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U.S. government UAP reporting is built to answer a narrow set of questions: What was 
observed, by whom, with which sensors, and can the event be attributed to a known category? 
This workflow is optimized for aviation risk, intelligence triage, and counterintelligence. It is not 
optimized for ontology. And that difference matters. If a subset of UAP behaves less like an 
object in space and more like an interface phenomenon—where appearance, legibility, and 
“objecthood” are conditional on relational context—then the standard analyst toolkit is pointed 
at the wrong target. Under such conditions, collecting more data may help, but it may also 
repeatedly fail in the same patterned ways, because the frame of interpretation presupposes 
what must be tested: that the phenomenon is a stable, localizable thing. This paper argues that 
the most persistent failures in UAP resolution may be failures of category, not merely failures of 
collection. It introduces the idea of an “ontology gap” between institutional analysis and 
interface-like phenomena, and proposes a disciplined bridge: operational tests that treat 
ontology as a variable rather than a silent assumption. The goal is not mystification, but a 
sharper analytic posture: knowing when the model is missing the phenomenon. 
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1. Introduction: The Ontology Gap 

U.S. government UAP analysis sits inside a well-honed institutional machine: collect reports, 
evaluate sensor data, reduce uncertainty, and assign an attribution category that can support 
action. The system is built for operational consequence: flight safety, airspace integrity, 
counterintelligence, and protection of sensitive programs. In that world, the mission is not 
metaphysics; it is triage. The analyst’s craft is to turn messy inputs into bounded, defensible 
conclusions under time pressure, political scrutiny, and severe information asymmetry. 

The problem is that this apparatus carries a silent assumption: that the phenomenon is, in 
principle, an object or event-type that can be stabilized by better measurement and better 
categorization. That assumption is usually correct for balloons, drones, aircraft, sensor artifacts, 
and misperception. But a persistent “unknown” remainder—especially if it exhibits patterned 
elusiveness—forces a deeper question: are we failing because we lack data, or because we are 
asking the wrong kind of question about what the phenomenon is? 

This paper argues that current reporting and analytic workflows are not built to treat ontology 
as a variable. They treat ontology as a given. If a subset of UAP is better modeled as an interface 
phenomenon—where “objecthood,” legibility, and appearance depend on relational context—
then the standard intelligence frame will repeatedly mis-handle it, not out of incompetence, but 
out of design. 

1.1 What analysts are trained to do 

Analysts are trained to work backwards from observations to causes through disciplined 
inference. The training emphasizes a particular kind of cleanliness: 

First, define the target. What exactly is being assessed: a single incident, a series, a source 
report, a sensor track, a claim about capability, or a hypothesis about intent? Ambiguity about 
the target creates ambiguity everywhere else, so tradecraft begins by narrowing scope. 

Second, separate data streams. A radar track, an EO/IR video, a pilot report, a signals intercept, 
and an open-source post are not equal. Each has known failure modes, known biases, and 
known incentives. Analysts are trained to treat human testimony as valuable but contaminable, 
and instrumentation as preferable but also fallible. 

Third, build candidate explanations. The analyst enumerates plausible categories and evaluates 
likelihood under constraints: conventional aircraft, UAS, balloons, space objects, atmospheric 
effects, sensor artifacts, adversary systems, friendly systems, hoaxes, and misperception. Good 
tradecraft means not falling in love with a single story too early. 
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Fourth, seek disconfirming evidence. Analysts are trained to ask, “What would I expect to see if 
this were a balloon? A drone? A parallax effect? A classified test?” The goal is to shrink the 
hypothesis space by falsifying candidates, not by ornamenting a preferred narrative. 

Fifth, produce a defensible bottom line. Intelligence work is written for decision-makers. It 
rewards conclusions that are bounded, communicable, and useful. Even when the conclusion is 
“unresolved,” the analysis aims to explain why, identify what additional collection would resolve 
it, and recommend actions consistent with institutional risk. 

All of this is rational—excellent, even—when the phenomenon belongs to a known ontology: 
objects moving in airspace, signals propagating through media, platforms with propulsion and 
constraints, adversaries optimizing capabilities. The analyst’s mental tools assume that with 
enough data, the object stabilizes as a thing. 

The UAP problem becomes strange precisely when that stabilizing move fails repeatedly, and 
not randomly. The institutional tendency is to interpret persistent non-resolution as a collection 
problem: not enough sensor coverage, not enough cross-cueing, insufficient calibration, delayed 
reporting, missing raw data. That is often true. But the framework does not naturally ask 
whether the very meaning of “object,” “track,” “signature,” or “capability” may be the wrong 
language for a subset of cases. 

1.2 What ontology asks that intelligence tradecraft does not 

Ontology asks: what kind of thing is this, such that our usual questions even make sense? It is 
upstream of attribution. It is upstream of mechanism. It is the question behind the question. 

Intelligence tradecraft, by necessity, begins with operational categories: who, what, where, 
when, how, and with what consequence. Ontology begins with a different posture: is the 
phenomenon best treated as an entity, an event, a process, a relation, an artifact of 
measurement, or an interaction that cannot be reduced to a stable object? 

That difference sounds abstract until you notice how deeply it shapes analysis. 

An object model presumes that the phenomenon has a stable identity across time: it can be 
tracked, re-identified, measured, and compared. An interface model does not grant that. It 
treats appearance and legibility as contingent. In an interface frame, “the thing” might not exist 
as a stable object in the way the analyst expects; it might present as an object because the 
observer-system coupling produces an object-like reading. In that case, the request “show me 
the craft” is like asking a user interface to reveal the server rack: the question presupposes a 
literal substrate where the phenomenon may instead be a mediated presentation. 

Ontology also asks about conditions of manifestation: under what contexts does the 
phenomenon appear, become trackable, become interpretable, or become “boring”? If those 
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conditions matter, then the most important variables are not only altitude and speed, but also 
platform type, sensor mode, mission context, attention, expectation, and procedural posture. 
Traditional tradecraft tends to treat those variables as confounders to be controlled away. An 
ontology-aware approach treats them as potentially causal. 

Finally, ontology asks about category error: what if we are trying to explain something in the 
wrong domain? If you explain a software glitch using only mechanical engineering, you can 
measure the fan speed all day and learn nothing. Your instruments are real, your data are real, 
your methods are sound, but your ontology is wrong. The deepest UAP question may be exactly 
that: not “what propulsion,” but “what class of phenomenon makes propulsion the wrong 
question?” 

None of this requires a leap into mysticism. It requires a willingness to treat “objecthood” as a 
hypothesis rather than a default. In other words: ontology is not a replacement for tradecraft. It 
is a prior checkpoint that tradecraft, as currently institutionalized, rarely performs. 

1.3 The core claim and why it matters now 

The core claim of this paper is simple and deliberately narrow: 

Current government UAP workflows are optimized for attribution inside an object-and-event 
ontology. If a subset of UAP is better modeled as an interface phenomenon—where legibility, 
apparent behavior, and even “objecthood” are conditional on relational context—then the 
standard analytic pipeline will predictably mis-handle that subset, generating recurring patterns 
of non-resolution, overconfident debunks, or endless deferral to “more data.” 

This matters now for three reasons. 

First, the institutional UAP apparatus is being formalized. Offices are being stood up, reporting 
pathways standardized, and public-facing narratives shaped. If the foundational ontology is 
wrong, the apparatus will become a machine that efficiently produces the wrong kind of 
certainty. 

Second, the broader analytic environment is changing. AI-assisted sensor fusion, automated 
anomaly detection, and pattern mining will amplify whatever assumptions are encoded into the 
pipeline. If the system assumes “object,” it will force object-like interpretations even when that 
compresses away the most important features—especially conditional observability and context 
dependence. 

Third, public trust and strategic stability are at stake. UAP discourse is already split between 
credulity and ridicule. A purely object-attribution posture risks feeding both extremes: it can 
look like denial when cases remain unresolved, and it can look like confirmation when a handful 
remain stubbornly anomalous. Ontology-aware analysis offers a third path: neither belief nor 



7 
 

debunking as identity, but disciplined discrimination between models, including the possibility 
that “what it is” is not the kind of thing the current frame can see. 

The ambition here is not to smuggle metaphysics into intelligence. It is to repair a blind spot 
that intelligence analysis cannot easily acknowledge: sometimes the hardest part is not the 
data. It is the frame. 

 

2. The Standard Government Frame: Object, Event, Attribution 

The modern government approach to UAP is, in practice, a mature workflow for handling 
uncertainty under operational constraint. It is not a single doctrine, but a convergent pattern 
shared across intelligence, aviation safety, and defense reporting cultures. The common 
structure is this: UAP are treated as incidents that can be reduced to packets of evidence, 
evaluated against known categories, and resolved—if not fully, then at least sufficiently for risk 
management. 

This frame assumes that the world presents as things that happen and objects that move—and 
that with enough context, those things and objects can be attributed. The entire logic of 
collection, triage, and reporting is built around that assumption. Even the term “unidentified” 
presupposes that identification is the proper end state. The question is not “what kind of 
phenomenon is this such that identification may fail by category?” The question is “what was it, 
and why can’t we identify it yet?” 

This section unpacks that standard frame, not to caricature it, but to make its implicit 
commitments visible. If we want to argue there is an ontology gap, we first have to show how 
the default pipeline presupposes a stable object/event ontology at every step. 

2.1 The incident packet model: report, sensor, disposition 

In government practice, a UAP case tends to become an “incident packet,” even if it begins as a 
messy experience. The packet is the unit of work. It is designed to be handled by teams, cross-
referenced, stored, audited, and summarized for leadership. It has three pillars: report, sensor, 
disposition. 

The report is the narrative spine. It includes who observed what, from where, under what 
mission context, and what the observer believes they saw. It often includes time windows, 
rough bearings, altitude estimates, perceived speed, maneuvering, and any subjective 
description that helps reconstruct the episode. The report is essential because it provides the 
only continuous account of the event from the observer’s perspective. But it is also treated 
cautiously because it carries cognitive bias, memory distortion, social contagion, and incentive 
effects. 
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The sensor is the preferred anchor. The strongest “incident packets” contain raw or near-raw 
data from multiple instruments: radar tracks, electro-optical or infrared imagery, telemetry, 
acoustic logs, electronic support measures, or other platform-specific records. The goal is to 
move from story to measurement. Even when analysts respect witness testimony, the 
institutional impulse is to translate the narrative into instrument-readable quantities: range, 
velocity, acceleration, heading, spectral signature, radar cross section, persistence, track 
continuity, and cross-sensor correlation. 

The disposition is the outcome category: identified, likely identified, unresolved, insufficient 
data, misperception, sensor artifact, friendly, adversary, or other controlled bucket labels. 
Disposition is what makes the packet administratively real. It closes the loop, supports metrics, 
and allows leadership to say something coherent: “X percent resolved, Y percent unresolved, Z 
cases under active investigation.” 

This report–sensor–disposition architecture has major strengths. It creates an auditable 
pipeline, supports statistical summaries, and reduces chaos. It also harmonizes with the 
institutional reality that decisions must be made. A commander needs to know whether there is 
a flight hazard. A counterintelligence unit needs to know whether an adversary is probing 
training ranges. A program office needs to know whether a sensitive test is being observed by 
unintended parties. 

But the incident packet model also has a built-in vulnerability: it presupposes that the event can 
be stabilized into an object/event representation that is compatible across witnesses and 
sensors. When that stabilization fails, the default interpretation is “we need better data.” The 
architecture is not designed to ask whether the packetization itself may be mismatched to the 
phenomenon. 

A subtle but important consequence follows. The moment the analyst commits to a packet, the 
phenomenon is already “objectified.” The packet asks: where was it, what did it do, what is it 
similar to, what category does it belong to? It does not ask: under what conditions does it 
become “a it” at all? It assumes that question is either meaningless or metaphysical. And that is 
exactly where ontology enters. 

2.2 Why “unresolved” is not the same as “anomalous” 

A central confusion in public discourse is the upgrade of “unresolved” into “anomalous.” 
Government reports tend to use “unresolved” in a conservative, administrative sense: the case 
cannot be closed with the available data. That is all it means. It does not mean the case displays 
physics-breaking performance. It does not mean the case points to nonhuman technology. It 
often means the data are incomplete, late, degraded, ambiguous, or non-corroborated. 
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In the incident packet world, “unresolved” is a data state, not a theory state. It is the category 
assigned when competing mundane explanations cannot be discriminated with confidence. 
That can happen for many reasons: 

• The observer’s estimate of distance is wrong, making speed and acceleration inferences 
meaningless. 

• A single sensor track is misinterpreted because of geometry, parallax, clutter, or 
calibration drift. 

• The event occurred outside optimal sensor coverage or the raw data were not 
preserved. 

• The reporting arrived late, preventing reconstruction of weather, air traffic, or space 
object context. 

• The event involved multiple possible contributors: drone plus cloud layers plus observer 
expectation. 

From the government analyst’s standpoint, it is rational to resist treating “unresolved” as 
“anomalous,” because “anomalous” is a mechanistic claim: it suggests the phenomenon violates 
known constraints or belongs to a genuinely novel class. The burden of proof for that upgrade is 
high, and institutional penalties for being wrong are severe. 

The ontology-gap argument, however, points out a deeper possibility: a persistent unresolved 
remainder may contain more than one kind of unresolvedness. Some cases are unresolved 
because the pipeline lacked data. Others may be unresolved because the pipeline’s model-class 
is wrong. Without an ontology-aware layer, these two forms of unresolvedness are collapsed 
into one bucket. 

That collapse matters because it shapes institutional learning. If unresolvedness is always 
treated as “insufficient data,” the remedy is always “more sensors, better fusion, faster 
reporting.” Those are valuable improvements, but they will not solve a category mismatch. In a 
category mismatch scenario, more sensors may simply create more contradictory 
representations, because the phenomenon does not behave as a stable object within the 
assumed frame. 

There is also a second, public-facing asymmetry: “unresolved” is rhetorically unstable. Skeptics 
treat it as “not enough evidence,” believers treat it as “evidence of the extraordinary.” 
Government reporting, trying to stay operational and non-inflammatory, uses “unresolved” as a 
neutral label. But neutrality does not survive contact with polarized audiences. As a result, the 
same “unresolved” bucket can be used to claim both “nothing to see here” and “proof of 
nonhuman presence,” neither of which follows. 



10 
 

An ontology-aware approach does not automatically upgrade unresolved cases into anomalies. 
It does something more precise: it asks whether the unresolved cases show patterned failure 
modes that suggest the wrong model class is being applied. That is an intermediate analytic 
move: not “it’s aliens,” not “it’s nothing,” but “our representational assumptions may be 
misfiring.” 

2.3 Risk-first incentives: flight safety, counterintelligence, program protection 

The government frame is not only epistemic; it is incentive-shaped. The strongest forces 
steering UAP analysis are not philosophical. They are risk-first incentives. Three dominate: flight 
safety, counterintelligence, and protection of sensitive programs. 

Flight safety drives a practical urgency. If something is in controlled or contested airspace, it 
matters whether it is a balloon, a drone, a flock of birds, or an aircraft with transponder issues. 
Even a mundane object can be lethal. Aviation culture privileges actionable classification: what 
is it, where is it, and does it threaten a platform? This pushes the analytic posture toward the 
quickest responsible disposition. It rewards closure. 

Counterintelligence drives a different urgency: attribution to actor and intent. Training ranges 
are not just airspace; they are laboratories of capability. If UAP reports cluster around sensitive 
areas, analysts are pressured to ask whether an adversary is probing radar modes, mapping 
response times, or harvesting signatures. In that environment, “unidentified” is not merely 
“unknown.” It is a potential adversary advantage until proven otherwise. This incentivizes 
skepticism toward extraordinary claims and preference for adversary-capability hypotheses, 
even when evidence is thin. 

Program protection introduces a third gravitational pull: classification. Some “UAP” cases will 
inevitably involve friendly tests, experimental platforms, electronic warfare, or sensor artifacts 
tied to sensitive systems. When that happens, the reporting pipeline can become distorted. 
People with partial knowledge see something odd but cannot be read into the relevant 
program. Others know more but cannot disclose it. Cases that are perfectly “identified” in one 
compartment remain “unresolved” in another. This is not conspiracy; it is the normal shape of 
classification regimes. 

These incentives create predictable analytic behaviors: 

• A bias toward explanations that keep the world inside known threat models. 

• A tendency to interpret ambiguity as a sensor/collection problem, because that is 
operationally safe. 

• A pressure to avoid claims that could cause public panic, diplomatic escalation, or 
reputational damage. 
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• A preference for language that is audit-friendly and defensible in hearings. 

From one angle, these are virtues. They prevent the institution from being captured by 
speculation, rumor, or psychological contagion. They keep attention on concrete hazards and 
real adversaries. They protect sensitive systems. 

From another angle, these same incentives can function as an ontology lock. They can make it 
institutionally irrational to ask whether the phenomenon’s “objecthood” is conditional, whether 
observer-context variables matter in a causal way, or whether some cases systematically evade 
the object/event model. The system is designed to manage risk, not to explore new 
metaphysical categories. 

That is the heart of the gap. The government frame is not stupid; it is optimized. It is optimized 
for a world where the target is an object or event that can be attributed. If the target is 
sometimes something else—an interface-like phenomenon whose presentation depends on 
relational conditions—then the same optimization becomes a blind spot. The analyst is not 
failing at tradecraft. The analyst is succeeding at tradecraft inside a frame that may not fit. 

The remainder of the paper argues that we can preserve the strengths of the risk-first frame 
while adding a disciplined layer that makes ontology explicit, testable, and operationally 
relevant. The aim is not to replace attribution with philosophy. The aim is to detect the 
boundary where attribution models stop being legitimate descriptions and start being artifacts 
of the analyst’s own assumptions. 

 

3. Ontology for Analysts: A Minimal Working Vocabulary 

If the claim of an “ontology gap” is going to be useful rather than rhetorical, it has to be made 
operational. Analysts do not need a graduate seminar in metaphysics. They need a compact 
vocabulary that helps them notice when their own representational assumptions are doing 
hidden work—especially when those assumptions are the reason an investigation keeps stalling. 

This section offers a minimal working vocabulary. “Minimal” means: few terms, each tied to a 
practical diagnostic question. “Working” means: the terms can be used inside normal analytic 
products without requiring metaphysical buy-in. The aim is not to replace tradecraft, but to add 
a prior checkpoint: before we argue about mechanism, we should ask what class of thing we 
believe we are describing, and whether the data support that class. 
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3.1 Ontology versus explanation: what kind of thing is it 

Analysts are trained to explain. Ontology is upstream of explanation. 

An explanation answers: “How did this happen?” “What caused it?” “What mechanism 
produced these observations?” Explanations are comparative. You weigh candidate causes, 
evaluate fit, and deliver a conclusion with confidence bounds. 

An ontology answers: “What sort of thing are we dealing with such that ‘cause,’ ‘mechanism,’ 
and ‘track’ even apply?” Ontology is about the type of entity or phenomenon you are assuming: 
an object, an event, a process, a system, a relation, a measurement artifact, or an interface. 
Ontology constrains what explanations are even admissible. 

A useful way to operationalize this distinction is with a two-step habit: 

1. State the assumed ontological class. 
“We are treating this as a physical object moving through airspace.” 
“We are treating this as a sensor artifact.” 
“We are treating this as a human misperception event.” 
“We are treating this as an interaction pattern that may not be reducible to a stable 
object.” 

2. Ask whether the data support the class. 
Do we have evidence of stable identity across time? 
Do we have cross-sensor coherence? 
Do we have a consistent relationship between observer geometry and measured 
quantities? 
Do we see conditionality: the phenomenon presents differently depending on context 
variables in a way that resists object-stabilization? 

Analysts already do this implicitly. For example, deciding “this is likely a balloon” is not only an 
explanation; it is also an ontological commitment: balloons are objects with persistence, drift, 
and known signatures. The problem is that when analysts struggle, they usually stay at the 
explanation level: “We can’t explain it because we lack data.” Ontology asks: “Are we failing 
because we lack data, or because we’re forcing the data into the wrong kind of ‘thing’?” 

This is not philosophical indulgence. It is a form of model selection. Explanation is selecting 
parameters inside a model. Ontology is selecting the model class. 

3.2 Object ontology versus interface ontology 

To make this concrete, we can contrast two ontological frames that matter for UAP analysis: 
object ontology and interface ontology. 
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An object ontology assumes the phenomenon is a stable entity in space and time. It has 
properties that can be measured independent of the observer: position, velocity, acceleration, 
size, shape, emission, reflectivity, material characteristics, and so on. The observer and sensor 
system may distort measurement, but the object is presumed to exist “out there” in a way that 
is separable from the act of observation. Under this ontology, the analyst asks: 

• What is the object? 

• What platform or mechanism could produce these behaviors? 

• What actor built or controls it? 

• How does it compare to known signatures? 

• What are its capabilities and intent? 

An interface ontology does not begin by granting stable objecthood. It treats the phenomenon 
as a presentation—a structured appearance that may be conditional on relational context. Here 
“interface” does not mean “screen.” It means a boundary-layer where two systems meet, and 
the observed output is jointly produced by the coupling. Under this ontology, the analyst asks 
different questions: 

• Under what conditions does the phenomenon become legible as an “object”? 

• What contextual variables modulate its appearance, persistence, or trackability? 

• Do sensor modalities agree, or do they produce incompatible realities? 

• Does the phenomenon behave like an interaction pattern more than a vehicle? 

• Are we observing the thing, or observing our coupling to it? 

This frame can sound abstract, so it helps to ground it in ordinary analytic life. Analysts already 
deal with interface-like phenomena constantly: 

• A radar “target” can be a real object, or it can be a target-like presentation produced by 
multipath reflection, atmospheric ducting, clutter, or jamming. In those cases, the 
“object” is a construct at the interface between radar physics and environment. 

• A thermal image can show an apparent “blob” that is not an object but a function of 
emissivity, background contrast, sensor gain, and compression. 

• A cyber intrusion is often not “a thing” in the way a vehicle is a thing; it is an interaction 
pattern between systems, mediated by protocols, permissions, and vulnerabilities. 
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An interface ontology extends that habit to UAP in a disciplined way: it allows the possibility 
that some UAP are not primarily “vehicles,” but manifestations of a system-to-system boundary 
condition. In such a scenario, the unit of analysis is not the object, but the coupling: observer 
platform, sensor configuration, context, and whatever the phenomenon is doing on the other 
side of the interface. 

Crucially, interface ontology is not a license for supernatural claims. It is a way to hold open a 
possibility: that the “object model” may be structurally misapplied to some cases, and that this 
misapplication produces characteristic analytic failures. 

3.3 Category error as a failure mode in intelligence reasoning 

A category error occurs when you use a concept from one domain to describe something that 
belongs to a different domain, and the mismatch creates confusion that no amount of detail 
resolves. 

Analysts are trained to avoid many cognitive errors: confirmation bias, availability bias, 
anchoring, circular reporting, and source contamination. Category error is less discussed 
because it sits deeper. It is not a mistake about facts. It is a mistake about the type of thing 
being discussed. 

In intelligence reasoning, category errors often appear as “stubborn mysteries” that persist 
despite data accumulation. The common symptom is that you can keep adding details, but the 
details do not converge toward a stable interpretation. Instead, they multiply contradictions. 

A practical way to recognize a category error is by its signature: 

• Measurement variables refuse to stabilize. Range estimates vary wildly; speed 
estimates become absurd; accelerations oscillate between impossible and mundane 
depending on assumed distance. 

• Cross-sensor disagreement is systematic. One sensor suggests a target; another sees 
nothing; a third sees something else entirely. Analysts interpret this as sensor failure, but 
the pattern repeats across cases. 

• Narratives become the glue. Because physical parameters do not cohere, the story 
becomes the primary integrator of the evidence, which increases susceptibility to bias 
and social contagion. 

• The same “fix” is applied repeatedly. “We need better sensors.” “We need better 
reporting.” “We need better fusion.” These may be true, but if the same fix is tried and 
the same type of failure recurs, the fix may be addressing the wrong layer. 

Category error is not exotic. It is common in complex systems. 
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If you treat a software defect as a mechanical vibration problem, you can instrument the 
machine indefinitely. You will get more data, but you will not get the right kind of data. If you 
treat a social phenomenon as an individual pathology, you can measure individuals endlessly 
and miss the network dynamics. If you treat a cyber event as a physical intrusion, you will patrol 
doors while packets flow through. 

The ontology-gap thesis says: a subset of UAP analysis may be trapped in this sort of category 
error. The object/event frame could be the wrong domain. The “craft” questions could be mis-
specified. The “propulsion” obsession could be a symptom of insisting on an object ontology 
where an interface ontology is required. 

This is why ontology matters to analysts. It is not about adopting a new belief. It is about 
diagnosing a failure mode: are we failing inside the right category, or are we forcing the wrong 
category onto the data? 

3.4 When the map cannot be improved by more pixels 

Analysts love better data for good reason. More pixels, higher sampling rates, better calibration, 
and multi-sensor fusion solve many mysteries. But there is a point where “more pixels” is an 
epistemic reflex: a default response that assumes the map is basically correct and only needs 
refinement. 

Ontology introduces a boundary concept: sometimes the map is wrong not because it is low 
resolution, but because it is the wrong kind of map. 

The phrase “when the map cannot be improved by more pixels” names a diagnostic threshold. 
It is reached when: 

• Higher-resolution data increases ambiguity rather than decreasing it. You see more 
structure, but it is inconsistent across frames, sensors, or contexts. 

• Model fit becomes fragile. Tiny changes in assumed parameters produce huge changes 
in inferred behavior (for example, distance assumptions generating “impossible” 
speeds). 

• The phenomenon appears to be context-sensitive. It changes with observation 
conditions in ways that look less like an object responding to physics and more like an 
interaction responding to coupling. 

• Attempts to standardize the observation alter the phenomenon. When observation 
becomes proceduralized—specific sensor modes, cueing strategies, or response 
patterns—the phenomenon’s signature changes or evaporates, beyond what ordinary 
evasion would predict. 
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At this threshold, the correct move is not to abandon instrumentation, but to broaden the 
analytic design. The key is to add context variables as first-class data, and to treat ontology as 
part of the hypothesis set. 

Instead of only asking, “What object could do this?” the ontology-aware analyst asks, “What 
model class makes the observed pattern of legibility and missingness unsurprising?” 

This leads to a practical recommendation that will recur through the paper: introduce an 
ontology review layer as part of UAP triage. Not a mystical committee. A disciplined checkpoint 
where analysts explicitly record: 

• Which ontological class is assumed. 

• Why that class is supported by the evidence. 

• Which observed features resist that class. 

• What data would discriminate between object ontology and interface ontology. 

• What disconfirmation would look like. 

The goal is to prevent institutional analysis from unconsciously re-running the same pipeline on 
cases that fail for structural reasons. The goal is to keep the system from mistaking “we need 
more pixels” for “we are seeing the right thing.” 

In short: ontology for analysts is not metaphysics as decoration. It is model hygiene. It is the 
discipline of making your frame explicit, so you can notice when the frame is the reason the 
case will not close. 

 

4. Interface Phenomena: What “Not an Object” Would Mean in Practice 

“Not an object” is easy to say and easy to misuse. If it becomes a slogan, it becomes a 
permission slip: anything confusing can be declared “beyond objecthood,” and analysis 
collapses into mystique. The only way this concept earns a place in serious UAP work is if it 
produces a clearer set of practical expectations than the object model does. 

An interface framing does not claim that nothing physical exists. It claims something narrower 
and more operational: that what observers call “the UAP” may be a presentation layer produced 
by coupling between an observing system (platform, sensor suite, procedural posture, human 
attention, expectations) and an external source or process. In that case, the analyst should 
expect the phenomenon’s “objectness” to be conditional, not intrinsic. It may sometimes look 
like a solid craft, sometimes like a fleeting signature, sometimes like a sensor-only track, and 
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sometimes like nothing at all—without those variations being adequately explained by distance, 
weather, or ordinary evasion. 

This section defines what an interface phenomenon would look like in practice, so it can be 
tested and, crucially, disconfirmed. 

4.1 Conditional legibility: why some things do not present consistently 

In an object ontology, inconsistent presentation is usually interpreted as noise: imperfect 
sensors, incomplete coverage, changing environment, or human error. In an interface ontology, 
inconsistent presentation can be a signature: legibility is conditional on the coupling. 

The key phrase here is conditional legibility: the phenomenon is not equally readable under all 
observation conditions. It does not “show up” as a stable thing in the same way across 
platforms, sensor modes, or human contexts. It may become legible only under a narrow band 
of relational conditions. 

Analysts already recognize conditional legibility in many domains: 

• A stealth aircraft is conditionally legible: it is easier to detect in some bands than others, 
under some geometries than others. 

• A submarine is conditionally legible: it becomes visible through indirect signatures, not 
direct sight. 

• A cyber adversary is conditionally legible: you see traces in logs depending on what 
logging is turned on, what sensors are deployed, and how the network is segmented. 

But interface conditionality is different from stealth conditionality. Stealth still presumes an 
object with stable properties. Interface conditionality suggests that the “object” is not what is 
stable; what is stable is the pattern of interaction. 

What would this look like in UAP cases? 

First, you would expect systematic modality divergence: radar-only tracks with no 
corresponding EO/IR; EO/IR anomalies with no corresponding radar; visual observations with 
weak sensor corroboration; or multiple sensors generating mutually incompatible 
interpretations. Not as occasional glitches, but as a repeating pattern in the most stubborn 
cases. 

Second, you would expect context dependence: the phenomenon’s salience would correlate 
with variables that are normally treated as confounders. For example: training range context, 
alert posture, sensor cueing procedures, time-to-response, attention allocation, and even the 
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social environment of reporting. If the phenomenon is interface-like, it may track the structure 
of observation more than the underlying geography. 

Third, you would expect “slipperiness under standardization.” When teams operationalize 
collection—standard sensor modes, repeatable cueing tactics, tight time stamping, multi-
platform capture—the phenomenon might not simply become clearer. It might change 
character or vanish. Under an object model, that would suggest evasion or coincidence. Under 
an interface model, it could suggest that the act of instrumenting changes the coupling that 
produces the presentation. 

None of these are proofs. They are discriminators. The point is to define what “not an object” 
would buy you analytically: a prediction about how unresolved cases behave as the collection 
system improves. 

4.2 “Render” metaphors and the limits of mechanistic questions 

The “render” metaphor is dangerous and useful at the same time. 

It is dangerous because it can be read as a claim that reality is literally a simulation, which is a 
metaphysical commitment far beyond what the evidence can support. It is also dangerous 
because metaphors can become arguments: once you say “render,” people stop asking for tests 
and start telling stories. 

It is useful because it points at a real analytic problem: some questions presume an ontology 
that may not hold. “How does it accelerate?” “What fuel does it use?” “Where is the exhaust?” 
These are mechanistic questions appropriate for vehicles. But if the phenomenon is interface-
like, such questions may be category errors—not because the phenomenon is magical, but 
because the observed “motion” may be a property of the presentation, not of a vehicle 
translating through space in the ordinary sense. 

A careful way to use the render metaphor is to treat it as a diagnostic lens, not a literal claim: 

• A rendered object on a screen can appear, disappear, move instantaneously, or violate 
inertia—not because physics is broken, but because you are not watching physical 
motion. You are watching an output layer. 

• The “mechanism” of motion is not propulsion; it is update rules. 

• The “signature” is not exhaust; it is the behavior of the display pipeline. 

Translated into disciplined analytic language, the render metaphor motivates two practical 
moves: 
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1. Stop treating absence of expected vehicle signatures as decisive. 
Under an interface frame, you do not expect exhaust, heat plumes, sonic booms, or 
persistent radar cross sections to be consistently present. Their absence is not a proof of 
anything. It is a clue that the vehicle ontology may be misapplied. 

2. Ask what the observation pipeline is doing. 
Instead of “what engine,” ask: what sensor modes were active? what compression 
artifacts exist? what cross-cueing occurred? what calibration state existed? what 
operator expectations were in play? what procedural posture preceded the observation? 

In short: the render metaphor is not a statement about simulation. It is a statement about 
where mechanism might live. If mechanism is at the coupling layer, then classic vehicle 
questions are not only unanswered; they are mis-specified. 

4.3 Nonlocal interaction as correlation rather than propulsion 

The moment people hear “nonlocal,” they think “teleportation” or “instant travel.” That is the 
wrong starting point for disciplined analysis. A less sensational and more operational translation 
is: nonlocal interaction means correlation without a clear local carrier. 

In an object model, interaction is mediated locally: signals propagate through space; forces act 
with constraints; information transfer has latency; tracking is based on continuous motion. 
When UAP reports mention sudden appearance, disappearance, or unusual maneuvering, the 
object model tries to interpret this as extraordinary kinematics: extreme acceleration, exotic 
propulsion, or advanced cloaking. 

An interface model suggests a different interpretation: what looks like motion may actually be a 
change in correlation structure. 

Instead of asking “how did it move from A to B,” the analyst asks: 

• Did the signature at A end and the signature at B begin without a continuous track 
because the phenomenon moved faster than we can measure, or because the 
phenomenon is not a moving object in our representational space? 

• Is the “jump” better modeled as a retargeting of the presentation layer—an update in 
what becomes legible—rather than a physical translation? 

This is where “correlation rather than propulsion” becomes a testable posture. Correlation 
claims can be evaluated using statistical and experimental logic. Propulsion claims require you 
to infer unobserved mechanisms from sparse data. 

What would an analyst look for if they were testing correlation-style nonlocality? 
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• Coupled changes across sensors that do not share a local cause. For example, shifts in 
signature coincident with changes in attention, cueing, or procedural posture. 

• Repeated “on/off” behavior tied to observation conditions. The phenomenon appears 
when a sensor mode is used, disappears when it changes, reappears with a different 
signature under another mode, without a stable object interpretation. 

• Event-linked correlations with human decisions. The pattern of appearance is 
correlated with when teams look, how they look, or what they expect, beyond what 
selection bias can explain. 

This is delicate territory because it risks conflating correlation with intention and turning pattern 
into story. The discipline is to keep the claim modest: nonlocal here means “not well-modeled 
as a local-moving object,” not “instant travel proven.” The analytic aim is not to assert 
extraordinary capabilities, but to choose the model class that best explains the data without 
adding fantasies. 

4.4 The difference between weird motion and wrong ontology 

A major source of confusion is the tendency to treat “weird motion” as the signature of a 
nonhuman craft. But weird motion is not a stable indicator of anything. It can arise from: 

• Distance misestimation leading to false speed and acceleration. 

• Parallax effects from moving platforms. 

• Sensor tracking artifacts, gain changes, or compression. 

• Atmospheric effects that distort apparent position or intensity. 

• Electronic warfare, spoofing, or deceptive decoys. 

• Human perception limits under stress and novelty. 

In other words, weird motion is often an inferential artifact. It is what you get when you infer 
kinematics from incomplete geometry. 

Wrong ontology is different. Wrong ontology is when the entire style of question is misapplied. 
The analyst keeps trying to compute kinematics, but the representation refuses to behave like a 
kinematics problem. 

Here are practical discriminators between “weird motion” and “wrong ontology”: 

First, does the weirdness collapse under improved geometry? 
If you get better range estimation, synchronized multi-angle views, or more reliable tracks, do 
the extreme accelerations disappear? If yes, you had weird motion, not wrong ontology. 
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Second, does the case converge toward a stable object when more data arrive? 
If additional sensors and context lead to a coherent identity (balloon, drone, aircraft, artifact), 
the object ontology was right; you just lacked data. 

Third, does more data create more incompatibility? 
If the highest-quality cases produce cross-sensor contradictions that do not resolve with 
calibration checks, you may be seeing an ontology mismatch. The data are not low-quality; they 
are incompatible with the assumed model class. 

Fourth, is there patterned conditionality? 
If the phenomenon’s legibility depends on context variables in a repeatable way—appearing 
under specific observation postures and vanishing under others—then “weird motion” is a 
secondary concern. The primary concern is why “objecthood” itself is conditional. 

Fifth, does the phenomenon behave like an interaction rather than a platform? 
Platforms have constraints. They persist. They have trajectories. Interactions can be episodic, 
context-linked, and signature-shifting. If the case feels less like tracking a thing and more like 
engaging a boundary condition, an interface model may explain the experience with fewer ad 
hoc patches. 

The crucial move is not to treat interface framing as a conclusion. Treat it as a competing 
hypothesis with discriminators. The point is to reduce the temptation to inflate “weird motion” 
into “physics-breaking craft,” while still acknowledging that repeated analytic failure might 
signal something deeper than missing pixels. 

If “not an object” means anything in practice, it means this: the analyst must be able to write 
down a clear set of predictions about conditional legibility, cross-sensor coherence, and context 
dependence—and then actively seek the data that would disconfirm those predictions. 
Anything less is not ontology. It is story. 

 

5. Reading the U.S. Reports Through an Ontology Lens 

The major U.S. government and government-adjacent UAP reports share a family resemblance. 
They are written inside a risk-managed epistemology: cautious language, limited claims, an 
emphasis on data quality, and a pipeline logic that begins with incidents and ends with 
dispositions. Read on their own terms, they are not “wrong.” They are doing what institutions 
do when they inherit a politically charged problem: narrow scope, prioritize safety and security, 
avoid speculative mechanism claims, and recommend improvements that can be justified in 
budget and program terms. 
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An ontology lens does not accuse these reports of bad faith. It asks a different question: what 
kinds of questions are structurally excluded by their analytic frame, and what patterns might be 
missed because the frame presupposes objecthood? 

The core observation is that the reports treat ontology as a background assumption. They do 
not treat it as a variable. The result is that “unknown” remains a bucket defined by insufficiency, 
not by model mismatch. From an ontology-aware perspective, that is an understandable 
starting point, but potentially a permanent trap. 

5.1 ODNI’s triage posture and the persistence of the unknown 

The ODNI posture is triage-first. The report style reflects a narrow mandate: summarize incident 
reporting, outline possible categories, acknowledge uncertainties, and recommend improved 
collection and analysis. The language is carefully calibrated to avoid upgrading “unidentified” 
into “anomalous” in the strong sense. This is not evasion; it is institutional prudence. ODNI 
reporting is designed to be legible to oversight while remaining defensible under scrutiny. 

Through an ontology lens, the most important feature of this posture is how it defines the 
“unknown.” The ODNI unknown is primarily a data state: cases remain unidentified because 
there is not enough high-quality, timely, multi-sensor information to confidently assign a 
category. The implication is that unknownness is largely a function of collection and reporting 
improvements. 

Ontology adds a second hypothesis class: unknownness can also be a representational 
mismatch. If some cases persist as unknown even as collection improves, that persistence might 
not be random. It might have structure. The ODNI frame is not built to separate those two 
possibilities. It treats unknownness as a residual to be reduced, not as a diagnostic signal about 
the limits of the model class being used. 

The triage posture also implicitly privileges certain variables and down-weights others. It 
foregrounds sensor and mission context in broad terms, but it does not formalize “conditions of 
legibility” as first-class analytic targets. Under an interface hypothesis, context variables would 
not be mere metadata; they would be causal candidates. The ODNI frame treats them as helpful 
but secondary. That is precisely how a system behaves when it assumes objecthood: context 
matters to measurement, not to being. 

If the ontology-gap thesis is correct, ODNI’s strongest contribution is also its largest blind spot. It 
correctly diagnoses how hard it is to resolve cases with limited data. It is not designed to ask 
whether “more data” is sometimes the wrong remedy because the phenomenon’s legibility is 
conditional on the act and posture of observation itself. 

 



23 
 

5.2 AARO’s closure dynamics and the meaning of prosaic resolution 

AARO’s public-facing stance is strongly closure-oriented. This is not a defect; it is an institutional 
necessity. The office exists to reduce ambiguity, protect airspace, and prevent narrative capture. 
In that context, prosaic resolution is a feature, not a failure. Closing cases as balloons, drones, 
aircraft, birds, satellites, or sensor artifacts is exactly what a responsible office should do when 
the evidence supports it. 

Through an ontology lens, the key is to distinguish two different meanings of prosaic resolution. 

One meaning is the straightforward one: a case was never deeply mysterious; it looked strange 
because of limited data and was later explained by ordinary causes. This is normal and 
expected. 

The other meaning is more subtle: a case is closed because it can be made to fit a prosaic 
category under institutional decision thresholds, even if the fit is partial and the case retains 
features that resist the category. Closure dynamics tend to compress complexity. They reward 
the best available disposition rather than a fine-grained taxonomy of unresolvedness. Over 
time, this can create an analytic illusion: the system appears to be “solving the problem” 
because closures accumulate, while the residual unknown bucket remains difficult and 
structurally similar year after year. 

Ontology makes that residual interesting. If the remaining unknowns are simply the tail of poor 
data, they should change character as sensors, standards, and processes improve. If the 
remaining unknowns show repeating features, repeating context correlations, and repeating 
cross-sensor tensions, then the tail may not be a tail. It may be a different class. 

AARO’s approach also interacts with classification and program protection. That environment 
can produce closures that are correct inside compartments and opaque outside them, and it 
can also produce the opposite: unresolved cases that are privately understood but cannot be 
explained publicly. The ontology lens does not treat this as conspiracy. It treats it as a distortion 
field that complicates the interpretation of public reporting. When the public sees “closed” or 
“unresolved,” they may be seeing administrative outcomes rather than epistemic outcomes. 

The main ontology-aware critique here is not that AARO closes cases. It is that the closure 
pipeline, by design, does not include a stable place to record and analyze “category strain,” the 
features of cases that resist object ontology even when a prosaic label is assigned for 
operational reasons. If interface-like phenomena exist, one way they would persist is by being 
repeatedly shaved down into acceptable categories, leaving only a small and socially explosive 
remainder. A mature ontology-capable pipeline would want to measure that shaving, not 
merely celebrate resolution. 
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5.3 NASA’s data pipeline recommendations and what they assume 

NASA enters the UAP domain as a methodology voice. The focus is data quality, calibration, 
standardized reporting, and public legitimacy through transparent science processes. NASA’s 
recommendations naturally emphasize building a pipeline that turns anecdotes into analyzable 
datasets, and turning heterogeneous sensor sources into comparable signals. 

Ontology agrees with NASA on nearly everything at the level of method. If a phenomenon is to 
be investigated, you want better data, cleaner metadata, known sensor failure modes, and 
standardized context capture. The difference is in what the data pipeline is presumed to 
converge toward. 

NASA’s pipeline logic assumes that improved instrumentation and standardized data practices 
will increasingly resolve incidents into object/event interpretations. That assumption is 
reasonable because it is the dominant success story of science and engineering: more precise 
measurement dissolves mysteries. 

An interface hypothesis modifies that expectation. It predicts that improvements will help for 
many cases, but for a subset, improvements will not merely fail to resolve. They will reveal 
conditionality. Better data will not simply sharpen the object; it will show that the “object” is 
not stable across observation contexts in the way objects normally are. 

This suggests a gentle but crucial extension to NASA’s recommendations: treat context variables 
as causal candidates, not just confounders. If NASA builds a pipeline that captures observer 
posture, sensor cueing strategy, procedural steps, and attention allocation as rigorously as it 
captures altitude and timestamp, then the resulting dataset can discriminate between “missing 
data” and “wrong model class.” Without that, the pipeline risks being a better instrument for 
the same ontology, rather than an instrument capable of testing ontology. 

In short, NASA’s approach can become ontology-capable without becoming metaphysical. It 
only needs to add one design principle: the pipeline should be able to detect when legibility 
depends on the structure of observation. 

5.4 What the reports do not say because the frame cannot ask it 

The most important content in these reports may be their silence, not in the conspiratorial 
sense, but in the structural sense. A frame determines what questions are legitimate, what 
language is acceptable, and what claims can be audited. 

Here are questions the reports generally cannot ask cleanly because the object/event frame 
makes them look unserious or untestable, even when they might be testable with the right 
design. 
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First, what if “objecthood” is conditional? Not stealthy, not evasive, but conditional in the sense 
that the phenomenon becomes object-like only under certain couplings of sensor mode, 
platform geometry, procedural posture, and human attention. 

Second, what if the most important variable is not what the phenomenon is, but how 
observation changes it? The reports tend to treat observation as passive: we look, the world is 
there, our sensors record. An interface hypothesis treats observation as interactive: the 
recorded output may be co-produced by the coupling. 

Third, what if unresolvedness is not a single bucket? The reports treat unresolved cases as cases 
awaiting better data. An ontology-aware approach would introduce subtypes: unresolved due to 
missingness, unresolved due to contradiction, unresolved due to modality divergence, 
unresolved due to context dependence, unresolved due to classification barriers. The lack of 
such subtyping is not negligence; it is a sign the frame does not require it. 

Fourth, what would count as disconfirmation of an interface hypothesis? The reports typically 
do not include a structure for “competing ontologies with disconfirmation criteria.” They include 
competing attributions within a shared object ontology. Ontology-aware analysis would demand 
explicit falsifiers: what patterns would refute conditional legibility, correlation-style nonlocality, 
or coupling dependence? 

Finally, the reports do not address the possibility that better sensors could produce a new kind 
of confusion: not more clarity, but more incompatible truths across modalities. Under an object 
ontology, that is a temporary bug. Under an interface ontology, it could be the signature. 

These omissions are not scandalous. They are predictable. The reports are written for 
governance, risk, and legitimacy. Ontology is not typically considered an operational variable. 
This paper’s argument is that it should be, not as philosophy, but as a disciplined method for 
distinguishing “we need more data” from “we need a different representational frame.” 

 

6. Why Analysts Aren’t Equipped: Institutional Cognition and Tradecraft Limits 

The claim that “analysts aren’t equipped to think in terms of ontology” can sound like an insult. 
It is not. It is a statement about institutional design. Intelligence and defense analysis is built to 
answer urgent questions under constraint: identify threats, reduce uncertainty, recommend 
action, protect sources and methods, and avoid unforced errors that carry strategic cost. 
Ontology is not absent because analysts are incapable of it. Ontology is absent because the 
system is optimized to treat ontology as settled in advance. 

In other words, this is not a critique of intelligence professionals. It is a critique of a workflow 
that has no stable place to record, evaluate, and test the assumptions that precede attribution. 
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When UAP are treated as a standard object/event problem, the workflow runs smoothly. When 
the problem may require a different model class, the workflow does what it was built to do: it 
compresses ambiguity into “insufficient data,” favors prosaic closure, and resists interpretive 
innovation that cannot be audited. 

This section explains why that happens and why it persists even when talented individuals 
notice the mismatch. 

6.1 Training pipelines: what counts as evidence and why 

Analytic training pipelines create a strong sense of what “real evidence” is. This is necessary. 
Without shared standards, an intelligence organization becomes a rumor mill. But those 
standards also encode an ontology. 

What tends to count as high-grade evidence? 

• Instrumented data with known calibration and known failure modes. 

• Multiple independent modalities that converge on a single interpretation. 

• Chain-of-custody integrity: who collected it, how it was stored, what was altered. 

• Context that enables attribution: location, time, platform, mission, known assets in 
area. 

• Repeatability: recurring signatures or behaviors that can be compared across cases. 

• Actionability: evidence that supports a decision, not merely a curiosity. 

What tends to count as low-grade evidence? 

• Single-witness narratives without corroboration. 

• Ambiguous or degraded media (compressed video, uncertain provenance). 

• Reports with high social contagion risk (viral stories, sensational framing). 

• Claims that imply extraordinary mechanisms without extraordinary instrumentation. 

• Experiential or phenomenological content that cannot be independently validated. 

This hierarchy is largely correct for most intelligence problems. It prevents organizations from 
being captured by noise, hoaxes, misperception, and narrative distortion. The difficulty is that 
an interface hypothesis shifts the meaning of “evidence” in a way the pipeline is not designed to 
accommodate. 
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If legibility is conditional, then one should expect weaker or inconsistent instrumental capture in 
precisely the most interesting cases. If appearance depends on coupling, then the evidence may 
not concentrate in a single sensor stream; it may appear as systematic modality divergence, 
context dependence, and patterned missingness. But these are not “classic” evidence types in 
intelligence training. They look like failure rather than signal. 

The result is a self-sealing loop: the pipeline privileges evidence types that an object ontology 
predicts, and it downgrades evidence types that an interface ontology predicts. That does not 
prove interface phenomena exist; it does mean the organization is structurally biased toward 
concluding that interface-like signatures are merely poor data. 

If you want analysts to be “equipped,” you do not tell them to become philosophers. You update 
training to include one additional skill: how to recognize when the evidence hierarchy itself is an 
ontology commitment, and how to treat certain “failures” (like patterned missingness) as 
potentially diagnostic rather than merely deficient. 

6.2 Incentives against ontological innovation 

Even when individuals see conceptual mismatches, institutions have incentives that push them 
away from ontological innovation. 

First is career risk. Novel framings are easy to ridicule and hard to defend in audits. An analyst 
who proposes an unusual model class without hard instrumentation can be labeled unserious. 
In many organizations, the safest posture is to remain inside accepted categories and note 
uncertainty rather than propose a new ontology. The institutional immune system is not 
malicious; it is protecting credibility. 

Second is governance risk. Anything that sounds like metaphysics creates political exposure. 
Oversight bodies, media, and adversaries can weaponize ambiguous language. Leaders prefer 
formulations that are legible, bounded, and defensible. Ontological questions sound like open-
ended philosophy, which is the opposite of what a risk-managed bureaucracy wants to be seen 
doing. 

Third is resource allocation. Programs and budgets are justified through familiar levers: more 
sensors, more analysts, better fusion, improved reporting. Ontology innovation does not map 
cleanly onto procurement. It sounds like “we need new ways of thinking,” which is hard to fund, 
hard to measure, and easy to dismiss. 

Fourth is doctrine inertia. Intelligence organizations accumulate doctrine and tradecraft over 
decades. Doctrine is a public good inside the organization: it helps everyone coordinate. But 
doctrine also creates a conservative gravity. New ontological categories threaten coordination 
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because they do not have standardized methods, training, or evaluation metrics. Without those, 
innovation looks like idiosyncrasy. 

All of this means that even if “ontology is the issue,” the system will tend to externalize the 
problem: “we need more data” is a safe, fundable, doctrine-compatible statement. “We may be 
using the wrong representational frame” is none of those. 

6.3 Classification as an ontology distorting field 

Classification doesn’t just hide facts. It distorts categories. 

In a compartmented environment, people do not share the same world-model. They share 
fragments. When you cannot disclose the relevant context, your colleagues will naturally fill in 
the missing pieces with the categories they are allowed to use. This produces predictable 
ontology distortions. 

First, misattribution pressure increases. If a UAP incident overlaps with classified testing, only a 
subset of people may know. Others, seeing unexplained signatures, may treat them as 
unknowns. A phenomenon that is “identified” in one compartment remains “unresolved” in 
another, not because it is mysterious, but because the ontology cannot be shared. 

Second, unknowns become a mixing bowl. The same “unresolved” bucket may contain multiple 
incompatible things: prosaic objects with missing data, sensor artifacts, adversary probes, 
friendly classified systems, and genuinely puzzling cases. When these are mixed, analysts cannot 
learn cleanly from the dataset. Patterns that might indicate ontology mismatch are masked by 
classification noise. 

Third, the public narrative is doubly distorted. Public reports must avoid disclosing sensitive 
programs, so they often speak in carefully sanitized terms. That means the public sees a 
simplified picture of what is known and why. The public then interprets this simplification as 
either cover-up or incompetence, increasing polarization. 

Fourth, classification pushes organizations toward safe ontologies. The safest public stance is: 
“no evidence of extraordinary origins; we resolve many cases prosaically; the rest lack sufficient 
data.” Even if internal discussions include more nuance, the public-facing frame is constrained. 
Ontology-aware questions are the hardest to communicate without triggering suspicion or 
sensationalism. 

From an ontology lens, classification behaves like a field that bends the epistemic geometry. It 
does not only remove information; it changes the shape of what can be asked and what can be 
answered. This makes “ontology thinking” even harder, because the system cannot see its own 
representational distortions clearly. 
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6.4 The stigma loop: ridicule, underreporting, and low-quality narratives 

Stigma is not a social footnote; it is a data-generating process. 

When reporting is stigmatized, three things happen. 

First, underreporting. People avoid reporting events that might invite ridicule, administrative 
hassle, or career damage. This means the dataset is biased toward cases that are either too 
serious to ignore (safety risks) or too institutionally safe (events with obvious explanations). 

Second, delayed reporting. When reports arrive late, reconstruction becomes harder. Weather 
context, air traffic logs, satellite passes, and raw sensor data may no longer be available. Late 
reporting increases unresolvedness. It also increases narrative reconstruction, which increases 
bias. 

Third, low-quality narrative drift. When people fear ridicule, they hedge, omit details, or adopt 
socially acceptable framings. Alternatively, they may sensationalize to be taken seriously. Both 
distort the record. Some will report only the most “impressive” aspects and omit mundane 
contextual details that would aid attribution. Others will soften claims to avoid being dismissed. 
The result is a degraded signal. 

This creates a self-reinforcing loop: 

• Stigma reduces reporting and degrades quality. 

• Degraded data increases unresolved cases and public confusion. 

• Confusion fuels ridicule and sensationalism. 

• Ridicule increases stigma. 

In such an environment, ontology-aware analysis is doubly handicapped. Interface hypotheses 
often rely on context variables and careful descriptions of conditions of manifestation. Stigma 
reduces exactly the kind of honest, granular reporting that such analysis would need. The 
system then concludes: “We can’t do more because we lack good data,” which is true, but the 
lack of data is partly produced by the stigma loop itself. 

If you want to equip analysts, you do not merely train them in ontology. You repair the reporting 
ecosystem so that context-rich data can be collected without social punishment. 

6.5 The “instrumentation reflex” and its blind spots 

The instrumentation reflex is the institutional instinct that says: if we can’t resolve it, we need 
better sensors, better fusion, better calibration, and better collection protocols. This reflex is 
rational because it works so often. Many mysteries disappear under better measurement. 
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But like any reflex, it has blind spots. 

First, it assumes the object model is correct. Better sensors are designed to measure objects: 
positions, velocities, signatures, and trajectories. If the phenomenon is not stably object-like, 
better sensors may not solve the core issue. They may simply produce more modality 
divergence. 

Second, it treats context as noise to control, not as signal to analyze. Instrumentation tends to 
standardize observation conditions. That is good for many problems, but if conditional legibility 
is a real feature, standardization may suppress the phenomenon or alter its presentation, 
making the dataset deceptively “clean” while missing the very cases that challenge the 
ontology. 

Third, it underestimates measurement-induced effects. In many domains, measurement 
changes the system being measured. Intelligence analysis recognizes this in human domains 
(observation changes behavior) but tends to treat physical sensing as passive. If UAP include 
adaptive deception, countermeasures, or coupling phenomena, then sensing is not purely 
passive. 

Fourth, it conflates data volume with epistemic progress. More data can mean more confusion 
if the model class is wrong. Analysts can drown in high-resolution contradictions. The 
organization then doubles down: even more data, even more fusion. The problem is not 
quantity. It is representation. 

Fifth, the instrumentation reflex can become a substitute for deeper thinking because it is 
administratively legible. “We need better sensors” becomes a way of avoiding the 
uncomfortable possibility that the existing model of the problem might be wrong. It is the safe, 
fundable, non-controversial recommendation. 

An ontology-aware organization would keep the strengths of the instrumentation reflex while 
adding a diagnostic check: if improved instrumentation does not reduce ambiguity in a subset of 
cases, do not simply request more pixels. Ask whether the ambiguity has structure—whether 
the pattern of failure suggests wrong ontology rather than insufficient data. 

In summary: analysts aren’t equipped to think in terms of ontology not because they are 
limited, but because the system trains them to treat ontology as settled, rewards them for 
staying inside established categories, distorts the epistemic field through classification, degrades 
the dataset through stigma, and reinforces a sensor-first reflex that assumes the question is 
always “what object is it?” rather than “what kind of phenomenon makes ‘object’ the wrong 
question?” 
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7. The Ontology Gap as an Engineering Problem 

If the ontology-gap thesis is correct, the worst response is to treat it as an argument about 
belief. The best response is to treat it as an engineering problem: a mismatch between the kind 
of phenomenon some cases may involve and the representational machinery we use to 
observe, store, analyze, and decide. 

Engineering is the right posture because it forces discipline. You can design systems that test 
competing models without collapsing into storytelling. You can specify what counts as success, 
what counts as failure, and what counts as disconfirmation. You can separate collection from 
interpretation. You can build pipelines that preserve ambiguity without surrendering to it. And 
you can do all of this without requiring the institution to “adopt” a metaphysical position. 

The ontology gap, reframed as engineering, becomes a question of system architecture: 

• What variables do we capture? 

• What assumptions do we encode in data formats and databases? 

• What hypothesis families are allowed to compete? 

• What thresholds trigger escalation? 

• What outputs are reported and how? 

This section proposes a design language for building an ontology-capable UAP analysis pipeline. 

7.1 Treating interpretive frames as system parameters 

Most analytic pipelines treat “interpretation” as what happens after collection. In practice, 
interpretation is embedded everywhere: in what gets recorded, what gets thrown away, what 
sensors are used, how cueing happens, how data are compressed, and which metadata fields 
exist. 

To treat interpretive frames as system parameters is to make those embedded assumptions 
explicit and adjustable. The engineering move is simple: every time the pipeline assumes 
objecthood, label it as an assumption, not a fact. 

Practically, this means building the incident packet with two layers: 

• A raw observation layer: what was recorded, with minimal translation. 

• A model layer: how different ontological frames would interpret those recordings. 

In a raw layer, you avoid prematurely converting observations into kinematics. You preserve 
sensor settings, platform geometry, calibration states, compression formats, and timestamps. 
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You store human narratives without forcing them into a single “what happened” story too early. 
You capture context variables that are usually treated as background: alert posture, mission 
type, sensor modes, cueing sequence, who was in the loop, and what procedures were 
followed. 

In a model layer, you allow multiple interpretive frames to generate derived quantities. Under 
an object frame you compute velocity and acceleration. Under an atmospheric frame you 
compute refractive conditions and known mirage regimes. Under an adversary frame you 
evaluate jamming/spoofing plausibility. Under an interface frame you analyze conditional 
legibility patterns and cross-sensor divergence. 

The key is that the frame becomes a knob, not a silent baseline. Analysts can switch frames, 
compare explanatory compression, and see which frame produces stable inferences versus 
which frame requires ad hoc patches. 

This is normal engineering practice. In signal processing and controls, you do not assume one 
model is “the truth.” You run multiple models, compare residuals, and choose the model that 
best predicts the data with the least complication. Ontology becomes model selection, not 
metaphysical commitment. 

7.2 Multi-model analysis: object model, atmospheric model, adversary model, interface 
model 

To be concrete, an ontology-capable pipeline should run at least four model families in parallel. 
These are not four “answers.” They are four hypothesis classes with different failure signatures. 

7.2.1 Object model 

The object model treats the phenomenon as a physical entity moving through space with stable 
properties. This model asks: 

• Is there a coherent track with plausible kinematics under correct geometry? 

• Do signatures (radar cross section, thermal behavior, optical features) behave 
consistently with known objects? 

• Does multi-sensor fusion converge or diverge? 

The object model is powerful because it explains most incidents. It is also easy to over-apply 
because it is the default ontology. 
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7.2.2 Atmospheric model 

The atmospheric model treats the incident as an observation mediated by environment: 
refraction, ducting, mirage effects, turbulence, temperature inversions, cloud layers, 
scintillation, and other propagation phenomena. It asks: 

• Could the signatures be produced by known propagation regimes? 

• Do the timing and geometry align with conditions that generate false tracks or distorted 
imagery? 

• Does the event correlate with known weather and environmental data? 

This model is essential because many “impossible” behaviors collapse under it. It also has its 
own failure mode: it can become a universal solvent, used to dissolve any anomaly without 
making predictive commitments. 

7.2.3 Adversary model 

The adversary model treats the incident as purposeful: an adversary platform, probe, decoy, 
deception, or electronic warfare. It asks: 

• Is the location consistent with intelligence collection on ranges or sensitive assets? 

• Do signatures resemble jamming, spoofing, or decoy tactics? 

• Is there evidence of coordination, timing, or response to defenses? 

• What would an adversary gain? 

This model has strategic value and aligns with institutional incentives. Its failure mode is that it 
can become unfalsifiable when it drifts into “unknown adversary capability” to explain any 
residual. 

7.2.4 Interface model 

The interface model treats the incident as conditional legibility: a presentation produced at the 
coupling layer between observers/sensors/procedures and an external source or process. It 
asks: 

• Do we observe patterned modality divergence rather than random sensor gaps? 

• Do key features correlate with observation posture: sensor mode, cueing sequence, alert 
state, attention allocation, or procedural steps? 

• Does better instrumentation reduce ambiguity, or does it increase cross-sensor 
incompatibility? 
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• Are there systematic signatures of “slipperiness under standardization”? 

The interface model’s failure mode is obvious: it can turn into story if it is not constrained. That 
is why it must be treated as a model family with explicit disconfirmation criteria, not as a 
metaphysical upgrade. 

The engineering value of multi-model analysis is that each model predicts different residual 
patterns. The goal is to see which model yields the lowest residual error without special 
pleading. Sometimes the answer will be prosaic. Sometimes it will be adversarial. Sometimes it 
will be “insufficient data.” The point is that the interface hypothesis can be included without 
capturing the pipeline, because it is judged by the same standards: predictive compression and 
falsifiability. 

7.3 Competing hypotheses without contaminating collection 

One reason institutions resist ontological innovation is the fear that it will contaminate 
collection. If you tell collectors and operators, “We might be dealing with interface 
phenomena,” you risk priming, expectation effects, sensationalism, and biased reporting. This 
concern is legitimate. 

The engineering solution is to separate collection discipline from interpretive plurality. 

You do this by designing the collection process to be ontologically neutral while still capturing 
the metadata needed to test ontological claims. That sounds paradoxical but it is not. It is what 
good experimental design does: prevent the hypothesis from shaping the measurement, while 
still recording the variables needed to evaluate the hypothesis. 

Practical mechanisms include: 

• Standardized reporting forms that capture context variables without metaphysical 
language. Instead of asking “Did it respond to you?” you ask “What actions were taken 
(cueing, maneuvering, illumination, comms) and what changes followed in the next N 
seconds?” 

• Blind analysis stages where initial triage is performed without access to narrative 
embellishments or prior case lore, reducing social contagion. 

• Two-pass analysis: first pass uses object/atmospheric/adversary models; second pass 
includes interface tests only for cases that meet specific thresholds of cross-sensor 
divergence or patterned missingness. 

• Pre-registered analytic tests for interface features (conditional legibility, modality 
divergence metrics, context correlation), so analysts are not inventing criteria after the 
fact. 
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• Strict provenance controls on media and logs, minimizing the viral-story pipeline that 
turns ambiguous clips into mythology. 

The most important principle is this: allow hypotheses to compete in analysis, not in collection. 
Collection should be boring, standardized, and resistant to story. Analysis can be plural, 
disciplined, and explicitly comparative. 

This is how you avoid contaminating the dataset while still making ontology testable. 

7.4 Decision thresholds: when to escalate to ontology review 

In an engineering system, you do not run the most expensive, complex diagnostic on every case. 
You triage. But triage requires thresholds. The ontology-capable pipeline needs explicit criteria 
for when a case is no longer “just another unresolved” and should be escalated to an ontology 
review layer. 

These thresholds should be operational, measurable, and audit-friendly. Examples: 

7.4.1 Cross-sensor incoherence threshold 

Escalate when multiple sensors produce incompatible representations that persist after 
calibration checks and known artifact screening. Not “we had a glitch,” but systematic 
disagreement that does not collapse under normal fixes. 

7.4.2 Geometry fragility threshold 

Escalate when inferred kinematics are highly sensitive to small changes in range/angle 
assumptions, producing wild swings between mundane and impossible behaviors. This is a sign 
that the object model inference is unstable and may be misapplied. 

7.4.3 Patterned missingness threshold 

Escalate when the case exhibits repeated on/off legibility across sensor modes or procedural 
contexts, especially if similar patterns recur across different incidents. Random missingness is 
normal; patterned missingness is diagnostic. 

7.4.4 Standardization failure threshold 

Escalate when improved, standardized collection procedures do not reduce ambiguity in a 
subset of cases and may increase contradiction. If “more disciplined measurement” does not 
converge, that is a signal to test ontology rather than simply demand more data. 
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7.4.5 Context correlation threshold 

Escalate when incidents correlate with observation posture variables beyond what selection 
bias plausibly explains: cueing sequences, alert states, mission types, or procedural steps. 
Correlation alone is not proof; it is a triage trigger for deeper review. 

An ontology review is not a declaration that the case is extraordinary. It is a structured process 
that asks: 

• Which ontology classes have been assumed so far? 

• What evidence supports those assumptions? 

• What evidence strains them? 

• Which model families best compress the data without ad hoc patches? 

• What data would decisively discriminate the remaining contenders? 

• What would disconfirm the interface hypothesis? 

This review layer makes the institution stronger. It creates a place where analysts can 
responsibly say, “Our standard frame may be mismatched,” without forcing them to make 
extravagant claims. It also creates a pathway for institutional learning: the organization can track 
how often ontology review is triggered, what patterns predict it, and whether improved 
procedures reduce or concentrate such cases. 

The central engineering idea is straightforward: stop treating ontology as an unspoken premise 
and start treating it as a controlled variable. The moment you do that, the UAP problem 
becomes less of a cultural war and more of a system-design challenge: build a pipeline that can 
recognize when it is asking the wrong kind of question, and can adapt before “unresolved” 
becomes permanent. 

 

8. Operational Tests: How to Make Ontology Empirically Discussable 

Ontology becomes dangerous when it becomes untestable. If the interface hypothesis is 
allowed to float as a poetic explanation for anything unresolved, it will degrade analysis, fuel 
cultic capture, and hand skeptics an easy dismissal. The discipline needed is the same discipline 
used in every hard domain: turn vague claims into predictions, and turn predictions into tests 
with clear disconfirmation conditions. 

The goal is not to “prove” an interface ontology in a grand metaphysical sense. The goal is 
narrower: to make it empirically discussable inside an analytic pipeline. That means defining 
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measurable signatures that would be unlikely under standard object/event assumptions, while 
also building controls that prevent the tests from being contaminated by expectation, social 
contagion, or adversary manipulation. 

This section outlines a test program that can be run without requiring analysts to endorse 
metaphysical commitments. The tests are framed as model-discrimination exercises: do the 
data behave like ordinary unknowns that shrink under better collection, or do they show 
structured failure modes consistent with conditional legibility and coupling effects? 

8.1 Conditional observability predictions and how to test them 

The core interface prediction is conditional observability: the phenomenon is not equally 
observable under all observation conditions. The key is to specify which conditions matter and 
how. 

A minimal set of conditional observability predictions might look like this: 

• Sensor-mode conditionality: The probability of detection or the character of the 
signature changes systematically with sensor mode (band, gain settings, processing 
pipeline, cueing strategy), beyond what is expected for ordinary targets. 

• Platform conditionality: The same “kind” of incident appears differently depending on 
platform type (airborne radar vs shipborne radar, fighter EO/IR pod vs ground-based 
optics), not merely due to sensor resolution but due to systematic incompatibility in the 
representations. 

• Procedural conditionality: The sequence of observation actions (cueing, locking, 
illuminating, maneuvering) modulates legibility in repeatable ways. 

• Attention/response conditionality: Detection correlates with alert posture, response 
time, and whether the system is actively hunting versus passively recording. 

How do you test this without sliding into story? 

You treat it like an engineering detection problem. Define a target variable (detection 
probability, track persistence, cross-sensor coherence score, signature class) and test whether it 
depends on context variables after controlling for known confounds (weather, range, clutter, 
traffic density, training activity). 

A practical design is to build a context-labeled event dataset: 

• For each incident, record not only time, location, and sensor outputs, but also a 
standardized set of context variables: platform type, sensor mode settings, cueing 
sequence, processing pipeline version, alert posture, and operational actions taken. 
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• Define quantitative outcomes: duration of track, number of modalities with positive 
detection, degree of cross-sensor agreement, and stability of inferred kinematics under 
plausible geometry ranges. 

Then run simple, auditable analyses: 

• Does a particular sensor mode correlate with higher “unresolved” rates even after 
controlling for distance and clutter? 

• Do unresolved cases cluster around certain cueing sequences? 

• Does cross-sensor coherence degrade under specific procedural steps rather than 
improving? 

Disconfirmation is crucial. Conditional observability is weakened if: 

• Detection probability is explained by mundane confounds (range, clutter, weather, line-
of-sight). 

• As instrumentation improves, unresolvedness decreases smoothly without leaving a 
structured remainder. 

• Cross-sensor coherence increases uniformly with better fusion and standardized 
procedures. 

The point is to create a test where the interface hypothesis has skin in the game: it predicts 
specific dependence patterns that can fail. 

8.2 Patterned missingness versus random missingness 

“Missing data” is the oxygen of the unresolved bucket. But not all missingness is the same. The 
interface hypothesis predicts patterned missingness, not merely missingness. 

Random missingness looks like: 

• Data absent because of equipment failure, logging gaps, late reporting, or coverage 
holes. 

• No strong relationship between missingness and observation posture once you account 
for operational constraints. 

• Improvement as sensors and processes improve. 

Patterned missingness looks like: 

• On/off legibility that correlates with sensor mode changes, cueing attempts, or 
procedural steps. 
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• Repeated modality divergence: radar sees something while EO/IR does not, or vice 
versa, in patterns that recur across cases. 

• Apparent “disappearance” that aligns with observation actions (lock attempts, 
illumination, vectoring) more than with environmental changes. 

• Missingness that persists even in high-quality collection contexts where random 
missingness should be rare. 

The operational challenge is to quantify missingness rather than narrate it. This is where 
analysts can borrow from reliability engineering and causal inference. 

A simple metric set could include: 

• Modality completeness score: which sensors were active and whether each produced a 
usable record. 

• Cross-cue response score: whether cueing from one sensor to another produced 
detection within a defined time window. 

• Track continuity score: how often tracks break and whether breaks correlate with 
procedural steps. 

• Representation compatibility score: how often modalities disagree beyond known 
calibration error bounds. 

You then compare distributions: 

• Do unresolved cases have missingness patterns statistically different from resolved 
prosaic cases? 

• Does missingness correlate with procedural variables even after controlling for range 
and clutter? 

• Does missingness show repeatable motifs (for example, “radar-only with intermittent 
lock breaks during cueing”)? 

Disconfirmation again matters. Patterned missingness is weakened if: 

• The patterns disappear when you correct for sensor and environmental confounds. 

• Similar patterns occur at equal rates in ordinary targets under similar conditions. 

• The patterns are explainable by known EW/jamming signatures or known sensor 
processing artifacts. 
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The interface hypothesis must be forced to compete against strong mundane explanations. If it 
cannot, it does not belong in serious analysis. 

8.3 Cross-context replication: platform, sensor mode, geography, mission type 

One reason UAP discourse gets stuck is that incidents are treated as unique stories. Engineering 
discipline demands replication across contexts. If interface-like conditionality exists, it should 
replicate as a pattern of dependence even when the “story” differs. 

A cross-context replication program asks: 

• Platform replication: Do similar conditional legibility patterns appear across aircraft 
types, ships, ground stations, or mixed networks? 

• Sensor replication: Do the same modality divergence motifs occur across different EO/IR 
systems or radar families? 

• Geographic replication: Do patterns persist across regions, or do they correlate with 
specific environmental or operational contexts? 

• Mission replication: Do the patterns occur in training, operational patrol, test 
environments, or only in high-alert circumstances? 

Importantly, replication here is not “the same object appears again.” It is “the same coupling-
dependent signature appears again.” 

A robust design uses matched comparisons: 

• For each candidate interface-like case, find matched controls: similar range, clutter, 
weather, traffic density, and platform, but involving known targets (aircraft, balloons, 
drones). 

• Compare missingness patterns, cross-sensor coherence, and geometry fragility. 

If the interface-like signatures are not distinguishable from control cases under matched 
conditions, the interface hypothesis loses. 

This replication logic also addresses a common failure mode: selection bias. If you only look at 
“weird cases,” you will always find weirdness. Replication across matched controls forces the 
analysis to show that “weirdness” is not just what happens when you cherry-pick hard-to-
measure events. 
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8.4 Pre-registered protocols to reduce narrative drift 

Narrative drift is the slow transformation of an ambiguous incident into a mythology. It happens 
through retelling, social contagion, motivated reasoning, and media incentives. Once drift 
occurs, it becomes impossible to know which details were observed and which were added. 

Ontology-aware testing must be protected from drift. The tool for that is pre-registration: 
define hypotheses, metrics, and decision rules before looking at the outcomes. 

Pre-registration does not require publishing to the public. It can be internal. The point is to lock 
the analytic criteria so that you cannot move the goalposts after you see the data. 

A pre-registered protocol for interface testing would include: 

• Hypotheses: explicit predictions about conditional observability (for example, detection 
probability depends on sensor mode even after controls). 

• Metrics: defined measures of missingness, coherence, and geometry fragility. 

• Inclusion criteria: which cases qualify for interface testing (for example, cross-sensor 
incoherence above a threshold, or repeated lock breaks during cueing). 

• Control selection: how matched controls are chosen and how many. 

• Statistical plan: how correlations will be tested and what counts as significant evidence 
versus exploratory. 

• Disconfirmation criteria: explicit conditions that would count against the interface 
hypothesis. 

Pre-registration matters because it transforms “ontology” from a story into an analytic 
commitment. It also protects the institution. If the interface hypothesis fails under pre-
registered tests, leadership can confidently say so. If it survives, leadership can justify deeper 
study without sounding credulous. 

8.5 Red-team designs: how an adversary would fake “interface effects” 

Any ontology-aware program must assume adversarial exploitation. If you publicly or internally 
treat “interface effects” as a possibility, an adversary could attempt to create incidents that 
mimic conditional legibility and modality divergence through deception, spoofing, and narrative 
manipulation. 

This is not a reason to avoid ontology. It is a reason to harden the tests. 
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A red-team design begins by listing how “interface effects” could be faked: 

• Electronic warfare spoofing: creating radar ghosts, intermittent tracks, or lock breaks 
correlated with cueing attempts. 

• Decoy drones or balloons: timed appearances that exploit parallax, lighting, and sensor 
limitations to produce “impossible motion” narratives. 

• Protocol manipulation: exploiting known sensor processing vulnerabilities or 
compression artifacts to create signature anomalies. 

• Human factors operations: seeding rumors, leaking edited clips, and amplifying stigma 
or sensationalism to distort reporting. 

• Range exploitation: targeting training contexts where confusion is more likely and raw 
data access is constrained. 

Then you design tests that separate interface-like signatures from adversary-like signatures. 

Examples of hardening strategies: 

• Spectrum and modulation analysis: if radar anomalies are present, test whether they 
bear fingerprints of jamming/spoofing known to EW doctrine. 

• Independent sensor redundancy: use modalities that are hard to spoof simultaneously, 
and require consistency patterns that deception would struggle to reproduce. 

• Chain-of-custody strictness: treat media without provenance as non-evidentiary for 
ontology testing. 

• Temporal unpredictability: if possible, vary observation protocols in ways unknown to 
potential adversaries, and test whether conditionality persists without giving an attacker 
a script. 

• Adversary cost modeling: evaluate whether the sophistication required to stage 
repeated “interface-like” incidents is plausible for known adversaries, given constraints 
and risk. 

A key red-team principle is symmetrical skepticism: if you are willing to consider an interface 
hypothesis, you must be equally willing to consider that any apparent interface signature could 
be deliberate deception or measurement artifact. The interface hypothesis should never be a 
privileged explanation. It should be a model class that must win against strong rivals, including 
adversarial fakery. 
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The payoff of all this discipline is not a final metaphysical conclusion. The payoff is operational: a 
pipeline that can say, with integrity, which cases behave like ordinary unknowns, which behave 
like adversary deception, which collapse under atmospheric or sensor explanations, and 
which—if any—continue to show structured conditionality that warrants deeper ontology-
aware investigation. 

That is what it means to make ontology empirically discussable: not to declare the world 
strange, but to build tests that force strangeness to earn its place. 

 

9. Analytic Posture: From “Proving” to “Discriminating” 

The most damaging move in UAP analysis is the demand to “prove” a grand conclusion. “Prove 
it’s aliens.” “Prove it’s not.” “Prove it’s advanced craft.” “Prove it’s just balloons.” These demands 
force analysts into rhetorical positions rather than analytic ones. They also reward 
overconfidence, because certainty is socially legible while disciplined ambiguity is often 
perceived as weakness. 

An ontology-capable UAP program needs a different posture: not proving, but discriminating. 
The question is not “Can we prove what it is?” The question is “Which model class best 
compresses the data, predicts the residuals, and survives disconfirmation attempts?” That 
posture is closer to engineering and science than to debate. It is also far more compatible with 
the realities of intelligence work, where data are partial, classification fragments context, and 
adversaries exploit narrative gaps. 

Discrimination is what analysts already do at their best: compare hypotheses, evaluate fit, and 
recommend next actions. The upgrade proposed here is to extend that discipline one layer 
upstream, to the level of ontology. Instead of treating objecthood as assumed and debating 
mechanisms inside it, the analyst learns to discriminate between ontology classes—object, 
atmospheric, adversary, interface—without turning the process into metaphysical theater. 

9.1 Humility as a technical method, not a spiritual mood 

Humility is often treated as moral advice: be modest, avoid arrogance, remember limits. That 
matters, but it is not sufficient. What UAP analysis requires is humility as a technical method: a 
set of practices that reduce error and improve model selection under uncertainty. 

Humility-as-method has concrete components: 

First, explicit assumptions. Analysts should state what they are assuming about geometry, 
sensor fidelity, and ontological class. Hidden assumptions are where mistakes breed, especially 
when sensational interpretations are available. 
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Second, confidence calibration. The analyst’s confidence should be proportional to the strength 
and redundancy of evidence, not to the emotional impact of the case. A vivid video is not high-
grade evidence by itself. A confident witness is not a calibrated instrument by itself. Humility 
means matching confidence to what the data can bear. 

Third, error budgeting. Every inference has error bars: range uncertainty, angle uncertainty, 
timing uncertainty, processing uncertainty. Humility means carrying those uncertainties through 
the analysis rather than collapsing them into a crisp story. Many “impossible” kinematics vanish 
when error budgets are honestly propagated. 

Fourth, model plurality. Humility means not treating one’s preferred model as reality. In 
practice, this means running multiple hypothesis families in parallel and comparing residuals. 
The analyst is not “open-minded” in a sentimental sense; they are disciplined about not over-
committing to a frame. 

Fifth, disconfirmation hunting. Humility means searching for the evidence that would 
embarrass your favored interpretation. This is especially important for interface framing 
because it is vulnerable to becoming a narrative that explains anything. Humility-as-method 
demands that the interface hypothesis be attacked, not protected. 

When humility is operationalized this way, it becomes an epistemic technology: a set of 
procedures that prevent analytic capture by either credulity or cynicism. 

9.2 The disciplined use of “unknown” 

“Unknown” is not a failure word. It is a controlled category. Used properly, it protects integrity. 
Used lazily, it becomes a junk drawer. 

A disciplined “unknown” does three things: 

First, it separates epistemic status from ontological status. “Unknown” means “not resolved 
with available evidence under current methods.” It does not mean “anomalous technology.” It 
does not mean “nothing happened.” It means the case cannot be confidently assigned to a 
category without overreach. 

Second, it records why the case is unknown. This is where most pipelines are too coarse. A 
mature system subtypes unknownness. Examples: 

• Unknown due to missingness: insufficient raw data, late reporting, no calibration, 
limited coverage. 

• Unknown due to contradiction: high-quality data streams disagree beyond known error 
bounds. 
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• Unknown due to geometry fragility: kinematics swing wildly under plausible distance 
assumptions. 

• Unknown due to classification barrier: unresolved publicly, potentially resolvable in 
compartment. 

• Unknown due to context dependence: signatures correlate with observation posture in 
a repeatable way. 

• Unknown due to possible deception: spoofing/jamming remains plausible but not 
provable. 

Third, it drives targeted next steps. Unknown is useful only if it points to discriminating 
collection: what exact additional data would resolve it, or at least discriminate between top 
model classes? If the answer is always “more sensors,” unknown becomes a permanent state. If 
the answer is “capture these context variables, run these cross-cue tests, replicate under these 
conditions,” unknown becomes a roadmap. 

A disciplined unknown is therefore a form of analytic honesty that still enables action. It is not a 
shrug. It is a structured admission of limits, coupled to a plan. 

9.3 Avoiding premature metaphysics while still testing ontology 

The fear that ontology talk “turns metaphysical” is legitimate. UAP discourse is full of leaps from 
ambiguity to cosmic conclusions. The solution is not to ban ontology. The solution is to 
distinguish ontology as model class from metaphysics as ultimate narrative. 

Ontology as model class asks: what kind of phenomenon best explains the data structure? It 
remains inside testable commitments: conditional observability, modality divergence, context 
dependence, replication patterns. 

Premature metaphysics is when you treat the interface hypothesis as an answer to ultimate 
questions: simulation claims, cosmic consciousness claims, nonhuman intent claims, 
spiritualized narratives, or total explanations of reality. Those are not ruled out by logic, but 
they are not licensed by UAP incident data. They exceed the epistemic warrant. 

The operational discipline is to keep ontology testing at the level of discriminators: 

• Does the data behave like object-target problems that converge under improved 
geometry and sensors? 

• Does it behave like atmospheric propagation and sensor artifact problems with known 
signatures? 
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• Does it behave like adversary deception problems with EW fingerprints and strategic 
clustering? 

• Or does it behave like coupling-dependent presentation problems, where legibility is 
conditional and residuals persist in patterned ways? 

You can test these without making claims about simulation, souls, or extraterrestrials. In fact, 
making those claims early destroys the testability of the work because it invites identity-driven 
argument and contaminates reporting. 

Ontology-aware analysis is not permission to be grand. It is a discipline of staying local: keep 
claims as small as the evidence, and let the structure of outcomes guide whether deeper 
questions are even appropriate to ask. 

9.4 What would count as disconfirmation of the interface hypothesis 

If the interface hypothesis cannot be disconfirmed, it should not be used. This is the most 
important safeguard. 

Disconfirmation criteria should be explicit and operational. Here are strong candidates. 

9.4.1 Convergence under improved instrumentation and geometry 

If cases that initially appear interface-like reliably collapse into prosaic explanations as soon as 
geometry is tightened and multi-sensor redundancy increases, that is evidence against the need 
for an interface ontology. The object/atmospheric/adversary models are sufficient. 

9.4.2 No measurable dependence on observation posture after controls 

If detection, track persistence, and cross-sensor coherence do not depend on sensor modes, 
cueing sequences, alert posture, or procedural actions once you control for range, clutter, 
weather, and platform differences, then “conditional legibility” is not supported. The apparent 
conditionality was selection bias or confounding. 

9.4.3 Missingness behaves like ordinary system failure, not patterned response 

If missingness patterns in unresolved cases match the missingness patterns in matched control 
cases (known targets under similar conditions), then “patterned missingness” is not a distinctive 
signal. It is just the normal behavior of sensors and operational logging. 

9.4.4 Interface signatures are explainable by known deception or artifact fingerprints 

If the strongest interface-like cases consistently show indicators of jamming/spoofing, 
processing artifacts, compression signatures, multipath propagation, or other known causes, 
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then the interface hypothesis is unnecessary. The correct ontology is still object/event, but the 
object may be an adversary deception or a measurement artifact. 

9.4.5 Failure to replicate across contexts 

If purported interface-like patterns do not replicate across platforms, sensor families, 
geographies, and mission types—once data quality is controlled—then the hypothesis is likely 
overfitting. True coupling-dependent phenomena should leave cross-context statistical 
fingerprints, even if “the same object” is not seen again. 

9.4.6 Pre-registered tests repeatedly fail 

If a sequence of pre-registered tests designed to detect conditional observability and modality 
divergence repeatedly fails, the organization should downgrade the interface model in the 
hypothesis hierarchy. This is how disciplined science behaves: hypotheses earn attention by 
surviving tests, not by being intriguing. 

The deeper point is that disconfirmation is not a rhetorical add-on. It is the engine of credibility. 
The interface hypothesis should be treated as a risky claim that has to pay rent in prediction. If it 
does not, it should be retired or relegated to a purely speculative annex. 

When an organization adopts this posture—discriminating rather than proving—it becomes 
harder to manipulate, harder to polarize, and better able to learn. It can say “unknown” without 
embarrassment, test ontology without metaphysical drift, and let disconfirmation govern what 
remains on the table. That is what mature analysis looks like when the phenomenon might be 
stranger than the frame, but the institution refuses to become strange in response. 

 

10. Policy and Governance Implications 

If the ontology-gap thesis is even partly correct, it has immediate policy consequences. Not 
because it forces an extraordinary conclusion, but because it exposes a systems problem: 
institutions are being asked to manage a category of incidents whose hardest feature may be 
representational rather than merely evidentiary. In that situation, bad governance does not look 
like “cover-up.” It looks like a well-meaning machine that rewards the wrong behaviors: 
underreporting, premature closure, and a public narrative that oscillates between “nothing” 
and “aliens.” 

The governance question is therefore not “What is the phenomenon?” The governance 
question is “How do we build a reporting and analysis ecosystem that stays credible and useful 
even when ontology is unsettled?” The aim is to preserve flight safety and national security 
while enabling disciplined uncertainty and model discrimination. 
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This section focuses on four areas where policy can either widen or narrow the ontology gap. 

10.1 Reporting pathways that do not punish ambiguity 

The most important governance lever is not a sensor. It is the reporting pathway. If reporting is 
punitive—socially, administratively, or professionally—then the dataset will remain biased, late, 
and narratively distorted. No amount of technical sophistication can recover what never gets 
reported or what is reported only after memory and rumor have done their work. 

A reporting pathway that does not punish ambiguity has several features. 

First, normalization. Reporting UAP should be administratively normal, not culturally exotic. It 
should sit alongside other safety and security reports: near-miss aviation hazards, 
electromagnetic interference anomalies, unexpected drone incursions, and sensor 
malfunctions. The act of reporting should not mark the reporter as credulous or unstable. It 
should mark them as responsible. 

Second, low-friction submission. The pathway should be easy, fast, and well-integrated with 
existing systems. High-friction forms produce late reports and selective reporting. The moment 
reporting feels like a career event, people will avoid it. 

Third, protected ambiguity. Reporters must be allowed to say, “I do not know what it was,” 
without being forced into either sensational language or prosaic language. Many distortions 
occur because people feel pressured to make the report sound respectable. They shave off 
uncertainty. That undermines analysis. 

Fourth, feedback loops. Reporters should receive structured feedback: not “you’re wrong,” and 
not “you saw something extraordinary,” but “here is what we can say, here is what we cannot 
say, here is what would make future reports more useful.” Feedback builds trust and improves 
data quality over time. 

Fifth, anti-ridicule norms enforced from the top. Stigma is not solved by posters. It is solved by 
leadership practices: no jokes in briefings, no informal penalties, no casual delegitimization. This 
is a governance issue because ridicule is a data-quality weapon. It functions like censorship by 
discouraging reports. 

Finally, reporting pathways should include a “no-harm” promise: submitting an ambiguous 
report will not trigger punitive mental-health scrutiny by default. Obviously, any institution must 
maintain safety. But if people fear that reporting odd events will be treated as pathology, 
reporting will collapse. 
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These changes are not metaphysical. They are operational. They treat UAP reporting as a safety 
and intelligence hygiene issue: reduce stigma, reduce friction, protect ambiguity, and collect 
better data. 

10.2 Data standards that include context variables without sensationalism 

If interface-like conditionality is possible, then the most valuable data may not be higher-
resolution imagery. It may be context variables that tell you how observation conditions shape 
legibility. 

The challenge is that context variables can sound sensational if phrased poorly. “Did the 
phenomenon respond to you?” invites story. But “What actions were taken, and what changes 
followed within defined time windows?” invites measurement. 

Good data standards therefore require two design principles: 

• Context as metadata, not narrative. Capture observation posture variables in 
standardized, boring fields. 

• Neutral language. No metaphysical prompts. Only procedural and environmental facts. 

A context-inclusive standard might include fields such as: 

• Platform type, sensor suite type, sensor modes active, processing pipeline version. 

• Cueing sequence: what triggered what, in what order, with timestamps. 

• Operator actions: lock attempts, illumination, maneuvers, communications, engagement 
posture. 

• Environmental context: weather layers, sea state, visibility, known atmospheric 
anomalies. 

• Operational context: mission type, alert posture, training vs operational, restricted area 
status. 

• Data handling: what raw data were preserved, what was compressed, what was lost, and 
why. 

The key is to collect these variables routinely for all relevant incidents, not only “weird” ones. 
Otherwise you cannot distinguish conditional legibility from selection bias. You need control 
cases. That means the same standards should apply to known targets and routine anomalies, so 
that statistical comparisons are possible. 

Data standards should also include uncertainty fields rather than forcing point estimates. If a 
witness estimates range but is unsure, record the uncertainty. If a sensor’s calibration state is 
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uncertain, record it. Many false “anomalies” are born when uncertain estimates are treated as 
precise. 

Finally, standards should include case subtype tags for “unknownness,” so that unresolved 
cases can be analyzed as different kinds of unresolved rather than a single bucket. This alone 
would improve governance because it allows leadership to track whether unknownness is 
shrinking due to better collection or persisting in specific structured forms. 

10.3 Oversight: separating national security secrecy from epistemic confusion 

One of the most corrosive dynamics in UAP governance is the conflation of secrecy with 
confusion. When the public sees silence, they interpret it as deception. When officials cannot 
explain, the public interprets it as incompetence. Both may be wrong. But the institution loses 
trust anyway. 

Oversight mechanisms must therefore do two things at once: 

• Protect legitimate national security secrecy. 

• Prevent secrecy from becoming a cover for epistemic disorder or institutional avoidance. 

A useful approach is to formalize oversight interfaces that can audit epistemic integrity without 
forcing public disclosure of sensitive details. 

Concrete governance tools include: 

First, compartmented independent review. A small oversight body with appropriate clearances 
can evaluate whether cases labeled “unresolved” are unresolved because of missing data, 
because of classification barriers, or because of genuine analytic difficulty. The public does not 
need the details. The oversight body needs to know whether the system is functioning. 

Second, auditable decision rules. The pipeline should have documented thresholds for closure 
and escalation. Oversight can then ask: are closures being made consistently? Are escalations 
being triggered appropriately? Are “unknown subtypes” being tracked honestly? 

Third, separation of duties. The same office that protects programs should not be the only 
office deciding whether an incident is prosaic. Program protection is necessary, but it introduces 
a conflict: the incentive to minimize attention can bias dispositions. Oversight should ensure 
that program protection does not silently rewrite ontology. 

Fourth, metrics that do not reward premature closure. If leadership metrics emphasize high 
resolution rates, offices will close cases. If metrics emphasize data quality, replication, and 
reduction of “unknown due to missingness,” offices will improve collection without shaving off 
ambiguity. Oversight should demand the right metrics. 
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Fifth, a protected channel for “ontology review” findings. If an ontology-capable pipeline flags 
structured conditionality or cross-sensor incompatibility, that finding may itself be sensitive. 
Oversight needs a place to see whether such flags exist, how often they occur, and whether they 
lead to rigorous follow-up rather than suppression or sensationalization. 

None of these mechanisms require public confirmation of extraordinary claims. They require 
only that the institution maintain epistemic integrity under classification. 

10.4 Communication to the public: what to say when ontology is in question 

Public communication is where UAP governance often fails, because the public wants binary 
answers and institutions can rarely provide them. The wrong response is to swing between two 
extremes: 

• Total dismissal: “Nothing to see here.” 

• Implied confirmation: “We don’t know what these are,” delivered with theatrical 
ambiguity. 

An ontology-aware public posture is more mature. It says: 

• Many reports have ordinary explanations. 

• A subset remain unresolved for normal reasons (limited data, late reporting). 

• We are improving data quality and standardization. 

• We are also testing whether unresolvedness has structure that indicates model 
mismatch. 

• No extraordinary conclusions are warranted at this time. 

• Our process includes disconfirmation criteria and independent oversight. 

The public message should be designed around process credibility, not “answers.” The 
institution should communicate what it can defend: 

• What categories exist and what they mean. 

• What “unresolved” means and what it does not mean. 

• What data improvements are being made. 

• What safeguards prevent narrative drift and sensationalism. 

• What oversight exists and what it audits. 
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It should also communicate what it will not do: 

• It will not speculate about nonhuman origins without evidence. 

• It will not use ambiguous clips as proof of extraordinary claims. 

• It will not ridicule reporters or suppress reporting through stigma. 

• It will not treat all unknowns as identical. 

Finally, communication should include one subtle but vital reframing: uncertainty is not 
ignorance; it is an honest state with a plan. The public can tolerate “we don’t know” when they 
believe the institution has a credible method for finding out, and when “we don’t know” is not 
being used as a political instrument. 

When ontology is in question, the most responsible thing to say is not “the world is strange.” It 
is: “our models have limits; we are testing those limits in disciplined ways; we have strong 
controls against deception and self-deception; and we will report what we can when evidence 
supports it.” That is how governance stays stable in the presence of deep uncertainty. 

This is the policy payoff of the paper’s central claim: treating the ontology gap as an engineering 
problem enables governance that is neither credulous nor dismissive, but method-driven—and 
therefore capable of retaining legitimacy even when the phenomenon resists easy 
categorization. 

 

11. Implications for Science and Philosophy Without Losing the Plot 

The moment you introduce ontology into UAP analysis, you step onto unstable ground. The 
topic is culturally charged, epistemically messy, and attractive to grand narratives. That is why 
this section exists: to acknowledge the scientific and philosophical implications of an interface 
framing while keeping the work anchored to the paper’s main purpose—building an analytic 
pipeline that can discriminate model classes under real-world constraints. 

“Without losing the plot” means: no sweeping metaphysics, no simulation sermons, no claims 
of cosmic consciousness as if they were conclusions of incident analysis. It means: keep 
philosophy as a tool for clarity, keep science as a method for testability, and keep governance as 
the boundary condition. If interface framing has value, it should improve operational reasoning 
first. Only then do broader implications become worth discussing—and even then, cautiously. 
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11.1 How interface framing interacts with physics claims 

Public UAP discourse often jumps from strange observations to physics claims: “they defy 
inertia,” “they break known laws,” “they have anti-gravity,” “they move faster than light.” Most 
of these claims are not physics. They are kinematics inferred from uncertain geometry. 

An interface framing changes what it even means to make a physics claim. 

Under an object ontology, physics claims follow the standard pattern: 

• We observe position over time. 

• We infer velocity and acceleration. 

• We compare those values to known constraints (inertia, propulsion, energy, sonic 
booms). 

• If inferred values exceed constraints, we propose exotic mechanisms. 

Under an interface ontology, that chain is not automatically valid because the first step is not 
guaranteed. “Position over time” may not be a stable description of what is being observed. The 
data may be a presentation layer whose changes look like motion but are not motion in the 
physical sense. 

This yields a discipline rule: 

• Do not treat kinematic weirdness as physics violation unless the object ontology is 
secured. 

Securing object ontology means showing that the phenomenon behaves like a stable entity 
across sensors and contexts, with track continuity, coherent geometry, and consistent cross-
modal signatures that support the inference of location and motion. Without that, exotic 
kinematics is often an artifact. 

Interface framing therefore interacts with physics claims in two ways: 

First, it raises the bar for “physics violation” talk. It says: before you claim new physics, prove 
that you are tracking an object rather than a coupling-dependent signature. This is a skeptical 
move in the best sense. It reduces sensational overreach. 

Second, it opens a different class of physics questions that are less about propulsion and more 
about information and measurement: 

• What kinds of systems generate outputs that look object-like under some conditions and 
not others? 
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• How do sensor pipelines and inference layers “manufacture” objecthood from signals? 

• What are the limits of fusion when modalities disagree? 

• How does adaptive deception exploit measurement assumptions? 

These questions are still physics-adjacent, but they are closer to signal processing, 
measurement theory, and inference under uncertainty than to exotic propulsion. 

In other words, interface framing does not automatically imply new fundamental physics. It 
often implies a more disciplined relationship to physics: less fantasy about engines, more rigor 
about what the measurements actually warrant. 

11.2 Phenomenology as structured data, not anecdote 

One of the fastest ways to lose credibility is to treat subjective experience as proof. But it is 
equally foolish to treat subjective experience as irrelevant, especially when the phenomenon 
under study may involve perception, attention, and context dependence. 

The right posture is to treat phenomenology as structured data. 

“Phenomenology” here does not mean mystical interpretation. It means: what was 
experienced, how it was experienced, under what conditions, and how those conditions might 
shape what was reported. In ordinary intelligence work, humans are sensors. Human reports 
are evaluated for reliability, bias, and context. UAP is no different—except that stigma and 
narrative contagion are stronger. 

Interface framing makes phenomenology more important in a specific way: if conditional 
legibility is a hypothesis, then the human-side variables may be part of the coupling. But this 
only helps if phenomenological data are collected with discipline. 

That implies: 

• Standardized, neutral questions that capture perceptual conditions (lighting, angle, 
motion of observer, stress level, task load) and temporal order (“what happened first, 
then what changed?”). 

• Time-stamped sequences of actions and perceptions, rather than global story 
summaries. 

• Uncertainty capture (“I’m not sure,” “distance unknown,” “size uncertain”), treated as 
valuable rather than embarrassing. 

• Separation of observation from interpretation (“I saw a light change intensity” versus 
“it responded to me”). 
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Phenomenology becomes dangerous when it becomes narrative. It becomes useful when it 
becomes metadata. A disciplined interface-capable pipeline would treat human reports as one 
channel among others, with calibrated weight and structured fields that allow comparison 
across cases. 

The aim is not to elevate anecdotes. The aim is to prevent the system from discarding the only 
information that might record context variables relevant to conditional legibility—while still 
maintaining the hierarchy of evidence. 

11.3 The risk of cultic capture and the need for guardrails 

Any discussion of ontology in the UAP domain attracts cultic dynamics. This is not a moral 
accusation. It is a predictable sociological fact. When institutions say “unknown,” some people 
hear “permission.” They fill the gap with grand meaning. They form identity communities 
around interpretations. They treat ambiguous evidence as sacred tokens. They attack 
disconfirming information as betrayal. 

Interface framing increases this risk because it can be misread as a bridge to simulation claims, 
spiritual claims, or nonhuman agency claims. Even if the paper insists on operational discipline, 
the cultural ecosystem will try to convert “interface” into metaphysical certainty. 

Therefore guardrails are not optional. They are part of the engineering. 

Guardrails include: 

• A strict claim ladder: data → patterns → model discrimination → constrained 
hypotheses → only then broader speculation, and only with explicit uncertainty. 

• No-sacred-token policy: no single video, whistleblower story, or dramatic case is allowed 
to carry the weight of ontology claims. Only cross-context replicated patterns count. 

• Disconfirmation primacy: the interface hypothesis must be actively attacked with tests, 
including adversary deception models. 

• Provenance discipline: social-media clips without chain-of-custody are non-evidentiary 
for ontology testing. 

• Stigma reduction without credulity: make reporting safe, but keep interpretation 
disciplined. 

• Separation of analysis from community formation: the institution should not create 
“belief communities” around UAP. It should create audit trails. 

These guardrails protect both science and governance. Without them, “ontology” becomes a 
cultural accelerant. With them, ontology becomes a legitimate analytic variable. 
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11.4 A plural vocabulary that keeps the analysis interoperable 

A final challenge is language. Different communities use different vocabularies: 

• Intelligence analysts speak in terms of reporting, sources, confidence, and disposition. 

• Engineers speak in terms of pipelines, error budgets, and model residuals. 

• Scientists speak in terms of hypothesis testing, replication, and falsification. 

• Philosophers speak in terms of ontology, phenomenology, and category error. 

• The public speaks in terms of “aliens,” “cover-ups,” and “proof.” 

If the paper’s argument is to matter, it must provide a plural vocabulary that keeps the analysis 
interoperable across these audiences without collapsing into sensationalism. 

Interoperable vocabulary means: 

• Use “model class” alongside “ontology” so analysts can treat ontology as a hypothesis 
family rather than a metaphysical proclamation. 

• Use “conditional observability” rather than “it chooses when to appear.” 

• Use “patterned missingness” rather than “it’s cloaking” or “it’s dematerializing.” 

• Use “cross-sensor incoherence” rather than “it breaks physics.” 

• Use “context dependence” rather than “it responds to consciousness.” 

• Use “disconfirmation criteria” as a non-negotiable anchor. 

This vocabulary does not erase the mystery. It makes it discussable without turning it into a 
belief contest. It also creates a bridge between domains: analysts can write it, engineers can 
implement it, scientists can test it, and oversight bodies can audit it. 

The central promise of an ontology-aware approach is not that it will deliver an extraordinary 
answer. The promise is that it will prevent extraordinary confusion. It lets science and 
philosophy inform the work without hijacking it, it turns phenomenology into structured inputs 
instead of mythology, it anticipates and blocks cultic capture, and it offers language that keeps 
multiple institutions aligned on what is being claimed and what is not. 

That is how you acknowledge implications without losing the plot. 
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12. Conclusion: Upgrading the Frame 

12.1 The core synthesis in one paragraph 

The central claim of this paper is simple: the hardest UAP cases may persist not only because 
data are limited, but because the analytic frame presupposes objecthood. Government 
tradecraft is excellent at triaging objects, events, and attributions under uncertainty, but it has 
no stable layer for treating ontology as a variable—no formal place to ask what kind of 
phenomenon would make “object, track, propulsion, and signature” the wrong starting 
questions. An ontology-capable pipeline does not require metaphysical belief. It requires 
engineering discipline: treat interpretive frames as parameters, run multiple model families in 
parallel, measure patterned missingness and cross-sensor incoherence as potential signals 
rather than mere deficits, and pre-register discriminating tests with explicit disconfirmation 
criteria. The payoff is governance integrity: better reporting, better datasets, better resistance 
to ridicule and cultic capture, and a public posture that can tolerate “unknown” without 
theatrics. Upgrading the frame does not guarantee extraordinary answers. It guarantees a more 
credible way to discover whether extraordinary answers are even warranted. 

12.2 What changes if ontology becomes explicit 

If ontology becomes explicit, several changes follow immediately—none of them exotic, all of 
them structural. 

First, unknown stops being a single bucket. Instead of “unresolved,” cases are tagged by why 
they are unresolved: missing data, contradiction, geometry fragility, classification barrier, 
possible deception, or context dependence. This alone transforms learning. The institution can 
see whether process improvements are shrinking the “missingness” category while leaving a 
patterned remainder, or whether all unknownness is simply operational noise. 

Second, data collection becomes richer without becoming sensational. Context variables—
sensor modes, cueing sequences, procedural actions, alert postures—become first-class fields 
rather than optional narrative color. Analysts stop treating context as merely “noise” and begin 
treating it as a possible discriminator. This improves ordinary resolution and makes interface-
style claims empirically testable. 

Third, analysis becomes multi-model by default. Object, atmospheric, adversary, and interface 
model families compete within the same pipeline under the same discipline: predictive 
compression and falsifiability. The interface model is no longer a cultural claim. It becomes a 
hypothesis class that can be weakened, strengthened, or retired based on outcomes. 

Fourth, the instrumentation reflex becomes smarter. Instead of “we need more pixels” as the 
universal remedy, the system learns when “more pixels” helps and when “more pixels” 
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produces cross-sensor divergence that signals a potential model mismatch. Instrumentation 
remains central, but it becomes targeted: aimed at discriminating model classes rather than 
simply increasing resolution. 

Fifth, oversight gains a new audit surface. Oversight bodies can evaluate whether unknownness 
is being honestly categorized, whether closures are consistent, and whether classification 
barriers are distorting dispositions. This reduces the corrosive conflation of secrecy with 
confusion. 

Sixth, public communication improves. The institution can say, with credibility: many cases are 
prosaic; some remain unresolved for ordinary reasons; we are improving data standards; and 
we are testing whether a subset shows structured failures that suggest model mismatch—
without implying aliens, without ridicule, and without mystery theater. 

Most importantly, making ontology explicit forces the organization to confront an 
uncomfortable truth: analytic failure is sometimes produced by the analytic frame itself. That is 
not a scandal. It is normal in complex systems. Naming it is the first step to engineering around 
it. 

12.3 A next-step blueprint for an ontology-capable UAP office 

An “ontology-capable UAP office” does not mean an office that endorses extraordinary 
interpretations. It means an office architected to detect when its representational assumptions 
are the limiting factor. What follows is a practical blueprint—minimal enough to be 
implementable, strong enough to matter. 

12.3.1 Charter and scope 

• Define the office’s mission as risk management plus epistemic integrity: protect safety 
and security, reduce unknownness where possible, and maintain disciplined uncertainty 
where not. 

• Explicitly include model-discrimination in the charter: the office is authorized to test 
competing ontology classes, not merely to assign attributions within an object frame. 

12.3.2 Reporting and stigma mitigation 

• Integrate UAP reporting into standard safety/security channels to normalize it. 

• Establish anti-ridicule norms and protected ambiguity: reporting “unknown” is treated 
as responsible, not embarrassing. 

• Provide feedback loops to improve report quality without punishing uncertainty. 
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12.3.3 Data standards and storage architecture 

• Build a standardized incident packet with two layers: 

o Raw observation layer: sensor settings, calibration state, timestamps, chain-of-
custody, environmental context, and structured human observations. 

o Model layer: derived quantities generated separately under each model family. 

• Require context variables as standard fields: sensor mode, cueing sequence, procedural 
steps, alert posture, mission type, and processing pipeline version. 

• Include explicit uncertainty fields and provenance tags. 

12.3.4 Multi-model analytic pipeline 

• Run four model families by default: object, atmospheric, adversary, interface. 

• Use common evaluation standards: residual error, cross-sensor coherence, replication 
patterns, and disconfirmation criteria. 

• Treat interface analysis as a second-pass module triggered by thresholds, not as the 
default narrative. 

12.3.5 Escalation thresholds and ontology review 

• Define auditable thresholds for escalation: cross-sensor incoherence, geometry fragility, 
patterned missingness, standardization failure, and context correlation. 

• Convene a small ontology review panel trained in signal processing, EW, sensor physics, 
and model selection—plus one or two methodologists skilled in experimental design and 
falsification logic. 

• Require every ontology review to produce: 

o a statement of assumed ontology classes, 

o evidence for and against each, 

o a pre-registered discriminating test plan, 

o explicit disconfirmation conditions. 

12.3.6 Pre-registration and narrative control 

• Implement internal pre-registration for interface-related tests to prevent goalpost 
moving. 
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• Enforce a strict provenance policy: social-media artifacts are separated from evidentiary 
datasets. 

• Maintain a “no sacred token” policy: no single incident drives ontology claims; only 
replicated patterns do. 

12.3.7 Red-team and adversary hardening 

• Maintain a standing red-team function that continuously models how adversaries could 
simulate interface signatures through EW, decoys, and narrative operations. 

• Require that any interface-like finding be evaluated against adversary fakery hypotheses 
and known sensor artifact fingerprints. 

12.3.8 Oversight interface 

• Provide cleared oversight bodies with visibility into: unknown subtypes, closure criteria, 
escalation rates, classification barriers, and results of pre-registered tests—without 
requiring public disclosure of sensitive details. 

• Track metrics that reward epistemic integrity: reduction of “unknown due to 
missingness,” increased data completeness, and improved replication design—not 
merely “case closure rate.” 

12.3.9 Public communication posture 

• Communicate process, not spectacle. 

• Use interoperable vocabulary: model classes, conditional observability, patterned 
missingness, cross-sensor coherence, disconfirmation criteria. 

• Be explicit about what “unknown” means and what it does not mean. 

This blueprint is deliberately modest. It does not assume a particular answer to the UAP 
question. It assumes something more basic: that institutions should be built to recognize when 
they are asking the wrong kind of question. Upgrading the frame is not a leap into metaphysics. 
It is a return to disciplined inquiry—where even ontology, the most easily sensationalized word 
in this domain, is treated as a controlled variable, tested against reality, and retired when it fails. 

That is what it would mean to close the ontology gap: not by announcing what the 
phenomenon is, but by building an institution capable of learning what it is without sacrificing 
rigor, credibility, or public trust. 
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