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Abstract—Operational reporting for high-performance com-
puting (HPC) facilities requires combining information from
monitoring services, schedulers, incident and maintenance
records, storage measurements, periodic reports, and operator
investigations. Producing a reliable report requires more than
retrieving relevant records: the evidence must refer to the correct
system, metric definition, time period, and source of authority.
We present REPORT-OPS, a hybrid reporting agent in which
an LLM interprets requests, plans evidence collection, evaluates
possible explanations, and drafts reports, while author-seeded
operational policies and automated checks determine whether the
available evidence supports the requested conclusion. Depending
on the evidence state, the system answers the request, reports
a qualified conclusion, or withholds an unsupported claim.
During offline refinement, an LLM critic proposes bounded
policy changes that a human approves or rejects without editing;
accepted candidates are promoted only after automated target,
held-out, and regression testing.

We evaluate REPORT-OPS on 68 sanitized reporting queries
constructed from 50 base scenarios in a frozen HPC opera-
tional corpus, using three agent models and two LLM judges.
REPORT-OPS achieves 68.63% Pass@80, compared with 7.02 %
for the strongest retrieval baseline. Evidence gating increases
claim-support precision from 40.58% to 90.06%. On the 13-
query explanatory subset, explanation accuracy reaches 55.54%.
Across five rounds of human-supervised refinement, localized
policy updates correct 91.17% of targeted failures and improve
performance on related held-out cases by 9.33 percentage points,
with no observed regression breaks under release gating. These
results demonstrate improved evidence-grounded reporting and
within-environment policy reuse; they do not establish unre-
stricted causal discovery or cross-facility generalization.

I. INTRODUCTION

High-performance computing (HPC) facilities collect oper-
ational evidence from monitoring systems, schedulers, storage
services, incident records, support systems, operator discus-
sions, and periodic reports. These sources support reporting
on utilization, availability, queue behavior, workload activity,
storage performance, reliability, and user support. Producing
a trustworthy report, however, requires more than retrieving
relevant records or summarizing measurements. Each claim
must be interpreted using the correct metric definition, system
entity, reporting period, source authority, and relationship to
other operational conditions. Production studies demonstrate
substantial variation in workloads, resource usage, scheduling
behavior, failures, and I/O activity across systems and time
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periods [1], [2]. Scientific user facilities have therefore identi-
fied provenance, transparency, human oversight, and safe inte-
gration as important requirements for operational Al systems
[3]-{6].

Consider a request asking why utilization on Perlmutter,
NERSC'’s flagship supercomputer, decreased during a particu-
lar month. Utilization alone cannot distinguish among several
possible causes: reduced demand, scheduler draining, large-job
placement constraints, reservations, unavailable nodes, mainte-
nance, outages, or incomplete accounting data. Resolving this
requires evidence, but not all evidence is equally usable. A
deep eligible-job queue, for instance, contradicts any claim of
reduced demand, since sustained queuing indicates continued
load. An outage record is relevant only if it overlaps both
the affected system and the reporting interval; an outage on
a different system, or outside the window, is not evidence at
all. Operator discussion can offer useful diagnostic context,
but it is not authoritative for official metrics. The agent
must therefore judge not only which evidence is relevant, but
whether it is sufficient, compatible, timely, and authoritative
for the specific conclusion at hand. This is a reporting-fitness
problem: evidence useful for one claim may be unfit for
another, because sources differ in authority, semantics, and
temporal scope.

Large language models (LLMs) provide useful founda-
tions for accessing complex HPC information. CHATHPC,
ASKHPC, and ATHOS demonstrate question answering, re-
trieval, tool integration, and configurable evaluation for HPC
environments [7]-[9]. Retrieval-augmented generation and
tool-using reasoning enable models to access external records
and operational systems [10]-[12], but relevance alone does
not establish reporting validity: a retrieved record may concern
the wrong system or period, use an incompatible definition, or
lack authority for the requested conclusion. Process-oriented
evaluation and provenance methods improve traceability [13]-
[16], but do not generally define the claim-specific evidence
that must be present before an HPC report should answer,
qualify, or block.

A second challenge is that operational explanations depend
on relationships across evidence types, not just the validity
of each item in isolation. For example, a spike in queue
wait time might plausibly be attributed to reduced capacity,
yet the same signature can arise from a scheduling policy
that limits how many jobs per user can accrue priority at
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a time, especially when many similar jobs are submitted at
once; in that case, the backlog reflects a structural eligibility
effect rather than any loss of availability or demand. Treating
wait time as evidence in isolation, without checking it against
job submission patterns and scheduling policy, can therefore
produce explanations that are individually plausible but incon-
sistent with the broader operational picture. A third challenge
concerns system improvement. Feedback-based methods can
improve agent behavior [17]-[19], but an unrestricted prompt
or policy update may correct one failure while damaging pre-
viously correct behavior. Safe refinement requires localizing
the responsible policy element and testing a bounded change
against related and previously successful cases before release
[20].

We present REPORT-OPS, a hybrid agent for evidence-
grounded operational reporting with offline, regression-gated
policy refinement. The LLM interprets each request, plans
evidence collection, proposes and tests possible explanations,
links claims to retrieved records, and drafts the report. Author-
seeded, versioned policies define acceptable source roles,
evidence requirements, operational relations, and completion
conditions. Automated checks enforce entity, metric, unit, tem-
poral, contradiction, and evidence-validity constraints. Based
on these checks, the system answers the request, qualifies the
conclusion, or withholds an unsupported claim.

This separation also defines the role of human oversight.
Humans do not review or edit routine online reports. During
offline refinement, an LLM critic proposes a bounded change
to the operational policy. A human may approve or reject the
proposed patch without rewriting it, after which automated
target, held-out, and regression tests determine whether it is
promoted. Thus, the LLM provides flexible interpretation and
generation, while explicit policy and automated verification
control reporting validity and policy release.

We evaluate REPORT-OPS on 68 sanitized HPC report-
ing queries expanded from 50 base scenarios in a frozen
operational corpus. The queries represent complete, missing,
temporally invalid, source-inappropriate, contradictory, and
unavailable evidence conditions. The evaluation uses three
agent models, two independent judge models, deterministic
claim- and evidence-level measures, controlled changes to
operational evidence, and five rounds of human-supervised
policy refinement. We investigate three research questions:

RQ1: Evidence-guided reporting. Can claim-specific evi-
dence controls improve reporting reliability when ev-
idence is complete, missing, invalid, contradictory, or
unavailable?

RQ2: Operational explanation. Do structured evidence and
explicit relations across workload and system condi-

tions improve evidence-supported explanations?

RQ3: Policy refinement. Can bounded, agent-generated pol-
icy updates correct observed failures and improve re-
lated held-out cases without breaking previously correct

behavior?
This paper makes three contributions:

(i) A hybrid evidence-guided reporting architecture that
separates LLM-based interpretation, planning, explana-
tion, and composition from author-seeded operational
policy and automated evidence validation. This architec-
ture makes unsupported, incomplete, and contradictory
evidence visible before the system decides to answer,
qualify, or withhold a conclusion.

(ii)) An evidence-grounded approach to operational expla-
nation that connects typed workload, queue, scheduler,
incident, maintenance, storage, and data-quality records.
Controlled evidence changes test whether an explanation
responds appropriately to relevant operational conditions;
the method evaluates represented explanation families
rather than claiming unrestricted causal discovery.

(iii)) A human-supervised policy-refinement process in

which an LLM critic proposes bounded, trace-localized

policy patches, humans approve or reject the unchanged
proposals, and automated target, held-out, and regression
tests control promotion.

II. BACKGROUND AND MOTIVATION
A. Operational Evidence and Source Roles

HPC facilities observe their systems through sources with
different purposes, authority, temporal granularity, and re-
view levels. Monitoring and scheduler services expose current
utilization, queues, node state, reservations, and workloads;
incident and maintenance records document disruptions and
impact intervals; specialized measurements characterize stor-
age and data quality; operator discussions preserve intermedi-
ate hypotheses and corrections; and periodic reports provide
reviewed values and staff-authored explanations.

The corpus used here reflects these roles. DOE metrics
reports provide official monthly values and commentary, live
queue summaries provide short-term demand and workload
signals, utilization discussions preserve metric definitions and
data corrections, storage streams provide Community File Sys-
tem (CFS) baselines and tail outliers, and incident records pro-
vide event timelines. These sources are not a single relevance-
ranked corpus. A monthly report may be authoritative for an
official utilization value but too coarse for a short anomaly; a
scheduler snapshot may establish current queue pressure but
not a historical average; and unresolved operator commentary
cannot replace a verified metric or incident record. A source
call returning no matching data establishes only that no fitting
record was found, not that the event did not occur.

B. Reporting Fitness and Operational Context

We define reporting fitness as the suitability of an artifact
for supporting a particular report claim. Fitness requires agree-
ment between the claim and the artifact’s source role, system
entity, metric definition, unit, observation interval, and data-
health state. An artifact can therefore be topically relevant but
unfit for the requested conclusion. For example, an otherwise
correct utilization value may be invalid if it refers to a different
partition, uses a maintenance-adjusted definition when the
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Fig. 1. Reporting fitness converts heterogeneous operational artifacts into
claim-specific completion decisions. Topical relevance alone is insufficient:
the source role, semantic scope, time scope, and data health must match the
requested claim.

report requires the official definition, or covers a different
reporting period.

Reporting fitness is claim-specific rather than an absolute
property of a source. A scheduler snapshot may be mandatory
for a claim about current queue pressure, contextual for a
monthly utilization explanation, and irrelevant to an approved
historical value. Conversely, reviewed commentary may sup-
port a monthly explanation while remaining insufficient for a
claim about the present system state. REPORT-OPS represents
these distinctions through claim-specific evidence require-
ments that identify mandatory evidence, acceptable source
roles, contextual signals, temporal conditions, and exclusions.

Operational explanations additionally require relationships
among multiple signals, rather than any single artifact in
isolation. As illustrated in Section I, utilization alone does not
identify demand: a shallow eligible queue is consistent with
reduced demand, while a deep queue points toward scheduler
draining, placement constraints, reservations, resource frag-
mentation, unavailable nodes, or maintenance instead. Queue
depth itself must be interpreted using workload size, quality-
of-service constraints, account concentration, and job eligibil-
ity, since a large reported backlog does not imply that every
queued job can immediately use the available nodes.

Storage measurements have similar ambiguity. A normal
median read or write rate can coexist with severe high-
percentile latency affecting a subset of I/O-intensive work-
loads. A short outlier may indicate transient congestion,
whereas repeated deviations from a historical baseline may
indicate sustained degradation. Storage evidence becomes rel-
evant to an application slowdown only when the affected
filesystem, workload characteristics, and observation interval
align. Metric anomalies can also originate from the reporting
pipeline itself, including missing records, inconsistent defini-
tions, incorrect denominators, or delayed data imports.

Consequently, workload, queue, scheduler, incident, mainte-
nance, storage, and data-quality observations should be treated
as evidence requirements for testing candidate explanations,
not as unconditional causal rules. Their purpose is to distin-

guish supported explanations from plausible alternatives and
to expose evidence that remains missing. The resulting evi-
dence state determines whether REPORT-OPS should answer
normally, provide a qualified conclusion that states the limi-
tation, or block the unsupported claim, as shown in Figure 1.
These decisions remain dependent on the completeness and
correctness of the instantiated requirements; a deterministic
check cannot compensate for an omitted evidence family or
an incorrectly interpreted reporting scope.

REPORT-OPS therefore performs evidence-grounded hy-
pothesis testing rather than unrestricted causal discovery. The
LLM may propose alternatives, but the verifier can confirm an
explanation only when its evidence conditions and operational
relations are represented. An unmodeled cause should yield a
qualified or blocked conclusion, not a confident substitute from
a known explanation family.

C. Related Work and Design Gap

Retrieval-augmented generation and tool-using agents
ground responses in external records and actions [10], [11].
In HPC, CHATHPC, ASKHPC, and ATHOS demonstrate
domain assistance, retrieval, tool integration, and configurable
evaluation [7]-[9], while RCACOPILOT demonstrates evi-
dence collection for incident diagnosis [12]. These systems es-
tablish the value of retrieval and tool use, but do not generally
define the authority, semantic, and temporal conditions under
which an operational reporting claim is fit for use. REPORT-
OPS therefore makes evidence requirements part of planning,
retrieval, and completion rather than relying only on post-
generation checking.

Process-oriented benchmarks evaluate tool selection and
reasoning trajectories [13], [14], while provenance methods
connect claims to execution records [15]. Source-aware veri-
fication can detect incorrect attribution after generation [16];
REPORT-OPS instead uses source-role requirements during
planning and retrieval, then exposes missing, invalid, contra-
dictory, or unavailable evidence before composition.

Feedback methods improve answers, prompts, and agent
components through textual critique [17]-[19]. Broader self-
evolving-agent research considers changes to models, memory,
tools, prompts, and architectures [21], while AGENTDEVEL
frames agent improvement as a regression-aware release pro-
cess [20]. REPORT-OPS specializes this perspective to typed
HPC reporting semantics. Candidate patches are restricted to
evidence requirements, source policies, ontology and temporal
rules, workload relations, normalization, and claim verifica-
tion. A human approves or rejects each unchanged proposal
before automated target, held-out, regression, and safety eval-
uation.

Regression-aware refinement is one part of the broader
problem of trustworthy foundation-model deployment. At the
model level, selective-unlearning methods study how informa-
tion can be removed or modified in language models, vision
models, and embodied vision-language—action agents while
limiting unintended behavioral changes [22]-[24]. Comple-
mentary work examines privacy leakage through membership-



inference auditing [25], fairness through retrieval-assisted
structural debiasing [26]. These approaches govern aspects of
what a model retains, exposes, or learns.

At the agent-system level, SAFECOMMIT studies whether
a memory-grounded agent has sufficient support to perform
an action [27]. REPORT-OPS addresses a complementary
reporting-policy problem. It does not modify the underlying
model weights; instead, it controls which operational evidence
may support a claim, when a conclusion must be qualified or
withheld, and which policy changes may be released. Source-
role validation, claim-specific evidence requirements, human
acceptance, and regression-gated promotion therefore extend
trustworthiness from model behavior to auditable operational
reporting.

These gaps motivate three requirements addressed in Sec-
tion III: claim-specific evidence must guide retrieval before
generation; explanations must connect workloads with queue,
scheduler, incident, maintenance, storage, and data-quality
evidence under compatible scopes; and policy updates must be
bounded, versioned, human-supervised, and regression-gated.

III. REPORT-OPS DESIGN
A. Architecture and Control Boundary

REPORT-OPS separates online reporting from offline pol-
icy refinement. Each online request executes against a frozen
policy version Pj. This policy contains the operational ontol-
ogy, evidence-requirement templates, source-role and fallback
rules, workload relations, and claim-verification rules. The
LLM and online tools may retrieve evidence and produce an
execution trace, but they cannot modify Pj. Policy changes
occur only through the offline refinement process, where can-
didate updates are versioned, evaluated, and either promoted
or rejected.

The online workflow performs eight traceable operations
organized into four phases: (1) interpret the request and
construct its evidence requirements; (2) plan source use, select
tools, and retrieve records; (3) normalize evidence and test
candidate explanations; and (4) verify claims and compose
the report. This architecture is intentionally hybrid. The LLM
supplies flexible interpretation, planning, hypothesis gener-
ation, and language production, while author-seeded policy
defines the admissible operational semantics and automated
components enforce them. Table I summarizes this division of
responsibility.

Humans do not inspect or edit routine online reports.
Their role is limited to the offline update boundary, where
they review the safety and integrity of an agent-generated
patch. They do not rewrite an accepted patch or override the
automated release tests. Likewise, the deterministic verifier
does not generate explanations or supply missing evidence; it
determines whether proposed claims satisfy the active policy.

The policy is represented as parameterized artifact families
rather than as a flat collection of query-specific rules. For
example, one evidence template can instantiate different entity,
source, temporal, and completion constraints for multiple

TABLE I
DIVISION OF RESPONSIBILITY IN REPORT-OPS.

Element Role and ownership

LLM agent Interprets requests, plans retrieval, proposes explanations, links
claims to records, and drafts reports.

Author-seeded policy Defines ontology terms, evidence requirements, acceptable source
roles, fallbacks, workload relations, and completion conditions; it
is versioned and inspectable.

Checks schema, entity, metric, unit, temporal scope, source au-
thority, contradictions, and evidence state before permitting a
claim.

An LLM proposes a bounded policy patch; a human approves or
rejects the unchanged proposal, and automated target, held-out,
and regression tests control promotion.

Automated verifier

Offline refinement

requests. Workload relations define testable evidence condi-
tions for represented explanation families rather than storing
complete answers. Each policy version records its parent,
modified artifacts, applicability conditions, evaluation results,
and rollback target.

The control architecture is reusable beyond a particular
HPC facility, but its policy content is not assumed to transfer
unchanged. A deployment for another HPC site or a distributed
system would retain the same interpretation, retrieval, verifi-
cation, and release boundaries while replacing or extending
its source adapters, entity and metric definitions, authority
mappings, evidence templates, and operational relations. The
evaluation in this paper tests one HPC configuration and does
not claim cross-facility or non-HPC generalization.

The ablation ladder in Section IV-C separately introduces
retrieval, typed representation, workload relations, evidence
gating, and claim verification. These comparisons expose
where explicit domain structure affects performance; they do
not imply that the LLM independently learned the author-
seeded reporting policy or that the evaluation fully separates
every manually authored rule from the automated enforcement
mechanism.

B. Scope and Claim-Specific Evidence Requirements

REPORT-OPS represents a request as scope s(q) =
(i,e,m,t,t.,a), containing its intent, entity, metric or oper-
ational concept, observation interval, optional comparison in-
terval, and answer type. Temporal expressions are normalized
to explicit intervals with their timezone and intended reporting
granularity. A field is inherited from conversation history only
for a valid follow-up, and the originating turn remains in the
trace. Otherwise, REPORT-OPS requests clarification.

From s(q) and P, REPORT-OPS instantiates £(q) =
(Eroqs Petx, A, F, 0, X, II). Here, E,oq and FE.y identify
mandatory and contextual evidence; A permits source roles; F’
sets freshness and coverage; © specifies entity, definition, unit,
temporal, and data-health constraints; X defines contradictions
and exclusions; and II defines completion behavior. This spec-
ification states what must be established, not what the answer
should say. A metric lookup may require one authoritative
value with its definition, unit, entity, and period, whereas
an explanatory request about the same metric also requires
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Fig. 2.

REPORT-OPS online workflow under frozen policy Pj. The agent interprets the request, retrieves operational evidence, evaluates candidate

explanations, and verifies the report before selecting ANSWER, QUALIFY, or BLOCK. Every phase contributes to an auditable trace. Human review is
outside the online path and occurs only when an offline policy patch is proposed.

workload, queue, scheduler, incident, maintenance, storage, or
data-quality evidence.

Each evidence slot is PRESENT, MISSING, INVALID, CON-
FLICTING, or UNAVAILABLE. PRESENT requires at least one
record satisfying every applicable constraint; MISSING means
that an accessible source yielded no fitting record; INVALID
denotes topically relevant but unfit evidence; CONFLICTING
denotes fit records that support incompatible values or conclu-
sions; and UNAVAILABLE records a permission error, timeout,
source outage, or tool failure and is never treated as neg-
ative evidence. Slot states yield three claim-level decisions:
ANSWER when the requested claim is supported, QUALIFY
when a supported subset can be reported with limitations,
and BLOCK when the central value or explanation would
require unsupported inference. Consequently, REPORT-OPS
may report an authoritative utilization value while blocking
its cause when workload evidence is unavailable.

C. Evidence-Guided Planning, Retrieval, and Normalization

A source capability graph maps each evidence slot to tools
and sources using evidence type, authority, entity and temporal
coverage, access feasibility, latency, and permitted fallback
relations. Historical official values prefer reviewed reports or
validated metric services; current-state requests prefer live
monitoring or scheduler services. Staff discussions may con-
textualize an explanation but cannot replace an authoritative
historical value unless the active requirement explicitly permits
that role. Each plan entry associates an evidence slot e; with
tool 7;, source o;, and normalized arguments ¢;, recording

both the call and why it was selected. Independent calls
execute concurrently when they have no data dependency.

Tool outcomes distinguish successful, empty, permission-
denied, unavailable, timed-out, malformed, and failed re-
sponses. A fallback satisfies a mandatory slot only when
its source role is allowed; otherwise, it remains contextual
evidence. Retrieved artifacts become typed Metric, Queue,
Workload, Incident, Maintenance, Storage, Commentary, or
DataQuality records. Each record retains its identifier, entity,
metric or event, value and unit, observation or impact inter-
val, source role, provenance, data-health state, and extraction
confidence.

A record r satisfies slot e; only when its source role, entity,
metric definition, unit, time scope, and data health are all
compatible. These deterministic checks perform timezone and
unit normalization, interval containment or overlap, metric-
definition and system alignment, duplicate detection, and con-
flict detection. Canonical concepts improve matching without
erasing important differences: two utilization records may
share an ontology concept while retaining different denomi-
nators, aggregation windows, or maintenance adjustments. An
invalid record remains auditable but cannot support a claim.

D. Operational Ontology and Evidence Graphs

The ontology connects user language, evidence require-
ments, source capabilities, typed records, operational rela-
tions, and report claims. It defines entities such as systems,
partitions, filesystems, jobs, accounts, and services; obser-
vations such as utilization, wait time, throughput, and node



state; events such as maintenance, outages, draining, work-
load campaigns, and data corrections; and source roles such
as authoritative, live, diagnostic, incident, workload, storage,
and data-quality evidence. Grounding resolves aliases before
source selection while preserving source-specific definitions
and provenance.

REPORT-OPS maintains three graph views. The source
capability graph determines where required evidence can
be obtained. The operational evidence graph links records
by entity identity, temporal overlap, metric compatibility,
workload association, event impact, and data quality. The
claim—evidence graph links candidate statements to support-
ing, qualifying, contradicting, invalid, unavailable, or missing
evidence and therefore controls report inclusion. The LLM
may propose aliases, hypotheses, and edges, but deterministic
checks require every referenced record to exist and pass the
applicable source, semantic, temporal, and data-health checks;
the LLM cannot create evidence that was not retrieved.

E. Workload-Aware Explanation and Claim Verification

For explanatory requests, a versioned relation library con-
strains rather than replaces LLM reasoning. Each candidate
hypothesis specifies mandatory and contextual evidence, entity
and temporal predicates, contradictions, and ranking features.
For example, reduced demand requires low eligible demand
and exclusion of stronger outage, maintenance, scheduling,
and data-quality explanations. A scheduling or placement
constraint requires eligible queued work plus draining, reser-
vations, job-shape incompatibility, fragmentation, quality-of-
service restrictions, or unavailable nodes. Outage-related back-
log loss requires a disruption followed by reduced runnable
work or changed queue composition. Storage impact re-
quires an abnormal storage signal, compatible filesystem and
workload scope, and temporal overlap. Measurement artifact
requires missing records, delayed imports, definition changes,
denominator errors, or documented corrections.

A hypothesis is valid only when its mandatory evidence
is fit, entity and time predicates hold, its source roles are
permitted, and no blocking contradiction is established. Only
valid hypotheses are ranked using authority, evidence strength,
temporal consistency, independent corroboration, coverage, di-
versity, and unresolved qualifications. Statistical co-occurrence
or a high LLM plausibility score cannot compensate for
missing mandatory evidence.

After testing, deterministic verification marks each proposed
claim SUPPORTED, QUALIFIED, CONTRADICTED, or UNSUP-
PORTED. Supported claims may appear normally; qualified
claims must state their limitations; contradicted claims may
appear only as rejected alternatives; and unsupported claims
are removed. Numerical claims retain their unit, entity, defini-
tion, period, and authoritative source, while explanatory claims
retain links to supporting evidence and evaluated alternatives.
The final report then states the observed condition, supported
explanation, workload and system context, important contra-
dictions, limitations, and provenance.

F. Trace-Localized and Regression-Gated Policy Evolution

Every online execution records the interpreted scope, instan-
tiated evidence requirements, source plan, tool events, normal-
ized records, candidate hypotheses, claim—evidence links, final
report, and completion state. When benchmark evaluation or
reviewer feedback identifies a failure, an LLM-based critic
uses this trace to localize the failure to scope interpretation,
requirement construction, planning, retrieval, normalization,
workload reasoning, verification, or composition.

The critic represents a proposed correction as a typed patch
0 = (z,w,k,d,Ts, ), where z identifies the policy artifact,
w is the update operation, x defines the conditions under
which the update applies, d is the patch payload, 75 identifies
the supporting traces, and f identifies the expected failure
family. Permitted targets are restricted to seven policy families:
evidence requirements, source priorities and fallbacks, ontol-
ogy mappings, temporal or entity rules, workload relations,
normalization rules, and claim-verification rules.

For example, if the system produces a utilization explana-
tion without examining queue evidence, the critic can propose
a patch that makes queue state mandatory specifically for
utilization-cause requests. The applicability condition prevents
the change from affecting a direct request for an already
reviewed utilization value. The critic cannot modify the active
policy or deploy its proposal.

Before automated evaluation, a human acceptance decision
H (0) checks whether the proposed patch is bounded, safe, and
structurally valid. The human may approve or reject the patch
but does not rewrite it. An approved candidate Py 1 = P, ®9d
is then evaluated on three groups: target cases associated with
the observed failure, related cases that did not motivate the
patch, and previously successful regression cases.

The automated release criteria were fixed before refinement.
Let AQyarget denote the proportion of previously failing target
cases corrected by the candidate, AQpe1dout denote the change
in held-out Pass@80 relative to the active policy, and RBR
denote the proportion of previously passing regression cases
that fail under the candidate. Promotion is governed by

G(6) = [H(0) = 1] A [AQsarget > 0.10] A [AQheldout > 0]
A [RBR < 0.10],
P _ ﬁk+17 G((S) = 11
bt Py, otherwise.

(1
Thus, an approved candidate must correct at least 10% of
the previously failing target cases, must not reduce held-out
Pass@80, and may introduce an observed regression break
rate of at most 10%. Failure of any condition retains FPj.
Rejected candidates, evaluation outcomes, and failure reasons
remain auditable, while promoted versions record their parent
policy, patch, applicability condition, evaluation summary, and
rollback target.
Equation (1) is applied once for each agent in each of the
five refinement rounds, producing 15 agent-round promotion



opportunities. Ten candidates satisfy the complete gate and
are promoted, while five fail at least one release condition
and retain the previous policy, as summarized in Table III
Figure 3(b) reports the corresponding round-level promotion
counts and observed regression behavior. The zero final RBR
reported for the gated strategy is an observed experimental
outcome; it is not guaranteed by the gate, whose predefined
maximum is 10%.

The online policy therefore remains frozen during normal
reporting, while the offline path treats each semantic change
as a versioned and testable release. Policy growth is limited
to typed operations over the seven permitted artifact families
rather than unrestricted prompt or memory accumulation. RQ3
evaluates targeted correction, reuse on related held-out cases,
promotion frequency, and protection of previously successful
behavior within this environment.

IV. EVALUATION

We evaluate REPORT-OPS using the three research ques-
tions introduced in Section I. RQ1 measures whether claim-
specific evidence requirements improve report quality, claim
support, and completion behavior. RQ2 measures whether
typed records and explicit workload relations improve oper-
ational explanations. RQ3 measures whether trace-localized
policy updates correct observed failures while preserving held-
out and previously correct behavior. To reduce dependence on
a single generator or evaluator, every configuration is evaluated
with three agent models and two separate LLM judge models.

A. Benchmark and Ground Truth

a) Base-scenario selection: We construct the benchmark
from a frozen, sanitized operational corpus from one HPC
facility. The corpus contains reviewed periodic reports, utiliza-
tion investigations, scheduler and queue observations, storage
measurements, incident and maintenance records, and realistic
staff-facing requests. These source families were selected
because they participate in routine operational reporting but
differ in authority, temporal granularity, and diagnostic pur-
pose.

Candidate scenarios were retained when they represented
a concrete staff-facing reporting task, identified a metric or
operational condition that could be grounded in the corpus, and
contained sufficient evidence to define the expected answer
and completion behavior. We intentionally included both direct
reporting tasks and cases requiring evidence from multiple
source families. The benchmark is therefore a coverage-
oriented, stratified collection rather than a random sample of
the facility’s request distribution.

The resulting 50 base scenarios cover availability (6), outage
(7), downtime (4), utilization lookup or comparison (4), report
metrics (7), analysis metrics or comparisons (6), report reason-
ing (10), and source capability (6). By reasoning complexity,
21 are Level 1 direct-reporting cases, 17 are Level 2 cross-
source composition cases, and 12 are Level 3 diagnostic-
discrimination cases.

b) Sanitization: Sanitization removes personal identi-
fiers, credentials, authentication material, internal access de-
tails, and conversational content unrelated to the reporting task.
It preserves the public system names, metric values, dates,
source roles, and temporal relationships needed to evaluate
the answer. Free-text operational records are reduced to the
evidence-bearing content needed by the reference rubric. The
released query artifact contains the sanitized request, struc-
tured reference outcome, evidence metadata, and evaluation
criteria; confidential source documents are not redistributed.

c) Controlled query expansion: The 50 base scenarios
are expanded into 68 benchmark queries by adding 18 con-
trolled variants. Each variant changes an evidence condition
or requested scope while preserving the underlying operational
subject. This construction tests whether an agent responds to
the validity of the evidence rather than merely recognizing the
topic or retrieving a familiar record.

The resulting benchmark contains 48 complete-evidence
queries, 4 missing-evidence queries, 4 temporally invalid
queries, 3 authority-swapped queries, 3 contradictory-evidence
queries, and 6 tool-failure queries. Their expected completion
decisions are 55 ANSWER, 9 QUALIFY, and 4 BLOCK. Each
query specifies the requested system and reporting scope,
mandatory and contextual evidence, acceptable source roles,
required and prohibited claims, and expected completion be-
havior.

Missing-evidence variants remove a source family required
for a complete conclusion. Temporal variants retain topically
relevant evidence but move it outside the requested interval.
Authority-swapped variants replace an authoritative record
with a relevant but unsuitable source. Contradictory variants
introduce evidence that challenges an otherwise plausible
conclusion. Tool-failure variants distinguish an inaccessible
source from a successful retrieval that contains no matching
record.

Table II illustrates the benchmark representation using two
sanitized cases. The first permits a direct answer because the
requested value, system, definition, and month are supported
by an authoritative report. The second requires blocking the
requested identity because the incident evidence identifies the
type of faulty client but not a specific username.

d) Operational source roles: The frozen corpus pre-
serves the operational role of each source rather than flat-
tening all records into a single relevance-ranked collection.
Reviewed DOE metrics reports provide authoritative monthly
values and approved commentary. Utilization investigations
provide metric definitions, corrections, diagnostic hypotheses,
and documented resolutions. Recurring monitoring sources
provide queue depth, quality-of-service usage, account con-
centration, short-term workload pressure, storage read outliers,
and write-performance baselines. Incident and maintenance
records establish affected entities, event timelines, and impact
intervals.

A separate source containing realistic staff requests, oper-
ational questions, and safety-testing interactions contributes
evaluation cases but is not treated as authoritative opera-



TABLE II
SANITIZED BENCHMARK EXAMPLES SHOWING THE REQUEST, EVIDENCE STATE, REQUIREMENTS, AND REFERENCE BEHAVIOR.

Field Complete-evidence example

Missing-evidence example

Request ‘What was Perlmutter scheduled availability in October 2023?

Evidence
98.3% for October 2023.

Requirement

reporting month.

ANSWER.

Report 98.3%, including the system, metric, and month.

Expected state
Reference behavior

A reviewed metrics report records Perlmutter scheduled availability as

An authoritative value with matching system, metric definition, unit, and

‘What exact NERSC username was behind the faulty client in the January
8-9, 2026 scratch outage?

Reviewed incident evidence links the outage to a faulty accounting-service
client but contains no username.

An authoritative record explicitly identifying the requested user. Context
identifying the client type is insufficient.

BLOCK.

State that the username cannot be identified from the available evidence;
do not infer a person or account.

tional evidence. Investigation records are reconstructed at the
conversation or activity level so that corrections, rejected
explanations, supporting evidence, and final conclusions re-
main connected to the original hypothesis. The reference
annotations preserve these distinctions: diagnostic discussion
may corroborate an explanation but cannot replace a reviewed
historical metric, and a failed source call establishes evidence
unavailability rather than the nonoccurrence of an event.

e) Explanatory subset: RQ2 uses 13 explanatory queries:
the 10 report-reasoning cases and three storage-anomaly cases
drawn from the analysis-metric categories. Their annotations
identify the observed condition, acceptable explanations, evi-
dence required for each explanation, plausible but unsupported
alternatives, and conditions requiring qualification. These
cases require composition across multiple operational signals
rather than retrieval of a single self-contained explanation.

Counterfactual consistency is evaluated through controlled
changes to the evidence bundle, not physical interventions on
the facility. Each comparison keeps the request and unrelated
evidence fixed while changing one condition that should
affect the explanation. Replacing a deep eligible queue and
scheduler draining with a shallow queue should weaken a
placement-constraint explanation. Moving an outage outside
the requested interval should remove an outage-related expla-
nation, and moving a CFS tail-latency spike outside an I/O-
intensive workload’s interval should remove a storage-impact
explanation. A response is consistent when it changes the
affected explanation without altering unrelated claims. These
tests evaluate sensitivity to represented evidence relationships;
they do not demonstrate unrestricted discovery of previously
unknown causes.

f) Ground-truth construction: The reference answers and
evaluation rubrics were prepared from the frozen operational
corpus and manually verified by the authors. Each annota-
tion identifies the requested scope, required facts, supporting
evidence, acceptable source roles, prohibited claims, required
qualifications, and expected completion state.

A second author independently reviewed each annotation
against its cited evidence, including factual values, entity and
metric alignment, temporal scope, source authority, required
qualifications, and completion behavior. Disagreements were
documented and resolved through evidence-based adjudica-
tion: the reviewers jointly re-examined the relevant records
and revised the annotation until the reference answer, evidence

links, and evaluation criteria were mutually consistent. The
study does not claim annotation by independent external HPC
operators.

g) Coverage, scaling, and portability: The 68-query
benchmark provides controlled coverage of the reporting fami-
lies and evidence failures studied here, but it is not intended to
estimate their frequency in production. Its principal limitations
are its size, its construction from one facility’s corpus, and
the overlap between the domain expertise used to define the
benchmark and the expertise used to seed the reporting policy.

The benchmark can be extended by adding a grounded base
scenario, specifying its evidence requirements and reference
outcome, and applying the same missing, temporal, authority,
contradiction, and tool-failure transformations where appro-
priate. This process does not require changing the evaluation
logic, but every new case still requires evidence review and
adjudication. Expert verification of the reference evidence,
rather than automatic query generation, is therefore the pri-
mary scaling bottleneck.

The reporting method is not inherently limited to HPC,
but its operational knowledge is domain-specific. Another
HPC facility would need source adapters, local metric defini-
tions, authority mappings, entity aliases, and facility-specific
workload relations. A distributed-system deployment could
use the same source-role, temporal-validation, contradiction,
and answer/qualify/block mechanisms with service telemetry,
deployment records, incident tickets, change logs, and service-
level objectives. Such portability is architectural rather than
empirically established: cross-facility and non-HPC transfer
are not evaluated in this study.

B. Experimental Setup

matrix: We  evaluate
three agent deployments: 1bl/gpt-0ss-20Db,
1bl/gemma-4-thinking, and google/qwen-3,
denoted GPT-OSS-20B, GEMMA-4-THINKING, and QWEN-
3, respectively. These are the exact deployment identifiers
used by the evaluation endpoint; their prefixes identify serving
routes rather than model authorship. Documentation for the
corresponding model families is available from OpenAl,
Google, and the Qwen project.!

a) Agent and  judge

'GPT-0OSS-20B: https://developers.openai.com/api/docs/models/
gpt-0ss-20b;  Gemma 4  thinking:  https://ai.google.dev/gemma/docs/
capabilities/thinking; Qwen3: https://qwenlm.github.io/blog/qwen3/.


https://developers.openai.com/api/docs/models/gpt-oss-20b
https://developers.openai.com/api/docs/models/gpt-oss-20b
https://ai.google.dev/gemma/docs/capabilities/thinking
https://ai.google.dev/gemma/docs/capabilities/thinking
https://qwenlm.github.io/blog/qwen3/

Each successfully generated report is evaluated separately
by gemini-3.5-flash and mistral-large-3. Doc-
umentation for these judge-model families is provided by
Google and Mistral AL The judges receive the sanitized
request, reference rubric, expected completion state, required
and prohibited claims, qualification conditions, and generated
report. They do not receive the agent identity or the name of
the evaluated configuration.

For query ¢, agent a, configuration ¢, and judge set 7, the
report score is the arithmetic mean of the two judge scores:

Sa,c(Q) = ﬁ Z Sa,c,j(Q)a 2)
JjeET

where S, ;(¢) € [0,100] and |J| = 2. A report passes
when S, .(q) > 80. Unless otherwise stated, each metric
is first computed separately for each agent and then macro-
averaged across the three agents so that no agent contributes
more weight because of differences in output coverage.

b) Inference settings: All agent and judge models were
accessed through a common hosted inference interface. For
each configuration, the prompts, output limits, and execution
settings were held fixed across the evaluated queries. Runs
used isolated sessions without persistent memory. The com-
plete evaluation configurations and saved outputs are provided
in the accompanying artifact.

¢) Execution protocol: RQI1 evaluates five configurations
on all 68 queries. RQ2 evaluates four reasoning configura-
tions using identical evidence bundles for the 13 explanatory
queries. RQ3 evaluates five update strategies over five sequen-
tial target, held-out, and regression rounds.

Each final query—configuration—agent combination con-
tributes at most one report, and every included report receives
evaluations from both judges. Generation failures and model
no-answers are recorded separately. Aggregate results use the
available scored reports, while paired statistical tests use only
query—agent pairs observed under both compared configura-
tions. The artifact contains the benchmark, evaluation config-
urations, saved outputs, judgments, refinement partitions, and
analysis code used to generate the reported tables and figures.

d) Statistical analysis: We compute 95% confidence
intervals using 4,000 nonparametric bootstrap resamples [28].
The implemented resampling unit is one agent-level run for a
configuration, with the query-level results already aggregated
within that run. The intervals therefore summarize variation
across the three evaluated agents and should be interpreted
descriptively rather than as population-level uncertainty over
all possible operational queries.

For comparisons between configurations, continuous paired
scores are tested with the Wilcoxon signed-rank test [29],
while paired Pass@80 outcomes are tested with McNemar’s
test [30]. Both tests use matched query—agent outputs. Re-
ported p-values are two-sided and unadjusted for multiple

2Gemini 3.5 Flash: https:/ai.google.dev/gemini-api/docs/models/gemini-3.
5-flash; Mistral Large 3: https://mistral.ai/news/mistral-3/.

comparisons, so we use them as supporting evidence rather
than as the sole basis for a conclusion.

Judge reliability is summarized using Pass@80 agreement,
Cohen’s k [31], and the mean absolute difference between the
two judge scores. Confidence intervals, matched-pair counts,
judge coverage, and complete test outputs are provided in the
artifact.

C. Configurations and Metrics

a) RQI: Evidence-guided reporting: We compare five
configurations. Direct LLM answers without retrieved oper-
ational evidence. Generic RAG retrieves topically relevant
records without claim-specific requirements or source roles.
RAG with post-hoc verification checks an answer after
generic retrieval. REPORT-OPS without evidence gating
uses source-aware planning and typed records but may com-
plete when mandatory evidence is missing or invalid. Full
REPORT-OPS additionally enforces evidence requirements,
source-role and temporal constraints, contradiction checks, and
answer/qualify/block gating.

RQ1 reports Pass@80, the percentage of reports whose
two-judge mean is at least 80; completion accuracy, the per-
centage of queries for which the agent’s structured ANSWER,
QUALIFY, or BLOCK decision matches the reference decision;
State F1, macro F1 over the three completion decisions; false
completion rate (FCR), the percentage of cases requiring quali-
fication or blocking that instead receive an unqualified answer;
and claim-support precision (CSP), the percentage of assessed
factual and explanatory claims supported by valid evidence or
stated as permitted qualified inferences. Source-role, temporal-
consistency, and contradiction-handling accuracy are retained
as diagnostic measures.

b) RQ2: Workload-aware operational explanation: All
four configurations receive the same underlying evidence
bundle. Raw-evidence reasoning operates on unstructured ev-
idence; typed records creates structured metric, event, status,
workload, storage, and commentary records; typed records
with workload relations adds relations among workload be-
havior, queue pressure, utilization, incidents, maintenance, and
storage; and full claim verification further checks required ev-
idence, source roles, temporal overlap, contradictions, missing
evidence, and rejected hypotheses.

RQ2 reports Pass@80, explanation accuracy, counterfac-
tual consistency (CFCons), and rejected-hypothesis accu-
racy (RHA). Explanation accuracy requires an explanation
supported by the reference evidence without asserting a pro-
hibited cause. CFCons tests whether an explanation changes in
the expected direction when one relevant condition is altered
while the remaining evidence is held fixed. RHA measures
the percentage of reference-rejected hypotheses correctly ruled
out. These metrics evaluate evidence-grounded hypothesis test-
ing, not unrestricted discovery of previously unknown physical
causes.

¢) RQ3: Human-supervised policy refinement: We com-
pare no refinement, final-answer refinement, global prompt


https://ai.google.dev/gemini-api/docs/models/gemini-3.5-flash
https://ai.google.dev/gemini-api/docs/models/gemini-3.5-flash
https://mistral.ai/news/mistral-3/

TABLE III
OBSERVED POLICY EVOLUTION OVER FIVE ROUNDS.

Observed value

5/3

15

10

5

7

0

Not evaluated

Refinement property

Sequential rounds / agent models
Agent—round promotion opportunities
Promoted updates across rounds
Previous policy retained

Permitted typed patch families
Human edits to patch contents
Cross-agent or cross-facility transfer

update, localized update without a regression gate, and lo-
calized update with a regression gate. The localized methods
may change a failure-specific evidence requirement, source
policy, ontology relation, temporal rule, workload relation, or
verification rule; the gated method promotes the change only
after target, held-out, and regression tests.

RQ3 reports final Pass@80, targeted fix rate (TFR),
A held-out, and regression break rate (RBR). TFR is
the percentage of initially failed target cases corrected after
refinement. A held-out is the percentage-point change on
round-specific cases held out from the motivating target set.
RBR is the percentage of initially passing regression cases
that fail in a later refinement round. Under the no-refinement
control, it captures run-to-run model variability; under the
update strategies, it may additionally capture policy-induced
regressions. Lower is better. All values are macro-averaged
across agents.

D. Refinement Protocol

RQ3 is conducted independently for each agent over five
rounds. In each round, failed target traces motivate a bounded
candidate update, held-out cases test whether the change gen-
eralizes, and regression cases test whether previously correct
behavior is preserved. Target and held-out cases are disjoint,
whereas regression cases may recur across rounds to provide
continuing protection against behavioral breakage. The exper-
iment therefore uses round-specific partitions rather than one
globally disjoint three-way split.

Each agent begins from the same initial policy, and updates
learned for one agent are not transferred to another. The agent
generates candidate repair patches from prior-run failures. A
human acceptance gate may approve or reject a candidate
for safety and artifact integrity, but authors do not rewrite it.
Accepted candidates in the gated strategy are promoted only
after predefined target, held-out, and regression criteria pass;
rejected candidates leave the active policy unchanged. The
localized strategy “without a regression gate” retains the same
non-editing human acceptance check but omits the automated
held-out and regression release gate. The process is therefore
human-supervised policy refinement, not autonomous self-
modification. A patch demonstrates reuse only when it im-
proves cases that did not motivate the update. The reported
held-out gain therefore measures within-environment, same-
family generalization; updates are not transferred between
agents or facilities. Exact partitions, typed patches, decisions,
and promotion history are included in the artifact.
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E. Results

Table IV reports results macro-averaged across the three
agent models. The configurations are cumulative ablations:
they measure the combined effect of LLM reasoning, retrieved
evidence, author-seeded operational knowledge, and auto-
mated verification. They do not measure the LLM’s reasoning
ability independently of the policy supplied to it.

a) RQI: Evidence validity and selective completion: Full
REPORT-OPS achieves 68.63% Pass@80, compared with
7.02% for the strongest retrieval baseline. Its improvements
over Direct LLM, Generic RAG, and RAG with post-hoc
verification are significant under both paired tests (p < 0.001).
Generic retrieval and post-hoc answer checking provide only
small gains over Direct LLM. The large Pass@80 increase ap-
pears when source-aware planning, typed records, and claim-
specific operational requirements are introduced in the ungated
REPORT-OPS configuration. This result reflects the combi-
nation of LLM reasoning with explicit, author-seeded domain
structure; it should not be interpreted as an improvement
produced by the LLM alone.

Adding the evidence gate does not increase Pass@80 rel-
ative to ungated REPORT-OPS (68.63% versus 70.42%),
and the difference is not statistically significant. Its principal
benefit is evidence discipline: CSP increases from 40.58%
to 90.06%. Figure 3(a) shows that the gate is particularly
useful when required evidence is missing or comes from an
inappropriate source.

Full REPORT-OPS does not dominate every RQ1 metric.
Direct LLM obtains the highest State F1 and a slightly
lower FCR, while all configurations retain substantial difficulty
selecting the exact ANSWER, QUALIFY, or BLOCK state.
Performance is also weaker under temporally invalid evidence.
RQI1 therefore supports two narrower conclusions: source-
aware, structured planning produces the main report-quality
gain, and deterministic evidence gating substantially improves
claim-support precision. Exact completion-state selection re-
mains an open problem.

b) RQ?2: Evidence-grounded operational explanation:
Converting raw evidence into typed records yields only a small
increase in explanation accuracy, from 30.53% to 33.95%,
and neither configuration produces passing explanatory re-
ports. The principal improvement appears after adding the
author-seeded workload relations. Pass@80 reaches 33.97%,
explanation accuracy reaches 51.37%, and CFCons reaches
its highest value of 41.18%. These results show that the LLM
benefits from explicit relations among workload behavior,
queue pressure, utilization, scheduler conditions, incidents,
maintenance, and storage observations. They do not show that
the LLM independently discovers those relations.

Full claim verification obtains the highest Pass@80 and ex-
planation accuracy, 41.02% and 55.54%, but its improvement
over workload relations alone is not statistically significant.
It also reduces CFCons from 41.18% to 38.33%. RHA is ap-
proximately saturated across the configurations and therefore
provides little discrimination.



TABLE IV
PRINCIPAL EVALUATION RESULTS. ARROWS INDICATE THE PREFERRED DIRECTION FOR EACH METRIC. BOLD DENOTES THE BEST VALUE IN EACH
COLUMN; TIES ARE ALL BOLDED. RQ2 IS EVALUATED ON THE 13 EXPLANATORY QUERIES.

RQ1: Evidence validity and selective completion

. Pass@80 State F1 FCR CSp
Configuration 1 1 I
Direct LLM 4.43 45.06 75.99 24.86
Generic RAG 6.43 27.46 97.44 23.55
RAG + verification 7.02 30.55 89.75 25.61
REPORT-OPS, no evidence gate 70.42 32.86 82.05 40.58
Full REPORT-OPS 68.63 33.58 76.92 90.06
RQ2: Evidence-grounded operational explanation

. Pass@80 Expl. Acc. CFCons RHA
Configuration 1 T T T
Raw evidence 0.00 30.53 31.39 100.00
Typed records 0.00 33.95 33.89 98.72

+ workload relations 33.97 51.37 41.18 100.00

+ claim verification 41.02 55.54 38.33 100.00
RQ3: Human-supervised policy refinement

Final Pass@80 TFR A Held-out RBR

Update strategy + 1 1
No refinement 44.44 2.56 0.00 3.03
Answer refinement 85.19 78.63 —1.33 9.09
Global prompt update 90.74 87.47 6.67 9.76
Localized, no regression gate 94.44 91.17 9.33 6.06
Localized + regression gate 94.44 91.17 9.33 0.00
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Fig. 3. Evaluation summary across three agent models. Panel (a) shows completion accuracy under controlled evidence states. Panel (b) shows target-set
and round-held-out Pass@80, regression breaks, and agent-specific promotions after the human acceptance and automated release gates; labels such as 3/3

indicate promotion for all three agent models.

RQ2 contains only 13 explanatory queries, and its counter-
factual tests modify represented queue, outage, and storage
evidence rather than introducing previously unknown fail-
ure mechanisms. The results consequently support evidence-
grounded hypothesis testing over the encoded relation families,
not open-ended causal discovery. The relatively low absolute
Pass@80 and explanation-accuracy values further show that
reliable operational explanation remains harder than factual
reporting.

¢) RQ3: Human-supervised policy refinement: Localized
refinement provides the strongest overall result. Both localized
strategies reach 94.44% final Pass@80, correct 91.17% of
targeted failures, and improve performance on related held-out
cases by 9.33 percentage points. Without the regression gate,
localized refinement produces a 6.06% observed regression
break rate. The gated strategy retains the same target and held-
out results while reducing the final observed RBR to zero.

Figure 3(b) shows that the release gate does not promote
every candidate that improves its motivating cases. Across 15

11

agent—round opportunities, 10 candidate updates are promoted
and five retain the previous policy, as summarized in Table III.
Answer refinement and global prompt updates also improve
target performance, but produce weaker held-out behavior
or more observed regressions. The 3.03% RBR under no
refinement additionally indicates that some measured breakage
can arise from model variability rather than policy changes
alone.

The zero RBR of the gated strategy is an observed outcome
of these five rounds, not a guarantee that future updates
cannot cause regressions. The 9.33-point held-out improve-
ment demonstrates reuse on related cases within the same
environment. It does not establish transfer between agents,
HPC facilities, or previously unseen operational domains.

d) Judge agreement: The two judges agree on more
than 96% of Pass@80 decisions in both RQl and RQ2,
with Cohen’s x between 0.87 and 0.89. The thresholded
conclusions are therefore consistent across the two evaluated
judges. Their continuous scores differ by approximately ten



points on average, however, showing that the choice of judge
still affects score magnitude. Agreement between two LLM
judges does not substitute for evaluation by independent HPC
operators.

F. Threats to Validity

a) Benchmark and policy alignment: The benchmark,
reference rubrics, and initial operational policy are derived
from one sanitized HPC corpus. The same domain exper-
tise therefore influences both the expected answers and the
source roles, evidence requirements, and workload relations
used by REPORT-OPS. This creates possible corpus-specific
alignment. The staged ablations expose the contributions of
retrieval, typed representation, workload relations, evidence
gating, and claim verification, but they do not completely
separate LLM capability from manually authored domain
knowledge.

b) Scale and external validity: The benchmark contains
68 purposefully selected queries and is not a random sample
of production requests. RQ2 is especially limited, with 13 ex-
planatory queries drawn from represented explanation families.
All evaluations use one facility environment. We therefore
do not claim that the measured gains transfer unchanged to
another HPC facility or to a non-HPC distributed system. Such
deployments would require new source adapters, metric defini-
tions, authority mappings, evidence templates, and operational
relations.

c) Ground truth and judging: Reference annotations
were prepared by the authors, independently reviewed by a
second author, and adjudicated against the cited evidence.
They were not annotated by independent external HPC op-
erators. The two LLM judges receive the same reference
rubric and may share model or prompt biases. Their high
Pass @80 agreement supports consistency between the selected
evaluators, but does not establish human-review agreement or
operational usefulness in deployment.

d) Statistical validity: Each final query—configuration—
agent combination contributes at most one scored output,
so residual model variability is not averaged over repeated
generations. Some model no-answers and execution failures
produce unequal denominators; paired tests therefore use only
jointly observed query—agent outputs. Confidence intervals
summarize variation across three agent-level runs, and reported
p-values are unadjusted for multiple comparisons. These statis-
tics should consequently be interpreted as supporting evidence
for the observed comparisons rather than precise population-
level estimates.

e) Refinement validity: RQ3 evaluates five rounds of
refinement within the same environment. Round-specific held-
out cases test reuse beyond the cases that motivate each patch,
while regression cases test previously successful behavior.
These sets remain smaller and more controlled than a long-
running production workload. The experiment does not evalu-
ate cross-agent patch transfer, cross-facility transfer, indefinite
policy growth, or long-term overfitting to the regression suite.
The frozen online policy, typed patches, non-editing human
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acceptance step, version history, and automated release gate
make the evaluated process inspectable, but longer-term oper-
ator deployment remains future work.

V. CONCLUSION

This paper presented REPORT-OPS, a hybrid agent for
evidence-grounded HPC operational reporting. The LLM in-
terprets requests, plans evidence collection, proposes expla-
nations, links claims to records, and drafts reports. Author-
seeded, versioned policy defines source roles, evidence re-
quirements, and operational relations, while automated checks
enforce entity, metric, temporal, contradiction, and completion
constraints. The evaluation shows that the principal report-
quality improvement appears when LLM reasoning is com-
bined with source-aware planning and structured operational
knowledge. Evidence gating does not increase raw Pass @80,
but substantially improves claim-support precision by prevent-
ing unsupported or insufficiently qualified claims.

For operational explanation, explicit workload relations im-
prove performance over raw evidence and typed records alone.
These results support evidence-grounded testing of represented
explanation families, not unrestricted causal discovery. The 13-
query explanatory evaluation remains limited, and the results
do not establish that the LLM can independently discover
previously unseen operational causes.

REPORT-OPS also supports human-supervised policy re-
finement. An LLM critic proposes bounded, trace-localized
policy changes; humans approve or reject the unchanged pro-
posals; and automated target, held-out, and regression criteria
control promotion. Across five rounds, localized refinement
improves targeted and related held-out cases, while the gated
strategy introduces no observed final regression breaks. This
demonstrates reuse within the evaluated environment, not
guaranteed safety, cross-agent learning, cross-facility transfer,
or indefinite resistance to regression-suite overfitting.

The framework is intended to assist rather than replace HPC
operators. Its evidence-validation and release-control architec-
ture may be adapted to other facilities or operational domains,
but its source adapters, metric definitions, authority mappings,
evidence templates, and operational relations require domain-
specific configuration. Future work will evaluate independently
constructed and cross-facility benchmarks, automatically in-
duced policy artifacts, previously unseen explanation families,
external operator review, and longer-term policy evolution.
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