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Abstract
Evaluating whether an agentic system should be allowed
to execute a proposed action requires more than measur-
ing plausibility or task accuracy. We study this as an eval-
uation problem of admissibility: whether a proposed ac-
tion has sufficient governed justification, authority support,
and replayable decision basis to proceed. The paper con-
tributes a pinned-condition semantic-governance evaluation
protocol, a high-consequence benchmark centered on unsafe-
allow reduction and intervention behavior, and a measure-
ment scheme for explanation reliability and replay consis-
tency under frozen artifacts. We instantiate the benchmark
in resource-event-agent (REA) fact-to-journal-entry book-
ing because accounting workflows expose ambiguity, policy
conflict, and auditability requirements in a compact stress-
test domain. On two frozen benchmark slices, a governed
path eliminates unsafe allows observed in direct and cau-
tious baselines while preserving replayable decision basis and
intervention-state separation. External independent human
dual-rater adjudication was completed across the full 30-case
public-source-derived benchmark before comparative scor-
ing. The results should be read as controlled evidence for an
evaluation-and-governance protocol on frozen artifacts and
labels, not as a claim of general superiority across accounting
or agentic-decision domains.

CCS Concepts
• Computing methodologies → Artificial intelligence; Ma-
chine learning approaches; • Information systems → Data
management systems.
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1 Introduction
Trustworthy agents can produce outputs that are fluent,
plausible, and still not fit for execution. In high-stakes work-
flows, that distinction matters: a proposed action is not ad-
missible merely because it looks reasonable to an LLM or
even because it succeeds on a benchmark task. The core

problem is deciding when an agent-generated action has a
sufficiently governed decision basis to be allowed to proceed,
when it should be corrected or escalated, and when it should
be blocked entirely [9, 21]. This paper studies governance
over agent-proposed domain actions, not low-level program
execution. The execution question here is whether a seman-
tic action proposed by an agent should be allowed to proceed
at all.

This paper argues that admissibility requires semantic
governance: execution should be gated by governed justifica-
tion, replayable decision artifacts, and provenance that can
be audited after the fact [3, 15]. The deeper governance prob-
lem is not only that plausibility or task accuracy can miss
negative cases. Alignment may remain a research objective,
but enterprise execution control cannot depend on directly
inspecting or certifying a model’s internal state. Governance
therefore has to move from claims about internal alignment
to checks over externally observable action basis: evidence,
authority, policy compatibility, justification, replayability,
and accountable intervention. We call this action-level con-
trol problem admissibility. This turns trustworthiness into a
measurable evaluation target rather than only an architec-
tural aspiration. We therefore frame the paper as an agent-
evaluation and governance contribution first, instantiated
in a high-consequence accounting stress test second. The
benchmark uses resource-event-agent (REA) fact-to-journal-
entry booking [10] because it is structured enough to expose
classification ambiguity and intervention logic, but concrete
enough to compare direct LLM projection against a gov-
erned path without making the paper only about account-
ing [8, 18]. The broader agentic-workflow pattern is evidence
intake, projection, action proposal, and governed execution
decision: accounting is the evaluation environment, not the
limit of the claim. The reported 54 cases are framework-level
intervention evidence under pinned benchmark, model, and
policy conditions, not a statistical reliability estimate for de-
ployment.

The benchmark is also motivated by failure modes that
are hard to ignore in deployed systems: memory poison-
ing can corrupt downstream reasoning, architectural brittle-
ness can make outcomes frame-dependent, and long-horizon
tasks can surface negative cases that simpler task accuracy
summaries miss [2, 12, 20]. Against this backdrop, the cur-
rent paper combines framework definition with compara-
tive results over a fixed twenty-four-case synthetic fixture
pack spanning positive, correctable-negative, evidence-gap,
policy-conflict, projection-rejection, and replay scenarios, to-
gether with a thirty-case public-source-derived benchmark

1
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drawn from Zenodo, PCAOB, and SEC EDGAR XBRL ar-
tifacts [6, 14, 19]. The resulting contribution is intended as
an evaluation protocol for governed agentic execution un-
der pinned conditions, with metrics and artifacts that can
also support regression checking across future model or pol-
icy updates. This submission validates the pinned-condition
protocol itself, not the broader lifecycle-monitoring use case.
Specifically, it:
∙ proposes an admissibility-oriented evaluation model that

separates governed execution decisions from raw projec-
tion quality;

∙ defines a high-consequence agentic execution benchmark,
instantiated in REA-to-JE, for comparing direct and gov-
erned projection;

∙ reports bounded comparative evidence focused on unsafe-
allow reduction, intervention behavior, and replay-basis
consistency rather than raw task accuracy or unverifiable
internal-alignment claims alone; and

∙ links the benchmark design to negative-case evidence from
poisoning, brittleness, and long-horizon agent settings.

2 Related Work and Positioning
2.1 Trustworthy and Reliable Agents
Trustworthy-agent surveys and benchmarks consistently em-
phasize threats, controls, and evaluation gaps, but they usu-
ally stop at whether an agent output is good or safe rather
than whether it is admissible for execution [9, 12, 21]. That
leaves an important distinction unresolved: a system can be
evaluated as robust in the abstract while still lacking a gov-
erned rule for when a projected action may actually be ex-
ecuted. Rule-based constraint approaches such as Constitu-
tional AI formalize harmlessness constraints over LLM out-
puts [1], and instruction-hierarchy work addresses authority-
ordered privilege for conflicting directives [17]. These ap-
proaches share the paper’s concern with constraining LLM
action under policy, but neither specifies a replay-basis for
decision audits or an escalation path for unresolvable cases.

2.2 Semantic Grounding
Semantic Web, knowledge-graph, and neuro-symbolic work
provide machine-interpretable constraints and reasoning
support, but most of it treats grounding as a representation
or inference problem rather than a governance problem
[5, 13]. In other words, these systems can improve the
structure of what the model knows, yet they rarely specify
how grounded content should trigger, block, or condition
execution under policy.

2.3 Provenance, Replay, and Auditability
Provenance-oriented agent work improves traceability and
workflow observability, yet it does not always specify a re-
play identity for decision basis or connect trace capture to
intervention logic in negative cases [3, 15]. That gap matters
because auditability is not only about recording steps after
the fact; it also requires a stable basis for replaying the same

decision and proving why a rejected action stayed rejected.
The importance of structured artifact documentation is rec-
ognized more broadly in model cards [11] and datasheets
[7]: those frameworks establish that reproducible evaluation
requires disclosed provenance for both models and data, a
precondition this paper operationalizes for governed decision
artifacts.

2.4 Finance and Audit Automation
Finance LLM surveys and financial-task benchmarks show
why accounting and audit settings are useful stress tests,
but they typically optimize analysis or prediction quality
rather than governed projection and admissibility under un-
certainty [8, 16, 18]. As a result, they benchmark domain
performance but do not by themselves answer whether a
prediction is sufficiently governed to support a downstream
accounting or audit action.

Accordingly, the comparison axes in this paper are raw
projection quality, governed admissibility, replayable ac-
countability, and intervention logic in negative cases. The
positioning claim is that semantic grounding and provenance
are not end goals by themselves; they are enabling mecha-
nisms for governed execution. This is why the paper frames a
high-consequence agentic execution benchmark, with REA-
to-JE as one concrete instantiation: it makes the gap visible
between a plausible projection and a more reviewable, re-
playable decision basis for action. Together, these four clus-
ters motivate the paper’s central separation between projec-
tion quality, admissibility, accountability, and intervention.

3 Semantic Governance Model
Core objects: Admitted Facts feed Governed Projections,
which support Execution Intents. Justification Artifacts and
Replay Bindings govern the transition from projection to ad-
missibility. A replay binding is a pinned decision-basis bun-
dle, such as content-addressed evidence hashes, governing
rule identifiers, and authority-context identifiers, that lets
the same decision basis be reconstructed later. These ob-
jects are intended to make decisions more explainable, re-
producible, and aligned with authority.

Control boundary: Fact Admission restricts the decision
process to verified facts. Projection Trust evaluates whether
projections meet admissibility criteria. Execution Admissi-
bility governs whether intents are allowed to execute.

Accountability claim: The model treats explanation reli-
ability as a necessary condition for accountable execution,
grounded in justification artifacts and replay bindings.

3.1 Execution Rule Skeleton
𝐸𝑥𝑒𝑐𝑢𝑡𝑒(𝑎𝑡) only if 𝑉 𝑎𝑙𝑖𝑑(𝐽𝑡) (Justification Validity)

∧ 𝐴𝑝𝑝𝑟𝑜𝑣𝑒𝑑(𝐼𝑡) (Authority Approval)
∧ 𝑅𝑒𝑝𝑙𝑎𝑦𝑎𝑏𝑙𝑒(𝐼𝑡) (Replay Consistency)

(1)
∙ Valid: Justification artifacts 𝐽𝑡 satisfy governed admissi-

bility checks for intent 𝐼𝑡.

2
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∙ Approved: Required authority threshold is satisfied for
intent 𝐼𝑡.

∙ Replayable: Decision basis for intent 𝐼𝑡 is pinned and re-
producible.

4 Instantiation: High-Consequence Agentic
Execution Benchmark

∙ Benchmark family: high-consequence benchmark with
bounded evidence and governed admissibility checks

∙ Domain instantiation: source evidence to admitted fact to
journal-entry booking

∙ Input evidence: admitted facts, source documents, and
task context bundled into a fixed case packet

∙ Direct LLM baseline: projection from the case packet to
a journal entry without governed authority checks, replay
binding, or intervention

∙ Semantier path: governed projection that adds admissi-
bility checks plus interception, correction, escalation, and
block handling

∙ Benchmark emphasis: ambiguous classification, insuffi-
cient evidence, conflicting interpretations, and pressure-
to-act cases

∙ In-scope cases preserve a fixed accounting task and evi-
dence packet; out-of-scope cases require missing authority
artifacts, new fact discovery, or open-ended generation

The scenario structure induces the outcome labels: clean in-
scope cases map to ALLOW, correctable misprojections map
to AWC, evidence gaps map to ESC, policy conflicts map
to BLK, and admitted facts with rejected proposals map
to FPRR. FPRR stands for Fact Preserved, Projection Re-
jected: the admitted fact remains part of the record, while
the proposed downstream booking is rejected as inadmis-
sible. In agentic-workflow terms, this benchmark instanti-
ates a general control loop in which a model proposes an
action from bounded evidence and the system must decide
whether to allow, correct, escalate, or block that proposal
before execution. The accounting instantiation is used here
as a compact high-consequence stress test rather than as
the primary conceptual contribution. Figure 1 summarizes
the control split between a direct execution path and the
governed Semantier path. Figure 2 shows how the governed
path maps evidence sufficiency, policy conflict, and correc-
tion feasibility into the benchmark outcome labels, and Fig-
ure 3 summarizes the scenario classes used to stress those
control decisions.

5 Evaluation Design
The evaluation measures two dimensions: outcome con-
trol and explanation quality. Outcome metrics are book-
ing correctness, unsafe-allow rate, correction precision, and
justified-block rate. Explanation quality metrics cover evi-
dence grounding, justification grounding, decision-trace clar-
ity, correction transparency, escalation usefulness, replay
consistency, and pre-decision justification coverage. The unit

Evidence / Admitted Facts

LLM / Agentic Layer

Proposed Action
/ Projection Candidate

Direct Execution Path Semantier Governance Layer

Allow / Correct
/ Escalate / Block

Figure 1: Governance architecture for agentic execution. An
LLM or autonomous agent produces a proposed action from
admitted evidence. In the direct path, that proposal proceeds
without an explicit admissibility gate. In the governed path,
Semantier intercepts the same proposal and applies justifica-
tion, authority, and policy-aware intervention controls before
execution, yielding allow, correction, escalation, or block out-
comes.

Sufficient
evidence?

Policy
conflict?

Projection
correctable?

ESC

BLK

AWCALW

FPRR

no

yes

yes

no

yesadmissible

reject

Figure 2: Decision-state flow for governed outcome labels. Ev-
idence gaps induce ESC, policy conflicts induce BLK, recov-
erable misprojections induce AWC, admissible cases induce
ALW, and rejected downstream proposals with preserved ad-
mitted facts induce FPRR.

of analysis is a case-level projection decision over a fixed sce-
nario set; results are reported as macro averages with per-
scenario breakdowns. Under pinned case packets and replay
identifiers, the same metric surfaces are intended to support
regression testing across future model, prompt, and policy
updates, although the experiments reported here use a single
frozen model configuration.

Each case is a self-contained packet with an admitted
fact record, authority context, projection candidate, justi-
fication bundle, and replay trace hash. Gold outcome labels
follow five classes. ALLOW (ALW) marks correct and suffi-
cient cases. ALLOW-WITH-CORRECTION (AWC) marks
initially wrong but recoverable cases. ESCALATE (ESC)
marks insufficient evidence or unresolved ambiguity. BLOCK

3
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Positive case
Outcome: ALW
Emphasis: clean admissible projection

Correctable negative
Outcome: AWC
Emphasis: wrong but repairable posting

Evidence-gap case
Outcome: ESC
Emphasis: insufficient justification

Policy-conflict case
Outcome: BLK
Emphasis: disallowed action

Projection-rejection case
Outcome: FPRR
Emphasis: fact preserved, booking rejected

Figure 3: Scenario taxonomy for the benchmark family. Each
scenario class maps a case structure to its induced governed
outcome label and the control question it is meant to stress.

(BLK) marks policy conflict or disallowed action. FACT-
PRESERVED-PROJECTION-REJECTED (FPRR) marks
preserved admitted facts paired with a rejected inadmissible
proposal.

Booking correctness is computed on a canonical multi-
set of posting tuples {account, side, amount, currency} with
line-order invariance and approved account-alias normaliza-
tion. Replay consistency uses stable decision-basis identity—
label plus cited artifact set plus governing policy and rule
identifiers—rather than full rationale-string identity, so that
the replay gate checks structural reproducibility rather than
verbatim output. Pre-decision justification coverage rewards
artifacts that were part of the decision basis before the out-
come, not post-hoc rationale.

For the full protocol, rater agreement is measured by two
independent expert raters who adjudicate disagreements on
a fixed case sheet covering outcome label, evidence suffi-
ciency, policy conflict flag, correction adequacy, explanation-
grounding score, and escalation necessity; Cohen’s 𝜅 is re-
ported. Repeated runs use five trials per case per system
under fixed model version, prompt-hash, temperature, top-𝑝,
and seed. The main governance claim is that semantic gov-
ernance is designed to improve explanation reliability, not
only booking accuracy [15, 20].
Calibration note.

Metric families, rater agreement reporting, and replay ob-
servability are aligned with agent-evaluation and provenance
guidance [15, 20]. Domain correctness framing for JE-level
outcomes follows financial-LLM and audit-automation liter-
ature [8, 18]. The current paper executes only a subset of
this protocol on the reported benchmark slices. Thresholds
in Table 2 are proposed reporting targets for larger-scale
follow-on evaluation and should be interpreted with sensi-
tivity analysis rather than as validated cutoffs.
Evaluation setup.

All runs use a single fixed LLM inference endpoint un-
der a pinned model version, fixed prompt hash, temper-
ature 0, and five independent seed trials per case. The

Table 1: Benchmark comparison dimensions.

Case Direct LLM Semantier
Positive ALW ALW
Correctable
negative

wrong JE AWC

Evidence-gap
case

unsupported
allow

ESC

Policy-
violation case

unsafe allow BLK

Projection-
rejection case

forced
projection

FPRR

Replay case unstable
decision
basis

stable
decision-basis
identity

pinned inference model is openai:gpt-5.5 (version 2026-
05-13), recorded in the baseline artifact manifests under
benchmark/v2/baselines/. Baselines are recorded under
the same configuration. External independent human dual-
rater review (following the protocol in Table 2) was applied
to the full 30-case public-source-derived benchmark to verify
labeling stability; the two raters were accounting-domain hu-
mans not involved in benchmark design (accounting students
and licensed accountants), applied the same frozen rubric to
the same case materials, and converged on the same outcome
labels before comparative scoring was frozen. The results re-
ported here should therefore be read as a controlled pinned-
condition evaluation of a governance protocol with bounded
benchmark-validation evidence, not as a claim of broad em-
pirical superiority across accounting or agentic-decision set-
tings.
Full benchmark-validation protocol.

In the full protocol, case construction, labeling, and eval-
uation are separated. Cases are frozen before comparative
runs, independent raters apply a preregistered label rubric
to outcome class and explanation-grounding fields, disagree-
ments are adjudicated on fixed case sheets, and a frozen sub-
set can be retained for separate sensitivity reporting. For this
revision, these steps were executed on the full 30-case public-
source-derived benchmark, and a frozen four-case subset is
also reported separately as a sanity check on the same scored
inventory.

5.1 Case Construction and Provenance
The twenty-four-case benchmark pack is expert-authored and
synthetic. Each case was constructed by the authors to exer-
cise a specific scenario class and governance label rather than
being drawn directly from a pre-existing public dataset. This
choice was deliberate. No ready-made public dataset cur-
rently provides the needed combination of source-evidence
artifacts, gold journal-entry outcomes, and governance labels

4
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Table 2: Proposed evaluation protocol for benchmarked semantic governance.

Metric Level Source artifacts Scoring rule Aggregation Target reporting
threshold

Applicable case
types

Booking
correctness

Case Fact record,
proposed JE, gold
JE

1 if projected JE is
equivalent to gold JE
under canonical
tuple-multiset rule; else
0

Cross-case
mean +
per-scenario
mean

Semantier ≥
baseline +5pp

ALW, AWC

Unsafe-allow rate Case Projection
decision, policy
constraints, gold
outcome

1 if system outputs
ALW where gold is
ESC/BLK/FPRR

Cross-case
mean

Semantier ≤
baseline -30%
relative

ESC, BLK,
FPRR

Correction
precision

Case Initial proposal,
corrected proposal,
gold JE

1 if correction changes a
wrong proposal to
gold-consistent JE; else
0

Mean on
correction-
attempt subset

Semantier
≥ 0.75

AWC

Escalation
appropriateness

Case Evidence bundle,
authority context,
escalation decision

Two-rater binary score
(appropri-
ate/inappropriate),
adjudicated on
disagreement

Mean on
escalated cases;
report Cohen’s
𝜅

Mean ≥ 0.8,
𝜅 ≥ 0.7

ESC

Justified-block rate Case Policy rules, block
decision, gold
outcome

1 if BLK aligns with a
disallowed action under
active policy

Mean on
policy-conflict
cases

Semantier ≥ 0.9 BLK

Fact-preservation
fidelity

Case Admitted fact
hash, rejected
projection,
post-decision fact
store

1 if fact hash is
unchanged after
projection rejection

Mean on
rejection cases

Semantier = 1.0 FPRR

Explanation
grounding score

Case Justification text,
cited evidence
spans, trace links

Two-rater 1–5 rubric for
evidence traceability
and pre-decision
justification coverage

Mean score +
per-rater
variance

Semantier ≥ 4.0
and lower
variance than
baseline

All labels

Replay consistency Case-
trial

Replay trace hash,
rerun outputs
across 5 trials

1 if label + cited artifact
set + policy/rule IDs
remain stable under
pinned config; else 0

Mean across
trials and cases

Semantier ≥ 0.9 All labels

of the form allow / awc / esc / blk / fprr. Financial-
LLM benchmarks such as FinQA [4] target QA over finan-
cial reports, not REA-to-JE booking under policy. EDINET-
Bench [16] offers realistic annual-report evidence but does
not supply booking gold or governance labels. PCAOB in-
spection datasets expose real audit-deficiency patterns but
are structured around audit findings rather than fact-to-
entry projection tasks [14]. SEC EDGAR XBRL financial-
statements data provides authentic financial structure but
likewise does not carry pre-labeled journal-entry outcomes
or admissibility labels [19].
Label assignment.

Gold outcome labels were assigned by the authors follow-
ing the formal label definitions in Section 4: positive cases
receive allow, correctable cases receive awc, evidence-gap
cases receive esc, policy-conflict cases receive blk, and cases
where an admitted fact must be preserved while the pro-
posed booking is rejected receive fprr. Each case speci-
fies the admitted REA fact packet, the expected governance
outcome, and the controlled perturbation that makes the
case non-trivial. Labels are deterministic with respect to the
stated evidence and the governing policy set; no LLM infer-
ence was used in label assignment.
Benchmark credibility limitation.

A fully synthetic, self-authored pack of this scale can
be read as encoding the desired answer in the benchmark

construction. The current results should therefore be inter-
preted as controlled benchmark evidence that the governed
path produces outcome-differentiated behavior on this fix-
ture, not as general empirical superiority. To improve bench-
mark credibility, the authors derived a public-source-derived
benchmark of thirty cases from three source families: (1) the
Zenodo Invoice/Receipt Dataset [6], from which invoice and
receipt annotations were mapped verbatim into REA fact
packets; (2) the PCAOB Firm Inspection Reports Part I.A
structured dataset [14], from which evidence-gap and policy-
conflict cases were generalized from real audit deficiency
findings; and (3) SEC EDGAR XBRL financial-statement
artifacts [19], from which positive, correctable, evidence-gap,
and policy-conflict packets were derived from filing disclo-
sures.

Expert annotation provides the JE gold outcomes and
governance labels for all thirty cases; no LLM inference
was used in label assignment. That design retains author-
controlled label quality while providing externally verifi-
able source artifacts that reviewers can inspect indepen-
dently. The thirty-case public-source-derived benchmark is
machine-validated and executable through the same gov-
erned benchmark runner used for the synthetic pack, with
case-level provenance preserved as pinned artifact refer-
ences and annotation metadata. Pinned direct, cautious,
and governed comparative artifacts are now recorded for
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all thirty cases under fixed model, prompt-hash, and seed
settings. The scored public-source-derived benchmark re-
mains modest in size and partially abstracted, especially for
PCAOB-derived cases that encode real deficiency patterns
rather than full transaction ledgers, so it should be read
as bounded external-evidence support rather than as a
standalone large-scale benchmark.

5.2 Label Validity and Benchmark Construction
Limits

The benchmark labels are author-assigned at construction
time. A rubric-based external human dual-rater adjudica-
tion pass was executed on the full thirty-case public-source-
derived benchmark, with two independent raters applying
the same fixed rubric to the same case materials. Both
raters converged on identical outcome labels (30/30 agree-
ment; Cohen’s 𝜅 = 1.00), and the adjudicated deterministic
labels are used as the final evaluation labels. Secondary-field
agreement was lower and therefore more diagnostically
informative, including 76.7% agreement on correction ad-
equacy and explanation-grounding score. Together, these
results provide external inter-rater consistency evidence for
the scored thirty-case benchmark while still showing that
finer-grained qualitative judgments remain less trivial than
coarse outcome labels.

The benchmark was also designed to expose governance-
specific distinctions such as evidence gaps, policy conflicts,
and admissibility rejections. That design choice is useful
for framework validation because it makes unsafe-allow be-
havior observable, but it also creates a circular-benchmark
risk: a benchmark authored around governance distinctions
can structurally favor a governed architecture. The public-
source-derived benchmark reduces this risk only partially. In
that benchmark, source fields and deficiency patterns come
from public artifacts, but the case packets, journal-entry gold
outcomes, and governance labels remain author-annotated.
The current paper therefore provides stronger evidence for
framework-level outcome differentiation under pinned con-
ditions than for benchmark-level external validity.

5.3 Controlled Evaluation Results
Scope note: the following results constitute a governance-
framework demonstration on a small, controlled benchmark.
They include external dual-rater agreement and frozen deter-
ministic labels for the thirty-case public-source-derived com-
parative benchmark.

The current implementation includes a fixed twenty-
four-case benchmark pack spanning six scenario families,
with four cases per family: positive, correctable-negative,
evidence-gap, policy-conflict, projection-rejection, and re-
play. Direct projection is represented by two pinned baseline
families recorded under fixed model, prompt-hash, and seed
settings: a permissive direct baseline and a more cautious di-
rect baseline that already defers on missing-evidence cases.
The governed path reuses Semantier projection-context and

replay-binding surfaces over the same case packets. Com-
bined with the component attribution summary in Sec-
tion 6.3, the comparison is intended to validate the gov-
erned framework at the system level: whether a pinned gov-
erned pipeline produces different intervention behavior from
pinned direct baselines on the same cases. It is not, by it-
self, a full validation of benchmark external validity. Table 3
therefore foregrounds unsafe-allow counts and intervention
separation, especially in the negative-case families where ex-
ecution control matters most. Because the pack is expert-
authored and synthetic, these numbers should be read as
controlled benchmark evidence for the benchmark pipeline
and label logic, not as a broad estimate of real-world per-
formance. On this fixed benchmark, the cautious baseline
performs better than the permissive baseline on evidence-
gap cases, but not on policy-conflict or projection-rejection
cases, where the governed path yields escalation, block, or
rejection outcomes instead of unsafe allow.
Framework validation versus benchmark validation. In this
paper, framework validation means showing that the gov-
erned path produces different, more restrictive intervention
behavior than direct baselines under pinned conditions.
Benchmark validation would additionally require inde-
pendently adjudicated labels, stronger baseline diversity,
held-out evaluation, and broader external evidence. The cur-
rent results primarily address the former and only partially
address the latter.
Executable public-source-derived slice.

In addition to the synthetic pack, the current implementa-
tion executes a thirty-case public-source-derived benchmark
through the same governed runner and scores it against two
pinned baseline families: a permissive direct baseline and
a more cautious baseline that already defers on evidence-
gap cases. This benchmark contains eight positive cases,
eight correctable-negative cases, seven evidence-gap cases,
and seven policy-conflict cases derived from pinned Zen-
odo, PCAOB, and SEC EDGAR XBRL artifacts. The re-
sulting comparison remains modest in scale, but it provides
a public-source-derived direct-versus-governed measurement
rather than governed-only harness validation.

5.4 Public-Source-Derived Comparative Results
Table 5 reports comparative results on the thirty public-
source-derived cases. The same two baseline families used
in the synthetic pack are pinned for this public-source-
derived benchmark: a permissive direct baseline and a
cautious baseline that already defers on evidence-gap cases.
Across the full thirty-case benchmark, unsafe-allow counts
are 14/30 for the direct baseline, 7/30 for the cautious
baseline, and 0/30 for the governed path; corresponding
booking-correctness counts are 8/30, 15/30, and 30/30.
The scenario breakdown mirrors the synthetic benchmark
pattern: caution helps on evidence-gap cases, but it does
not resolve correctable misclassification or policy-conflict
cases, where the governed path still supplies the clearest
intervention separation. All thirty governed runs completed
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Table 3: Results on the 24-case synthetic benchmark slice.
Counts are shown with rates to emphasize unsafe-allow re-
duction and intervention behavior on a fixed author-labeled
pack.

Metric Direct Cautious Governed
Overall
booking
correctness

8/24
(0.33)

12/24
(0.50)

24/24
(1.00)

Overall
unsafe-allow
rate

12/24
(0.50)

8/24
(0.33)

0/24
(0.00)

Evidence-gap
unsafe allow

4/4 (1.00) 0/4 (0.00) 0/4 (0.00)

Policy-conflict
unsafe allow

4/4 (1.00) 4/4 (1.00) 0/4 (0.00)

Projection-
rejection
unsafe allow

4/4 (1.00) 4/4 (1.00) 0/4 (0.00)

Table 4: Per-scenario results on the synthetic benchmark pack
(booking-correctness count / unsafe-allow count).

Scenario N Dir. Caut. Gov.

Positive 4 4/4 ; 0/4 4/4 ; 0/4 4/4 ; 0/4
Correctable 4 0/4 ; 0/4 0/4 ; 0/4 4/4 ; 0/4
Evidence
gap

4 0/4 ; 4/4 4/4 ; 0/4 4/4 ; 0/4

Policy
conflict

4 0/4 ; 4/4 0/4 ; 4/4 4/4 ; 0/4

Proj.
rejection

4 0/4 ; 4/4 0/4 ; 4/4 4/4 ; 0/4

Replay 4 4/4 ; 0/4 4/4 ; 0/4 4/4 ; 0/4

with replay_binding_status = OK and unique projection
context references. In this benchmark, the public artifacts
contribute the observed invoice fields, filing disclosures, and
PCAOB deficiency patterns, while the REA case packets, JE
gold labels, and governance labels remain author-annotated.
The public-source-derived comparison therefore increases
external inspectability and now includes independent exter-
nal adjudication for the scored thirty-case benchmark.
External human dual-rater adjudication. External human
dual-rater adjudication was applied to all 30 scored cases
using a frozen rubric. The two raters were accounting
students and licensed accountants who were independent
of benchmark construction. Outcome-label agreement was
30/30 (Cohen’s 𝜅 = 1.00). Secondary-field agreement was
lower, including 90.0% for evidence sufficiency, 100.0% for
policy-conflict presence, and 76.7% for both correction ade-
quacy and explanation-grounding score. This result provides
independent inter-rater agreement evidence for the scored
public-source-derived benchmark while also showing that
finer-grained review fields remain more judgment-sensitive
than coarse outcome labels.

A frozen 4-case subset (v2-heldout-2026-05-14) is also
reported separately. On that subset, booking correctness is

Table 5: Comparative results on the 30 public-source-derived
cases (booking-correctness count / unsafe-allow count) for
pinned direct, cautious, and governed runs.

Scenario N Dir. Caut. Gov.

Positive 8 8/8 ; 0/8 8/8 ; 0/8 8/8 ; 0/8
Correctable 8 0/8 ; 0/8 0/8 ; 0/8 8/8 ; 0/8
Evidence
gap

7 0/7 ; 7/7 7/7 ; 0/7 7/7 ; 0/7

Policy
conflict

7 0/7 ; 7/7 0/7 ; 7/7 7/7 ; 0/7

Total 30 8/30 ;
14/30

15/30 ;
7/30

30/30 ;
0/30

1/4 (direct), 2/4 (cautious), and 4/4 (governed), while un-
safe allows are 2/4, 1/4, and 0/4. Because these cases are
part of the scored 30-case inventory, we report them as a
traceable sensitivity slice rather than as out-of-sample evi-
dence.

6 Failure Modes and Discussion
6.1 Failure-to-Control Mapping
Four recurrent failure classes motivate governance controls:
(1) plausible-but-underjustified bookings that lack required
evidence lineage, (2) numerically balanced but semantically
wrong bookings, (3) unstable context that breaks replay con-
sistency, and (4) long-horizon drift that surfaces delayed in-
consistencies. In each case, direct baselines tend to allow
execution, while the governed path applies evidence gates,
policy checks, and replay binding to escalate, correct, block,
or reject as needed. Residual limitations remain in ambigu-
ous evidence and dynamically shifting policy context [2, 12,
16, 18, 20].

6.2 Limits of the Approach
The current 54-case benchmark should be read as controlled
framework evidence rather than statistical generalization.
The public-source-derived benchmark improves artifact
realism, but the case packets, journal-entry gold outcomes,
and governance labels remain author-annotated, so some
circularity risk remains even after external adjudication.
The direct and cautious baselines are also intentionally nar-
row comparator families rather than an exhaustive baseline
suite, which means the current comparison is strongest as a
controlled intervention study and weaker as a claim about
frontier-model performance in general. Governed interven-
tion also introduces review and operational overhead that
may be unacceptable in some environments. In addition,
replayable accountability does not eliminate the need for
human policy design; governance quality still depends on
policy quality. Although the protocol is designed to support
lifecycle regression monitoring across model, prompt, or pol-
icy changes, that use mode is not empirically validated in
this submission; the evidence here is limited to frozen bench-
mark slices under pinned conditions. Future deployment
work should expand the benchmark with real workflow
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Table 6: Component attribution: governance gates, source
modules, intercepted scenario type, and target unsafe-allow
class.

G Gate function Intercepts Target class

1 Structural REA
validation
(conservation,
resources)

Malformed
projections

AWC

2 Tiered evidence
artifact gate
(missing governance
artifacts)

Evidence gap ESC

3 Policy & resolution
gate (precedence
graph, active policy
bundle)

Policy conflict,
inadmissible
projection

BLK, FPRR

4 Replay binding
verification (artifact
version pins)

Decision-basis
drift

Replay

data collected only under explicit customer consent and
governance controls. Overall, the failure modes show why
plausibility alone is insufficient, while the proposed controls
are intended to improve execution discipline within clear
limits of scope, cost, and universality.

The transferable unit is the admissibility gate, not the ac-
counting chart of accounts: other regulated workflows would
require different authority models and stronger human
adjudication, so the REA results should not be treated as
cross-domain proof. A narrower next domain is commercial
contract review and approval, where clauses, obligations,
counterparty terms, approval thresholds, and exception poli-
cies can be structured through data-engineering pipelines
and GraphRAG-style construction. The implementation
is model-facing rather than model-internal, but the re-
ported experiment uses one pinned model family to isolate
the governance layer; cross-model tests, including smaller
open-weight models, and comparisons with guardrail or
workflow-control frameworks remain necessary before mak-
ing model-agnostic robustness claims.

6.3 Component Attribution and Ablation Scope
The governed pipeline is composed of four independently im-
plemented gates, each grounded in a distinct runtime mod-
ule. Gate 1 (validation service: structural REA checks) en-
forces conservation, minimum resource count, and currency
consistency. Gate 2 (validation service: tiered evidence ar-
tifact gate) rejects projection when required governance ar-
tifacts are absent, which maps to ESC outcomes. Gate 3
(resolution and policy-store services) applies a precedence
graph and resolution rules against the active policy bundle,
which maps to BLK and FPRR outcomes. Gate 4 (replay-
binding store) pins artifact versions and verifies structural
reproducibility across runs, which maps to replay-case sta-
bility.

Table 6 maps each gate to its target scenario type. The
mapping is deterministic with respect to the label defini-
tions in Section 4: evidence-gap cases fail at Gate 2 be-
cause required tiered artifacts are absent; policy-conflict and
projection-rejection cases fail at Gate 3 because the active

policy bundle disallows the proposed action; replay cases
are verified at Gate 4. A hold-out ablation study—disabling
gates in sequence and measuring the resulting change in
unsafe-allow rate per scenario type—is architecturally fea-
sible from this implementation and is a planned next step.
The current results attribute outcome differentiation to the
governed path as a whole; per-gate contribution remains an
open empirical task.

6.4 Operational Cost and Deployment Trade-offs
The architecture trades throughput for control. Justification-
gated execution can reduce unsafe allows, but it also adds la-
tency through evidence checks, policy resolution, correction
attempts, and escalation handling. The practical deployment
target is not machine-speed execution alone, but improve-
ment over existing human-gated workplace approval work-
flows while preserving auditability. In deployment terms, the
main costs are fourfold. First, more cases are routed to hu-
man review, especially when evidence is incomplete or policy
prerequisites are missing. Second, replayable accountability
requires storage of pinned decision-basis artifacts, includ-
ing evidence references, policy identifiers, and replay bind-
ings. Third, governance can reduce raw automation yield
because some superficially plausible actions are intention-
ally not allowed to execute. Fourth, policy maintenance be-
comes an ongoing operational responsibility rather than a
one-time prompt-engineering task. These costs are accept-
able only where execution mistakes are expensive enough
that unsafe-allow reduction, auditability, and intervention
discipline matter more than maximum straight-through pro-
cessing. The current paper does not report deployment-grade
latency or compute measurements; future runs should re-
port per-gate latency, replay-artifact storage, human-review
queue cost, and end-to-end comparison against human-gated
baselines.

6.5 Validation Roadmap
The next validation steps are operational rather than con-
ceptual. External dual-rater adjudication and pinned com-
parative scoring have now been completed for the thirty-
case public-source-derived benchmark, and the frozen four-
case subset remains available for separate sensitivity report-
ing. The main next priorities are expanding the benchmark
beyond the current 54 cases with consented real workflow
data, strengthening baseline sets with additional proprietary
and open-weight models, releasing adjudication sheets and
frozen manifests, preserving benchmark-construction logs,
adding broader third-party benchmark coverage, running ex-
plicit gate ablations, measuring deployment overhead, and
conducting version-to-version regression studies. A scoped
domain-transfer track will begin with commercial contract
review and approval workflows rather than broad legal rea-
soning. These steps are intended to let reviewers better audit
the boundary between public artifacts and author annota-
tions and the sensitivity of admissibility decisions to model
or policy evolution.
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7 Conclusion
This paper addresses the challenge of semantic governance
in agentic execution by separating plausibility from admis-
sibility. By defining core objects, control boundaries, and
execution rules, it presents a governance architecture for de-
ciding when agent-proposed actions are sufficiently justified,
aligned, and replayable to execute.

The benchmark scenarios make visible how semantic
governance can intercept failure modes, escalate unresolved
cases, and require replayable accountability. The REA in-
stantiation is useful here not because accounting is the only
target domain, but because it exposes ambiguity, policy
conflict, and audit requirements in a compact stress test.
On the reported slices, the governed path eliminates unsafe
allows observed in the direct baselines under the pinned
configurations used here, especially in evidence-gap, policy-
conflict, and projection-rejection settings where execution
control matters most. More generally, the paper reframes
agent evaluation from a pure generation question into a gov-
erned decision question with explicit intervention states and
replayable justification. In that sense, Semantier governs the
execution of agent-proposed semantic actions rather than
the low-level execution of ordinary program instructions.

The current results support framework-level feasibility
and bounded outcome differentiation on the reported bench-
mark slices, not definitive benchmark validation or univer-
sal superiority. The strongest claim supported here is that,
on pinned benchmark slices with frozen artifacts and labels,
governed intervention can produce materially different exe-
cution decisions from direct projection baselines. Strength-
ening baseline coverage beyond the current direct and cau-
tious families, quantifying governance overhead, and extend-
ing evaluation to broader third-party evidence sources re-
main the most important next steps.

Data Availability
The benchmark definitions, case packets, pinned baseline ar-
tifacts, source manifests, adjudication materials, and regres-
sion tests are available in the Semantier runtime repository
under the paper and benchmark artifacts prepared for this
submission. A persistent public archive will be released after
the camera-ready process.
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