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ABSTRACT

The high rate of interconnected device and intelligent system proliferation has greatly
enhanced the complexity of human - device identity interactions and this has greatly
complicated the existing identity and access management mechanisms. Traditional
methods of risk assessment are mostly based on fixed rules or statistical outlier
measuring, that do not possess semantic knowledge and are unable to accommodate
changing behavioural and contextual differences. This paper outlines a foundation
model-enhanced semantic risk interpretation framework to overcome these drawbacks
in human-device interactions of identity. The suggested method is based on the
representational and reasoning power of foundation models through interpreting
identity risk as a semantic construct based on the signals of human behaviour,
attributes of device trust, and contextual information. The framework allows context-
sensitive, interpretable risk thinking that produces interpretations and decisions based
on context, unlike binary or score-based decisions, which are not in line with the
dynamism of contemporary digital landscapes. The paper demonstrates a well defined
conceptual architecture, semantic risk modelling process and theoretical discussion on
the benefits of semantic Al-based reasoning as compared to conventional and machine
learning-based identity risk assessment model. The suggested framework will advance
the identity security research by proposing a human-centred, explainable, and adaptive
risk interpretation paradigm, and which provides real-world tipping points to next-
generation secure systems in enterprise, loT, and smart settings.
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1. INTRODUCTION

The high velocity of the interrelated digital
ecosystems that have disrupted the identity
management encompass any of the following types of
digital ecosystems, such as enterprise systems,
Internet-of-Things (loT) systems, and cyber-physical
systems [1], [2]. The contemporary computing
landscape is manifested not by disconnected access
privileges and discrete human-device interactions but
by persistent, contextual, and heterogeneous human-
computer interactions [3]. This means that identity is
now no longer a validated attribute that can be
determined based solely on fixed credentials or
deterministic set of rules and that the concept of
identity risk is now a dynamic multi-dimensional
phenomenon rather than a binary result of
authentication [4], [5].The conventional identity and
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access management (IAM) tools mainly depend on rule-
based policies, role- or attribute-based access control,
and rates of identity risk rather than a binary outcome
of authentication [6]. Although these methods are
effective in the confined scenario, they find it difficult
to manage the complexity and dynamics of
contemporary patterns of interaction [7]. The
switching of devices, changes in location, behavioural
variation, and temporal variation usually lead to the
false risks measurement, high false positive, or
sluggish responses [8], [9]. Machine learning-based
anomaly detection systems partially help to solve
these problems and identify deviations to the learned
behaviour, but they work in a statistical mode and do
not give much information about the reasons this or
that interaction can be risky, which makes them less
transparent and flexible [10], [11].The main problem
is the absence of semantic knowledge that is inherent
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in machine learning-based anomaly detection systems.
The majority of systems treat the identity signals as
detached numerical features that lack the background
meaning and context [12]. On the contrary, human-
device is intrinsically designed with semantic
information surrounding intent, development of trust,
repetitiveness of behaviour, and contextualization.
Risk, then, does not simply exist because of
anomalies, but instead exists because of the mismatch
between the perceived interactions and implied
semantic norms. In absence of semantic reasoning,
identity system can be used as reactive, brittle, and
hard to interpret solutions.Recent progress in
foundation models, such as large language models and
multimodal models present a promising solution to
these problems [4], [5]. The foundation models have
the ability to discover high-level semantic
representations, to combine heterogeneous
information sources and to do domain-based
contextual reasoning. They are also able to generalise
across interaction cases, unlike task-specific models,
and accurately model sophisticated associations among
behaviours of human beings, device properties and
environmental circumstances [2], [7]. These features
ensure that they are especially efficient in semantic
risk interpretation, where meaning and context are of
higher importance than the ability to identify
individual deviations.Based on these observations, this
paper presents a foundation model-based enhanced
semantic risk interpretation framework to the
interaction of humans and devices in terms of identity.
The suggested strategy assumes identity risk to be a
semantic phenomenon that is a result of interaction
among human behaviour, device trust, and contextual
aspects. Taking advantage of foundation model
reasoning, the framework is now able to go past fixed
risk scores and anomaly flags to allow flexible,
explainable, and human-driven risk decisions [1], [4].
It is directly complementary to the already established
IAM mechanisms and is three-fold in nature, having an
elevated level of semantic reasoning that
contextualises identities signals and provides an
informed system of access control. First, it
restructures the idea of identity risk assessment as a
semantic interpretation issue but not a strictly
statistical endeavour [6], [10]. Second, it introduces

conceptual architecture that incorporates foundation
models in identity risk reasoning. Third, it offers a
theoretical evaluation and a comparative analysis
showing the benefits of semantic Al-based reasoning in
comparison to conventional and machine learning-
based identity risk models [5], [7], [11]. The other
papers are a literature and theoretical contextualising,
presenting the proposed methodology and framework,
the theoretical analysis of the approach, and
concludes with limitations and future research.

2. Related Work and Theoretical Foundations

The issue of identity risk evaluation has previously
been considered under the category of identity and
access management (IAM) systems based on pre-
arrayed credentials, roles and policy rules [1], [4]. The
initial solutions (role-based and attribute-based access
control) are based on identity risk being viewed as a
constant or threshold based value based on explicit
identity properties (authentication strength or type of
device) [6]. Although such models are transparent and
easy to deploy, they do not suit the dynamic
distributed nature of the environment widely required
in today’s world; interaction patterns and
relationships of trust keep changing as time goes on
[2], [7].Context-aware and behaviour-driven identity
models, however, capture such signals as location,
time and device properties as well as past usage
history, enhancing adaptability [8], [9]. Common
practises in machine learning, especially behavioural
profiling and anomaly detection, are sought to detect
the differences between the learned behaviour [6],
[11]. As much as such techniques help to improve
responsiveness, they are majorly dependent on
statistics correlation and distributions of data in the
past. This reduces their usefulness in contexts
involving trust and control due to their lack of
interpretability, and in general derives limited
information about the semantic meaning of behaviours
being observed [10], [12].An overview of the
representative identity risk assessment methods,
including their assumptions and capabilities and
limitations, can be found in Table 1.

Table 1.Comparative View of Identity Risk Approaches

Model Type Semantic Awareness | Adaptivity | Reasoning Capability | Key Limitation
Rule-Based IAM No Low Deterministic Static

ML Anomaly Models Partial Medium Statistical Opaque
FM-Based Semantic Model | Yes High Contextual Compute cost

Table 1 presents a comparison between some
representative methods of identity risk assessment,
their viewpoints based on the assumptions of their
capabilities and limitations. Semantic security
frameworks are used to overcome these constraints
through understanding the identity risk as an

interpretation of meaning, but not an anomaly in
numbers [4], [5]. New risk, in this view, is a result of a
fit between observed interaction and anticipated
semantic norms involving intent, context and evolution
of trust. Such methods would allow thinking more fine-
tuned about trust and access decisions since they

Journal of Intelligent Assistive Communication Technologies | Jan - Jun 2026

* I



N. Arvinth : Foundation Model-Enhanced Semantic Risk Interpretation for Human-Device Identity Interactions

model identity signals like semantically rich entities
[7]. The previous semantic models were, however,
usually based on manually developed ontologies or
domain reasoning engines, which made them less
scalable and less applicable to multiple settings [9].
The latest development in foundation model has
already increased the scope of semantic reasoning
within security systems to a considerable extent [2],
[5]. Being trained on large and heterogeneous data,
foundation models can acquire rich semantic
representations and make contextual reasoning across
domains and modalities. Compared to task-specific
models of machine learning they are able to combine a
wide variety of behavioural, contextual and device-
specific cues and generalise to interaction contexts
[1], [7]. Recent research on cybersecurity has shown
that they can be used to perform activities like threat
analysis, policy reasoning, and adaptive security
control and provide Dbetter robustness and
explainability [4], [10]. Regardless of these
advancements, the current identity risk assessment
systems do not have a single framework that can
properly integrate semantic security concepts and
foundation model-based reasoning [6], [11]. The
legacy IAM systems lack dynamic, whereas machine
learning-driven solutions are preoccupied with the
detection of anomalies, but they do not interpret such
concepts semantically. Though semantic security
models are conceptually sound, they have not drawn
full advantages of the foundation models to
understand adaptive and scalable reasoning in a multi-
faceted manner [5], [12]. This disconnect stimulates
the construction of a framework that conveys identity
risk as a semantic concept and uses foundation models
to combine human conduct, circumstantial
circumstances, and the trustworthiness of devices into
consistent, communicative and adaptive risk-sensitive
judgments [2], [7].

3. Methodology and Semantic Risk Modeling

3.1 Research Design

This study assumes a conceptual research design based
on design science and develops a semantic risk
interpretation scheme on human-machine identity
interactions. The research design has the goal of not
building or confirming a learned model of data, but
structurally organising the workings of methods to
abstract, semantically represent, and reason with
identity-related signals with foundation model
abilities. This is a correct strategy considering that
semantic risk modelling is exploratory and the
generalised structure necessary that does not rely on
particular datasets or deployment settings. The study
design is based on the conceptual modelling paradigm
where identity risk is seen as an emergent semantic
construct as opposed to a measured numerical score.
The constituent is built by means of analytical thinking
that determines the main dimensions of identity risk,
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establishes their semantic interdependences and
composes them on a logical flow. The creation of the
framework follows design-science principles focusing
on the relevance of the problem under study,
theoretical foundation, and explanatory clarity
without including any implementation-related
assumptions that can be restrictive to the
generalizability. Notably, the research methodology
suggested is not subjected to or relies on empirical
data provided, model training process, or performance
benchmarking. Rather it concentrates on specifying
the logical structure and semantic reasoning process
that is needed to interpret identity risks based on
foundation models. This is a data-free architecture
that enables the framework to be versatile in a variety
of application scenarios, such as enterprise systems,
loT systems, and smart cyber-physical systems, and
upon which future empirical testing and system-level
instantiations can be based in a principled way.

3.2 Semantic Risk Factors

The interpretation of semantic risks in human-device
interaction of identity involves the establishment of
primordial factors which are unified to form the
meaning of an interaction. According to the suggested
framework, identity risk is addressed with the help of
three main semantic dimensions, namely human
behaviour semantics, device trust semantics, and
contextual environment semantics. These elements
are approached as complementary providers of
semantic information that, combined with each other,
will make the holistic vision of identity risk other than
individual aberrations or fixed qualities. Semantics of
human behaviour serve as a representation of meaning
that the patterns of interaction between a user and a
system possess. Instead of emphasising on
individualised actions, this dimension indicates more
superior behavioural traits like consistency, regularity,
intent, and deviation compared to the pre-established
standards of interactions. Behavioural semantics are
more computational representations of the changing
behaviour of users across time and devices, as well as
complete reactions to whether visualised behaviour is
trending according to predicted usage or whether the
behaviour may signify a risky attempt of malicious
intent or intercepted credentials.

Trust semantics of the device refer to the reliability
and the security posture of the device that is involved
in the interaction. This aspect covers such factors as
device identity stability, historical reliability and
security condition and previous association to the user.
The aspect of device trust is not regarded as a fixed
designation but as a semantic construct, which is
developed on a history of interactions, identified
anomalies, and an alignment to the circumstances.
Semantically modelling device trust can allow the
framework to distinguish between normal and benign
variations in behaviour, and create a risk posed by
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unknown or possibly malicious devices. Semantics of
contextual environment refer to those circumstances
of interaction that define the situational conditions
including time, space, and environment. Contextual
semantics entail the control of whether an interaction
is taking place in a predicted context or it does not
match operational contexts. Not as a discrete signal,
changes in place, time, network conditions, or
operational conditions are construed in connexion to
what it has been anticipated to be. This allows the
framework to determine the impact of changes in
contexts on the general perception of the identity risk.
The proposed framework allows using identity risk as a
structure of semantic factors by isolating it and
adjusting to meaningful behavioural, device-level, and
contextual information. This factoring enables the
extension of integration and reasoning within the
interpretation layer that is based on the foundation
model, and identity risk can be computed as a
coherent semantic network, instead of an ensemble of
separate signals.

3.3 Al-Based Risk Interpretation Logic

The suggested framework evaluates the identity risk as
the process of semantic reasoning (artificial
intelligence-based) in place of predetermined rules or
completely statistical deviation detection. It aims at
giving heterogeneous semantic risk factors an
opportunity to integrate and draw into a consistent
meaning of the human-device interplay. A foundation
model is the standardised reasoning operational, which
allows different semantic dimensions of contextual
inference.

The identity risk conceptualization is an interaction
effect of three semantic inputs of it, the human
behaviour semantics, the device trust semantics and
the environment context semantics.

R = F(Sh’SdlSC) """""" (1)

where S, S;, S.denote human, device, and contextual
semantic representations, respectively, and F(.)
represents the foundation model’s inference
capability. This abstract expression focuses more on
sentence combination instead of explicit mathematical
calculating. In comparison to the traditional risk
assessment mechanisms of using fixed threshold
points, the suggested logic will provide flexible and
adaptive evaluation so that the same behavioural
deviations may be rated differently based on the trust
history and contextual correspondence. Since the risk
outcome is obtained based on identifiable semantic
factors, the framework also attains interpretability
and explainability, which is essential in a trust-
sensitive and controlled environment. Generally, Risk
interpretation logic based on the Equation can be
defined as the Al-based logic. A mechanistic
interpretation to give a semantic representation to
meaningful identity risk evaluations and directly
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influence the architectural design in the next
subsection is given in (1).

3.4 Proposed Foundation Model-Enhanced Semantic
Risk Interpretation Framework

Based on the methodological framework and semantic
risk modelling logic as discussed on the previous
subsections, this section demonstrates the foundation
model improved semantic risk interpretation
framework. The paradigm aims to offer a systematic
mechanism of converting non-homogeneous signals in
terms of identity to related risk measurements in a
coherent and interpretable way by using semantic
abstraction and machine reasoning. Figure 1.depicts
the general structure of the suggested semantic risk
interpretation model. The structure arranges identity
signals across multi-sources into a semantic encoding
layer, Risk decision generation is based on foundation-
modelled reasoning and interpreted risk information.

Human Behavior Device Trust Signals Contextual Signals

Semantic Encoding Layer
(Behavioral, Device, Context Semantiness)

Foundation Model Reasoning Layer

(Semantic Integration & Contextual Inference)

Risk Interpretation & Decision Layer

(Risk Score, Explanation, Adaptive Access)

Interpreted Risk Outputs

Fig. 1. Architecture of the Foundation Model-Enhanced
Semantic Risk Interpretation Framework

The diagram depicts the semantic risk reasoning
process, in which human behaviour cues, device trust
cues, and contextual control cues are mapped into
semantic codes which are handled by a foundation
model to generate interpretable and adaptive risk
evidence. A foundation model undertakes the
semantic integration as well as contextual inference to
support risk interpretation and adaptive decision-
making to generate interpretable identity risk output.
The framework consumes identity-based signals on the
input level based on the characteristics of human
behaviours, device trust, and the conditions of the
contextual environment. These inputs are purposely
made to be non-homogeneous and dynamic in nature,
hence the reality of human-equipment interactions in
the world. The initial part of the framework carries
out semantic signal encoding, in which raw
observations are encoded into more advanced
semantic signals. This is carried out so that low level
signals are not directly transformed into risk outcomes
but rather they are contextualised, both in terms of
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intent, development of trust, and contextual
relevance. Consistency across the various types of
signals and readiness of the inputs to unified reasoning
is made possible by semantic encoding. The encoded
semantic representations are then run through the
foundation model reasoning layer which acts as the
backbone intelligence of the framework. This layer
combines behavioural, device-specific and contextual
semantics in order to derive relational meaning over
dimensions. In place of classification or threshold-
based scoring, the foundation model learns the
support and believability of interactions and risk can
be measured as a developing semantic network.
Lastly, the decision layer/risk interpretation converts
the implied semantic meaning into practical results.
These are some of the results that can be achieved in
terms of adaptive access decisions, escalation of risks,
or trust recalibration, depending on system
requirements. Notably, since the choices are based on
recognisable semantic variables, the framework
facilitates interpretability and traceability, where a
discussion can be made on why a specific interaction is
risky or not. On the whole, the offered framework
offers a logical and scalable semantic identity risk
interpretation architecture. It uses identity risk
assessment to further the use of foundation model
reasoning and structured semantic abstraction to

Identify Interaction Semantic
Inputs Encoding

Foundation- Model
Reasoning

enhance identity risk assessment beyond use of the
existing approaches that are based on fixed numbers
and statistics and instead the use of an adaptive,
explainable, and human-centred security decision-
making process.

4. Al-Driven Semantic Reasoning and
Interpretability

The classic identity risk assessment tools are based
mostly on rule assessment or statistical anomaly
assessment, so they could not provide the description
of why an interaction is deemed risky. Conversely, the
suggested framework utilises the semantic reasoning
based on foundation models to understand identity risk
as a context specific and meaning-driven concept.
Instead of viewing identity signals as some unique
properties of human behaviour, the model
integratively reasons on human behaviour, device trust
and contextual semantics to obtain a consistent risk
interpretation. The semantic risk workflow followed in
this research is described in Figure 2. demonstrating
the way in which heterogeneous interaction signals are
correlated into adaptable and interpretable risk-
sensitive decisions using the foundation model
reasoning.

Semantic Risk.
Interpretation

Adaptive Decision
8 Feedback

CQ—“E@@ N % > > f\ > @@g

User Behavior.
Device Signals, Context Data

Confactual Representation  Knewledge 8 Context Analysis

Threat Aseessment Risk Based Actions

Fig.2. Semantic Risk Reasoning Process Using Foundation Models

The figure depicts the complete semantic risk
reasoning process, such as identifying the interaction
inputs, the semantic encoding, contextual reasoning
by a foundation model, semantic risk interpretation,
and the adaptive feedback-generation and decision
formation. The foundation model works on
semantically coded representations and does
contextual inferences on diverse signals. This allows
obtaining these higher-level relations like intent
consistency, trust development, and behavioural
congruence to expected norms. Consequently, identity
risk is understood as a whole whereby the interaction
of signals across time and situations over time is
considered instead of analysing them individually.
Interpretability In the proposed framework, semantic
reasoning will lead to an outcome that is
interpretable. Semantic explanations are found with
the risk decisions and are reflective of the factors
contributing to the decision, including anomalous
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behavioural intent, corrupted device trust or
contextual inconsistencies. This interpretability can be
used to promote transparency, auditability, and
human supervision, which is critical in a security
aware and controlled environment.The proposed
approach is based on combining semantic reasoning
and explainability, which means that it goes beyond
black-box risk scoring to adaptive and human identity
risk interpretation. This will allow makes access
control decisions more informed and trust towards Al-
assisted identity management systems will increase.

5.Theoretical Analysis and Discussion

5.1 Theoretical Justification

Principles of semantic security, cognitive trust
modelling, and contextual decision theory have been
used to formulate the theoretical basis of the
proposed framework of the semantic risk
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interpretation framework with the proposed
foundation model improvement. Traditional identity
risk assessment models normally presuppose that risk
is measurable based on either the constantly available
attributes or a statistical measure of deviation.
Nevertheless, these assumptions are becoming less and
less valid in dynamic environments of human-device
interaction, where there is a risk that comes about
due to the changing meaning of interactions and not
independent events. Theoretically speaking, identity
risk can be more effectively conceived as semantic
construct that indicates the correspondence of the
observed behaviour to the intended norms in terms of
intent, trust, and context. Displayed in figure 3., the
conceptual correspondence between the semantic
security, trust dynamics, context-sensitive decision
theory, and foundation models are the elements that
shape the formulated semantic identity risk
interpretation paradigm.

Semantic Trust

Security Dynamics

Semantic
Identity Risk
Interpretation

Context-Aware Foundation
Decision Theory Models
Semantic dentity |
Risk Interpretation

Fig. 3. Conceptual Relationship Diagram

Semantic  identity risk reasoning  conceptual
relationship diagram depicting major elements of
semantic identity risk reasoning. The proposed
approach is first theoretically based on semantic
security theory. According to this view, such decisions
regarding security are not largely motivated by the
numerical value or the score of anomaly but by the
meaning interpretation into certain patterns of
interaction. Human device interactions imply implicit
semantics including whether or not the behaviour is
consistent with need, whether the usage of a device is
consistent with an agreed set of trust, and whether or
not circumstantial conditions legitimise exceptions.
The framework enables the alignment of identity risk
interpretation with how human beings naturally think
about trust and suspicions through explicit modelling
of these semantics to enhance conceptual validity and

» I

interpretability. The second theoretical foundation is
based on human device trust interactions models.
Trust is never a dichotomous feature but a dynamic
condition that is built upon previous experience,
stability of behavior and situational reinforcement.
Classical IAM systems do not have the means to reflect
this change, resulting in fragile access control. This
shortcoming is overcome by the suggested framework
by recognising trust-related signals as semantically
encoded objects capable of being reinterpreted on a
regular basis. A theoretical process that is appropriate
in modelling such a dynamic trust evolution in identity
systems is the foundation models, which can handle
both the temporal and contextual information.

Contextual decision theory also supports the design of
the framework because it is argued that our rational
decisions are based on situational conditions and
relational data instead of rules. The nature of identity
risk assessment is also context sensitive, e.g. judging a
given action in a different way based on location,
device condition or past use. By considering risk as a
product of a human, device, and contextual semantic
function, the proposed model does not only adhere to
the principles of context-conscious decision making
but it is also not excessively dependent on a strictly
laid down policy logic. Lastly, foundation models
provide a single theoretical mechanism of semantic
integration and reasoning. In contrast to task-based
machine learning models, foundation models are built
to learn high-level representations, to learn
relationships and abstraction as well as latent meaning
across heterogeneous inputs. This capability justifies
their use as the inference function in the proposed
formulationR = F(S,, S;,S.) where risk emerges from
the interaction of semantic factors rather than
isolated metrics. From a theoretical perspective, this
formulation positions identity risk interpretation as a
reasoning problem, thereby bridging semantic security
concepts with modern Al-driven inference.

5.2 Comparison with Existing Models

Current identity risk assessment frameworks may be
divided into general categories that comprise
conventional identity and access management (IAM)
controls, machine learning informed anomaly
detection, and early semantic or ontology-based
security frameworks. Although both categories offer
beneficial mechanisms of ensuring digital
engagements, they vary widely in identifying identity
risk and its representations, interpretations, and
actions. The proposed framework is conceptually
compared with existing identity risk assessment
approaches and this is shown in Table 2.
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Table 2. Comparison of Identity Risk Assessment Models

Aspect

Traditional IAM Models | ML-Based Models

Proposed Semantic FM Framework

Risk Representation | Traditional IAM models

ML-based models

Proposed semantic FM framework

Risk Basis Static attributes

Behavioral patterns | Semantic contexts

Context Awareness | Limited

Behavior-based

Context-aware

Interpretability High (rule-based)

Low (statistical)

High (meaning-based)

Adaptability Low

Medium

High

Decision Logic Binary, rule-based

Probabilistic scores

Interpretable and adaptive

Table 2.Conceptual comparison of Identity Risk
Assessment Models

Table 2.Conceptual comparison of identity risk
assessment models, voicing the distinctions between
conventional IAM systems, based on machine learning
models, and the suggested semantic foundation
model-enhanced model in the context of risk
representation, situational awareness,
interpretability, adaptability, and decision logic.
Conventional IAM models make wuse of fixed
credentials, fixed roles, and policy-controlled by rules
in order to control access decisions. Risk is usually
viewed as a binary or threshold-based result based on
defined explicit nature like authentication intensity or
designated privileges. Whilst these models are
transparent and simple, they are not very flexible, and
they cannot adapt to changing patterns of interaction,
changing trust relations, and changing contexts,
typical to contemporary human and device
ecosystems. Machine learning identity risk models goes
beyond the conventional methods and involves
behavioural profiling and anomaly detection. Such
models are beneficial because they detect the
differences in usage patterns taught and produce risk
scores that are likely to occur. Their use of statistical
associations, however, reduces the interpretive
capabilities, since the decisions that are made about
risks are generally hard to justify with regard to
intent, trust, or contextuality. In addition, these types
of models are usually task-oriented and need regular
retraining to work in the shift of circumstances.

Ontology and semantic-based security models are
based on addressing these constraints on
interpretability, and have meaning-based
representations of identity and context. The methods
allow more expressive reasoning of the interactions
and trust relationships and frequently require
handwritten rules or ontologies specific to a domain.
Consequently, this limits their scalability and ability to
have a generalizability across heterogeneous
environments especially in scale and rapidly evolving
systems. On the contrary, the suggested framework of
semantic risk interpretation based on foundation
models is a mixture of semantic reasoning strength and
the ability of representation and inference of
foundation models. Instead of using fixed set of rules
or strictly statistical deviations, the suggested course
of action sees identity risk as a semantic phenomenon
that transpires due to the interplay of human
behaviour, device trust, and conditions of the
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situation. They make it possible to reason unified
across these dimensions through foundation models, to
make adaptive, context-sensitive and interpretable
risk decisions without defining the rules or training
much on the task itself. By and large, the suggested
framework is more adaptive and richer in semantic
interpretation and more easily explainable than the
existing ones. Identity risk is treated as a meaning-
oriented and context-dependent phenomenon, which
helps to overcome the main drawbacks of the previous
methodologies and offer the more solid conceptual
background of identity risk evaluation in more
complicated human-based interaction scenarios.

6. Limitations and Future Research Directions

Though the suggested framework of semantic risks
interpretation based on the proposed foundation
model can be regarded as a conceptual step forward in
the context of identity risk assessment, some
limitations can be identified. To start with, the
framework proposed has been introduced at the
conceptual and architecture level only and does not
involve operational validation with actual real-world
datasets or in practical scenario deployments. Even
though this designing option offers generality and
conceptual elucidation, the performance, scaling, and
operational performance in real-world situations would
entail quantitative assessment.Second, the framework
presupposes some accurate semantic depiction of
human actions, gadget trustworthiness, and contextual
circumstances. In real-world systems, sensing
limitations, sparse data or noise may cause the quality
of such signals to be incomplete or of less quality.
When uncertainty on the signal is present, or the
semantic information is incomplete, it is not clearly
covered, as it has been proposed that foundational
models can be subject to robust semantic reasoning
but in practice may prove to be challenging to deploy
in highly resource-constrained or even adversarial
contexts like edge devices or low-power loT systems.
The suggested model loses the consideration of the
implementation in  details (latency, energy
consumption and model optimization) which would
have to be solved in the real world instantiations.This
study can be developed in various ways in the future.
The empirical assessment of the framework through
actual identity interaction data to prove its
interpretability, flexibility, and resilience in relation
to traditional and machine learning-based models can
also be seen as one of the promising directions. A
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second direction is to experiment with using
lightweight or hybrid foundation model deployments,
where semantic risk reasoning at the edge can be
achieved at a cost acceptable level of computational
cost.Formal semantic representations and the
modelling of uncertainty may also be explored as a
direction of elaboration of the framework, allowing
explicit semantic risk reasoning under
incomplete/ambiguous identity signals. Furthermore,
it is possible to assume that the incorporation of policy
limitations, regulatory costs, and human-in-the-loop
feedback into the suggested conceptualizations must
help build trust, accountability, and adoption in the
field of sensitive applications to maintain the semantic
soundness of the reasoning and theoretical basis of the
concept.

CONCLUSION

The paper touched upon the drawbacks of the
conventional identity risk assessment in the
contemporary human device interaction settings,
where static identities, programmed rules, and even
statistic anomaly detection become ineffective. With
the development of digital ecosystems, where digital
ecosystems are constantly, situation-specific, and
heterogeneous in their interactions with identity,
identity risk should be viewed as a dynamic, meaning-
based creation instead of a dichotomous discontinuity.
To overcome this problem, the paper introduced a
foundation model-based semantic risk interpretation
paradigm that re-formulates identity risk assessment
not as the numerical scoring but rather as semantic
reasoning. This work mainly demonstrates the fact
that, by combining semantic signal encoding and
foundation model based inference, it can interpret
identity risk as an emergent behaviour of interacting
semantic factors pertaining to human behaviour,
device trust, and contextual decision theory, without
depending on any particular datasets or
implementation assumptions. The proposed
architecture and logic of the reasoning illustrate how
foundation models may play a convergent role of a
semantic reasoning layer, which mediates between the
traditional systems of IAM, machine learning-oriented
systems, and semantic security models. The paper has
explained the benefits of semantic, foundation model,
driven reasoning through a comparison and theoretical
analysis based on adaptability, interpretability and
robustness. All in all, the study contributes to identity
risk assessment, introducing a semantic, artificially
intelligent approach that values meaning, context, and
trust evolution to completion, as a blueprint of more
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visible, responsive, and humane identity as a system,
and a source of future empirical testing and system-
level implementation.
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