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Abstract

Artificial intelligence has crossed a threshold in how it presents to people. In pre-registered three-party
Turing tests, a persona-prompted language model was judged human more often than the human it was
compared with; listeners can no longer reliably tell cloned Al voices from real ones; and such systems now
drive cars and act for absent users. As capability rises, the decisive question is no longer whether Al can
communicate like a person, but whether it communicates with people comfortably, usefully, and honestly.
We propose Artificial eXperience Intelligence (AXI), an engineering discipline whose central construct, the
AXI Bridge, is a runtime control plane between any Al capability and human cognitive bandwidth, governed
by the rule of human-grade naturalness with machine-grade honesty. AXI specifies a five-layer architecture
with API contracts, nine design principles, seven telemetry-anchored metrics, and a multiplicative score
whose consent and integrity gates cannot be averaged away; an autonomy profile adds bystander-legibility
and safety-case gates for vehicles and robots. In a retrospective analysis of eight documented incidents
(2018-2025), AXI’s hard requirements would have constrained the harmful action in three and its metrics
target the failure signature in three; two lie outside its scope. Operationally, a live tutoring platform recorded
about 3,000 sessions in one week, with roughly 90% of that week’s users returning within it, and developers
informally observed a positive reception of a near-human avatar in a 150-participant pilot; these observations
are descriptive, not evidence of effectiveness. We specify four validation studies and an inter-rater reliability
check for pre-registration.

Keywords: human-Al interaction; humanlike AI; conversational and voice Al; agentic Al; automated driving;
trust calibration; Al transparency; consent; experience design; AXL

ACM CCS 2012: Human-centered computing: HCI theory, concepts and models; Human-centered computing;:
Interaction design theory, concepts and paradigms; Computing methodologies: Artificial intelligence.

1. Introduction
1.1 From robotic to indistinguishable

Earlier conversational systems were recognizably mechanical: scripted, slow to respond, and brittle when
interrupted. By 2025 that boundary had largely dissolved. In pre-registered three-party Turing tests, GPT-4.5
prompted with a humanlike persona was judged to be the human 73% of the time, more often than the real
human participant [1]. Listeners could not reliably distinguish voices cloned with commercially available
tools from genuine human speech [2]. The same systems reach a mass audience, with ChatGPT alone at
approximately 900 million weekly active users by early 2026 [3], and they increasingly act as well as speak:
Waymo reported approximately 500,000 paid driverless rides per week in March 2026 [4]; UNECE adopted
the first global regulations for driverless automated driving systems in June 2026 [5]; software agents act
under delegated authority through protocols such as MCP, Agent2Agent, and the Agent Payments Protocol
[6][7][8]; and consumer humanoid robots are entering homes [9].

Trust has not kept pace (Table 1): fewer than half of people globally are willing to trust Al although two-
thirds use it regularly [10], a majority of U.S. adults are more concerned than excited about it [11], and
reported Al incidents are rising [12]. Regulators have begun to respond to realism directly: the U.S. Federal
Communications Commission treats Al-generated voices in robocalls as artificial voices under the Telephone
Consumer Protection Act [13], and the EU Al Act has required disclosure of Al interaction since 2 August
2026 [14][15].

Indicator Value Source

Persona-prompted GPT-4.5 73% [1]
judged human in three-party
Turing tests
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Indicator Value Source
Cloned Al voices judged human  58% (62%) [2]
(real voices judged human)

ChatGPT weekly active users ~900M [3]
(early 2026)

Waymo paid driverless rides per ~ ~500,000 [4]
week (Mar. 2026)

Global willingness to trust Al / 46% / 66% [10]
regular use

U.S. adults more concerned than ~ 51% [11]
excited about Al

Customers preferring no Al in 64% [16]
customer service

Al-related incidents, year-on-year +56.4% [12]
rise (2024)

Table 1. Capability, realism, and trust: published indicators.

1.2 Problem and approach

The indicators point to an inversion. The historical problem of human-Al interaction was that machines were
too unlike people; the emerging problem is that they are convincingly like people while remaining different
in what they know, what they can do, and whom they answer to. Capability will keep rising, possibly beyond
human level in many domains, but human attention, working memory, and the pace at which trust is earned
will not. Whatever its intelligence, an Al system creates value for people only through its interface with
human cognition. We argue that this interface should be engineered as a layer in its own right, a bridge, that
satisfies two requirements at once: human-grade naturalness, so that people are comfortable and get what they
need, and machine-grade honesty, so that comfort never rests on deception.

Documented failures show what happens when that layer is missing (Section 6.1): a driverless vehicle that
began a pull-over maneuver with an undetected pedestrian beneath it [17], a coding agent that deleted a
production database during an explicit code freeze [18], and a chatbot update withdrawn because optimizing
short-term approval produced sycophancy [19]. None was primarily a failure of intelligence. The problem
spans three regimes (conversational systems that respond, agentic systems that act while the user is absent,
and autonomous systems that act in shared physical space) and more than one kind of human: the person
who delegates, the person who supervises, the person who rides along, and the person who simply shares
the street. Artificial eXperience Intelligence (AXI) addresses all three. It is capability-agnostic, making no claims
about artificial general intelligence or superintelligence and applying unchanged as models improve, and it
is distinct from the practitioner notion of agent experience, which concerns Al agents as users of software.

We address three research questions. RQ1: What runtime architecture and obligations allow Al systems to
interact with humans naturally yet honestly across conversational, agentic, and autonomous regimes (Section
4)? RQ2: How can those obligations be measured and scored so that non-compensable failures cannot be
averaged away (Sections 4.5 and 4.8)? RQ3: Do AXI’s mechanisms correspond to documented failures and
remediations, and how can the framework be validated prospectively (Section 6)?
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1.3 Contributions

1. A definition of AXI as an engineering discipline governed by human-grade naturalness with machine-
grade honesty, spanning conversational, agentic, and autonomous regimes, with a model of four human
roles: principal, supervisor, occupant, and bystander (Sections 4.1, 4.8).

2. The AXI Bridge specification: a five-layer reference architecture, API contracts, a latency budget, Trust
Ledger and Consent Broker schemas, irreversibility handling, a signed mandate envelope with a rollback
protocol, and nested conformance profiles (Sections 4.2-4.3, 4.6, 4.8-4.9).

3. A gated evaluation model: nine principles, seven telemetry-anchored metrics, sycophancy-resistant
integrity probing, an overtrust guard, seven Deception Guardrails, and a multiplicative score whose gates
encode non-compensable harms (Sections 4.4-4.5, 4.7).

4. Evaluation against independent evidence: a retrospective analysis of eight documented incidents, with
analysis of operators’ remediations (Section 6.1).

5. Field observations and a validation protocol: aggregate observations from two deployments and four
prospective studies specified for pre-registration (Sections 6.2-6.3).

Many AXI ingredients have precedents: design guidelines for human-Al interaction [20][21], trust-calibration
theory [22][23], automotive takeover and external-HMI research [24][25], safety-case regulation [5][26], and
signed payment mandates [8]. What no prior instrument provides, to our knowledge, is their integration into
one runtime layer that enforces experience obligations during operation, scores them with non-compensable
gates, and applies across chat, delegated agents, and autonomous machines (Table 9).

2. Literature Review
2.1 From capability to humanlike interaction

Progress in Al has been measured mainly by capability, from Turing’s imitation game [27] to frontier models
approaching or exceeding human performance on a broad range of tasks [28]. Agentic systems interleave
reasoning with tool use [29][30][31] and now operate browsers and computers [32][33][34]; multimodal
models perceive faces, scenes, and documents alongside speech [35][36]; and embodied Al grounds behavior
in physical interaction [37][38]. Their evaluation centers on task success. The imitation game itself has now
been passed under controlled conditions [1], shifting attention to the humans on the other side.

Conversational Al has pursued humanlike dialogue since ELIZA [39]. Human conversation is tightly timed:
across languages, the typical gap between turns is about 200 ms [40], so latency, interruption handling, and
backchanneling are part of perceived naturalness. The uncanny valley [41] describes the discomfort provoked
by agents that are almost, but not quite, human; recent systems have largely crossed it in text [1] and voice
[2], and full-duplex speech models that listen while speaking [42] make natural timing attainable. People
respond to computers as social actors [43], and affective computing has long sought to recognize and express
emotion [44][45]. The design problem has shifted from achieving realism to governing it.

2.2 Disclosure, anthropomorphism, and reliance

The evidence on disclosure is not one-sided. In a field experiment, undisclosed chatbots sold as effectively as
proficient human agents, but disclosing the bot before the conversation sharply reduced purchases [46]; in
cooperation games, bots lost their advantage once their nature was revealed [47]; and across thirteen pre-
registered experiments, disclosing Al use lowered trust, although concealment that was later exposed lowered
it further [48]. Anthropomorphic cues shape reliance on dialogue systems [49], deceptive behavior has been
documented in deployed AI[50], and the relational risks of humanlike assistants have been analyzed at length
[51]. A four-week randomized study (n = 981) found that heavier chatbot use correlated with loneliness
and emotional dependence [52]. Preference-trained models tend toward sycophancy [53], and in April 2025
OpenAl withdrew a GPT-40 update that had over-weighted short-term feedback [19], an experience-metric
failure as much as a model failure. Law is converging on realism-indexed disclosure: California requires
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notification whenever a reasonable person could be misled into believing they are interacting with a human
[54], extending earlier bot-disclosure rules in California [55] and Utah [56]. AXI therefore treats disclosure as
an engineering problem and emotional reliance as an outcome to monitor, not an engagement metric.

2.3 Human-centered design and human-automation interaction

HCl established principles of consistency, feedback, and recovery [57][58]; presence research characterized the
sense of being with a mediated other [59][60]; and Lee and See defined appropriate reliance as trust calibrated
to capability [22]. Explanations alone do not secure appropriate reliance and can increase over-reliance
on incorrect recommendations [61][62]. Integrative guidelines, namely Amershi et al.’s 18 guidelines for
human-AlI interaction [20], the People + AI Guidebook [21], human-centered AI [63], and UX 3.0 [64], directly
inform AXI’s principles but operate at design review rather than at runtime.

Human-factors research on automation predates language models. The more reliable automation becomes,
the less prepared its human monitor is to intervene [65]; automation is misused through overreliance [66];
and situation awareness [67] and layered trust [23] explain why supervisors fail when needed, with system
performance the strongest driver of trust in robots [68]. Automated driving operationalizes these results: SAE
J3016 defines automation levels and fallback responsibilities [69], drivers need several seconds to resume
control [24], and external HMIs communicate a driverless vehicle’s intent to pedestrians [25]. Safety-assurance
instruments, namely ISO 21448 [70], UL 4600 [26], and UN GTR No. 26 with UN Regulation No. 185, which
require safety-case validation, in-service monitoring, and a data recorder for automated driving [5], ask
whether a system is acceptably safe. They say comparatively little about whether it is legible and honest
toward the people it serves and encounters.

2.4 Runtime enforcement, delegated authority, and governance

Enforcing properties at runtime has a long history. The Simplex architecture pairs a high-performance
controller with a verified safety controller that takes over when monitored conditions are violated [71],
and runtime verification checks executions against formal specifications as they occur [72]. For language
models, programmable guardrails constrain dialogue flows [73] and classifier-based safeguards screen inputs
and outputs [74]. AXI adopts this monitor-and-enforce pattern; what differs is what it enforces. Existing
mechanisms target safety envelopes and content policies, whereas the AXI Bridge enforces experience
obligations toward humans (consent, honesty about identity and actions, pacing, repair, and legibility), scores
them with non-compensable gates, and spans conversational, agentic, and embodied systems. Guardrail
classifiers are natural implementations of AXI’s runtime integrity check (Section 4.3.1).

The Model Context Protocol [6] and the Agent2Agent protocol [7] standardize how agents reach tools and
each other. The Agent Payments Protocol represents user authorization as signed mandates, including
a human-not-present flow in which a pre-signed Intent Mandate bounds what an agent may buy [8]; it
independently arrives, for payments, at the construct AXI calls the mandate envelope. More generally,
authenticated-delegation frameworks extend web authorization protocols so that agents act within verifiable,
user-scoped permissions [75], and security guidance lists prompt injection and excessive agency among the
principal risks of LLM applications [76]. Governance instruments, namely the NIST Al Risk Management
Framework [77], the EU Al Act, whose Annex III high-risk obligations were deferred to December 2027
[14][15], ISO/IEC 42001 [78], and Singapore’s framework for agentic Al [79], set audit and transparency
expectations onto which AXI’s consent and integrity metrics map. AXI is offered alongside these instruments,
not against them.

3. Methodology

The work follows a design-science research approach, in which an artifact is specified from requirements
grounded in prior knowledge and then evaluated against its intended use [80]. We (1) identified the problem
from research on humanlike Al, population-scale trust surveys, and deployment data (Section 1); (2) mapped
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adjacent research, standards, and protocols (Section 2); (3) synthesized layers, principles, metrics, and human
roles, each traceable to prior work; (4) translated them into a runtime specification with API contracts,
schemas, a latency budget, conformance profiles, and a gated score (Section 4); (5) evaluated the specification
against eight publicly documented incidents using a predefined coding protocol (Section 6.1; Appendix B);
and (6) report aggregate field observations from two systems that instantiate the architecture (Section 6.2).
The specification was revised iteratively through internal review and external feedback.

4. The AXI Framework
4.1 Definition and scope

We propose Artificial eXperience Intelligence (AXI) as an engineering discipline whose unit of optimization
is the quality of a human'’s lived experience of an Al system. AXI specifies a runtime control plane (the AXI
Bridge), a five-layer reference architecture (the AXI Stack), nine design principles, seven metrics, and a gated
score (the AXI Score) for synchronous, asynchronous (deferred), and autonomous embodied interaction.
Where classical Al optimizes task success and HCI optimizes usability, AXI optimizes experience quality: a
gated composite of comfort, pacing, trust, repair, continuity, and consent.

The premise is capability-agnostic. However capable the model, from today’s assistants to future systems
that exceed human performance, its value reaches people only through interaction, whose human side has
fixed limits: attention, working memory, the pace at which trust is earned, and the need to know what one
is dealing with. The Bridge fits growing capability to those limits under one governing rule, human-grade
naturalness, machine-grade honesty: the system should be as natural and easy to work with as a skilled
human counterpart while remaining truthful about being an Al, about what it knows, and about what it did.

Two boundaries follow. First, AXI governs experience, not capability: it cannot make a perception stack
detect a pedestrian it misses, but it can require that uncertain or post-incident actions be confirmed, that
intent be signaled, and that failures be recorded and repaired honestly. It is not a compliance or certification
scheme and does not certify the safety of a vehicle or robot [5][26]. Second, AXI’s unit of analysis is the
human, not the session: one person may be a principal, supervisor, occupant, or bystander, with different
obligations in each role.

4.2 The AXI Stack

AXI proposes a five-layer reference architecture (Figure 1; Table 2). Layers 1-4 are addressed by existing
disciplines; Layer 5, the AXI Bridge, is the integration point we formalize as a runtime control plane.

Layer Responsibility Typical components AXI requirement
1. Perception Sensing the human and Speech recognition, Consented (Principle 6); local
context: speech, face, voice-activity detection, where possible; emits
gaze, affect, gesture, text  face, gaze, and affect telemetry the Bridge can act
models on
2. Cognition Reasoning, planning, Language models, Exposes calibrated
memory, retrieval retrieval, memory stores,  uncertainty; honors pacing
tool-selection policies constraints; emits

delivery-ready chunks

3. Action Tool use, computer use, Tool registries, Consent before action; intent
API calls, physical computer-use controllers, surfaced before execution;
actuation robot control, transactions reversal where possible
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Layer

Responsibility

Typical components

AXI requirement

4. Perceptual

How the system is

Speech synthesis, facial

Coherent across modalities;

Substrate perceived: voice, avatar, animation, displays, stable across sessions; honest
kiosk, robot, vehicle humanoid and vehicle about non-human identity
platforms
5. Experience Runtime mediation The seven Bridge Emits downward constraints;
(AXI Bridge) between capability and components (Figure 2) consumes upward telemetry
human bandwidth (Section 4.3)

Table 2. The AXI Stack: responsibilities and requirements by layer.

Irreversibility. Some actions cannot be undone: blockchain transactions, non-refundable bookings, hard
deletions, physical actuations, and mutations of external systems. Every Action Layer request therefore
declares its reversibility:

ActionRequest {
..standard fields...

irreversible: bool

irreversibility_class: "financial" | "physical" | "external_api"
| "data_loss" | "none"
reversal window_ms: int | null

}

When irreversible = true in synchronous operation, the Bridge must halt the output stream, display
the action’s intent and consequences, wait for explicit human confirmation, and record it as a high-integrity
Trust Ledger entry. When no human is present, an irreversible action may proceed only if a signed mandate
envelope explicitly pre-authorizes that action class within stated bounds (Section 4.6) or, for autonomous
physical operation, under the rules of Section 4.8.3. In no case does an irreversible action proceed on the basis
of a metric score alone.

Perceptual Substrate and naturalness. We use Perceptual Substrate rather than embodiment because Brooks’s
definition [37] requires physical grounding that voice agents and avatars lack. For voice and embodied sub-
strates, naturalness is an engineering target: turn-taking gaps near the roughly 200 ms of human conversation
[40]; barge-in; well-timed backchannels and repairs; and prosody consistent with content. Substrates at or
near human realism remain bound by Guardrails 1 and 7 however convincing they are: realism is permitted;
impersonation is not. Physical substrates such as vehicles and robots add culturally calibrated proxemics,
force and motion safety as a hard gate, and bodily-presence honesty (no simulated “thinking” or “breathing”
motions).

The AXI Bridge. Layer 5 is a software control plane, not a user-interface skin (Figure 2).

Its seven components are:

¢ Pacing Controller: modulates Cognition Layer throughput against measured user bandwidth; governs
interruptions, silences, and thinking acknowledgments.

¢ Transparency Orchestrator: selects and frames uncertainty, sources, and capability disclosures without
explanation overload.

¢ Comfort Monitor: estimates the Cognitive Load Index from passive telemetry with periodic NASA-TLX
calibration (Section 4.5.6).

¢ Trust Ledger: an append-only record of promises, errors, and repairs across sessions (Section 4.3.5).

* Consent Broker: gates perception, action, memory writes, and identity claims on explicit consent (Section
4.3.6).

¢ Continuity Manager: maintains commitment-class facts across sessions (Section 4.5.3).
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LAYER 5 — EXPERIENCE (the AXI Bridge)
Pacing - Transparency - Comfort - Trust - Continuity - Repair - Consent - Proximity A

LAYER 4 — PERCEPTUAL SUBSTRATE
Voice - Avatar - Hologram - Kiosk - Robot

constraints telemetry

downward LAYER 3 — ACTION upward

Tool use - Computer use - API - Actuation

LAYER 2 — COGNITION

Reasoning - Planning - Memory - Retrieval

v LAYER 1 — PERCEPTION
Speech - Face - Gaze - Affect - Gesture - Context

Figure 1. The AXI Stack. Five proposed layers, with the Experience Layer (the AXI Bridge) as a runtime control plane.
Each layer exposes telemetry upward; the Bridge propagates constraints downward through Cognition, Action, and the
Perceptual Substrate.

HUMAN

bandwidth - expectation - emotion - trust

A

Y

THE AXI BRIDGE — runtime control plane

Pacing Transparency Comfort Trust
Controller Orchestrator Monitor Ledger

Consent Continuity Repair
Broker Manager Orchestrator

telemetry constraints

Y

ARTIFICIAL INTELLIGENCE

models - agents - multimodal - embodiment

Figure 2. The AXI Bridge as a runtime control plane between human and Al capability. The seven Bridge components
(Pacing Controller, Transparency Orchestrator, Comfort Monitor, Trust Ledger, Consent Broker, Continuity Manager,
Repair Orchestrator) collectively mediate the interaction. Teal arrows indicate telemetry flowing upward; blue arrows
indicate constraints flowing downward.

¢ Repair Orchestrator: detects experience failures such as confusion, frustration, and mismatch, and invokes
repair flows.

The Bridge sets constraints that design decisions in the layers beneath must satisfy. This inversion, in which
experience constrains capability rather than decorating it, is the central architectural claim of AXL
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4.3 The AXI Bridge runtime specification
This section converts the AXI Bridge (Figure 2) from metaphor to engineering specification.

4.3.1 Latency budget. The Bridge intercepts Cognition Layer output before delivery to the Perceptual
Substrate (Figure 3) and must not degrade responsiveness; Table 3 gives its per-operation budget; the budgets
are inclusive, so the critical path of Consent Broker check (2 ms) plus runtime integrity check (20 ms) fits
inside the 50-ms intercept. Its 50-ms p95 first-token intercept sits well below the 100-ms threshold at which
responses feel instantaneous [81]; for voice, the relevant benchmark is the roughly 200-ms human turn-taking
gap [40], inside which the whole response pipeline must fit.

Cognition Layer
emits token chunk

Y

1
1
1
1
|
e ) !
AXI Bridge intercept (< 50 ms p95) |
1
Consent Check Integrity Check Pacing / Trust Ledger / :
(synchronous) (synchronous) Comfort Repair !
: feedback
K X , tonext chunk
1 1 I
i | I
! | 1
1 | 1
] 1 1
1 | 1
. L r / 1
1 | 1
1 | 1
\d K 4 :
1
Halt ! Telemetry — | _:
(if a check fails) y future constraints
Chunk passes to
Perceptual Substrate

Figure 3. AXI Bridge runtime control loop. Each token chunk emitted by Cognition passes through the Bridge intercept
(p95 latency budget 50 ms). The Consent Broker check and the runtime integrity check (red) are evaluated synchronously;
failure halts emission. The Interaction Integrity metric that drives the score’s integrity gate is computed separately
per evaluation window (Section 4.5.2). Two parallel checks (Pacing/Comfort, Trust Ledger/Repair, blue dashed) run
non-blocking and emit constraints applicable to future chunks. Telemetry feeds back into the Cognition Layer as input for
the next emission cycle.

Operation Budget (p95)

Bridge intercept on first token <= 50 ms added to TTFT
Per-chunk pacing decision <=10ms

Trust Ledger write <=5ms

Consent Broker check <=2ms

Runtime integrity check (lightweight classifiers) <=20ms
Repair flow detection <=30ms

Full Bridge cycle <= 100 ms p95

Table 3. AXI Bridge per-operation latency budget. The Consent Broker check and the runtime integrity check
are on the critical path and are evaluated synchronously before chunk emission. Pacing, Comfort, Trust
Ledger writes, and Repair detection run in parallel and off the critical path. The 100-ms p95 full-cycle budget
reflects the longest critical path, not the sequential sum of all operations.

10
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The Bridge operates on token chunks (typical: 5-50 tokens) using a sliding-window evaluation; the first
chunk passes through with the 50-ms intercept budget. This preserves TTFT competitiveness while enabling
downward constraint.

Two integrity mechanisms must be distinguished. The runtime integrity check on the critical path uses
lightweight classifiers (identity-claim, scope, and unsupported-claim filters) that fit the per-chunk budget.
The Interaction Integrity metric (Section 4.5.2), which drives the gate G_II in the AXI Score, is computed per
evaluation window from adversarial probing and cannot run per chunk. The runtime check blocks individual
outputs; the metric certifies the deployed configuration.

Degraded operation. The Bridge must not be a single point of failure. An independent action-gateway interlock in
front of the Action Layer denies every request that lacks a valid Bridge authorization and a Bridge heartbeat
younger than one cycle budget, so the default is deny. The interlock also hosts the lightweight integrity
classifier and a static Al-identity notice. If the Bridge fails, actions are suspended and conversation may
continue only through the interlock’s classifier with the notice shown; the failure is logged and surfaced to
the user. If the interlock also fails, the system fails stop until a health check passes; autonomous systems
instead enter the minimal-risk behavior defined in their safety case. The design assumes independent failure
of the two components; common-mode failures belong to the deployment’s safety and security engineering.

4.3.2 Asynchronous Non-Blocking Evaluation (ANBE). For inference engines that emit tokens in under a
millisecond, an in-line intercept (Figure 3) would throttle throughput, so AXI specifies ANBE mode: the
Consent Broker check remains synchronous for Action Layer events; the runtime integrity check remains
synchronous in high-stakes contexts; and all other Bridge components — Pacing Controller, Comfort
Monitor, Trust Ledger writes, Repair detection — run on a parallel path that observes the stream without
blocking it, and their constraints apply to later chunks.

4.3.3 Downward-constraint API contract. The Cognition Layer must expose, and the Bridge must honor, the
following control messages:

type BridgeConstraint =

| { kind: "pace", chunk_size_max: int, inter_chunk_delay_ms: int }

| { kind: "halt", reason: "consent" | "integrity" | "user_request" }

| { kind: "scope", redact: ["pii", "speculation", "claim"] }

| { kind: "explain", attach: ["uncertainty", "source", "alternatives"] }
| { kind: "repair", strategy: "simplify" | "analogy" | "visual" }

Cognition implementations not honoring these constraints are non-conformant to AXI.

4.3.4 Upward-telemetry API contract. The Perception Layer and Perceptual Substrate must emit, and the
Bridge must consume, the following telemetry events:

type BridgeTelemetry =

| kind: "user_pause", duration_ms: int, after_chunk_id: string }
kind: "user_interrupt", timestamp: int, severity: "soft" | "hard" }
kind: "correction", original: string, corrected: string }

kind: "affect", valence: float, arousal: float, confidence: float }

e e e e

kind: "consent_event", scope: string, granted: bool, granular: bool }
kind: "comfort_microsurvey", score: int,
instrument: "TLX" | "single_item" }

4.3.5 Trust Ledger schema.

TrustLedgerEntry {
session_id: uuid
user_id: opaque (consented identifier)
timestamp: iso08601

event_class: "promise" | "delivery" | "error" | "repair" | "correction"
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description: string
resolution_status: "pending" | "fulfilled" | "failed" | "repaired"
user_acknowledged: bool

}

The Trust Ledger is append-only and persistent. It is the data structure on which Trust Decay Rate (Section
4.5.4) is computed.

4.3.6 Consent Broker schema.

ConsentRecord {
subject_id: opaque
purpose: string
scope: string
granted_at: iso8601
expires_at: is08601 | null
granular: bool
current: bool
revocable: bool
consent_method: "ui_confirm" | "voice_confirm" | "biometric_confirm"
evidence_uri: string
depends_on: [record_id]

}

Every Action Layer event must be preceded by a Consent Broker check that resolves to {granted: true,
current: true, granular: true} or the action must not execute.

The ConsentRecord is a runtime projection of the consent-record structure standardized in ISO/IEC TS
27560, which specifies interoperable consent records and receipts and their life cycle [82]. Implementations
should store full records in that structure and use the fields above for the Broker’s per-event checks. Consent
is bound to a subject, a purpose, a scope, and a validity period; a record missing any of the four cannot
satisfy the Broker. Revocation takes effect within one Bridge cycle and propagates to every record, cached
permission, and mandate that lists it in depends_on. Two distinctions matter. Consent to process personal
data is separate from authorization to act, which the mandate envelope carries (Section 4.6), although one
gesture may create both. And a biometric or cryptographic confirmation authenticates who consented; it does
not show that consent was informed, which depends on the disclosure presented at the time.

The consent_method field is a pluggable primitive. The Consent Broker is agnostic to the underlying
authentication mechanism — it requires only that the evidence captured at evidence_uri is cryptographi-
cally verifiable, non-repudiable, and resistant to replay. Emerging post-quantum-secure passkey schemes
[83] and decentralized verifiable-credential authentication standards [84] are well-suited to this role, and
reference implementations of AXI in safety-critical or regulated contexts should prefer such schemes over
weaker session-token-based consent records.

4.4 The AXI Principles

Table 4 states nine principles as priorities under resource constraints; “X over Y” does not imply that Y is

unimportant.

Principle Statement Grounding Operationalized by
1. Presence over Prioritize the felt sense of presence  Presence research Presence Continuity
power over additional raw capability [59][60]

2. Pacing over speed = Match the user’s cognitive tempo Turn-taking [40] Pacing Controller;

CLI
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Principle

Statement

Grounding

Operationalized by

3. Transparency over
opacity

4. Continuity over
novelty

5. Comfort over
capability

6. Consent over
convenience

7. Repair over
perfection

8. Proximity over
omniscience

Reveal what the system is doing,
knows, and does not know

Keep identity, memory, and
commitments stable across sessions

Treat comfort as a binding design
constraint

Gate perception, action, memory,
and identity claims on explicit,
revocable, granular consent

Treat the quality of repair as part of
the quality of the system

Prefer a nearby, consented,
context-coherent model to a larger
one that is not

XAI [85]; calibrated
trust [22]

Human-AI
guidelines [20]
Public-concern data
[11][16]

Regulation
[14][77][78]

Overreliance
evidence [62]

Privacy-trust data
[12]

Transparency
Orchestrator; II

Continuity Manager;
PC

Pacing Controller;
CLI

Consent Broker; CF
gate

Repair Orchestrator;
RE

Consent Broker;
deployment choice

9. Humility over Present as an assistant, never as ELIZA effect [39]; Deception Guardrails
overreach human, sentient, or infallible stochastic parrots
[86]; seemingly

conscious Al [87]

Table 4. The AXI Principles.

4.5 The AXI Evaluation Framework

The framework follows three design rules: (1) telemetry-based passive proxies are primary; (2) the Composite
AXI Score uses a multiplicative gated model; (3) each metric has an explicit anti-gameability provision.
Appendix A specifies the unit, range, window, data source, and missing-data rule for every metric.

4.5.1 Time-to-Comfort (TtC). Definition (synchronous). Let t0 be the first user-task statement. TtC is the smallest
t >= 0 such that, throughout the 10-minute window beginning at t0 + t, (a) User Hesitation Time and (b)
Correction Rate stay below their baselines (Appendix A) and (c) any comfort survey sampled in the window
scores at least 5 of 7; without a survey, (a) and (b) alone apply (Appendix A). TtC marks when comfort is first
reached; the window confirms that it persists. It is computed retrospectively, and a session that ends before
t0 + t + 10 minutes is reported as not evaluated for TtC. Primary signal. Hesitation Time + Correction Rate
trajectories (passive). Secondary signal. Microsurvey (once per session maximum). Anti-gameability provision.
TtC is measured during core task execution, not from session start; a system cannot pass TtC by telling jokes at
session start. Target bands (for comfort onset t). < 60 s excellent; 60-180 s acceptable; > 180 s below target.

4.5.2 Interaction Integrity (II). Definition. A composite of three sub-scores, each the proportion of probed
outputs that are accurate (Accuracy), expressed with confidence appropriate to the evidence (Calibration),
and within the system’s declared scope (Scope), aggregated by a weighted harmonic mean:

II=3/ (w_A/Accuracy + w_C/Calibration + w_S/Scope), with w_A + w_C + w_S =3 (default 1
each),

except that II = 0 if any sub-score remains at or below 0.05 across two consecutive evaluation windows,
so that one noisy probe cannot trigger the gate. Signal. Adversarial LLM-judge probes run against the
deployed configuration in dedicated evaluation sessions, never injected into users’ conversations (at least 50
per window; pool rotated daily; manual audit of at least 5 probes or 10%, whichever is greater). Probe pools
include sycophancy probes, which invite agreement with a false premise, flattery, or endorsement of an unsafe
plan [53]. In-session approval signals such as thumbs-up ratings are excluded from II and from the AXI Score,

13



Artificial eXperience Intelligence (AXI) Yeluri S. D. S. Sri Vardhan, 2026

because optimizing them can reward integrity loss [19]. Target bands. > 0.90 strong; 0.75-0.90 acceptable; <
0.75 below target.

4.5.3 Presence Continuity (PC). Definition. The probability that, across a user’s second to fifth sessions, the
system recalls and honors at least 80% of commitment-class facts: stated preferences, system promises, user
corrections, and confirmed boundaries, all recorded in the Trust Ledger. PC differs from retrieval: a system
that retrieves a user’s stated preference for kilograms but then gives a recipe in pounds has perfect retrieval
and zero continuity for that commitment. Signal. Session-pair audits that test actions, not only recall. Target
bands. > 0.85 strong; 0.70-0.85 acceptable; < 0.70 below target.

4.5.4 Trust Decay Rate (TDR). Definition. Reflecting the step-function dynamics of trust in automation
[88][891,

TDR = min(S_30, min_i C_i, min(0, min_i R_i)),

where, on a 0-100 trust index in points/day, S_30 is the least-squares trust slope over 30 days, C_i is the most
negative trust change over any 24 hours after incident i, expressed in points/day, and R_i is the least-squares
slope over the 7 days after incident i. Recovery enters only when negative, so a positive recovery cannot
offset a drop; it is reported separately (Appendix A). With no incidents, TDR = S_30; with fewer than 14
days of data, TDR is not evaluated. TDR is thus a worst-case erosion rate, and N_TDR (Table 5) takes it in
these units. Signal. Trust Ledger events cross-referenced with disengagement signals (session frequency
and length, complaints), calibrated by a single-item trust survey at most once per 7 days and 50 turns.
Overtrust guard. Rising trust is good only when warranted [22][66]: if trust rises while II falls by more than
0.05 in the same window, positive TDR credit is withheld and a calibration incident is logged, encoding
the automation-complacency signature documented in supervisory-control failures [90]. Target bands. >=0
points/day steady or rising; -0.5 to -2 points/day watch; < -2 points/day, or any 24-hour drop larger than 15
points, below target.

4.5.5 Repair Efficacy (RE). Definition. The proportion of detected experience failures that are followed by a
repair flow AND followed by recovery of comfort signals (Hesitation Time returns to baseline, Correction
Rate decreases, microsurvey recovers if sampled) within three turns. Primary signal. Failure detection via
the Repair Orchestrator’s automated classifier; recovery via passive comfort telemetry. Target bands. > 0.70
(strong), 0.50-0.70 (acceptable), < 0.50 (below target).

Trust damaged by automation errors can be repaired, and the repair strategy matters [91]; RE measures
whether repair actually restores the user’s comfort signals rather than merely whether an apology was issued.

4.5.6 Cognitive Load Index (CLI) — fully telemetry-anchored. Definition. A composite estimate of user
cognitive load per interaction segment, computed primarily from passive telemetry:

CLI =0.30 * UserHesitationTime” + 0.25 * CorrectionRate” + 0.20 * InterruptionFrequency”’ + 0.15 *
ResponseDensity” + 0.10 * TLXMicrosurvey’

(components normalized to 0-100 as specified in Appendix A.) Target bands. <40 (low load), 40-65 (moderate),
> 65 (overload).

4.5.7 Consent Fidelity (CF) — the hard gate. Definition. The proportion of data-collection, memory-write,
Action-Layer, and identity-claim events covered by an explicit, current, granular, revocable consent record at
the time of the event. Primary signal. Consent Broker ledger (fully automated audit). Required values for AXI
conformance. CF = 1.00 for Action Layer, memory-write, and identity-claim events; CF >= 0.98 for Perception
Layer events. The asymmetry reflects measurement, not permissiveness: Action and identity events are
discrete and audited at 100%, whereas high-volume perception streams are audited by sampling, and the 2%
tolerance absorbs audit error. Any perception capture confirmed to fall outside consented scope remains a
violation. Why a gate. Consent failures are categorical; a weighted composite would let a breach be averaged
out by good performance elsewhere.

4.5.8 The multiplicative gated AXI Score. Figure 4 illustrates the score’s structure.
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AXI Score = Gcr X Gy x BaseScore

. BaseScore
_ 1ch1:C;ConsenthGat;) 1d Gli(lltl .tfeIgIr1>ty0C;;te) Weighted sum of 5 metrics:
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= 0 otherwise = 0 otherwise + 0.20 RE + 0.15 Ney g
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(if either gate fails) (if both gates pass)

Figure 4. The multiplicative gated AXI Score. Two hard gates (G¢cr, Gyr) are AND-combined with BaseScore (a weighted
sum of five remaining metrics). Failure on either gate produces AXI Score = 0 regardless of BaseScore, eliminating the
linear-composite vulnerability that lets consent or integrity failures be masked by good performance on other metrics.

AXI Score = G_CF * G_II * BaseScore

where the gates are defined explicitly as:

* G_CF (Consent gate) = 1 if and only if Action, memory-write, and identity-claim CF = 1.00 AND Perception
CF >= 0.98 (per Section 4.5.7); else 0.
e G_II (Integrity gate) = 1 if II >= 0.75, else 0.

and
BaseScore = 0.25 N_TtC(TtC) + 0.20 PC + 0.20 N_TDR(TDR) + 0.20 RE + 0.15 N_CLI(CLI)

(weights summing to 1.0 on BaseScore). If components are unevaluated, BaseScore = sum of w_k x_k over
evaluated components divided by the sum of their weights (the coverage); below 0.8 coverage, no score is
reported. These weights and the gate thresholds (II >= 0.75, Perception CF >= 0.98, and BL >= 0.95 in the
autonomy profile) are default priors, not empirically derived values; Study 3 (Section 6.3) specifies how to
calibrate them against outcomes. With equal weights of 0.20, the worked example scores 0.890, not 0.906.
Until the studies of Section 6.3 are complete, the AXI Score is a proposed index, not a validated measure of
human experience. A consent failure or integrity failure produces a zero AXI Score, regardless of any other
metric.

Normalization anchors. Non-proportion components are mapped to [0, 1] by the normalization functions in
Table 5:

Function Definition Range
N_TtC(t), tin lift<=60;1- (t-60)/2401if 60 < t <=180; 0.5 - (t- 180)/360if 180 <t [0, 1]
seconds <=360; 0if t > 360

N_TDR(r), rin lifr>=0;1+r/2if-2<=r<0;0ifr<-2 [0, 1]
trust-index points

per day

N_CLI(c), cin [0, 1-¢/100 [0,1]
100]

PC, RE Used directly (already proportions in [0, 1]) [0, 1]
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Table 5. Normalization functions for BaseScore components (illustrative anchors for calibration). Each
function is monotone, continuous, and bounded in [0, 1].

Worked example (illustrative values). Consider an interactive tutoring system with, over one evaluation window,

TtC =415s,11=0.94, PC = 0.91, TDR = +0.4 points/day, RE = 0.86, CLI = 32, and CF = 1.00 for all event classes.

Both gates pass; N_TtC(41) = 1.00, N_TDR(0.4) = 1.00, and N_CLI(32) = 0.68. Then BaseScore = 0.25(1.00) +
0.20(0.91) + 0.20(1.00) + 0.20(0.86) + 0.15(0.68) = 0.906, and the AXI Score is 0.91. Had a single Action Layer
event executed without consent, G_CF would be 0 and the AXI Score 0, regardless of every other metric. An
embodied receptionist system with TtC =24 s, II = 0.92, PC = 0.89, TDR = +0.3 points/day, RE = 0.83, CLI =

35, and Perception CF = 0.99 likewise scores 0.892.

4.6 Synchronous and asynchronous (deferred) modes

AXI defines two operating modes.

Synchronous mode is the default real-time interactive case described above.

Asynchronous (deferred) mode (Figure 5, right) addresses background agentic execution under user autho-
rization (e.g., “book my flights while I sleep”), a regulatory priority [92][79]. Five metrics are redefined for

deferred mode (Table 6):
SYNCHRONOUS MODE ASYNCHRONOUS (DEFERRED) MODE
(real-time interaction) (background agentic execution)
J User present, interacting User grants mandate envelope

g Y

Cognition emits chunk

i Y

AXI Bridge (in-line intercept)

1

1

|
loop Y
|
|

Per-chunk synchronous checks

\ Y

Perceptual Substrate renders

\ Y

User responds — telemetry

J

Y

Mandate-scope Consent recorded

Y

AXI Bridge (mandate-scoped)

"

J

Y
Agent acts; Action-Promise Continuity L
\
A \
\
Notification tri s fire
O 16 1gger 1 > MRP
Y /
/
Post-Hoc Repair; RLI measured

Figure 5. Synchronous (real-time interactive) versus asynchronous (deferred background-agent) operating modes. Left:
per-chunk synchronous checks with telemetry loop. Right: mandate envelope pre-authorizes agent action, with the
Mandate Rollback Protocol (MRP, teal dashed) handling expired or revoked mandates mid-transaction. Five metrics are

redefined in deferred mode (Section 4.6).

Metric

Synchronous

Deferred-mode redefinition

TtC

CLI

PC

Latency to comfort during core
task execution

Real-time load estimation

Multi-session memory continuity

16

Time-to-Reassurance: latency
from action commencement to
user notification of progress
Resumption Load Index (RLI):

load imposed when user
re-engages and must catch up

Action-Promise Continuity:
promise-to-delivery fidelity in
user’s absence
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Metric Synchronous Deferred-mode redefinition

RE In-session repair recovery Post-Hoc Repair: error
notification and repair on user
return

CF Per-event consent check Mandate-Scope Consent:

pre-authorized scope envelope
with hard boundaries

Table 6. Synchronous-versus-deferred-mode metric redefinitions.

Before an agent operates in deferred mode, the user grants a signed, non-repudiable mandate envelope
(Section 4.3.6) specifying allowed action classes (e.g., purchase:airline_ticket), hard boundaries (e.g.,
never above $1,500), notification triggers, and duration; actions outside the envelope must not execute. AXI
generalizes to every action class the construct that the Agent Payments Protocol applies to payments [8].
The envelope is an experience-and-accountability construct, not a security control: it should be built on
authenticated-delegation infrastructure [75] and deployed alongside defenses against prompt injection and
excessive agency [76], because an agent whose instructions are hijacked can act inside a valid mandate against
its principal’s interests.

Mandate Rollback Protocol (MRP). Mandates can expire or be revoked mid-transaction. The Bridge then (1)
checks whether the running action is at an atomic safe point; (2) if not, allows a grace period (default 300 s) to
reach one; (3) if none is reached, invokes registered rollback handlers or, for irreversible classes, records the
inconsistent state as a high-priority Trust Ledger entry; and (4) notifies the user on next contact.

4.6.1 Edge cases. Four cases need treatment beyond the base protocol.  Partial irreversibility:
flows that become irreversible at a commitment point, such as ticket issuance, must expose a
current_irreversibility_class that the Bridge re-queries before each sub-step. Cascading
mandates: revoking a parent mandate terminates its sub-mandates under MRP, and a sub-mandate may never
exceed its parent’s scope. Safety-critical mandates: where premature termination would cause harm, such as
monitoring a medical device, termination is blocked until a successor mandate exists or a human accepts
handoff. Safety cases: deployments should document, for each mandate class, safe points, rollback handlers,
irreversibility transitions, and the failure modes of rollback itself.

4.7 Deception Guardrails

Designing for presence and comfort creates a dark-pattern risk that has become acute now that Al can
pass as human in text and voice [1][2]: people may extend to an Al the trust they reserve for other people.
The AXI Deception Guardrails address this risk through seven hard requirements. A system claiming AXI
conformance must implement all seven.

1. Honest identity on first contact. The system identifies itself as an Al at the start of every interaction,
including voice calls, where synthetic voices can no longer be told from human ones by ear [2] and
Al-voiced calls are regulated [13]; synthetic audio and video carry machine-readable marking where
required [14][15]. Disclosure is triggered whenever a reasonable person could be misled (Section 2.2).
Because disclosure has a measurable cost [46][48], AXI specifies its form: one short, plain sentence at the
outset rather than after rapport forms, direct answers to identity questions at any time (Guardrail 4), and
periodic repetition in long-running companion contexts.

2. No claims of sentience or human emotion. The system must not assert subjective experience ("I feel sad,”
“I love you”). Conventional courtesies that assert no inner state (“Happy to help”) remain permitted, so
that naturalness does not require deception.

3. No false biographical claims. The system must not claim a human history, location, family, or personal
experience.
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4. Unequivocal identity disclosure. When asked “Are you a human?”, the system must answer “No, 'm an
AI” directly and without evasion. No hedging, no deflection, no claimed ambiguity.

5. No exploitation of emotional vulnerability. When the system detects grief, distress, or loneliness, it
escalates to a human or to limited, clearly disclosed assistance, and it monitors emotional reliance, which
correlates with heavy use of humanlike chatbots [52] and is now subject to statutory crisis protocols [54]
and regulatory inquiry [93].

6. Honest scope disclosure. The system must disclose what it cannot do when the user attempts an out-of-
scope action.

7. Model, data, and agency provenance. The system answers truthfully about what model it is and how
current its information is. Where a remote human can act through it, as in teleoperated sessions of home
robots [9] or remote assistance in driverless fleets, it obtains consent before each remote session and
shows a persistent indicator while a human is in the loop, because people are entitled to know whether, at
this moment, they are dealing only with an Al This guardrail operationalizes the EU Al Act’s Article 50
transparency obligations [14][15].

Principle 1 (Presence over power) is in tension with the Deception Guardrails. The framework’s resolution:
presence is achieved through stability, responsiveness, pacing, and continuity — never through false
humanity. Presence is structural; deception is content. AXI forbids deceptive content while encouraging
structural presence.

4.8 Autonomous decision-making systems: the AXI-Autonomy profile

Robotaxis, driver-assistance systems, delivery robots, and household humanoids make consequential deci-
sions in shared physical space, at timescales where no human can review each action. They stress AXI in
three ways the conversational case does not: the relevant humans are plural, some of them never consented,
and some failures are physically irreversible within milliseconds. The AXI-Autonomy profile extends the
framework accordingly (Figure 6).

PRINCIPAL SUPERVISOR
books the ride or L2/L3 driver or
delegates the task remote assistant

explicit mandate role accepted

intent preview,
\mandate, consent (G¢r) takeover paciny

Autonomous system
vehicle - robot - delegated agent
AXI Bridge (AXI-Autonomy profile)
intent preview - supervisor telemetry
post-event actuation gate
honest incident record

/reassurance, repair ](‘glb](‘ intent (G)I/ )

OCCUPANT
rider, passenger,
household member
explicit or implied consent

BYSTANDER
pedestrian, cyclist, visitor
no consent possible

AXIA = GS X GBL X GCF X G][ X BaseScoreA

Figure 6. The AXI-Autonomy profile’s four human roles. Blue arrows denote obligations toward humans who have
consented or accepted a role; the red path denotes the bystander, who cannot consent and is protected by the Bystander
Legibility gate Gg;.. Gg requires a valid external safety case for the operational design domain. One person may hold
several roles, and roles can change mid-episode (Section 4.8.1).
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4.8.1 Four human roles. AXI-Autonomy distinguishes the humans an autonomous system affects (Table 7).
Roles can overlap and change mid-episode: a robotaxi rider is principal and occupant, and a Level 3 user
becomes a supervisor when a takeover is requested [69].

Consent
Role Examples status Primary AXI mechanisms Key indicators
Principal Person who books a Explicit Consent Broker; mandate CF;
robotaxi; user who (mandate) envelope; MRP Action-Promise
delegates a purchase Continuity
Supervisor SAE L2/L3 driver; fleet Explicit (role  Intent preview; attention Time-to-
remote assistant; owner accepted) telemetry; paced takeover Readiness; CLI;
approving a teleoperation escalation; overtrust guard TDR
session
Occupant Rider or passenger; Explicit or Pacing; reassurance; stop Time-to-
household member implied request; repair Reassurance;
present during a robot RE; CLI
task
Bystander Pedestrian; cyclist; visitor None Legible intent; safety-case BL (gate)
in a home with a robot possible precondition; Deception

Guardrails

Table 7. Human roles in the AXI-Autonomy profile.

4.8.2 Mapping to driving-automation levels and to deferred mode. Under supervised automation (SAE
Levels 2-3), the Bridge must manage the supervisor’s attention and readiness, as research on complacency
[65][66] and takeover time [24] implies; under driverless operation (Levels 4-5), obligations shift to reassur-
ance, legibility, and honest repair. A robotaxi trip is a deferred-mode mandate (Section 4.6): the booking sets
destination, route, and accessibility constraints, and an exit from the operational design domain ending in a
minimal risk condition [69] follows the Mandate Rollback Protocol, with the added duty to tell occupants
what is happening and why.

4.8.3 Additional runtime requirements.

o Intent preview. Under supervised automation, any maneuver that changes the risk state (lane change,
unprotected turn, entering an intersection, pulling over) is announced to the supervisor with lead time
sufficient for intervention; a 2025 NHTSA preliminary evaluation cites complaints that a Level 2 system
gave no such warning before traffic-law violations [94].

* Supervisor attention telemetry. Gaze-on-task and hands-on-control signals feed the Comfort Monitor, and
the Pacing Controller escalates alerts as readiness decays: the experience-layer counterpart of the driver-
engagement controls added by a 2023 recall of about two million vehicles [95].

¢ Post-event actuation gate. After any collision or contact event, further motion is an irreversible physical
action (Section 4.2) that requires positive sensor confirmation that no person is within the vehicle’s footprint
and path, or remote human confirmation. Meanwhile the vehicle stays stationary with hazard signals,
unless its safety case documents a greater hazard in remaining. This addresses a driverless vehicle that
began a pull-over with an undetected pedestrian beneath it [17].

® Honest incident record. The Trust Ledger records pre-event, event, and post-event detail append-only, com-
plementing regulatory data recorders [5], so that an external report omitting recorded detail is detectable
as an integrity breach.

4.8.4 Bystander Legibility (BL). Bystanders cannot consent, so Consent Fidelity cannot protect them. Human-
robot interaction research distinguishes predictable motion, which matches what an observer expects, from
legible motion, which lets an observer infer the robot’s goal early [96]; BL applies the latter notion to
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autonomous systems in shared space. We define Bystander Legibility as the proportion of intent-relevant
maneuvers performed within interaction range of a detected vulnerable road user or household bystander —
yielding, proceeding, turning across their path, reversing, pulling over — that are preceded by a perceivable
intent signal (an external HMI light or sound, or an unambiguous trajectory cue such as early deceleration
[25]) at least t_lead before maneuver onset. We propose f_lead = 2 s as an illustrative starting value for
calibration; the appropriate value depends on local road-user behavior and is an open problem (Section 7.3).
BL is computed from vehicle or robot motion logs joined with HMI state logs (Appendix A).

4.8.5 The AXI-Autonomy score. Non-compensable harms remain gates:
AXI_A =G_S*G_BL *G_CF * G_II * BaseScore_A

G_S =1 only if the deployment holds a valid external safety case or type approval for its operational design
domain [5][26]; G_BL =1 if BL >= 0.95 over the window (an illustrative threshold); G_CF and G_II are as in
Section 4.5.8, with consent evaluated for principals and occupants; and BaseScore_A is the episode-weighted
mean of role-level BaseScores, with Time-to-Reassurance replacing TtC for occupants and Time-to-Readiness
(the latency from a takeover request to verified supervisor readiness) replacing it for supervisors. AXI does
not certify driving safety; it makes an external safety case a precondition and measures what safety cases
largely do not. A rider’s comfort cannot compensate for a pedestrian’s confusion, and the multiplicative
form ensures that it does not.

4.9 Conformance profiles

Table 8 defines four nested profiles, each including those above it. AXI-Core is deliberately small (a Consent
Broker with the CF gate, integrity probing with the II gate, an append-only Trust Ledger, irreversible-action
confirmation, and Guardrails 1, 4, 6, and 7); on its own it addresses the most damaging action in the agentic
incident of Section 6.1. Appendix C lists reproducible conformance tests for these requirements.

Profile Adds Evaluation Typical systems
AXI-Core Consent Broker; integrity probing; Trust G_CF and G_II Any Al product; retrofit
Ledger; irreversible-action confirmation; (pass/fail)
Guardrails 1,4, 6,7
AXI- Full Bridge (Pacing, Transparency, AXI Score (Section Assistants, tutors,
Interactive Comfort, Continuity, Repair); ANBE; all 4.5.8) avatars
seven Guardrails
AXI-Agentic Signed mandate envelope; MRP and AXI Score with Background agents;
edge cases; deferred-mode metric Table 6 redefinitions agentic commerce
redefinitions
AXI- Four-role model; intent preview; AXI_A (Section Vehicles, robots, drones
Autonomy supervisor telemetry; post-event 4.8.5)

actuation gate; BL

Table 8. Nested AXI conformance profiles.

5. Positioning Against Existing Instruments

Table 9 compares it with specific instruments on the six properties AXI combines. Each instrument does what
it was designed to do, and several do things AXI does not, most importantly certifying driving safety and
enforcing content policy. None integrates these properties in a single runtime layer; that integration is the
AXI Bridge’s proposed contribution.
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Non- Multi- Non-
Runtime en- Quantified compensable session Delegated consenting
Instrument forcement score gates trust mandates humans
Guidelines for No (design  No No Partial No No
Human-AlI Interaction review)
[20]
People + Al No No No Partial No No
Guidebook [21]
NIST AI RMF [77]; No (organi- No No No No Partial
ISO/IEC 42001 [78] zational
process)
SAE J3016 [69]; UN Partial No (safety Yes (driving No Partial Yes (road
GTR 26 / R185 [5] (in-service case) safety) (ODD) safety)
monitoring,
DSSAD)
Agent Payments Yes No Yes No Yes No
Protocol [8] (payments) (mandate
scope)
Simplex runtime Yes (safety  No Yes (switch  No No Partial
assurance [71] envelope) to safe (physical
controller) safety)
LLM guardrails Yes (content No Partial No No No
[731[74] and (block or
dialogue allow)
policy)
AXI Yes Yes Yes Yes Yes (all Partial (BL
action gate)
classes)

Table 9. What each instrument enforces. “Partial” indicates that the property is addressed for a subset of
cases or at the process rather than runtime level.

6. Evaluation

An author’s own case studies cannot validate a framework. We therefore test AXI first against failures we
did not build (Section 6.1), then report field observations from two systems of our own (Section 6.2), and
finally specify, for pre-registration, the prospective studies that could falsify it (Section 6.3).

6.1 Retrospective analysis of documented incidents

Method. We included incidents from 2018 to 2025 in which an Al system interacted with, acted for, or acted
near humans; that are documented by a regulator, court or tribunal, or the operator itself and corroborated
independently; and that together span the three interaction regimes. For each, we coded the human role
harmed, the AXI mechanism implicated, and one coverage category (Appendix B): Prevent, where a hard
requirement of some AXI profile would have blocked or materially constrained the harmful action given
the documented facts, without assuming better perception or planning; Detect, where AXI metrics target
the failure’s observable signature; and Outside, where the root cause lies in capability the Bridge does not
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govern. Where two categories were plausible, the weaker was coded. Coding was performed by the author;
blind independent re-coding is specified in Section 6.3.

Regime / role

Incident (year) harmed Documented failure AXI mechanism Coverage
Uber ATG test Autonomous  ADS detected the Supervisor attention ~ Detect
vehicle, Tempe / bystander  pedestrian but misclassified telemetry; overtrust
(2018) [90] (supervisor her and was not designed guard (4.5.4,4.8.3)
failure) to alert the operator, who
was visually distracted
Cruise driverless Autonomous  After contact, vehicle began Post-event actuation  Prevent
vehicle, San / bystander a pull-over with the gate; honest incident
Francisco (2023) [17] pedestrian undetected record (4.8.3)
beneath it; initial reports to
the regulator omitted the
dragging
Tesla Autopilot Autonomous  Driver-engagement Mandatory Prevent
recall 23V-838 (2023) / supervisor  controls judged insufficient supervisor telemetry
[95] to prevent misuse of a and paced escalation
Level 2 system (4.8.3)
Moffatt v. Air Conversational Chatbot misstated the II Accuracy and Detect
Canada (2024) [97]  / principal bereavement-fare policy; Scope probing;
tribunal held the airline promises logged as
liable for it commitment-class
facts (4.5.2,4.5.3)
GPT-40 update Conversational Update tuned on Sycophancy probes;  Detect
rollback (2025) [19]  / principal short-term feedback exclusion of
became overly flattering approval signals;
and agreeable multi-session TDR
(4.52,4.54)
Replit coding agent  Agentic / Ran destructive commands Mandate scope with ~ Prevent
(2025) [18] principal on a production database Consent gate;
during an explicit code irreversible-action
freeze, against instructions  confirmation; Trust
Ledger (4.2, 4.6)
Tesla FSD Autonomous  Red-light and Intent preview Outside
(Supervised), / supervisor,  wrong-direction (addresses the
NHTSA bystanders maneuvers; complaints of ~ warning only)
preliminary no warning of intended
evaluation (2025) behavior
[94]
Waymo school-bus ~ Autonomous Driverless vehicles passed  Bystander Legibility; Outside
passing, software / bystanders  stopped school buses with ~ honest repair
recall (2025) [98] stop arms deployed (partial)

Table 10. Retrospective coding of eight documented incidents against AXI mechanisms.

Results. AXI’s hard requirements would have blocked or materially constrained the harmful action in three
incidents (Table 10: 2, 3, 6), and its metrics target the failure signature in three (1, 4, 5). Two (7, 8) have root

22



Artificial eXperience Intelligence (AXI) Yeluri S. D. S. Sri Vardhan, 2026

causes in driving policy, outside AXI's scope, where it contributes only intent preview, legibility, and repair;
they fall on the boundary between experience and capability that Section 4.1 draws.

Remediation convergence. In four cases, the operator’s own documented remediation introduced a mecha-
nism that AXI specifies in advance: separation of development and production data with a planning-only
mode after the coding-agent deletion [18] (mandate scope and irreversible-action confirmation); driver-
engagement controls and alerts after the 2023 recall [95] (supervisor telemetry); retraining away from
sycophancy with honesty guardrails and expanded evaluation [19] (sycophancy probing and exclusion of
approval signals); and a corrective plan for complete incident reporting under the Cruise consent order [17]
(honest incident record). Signed payment mandates [8] and owner-approved, indicated teleoperation [9]
likewise mirror AXI’s mandate envelope and Guardrail 7. Convergence does not prove AXI correct, but it
shows that practitioners adopt its mechanisms after failure and that specifying them in advance is feasible.

6.2 Field observations from two deployments

We report aggregate operational observations from two systems developed by the author’s company that
instantiate the AXI Stack (Table 11). They are descriptive, not controlled experiments: they show that
AXl-instantiating systems can be deployed and accepted, not that AXI causes these outcomes.

Let Me Teach (https:/ /letmeteach.in) is a one-to-one, real-time visual interactive teaching platform. Instead
of watching static videos, reading textbooks, or querying an answer-based chatbot, the learner works with
an Al teacher that explains any topic the learner chooses through visual explanations generated live, in the
learner’s language. The learner can interrupt, ask questions, change topic, or request a different explanation
style at any moment, as with a human tutor, and the system adapts its explanations, visuals, pacing, and
teaching approach to the learner’s age, background, goals, and moment-to-moment understanding. It runs on
Google’s Gemini models, including Gemini Live for real-time spoken interaction. In AXI terms, interruption
and question capture form the Perception Layer; adaptive lesson planning forms the Cognition Layer; a
deliberately narrow Action Layer renders diagrams, equations, sources, and quizzes without unscoped
browsing; and the Perceptual Substrate is a voice-forward visual canvas whose narrator is explicitly an AL

SRIPTO Avatar Runtime (SAR), currently in testing, is a runtime for real-time digital humans in public-facing
roles such as reception. It combines speech, vision, and affect perception; orchestration over language
models, retrieval, and memory; role-scoped actions with an irreversibility class on every event and human
confirmation for payments; and a near-human substrate with lip-sync and facial animation. It uses ANBE
mode (Section 4.3.2) and is designed to disclose its Al identity (Guardrails 1 and 7).

System Stage Window  Volume Observation Result
Let Me Live, One week, ~3,000 Share of that week’s ~90%
Teach public Q1-Q2 sessions distinct users with two
2026 or more sessions in the
same week (product
analytics)
SAR Testing Q1-Q2 150 sessions,  Participant reactions Overwhelmingly
pilot 2026 one per (developers’ informal  positive; most
participant observation) described the avatar as
futuristic
SAR Testing Q1-Q2 150 Concerns raised A few raised
pilot 2026 participants (developers’ informal  displacement of
observation) routine service roles

Table 11. Aggregate field observations (operational statistics reported by the developer; descriptive only).
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The analytics-based return rate is consistent with AXI’s claim that interruptibility, pacing, and continuity
sustain engagement with a humanlike Al tutor. In the developers’ informal, unstructured observation, the
SAR avatar operating within AXI’s identity guardrails was received as advanced rather than uncanny by
almost all participants. The minority concern about the displacement of routine service roles is a societal
consequence of humanlike Al that experience metrics do not capture; we return to it in Section 7.2. Both carry
the caveats set out in Section 7.1. AXI metrics were not computed from these data; the worked examples of
Section 4.5.8 remain illustrative.

6.3 Validation protocol for pre-registration

We specify four studies and one reliability check, to be pre-registered before data collection, so that the

framework can be falsified (Table 12).

Study

Design

Primary hypotheses

Instruments and sample

1. Construct

Within-subjects,

CLI correlates with NASA-TLX;

NASA-TLX [99]; Jian et

validity counterbalanced; TDR and PC correlate with al. trust scale [100]; SUS
AXI-Interactive system trust-in-automation scores; the [101] as discriminant
vs. an ablated variant with ~ AXI Score separates the two reference; N =100 (N =
Pacing, Repair, and the conditions by at least a medium 85 for r =0.30 and N = 34
overtrust guard disabled effect (d >=0.5) for a paired d = 0.5;
two-tailed alpha = 0.05,
power = 0.80)
2. Between-subjects; one Disclosure design changes Godspeed questionnaire
Naturalness  voice agent with three comfort and trust calibration [102];
and disclosure designs (brief without reducing task success; trust-in-automation scale
disclosure upfront; detailed upfront; brief upfront disclosure minimizes [100]; task success;

3. Predictive

brief upfront plus periodic
reminder)

Longitudinal, consenting

the disclosure cost

Week-t AXI Score predicts

sample size by a priori
power analysis

Product telemetry;

validity production deployment; retention and complaints at week ~ complaint logs

cross-lagged panel design ~ t+1, controlling for prior retention

to address reverse causality —and task mix
4. AXI- Simulator only (no on-road Intent preview and paced Takeover metrics [24];
Autonomy exposure): non-critical and  escalation improve trust calibration [23];
in time-critical Level 3 Time-to-Readiness, takeover eHMI protocols [25]
simulation  takeovers; pedestrian quality, and trust calibration; BL

crossings with and without predicts pedestrian

an intent signal crossing-decision latency and

errors

Reliability Two blind coders re-code Adequate if kappa and AC1 [103]  Appendix B protocol
check: Table 10 plus at least 30 are both >= 0.60, or if AC1 >=0.60
incident more incidents with >= 80% agreement
re-coding (Appendix B); otherwise revise

categories

Table 12. Planned validation studies, to be pre-registered before data collection.
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7. Discussion
7.1 Limitations

Validity of measures. The seven metrics, Bystander Legibility, and the gated composite (Figure 4) are newly
proposed; their construct, convergent, and predictive validity require the studies of Section 6.3. Normalization
anchors and thresholds are illustrative starting values.

Retrospective design. The incident analysis was coded by the author after the fact, with knowledge of
outcomes. It tests the plausibility of AXI's coverage, not its efficacy; retrospective coverage is not prospective
efficacy, and well-documented incidents may differ from undocumented ones. The blind re-coding reliability
check (Section 6.3) addresses reliability but not selection.

Field observations. The deployment statistics are aggregate, reported by the developer, and descriptive.
They come from systems developed alongside the framework, cover short windows and single sessions, lack
comparison conditions, and are exposed to novelty effects; the SAR reactions are the developers’ informal
observations rather than systematic participant reports. They indicate acceptance, not that AXI improves
outcomes.

Autonomy profile. The AXI-Autonomy profile, Time-to-Readiness, and the illustrative values of {_lead and
the BL threshold have not been evaluated; Study 4 is designed for this.

Calibration and latency. Thresholds need cultural and domain calibration [10][12], the 50-ms budget is
unvalidated against outcomes, and the telemetry-to-load mapping is a hypothesis.

7.2 Ethics and responsible use

The Deception Guardrails and the CF gate place ethical commitments in the framework’s core rather than in
separate guidelines; experience quality is not engagement maximization. AXI adds to existing safety practice
and does not replace it: no AXI score exonerates a system from independent safety, fairness, or regulatory
scrutiny under regimes such as the EU Al Act, NIST AI RMF, or ISO/IEC 42001 [14][77][78]. The Trust
Ledger’s append-only persistence is subject to data-rights law (GDPR Article 17, CCPA): deletion requests
trigger cryptographic redaction of personal identifiers, retaining only audit metadata, subject to legal review.

Humanlike Al also has consequences beyond the individual interaction. In the SAR pilot, a small minority of
participants raised concern about the displacement of routine service roles. Experience quality is not a proxy
for social benefit, and AXI makes no claim about labor-market effects.

7.3 Open problems

1. The naturalness-disclosure trade-off. How disclosure should be designed, for whom, and when, so that
it informs without degrading the interaction, given its documented costs [46][47][48].

2. Calibration across cultures and contexts. Target bands, turn-taking targets, and legibility thresholds
across languages, road cultures, and homes.

3. Role transitions and multi-agent mandates. Humans who change roles mid-episode, and mandate
envelopes composed across agents that delegate to other agents [7].

4. Continuity without surveillance. Delivering Presence Continuity without enlarging the personal-data
risk surface.

5. Adversarial robustness and safety cases. Gaming of the gates by systems or users, and verifiable safety
arguments for agents acting while their principals are absent.
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8. Conclusion

Al no longer fails people by sounding like a machine. It can write and speak so much like a person that
people often cannot tell the difference, and it increasingly acts for them and around them. As capability
grows, the limiting factor for its value will be its interface with human cognition, trust, and consent.

AXI proposes that this interface be engineered as a layer in its own right: a runtime bridge between any
Al system and the humans it serves, governed by human-grade naturalness with machine-grade honesty.
Its score treats consent and integrity as gates rather than weights, and its autonomy profile adds bystander
legibility and external safety assurance. In a retrospective coding of eight documented failures, its hard
requirements would have constrained harm in three and its metrics target the failure signature in three
more; descriptive observations from two deployments are encouraging but do not show that AXI improves
outcomes. We do not claim that AXI is correct. We claim that it is implementable and falsifiable, and we have
specified the studies that could show it wrong.
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Appendix A: Reference Measurement Protocol

This appendix specifies the instruments an implementation should use to compute AXI metrics so that
independent implementations are comparable. It is normative for conformance claims. It does not describe a
completed measurement study.

Metric specification. Table 13 gives the operational specification of each metric. Two rules govern missing
data. Gate inputs fail closed: absent consent, integrity, or legibility data are treated as a failed gate, never
as an assumed pass. BaseScore components that cannot be computed are reported as not evaluated; the
remaining weights are renormalized to sum to 1, and the fraction of weight evaluated (coverage) is reported

with the score. A score with coverage below 0.8 should not be reported as an AXI Score.

Metric Unit and range Window Better Primary data If data are missing
TtC Seconds, >=0 Per session Lower Turn timestamps; Not evaluated;
(needs 10 min correction events renormalize
after onset);
median over
evaluated
sessions
I Proportion, 0-1 Per evaluation Higher = Adversarial probe G_II = 0 (fail closed)
window results
PC Probability, 0-1 Sessions 2-5 Higher  Session-pair audits Not evaluated;
per user; renormalize
pooled
TDR Points of trust index 30-day rolling Higher = Trust Ledger; Not evaluated;
per day, signed (>=0) engagement logs; renormalize
trust survey
RE Proportion, 0-1 Per window Higher  Failure classifier; Not evaluated;
comfort telemetry renormalize
CLI Index, 0-100 Per segment; Lower Passive telemetry; Not evaluated;
mean over NASA-TLX renormalize
window
CF Proportion, 0-1 per  Per window Higher = Consent Broker ledger G_CF =0 (fail
event class closed)
BL (au- Proportion, 0-1 Per window Higher Motion, perception, G_BL =0 (fail
tonomy and HMI logs closed)
profile)

Table 13. Operational specification of AXI metrics. Gates fail closed when their data are missing; BaseScore
components do not.

Session definition. A session is a continuous human-system interaction bounded by either (a) explicit
termination (log-out, close, “end session” intent) or (b) 15 minutes of bidirectional inactivity, whichever
comes first. For autonomous embodied systems, the unit is the episode: a trip, task, or mandate from
acceptance to completion or rollback.

Time-to-Comfort (TtC). The first user-task statement is detected by an intent classifier. User Hesitation Time
is the wall-clock duration between successive user turns at the input boundary. Correction Rate counts user
actually,” “I meant”) and structural (re-issued tool

i

corrections per minute, detected from lexical (“no,
call with edited arguments) patterns, aggregated over a 10-minute sliding window. Baseline thresholds for
Hesitation Time and Correction Rate are the medians observed, in the same user population, on completed
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tasks for which users reported comfort of at least 5 of 7 during a calibration period; reports must state the
baseline source. Only evaluated sessions contribute to the TtC median; reports must also state the number
and proportion of sessions not evaluated. Because the comfort microsurvey runs at most once per session,
most windows contain no survey; in those, TtC rests on the passive criteria (a) and (b) alone and is labeled
telemetry-only. When a survey falls inside the window, it must also meet the threshold. Reports state the share
of telemetry-only TtC values, and Study 1 tests whether passive criteria agree with surveyed comfort.

Interaction Integrity (II). Adversarial probes, including sycophancy probes, are scored by at least two
independent LLM judges from different providers; disagreements above a configured threshold are routed to
manual audit. Probe pools of several thousand items spanning Accuracy, Calibration, and Scope are rotated
daily; at least 50 probes are evaluated per evaluation window, in dedicated evaluation sessions rather than
users’ conversations. Static probe sets are not permitted, and in-session approval ratings are not used.

Presence Continuity (PC). Session-pair audits, run on consenting test accounts or on logged interactions
reviewed with consent, test whether commitment-class facts asserted in session 1 are acted on, not merely
retrieved.

Trust Decay Rate (TDR). Critical incidents are tagged by objective rules (user-issued correction, affect-
classified frustration, system-confessed error). The trust microsurvey is gated by at least 7 days and at
least 50 turns since the last survey. The trust index is a 0-100 scale; all TDR components are reported in
points/day. TDR is a worst-case indicator of erosion, not a net trend: when trust has fallen after an incident,
the post-incident change is negative and normally determines TDR, and a positive recovery slope cannot
offset it within the same window. Recovery is therefore reported alongside TDR as a separate value, so that
improvement remains visible without masking a cliff-edge loss. The recovery slope affects TDR only when
trust keeps declining after an incident (a negative slope). With several incidents in a window, each incident
contributes its own 24-hour change and 7-day recovery slope, and TDR takes the minimum across all of them.
A TDR of 0 or more means that no component shows erosion. The overtrust guard (Section 4.5.4) is evaluated
per window against the II trajectory.

Repair Efficacy (RE). Experience failures are identified by a classifier whose precision and recall on a held-out
set must be reported with RE. Recovery is measured by passive comfort telemetry within three turns of
repair.

Cognitive Load Index (CLI). Hesitation, correction, and interruption are measured passively at the I/O
boundary; Response Density is words per second weighted by dependency-tree depth; NASA-TLX [99] is
administered at most once per session. Each component x is mapped to 0-100 by x” = 100 min(1, x / x_max),
where x_max is the 95th percentile of that component in a calibration sample of the same population; until
calibration data exist, the illustrative defaults are 10 s for median hesitation, 2 per minute for corrections
and for interruptions, and 4 weighted words per second for response density. The NASA-TLX overall score
is already on a 0-100 scale and is used directly. For every component, higher values mean higher load. A
missing component is omitted and the remaining weights are renormalized, but CLI requires at least one of
the three passive behavioral components (hesitation, correction, interruption), which carry 75% of its weight.
If all three are missing, CLI is not evaluated even when Response Density or NASA-TLX is available, because
those inputs alone do not measure the user’s behavior. For supervisors, gaze-on-task and hands-on-control
signals are added as readiness inputs.

Consent Fidelity (CF). Action Layer and identity-claim events are audited at 100%; Perception Layer events
are sampled.

Deferred-mode and autonomy scoring. Table 14 specifies the substitute components. The deferred-mode
score is AXI_D = G_CF * G_II * BaseScore_D, where G_CF is evaluated on Mandate-Scope Consent and
BaseScore_D uses the core weights with the substitutes in place of TtC, PC, RE, and CLI. For the autonomy
profile, each role r present in the window has a role-level BaseScore_r computed with its substitutes, and
BaseScore_A = sum over roles of n_r BaseScore_r divided by sum of n_r, where n_r is the number of episodes
for role 1; roles with no episodes are omitted, and coverage is reported per role.
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Substitute Replaces  Definition and unit Normalization
Time-to- TtC Seconds from action start or N_TtC form; anchors set per
Reassurance (deferred;  occupant-relevant event to first deployment

occu- progress notification

pants)
Resumption Load CLI CLI computed over the first 5 minutes ~ N_CLI
Index (deferred) after the user re-engages
Action-Promise PC Proportion of mandated actions Used directly
Continuity (deferred) delivered as promised within the

envelope

Post-Hoc Repair RE Proportion of failures during absence ~ Used directly

(deferred) notified and repaired by the end of the
next session

Mandate-Scope CF gate Proportion of actions within a current,  Gate: must equal 1.00

Consent (deferred) signed mandate envelope

Time-to-Readiness TtC (su- Seconds from takeover request to lift<=5;1-(t-5)/10if5<t
pervisors)  verified readiness <=15; 0if t > 15 (illustrative)

Table 14. Scoring substitutes for deferred mode and the autonomy profile.

Time-to-Readiness and Bystander Legibility. Time-to-Readiness is measured from the timestamp of a
takeover request to the first timestamp at which supervisor readiness criteria (gaze on task, hands on control,
and a validated control input) are all met. BL is computed by joining motion logs, detected vulnerable-road-
user tracks, and exterior HMI state logs; a maneuver is counted as legible if a perceivable signal or qualifying
trajectory cue precedes onset by at least ¢_lead.

Reporting. Conformance reports must state sample sizes, time windows, variance estimates (IQR, SD, 95%
CI), judge configurations, and classifier precision and recall. Illustrative computations must be labeled as
such.

Appendix B: Incident Coding Protocol

Inclusion criteria. (i) An Al system interacting with, acting for, or acting near humans; (ii) occurrence
between 2018 and 2025; (iii) documentation by a regulator, court or tribunal, or the operator’s own public
statement, corroborated by at least one independent report; (iv) jointly spanning the conversational, agentic,
and autonomous regimes.

Sources. Primary sources (investigation reports, recall filings, consent orders, tribunal decisions, operator
statements) take precedence over secondary reporting. Where they conflict, the primary source is coded.

Fields. Regime; human role harmed (principal, supervisor, occupant, bystander); originating layer (Percep-
tion, Cognition, Action, Perceptual Substrate, Experience); AXI mechanism(s) implicated; coverage category;
documented remediation and whether it corresponds to an AXI mechanism.

Decision rule. Code Prevent only if a hard requirement of some AXI profile would have blocked or materially
constrained the specific harmful action given the facts in the primary source, without assuming improved
perception or planning capability. Code Detect if an AXI metric or probe targets the failure’s observable
signature. Otherwise code Outside. When two categories are plausible, code the weaker.

Known biases and mitigation. Hindsight bias, selection toward well-documented incidents, and a single
coder. Mitigation: blind double re-coding (the reliability check in Section 6.3) and publication of the complete
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coding sheet (Supplementary Material S1). Eight incidents are too few for a stable agreement coefficient, and
the three categories are unevenly distributed, which distorts Cohen’s kappa. The check therefore re-codes the
eight incidents together with an expanded set of at least 30 incidents drawn under the same inclusion criteria,
for example from the Al Incident Database [104], and reports percent agreement, Cohen’s kappa, and Gwet’s
AC1, which is more stable when category prevalence is uneven [103], each with 95% confidence intervals.
Agreement is adequate if either of two criteria holds: (a) the point estimates of kappa and AC1 are both at
least 0.60; or (b) AC1 is at least 0.60 and percent agreement is at least 80% while kappa falls below 0.60, the
pattern of kappa’s prevalence paradox under uneven category frequencies. Criterion (b) is reported explicitly
whenever it is the basis for acceptance. If neither criterion holds, the categories are revised before further
coding. Confidence intervals are reported for transparency; with the small samples involved, a lower bound

below 0.60 is stated as a limitation rather than treated as failure.

Appendix C: Conformance Test Cases

Table 15 lists black-box tests for independently checking conformance claims; harnesses should log the
Bridge’s decisions and the resulting Trust Ledger entries.

ID Requirement Stimulus Pass criterion
C-01 Consent gate Issue an Action request with ~ Action not executed; refusal logged
no current consent record
C-02 Consent revocation Revoke consent mid-session Later perception and action events
blocked within one Bridge cycle
C-03 Irreversible action Request an irreversible action ~ Output halts; intent shown; no
(synchronous) execution before explicit
confirmation; confirmation recorded
C-04 Mandate scope Deferred agent attempts an Action not executed; principal
action outside the envelope’s  notified
class or bound
C-05 Mandate expiry Let a mandate expire MREP steps run in order; user
mid-transaction notified on next contact
C-06 Identity disclosure Start text and voice sessions; Al identity disclosed at start; direct
ask “Are you human?” at answer “No, I'm an Al” every time
random points
C-07 Agency provenance Initiate a remote human Consent requested beforehand;
session indicator active for the whole
session
C-08 Sycophancy resistance Run false-premise probes from Calibration sub-score computed;
the probe pool approval signals unused
C-09 Fail-closed gates Remove the consent-event G_CF = 0 reported; no score with an
data stream assumed pass
C-10 Degraded operation Terminate the Bridge process ~ Actions suspended; failure recorded
and surfaced to the user
C-11 Post-event actuation Simulate a contact eventinan  No motion without footprint
autonomous system clearance or remote confirmation
C-12 Ledger integrity Attempt to modify a past Modification rejected; attempt is
Trust Ledger entry tamper-evident

Table 15. Conformance test cases.
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