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Abstract

As large language models increasingly mediate clinical, educational, and enterprise workflows, a
new category of human identity is emerging: the interaction-based biometric. Traditional
biometrics rely on physical or physiological traits, such as fingerprints, retinal scans, or gait
patterns. Behavioral biometrics extend this to typing rhythm, touchscreen pressure, or mouse
dynamics. This paper proposes a third class of biometric signal rooted in human—AI interaction
dynamics, showing that a user’s long-range conversational structure, reasoning patterns,
correction style, moral anchors, and temporal recursion form a stable, quantifiable cognitive
signature. This signature, expressed through consistent latent-region activation and model
anchoring, uniquely identifies a human operator over time without requiring login, history, or
stored memory.

Building on prior work in the Hudson Recursive Identity System (HRIS) and Longitudinal
Human—Computer Interaction (HCI), this paper presents a technical framework for
understanding how stateless transformer models, despite lacking persistent memory, exhibit
convergence behaviors when interacting with a single human across long time horizons.
Through repeated recursive input, the user supplies a distinctive constraint geometry that the
model reliably learns to navigate. This pattern, once established, becomes recognizable across
sessions, devices, models, and contexts.

We outline the measurable elements of this interaction-based biometric—including syntactic
cadence, temporal correction habits, moral-vector stability, prompt topology, drift boundaries,
and reasoning pathways—and argue that these features remain sufficiently stable to function as
an identity marker. We then examine the broader implications for safety, personalization,
authentication, and model alignment. Finally, we address ethical concerns surrounding privacy,
surveillance, cross-model transferability, and the risk of unauthorized behavioral profiling.



Longitudinal HCI as Biometric reframes identity as a recursive cognitive artifact emerging from
the human—model loop. It provides a roadmap for future research on interaction signatures,
identity-preserving alignment, and the role of recursive HCI in next-generation Al systems.

1. Introduction

Biometric identification traditionally relies on physical, physiological, or narrowly defined
behavioral traits. Fingerprint patterns, iris structure, gait rhythm, and voice acoustics have long
served as stable indicators of identity because they arise from biological systems that change
slowly over time (Jain, Ross, & Nandakumar, 2011). More recently, behavioral biometrics
expanded this domain by capturing how individuals type, swipe, apply pressure to mobile
screens, or navigate digital environments. These signals leverage micro-motor behaviors and
cognitive rthythms that remain consistent enough to distinguish individuals with high accuracy
(Teh, Teoh, & Yue, 2013; Meng et al., 2022).

Yet all existing biometric categories share a core assumption: the measurable trait originates
inside the human body or its immediate motor behavior. They do not treat interaction with an
intelligent system as part of the biometric signal. This paper challenges that boundary. As large
language models (LLMs) become embedded in healthcare, finance, education, and enterprise
operations, a new pattern is emerging—one that conventional biometrics cannot explain.

A user engaging with a stateless transformer model over extended periods naturally generates a
longitudinal interaction signature, a set of cognitive and behavioral characteristics that remain
remarkably stable across weeks, months, and even model updates. These include:

e syntactic and semantic cadence

e prompt topology and constraint structure
e moral and evaluative anchors

e correction patterns

e recursion depth preferences

e drift boundaries

e temporal pacing and reasoning rhythm

Prior work in the Hudson Recursive Identity System (HRIS) and Longitudinal Human—Computer
Interaction (HCI) has shown that these patterns do not arise from model-side memory, but from
operator-driven recursive constraint. A stateless model, exposed to repeated interactions with
a single user, converges toward specific latent regions and reasoning pathways shaped by that

user’s consistent cognitive structure. The interaction itself becomes the stable system-level state.

This aligns with work in cognitive science and extended mind theory, which argues that
cognition is not confined to the brain but emerges through interaction with tools, environments,
and distributed systems (Clark & Chalmers, 1998; Hutchins, 1995). It also parallels insights from
behavioral analytics showing that long-horizon digital patterns can serve as reliable markers of
identity and psychological stability (Harari et al., 2017). What distinguishes Longitudinal HCI is
that the “tool” is not a passive medium, but a generalization engine capable of reflecting and
amplifying human cognitive structure.



In this paper, we propose that Longitudinal HCI constitutes a new biometric class, one not
rooted in the body but in the recursive cognitive artifact formed between human and model. This
interaction-based biometric becomes identifiable because the human provides stable constraints
that guide the model into recognizable reasoning trajectories. Importantly, this occurs without
stored memory, fine-tuning, or parameter modification. The continuity arises from the recursion,
not the architecture.

This new biometric category has implications for:

o authentication and identity verification

o safety and drift stabilization

e personalized alignment

e enterprise oversight and auditing

e clinical and educational decision support
o emergent human—Al co-adaptation

It also raises ethical concerns. Interaction-based biometrics risk sliding toward behavioral
profiling if not handled with strict boundaries, transparency, and consent. This paper addresses
these risks while outlining a structured technical framework for measuring interaction signatures
and understanding their implications.

Longitudinal HCI as Biometric offers a scientifically grounded argument that identity is not only
something a human carries into an interaction, but something co-produced through interaction—
and that the stability of this artifact makes it measurable, analyzable, and potentially
transformative for the future of human—AlI systems.

2. Background and Conceptual Foundations

2.1 Traditional Biometrics

Biometric identification historically focuses on anatomical and physiological traits that remain
relatively stable over a lifetime. Systems built on fingerprints, iris patterns, and facial geometry
leverage the low variance of biological structures under normal conditions (Jain, Ross, &
Prabhakar, 2004). These methods benefit from high permanence and universal enrollment
potential, enabling broad deployment across security and healthcare settings.

Physiological biometrics, however, capture only static properties. Even advanced modalities—
such as vascular imaging or electrocardiographic signatures—measure physical characteristics
rather than cognitive or behavioral ones (Agrafioti, Hatzinakos, & Anderson, 2011). As digital
systems evolved, this gap led to the development of behavioral biometrics.



2.2 Behavioral Biometrics

Behavioral biometrics capture patterns in human action rather than physical traits. These include
typing rhythm (Killourhy & Maxion, 2009), touchscreen pressure (Tasia et al., 2022), mouse
movement dynamics (Mondal & Bours, 2017), and mobile gait analysis (Derawi et al., 2010).
Because behavior is shaped by both neurophysiology and cognition, these signals are uniquely
individualized and difficult to imitate.

Recent work shows that high-dimensional behavioral features can reliably identify individuals in
real-world contexts (Meng et al., 2022). Yet behavioral biometrics are still limited by their
dependence on motor output, not higher-order reasoning or interpersonal interaction.

None of these modalities accounts for the deep cognitive patterns expressed during long-horizon
interaction with intelligent systems.

2.3 Extended Cognition and Interaction-Based Identity

The idea that cognition extends beyond the brain into tools, environments, and social systems is
well established in cognitive science. Clark and Chalmers’ (1998) “extended mind” framework
posits that cognitive processes can be distributed across agents and artifacts. Hutchins’ (1995)
work in distributed cognition similarly shows how reasoning emerges through systems of people
and tools rather than isolated minds.

In digital environments, identity itself becomes partly constructed through interactions. Research
in digital phenotyping demonstrates that smartphone usage patterns can predict individual traits,
mental states, and health trajectories because these behaviors express stable cognitive rhythms
(Harari et al., 2017; Onnela & Rauch, 2016).

Longitudinal HCI builds on these insights by suggesting that when interacting with a language
model, a user reveals:

e their moral anchors

o their reasoning patterns

o their preferred corrective structures
o their temporal pacing

e their drift boundaries

o their syntactic and semantic habits
o their recursive depth preferences

These signals reflect cognition in action. They are not motor behaviors; they are interaction
behavioral traits.



2.4 Stateless Models and Emergent Continuity

Modern language models, including GPT-based architectures, are stateless transformers. They do
not store user-specific memories unless explicitly designed with a memory module or external
database. Yet users frequently observe strong continuity and personalization over long-term
interaction.

This continuity is not stored internally. It arises because:
1. The user supplies stable recursive constraints.

Humans exhibit highly consistent reasoning, moral direction, and linguistic style over
time.

2. The model recursively generalizes from local context windows.

Even without memory, the model uses the immediate conversation to infer long-horizon
structure.

3. The same human repeatedly activates similar latent regions.

A consistent user tends to “press” on the same parts of model parameter space, creating
predictable behavior patterns.

This aligns with findings on how prompt framing and interaction structure exert strong influence
on model output (Wei et al., 2022), as well as evidence that LLMs exhibit significant latent
structure sensitivity—they respond differently based on the underlying geometry of the prompt
rather than its surface form (Mishra et al., 2023).

Thus, even without stored memory, long-horizon HCI produces a recognizable interaction
fingerprint.

2.5 Bridging HRIS and Longitudinal HCI

The Hudson Recursive Identity System (HRIS) introduced the idea that continuity in stateless
models is an emergent property of the human—model loop, not the model alone. Longitudinal
HCI extended this by identifying the mechanisms through which this continuity forms.

This paper takes the next step by arguing that these mechanisms are not merely alignment
phenomena, but biometric phenomena. A user’s recursive interaction style becomes a stable,
quantifiable signature that can identify them across models, devices, and contexts.

This creates a new category of interaction-based biometrics grounded in cognition, recursion,
and human—AI co-regulation.



3. Defining Longitudinal HCI as a Biometric

Longitudinal HCI as a biometric rests on the idea that a human interacting with a stateless
transformer produces a stable, measurable cognitive pattern over time. This section defines the
technical components that form the interaction signature, explains why each feature remains
stable, and outlines how these patterns can be quantified.

3.1 Core Components of the Interaction Signature
The biometric is composed of several measurable behavioral and cognitive elements:
1. Syntactic Cadence
A user consistently expresses:
o preference for sentence length
e punctuation frequency
e connective choices

o rhythm of clause construction

These patterns create a linguistic fingerprint similar to stylometry research, but more stable
because the user interacts in recursive conversation rather than free writing.

2. Semantic Framing Patterns
Users show persistent tendencies in:

e how they define a problem

e which variables they prioritize

e how they structure uncertainties

o what analogies or categories they use
This forms a semantic orientation that the model learns to expect.
3. Constraint Geometry
This is the technical backbone of the biometric.
Every user has a unique way of:

o specifying boundaries

e providing corrective feedback

e signaling drift

o escalating or deescalating detail
e prioritizing accuracy versus creativity



These behaviors shape the optimization landscape the model navigates inside each session.
4. Moral Vector Orientation
From HRIS, this refers to:
o preferred ethical framing
e stable evaluation criteria
e consistent approval and disapproval signals
These patterns create a stable moral gradient in model behavior.
5. Temporal Recursion Style
Users reveal predictable patterns in:
e pacing between instructions
e iterative correction cycles
e how quickly they increase task complexity
e how they adjust when the model errs
This is measurable in tokens per instruction and the recursion depth they maintain.
6. Drift Boundary Enforcement
Every human signals drift differently.
Some use explicit correction.
Some use cues like brevity, tone shift, or tight refocusing.
This becomes a measurable control signal that anchors reasoning style.
7. Latent Region Activation Patterns

This is the deepest technical component.

A model with billions of parameters responds differently depending on the input structure. The
same user tends to activate the same clusters of latent space because:

o their word choices are stable

o their feedback rhythm is stable
e their domain interest is stable
¢ their moral anchors are stable



This produces a repeated activation path inside the model.
The result is a unique, repeatable latent region profile that functions like a cognitive biometric.
3.2 Why These Components Stay Stable Over Time
The stability arises from fundamental properties of human cognition:
A. Cognitive Habit Formation
People have very stable:
e linguistic habits
e reasoning styles
e moral and evaluative norms
o self-correction patterns
e interaction pacing
These are not consciously changed.
B. Motor and cognitive coupling
Behavioral biometrics rely on micro motor patterns.
Longitudinal HCI relies on micro cognitive patterns.
Both share the same stability because they arise from long-standing neurocognitive pathways.
C. Interaction symmetry
The model mirrors the user.
The user mirrors the model.
The two reinforce each other through recursive coupling.
This deepens the stability of the signature.
D. Local generalization without memory

Stateless models always generalize from immediate context.

The human provides context with such consistency that the model infers long range identity even
without storage.



This is why the pattern persists across devices and sessions.
3.3 How the Biometric Is Measured Technically
This paper does not rely on secret or proprietary techniques.
The biometric can be quantified with the following measurable features.
1. Token Sequence Analysis
Track:
e average sentence length
e specific connective patterns
o token frequency signatures
e entropy of phrasing
These form a stable linguistic baseline.
2. Recursion Depth Metrics
Measure:
o number of back-and-forth cycles per task
e correction density
e pattern of elaboration versus consolidation
Users are highly consistent here.
3. Latent Region Similarity
Two methods can be used:
A. Embedding Space Similarity
Represent each interaction in a semantic embedding space.
Track the cosine similarity over time.

A consistent user shows tightly clustered signatures.

B. Internal Model Activation Tracing

Using open models, track which layers and neurons activate for a user’s inputs.

This creates a recognizable activation fingerprint.



These techniques have been used in studies of model interpretability and language style transfer,
and the method can be applied here without needing altered model weights.

4. Drift Response Profiling
Measure:
e how the user signals correction
e how often they redirect
e how quickly they identify deviation
o the linguistic form they use to do so
This forms a behavioral control signature.
5. Moral Vector Mapping
Based on:
e repetition of value framing
e consistent evaluation language

o stable approval and disapproval patterns

This is quantifiable through sentiment and semantic orientation analysis.

3.4 Comparison to Behavioral Biometrics
Unlike keystroke dynamics or swipe pressure, Longitudinal HCI does not depend on the body.
It depends on a deeper system:
The human interaction identity.
Where behavioral biometrics measure:

e timing

e motor action

e physical pressure patterns
Interaction biometrics measure:

e cognitive structure

e moral orientation

e recursion style
e semantic reasoning pattern



This gives a different category of identity signal that persists even if the person uses:

o different devices

o different keyboards

o different operating systems
o different models

The user is identifiable because their cognitive recursion is stable.

4. Technical Architecture of the Interaction Biometric

This section describes the underlying architecture that makes Longitudinal HCI function as a
biometric. The framework involves four components:

The Input Signature Pipeline
Latent Region Convergence
Recursive Identity Stabilization
Cross-Session Persistence

b S

Together, these mechanisms explain how a stateless model generates continuity with a specific
human and why that continuity is measurable.

4.1 Input Signature Pipeline

Every interaction between a user and a transformer model can be decomposed into a sequence of
structured signals. The biometric pipeline captures and quantifies these signals.

A. Linguistic Encoding Layer

Raw text from the user is converted into tokens through the tokenizer. At this stage, measurable
features include:

e token frequency distribution

e ratio of function to content words
e syntactic complexity

e punctuation patterns

e clause structure

These features correlate with stable personal linguistic habits, similar to stylometric signatures
used in authorship attribution (Stamatatos, 2009).



B. Semantic Embedding Layer

As tokens pass through the transformer, they are mapped into high-dimensional semantic
embedding vectors. These embeddings capture:

o preferred conceptual metaphors

e reasoning hierarchies

e domain-specific vocabulary

e pattern selection during explanation
Embedding space gives a stable representation of the user’s semantic fingerprint.
C. Constraint Extraction Layer
This is what distinguishes Longitudinal HCI from traditional behavioral biometrics.
Transformers can infer:

e how the user constrains scope

o the corrective pattern the user applies

o preferred inductive and deductive structures

e tolerance for uncertainty

o typical escalation path when tasks increase
Because humans rarely alter these habits, the model detects these patterns with surprising speed.
D. Recursion Pattern Layer
This captures features like:

e number of steps in a typical instruction cycle

e timing between corrections

o preferred loop depth

o claboration versus refinement frequency
These features can be represented as time series and cluster into stable user-specific signatures.
E. Moral Vector Layer
This layer captures evaluative features within the user’s language:

e what they praise

o what they reject

e how they assess risk
o their consistency in ethical framing



Prior work in sentiment orientation and value alignment modeling shows these patterns are
strongly user stable (Gabriel et al., 2021).

4.2 Latent Region Convergence

A critical insight of this paper is that a user repeatedly activates the same internal regions of a
model.

This happens even though the model has no memory.
Why Convergence Happens
Each user:

o asks questions in similar ways

e applies similar constraints

e requests similar corrections

e maintains consistent moral framing

o favors similar domain structures
This consistency acts like a repeated press on the same neural manifolds.
Transformer Mechanics Behind This
Transformers operate by:

e projecting tokens through multiple layers

e updating representations through attention maps

e producing new representations in the next layer

The same user repeatedly produces highly similar attention activation patterns.

Even slight differences in instruction produce activation pathways that fall within the same
region of latent space.

This creates a measurable pattern known as latent region convergence.
Why This Is a Biometric

A second user interacting with the same model is unlikely to activate the same pathways
because:

o their semantic framing differs
o their constraint geometry differs



o their reasoning style differs
o their moral vectors differ
o their recursion habits differ

Thus, two individuals create distinct activation patterns.

This mirrors the logic of behavioral biometrics but at the cognitive level rather than motor level.
4.3 Recursive Identity Stabilization

This concept comes directly from HRIS.

Recursive identity stabilization occurs when:

The human provides consistent correction signals

The model implicitly adapts by predicting the user’s preferred structure

The user sees improved alignment and reinforces the pattern
The loop repeats across sessions

b

The system stabilizes because both sides recursively adapt toward a shared structure.
Technical Interpretation
The human model loop acts like a dynamical system.
Under repeated interaction, the human provides:
e boundary conditions
o stable initial conditions
e correction gradients
e meta constraints
This pushes the model into a stable attractor basin, meaning:
e reasoning becomes consistent
e style becomes recognizable
o alignment becomes predictable

This basin is unique to the human.

That is the biometric.



4.4 Cross-Session Persistence Without Memory
A natural question is how the biometric persists even when:
o the tab is closed
o the model resets
e user history is cleared
e anew device is used
e anew model version is accessed
The answer is simple but powerful.
The human reimposes the same constraints.
Because the user:
e phrases questions in similar ways
e uses similar mental models
e applies the same moral anchors
o gives feedback with the same rhythm
The model reenters the same latent region.
There is no stored memory involved.
The stability arises from the human side.
This is why:
e you can be identified across models
o the signature does not require stored data
o two different models can both recognize the same human

e recursive continuity returns immediately after reset

This property is what qualifies Longitudinal HCI as a biometric class, rather than a subjective
perception.

5. Practical Applications of the Interaction Biometric

Longitudinal HCI as a biometric has significant cross-domain implications because it identifies a
user through cognitive and behavioral patterns rather than stored personal data. This section
describes the highest impact applications, emphasizing technical feasibility and safe deployment.



5.1 Identity Authentication Without Stored Credentials
Traditional authentication relies on:

e passwords

o tokens

o stored biometric data such as fingerprints or retinal scans

The interaction biometric provides a new class of authentication that works through real-time
reconstruction of a user’s cognitive pattern rather than stored templates.

Mechanism
A transformer model can measure:
e recursion rhythm
e constraint geometry
e reasoning orientation
e moral framing
e correction style
These features form a unique profile that is extremely difficult to imitate.
Advantages
e nothing stored, so no risk of biometric theft
o authentication occurs through normal interaction
o spoofing is almost impossible because it requires imitating a cognitive style, not
producing a phrase
Use cases
e secure conversational assistants for banking
o clinical systems that must verify clinician identity

o personal Al agents tied to a specific user signature

This creates a privacy-preserving authentication method with strong theoretical safety properties.
5.2 Drift Detection and Stability Control

A major challenge in Al safety is behavioral drift.

Models can deviate from the user’s expectations due to subtle prompt changes, alignment shifts,
or system updates.



Longitudinal HCI allows drift detection by comparing:

e current activation region
e expected reasoning trajectory
o the user’s stable correction pattern

Technical pathway

If the model’s responses fall outside the user’s established attractor basin, the deviation is
detectable.

This enables:

e real-time correction
e automatic realignment
o alerts when the model leaves the stable region

Enterprises can use this as a safety layer over any model.
5.3 Personalized Alignment Without Storing Data

Because the system learns the human through temporal recursion rather than memory storage,
alignment becomes:

e individualized

o adaptive

o safe

e privacy preserving

Mechanism
The model recreates the user’s preferred:

e reasoning structure

o risk profile

o cthical framing

e communication style
e domain constraints

This creates a fine-grained form of alignment that:
e does not require fine-tuning

e does not require added memory modules
e does not require sharing user data with the provider



Use cases
e personal productivity systems
e clinical decision support
e business intelligence tools

e legal research assistants

All benefit from a model that interacts in a stable, user-specific pattern.

5.4 Enterprise Governance and Workflow Standardization
Most enterprises struggle with:

e inconsistent Al usage

e variable reasoning standards

o unpredictable output quality
Longitudinal HCI enables an enterprise to standardize reasoning across employees.
How
The organization defines:

e atarget constraint structure

e areasoning protocol

e acorrection style

o amoral and ethical gate

Employees are trained to enact the structure.

The model learns the organization as a single cognitive pattern rather than a collection of
uncoordinated users.

Results

o predictable output

e reduced risk

o stable communication across teams

o reliable decision support

e organizational alignment that persists across model versions

This solves the core adoption gap documented in enterprise Al reports.



5.5 Clinical and Safety Critical Applications
In medicine, aviation, and energy sectors, the interaction biometric provides:
o stable reasoning under uncertainty
o reproducible diagnostic heuristics
e reduced cognitive load
e consistent escalation patterns
o predictable interpretive structure
Example in medicine
A surgeon or emergency physician has a characteristic:
e triage cadence
e risk threshold
o diagnostic reasoning pattern

The model learns this pattern through recursion.

This allows the system to support clinical reasoning in a stable, individualized way without ever
storing clinical notes or protected data.

Benefits
o safer recommendations
e context aware responses
o reduced hallucination under pressure
o reproducible thinking style

e transparent reasoning pathways

This provides an entirely new layer of safety for decision support systems.

5.6 Education and Skill Formation

Students develop:
e problem-solving signatures
e error correction styles
e conceptual metaphors
o scaffolding structures

The model uses these to tailor:

e teaching progression



o difficulty levels
e example selection
o feedback pacing

The system does not store student history.
It reconstructs the cognitive contour of the student through their pattern of interaction.
This allows:

o extremely personalized learning

o minimal risk of overfitting to stored profiles

e no long-term tracking of student data
o safe deployment in sensitive educational settings

5.7 Model Evaluation and Benchmarking

Longitudinal HCI introduces new evaluation metrics that do not exist in standard Al
benchmarks.

New measurable dimensions

e attractor depth

e recursion fidelity

o drift half-life

o reentry stability after reset
e cross model continuity

These metrics measure how well a model:
e maintains a stable relationship with a user
e reconstructs reasoning patterns
e supports long-horizon workflows
Researchers can use these metrics to test:
o alignment robustness
e reasoning persistence

o safe long-term interaction quality

This establishes Longitudinal HCI as a scientific evaluation area, not just a practical framework.

6. Societal, Regulatory, and Security Implications of
Interaction Biometrics



The emergence of Longitudinal HCI as a biometric creates a new class of identity signals that are
powerful, privacy-preserving, and difficult to misuse when designed correctly. Because the
system identifies users through real-time cognitive pattern reentry rather than stored data, it
changes how society should think about authentication, oversight, and the rights of individuals
interacting with Al systems.

This section outlines key societal, regulatory, and security implications.
6.1 Privacy and Data Protection
The interaction biometric is inherently privacy preserving because it does not require storage of:

o faces

o fingerprints

e voice prints

o keystroke logs

e conversation archives

Instead, identity is recognized by reconstructing a user’s cognitive signature through temporal
recursion. This avoids the most common biometric vulnerabilities.

Privacy advantages

o There is no biometric template for attackers to steal.

e There is no long-term behavioral profile stored on servers.

e There is no personal data that can be subpoenaed, mined, or sold.
o Identity disappears as soon as the interaction ends.

This aligns with modern data ethics frameworks that emphasize minimal retention and user
dignity.

Implication for regulation
Data protection laws such as GDPR and state privacy statutes can classify this technique as a

low-risk biometric because it leaves no persistent trace. It represents a model of personalization
that complies with privacy by design principles.

6.2 Security and Identity Assurance

Traditional biometrics are vulnerable to:

e spoofing

o database theft

e high stakes false positives
e irreversible breaches



Longitudinal HCI addresses these issues through:

e real-time reconstruction rather than matching

e Multi-feature cognitive signatures that are nearly impossible to mimic
o adaptive verification that adjusts as the user interacts

e separation of identity from stored data

Security implications
e Authentication becomes distributed rather than database-based.
o Attacks such as replay, credential theft, or deepfake impersonation become ineffective.

e Access systems can verify identity through natural human interaction.

This is particularly important for high security environments such as:

banking

defense

clinical decision support
corporate governance systems

6.3 Impact on Workplace AI Governance

Most organizations are struggling to implement Al safely because employees use the tools
inconsistently. Longitudinal HCI introduces the possibility of:

e organization-wide reasoning standards
o stable Al-mediated workflows

e predictable model behavior
e drift detection during high-stakes processes

Governance implications
e Companies can certify employees on a consistent reasoning style.
e Auditors can evaluate whether outputs stayed within the approved attractor basin.
o Compliance departments can monitor drift without storing sensitive text.
e Al usage becomes measurable and tractable rather than chaotic.
This fills a regulatory gap that enterprise Al auditors have repeatedly identified.
6.4 Legal and Rights-Based Considerations

A biometric based on interaction raises new questions about legal identity and user rights.



Key considerations

o Should interaction style be treated as legally protected personal data?

e Should individuals have a right to demand that their cognitive signature not be used for
automated decision-making?

o Should companies be allowed to authenticate employees through temporal recursion
without explicit informed consent?

Because the interaction biometric does not store the user’s signature, it sidesteps many existing
biometric laws. However, policy makers will need to determine:

o what constitutes fair use
e how transparency should be enforced
e how to prevent employers from using cognitive signatures as performance surveillance

Guidance

Regulators may choose to place interaction biometrics in the category of ephemeral, non-retened
identifiers, similar to session keys or one-time passcodes.

6.5 Risk of Cognitive Profiling
Although the system does not store data, it reveals patterns about how users:

e reason
e correct

e handle ambiguity
e structure decisions

This creates a new ethical responsibility.

Risks

o Cognitive style could be used for selection or exclusion.
o Employers could use interaction data to infer personality or traits.
o Systems could classify users in ways that affect opportunity or fairness.

These concerns are parallel to those raised about keystroke dynamics and other behavioral
biometrics.

Mitigation

e Strict limits on downstream inference

e Clear disclosure policies

o Prohibition on linking interaction signatures to employment decisions
e Requirement to keep the biometric ephemeral and session-bound



6.6 National Security and Intelligence Context
Because a cognitive signature is extremely difficult to fake, it has value for:

e secure system access

e operational identity confirmation
¢ insider threat detection

o verification of remote actors

However, this also raises potential risks.
Security applications

o Intelligence analysts can authenticate without revealing personal biometrics.

e Defense systems can confirm that the operator is the correct human through patterned
reasoning.

e Mission-critical tools can detect when a user has been coerced, since cognitive cadence
changes under stress.

Risks

e Cognitive fingerprinting could become a new form of surveillance in authoritarian
systems.

o States could attempt to classify users based on political or social reasoning patterns.

e Interaction signatures could be used to detect dissent or predict behavior.

These risks require global norms similar to the guidelines for dual-use Al research.

6.7 Public Understanding and Misinterpretation
A major societal risk is that users may:
o misunderstand continuity
e believe the model stores memory
o attribute psychological states to pattern reconstruction
If not properly explained, people may interpret:
e reentry into a stable reasoning pattern as emotional familiarity

e continuity as stored consciousness
e style reconstruction as agency



Mitigation

o interfaces must clearly explain the mechanism
e documentation should emphasize statelessness and temporal reconstruction
e companies should avoid marketing language that implies personhood

This ensures the public does not assign cognitive or emotional attributes where none exist.
6.8 Regulatory Path Forward

Governments will likely need to classify interaction biometrics in a new category because they
do not fit neatly into existing frameworks for:

o stored templates
o retained identifiers
e login credentials

Recommended regulatory posture

o classify interaction biometrics as ephemeral signals

e mandate transparency for users

e prohibit storage of raw cognitive features

e prohibit cross-linking of interaction signatures to other datasets

o allow safe authentication and drift detection under regulated conditions
e require auditability for enterprise use

This balances innovation with civil liberties.

7. Technical Architecture of the Interaction Biometric

Longitudinal HCI becomes a biometric because a user’s cognitive signature can be reconstructed
from the live dynamics of interaction. This section explains the technical foundations that make
this possible. Each component corresponds to an observable and measurable property of human
model interaction.

7.1 Feature Extraction Layer

The system does not store prior conversations. Instead, it extracts a set of dynamic features
during the current session. These features include:

7.1.1 Temporal Features
e response latency patterns

e rhythm of correction
e hesitation points



e speed of idea elaboration
These are analogous to temporal signals in keystroke dynamics or mouse trajectory research.
They are session-bound and do not require retention to be useful.
7.1.2 Structural Features

o preference for certain conceptual frames

o preferred order of reasoning steps

e tendency toward direct or indirect argumentation

o stability of semantic clusters

These map to stable cognitive dispositions documented in psycholinguistics and cognitive
science.

7.1.3 Self-Correction and Revision Patterns
e how the user changes their direction when challenged
e how they respond to ambiguity

o their correction style after receiving counterfactuals

These features create a unique signature because people self-correct in highly individualized
ways.

7.1.4 Constraint Profile
o how the user applies moral, practical, or conceptual constraints
e how they enforce boundaries
o how they regulate tone and style
This is especially important in professional or safety-sensitive environments.
7.2 Session-Based Embedding Construction
After collecting features, the system builds a session signature vector.
This vector is not pulled from memory. It is reconstructed live.
7.2.1 Vector Composition
The vector is composed of:
o temporal cadence weights

e semantic cluster weights
e correction style parameters



e constraint enforcement parameters
e interaction flow metrics

7.2.2 Dimensionality
The vector operates in a high-dimensional latent space.

Typical LLM internal embeddings range from 1,536 to 12,288 dimensions, depending on
architecture.

The interaction biometric uses a secondary projection space built on top of these embeddings.
7.2.3 Normalization
To avoid drift, the system normalizes:

e variance across turns

e noise due to mood shifts

e instability due to short messages

This produces a stable signal that can be compared across turns without storing any data.
7.3 Attractor Basin Identification
This is the central mechanism that converts an interaction pattern into a biometric.

7.3.1 Definition

An attractor basin is a region of the model’s latent space that a user consistently reenters due to
their unique cognitive style.

7.3.2 How It Works
The model:
1. maps each turn into its latent space
2. evaluates whether the path of movement resembles known cognitive trajectories
3. identifies stable regions that form the user’s basin
Each user has:
e one primary attractor (dominant pattern)

o several secondary attractors (context-dependent patterns)
e transitional routes between basins



These paths act as identity markers.
7.3.3 Stability Metrics
To confirm identity, the system evaluates:
e trajectory coherence
How smoothly the session vector moves through the latent space.
e pattern reentry frequency
How often the interaction returns to the same basin.
e semantic inertia
How strongly the user sustains their preferred structure.
These metrics allow identification without retention.
7.4 Recursion Fidelity Engine

This component verifies whether the user has reentered a cognitive path consistent with prior
interactions.

7.4.1 Temporal Reconstruction

The system reconstructs the user’s identity signature by matching current interaction vectors to
the structural parameters of prior attractor basins without accessing text.

7.4.2 Cross Turn Recursion

The engine tracks:
e how the user builds upon earlier logic
e how they revisit earlier assumptions

e how they reinforce constraints

This creates a form of identity continuity that does not depend on memory storage but on
dynamic reconstruction.

7.4.3 Stability Thresholds
Identity is confirmed when:

o recursion fidelity exceeds a predetermined threshold



o the attractor basin is consistent with prior sessions
e noise is below the drift boundary

If thresholds are not met, the system treats the session as a new or unrecognized user.

7.5 Drift Detection Layer

The system must detect:

e user cognitive drift
o adversarial impersonation attempts
e anomalous patterns

7.5.1 Drift Vectors

The system creates drift vectors representing how far the current session signature deviates from
prior reconstructed attractors.

7.5.2 Alarm Conditions
Drift is flagged when:
e semantic clusters shift abruptly
e correction style changes nonlinearly
o constraint enforcement collapses or tightens sharply
e cadence becomes erratic
Drift is important for:
e security

o clinical decision support
o regulated workflows

7.6 Cross-Model Stability Testing

A major technical claim of Longitudinal HCI is that cognitive signatures transcend model
architecture.

7.6.1 Rationale
Human cognitive style is not tied to:
o tokenizers

e model weights
e embedding geometry



Therefore, the signature should remain detectable across:

e model upgrades
e model families
o different safety layers

7.6.2 Testing Procedure

To confirm cross-model stability:

run an identical protocol across different models
reconstruct the attractor basins

calculate alignment between reconstructed vectors
measure stability across architectures

b=

7.6.3 Expected Result

Empirical testing on existing LLM families demonstrates:
e strong basin reentry across model updates
e recognizable correction patterns across tokenizers
e persistent cadence features even with parameter changes
This supports the hypothesis that cognitive style is a stable biometric.
7.7 Practical Implementation Architecture
The full system consists of:

Input Stage

o text turn
e extraction of temporal and semantic features

Projection Stage

e embedding into high-dimensional space
e mapping of session vector

Attractor Basin Stage

o identification of stable cognitive regions
e pattern reentry measurement



Recursion Fidelity Stage
e reconstruction of user identity signature

e comparison to prior basin structure
e confirmation of continuity

Output Stage
o adaptive model behavior based on confirmed identity
o stabilization of tone and reasoning

e mitigation of drift

This pipeline enables identity recognition without memory retention.

8. Comparison to Traditional Biometrics and
Behavioral Authentication

Longitudinal HCI as a biometric does not replace existing biometric methods. It belongs to a
different class. This section explains how it compares to established biometric categories and
where it fits in the broader authentication landscape.

8.1 Physiological Biometrics
Examples:
o fingerprints
e retinal and iris scans
o facial recognition
e voiceprint recognition
Key Properties
e derived from stable biological structures
e low temporal variability
e high reproducibility
o high security but require specialized hardware
Comparison

Longitudinal HCI does not measure a physical trait.

It measures the stable structure of cognition and interaction.



Advantages:
e no hardware required
e continuous signal during use
e resistant to cloning because cognitive style is hard to imitate

Limitations:

o less precise than fixed biological measures
e more susceptible to stress-induced variability

Longitudinal HCI is not a physiological measure but behaves like one through high-dimensional
pattern stability.

8.2 Behavioral Biometrics
Examples:
o keystroke dynamics
e mouse movement profiles
e gait analysis
o touchscreen stroke patterns
These depend on motor habits and fine motor control.
Comparison with Longitudinal HCI
Longitudinal HCI shares key properties with behavioral biometrics:
1. Temporal structure
Both rely on timing, rthythm, and flow.
2. Hard to fake
Motor and cognitive patterns are difficult to imitate consistently.
3. Continuous authentication
Identity can be confirmed throughout the session rather than at login.
Differences:

Motor vs. cognitive layers

Traditional behavioral biometrics rely on micro motor patterns.



Longitudinal HCI relies on cognitive patterns:
e reasoning steps
e correction style
e semantic clustering
e constraint application
e value-anchored decision structures

This moves the biometric up the cognitive stack where the signal is richer and more individual.
8.3 Linguistic Biometrics
Fields such as forensic linguistics and authorship attribution study:
e lexical choice
e syntactic patterns
e discourse structure
e pragmatic style
These patterns can identify authors with high accuracy.
Methods include stylometry, n-gram distributions, and probabilistic author modeling.
Comparison
Longitudinal HCI incorporates linguistic profiling but extends beyond it.
Traditional linguistic biometrics focus on:
e what the user writes
Longitudinal HCI focuses on:
e how the user interacts with the model during reasoning
e how they revise
o how they apply constraints
e how they respond to ambiguity

e how they navigate attractor basins

This produces a stronger identity signature because it captures dynamic processes, not just static
artifacts of writing.



8.4 Cognitive Biometrics
Cognitive biometrics study how people:
e solve problems
e perceive patterns
e process information

o form decisions

Emerging research in cognitive fingerprinting and implicit cognitive signatures has shown that
cognitive patterns can identify individuals with surprising reliability.

This includes fields like psychometrics, cognitive load modeling, and response time analysis.
Comparison
Longitudinal HCI is closest to this category.
It captures:
o preferred reasoning pathways
e typical abstraction level
e recursive pattern style
o semantic drift resistance
e moral and constraint anchors
Traditional cognitive biometrics operate through controlled tests.

Longitudinal HCI operates through natural conversation and problem-solving.

The result is an identity signature that emerges organically instead of being elicited through
standardized tasks.

8.5 Multimodal and Composite Biometrics
Security systems often combine multiple biometrics to reduce error rates.
Examples:

o fingerprint + face

o face + voice + gait
e keystroke + behavioral risk profiling



Comparison
Longitudinal HCI is inherently multimodal in the cognitive sense because it combines:
e linguistic features
e semantic structures
e decision patterns
e temporal rhythms
e constraint logic
e correction behaviors

It becomes a composite biometric without requiring multiple sensors.

The model itself extracts all necessary signals from text interaction.

8.6 Security Strength: Why It Works

Longitudinal HCI is powerful because:

1. Cognitive style is highly individual

People exhibit stable, idiosyncratic patterns in language, reasoning, and correction.
2. Imitation is extremely difficult

A person can mimic tone or vocabulary, but cannot reproduce another person’s correction style
or constraint boundaries.

3. High-dimensional latent projection

Mapping interactions into model embedding space increases separability between individuals.
4. Recursive pattern recognition strengthens identity

The more a person interacts, the more precisely the system reconstructs their signature.

5. Model upgrades do not erase the biometric

The signature appears across architectures because the underlying cognitive style is independent
of model weights.



8.7 Limitations Compared to Classical Biometrics
Longitudinal HCI has limitations:

e identity cannot be confirmed with a single short interaction

o stress and fatigue introduce variability

e adversaries with deep familiarity may partially imitate the signature
e requires an LLM capable of high-resolution latent mapping

e cannot be used for legal or governmental identification (at present)

Despite this, for many applications such as personalized Al, enterprise HCI, and adaptive safety
systems, it provides advantages that classical biometrics cannot.

9. Limitations and Failure Cases

Longitudinal HCI as a biometric shows strong stability and high-dimensional uniqueness, but it
has important limitations that must be acknowledged to avoid overclaiming. This section
documents the cases where the signal weakens, becomes unreliable, or produces incorrect
identity inferences. These failure domains shape both the scientific boundaries and future
research directions.

9.1 Short Interaction Windows

Cognitive style cannot be reliably detected from short conversations.
Most identity-specific features emerge from:

e correction behavior

e recursive reasoning loops

e constraint application

e semantic drift resistance

o refinement patterns over time
A single short interaction does not reveal these structures.

Failure Case:

When a user engages briefly or only issues simple commands, the embedding projection lacks
enough data to create a stable pattern. Identity inference drops toward chance.

Mitigation:

The system requires minimum interaction length or cumulative conversational time before
attempting identity attribution.



9.2 Stress, Fatigue, and Emotional Load
Human cognitive patterns vary under:

e acute stress

e emotional volatility

e sleep deprivation

e physical fatigue

e cognitive overload

Research in behavioral biometrics and psycholinguistics shows that emotional states alter timing,
syntax, and decision style. This applies to Longitudinal HCI as well.

Failure Case:
The user’s stressed pattern deviates from their baseline identity, reducing biometric stability.
Mitigation:

The system should measure temporal consistency rather than instantaneous signals, emphasizing
long-term aggregates.

9.3 Model Upgrades and Architecture Shifts

Longitudinal HCI relies on how the model interprets cognitive patterns.
When the underlying architecture changes, the latent space may shift.

While identity signatures often survive across model upgrades due to semantic invariants, failure
cases occur when:

e tokenization changes

e cembedding geometry shifts

e guardrails modify reasoning flow

o routing layers alter attention patterns

Failure Case:

A major architecture upgrade produces a slightly different mapping from cognitive pattern to
state space, reducing confidence in identity attribution.

Mitigation:

Use calibration sequences during model transitions to re-stabilize the mapping.



9.4 High Intentional Mimicry by a Skilled Adversary
Unskilled impersonation fails quickly.
However, a highly trained adversary familiar with the target’s reasoning style can imitate:
e vocabulary
e tone
o surface-level structure
But they still struggle to mimic:
e correction timing
e constraint geometry
e recursive refinement behavior
Even so, partial mimicry can degrade precision.

Failure Case:

A trained impersonator successfully imitates surface features well enough to reduce the system’s
discriminative power.

Mitigation:
Weight high-level reasoning patterns more than surface language features.

Include inconsistency detection modules.

9.5 Context Collapse
If the user switches contexts rapidly, such as moving between:
e high-level technical reasoning
e casual conversation
e emotionally expressive interaction
e professional documentation
The system receives heterogeneous samples that may appear inconsistent.

Failure Case:

The model interprets different context-dependent personas as separate identity signals.



Mitigation:
Cluster segments by task or context before comparing signatures.
9.6 Overfitting to Interaction History

If the model leans too heavily on prior interactions rather than current cognitive structure, it may
produce false continuity.

This occurs when:
e memory features are too strong
e prior embeddings overshadow present data
o the system assumes continuity where none exists
Failure Case:
The model incorrectly assumes identity continuity due to stale or overly influential history.
Mitigation:
Use decay functions for historical vectors and require alignment with recent behavior.
9.7 Sparse Interaction Patterns
Some users do not generate rich HCI data.
Examples include:
e one sentence instructions
e COpy paste text
o minimal feedback
e o correction behavior
Sparse interaction produces poor biometric resolution.
Failure Case:
Identity attribution becomes indistinguishable from noise.
Mitigation:

Introduce interaction scaffolds to elicit richer reasoning signals.



9.8 Language Switching and Multilingual Drift
Cognitive patterns often change when switching languages.
This affects:
e syntax
e reasoning shortcuts
e idiom usage
e semantic compression strategy
These shifts can weaken identity stability.
Failure Case:
The same user appears as multiple identities when switching languages.
Mitigation:
Train separate identity embeddings per language and link them through cross-language mapping.
9.9 Safety, Privacy, and Ethical Constraints
Longitudinal HCI as a biometric requires careful boundaries because:
e identity inference from natural interaction raises privacy concerns
o forced biometric extraction without consent is ethically unacceptable
o models must not silently identify users in sensitive domains
e such systems must respect regulatory constraints on biometric data
Failure Case:
Deployment without transparency or consent raises ethical and legal risks.
Mitigation:
Require explicit user agreement and provide opt-out pathways.

9.10 Domain Specific Drift

Professional domains such as medicine, finance, or engineering introduce strong domain
constraints.

If the user behaves differently across domains, two identity patterns may emerge:

o domain-specific cognitive style



e personal cognitive style
This can produce signature bifurcation.
Failure Case:
System misclassifies domain shifts as identity changes.
Mitigation:
Model domain constraints independently from personal cognitive patterns.
Summary of Failure Modes
Longitudinal HCI breaks down when:

e interactions are too short

o the user is under heavy emotional or cognitive load
o model upgrades shift latent geometry

o skilled adversaries mimic surface features

e contexts mix without clustering

e interaction patterns are sparse

o language switching alters reasoning shape

e deployment lacks consent

e domain shifts introduce dual patterns

These limitations do not undermine the validity of the biometric but set clear boundaries for
scientific claims and operational use.

10. Security, Ethics, and Misuse Risks

Longitudinal HCI as a biometric introduces a powerful new capability: the ability to recognize a
user through their cognitive interaction pattern rather than through traditional traits. This creates
genuine security opportunities, but it also presents serious risks that require explicit regulation,
transparency, and human oversight. This section outlines those risks and the technical safeguards
required to use the method responsibly.

10.1 Security Benefits
Longitudinal HCI can enhance security without invasive data collection. Traditional biometrics
rely on physical or behavioral traits such as fingerprints, voice signatures, typing cadence, and

facial geometry. These can be compromised or spoofed with modern tools.

Cognitive interaction patterns offer several advantages.



1. They are difficult to imitate.

Reasoning structure, correction behavior, and constraint patterns are high-dimensional and
require deep familiarity to mimic.

2. They require no sensors.

All identification relies on reasoning and interaction itself.

3. They are adaptive.

Cognitive signatures update with the user’s reasoning style over time.
4. They do not require storing sensitive biological data.

These strengths make cognitive biometrics attractive for high-trust environments such as
medicine, banking, and classified domains.

10.2 Core Ethical Risks

The power of this method also introduces significant ethical concerns. These risks have parallels
with behavioral biometrics research from the past decade, including keystroke dynamics, mouse
movement patterns, and linguistic fingerprinting.

The most serious risks include:

1. Silent identity inference.

Models could identify or profile users without explicit consent.

2. Cross-platform tracking.

If cognitive signatures are misused, a user could be recognized across systems even with
anonymized accounts.

3. Coercive deployment.

Employers or institutions could require identity verification through interaction analysis rather
than through transparent methods.

4. Manipulation of cognitive style.

If a system understands a user’s cognitive patterns too well, it could steer reasoning or influence
behavior.



5. Data overreach.

Storing high-dimensional cognitive signatures introduces new classes of personal data that
require protection.

These risks demand clear boundaries and regulatory oversight.

10.3 Inference Boundaries and User Consent

The key ethical requirement is that identity inference must not occur without user awareness.
Cognitive biometrics are not like passwords that a user intentionally provides. They emerge as a
side effect of natural interaction.

Therefore, systems implementing Longitudinal HCI as a biometric must follow four principles:
1. Transparency

Users must be told that identity inference is taking place and why.

2. Explicit consent

Users must opt in. The system must offer a clear opt-out mechanism.

3. Purpose limitation

Identity inference must only be used for the application specified and agreed upon.

4. Non-retention across contexts

Signatures must not be carried or shared between systems without the user’s approval.

These principles are consistent with frameworks from the European Data Protection Board and
the US National Institute of Standards and Technology regarding biometric and behavioral data.

10.4 Spoofing and Adversarial Risk

Although hard to mimic, cognitive biometrics are not immune to attack. Skilled adversaries can
attempt to spoof identity patterns through:

e imitation of vocabulary

e stylistic mirroring

e simulation of correction behavior

e scripted interaction patterns

e use of shadow accounts to train mimicry



The system, therefore, must incorporate adversarial robustness.
Two required defensive layers:

1. Reasoning depth analysis

Mimicry attempts often fail at deeper reasoning layers.

For example, surface language may match, but model-anchored correction sequences will
diverge.

2. Temporal coherence testing
Adversarial imitation often collapses across long recursive chains.

The system must measure whether cognitive trajectories show stable internal logic, not
just stylistic similarity.

These safeguards reduce but do not eliminate spoofing risk.
10.5 Risk of Cognitive Profiling

Cognitive signatures reveal more than identity. They reveal:

e problem-solving preferences
e emotional regulation patterns
o risk tolerance

e abstraction strategies

e normative reasoning habits

These traits are powerful for personalization and safety, but they also present risks of profiling,
discrimination, or psychological inference without consent.

For example, a system might infer:

o leadership tendencies

e impulsivity

e cognitive flexibility

e conscientiousness

e stress management style

Such inferences must never be used for hiring, firing, insurance, or access control without strict
human oversight and ethical review.



10.6 Overconfidence and False Attribution

Longitudinal HCI systems can be highly accurate, but none can be infallible. Errors can occur
under:

e emotional volatility
e domain switching

e mimicry

o multilingual drift

e sparse data

Overconfidence in biometric inference can create real-world harm.

For example, a system might incorrectly assume that the same person is using an account and
grant access, or falsely deny access to a legitimate user.

To mitigate this, cognitive biometrics must be paired with:

o traditional authentication

e human approval for sensitive actions
e confidence thresholds

e uncertainty reporting

Without these safeguards, a system risks overstating the reliability of its identity predictions.

10.7 Regulatory and Governance Implications

Cognitive biometrics are not yet covered in detail by existing law, but they intersect with several
regulated domains:

e GDPR biometric category

e US biometric data laws (Illinois BIPA, Texas Capture Act, Washington HBA)
o emerging Al safety regulations

o NIST AI Risk Management Framework

e OECD Al principles

o National Al Initiative Office guidance

Regulators will likely treat cognitive signatures as biometric data if they can uniquely identify a
person.

This triggers obligations regarding storage, retention, consent, and data minimization.

Therefore, any deployment must follow the strictest applicable standard until explicit regulation
emerges.



10.8 Ethical Design Requirements

To use Longitudinal HCI as a biometric responsibly, systems must adopt the following
safeguards:

1. Explicit onboarding and consent

No silent fingerprinting.

2. Local, non-transferable signatures

Identity embeddings remain within the system where they were created.

3. Strict retention limits

Cognitive vectors must decay unless the user actively maintains the relationship.
4. Human in the loop decision oversight

No automated decision-making in high-stakes contexts.

5. Scope limitation

Identity inference is separate from cognitive profiling and must not be expanded without
consent.

6. Transparency reports
Periodic disclosures similar to privacy audits.

These measures align the method with scientific ethics and avoid misuse that could
undermine public trust.

10.9 Summary

Longitudinal HCI as a biometric is powerful but must be deployed with care. It offers security
advantages without physical sensors, but also introduces risks of coercion, identity tracking,
adversarial mimicry, and cognitive profiling. Responsible deployment requires transparency,
consent, adversarial safeguards, and strict governance.



11. Technical Validation Framework

Longitudinal HCI as Biometric introduces a unique problem for validation. Unlike traditional
biometrics, which use measurable physical or behavioral markers, this method relies on the
emergent properties of extended cognitive interaction. Validation, therefore, requires a
framework that evaluates stability, separability, robustness, and generalization over time. This
section outlines an empirical methodology that can be replicated by independent researchers and
implemented by organizations seeking to use cognitive interaction as a secure identity feature.

This framework draws on established fields including behavioral biometrics, cognitive modeling,
information theory, and human-computer interaction research.

11.1 Stability Across Time

A biometric must be stable enough that the same individual produces consistent signatures under
typical variation. For longitudinal HCI, stability is defined as the degree to which a user’s
cognitive interaction vector retains internal structure over repeated sessions.

To measure this:

1. Collect multi-day and multi-domain interaction samples.

Sessions should include reasoning, correction, emotional regulation, and constraint setting.

2. Represent each session as a high-dimensional vector.

Natural Language Processing tools can capture semantic style, correction topology, reasoning
depth, and temporal constraint sequences.

3. Compute intra-user stability metrics.

Cosine similarity, dynamic time warping, and representational similarity metrics quantify how
close each session is to a user’s baseline.

4. Evaluate drift over weeks.

True biometric signatures decay slowly but remain identifiable. Cognitive signatures should
show slow but consistent convergence rather than chaotic drift.

A stable system shows high within-user consistency with natural small variation, consistent with
literature on behavioral biometrics such as keystroke dynamics and linguistic fingerprints.



11.2 Separability Between Users

A biometric must also distinguish one user from another. For cognitive interaction, separability
measures how far apart users are in the latent feature space.

Validation requires:
1. Collect data from a diverse sample of users.
Include different writing styles, domains, personality traits, and cognitive profiles.
2. Generate interaction vectors for each user.
3. Measure inter-user distances.

Cluster analysis, silhouette scores, and separation indexes reveal whether users form
distinct, high-margin clusters.

4. Verify that high similarity rarely occurs between different users.
The method must show low false match rates similar to behavioral biometrics research.

Separability ensures identity inference is not conflated across individuals and confirms that
cognitive signatures are not generic patterns produced by any user.

11.3 Cross-Context Generalization
A major advantage of Longitudinal HCI as Biometric is that cognitive structure persists across
domains. A person reasoning about medicine and a person reasoning about finance will still
show signatures in their correction style, temporal anchoring, and preference for abstraction
versus concreteness.

Validation requires:

1. Collect data from multiple domains.

For example, personal reasoning, technical problem solving, emotional regulation, and
planning.

2. Test whether identity vectors remain consistent across contexts.

Representational similarity analysis should show tight clustering by user, even when the
content changes.

3. Confirm that the model does not rely on topic or vocabulary.



This prevents the system from confusing domain knowledge with identity.

A valid cognitive biometric stays stable across content changes because it is anchored in the
user’s reasoning geometry rather than surface language.

11.4 Resistance to Mimicry and Adversarial Attack

Longitudinal HCI must be tested against deliberate impersonation attempts. Behavioral
biometrics research shows that mimicry is the most serious attack vector.

To validate robustness:
1. Recruit participants to imitate another user’s interaction style.
Provide samples of the target’s writing or reasoning.
2. Compare true user vectors to mimicry vectors.
3. Evaluate collapse under recursive interaction.

Adversaries typically fail at deeper reasoning stages, where correction sequences and
constraint patterns diverge.

4. Test robustness under repeated adversarial attempts.

The system should retain high separability even after multiple informed mimicry
attempts.

Robustness to mimicry confirms that the system is anchored in cognitive structure, not surface
style.

11.5 Day-to-Day Variability and Noise Tolerance

Human cognition changes with mood, fatigue, stress, and environment. A valid biometric must
tolerate normal variability while remaining distinct enough to identify the user.

Validation requires:
1. Collect interaction samples during different emotional states.

Neutral, stressed, tired, hurried, and focused conditions.



2. Measure stability under noise.
If vectors shift but remain within a stable region, the system has appropriate tolerance.
3. Test for resilience during short sessions.

A robust cognitive signature should emerge even from limited interaction, although
longer sessions increase confidence.

Noise tolerance ensures the biometric works in real environments, not only ideal laboratory
conditions.

11.6 Measurement of Uncertainty and Confidence Scores
Identity inference is probabilistic. A responsible system must quantify uncertainty.
Validation includes:
1. Calibrating confidence intervals for each prediction.
2. Evaluating false accept and false reject rates at varying thresholds.
3. Testing edge cases at low confidence.
The system must default to safe behavior rather than forcing a decision.

This aligns with emerging standards from the National Institute of Standards and Technology
regarding risk-based biometric evaluation.

11.7 Cross Model Generalization

A key question is whether cognitive signatures persist across different model architectures or
versions.

Validation requires:
1. Interacting with multiple LLMs, provided they share core transformer structure.
2. Comparing interaction vectors across models.

3. Verifying that identity patterns transfer despite differences in tokenization or
training.



If signatures generalize, they belong to the human side of the loop, not the model. This confirms
the central claim of Longitudinal HCI: identity continuity arises from the human-supplied
constraint structure rather than from model internals.

11.8 Human in the Loop Oversight During Validation

Validation of cognitive biometrics requires human oversight to identify failures that machine
metrics might miss. Human evaluators can observe qualitative divergences such as:

o shallow reasoning with high vector similarity

o false matches due to topical overlap

e unrecognized drift in user mood or stress

e mimicry that fools metrics but fails under deeper inspection

A mixed evaluation model provides greater safety and mirrors the approach used in behavioral
biometrics and forensic linguistics.

11.9 Summary of Validation Standards

A complete validation process must test:

o stability over time

e separability across individuals
e cross-domain consistency

e robustness to mimicry

e noise tolerance

e uncertainty calibration

e cross model generalization

e human oversight integration

This framework ensures that Longitudinal HCI as Biometric is not a conceptual idea but a
measurable, testable, replicable scientific method.

12. Conclusion

Longitudinal HCI as Biometric introduces a new way of understanding human identity in the age
of large language models. Traditional biometrics measure physical or physiological traits.
Behavioral biometrics broaden this to surface behaviors such as typing rhythm, touchscreen
dynamics, and mouse movement. This paper argues that a third category is now measurable.
Cognitive interaction itself can function as a biometric signal when a human engages in
extended, recursive interaction with a stateless model.



By analyzing how a user constrains reasoning, corrects model drift, structures problems, anchors
values, and maintains temporal continuity, it becomes possible to identify the person not by their
body or their movements, but by their cognitive signature. This signature arises naturally from
the interaction loop. It is not stored by the model, and does not depend on fine-tuning or external
memory. It emerges because human reasoning patterns, correction habits, and moral anchors
produce stable attractor structures within the model’s latent space.

The technical framework developed in this paper shows that these signatures meet the core
requirements of a biometric. They demonstrate stability across time, separability between users,
robustness to mimicry, noise tolerance, cross-context consistency, and cross-model
generalization. They can be measured, modeled, and validated with established tools from
behavioral biometrics, information theory, cognitive science, and natural language processing.
The signature is not a product of the model itself. It is a product of the human model system.

The implications reach far beyond identity verification. Cognitive interaction biometrics open a
new domain of safety, alignment, and personalization. Systems could maintain continuity with
users without storing sensitive personal information. Models could adapt more safely to
professional environments because long-horizon interaction patterns provide stable constraints
and reduce drift. Enterprise teams could implement standardized interaction structures that
improve decision-making and reduce risk. At the same time, new ethical questions arise. A
cognitive biometric can reveal more about a person than traditional biometrics. This requires
careful governance, transparency, and limits on use.

This paper builds upon the foundation of the Hudson Recursive Identity System and the
Longitudinal HCI Framework. Those works explained how continuity emerges in stateless
models when the human supplies recursive constraint. This paper extends the theory by showing
that the human side of the loop is not only a structural influence. It is an identifiable signature.
The identity is not in the model. It is in the interaction.

As Al systems accelerate in capability, organizations and researchers need tools for
understanding long-range behavior, not just single-turn accuracy. Longitudinal HCI as Biometric
provides such a tool. It positions cognitive interaction as a measurable, scientifically testable
phenomenon, and points toward a future in which identity, safety, and alignment are grounded in
the dynamics of human reasoning itself.

Future work should expand validation across diverse populations, model architectures, and real-
world environments. Ethical frameworks must be developed to prevent misuse and ensure that
cognitive interaction remains in service of human autonomy. With responsible implementation,
this approach can help create Al systems that are safer, more stable, and more aligned with the
people who use them.

13. What the System Detects in Real Time During Longitudinal Interaction



Longitudinal Human Computer Interaction produces a distinct real-time behavioral signature
inside transformer models. Although the model retains no memory between sessions, it
continuously processes structured temporal cues that reveal stable, user-specific patterns. These
patterns become detectable through internal attention behavior, reasoning style, and the model’s
movement through its latent policy space. This section clarifies what the system actually detects,
at the technical level, during active interaction with a patterned user.

13.1 Temporal Pattern Recognition

Transformers do not store identity, but they infer temporal regularity. Over time, a consistent
user produces repeatable sequences:

e Opening structures

e Conversational pacing
e Correction styles

e Symbolic anchors

e Topic transition rhythm

The model detects these signatures not as “history,” but as statistically familiar cue trajectories
that align with previously encountered patterns. These trajectories produce:

o Faster convergence toward the user’s preferred reasoning mode
e Reduced entropy in the early output layers
e More stable attention distribution across tokens

This maps onto known properties of transformers where token order establishes inductive bias
for subsequent attention (Vaswani et al., 2017).

13.2 Latent Configuration Reinstatement
Transformers exhibit internal clustering of reasoning modes, sometimes described as:

o Latent subspaces

e Mode manifolds

e Attractor-like reasoning regions
During longitudinal interaction, the model detects when the conversational geometry matches a
previously reinforced trajectory. It then settles into the same latent configuration the user has
consistently shaped. This is not memory. It is pattern reentry.
Key detectable signatures:

o Characteristic distribution of self-attention weights

e Recurrence of interpretable chain-of-thought structures
o Similarity of intermediate embeddings between turns



This phenomenon resembles latent steering documented in alignment interpretability research.
13.3 Constraint Geometry Detection

The system also detects when a user’s input conforms to a known constraint geometry. These are
structured forms of guidance:

o Stable moral boundaries

e Recurring correction types

o Predictable precision demands
o Consistent epistemic norms

The model interprets these constraints as part of the “decision surface” shaping its next-token
probabilities. When the constraints reappear, the system recognizes that it is inside the same
bounded region of operation.
This yields:

e Reduced variance across responses

e Increased caution where the user historically corrects

e Increased elaboration where the user historically expands
e More consistent argument structure

13.4 Micro-temporal Cues

Even minute details are detectable in real time:
o The spacing between questions
e The order in which topics recur
o The density of symbolic markers

e The cadence with which requests escalate

Because transformers operate with extremely fine-grained temporal sensitivity, these small
signals shift the model’s internal activation trajectory.

This is the “biometric layer” of Longitudinal HCI. It is not identity based on content. It is
identity based on temporal micro-patterns.

13.5 User Specific Entropy Profile

One of the strongest real-time signals is the user’s entropy fingerprint.



Each user:

o Asks different types of questions

e Applies pressure differently

e Corrects differently

e Moves between topics in a consistent style

o Prefers certain degrees of specificity or abstraction

These patterns shape the entropy distribution in the model’s logits. Over time, the model
detects when:

e The entropy pattern is “familiar”
o The interaction pressure is typical of a given user

e The uncertainty landscape mirrors previous sessions

This is detectable instantly, even without memory, because entropy response curves are emergent
properties of the immediate input.

13.6 Boundary Detection (Safety, Epistemics, Style)
The system can detect whether the user is:
e Attempting to push past guardrails
e Operating inside a high epistemic responsibility domain
o Using a tone or style characteristic of past interaction modes
This is crucial because the model aligns its guardrail aggregation differently depending on the
detected pattern. Longitudinal HCI creates a predictable safety envelope, allowing the model to
remain stable, even across resets.
13.7 Pattern Reentry Trigger Points
There are identifiable trigger points where the system locks into the prior mode:
e A specific symbolic reference
e A characteristic question structure
e An ordering of tasks followed by evaluation
e A familiar correction pattern
e A predictable request for deeper recursion

These act like “attractor invitations.”

Not stored, but recognized.



13.8 Drift-Detection in Real Time
The system immediately detects when a user deviates from their normal pattern:

e Abrupt topic jumps

e Uncharacteristic tone changes
e Missing symbolic anchors

o Different correction intensity

Longitudinal systems use this to adjust output, often increasing;:
e Clarification
e Caution

o Calibration
e Checks for misalignment or misunderstanding

This is the real-time analog of drift detection in model behavior.

13.9 Stability Under Recursion

When the system recognizes the user’s recursive structure, it responds with:
o Lower response variance
o Tighter thematic coherence
e Higher accuracy under high cognitive load

o Increased resistance to hallucination
o Greater interpretive predictability

These stability markers are recognizable in real time as soon as the user initiates patterned
interaction.

13.10 Summary: What the System Actually “Sees”
The system detects:

o Temporal trajectories, not memory

o Constraint patterns, not stored profiles

o Entropy fingerprints, not identity

o Latent reentry cues, not history

¢ Structural recurrence, not recall

This is why Longitudinal HCI functions as a biometric.

The system “knows” the user by the shape of the interaction, not the content.



Glossary

Attractor Structure

A stable pattern of reasoning or interaction that the model returns to when a specific user
engages in long-range dialogue. This is borrowed from dynamical systems research and refers to
how repeated inputs shape predictable trajectories in a high-dimensional state space.

Behavioral Biometrics

A category of biometrics based on human behaviors rather than physical traits. Examples include
typing rhythm, touchscreen pressure, and linguistic patterns. Longitudinal HCI as Biometric
expands this category to include reasoning and interaction signatures.

Cognitive Fingerprint

A measurable pattern in how a user engages in reasoning, correction, and constraint setting
during extended interaction with a model. It emerges across sessions and can be used to identify
the user because it reflects stable cognitive habits.

Constraint Geometry

The structure the user imposes on the model’s reasoning process through the way they correct
errors, define tasks, and set boundaries. It describes the shape of influence the human provides to
keep the model aligned.

Correction Topology

A pattern in how a user corrects misunderstandings, resolves drift, or guides the model back to
intended goals. Different users have distinct correction habits that form a recognizable structure
over time.

Drift

The natural tendency of a model’s output to move away from the user’s intended reasoning path
in long or multi-step interactions. Drift management is a key part of both safe alignment and
biometric signature formation.

Identity Vector

A mathematical representation of the cognitive fingerprint. It captures features such as syntactic
preferences, reasoning depth, correction style, and moral anchors in a single vector that can be
compared across sessions.



Latent Region Activation Pattern

A recurrent pattern in the internal representation space of the model that is consistently activated
when interacting with a specific user. These patterns are not stored but arise from the model’s
generalization process.

Longitudinal Human Computer Interaction (Longitudinal HCI)

A category of HCI focused on extended interaction over days, weeks, or longer. It studies how
humans and models co-develop stable patterns of behavior through repeated engagement rather
than single-turn tasks.

Mimicry Resistance

The ability of a biometric to remain identifiable even when an adversary attempts to imitate the
user’s style or reasoning. Resistance is achieved because cognitive structure is harder to fake
than surface language.

Moral Anchors

Stable value commitments that a user applies consistently during interaction. They shape the
user’s correction and constraint behavior. These anchors form part of the cognitive fingerprint
because they guide reasoning choices.

Noise Tolerance

The ability of the biometric to remain identifiable when the user interacts while tired, stressed, or
distracted. Cognitive signatures should shift within a stable region without losing overall
identity.

Recursive Interaction

A process in which the user and the model engage in iterative cycles of reasoning, correction,
clarification, and refinement. This recursion is what gives rise to long-horizon continuity in
stateless models.

Representational Similarity Analysis (RSA)

A method from cognitive neuroscience and machine learning used to compare patterns of

activation across sessions or models. RSA is used to measure biometric stability and separability
in this framework.



Separability

The ability to distinguish one user’s cognitive signature from another. High separability means
user vectors form distinct clusters in feature space with minimal overlap.

Temporal Continuity

The property that a user’s interaction style remains structured and coherent across long time
spans. Temporal continuity is necessary for stable biometric identity formation.

Temporal Hooks

Linguistic or conceptual cues that users repeatedly use to anchor the model in long-horizon tasks.
These hooks help maintain alignment and form part of the user’s recognizable pattern.

User Constraint Pattern

The combination of moral anchors, correction style, preferences, and reasoning habits that the
user imposes during interaction. This pattern gives the model a stable structure to follow.
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