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ABSTRACT

This paper formulates Recursive Information Admissibility (RIA), a traceable constraint
architecture for multivariate information validation, fault localization, and loss-aware
dimensional reduction. Prior mechanical evidence is extended with a controlled four-task
information benchmark and an independent public-data novelty study. In the controlled suite,
RIA reduced macro false admission to 35.08%, outperforming LOF at 42.75%. Across 17
public novelty tasks and 306 evaluations, however, generic RIA did not lead: false admission
was 78.61% versus 73.61% for Isolation Forest, while LOF achieved higher ROC-AUC. The
combined result narrows the supported claim: RIA is promising when domain relationships and
invariants are explicitly known, but is not demonstrated as a universally superior anomaly
detector.
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1. INTRODUCTION

Information science increasingly confronts a problem deeper than the acquisition, storage,
transmission, retrieval, or statistical processing of data. Modern computational systems must
determine whether information should be permitted to propagate through the system at all.

Artificial-intelligence systems, autonomous decision architectures, digital twins, scientific-
computing platforms, knowledge graphs, sensor networks, databases, and distributed
information infrastructures combine information originating from multiple variables, sources,
times, representational levels, and models. A datum may be individually valid while being
incompatible with surrounding information. Two records may each satisfy local constraints
while being mutually contradictory. Consecutive states may each be permissible while the
transition between them is impossible. A set of apparently valid observations may collectively
violate a system-level invariant.

The distinction is therefore between data validity and information admissibility.
QAcCcQlI

Let the complete candidate information space be Q_I and let Q_A denote the admissible subset.
For a candidate information state I_t € Q_I, define the admissibility mapping

A:Q - {01}
ALD=1iflte QA; ALD=0ifLte QA.

The central information-science question addressed here is not merely whether each datum is
individually valid, but whether the complete information state satisfies the coupled conditions
required for admission into the next computational state.

The architecture originates in the SEXA recursive-admissibility framework. Earlier
computational work emphasized deterministic execution, observable intermediate states, explicit
failure conditions, dimensional reduction, computational correspondence, and structured
validation [1]-[4]. The VLSIE conference formulation organized the framework into validation
layers including recursive functional consistency, dimensional and unit consistency,
computational correspondence, reduction-recovery, and explicit falsifiability [2].

The framework was subsequently instantiated in a controlled aerospace/mechanical digital-twin
benchmark. Ten state variables were evaluated against independently defined ground truth
through six sequential I'-admissibility stages. For every benchmark trial, the nominal state,
injected disturbance, expected classification, and I' output were known, allowing direct
measurement of true admissions, true rejections, false admissions, and false rejections.

The present paper performs the next conceptual transformation: from mechanical-state
admissibility to information-state admissibility. The mechanical benchmark is not treated as
proof of identical performance in arbitrary information domains. Instead, it is used as an
executed computational demonstration of the narrower proposition that individually permissible
values may nevertheless form an inadmissible collective state.

The primary research question is: Can an ordered recursive-admissibility architecture provide a
deterministic information-validation layer in which candidate information is admitted only after
surviving acquisition, transition, relational, invariant, persistence, and terminal constraints?

2. BACKGROUND AND COMPUTATIONAL FOUNDATION

2.1. Recursive Admissibility

Recursive admissibility is treated here as an ordered constraint architecture acting before final
evaluation. The prior VLSIE work sought to transform recursive mathematical structures into



deterministic operations with identifiable intermediate states [2]. The computational principle
relevant to information science is representation — constraint evaluation — admissible
representation rather than representation — unconditional propagation.

2.2. Hardware-Verifiable Computation

Hardware-verifiable does not mean that the present information architecture has already been
fabricated as specialized hardware. It denotes computational properties required for eventual
deterministic implementation: identical inputs should produce identical outputs, intermediate
states should remain observable, failure conditions should be explicitly identifiable, recursive
evaluation should remain bounded, and state transformations should be reproducible [2].

2.3. From Mechanical States to Information States

The mechanical implementation evaluated ten variables describing a coupled state. Its
motivating problem was that individually permissible measurements could collectively violate
dynamical, structural, energetic, temporal, or operational relationships. The same mathematical
distinction occurs in information systems.

Lt=[x,t, X,,t, ..., X_D,t]AT

Each x_j may represent a sensor value, database attribute, semantic assertion, feature, state
variable, model output, retrieved fact, symbolic proposition, or another computational quantity.
An information architecture must distinguish the wvalidity of x_j individually from the
admissibility of I_t collectively.

3. SCALAR VALIDITY VERSUS INFORMATION ADMISSIBILITY

3.1. Independent Validation

Suppose each information variable has an independently acceptable domain D_j. A
conventional independent validator may define b_j(I_t)=1 when x_j,t € D_j and zero
otherwise.

B(I_t) = [_{j=1}Mn} b_j(I_v)

B(I_t)=1 establishes membership in the Cartesian product D, x D, x ... x D_n. It does not
establish membership in the admissible subset Q_A. In general,

QA cD,xD,x...xD_n.

Component validity is therefore necessary in many systems but is not sufficient for collective
admissibility.

3.2. Hidden Inconsistency

Consider two individually valid quantities x; and x, with required relationship x,=f(x;). Both
may satisfy their local domains while [x,—f(x;)|>6. A scalar validator admits the pair; a
relational validator rejects it. This distinction becomes more consequential as dimensionality
and heterogeneity increase.

3.3. Experimental Motivation

The existing held-out benchmark provides a direct computational example. Its independent
scalar-threshold baseline accepted every nominal state but detected only 14.45% of faulted
states. The T" architecture achieved 95.70% fault sensitivity. False admission fell from 85.55%
to 4.30%. These results do not prove identical performance in arbitrary information domains;
they demonstrate the computational value of evaluating relationships that independent limits
discard.



4. RECURSIVE INFORMATION ADMISSIBILITY

4.1. Ordered State Evaluation

Let the candidate information state entering the architecture be I_tA(0)=I_t. Define the ordered
chain

IF'=ysevsovieVsoVYy©VYr

For the implemented classifier interpretation each stage returns a_i(I_t) € {0,1}. The complete
information-admissibility decision is

ALY = [I_{i=1}A{6} a_i(L_).

A state is admitted only when all six mandatory conditions survive. If any required stage returns
zero, the state is rejected for that evaluation cycle.

4.2. Ordering Boundary

The existing benchmark establishes staged evaluation, early rejection, and first-failure
localization. Because the final Boolean conjunction of independently evaluated predicates is
commutative, it does not by itself establish noncommutativity of stronger state-transforming I"
operators. A stronger test would require states for which y_j(y_i(I)) # y_i(y_j(D)).

Candidate Information State

l

1 2 Y3 4 Y5 Y6
Acquisition | = [ Transition | = | Relational | —» Invariant | = | Recursive | —» Terminal
Integrity Consistency Consistency Consistency Persistence Admissibility

Admit only if all six mandatory constraint classes survive; retain earliest failure stage on rejection.

Figure 1. Six-stage Recursive Information Admissibility architecture and explicit first-failure
path.

5. SIX INFORMATION-ADMISSIBILITY STAGES

5.1.y, - Acquisition Integrity

The first stage determines whether the candidate state contains the information necessary for
evaluation. For variable x_j with admissible acquisition domain D_j,

a(ILy=TJj&jt D).

Failures may include missing values, corrupted input, invalid encoding, impossible
representation, unavailable required fields, or out-of-domain observations. The governing
question is whether the information is validly acquired and representable.

5.2.y, - Transition Consistency



A valid state may follow an invalid transition. Define Ax_j,t=x_j,t—x_j,t—1 and v_j,t=Ax_j,t/At.
For maximum admissible transition rate r_j~Amax,

a,(I_t) = TLj 1(v_j,t| < r_jAmax).

The interpretation extends to sequence ordering, timestamps, event causality, state-machine
transitions, database histories, and other temporal relationships. In the existing benchmark,
transition corruption was detected at 100% by I' and 0% by the scalar baseline.

5.3. y; - Coupled Relational Consistency

Let r_k(I_t) denote a required relationship among components. For tolerance §_k, admissibility
requires |r_k(I_t)|<6_k. Across m coupled relationships,

a,(I_t) = [[_{k=1}A{m} L(jr_k(I_9)| < 8_k).

For information science, r_k may encode semantic relationships, cross-field dependencies,
database integrity constraints, knowledge-graph relations, sensor-fusion equations, model
residuals, logical compatibility, cross-source agreement, or other domain-specific structural
rules. In the held-out benchmark y, accounted for 416,088 first rejections, making coupled
consistency the dominant first-failure stage.

5.4. Yy, - Model or Invariant Consistency

Let h_k(I_t) be a quantity expected to satisfy reference value h_k*. Define e_k=h_k(I_t)—h_k*.
Then

a,(I_t) = TI_k 1(le_k| < n_k).

An invariant may be a schema rule, logical identity, normalization requirement, ontology
restriction, accounting identity, algorithmic invariant, physical relation, or another model-level
constraint.

5.5. y; - Recursive Persistence

Some inconsistencies become meaningful only when accumulated over time. Let
W_t=(I_t-L+1,...,I_t). For residual r_k define P_t=(1/L)Z|r_k|. The persistence condition is

as(I_t) = 1(P_t < P_max).

This stage distinguishes isolated excursions from persistent drift or accumulating inconsistency.
In the existing benchmark progressive thermal drift achieved 81.42% detection rather than
100%, preserving a measurable weakness for future optimization.

5.6. Y¢ - Terminal Admissibility

The final stage determines whether information surviving all preceding constraints is permitted
to enter the target operational domain. Let S={S,,...,S_p} represent terminal constraints. Then

as(I_t) = [I_{j=13M{p} L(S_jd_p=1).

Terminal constraints may represent application-specific safety, authorization, mission, policy,
execution, or downstream operating conditions.

6. FIRST-FAILURE LOCALIZATION

A binary validator returns only acceptance or rejection. RIA additionally records where
rejection first occurred. For a rejected information state define

k_fail = min{i : a_i(I_t)=0}.



The diagnostic output is Y_t=(A(I_t),k_fail). For an admissible state k_fail=0. The architecture
therefore distinguishes acquisition, transition, relational, invariant, persistence, and terminal

failures. Rejection becomes an observable computational event rather than an opaque terminal
label.

This is not equivalent to a complete causal or natural-language explanation of an Al decision. It
is a deterministic diagnostic trace identifying the earliest violated implemented constraint class.

7. INFORMATION COMPRESSION AND RECONSTRUCTION

7.1. Compression Problem

The wider SEXA architecture distinguishes a higher-dimensional structural representation from
a bounded operational representation. For the present information-science formulation, the
general compression problem is written independently of the physical interpretation.

[Lte RMny, C:RM - RMm, m<n, Z_t=C{_t).
R:RAm - RAn, T_t=R(Z_t).
I[t-C-Zt-R-lt
7.2. No-Hidden-State Requirement

A reconstruction claim is meaningful only if the original state is not secretly retained. Let ®_R
denote information legitimately available to reconstruction. Then I_t=R(Z_t,0_R). A valid
reconstruction audit prohibits direct access to I_t, undeclared lossless encoding of I_t, test-set
fitting after evaluation begins, or an external identifier that simply retrieves I_t. Any such
pathway invalidates the reconstruction claim.

7.3. Reconstruction Error

For reconstructed variable j define normalized error e_j,t=(i_j,t—x_j,t)/s_j, where s_j is the
normalization scale. The instantaneous normalized error is

E_R(t) = V[(1/n) Z_j e_j,t2].
Across N states,
NRMSE_R = V[(1/Nn) _t Z_j e_j,t2].

Perfect reconstruction would require NRMSE_R=0. The architecture does not assume this
result; the observed value must be reported.

7.4. Evidentiary Boundary

The executed mechanical experiment addresses a bounded 10D 5D - 10D engineering
problem. It does not simulate 2,880 independent mechanical sensor variables and therefore
cannot be treated as experimental proof of universal 2880D - 5D — 2880D reconstruction. The
information-science formulation preserves this distinction.
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Evidence is inherited only within its demonstrated scope; the ISTECH contribution is the information-science reformulation.

Figure 2. Evidentiary progression from foundational architecture to the present information-
science reformulation.

8. EXPERIMENTAL EVIDENCE

8.1. Existing Held-Out Benchmark

The current empirical evidence comes from the controlled mechanical digital-twin
implementation rather than a newly fabricated information-domain experiment. The final held-
out evaluation used ten nominal trajectories and ten fault classes across four severity levels and
ten held-out seeds. Each trajectory contained 3,000 discrete states, producing 410 trajectories
and 1,230,000 held-out state evaluations. Calibration seeds 100-119 and test seeds 200-209
were disjoint.

Parameters were established from separate nominal calibration trajectories and frozen before
final evaluation. No threshold was retuned after observing the held-out results. The fault
generator was computationally separated from the mechanism attempting to detect the fault.

8.2. Ground Truth

For every trial the original nominal state, injected disturbance, expected classification, and
produced I' classification were known. A disagreement was counted as an error rather than
reinterpreted after the fact. This yields a general methodological requirement for future RIA
experiments: whenever the domain permits it, ground truth should be defined independently of
the classifier.

9. CLASSIFICATION RESULTS

The T' architecture produced N_TA=587,597 true admissions, N_TR=612,492 true rejections,
N_FA=27,508 false admissions, and N_FR=2,403 false rejections. The resulting performance is
shown in Table 1.

Metric I" Recursive Admissibility Independent Scalar Baseline
Classification accuracy 97.57% 55.48%
Balanced accuracy 97.65% 57.22%
Fault sensitivity 95.70% 14.45%
Nominal acceptance 99.59% 100.00%
False-admission rate 4.30% 85.55%




False-rejection rate

0.41%

0.00%

Table 1. Held-out classification comparison.

The relative reduction in false admission is

(85.55 — 4.30) / 85.55 x 100 =~ 94.97%.

The importance of this result is structural rather than merely numerical. The scalar baseline does
not evaluate coupled-state residuals, transition consistency, persistence, model invariants, or
terminal relationships. The recursive architecture evaluates those additional relationships.
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Figure 3. Held-out comparison between I' recursive admissibility and independent scalar

thresholding.

10. FAULT-CLASS ANALYSIS

Fault Class I" Detection Scalar Baseline
Acquisition corruption 100.00% 75.00%
Transition corruption 100.00% 0.00%
Vibration inconsistency 75.60% 0.00%
Stress-strain inconsistency 100.00% 0.00%
Energetic inconsistency 100.00% 20.53%
Pressure inconsistency 100.00% 0.00%
Progressive thermal drift 81.42% 0.00%
Rotational overspeed 100.00% 20.08%
Excessive stress 100.00% 25.00%
Compound fault 100.00% 3.86%

Table 2. Fault-class-specific held-out detection performance.




Eight of ten modeled fault classes achieved 100% I" detection. The two incomplete classes were
vibration inconsistency at 75.60% and progressive thermal drift at 81.42%. These values are
retained as limitations rather than removed through post-hoc adjustment.
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Figure 4. Fault-class detection by I architecture and scalar baseline.

11. FIRST-FAILURE RESULTS

Across the complete held-out population, first-stage rejection counts were y,=16,000,

Y,=64,746, y,=416,088, y,=116,059, y;=2,002, and y,=0. The dominant first-failure stage was
therefore y, coupled consistency.

This result is especially relevant to the information-science interpretation. The largest rejection
population occurred where relationships among simultaneously represented variables were
evaluated rather than where isolated scalar bounds were applied.

This motivates a directly testable hypothesis for future information-domain work: the largest
benefit of RIA should occur where individually plausible information becomes contradictory
only under relational, temporal, or model-level evaluation.
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Figure 5. First-failure localization counts across the held-out benchmark.

12. DETERMINISTIC REPLAY

Reproducibility is a central requirement of the architecture. An identical held-out trajectory was
executed twice without changing the initial state, input sequence, model parameters, or frozen I
thresholds. The complete binary admissibility output and first-failure sequence were identical
between repetitions for every evaluated state.

D R=1
when AND)(I_t)=AN2)(I_t) and k_failA(1)(I_t)=k_failr(2)(I_t) for every t. The executed

benchmark therefore satisfied D_R=1. Deterministic replay establishes reproducibility, not
correctness; a deterministic system can reproduce an incorrect decision.

13. APPLICATION TO AI SYSTEMS

RIA suggests a supervisory architecture positioned between candidate information generation
and downstream execution. Let an Al system generate candidate state I_tAAI. Rather than
propagating the state unconditionally, the proposed architecture inserts

I_t7AAI - T_RIA - {ADMIT, REJECT}.

This does not replace statistical learning. It provides an additional deterministic constraint layer.
y; can verify required input and representation, y, can test sequential consistency, y, can test
mutual compatibility of asserted facts or variables, y, can enforce domain invariants, y; can test
persistence across a retained history, and y, can apply downstream operational requirements.

The prior VLSIE work identified Al as a potential future domain while explicitly stating that
measurable advantage remained an open engineering question. The present paper retains that
evidentiary boundary: RIA is a testable supervisory architecture for Al, not a demonstrated
universal solution to Al reliability.

14. APPLICATION TO KNOWLEDGE REPRESENTATION

Knowledge systems frequently contain information whose admissibility depends on
relationships rather than isolated assertions. Let K={p,,p,,...,p_n} be a candidate knowledge



state. A conventional system may verify whether each p_i has a permissible representation. RIA
asks the stronger question of whether K survives all required relational constraints.

A(K)=1 only if every mandatory r_j(K)=1.

The architecture can therefore distinguish valid syntax from valid acquisition, valid propositions
from mutually consistent propositions, locally consistent facts from globally invariant
knowledge, and temporary consistency from recursively persistent consistency. Knowledge
graphs, multi-source scientific databases, symbolic reasoning systems, and retrieval-augmented
architectures are direct candidates for future testing. No benchmark on those domains is
reported here.

15. INFORMATION PROVENANCE AND TRACEABILITY

Information validation is weakened when the path leading to a decision cannot be reconstructed.

RIA associates each state with a trace
T_t = {1_t(0), a;, I_tA(1), a,, ..., a5, I_tA(6)}.

For rejected states, evaluation may terminate at k_fail while retaining the preceding trace. The
candidate information, terminal decision, and computational pathway therefore remain distinct
objects. In a deployed information system this trace may serve as an audit record supporting
debugging, review, or formal verification.

16. FALSIFICATION CONDITIONS

RIA is intended to fail explicitly rather than remain indefinitely adjustable. The following
conditions constitute direct failure criteria for an implementation:

F1 - Acquisition failure: malformed or missing information systematically survives y,, or valid
information is systematically rejected.

F2 - Transition failure: temporally or sequentially impossible states cannot be distinguished
from admissible transitions.

F3 - Relational failure: states violating independently known coupled relationships are admitted
at unacceptable rates.

F4 - Invariant failure: required model or domain invariants are violated without rejection.

F5 - Persistence failure: persistent anomalies remain indistinguishable from admissible transient
variation.

F6 - Terminal failure: information violating mandatory operational constraints reaches the
admitted state.

F7 - Replay failure: identical inputs and frozen parameters produce different decisions.

F8 - Trace failure: the system cannot identify the earliest implemented constraint stage
responsible for rejection.

F9 - Reconstruction leakage: reconstruction depends on hidden retention or retrieval of the
original information.

F10 - Generalization failure: performance claimed for a new domain does not reproduce under
independently defined ground truth.

17. LIMITATIONS



The evidentiary domain is now three-part: the earlier synthetic mechanical digital-twin
benchmark, the controlled native information-state benchmark suite, and the new independent
public-data novelty benchmark. The public-data result is deliberately retained despite being
unfavorable to the strongest interpretation. It shows that generic RIA does not outperform
established unsupervised novelty detectors in aggregate when domain-specific admissibility
relationships are absent. This sharply narrows the supported claim and identifies domain-
constraint specification as a necessary research variable rather than an optional implementation
detail.

The comparison baseline is intentionally simple. Independent scalar thresholding directly tests
whether coupled constraints contain information unavailable to isolated limits, but it does not
establish superiority over contemporary machine-learning, probabilistic, observer-based, graph-
based, model-based, or anomaly-detection methods.

The benchmark contains residual errors: 27,508 false admissions and 2,403 false rejections.
Vibration inconsistency achieved 75.60% detection and progressive thermal drift 81.42%.
Deterministic replay demonstrates reproducibility rather than truth. First-failure localization
identifies the earliest violated implemented condition, not necessarily the ultimate physical or
semantic cause.

The current Boolean classifier does not establish the stronger theoretical claim of T’
noncommutativity. Dimensional reconstruction is also bounded by the implemented experiment:
the classification results cannot establish universal 10D — 5D - 10D reconstruction, much less
physical verification of a 2880-dimensional manifold.

Finally, computational success does not establish every physical interpretation associated with
the wider SEXA corpus. The present contribution isolates recursive admissibility as a
computational mechanism and keeps that mechanism distinct from unresolved physical claims.

18. NATIVE INFORMATION-SCIENCE BENCHMARK SUITE

To test the information-science hypothesis directly, a second benchmark suite was constructed
independently of the mechanical digital-twin experiment. The suite contains four held-out
information-state tasks: relational contradictions, invariant violations, temporal/persistence
violations, and compound anomalies. Each task contains 6,000 nominal and 6,000 anomalous
records. Nominal training (15,000 records) and calibration (5,000 records) were generated
separately from all held-out evaluation records. Thresholds were frozen from nominal
calibration data before any benchmark labels were evaluated.

Candidate records contained six mutually dependent attributes. The anomaly generator was
intentionally designed so that many corrupted records remained inside ordinary marginal ranges
while violating cross-field relationships, algebraic invariants, or temporal continuity. RIA
therefore evaluated acquisition/range constraints together with calibrated relational residuals
and, for the temporal task, a frozen transition gate. No anomaly labels were used to fit the RIA
thresholds.

Three established one-class anomaly-detection methods were used as stronger baselines:
Isolation Forest [12], One-Class SVM [13], and Local Outlier Factor [14]. Each baseline was
trained only on the nominal training set. Its decision threshold was then frozen at the 99.5th
percentile of its anomaly score on the nominal calibration set. This design prevents label-driven
threshold tuning and makes false admission the primary stress-test metric.

Across the four benchmarks, RIA produced the lowest macro-average false-admission rate:
35.08%, compared with 42.75% for Local Outlier Factor, 56.00% for One-Class SVM, and
99.62% for Isolation Forest. RIA also produced the highest macro-average anomaly sensitivity
at 64.92%. The strongest result occurred in the compound benchmark, where RIA reached



79.67% sensitivity with 20.33% false admission. The weakest RIA result occurred in the
temporal benchmark, where false admission remained 71.22%; this is an explicit failure mode
and indicates that the present temporal gate is substantially less mature than the relational and
compound stages.

Relative to the strongest baseline by macro-average false admission, Local Outlier Factor, RIA
reduced false admission by approximately 17.94%: (42.75 - 35.08) / 42.75 x 100. This is
smaller than the 94.97% reduction observed against scalar thresholding in the mechanical
benchmark, which is expected because the present comparison uses substantially stronger
nonlinear anomaly-detection baselines.

These results support a narrower claim than universal superiority: when anomalies are encoded
primarily in relations among otherwise plausible attributes, an explicit admissibility architecture
can improve false-admission control. The benchmark is synthetic and generated within this
study; it is not an independent public-dataset validation. Reproduction on external datasets and
comparison with additional deep and graph-based detectors remain necessary.



Table 3. False-admission rate across native information-science benchmarks (lower is better).

Benchmark RIA Isolation Forest One-Class SVM LOF
Relational 23.20% 99.52% 47.80% 31.55%
Invariant 25.55% 99.98% 61.08% 36.95%
Temporal 71.22% 99.33% 76.28% 75.37%
Compound 20.33% 99.63% 38.83% 27.13%
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Figure 6. False-admission rate across four held-out information benchmarks.

Table 4. Macro-average performance across the four native information benchmarks.

Method Accuracy Sensitivity Nominal acceptance False admission
RIA 81.06% 64.92% 97.20% 35.08%
Local Outlier Factor 78.43% 57.25% 99.62% 42.75%
One-Class SVM 71.81% 44.00% 99.62% 56.00%
Isolation Forest 49.91% 0.38% 99.44% 99.62%

Local Outlier Factor
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Figure 7. Macro-average sensitivity versus false admission for RTA and three one-class
baselines.

19. INDEPENDENT PUBLIC-DATA NOVELTY BENCHMARKS

To remove control over the data-generating process, RIA was next evaluated on independently
sourced public datasets distributed with scikit-learn. Four source datasets were converted into
17 one-class novelty tasks: malignant breast-cancer detection, three wine-class novelty tasks,
three Iris-class novelty tasks, and ten handwritten-digit novelty tasks. The underlying
observations were not generated by SEXA or by the present benchmark code. Each task was
repeated across three deterministic splits.

For each split, only nominal-class records were used for training and calibration. Sixty percent
of nominal observations formed the training set, 20% formed a separate calibration set, and 20%
were reserved for testing. Anomaly-class observations were held out from fitting. Decision
thresholds were frozen at the 99.5th percentile of the nominal calibration score. This produced
17 tasks x 3 splits x 6 methods = 306 held-out evaluations.

A generic RIA implementation was required because these public datasets do not carry domain-
specific SEXA constraints. The implementation therefore used three admissibility layers:
marginal acquisition bounds, cross-feature relational residuals learned by ridge regression from
nominal data, and a PCA reconstruction/invariant layer. The terminal decision used the
maximum normalized violation score. This generic mapping is deliberately weaker than a
domain-engineered RIA specification and should not be confused with a fully specified domain
ontology.

Five unsupervised novelty-detection baselines were evaluated under the same
train/calibration/test partition: Isolation Forest, One-Class SVM, Local Outlier Factor, PCA
reconstruction error, and k-nearest-neighbor distance. In addition to thresholded false admission
and sensitivity, continuous anomaly scores were evaluated by ROC-AUC and area under the
precision-recall curve (AUPRC).

The public-data result did not reproduce the controlled synthetic advantage. RIA's macro-
average false-admission rate was 78.61%, compared with 73.61% for Isolation Forest, 76.84%
for One-Class SVM, 77.44% for kNN distance, 78.62% for LOF, and 85.02% for PCA



reconstruction. RIA therefore did not win the aggregate false-admission benchmark. Isolation
Forest was best on that metric.

Ranking metrics produced an even clearer limitation. RIA achieved 80.91% macro ROC-AUC
and 69.89% macro AUPRC. LOF reached 90.88% ROC-AUC and 80.82% AUPRC, while kNN
distance reached 90.87% ROC-AUC and 78.26% AUPRC. Across the 17 task means, RIA won
only one task on false admission and none on ROC-AUC; Isolation Forest won nine false-
admission tasks, while LOF won nine ROC-AUC tasks.

This result is a direct falsification of any claim that the present generic RIA implementation is
already a universally superior anomaly detector. The controlled information benchmarks
demonstrated an advantage when anomalies were explicitly relational, invariant, or compound.
The independent public tasks show that the same advantage does not automatically transfer to
generic novelty detection when no domain-specific admissibility relations are supplied. The
interpretation is therefore architectural rather than universal: RIA appears most useful when
meaningful admissibility constraints are known and can be encoded; generic unsupervised
detectors remain stronger when such constraints are absent.

Table 5. Macro-average results across 17 public novelty tasks and three deterministic splits.

Method ROC-AUC AUPRC Sensitivity False admission Balanced acc.
Isolation Forest 82.40% 71.81% 26.39% 73.61% 61.94%
One-Class SVM 78.84% 69.85% 23.16% 76.84% 61.04%
kNN Distance 90.87% 78.26% 22.56% 77.44% 60.49%
RIA 80.91% 69.89% 21.39% 78.61% 59.90%
LOF 90.88% 80.82% 21.38% 78.62% 59.98%
PCA Reconstruction 78.25% 70.28% 14.98% 85.02% 56.83%
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Figure 8. Macro-average false-admission rate on independent public novelty tasks.
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Figure 9. Macro-average ROC-AUC and AUPRC on independent public novelty tasks.
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Figure 10. Number of public-task wins by false admission and ROC-AUC.
20. DISCUSSION

The central proposition of this paper is simple: information should not necessarily be admitted
merely because its individual components are valid. A more demanding architecture asks
whether the information survives a hierarchy of coupled constraints.

The executed evidence now separates three regimes. The mechanical benchmark strongly
favored recursive admissibility over independent scalar thresholding. The controlled native
information suite also favored RIA on false admission against three stronger one-class
baselines. The independent public novelty suite did not: Isolation Forest achieved lower macro
false admission, while LOF and kNN produced substantially higher ranking AUC. The




combined evidence therefore does not support universal anomaly-detection superiority. Instead,
it supports a narrower hypothesis: explicit admissibility constraints may be advantageous when
anomalies are primarily relational or rule-violating, whereas generic novelty structure is better
handled by established unsupervised detectors.

For information science, the potential value of RIA is therefore unlikely to lie in replacing
ordinary validation where ordinary validation is sufficient. Its potential value lies in the
relationships between variables, between sequential states, between representational layers, and
across time.

This interpretation also provides a bounded computational meaning for recursive admissibility:
candidate information — ordered constraint survival — admissible information. That operation
can be implemented and falsified independently of whether every broader theoretical
interpretation of SEXA survives future physical scrutiny.

21. CONCLUSION

This paper introduced Recursive Information Admissibility (RIA), a deterministic information-
validation architecture derived from the SEXA TI'-admissibility framework. The architecture
begins from the proposition that individual data validity and collective information admissibility
are different computational questions.

A candidate state is evaluated through acquisition integrity, transition consistency, coupled
relational consistency, model/invariant consistency, recursive persistence, and terminal
admissibility. A state is admitted only when every mandatory constraint survives. Rejection
preserves the earliest failed stage, converting a terminal decision into a traceable diagnostic
event.

The computational evidence now consists of three bounded experimental layers. The earlier
mechanical benchmark contained 1,230,000 state evaluations and produced 97.57% accuracy
with 4.30% false admission. The controlled native information suite favored RTA with 35.08%
macro false admission versus 42.75% for LOF. However, the independent public-data suite
reversed that conclusion: RIA produced 78.61% macro false admission, while Isolation Forest
achieved 73.61%; LOF and kNN also led RIA in ROC-AUC. This negative replication result is
part of the paper's central finding rather than an excluded result.

Eight of ten modeled fault classes achieved 100% detection. Vibration inconsistency and
progressive thermal drift remained incomplete at 75.60% and 81.42%, respectively. The
dominant first-failure layer was y, coupled consistency, with 416,088 first rejections.
Deterministic replay produced identical classifications and first-failure traces.

These results establish an implemented and reproducible example of recursive admissibility.
They do not establish equivalent performance across arbitrary information domains, universal
dimensional reconstruction, physical verification of the complete SEXA framework, or
superiority over contemporary Al validation methods.

The next step is now more specific: construct domain-aware admissibility maps for
independently sourced datasets without using anomaly labels, preregister those maps and
thresholds, then repeat the public-data comparison against Isolation Forest, LOF, One-Class
SVM, kNN, PCA, and modern deep or graph-based detectors. The key falsifiable question is no
longer whether RIA wins generic anomaly detection, which the present experiment does not
show, but whether explicit domain relationships recover a reproducible advantage on relational
and constraint-defined anomalies.

The central claim of the present paper is therefore bounded and testable: information that
is individually valid may nevertheless be collectively inadmissible, and an ordered,



deterministic, first-failure-traceable constraint architecture provides a computational
mechanism for distinguishing those two conditions.
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