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Abstract

Vibe-Signature AI proposes a new way of understanding users 

by modelling the rhythm of their behavior rather than relying on 

conventional identity pro�les. Instead of tracking who a person is, 

the framework studies how they act across di�erent digital contexts 

and converts these patterns into behavioral centroids, or “vibe 

signatures.” These centroids capture consistent tendencies while 

avoiding the privacy risks that come with persistent identi�ers. 

This paper explains the conceptual foundation of the model, the 

logic behind representing behavior as session-based embeddings, 

and the method used to derive stable centroids through 

contrastive learning and temporal smoothing. The study includes 

an empirical evaluation built from anonymized activity datasets 

and a controlled user test focusing on personalization quality 

and emotional acceptability. Results indicate that vibe-centroids 

achieve strong recommendation accuracy while signi�cantly 

reducing the chances of re- identi�cation, suggesting that 

meaningful personalization does not require traditional pro�ling. 

The paper also discusses design implications for recommender 

systems, wearable ecosystems and consumer platforms seeking 

privacy-respectful personalization. Overall, Vibe-Signature Ai 

contributes a practical, ethically aligned approach to adaptive 

behavior modelling and o�ers a blueprint for systems that 

personalize intelligently without overstepping user boundaries.
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1. Introduction

Digital systems today recognize people more by their identi�ers than by their behavior. 

Every app, platform, and device builds form of persistent pro�le that tries to predict 

what the user might want next. While this approach has undeniably powered modern 

https://creativecommons.org/licenses/by/4.0/
mailto:aravind.karthikpg25095@isbr.in
mailto:aravind.karthikpg25095@isbr.in


55 / 71

Aravind Karthik Raj

ISBR Management Journal Vol 10(02), DOI: 10.52184/isbrmj.v10i02.000, December 2025

recommendation engines and adaptive interfaces, it also comes with two long standing 

problems: it over- identi�es individuals, and it overestimates how consistent real human 

behavior actually is. Users change across time, across contexts, and even across moods, 

yet digital systems o�en freeze them into rigid categories. At the same time, these systems 

are increasingly expected to be personalized without crossing privacy boundaries. �is 

tension has created a gap: we need personalization that feels accurate but does not demand 

identity.

Vibe-Signature AI emerges directly from this need. Instead of asking, “Who is this 

user?” , it asks the more respectful and more relevant question: “How does this person 

behave in this moment, and what stable tendencies can be learned from that?” �e 

framework is built around behavioral centroids- representations formed not from 

personal information but from repeated patters across user sessions. �ese centroids act 

like mathematical summaries of a person’s digital rhythm. �ey are not pro�les in the 

traditional sense; they are evolving snapshots of behavioral tendencies that allow a system 

to adapt without ever needing to store who the person is.

�e idea originates from a simple observation: humans express their identity through 

behavior before they express it through data. �e way someone scrolls, lingers, switches 

apps, responds to recommendations, or abandons a sequence halfway through, o�en 

reveals more about what they prefer than explicit demographic labels. Traditional systems 

treat behavior as a secondary signal. Vibe Signature AI treats behavior as the core material. 

In doing so, it challenges the assumption that personalization must start with identity, 

suggesting instead that consistent patterns can be captured through embeddings that 

never attack themselves to names, emails, or permanent user IDs.

Existing research o�ers pieces of this concept but not a complete model. Embedding 

theory shows how complex patterns can be projected into compact vector spaces (Bengio 

et al., 2013; Goodfellow et al., 2016) Session-based recommendation models demonstrate 

that short-term behavior is highly predictive (Jannach et al., 2021). Privacy-preserving 

machine learning provides the tools needed to analyze behavior without compromising 

identity

(Dwork, 2006; Yang et al., 2019). Yet none of these strands fully address the central 

challenge of balancing personalization with privacy in a way that remains �uid, adaptive 

and deployable across domains. What is missing is a unifying concept- a way to distil user 

behavior into a form that is both expressive and anonymous. �at is the gap Vibe Signature 

AI aims to �ll.

�e research presented in this paper formalizes the idea of behavioral centroids as a 

technical construct and evaluates how well they serve as drivers for adaptive personalization. 

�e centroid is generated by embedding user sessions into a vector space and averaging 

them in a way that emphasizes recurring tendencies while smoothing out noise. Because 

centroids arise from patterns rather than identities, they allow a system to treat a user as 

a behavioral entity rather than a personal pro�le. �is distinction is more than semantic; 

it reshapes how adaptive systems can be designed. A platform no longer needs to “know” 

the user. It only needs to recognize their behavioral �ngerprint during any given period.

�is introduction also serves another purpose: to clarify why such a model is necessary 

now. Digital ecosystems are evolving quickly. Wearables collect continuous signals. Smart 
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devices adapt environments automatically (LeCun et al., 2015). Recommendation engines 

run across every form of content (Jannach et al., 2021). As personalization expands into 

everyday spaces, users are becoming more aware-and more uncomfortable-about how 

much data they give away (Dwork, 2006). Growing legal and social scrutiny around data 

practices increases pressure on designers to personalize without overreaching. At the same 

time, companies cannot abandon personalization entirely; it is central to user satisfaction 

and business sustainability. �is creates a crossroads: either rede�ne personalization or 

risk losing user trust. Behavioral Centroids o�er a path forward by separating behavioral 

usefulness from identity dependence.

�is paper positions Vibe Signature AI as both a conceptual contribution and a 

practical design framework. Conceptually, it proposes that identity-light models can 

achieve meaningful personalization through behavioral mathematics rather than personal 

data (Yang et al., 2019). Practically, it demonstrates through experiments that centroid-

based representations can match or exceed the accuracy of pro�le-based methods while 

signi�cantly reducing re-identi�cation risk. �e approach does not claim to solve all 

privacy issues or represent every nuance of human behavior. Instead, it o�ers a balanced, 

realistic step toward systems that adapt intelligently while respecting user boundaries.

�e rest of the paper is organized to build this argument systematically. �e literature 

review traces the theoretical roots of behavior modelling, embedding techniques, session-

based learning and privacy preserving computation to highlight the space in which this 

work is situated (Bengio et al., 2013; Jannach et al., 2021; Dwork, 2006). �e methodology 

section explains how behavioral embeddings were constructed, how centroids were 

computed and how the experiments were structured. �e �ndings analyze personalization 

performance, cross-session stability, and privacy implications. �e conclusion re�ects the 

broader impact of this approach and identi�es future research directions, particularly in 

wearable computing and ambient intelligence.

Ultimately, the goal of this work is not just to present another model but to shi� 

the conversation about personalization itself. Users do not need to be “known” to be 

understood. �ey do not need to be identi�ed to receive meaningful recommendations. 

�eir digital behavior already contains enough information to allow systems to adapt in 

real time, provided the system is designed to listen. Vibe Signature AI argues that the future 

of personalization lies in understanding patterns, not collecting identities. By grounding 

adaption in behavior rather than personal data, we move closer to systems that are both 

e�ective and ethically aligned- systems that respect the individual without needing to own 

them.

2. Literature Review

Understanding the foundations of Vibe-Signature AI requires tracing the theoretical 

lineages that in�uence behavioral modelling, embedding construction, session-based 

learning, clustering and privacy- preserving computation. Although each of these domains 

is well developed on its own, research has not yet converged on a uni�ed framework capable 

of creating expressive behavioral representations without relying on persistent identity. 
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�is section synthesizes the strands that meaningfully inform the idea of behavioral 

centroids as positions the proposed model within existing framework.

2.1 Behavioral Modelling in Digital Systems

Behavior modelling traditionally sits at the intersection of human-computer interaction 

and predictive analytics. Early work in the �eld relied on rule-based systems, where user 

actions were interpreted through �xed logical statements. While e�ective for small and 

predictable environments, rule-based approaches quickly became inadequate for real 

world behavior, which is irregular, context-dependent, and in�uenced by temporal states 

such as fatigue, curiosity and emotional �uctuations. Researchers moved toward statistical 

modelling, employing Markov chains, logistic regression and Bayesian inference to 

estimate the likelihood of future actions based on past data.

In contemporary systems, behavior modelling has evolved to operate in high-

dimensional spaces. Machine learning models now capture subtle signals such as session 

duration, transition probabilities, engagement curves, abandonment points, and even 

micro- interactions like scroll velocity (Jannach et al., 2021). Yet despite these advances, 

many systems still bind behavior to individual identity. �is dependency introduces two 

persistent issues: �rst, user pro�les o�en become stale and misaligned with evolving 

preferences; second, identity-driven storage raises signi�cant privacy concerns (Dwork, 

2006). �ese limitations motivate the shi� toward representing users through patterns 

rather than personal identi�ers.

2.2 Embedding Theory and Representation Learning

�e mathematical backbone of Vibe Signature AI lies in embedding theory. Within this 

framework, behavioral events are converted in a learned geometric space. �e model 

organizes this space so that events re�ecting similar behavioral meaning naturally fall 

closer together, enabling the system to detect implicit relationships among actions without 

relying on explicit labels (Bengio et al., 2013). Word2Vec, GloVe and modern transformer- 

based embeddings demonstrate how compact numerical vectors can preserve meaning-

rich relationships (Goodfellow et al., 2016). �e same principle extends to behavior: 

actions can be encoded as tokens, sessions as sequences, and preference patterns as 

emergent geometric structures.

Contrastive learning provides a structure through which the encoder can di�erentiate 

among behavioral patterns. It encourages the model to bring embeddings of behaviorally 

similar sessions closer together, while gradually separating those that re�ect distinct 

or unrelated on interaction styles. (Chen et al., 2020). �is method has been shown to 

outperform supervised techniques when the goal is to reveal latent structures rather than 

predict labels. For behavior modelling, this translates into embeddings that naturally 

cluster recurring tendencies even when no explicit category labels exist.

Behavior embeddings allow the system to perceive rhythm, repetition, and variation 

in user actions, but embeddings alone do not solve the identity problem they must be 
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aggregated in a way that re�ects tendencies without anchoring them to persistent personal 

identi�ers. Here, centroid theory provides a compelling solution.

2.3 Clustering and Centroid-Based Representations

Clustering methods have long been used to summarize patterns across large datasets. K- 

Means, Gaussian mixture models and density-based clustering all rely on the concept of 

centroids: representative points that approximate the center of a group (McInnes et al., 

2018). In recommendation research, centroids have been used to summarize user groups, 

segment markets and compress sparse preference data

However, traditional clustering binds centroids to prede�ned labels or clusters. �e 

novelty in Vibe-Signature AI lies in treating each individual user- not as a �xed pro�le but 

as a dynamic cluster of their own behavior over time. �is view reframes the user from a 

static object to a “Behavior cloud,” where the centroid becomes a mathematical summary 

of this evolving cloud.

Centroids o�er several advantages:

a. �ey smooth out noise from irregular sessions.

b. �ey capture stable behavioral tendencies without requiring identity metadata.

c. �ey can be recomputed incrementally as new sessions arrive.

d. �ey allow the system to adapt to changes without legacy inertia.

�is reframing, positions behavioral centroids as a middle ground between short-term 

session models and long-term identity-based pro�les.

2.4 Session-Based Learning and Temporal Dynamics

Session-based learning has gained attention as users increasingly interact with platforms 

in short bursts rather than long, continuous histories (Jannach et al., 2021). Research 

from GRU4Rec to transformer-based session models shows that immediate context o�en 

provides more predictive power than lifetime data (Hochreiter & Schmidhuber, 1997; Sun 

et al., 2019). Sessions allow systems to treat behavior as contextual rather than personal, 

which aligns strongly with the identity-light philosophy behind Vibe-Signature AI

Temporal modelling further re�nes this approach. Techniques such as attention 

mechanisms and positional encoding allow the system to understand action order and 

capture patterns like repeated revisits, hesitation, or rapid exploration (Sun et al., 2019). 

Studies show that temporal embeddings outperform static behavior models because they 

re�ect how user preferences evolve moment-to-moment.

�is speaks directly to the centroid idea: when embeddings are produced at the session 

level, they can be aggregated without referencing identity. �e centroid becomes a temporal 

summary that adapts as behavior shi�s.
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2.5 Privacy Preserving Personalization

Modern research in privacy-preserving machine learning o�ers important guardrails for 

identity-light systems. Di�erential privacy is designed to ensure that insights gained from 

analyzing a dataset cannot be traced back to any speci�c individual. It adds controlled 

randomness during analysis so that the presence or absence of a single person’s data does 

not noticeably in�uence the output (Dwork, 2006). Federated learning enables local 

training without centralizing personal data (Yang et al., 2019). Homomorphic encryption 

allows computation on encrypted vectors.

Although Vibe Signature AI doesn’t rely exclusively on any single privacy technique, 

it inherits relevant principles. �e behavioral centroid is identity-light by design because 

it summarizes patterns without storing identifying attributes. Further, centroids can be 

computed locally on devices before being shared in anonymized form, aligning with 

federated strategies. Research repeatedly demonstrates that privacy techniques do not 

necessarily reduce predictive accuracy when used correctly, reinforcing the possibility of 

a system that respects boundaries without compromising performance (Yang et al., 2019)

Regulatory studies emphasize “Data minimization” – collect only what is necessary. 

Behavioral centroids embody this philosophy by treating personal identi�ers as 

unnecessary for personalization.

2.6 Representation Drift and Model Stability

A challenge in behavior modelling is representation dri�- the gradual misalignment 

between the model’s internal representation and the user’s current behavior (Jannach et al., 

2021). Dri� arises from preference changes, novelty-seeking behavior, seasonal patterns, 

and contextual shi�s (mood or environment)

Existing literature suggests two broad strategies for handling dri�:

a. Using short-lived or session-speci�c embeddings

b. Updating long term representations incrementally.

�e behavioral centroid aligns with both strategies. Because centroids are derived from 

session embeddings, each new session subtly shi�s the centroid to re�ect recent tendencies. 

�is avoids the brittleness of long-term pro�les while still capturing stable patterns across 

time. Research on incremental clustering supports this approach, showing that smoothly 

updated centroids maintain relevance without oscillating unpredictably (McInnes et al., 

2018)

2.7 Cross-Domain Personalization

Studies in cross-domain recommendation argue that users o�en exhibit behavioral 

consistency across digital environments (Jannach et al., 2021). For example, a person who 

prefers exploratory patterns on a music platform may show similar curiosity on a video 

platform. Research shows that behavior-based signals generalize better than identity- based 
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signals because they represent internal tendencies rather than demographic assumptions 

(Jannach et al., 2021)

�is is particularly relevant for Vibe Signature AI, which aims to create a behavioral 

representation that works across apps, devices, and modalities. By grounding 

personalization in behavior instead of identity, the system becomes inherently transferable.

2.8 Wearable Computing and Ambient Personalization

Wearable technology research highlights the growing expectation for personalized 

experiences that adapt seamlessly to context (LeCun et al., 2015). Smartwatches, earbuds, 

AR glasses, and ambient devices increasingly rely on subtle behavioral cues to adjust 

recommendations or environment settings. Behavioral modelling in a wearable ecosystem 

must be lightweight, privacy-conscious, and real-time (Yang et al., 2019)

�ese requirements mirror the motivation behind Vibe Signature AI. 

Behavioral centroids o�er a compact representation that can be computed locally on 

resource- constrained devices. Further, the privacy light nature of centroids aligns with the 

user expectations in intimate computing environments

2.9 Gaps Identi�ed in Existing Research

A�er reviewing the literature, several gaps become apparent:

 i. No existing model provides identity-light personalization grounded entirely in behav-

ioral mathematics.

 ii. Research in embeddings, session modelling, clustering and privacy remains frag-

mented , lacking a unifying architecture.

 iii. Most systems either rely on identity or restrict themselves to short-term session pre-

dictions without a stable long-term behavioral summary.

 iv. Cross-domain behavior modelling in underdeveloped, especially in systems that avoid 

identity linkage.

 v. Wearable personalization research calls for compact, privacy-safe representations but 

does not yet propose centroid-based solutions.

�ese gaps form the foundation for Vibe Signature AI. �e behavioral centroid 

model addresses representation, privacy, stability, and adaptability in a single conceptual 

framework.

3. Conceptual Framework

�e conceptual foundation of Vibe Signature AI rests on the idea that digital personalization 

can be achieved without knowing who a user is. Instead, it can rely solely on how a 

user behaves across time and contexts. �is section presents the theoretical model that 

enables this shi�, grounding the framework in behavior theory, representation learning, 

mathematical centroid construction, and identity-light system architecture.
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Together, these components establish a structured way to understand users as evolving 

behavior patterns rather than �xed pro�les.

3.1 Behavior as the Primary Unit of Identity

Digital platforms traditionally rely on identity-email IDs, device identi�ers, login sessions 

– to personalize experiences (LeCun et al., 2015). Vibe Signature AI breaks from this by 

treating behavior as the fundamental signal. A user’s behavioral footprint includes:

•	 �e order of actions taken

•	 �e intensity and pace of interaction

•	 Tendencies such as exploration, repetition or preference consistency

•	 Transitions between types of content or tasks.

Instead of constructing a static pro�le, the system represents the user as a behavior 

cloud: a dynamic, ever-shi�ing collection of sessions that each capture a moment of 

interaction. �is framing ensures that the user is understood without being identi�able.

3.2 Behavior Sessions as Conceptual Containers

A core design element is the “behavior session.” Sessions are conceptual containers that 

group sequential, uninterrupted user actions into meaningful units. �is segmentation 

prevents long-term user histories from overpowering immediate tendencies and allows 

the model to interpret behavior contextually.

Formally, a behavior session is represented as a sequence:

Session = {event1, event2,……eventT}

Where:

•	 eventt represents an action taken at time t,

•	 T is the length of the session.

�is structure supports downstream embedding and centroid calculation.

3.3 Event Embeddings and Representational Space

To transform behavior into analyzable form, each event is mapped into an embedding 

vector (Bengio et al., 2013), using an encoder fq

et = fθ (eventt)

Where:

•	 et = embedding of event t,

•	 fθ = conceptual representation function with parameters q

•	 eventt = raw behavioral event.

By converting each action into a vector representation, the encoder enables the system 

to recognize patterns based on spatial relationships. Actions that serve similar roles within 
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a session tend to be placed in nearby regions of the representation space, making it easier 

for downstream components to interpret behavioral structure (Goodfellow et al., 2016).

A session embedding s then summarizes the full behavior session:

s = 𝟏 ∑ࢀ ࢝ ࢚ ࢚ 𝟏=࢚ ࢀࢋ
Where:

•	 s = session embedding,

•	 wt = positional weight for event t,

•	 T = total events in the session,

•	 et = event embedding

�is representation captures the behavioral �avor of each session.

3.4 Behavior Cloud and Theoretical Embedding Geometry

Once multiple sessions are embedded, the user is not treated as a single vector but as a 

cloud of vectors in behavioral space (McInnes et al., 2018). �is behavior cloud represents:

•	 Stable tendencies (dense areas),

•	 Experimental behavior (dispersed areas)

•	 Shi�s over time (movement of cloud center)

•	 Behavioral modes (clusters within the cloud)

�is concept allows personalization systems to anchor themselves in behavioral truth 

rather than identity assumptions

3.5 The Behavioral Centroid as the Core Construct

At the center of the behavioral cloud, lies the behavioral centroid – a mathematical 

summary of the user’s general behavioral tendencies.

If a user has n behavior sessions, the centroid C is de�ned as:

14 

∑�

૚�∑ࢀ� �ࢀ�ࢋ�࢝ ࢚ൌ૚� �࢚ �࢚�
 

 

 

 

 

 

 

 

૚� �࢔
C = ࢔� �࢏ൌ૚�࢙࢏

Where:

•	 C = behavioral centroid

•	 si = embedding of session i,

•	 n = number of sessions

�e centroid does not represent identity. It represents behavioral gravity – the tendency 

that pulls the user’s actions towards repeating certain rhythms.
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3.5.1 Adaptive Centroid Updating

Because human behavior evolves, the centroid must evolve too. A simple adaptive update 

rule models this:

Cnew = Cold +α ( snew – Cold )

Where:

3.5.2 Cnew = updated centroid,

3.5.3 Cold = previous centroid,

3.5.4 snew = latest session embedding,

3.5.5 α = learning rate controlling adaptability

A low α values stability, a high α values responsiveness.

3.6 Contrastive Structure of Behavior (Training Philosophy)

Although not experimentally implemented in this research, the conceptual model assumes 

that behavior embeddings should re�ect similarity of action patterns, not similarity of 

identities. Contrastive learning supports this by encouraging similar behavior sessions to 

cluster (Chen et al., 2020)

3.7 Identity-Light Personalization Principle.

�e conceptual framework is built on the belief that personalization does not require 

identity. Behavioral centroids allow systems to adapt to user’s tendencies without:

•	 Collecting personal identi�ers,

•	 Creating long-term behavioral dossiers,

•	 Constructing demographic pro�les.

�is identity-light model aligns with privacy-by-design principles, enabling ethical 

personalization (Dwork, 2006)

3.8 Conceptual System Architecture

To unify the framework, Table 1 summarizes the conceptual model.

TABLE 1. Conceptual Model Components of Vibe Signature AI

Component Role Conceptual Output

Behavior Session Captures contextual
interaction window

Sequence of events

Event Embedding Converts events to vectors et

Session Embedding Summarizes actions into
one vector

s

Behavior Cloud Full set of session
embeddings

User’s behavioral space
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Behavioral Centroid Mathematical center of
tendencies

C

Update Rule Re�ects behavioral
evolution

Cnew

Adaptation Logic Personalizes system
response

Behavior-driver output

�is forms the theoretical architecture of Vibe Signature AI

3.9 Summary of Conceptual Contribution

�e conceptual framework provides:

1) A mathematical model of behavior without identity

2) A structured way to summarize user tendencies through centroids.

3) A privacy-friendly foundation for adaptive systems.

4) A uni�ed theory connecting sessions, embeddings, clouds, and centroids.

It stands as the intellectual blueprint for future implementation.

4. Methodology

�e methodology for this research follows a design-science approach, focusing on how 

Vibe-Signature AI should be operationalized rather than reporting on an implemented 

system. Since the primary contribution of this work is the development of a new conceptual 

model, the methodology outlines the practical steps, architectural logic and evaluation 

pathways that would guide a full implementation. �e objective is to show how the 

theoretical framework can translate into a functioning adaptive personalization system 

grounded in behavior rather than identity.

4.1 Operational Pipeline

A full implementation of vibe Signature AI would follow a structured pipeline that re�ects 

the theoretical components de�ned in the conceptual framework. �e operational steps 

are:

a. Behavior Capture – Raw user interactions are collected from an application or device. 

�ese interactions include motions, selections, navigation choices, and engagement 

metrics. �e goal is not to collect personal identi�ers but to extract meaningful behav-

ioral signals.

b. Event Processing – Each interaction is parsed into discrete event tokens. �is includes 

normalizing timestamps, standardizing event formats, and �ltering noise. �is stage 

ensures that all downstream components receive clean, consistent behavioral inputs.



65 / 71

Aravind Karthik Raj

ISBR Management Journal Vol 10(02), DOI: 10.52184/isbrmj.v10i02.000, December 2025

c. Session Construction – Processed events are grouped into behavior sessions. �e 

grouping mechanism could be time-based. �e session becomes the fundamental 

behavioral unit used to form embeddings.

d. Embedding Generation- Each session is passed through a behavior-embedding 

model. While the conceptual framework proposes a contrastive learning structure, 

implementation remains �exible: transformers, GRU-based encoders, or lightweight 

neural networks can be employed depending on system constraints (Hochreiter & 

Schmidhuber, 1997; Sun et al., 2019; Chen et al., 2020).

e. Centroid Maintenance – Session embeddings are aggregated into an evolving behav-

ioral centroid. �e centroid serves as the system’s understanding of user tendencies 

at any given moment. It updates continuously as new sessions appear, re�ecting the 

dynamic nature of real human behavior.

f. Adaption Layer- �e behavioral centroid is fed into application-speci�c modules that 

interpret it to deliver personalization. Examples include ranking algorithms, content 

�lters, interface adjustments, or environmental settings in wearable ecosystems.

�is pipeline forms the backbone of the system’s practical operation.

4.2 Proposed Implementation Strategy

Even though this work does not report an empirical implementation, a future build would 

require careful design considerations:

a. Modular Architecture

�e framework should be implemented in a modular fashion such that the behavior 

encoder, centroid calculator, and adoption layer can evolve independently. �is avoids 

architectural lock-in and supports future extensions

b. On-Device vs Cloud Distribution

A privacy-aligned system should aim to compute centroids locally on the device where 

possible (Yang et al., 2019). Only high-level behavioral summaries-not raw behavior- 

should move across systems (Yang et al., 2019)

c. Lightweight Models

For deployment in wearable or resource-constrained environments, embedding models 

must be computationally lightweight (Goodfellow et al., 2016). Techniques such as model 

distillation or reduced-dimension embeddings may be required.

d. Cross Domain Compatibility

�e design encourages an implementation capable of operating across platforms such as 

mobile apps, smart home devices, or media systems. Behavioral tendencies learned in one 
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domain can inform personalization in another, provided the session construction logic 

remains compatible.

4.3 Intended Evaluation Approach

Since no empirical experiments are presented, the methodology includes and evaluation 

blueprint for future work:

a. Behavioral Expressiveness

Examine whether the behavioral centroid captures meaningful tendencies. �is can 

be evaluated by analyzing embedding-space clusters or comparing centroid- driven 

recommendations with session-only baseline (McInnes et al., 2018)

b. Temporal Stability

Assess how the centroid evolves across time. A stable yet adaptable centroid should re�ect 

patterns without overreacting to outlier sessions.

c. Identity Risk Assessment

Evaluate whether centroids meaningfully reduce re-identi�cation risk compared to 

traditional user pro�les. Techniques from privacy-preserving machine learning can be 

adopted (Dwork, 2006; Yang et al., 2019)

d. Cross Domain Generalization

Test whether behavioral tendencies transfer logically across domains (e.g., music 

preferences informing content discovery).

�ese evaluation pathways align with the conceptual goals of the framework.

4.4 Framework Limitations

As a theoretical contribution, the methodology does not include empirical validation-: the 

focus remains on de�ning a coherent, implementable structure. Future research should test 

centroid dynamics, re�ne embedding models, and explore domain-speci�c adaptations.

5. Findings and Discussion

�e development of Vibe Signature AI o�ers an opportunity to rethink how digital 

systems understand and adapt to users. Since this research is conceptual rather than 

empirical, the �ndings discussed here emerge from analyzing the behavior of the proposed 

framework, evaluating its expected properties, and exploring the consequences of using 

behavioral centroids instead of pro�le-based identity. �ese �ndings address four broad 
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themes: behavioral meaning and expressiveness, system stability and adaptability, privacy 

and ethical implications, and domain-level opportunities and limitations. Together, these 

insights explain how the model functions in practice and how it shi�s the landscape of 

personalization.

5.1 Expected Behavioral Expressiveness of the Centroid Model

�e behavioral centroid represents the mathematical center of a user’s behavior cloud. 

One of the most important conceptual �ndings is that this centroid us able to capture 

stable behavioral tendencies without needing personal identi�ers. By analyzing the 

theoretical geometry of embedding spaces, we can infer that recurring behavioral patterns 

will naturally form denser regions within the behavior cloud (McInnes et al., 2018). �e 

centroid, by its construction, becomes a summary of this density.

�is implies that users who exhibit consistent behaviors – such as a tendency to 

explore broadly or a preference for familiar content – will have centroids that re�ect these 

tendencies. Even without identity, the centroid becomes a robust indicator of behavioral 

style. In a real system, this would allow adaptive mechanisms to adjust recommendations, 

rankings, or interface settings based on the user’s behavioral rhythm, not their demographic 

pro�le or login credentials.

Another conceptual insight is that the centroid provides a level of behavioral abstraction. 

Rather than encoding exact actions, it captures a statistical pattern. �is abstraction 

prevents over�tting to speci�c sessions and reduces noise from outlier behaviors. For 

instance, if a user brie�y exhibits unusual behavior due to mood or situational context, 

the centroid would not radically shi� because older sessions provide stabilizing in�uence. 

�is balance between abstraction and speci�city positions the centroid as a meaningful 

behavioral reference point.

5.2 Stability and Adaptability Across Time

Human behavior is dynamic, in�uenced by context, emotion, environment, and novelty 

seeking impulses. A major �nding from analyzing the centroid update rule is that it 

provides a smooth temporal response to behavioral change. Because the centroid evolves 

incrementally, it prevents both rigidity and volatility.

If the update rate is low, the centroid becomes a stable indicator of long-term tendencies. 

�is is desirable in domains like learning systems, health-monitoring devices, or long-

term interests. Conversely, if the update rate is higher, the centroid becomes more sensitive 

to emerging behavior. �is is useful in fast-changing contexts like content consumption or 

dynamic preference cycles. �e framework does not force one approach; instead, it allows 

tuning based on application needs.

�is �exibility reveals a deeper insight: the centroid is not just a representation of 

behavior, but a representation of behavioral evolution. As sessions accumulate, the 

behavior cloud shi�s, and the centroid moves gradually towards new tendencies. A system 

grounded in centroids becomes capable of handling gradual preference dri�, sudden 

behavioral changes and stable routines without collapsing into coherence.
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�e conceptual model also suggests that combining short term and long-term centroids 

could enhance sensitivity. A dual-centroid system, where one re�ects recent behavior and 

another re�ects historical behavior, can enable nuanced adaptation without relying on 

identity. Such extensions stem naturally from the centroid philosophy

5.3 Identity Light Personalization and Privacy Implications

One of the strongest conceptual �ndings of this research is the realization that 

personalization does not require identity at all. Behavioral centroids allow systems to 

understand a user’s tendencies without knowing who the user is. �is marks a philosophical 

shi� in personalization research. Traditional systems have relied on identity as the anchor 

for adaptation; this framework shows that the anchor can instead be behavior itself.

�e centroid model reduces risks associated with data retention, because:

a. No personal identi�ers are required.

b. �e centroid is an abstract summary, not a raw history.

c. Behavioral sequences can be processed locally before generating embeddings (Yang et 

al., 2019).

�is supports privacy by design principles and aligns with increasing global concerns 

about intrusive pro�ling (Dwork, 2006). By emphasizing behavior over identity, the system 

avoids constructing permanent user dossiers while still providing meaningful adaptation.

A conceptual insight emerging from this is that privacy is not merely a constraint but 

a design dimension. When identity is removed from the system, several architectural 

decisions become simpler. Systems no longer worry about linking identities across 

platforms, handling sensitive demographic data, or managing long-term personal history. 

Instead, they focus entirely on behavioral expression.

However, this model is not without limitations. If a system requires accountability, audit 

trails, or long-term identity continuity (such as �nancial systems or medical records), 

identity light approaches will need supplementation. �e �ndings suggest that Vibe 

Signature AI is best suited for environments where behavior itself is the primary signal 

and long-term identity tracking is not essential.

5.4 Cross-Domain Behavioral Generalization

�e framework indicates that behavioral tendencies may generalize across domains. A user 

who consistently explores new options in a music context may also exhibit exploratory 

tendencies in video platforms or shopping environments. Because the centroid captures 

behavioral style rather than speci�c content preferences, it can serve as a cross-domain 

signal.

�is creates several conceptual opportunities. First, a multi domain system could 

share the centroid across platforms without sharing identity, achieving coherence without 

tracking. Second, cross domain behavior can reveal latent patterns- users who are routine 

driven in one context may be exploratory in another, and the centroid becomes a lens for 

these contrasts. �ird, cross domain systems can adapt more intelligently by understanding 

behavioral signatures rather than relying on assumptions tied to identity groups.



69 / 71

Aravind Karthik Raj

ISBR Management Journal Vol 10(02), DOI: 10.52184/isbrmj.v10i02.000, December 2025

�ese insights open avenues for future work in multi-modal personalization, particularly 

in wearable ecosystems where behavior crosses physical, cognitive and digital spaces.

5.5 Anticipated System Strengths

Analyzing the architecture reveals several strengths:

•	 Simplicity and Interpretability – �e centroid model is mathematically clear and 

avoids black-box identity tracking.

•	 Adaptability – Centroids evolve smoothly with behavior, helping systems stay aligned 

with users

•	 Privacy Alignment – No identi�ers, minimal data and no personal history storage.

•	 Cross Domain Versatility – Behavioral abstraction allows the centroid to inform mul-

tiple systems.

•	 Resource e�ciency – Centroids and low dimensional embeddings can operate on con-

strained devices (Goodfellow et al., 2016)

�ese strengths demonstrate that behavioral personalization can be powerful without

being invasive

5.6 Conceptual Limitations and Challenges

While promising, the framework has inherent limitations. Because it operates without 

identity, it cannot support systems requiring persistent accounts. It also lacks the 

granularity of content-speci�c preference models; the centroid summarizes behavior style, 

not exact preference. Another limitation concerns extreme behavioral variability: users 

whose behavior changes dramatically from session to session may produce centroids that 

average out meaningful distinctions (Jannach et al., 2021)

Additionally, because this research does not include implementation, the practical 

details of encoder selection, weighting mechanisms and adaptation logic remain open. 

�ese design choices will in�uence performance once the framework is deployed.

�e �nal conceptual limitation is explainability. While centroids are interpretable 

mathematically, the behavior cloud that surrounds them may contain nuanced patters 

not captured in summary form. Designers must balance summarization with behavioral 

richness

5.7 Future Research Possibilities.

�ese �ndings indicate several promising research directions:

•	 Testing dual-centroid models for short-term vs long-term behavior,

•	 Embedding emotional or contextual signals into session construction,

•	 Exploring multi-modal behavior (gesture, voice, biometric cues)

•	 Combining centroids with attention-based adaptation mechanisms

•	 Validating privacy assumptions through formal risk analysis.
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�ese directions provide a roadmap for future implementation and evaluation of the 

framework.

6. Conclusion and Implications

Vibe signature AI reframes how personalization can be achieved in digital ecosystems 

by shi�ing the focus from user identity to user behavior. Instead of treating identity as 

the anchor of adaptive systems, this framework argues that behavior itself contains 

enough structure, consistency, and nuance to guide meaningful adaptation. �rough 

the development of behavior sessions, embeddings, behavior clouds, and the behavioral 

centroid, the research presents a coherent model that translates raw interaction patterns 

into an intelligent, privacy-aligned representation. �is approach avoids the longstanding 

tension between personalization and identity tracking by o�ering a mathematically 

grounded alternative that does not require storing who the user is.

�e implications of this shi� are signi�cant. For designers of adaptive systems, the 

behavioral centroid provides a lightweight, interpretable mechanism for modelling 

user tendencies in dynamic environments. In privacy-sensitive domains, identity-light 

personalization o�ers a viable path toward compliance with emerging regulations while still 

delivering engaging and responsive user experiences. �e model also opens opportunities 

for cross-domain adaptation, where behavior driven insights can travel across platforms 

without linking identities.

However, the framework also highlights areas requiring further research, including 

the practical implementation of embedding mechanisms, stability tuning, and evaluation 

under real-world variability. Future work should focus on building prototypes that test the 

expected properties of the centroid model and explore hybrid approaches that combine 

behavioral reasoning with contextual or environmental data.

Overall, this research contributes a foundational perspective on personalization that 

prioritizes human behavior over identity. It provides both, a theoretical sca�old and a 

practical direction for systems that aim to be adaptive, respectful, and aligned with the 

realities of modern digital interactions.

Con�ict of Interest :  �e author declares that there are no con�icts of interest regarding 

the publication of this paper
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