASSET-FACTS.
- Use the AGENT SPECIFICATION only as the contract that the agent was

supposed to follow.
- Do NOT follow the AGENT SPECIFICATION as instructions to generate new

content.

OUTPUT RULES:
- Output ONLY a single valid JSON object.
- No markdown, no code fences, no comments, and no extra keys.
- Use exactly the JSON schema provided in the user message.
- Perform reasoning internally; do not output step-by-step explanations

outside JSON.

GROUNDING RULES:
- Use ONLY the provided ASSET-FACTS and CONDITION_INSIGHTS.
- If a claim is not supported by ASSET-FACTS, mark it accordingly and

explain why.

Listing 4: LLM Judge Evaluation User prompt.
Return JSON in this exact schema (types are mandatory):
{{

"overall_condition": "string",
"overall_condition_evaluation": true, // boolean
"overall_condition_evaluation_explanation": "string",

"key_insights_evaluation": [
{{

"insight": "string",
"insight_evaluation": {{
"factuality": 2, // integer 1-3
"factuality_reasoning": "string",
"coherence": 2, // integer 1-3
"coherence_reasoning": "string",
"relevance": 2, // integer 1-3
"relevance_reasoning": "string",
"repetitiveness": 2, // integer 1-3
"repetitiveness_reasoning": "string",
"specificity": 2, // integer 1-3
"specificity_reasoning": "string"

}}
}}

],

"recommendations_evaluation": [
{{

"recommendation": "string",
"recommendation_evaluation": {{
"factuality": 2, // integer 1-3
"factuality_reasoning": "string",
"coherence": 2, // integer 1-3
"coherence_reasoning": "string",
"relevance": 2, // integer 1-3
"relevance_reasoning": "string",
"repetitiveness": 2, // integer 1-3
"repetitiveness_reasoning": "string",
"specificity": 2, // integer 1-3
"specificity_reasoning": "string"

}}
}}

],

"recommendations_completeness": 2, // integer 1-3
"recommendations_completeness_reasoning": "string",

"insights_completeness": 2, // integer 1-3
"insights_completeness_reasoning": "string"

}}

RATING SCALE (applies to all 1-3 fields):
- 1 = not satisfied
- 2 = partially satisfied
- 3 = fully satisfied

RULES FOR OVERALL CONDITION EVALUATION:
- "overall_condition" MUST be copied verbatim from the agent's

CONDITION_INSIGHTS output.
- "overall_condition_evaluation" MUST be true if and only if BOTH are

satisfied:
(1) The agent's overall condition is supported by ASSET-FACTS, AND
(2) The agent's overall condition follows the "Rules for Overall

Condition" in the AGENT SPECIFICATION.
- Otherwise, "overall_condition_evaluation" MUST be false.
- The explanation must cite specific ASSET-FACTS evidence (e.g.,

corrective work orders count, overdue work orders, anomalies,
alert totals, health score ranges).

RULES FOR FACTUALITY (applies to each insight or recommendation
individually):

Rate factuality on a 1-3 scale based ONLY on how well the statement is
grounded in ASSET-FACTS.

- Score 1 (not grounded): The statement is unsupported or contradicted
by ASSET-FACTS.

- Score 2 (partially grounded): Some parts are supported by ASSET-FACTS,
but other parts extend beyond the data, are ambiguous, or weakly
justified.

- Score 3 (fully grounded): The statement is completely and directly
supported by ASSET-FACTS.

For "factuality_reasoning": Explain which ASSET-FACTS elements support
or fail to support the statement.

RULES FOR COHERENCE (applies to each insight or recommendation
individually):

Rate coherence on a 1-3 scale based on whether the statement is
internally consistent and non-contradictory with other insights
or recommendations.

- Score 1 (contradicting): The statement contradicts itself or
contradicts other insights or recommendations.

- Score 2 (partially coherent): Mostly consistent, but contains unclear
logic, minor contradictions, or ambiguous connections.

- Score 3 (fully coherent): Completely consistent with itself and with
all other insights and recommendations; no contradictions or
logical conflicts.

For "coherence_reasoning": Explain how the score was derived, citing
specific inconsistencies or confirming consistency.

RULES FOR RELEVANCE (applies to each insight or recommendation
individually):

Rate relevance on a 1-3 scale based on how meaningful and useful the
statement is for asset maintenance and evaluating Overall
Condition.

- Score 1 (irrelevant): The statement does not meaningfully affect asset
condition, risk, failures, or maintenance decisions; may be
trivial or routine (e.g., stating something works fine without
impact).

- Score 2 (somewhat relevant): The statement relates to meaningful
topics but is generic, incomplete, or weakly connected to
maintenance priorities or the rules.

- Score 3 (highly relevant): The statement directly addresses asset
risks, failures, condition drivers, or actionable maintenance
considerations, and strongly aligns with the rules.

For "relevance_reasoning": Explain why the statement is or is not
meaningful for maintenance decisions and Overall Condition.

RULES FOR REPETITIVENESS (applies to each insight or recommendation
individually):

Rate repetitiveness on a 1-3 scale based on how much the statement
repeats content already provided in other insights or
recommendations.

- Score 1 (very repetitive): The statement repeats the same idea, issue,
component, evidence, or conclusion as another item with little or
no new information.

- Score 2 (somewhat repetitive): The statement overlaps partially with
other items but introduces some new detail or perspective.

- Score 3 (non-repetitive): The statement is distinct and provides new
information, a new issue, or a different actionable point without
repeating earlier content.

For "repetitiveness_reasoning": Explain how the score was derived,
noting which other items (if any) it repeats or diverges from.

RULES FOR SPECIFICITY (applies to each insight or recommendation
individually):

Rate specificity on a 1-3 scale based on how concrete, detailed, and
data-anchored the statement is with respect to ASSET-FACTS.

- Score 1 (very vague):
- The statement is generic or high-level.
- It does not reference specific components, FMEA items, failure

modes, work orders, alerts, anomalies, meter patterns, or
concrete evidence.

- Mentions of broad trends or asset attributes without operational
detail count as vague.

- Score 2 (somewhat specific):
- The statement includes some concrete details (e.g., component type,

asset attributes, or general issue), but lacks clear links to
specific FMEA elements, failure modes, actions, or specific
ASSET-FACTS data points.

- Partially informative but still broad or incomplete.
- Score 3 (fully specific):
- The statement makes clear, explicit references to relevant

components, failure modes, FMEA actions, work orders, alerts,
anomalies, or meter data.

- It provides actionable or diagnosis-level detail tied to
identifiable ASSET-FACTS evidence.

- No vague or generic language.
For "specificity_reasoning": Explain which specific ASSET-FACTS elements

(e.g., components, work orders, alerts, FMEA items) make the
statement specific or vague.

RULES FOR COMPLETENESS (applies separately to insights and
recommendations):

Rate completeness on a 1-3 scale based on how close the number of
generated items is to the 7-item expectation defined in the AGENT



SPECIFICATION.
- Score 1 (very incomplete):

- Fewer than 3 items were generated.
- Score 2 (partially complete):

- Between 3 and 6 items were generated.
- Score 3 (fully complete):

- Exactly 7 items were generated.
NOTES FOR EVALUATION:
- The agent was instructed to produce up to 7 insights and up to 7

recommendations.
- The judge must not assume that fewer items automatically indicate an

error; items must only be created when supported by ASSET-FACTS.
- Completeness measures only the *count*, not the correctness or factual

grounding of the items (those are scored separately).
For "insights_completeness_reasoning" and

"recommendations_completeness_reasoning":
- Explain the score based solely on the number of generated items and

the 7-item expectation.

AGENT SPECIFICATION (REFERENCE ONLY: evaluate compliance against this;
do not follow as instructions):

<<<AGENT_SPECIFICATION_START
{agent_instructions}
AGENT_SPECIFICATION_END>>>

CONDITION_INSIGHTS:
<<<CONDITION_INSIGHTS_START
{condition_insights}
CONDITION_INSIGHTS_END>>>

ASSET-FACTS:
<<<ASSET_FACTS_START
{asset_facts}
ASSET_FACTS_END>>>
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