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Abstract: As the network perimeter erodes in hybrid and multi-cloud environments, identity becomes the perimeter. Human and
non-human identities (service accounts, containerized workloads, APIs, and autonomous Al agents), present a rapidly growing
and diverse identity attack surface that customary identity and access management systems are structurally incapable of managing
with a sufficient level of precision. Static, rule-based access controls, as found in first-generation Zero Trust deployments, still
rely on a static snapshot of policy, rather than an evolving and updated behavioral intelligence refreshed on a continuing basis.
These models can be beaten by credential theft, insider abuse, and lateral movement that may not fit the established policy. To
address this, CIMA overlays Al behavioral analytics, decentralized policy enforcement nodes, cognitive adaptive authentication,
and autonomous policy orchestration upon the identity control plane. Across four purposefully interdependent architecture layers,
CIMA creates the mesh of identity, transforming it from a static verification point into a risk-scored, self-calibrating rule engine.
Every component of this architecture has a foundation in existing capabilities in anomaly detection with graph, risk-scored access,
insider threat detection, and cloud-native SIEM (security information and event management) integration, across financial services,
healthcare, Al-driven and machine learning-based platforms, and multi-cloud enterprise environments, where the failure or
degradation of identity is the largest operational and regulatory risk. Open questions and future work include adversarial robustness,
cold-start behavioral modeling, and autonomous policy governance.
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1. Introduction
1.1 The Changing Security Perimeter

With the advent of cloud computing, the explosion of Software as a Service (SaaS) application ecosystems,
and the popularity of microservices architectures, the network perimeter became obsolete and was replaced by
identity. Enterprises use cloud services that are characterized by ephemeral workloads, fragmented access, and
interaction by human and non-human entities with privileged access to sensitive resources, without the assumption of
a single enforcement point. Non-human identities, such as service accounts, API tokens, containerized workloads and
sometimes autonomous Al agents, are more numerous than human accounts in many large cloud environments and
are commonly deployed with excessive privileges.

Identity-based controls are the ideal control plane for access in these models, as opposed to an implicit or
explicit access perimeter. Risk-based authentication (RBA) security models treat each sign-in as a risk-scored
transaction, using behavioral signals, device posture, geolocation, and travel velocity to surface anomalies that static
policy enforcement cannot detect [1]. One such geolocation pattern would be an user that first logs into a cloud
application in one country, and then seemingly immediately logs into the same cloud application from a second
country that is geolocated far from the country of the first login. Valid credentials are used for both logins [1].
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1.2 Limitations of Existing Approaches

Zero Trust Architecture inverts this and revokes the implicit trust model of perimeter security, requiring all
traffic be continuously validated, in terms of identity and security state, and is independent of the location of the asset,
whether internal or external. This means authentication of every request, applying least-privilege access, implementing
data-centric rather than IP-centric access control models, and encrypting all data traffic, rather than just external traffic.
Despite this conceptual distinction, Zero Trust implementations are still in practice policy-driven [3]. Access control
decisions based on predefined rules rather than real-time behavioral intelligence create a structural rigidity that can
not adapt to new threats.

Related approaches such as blockchain-based access management systems provide decentralized, immutable
implementations for access governance across multiple cloud service without the use of a centralized broker [2].
Likewise, federated identity systems improve cross-domain interoperability at the expense of introducing credential
sprawl and single-point-of-failure risks. However, all of these models lack predictive, behaviorally informed access
decision-making that dynamically adapts to the evolving behavior of the user and the entity that is being accessed.

1.3 Problem Statement, Gap, and Contribution

Problem: Modern cloud environments expose heterogeneous, ephemeral identity surfaces accessed by humans,
machines, and Al agents that lack a standardized model. Static IAM controls and rule-based Zero Trust architectures
are insufficient. Insider attacks, credential abuse, and lateral movement exploit the predictable rigidity of rule-locked
or policy-enforced access controls.

Gap: There is no known identity architecture that integrates predictive behavioral analytics, decentralized mesh-
based enforcement, and autonomous policy orchestration with real-time adaptive decision-making across multi-cloud
environments.

Contribution: CIMA introduced a layered Al-augmented identity security framework designed to bridge this
void with cognitive decision-making informed by behavioral baselines; graph-based identity modeling informed by
demonstrable and scalable anomaly detection; context-aware authentication informed by empirically reliable multi-
factor authentication mechanisms; and decentralized enforcement across heterogeneous cloud substrates (cloud
computing environments).

2. Background and Related Work
2.1 ldentity Security Models Over The Years

The development of identity security has gone through four eras: the perimeter era with trust models; the
centralized directory-based identity and access management era; the federated identity and single sign-on era; and the
current Zero Trust era. Each of these eras was driven by changes in how enterprises consume compute. As of 2020,
93% of organizations with workloads in the cloud had a multi-cloud strategy, and 68% of enterprises were using hybrid
cloud infrastructure with different public cloud and private cloud deployments. For this reason, DMZ-based perimeter
defenses are structurally irrelevant: there is no longer a perimeter that can be enforced as a single line, and lateral
movement between clouds does not cross the DMZ.

Many instances of cloud security have the core assumption that mission-critical applications have a firewall
between them and traffic originating within the virtualization infrastructure is more trusted than traffic coming from
outside, as stated in the source [4]. Security Operation Centers (SOC) in cloud infrastructures typically lack real-time
visibility to infrastructures, visibility, and compliance enforcement across different architectures and visibility into
privileged access pipelines of cloud service providers. 16% of cloud-dependent companies reported satisfaction with
their security tools [4].

2.2 Zero Trust Architecture: Foundations and Comparative Analysis

Comparative surveys have defined Zero Trust Architecture as a shift from a "trust but verify" to a "trust nothing
and verify everything" philosophy. The architectural differences between "traditional” and "zero trust™" architectures
include replacing IP address-based access control with data-centric access control, extending encryption from only
external traffic to all traffic, replacing once-verified session-level trust with continuously pre-access verification, and
replacing static role-based security rules with dynamic adaptive policies that continuously evaluate security posture
and make real-time access decisions throughout the session [3]. The Zero Trust Maturity Model defines levels of
maturity for the core security pillars (identity, device, network, application/workload, and data), as defined by NIST,
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CISA, and other frameworks, ranging from the baseline customary model without Zero Trust implementation through
advanced partial implementation to an ideal fully automated implementation [3][4].

Comparative analysis of ZTCNs has found that segmentation of network environments and logging
mechanisms are the two most common properties across ZTCN models, frameworks, and proof-of-concept
deployments [4]. Variable trust levels and access control policies are the next most common properties. Multi-cloud
environments and geographical distribution are underdeveloped capabilities in many existing implementations of
ZTCNs [4]. These gaps influence the architectural scope of CIMA.

2.3 Al and Machine Learning in Security Analytics

Improvements in behavior-based security analytics have resulted in cutting-edge development of anomaly
detection technology. For example, one approach applying graph convolutional networks (GCNs) to large-scale log
data has achieved 99% F-measure, 98.7% recall, and 98.7% precision on HDFS benchmark datasets with over 11
million log records. [5] The same framework has a false positive rate of 0.003 or less, thus showing that it is possible
to achieve high sensitivity with a manageable number of false positives [5]. Thus, models based on graph-structured
data can be useful for detecting behavioral anomalies that cannot be identified using models based on scalar features.

A comparison between different insider threat detection techniques both supervised and unsupervised is shown
here. The accuracy ranges between 56% for ensemble unsupervised techniques and 98% for SVM classifiers on
behavioral features of cyber attributes. For histogram-based profiling techniques, true positive and false positive rates
are 98% and 0.003%, respectively [9]. These variants indicate that the nature of the outcomes is heavily based on the
techniques used; therefore, the detection techniques must be specified based on the type of behavior signal, whether
biometric, cyber, or psychosocial, and the environment of the data [9].

2.4 Multi-Factor Authentication and Context-Aware Verification

MFA is an important part of context-aware access control workflows in clouds. This wide-ranging overview of
MFA schemes in cloud infrastructures identifies three main types of authentication factors: knowledge, possession,
and inherence. Implementation maturity of multi-factor authentication goes from basic second factors based on one-
time passwords to adaptive rule-based, risk-scored challenges that modulate authentication requirements based on
contextual signals. Adaptive authentication systems that factor in diverse signals from device posture, behavioral, and
network context into the verification decision offer a close analog to the CIMA cognitive authentication layer, as
simple, static MFA configurations cannot respond to runtime behavioral anomalies as efficiently as continuous risk-
scored verification could [8].

3. Cognitive Identity Mesh Architecture (CIMA): Conceptual Framework
3.1 Design Principles

There are four main architectural principles in CIMA that differentiate it from earlier models of identity
assurance. First, cognitive adaptability, where identity choices are computed based on dynamic behavioral models,
rather than relying on static policy catalogs, so that the CIMA framework can react to observable risks, without manual
intervention to update policies. Second, distributed enforcement, where identity verification and access control occurs
at nodes within the mesh, and works to eliminate bottlenecks and single failures of conventional centralized cloud
identity models. Thirdly, contextual granularity: access policies can bring multi-signal context to the table, such as
behavioral, environmental, temporal and risk-scored attributes for fine-grain and contextualized control. Fourthly,
autonomous orchestration: policy tuning and threat response are automatically managed, preventing the latency and
error generated by manual policy management.

3.2 Architectural Layers

CIMA consists of a layered architecture. Figure 1 presents a high-level overview of the architecture and of the
information flows.
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Figure 1 — CIMA Layered Architecture
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Figure 1. CIMA Layered Architecture (Conceptual)
3.2.1 Layer 1: Distributed Identity Enforcement Nodes

Identity enforcement is distributed to countless lightweight mesh nodes, co-located with workloads, APIs, and
service endpoints throughout the cloud. Each node contains a locally synchronized policy cache, enabling low-latency
access decisions without the need for round-trip requests to centralized infrastructure. Node consensus serves to keep
policy consistent with the network as a whole in the event of a partition. This is particularly important in a multi-cloud
environment, where connectivity between cloud environments may not be permanent. The distributed architecture
also closes the segmentation gap found in a comparative review of Zero Trust networks, which found segmentation
was the most consistently deployed security property across all deployment types [4].

3.2.2 Layer 2: Identity Graph and Context Aggregation

CIMA maintains an identity graph containing nodes such as users, services, devices, and Al agents, connected
by directed edges that model fine-grained relationships, access patterns, and trust dependencies. The results of the
experiments showed the benefits of representing a monitored environment as an identity graph. Graph-based models
uncover patterns that are not present in models with flat features, where relations between entities enable correct
predictions instead of mere features [5]. A directed dynamic labeled property graph is constructed with nodes that
represent sessions for each entity and edges that represent the data dependency and time relationship. From this graph,
the presence of anomalous lateral movement, privilege-escalation paths, and orchestrated access patterns indicating
compromise of credentials can be inferred [5]. Geolocation, device health attestation, network posture, and temporal
access patterns are continuously ingested and fused at this layer to dynamically update entity profiles in real-time [1].

3.2.3 Layer 3: Cognitive Decision Engine

The cognitive decision engine is the analytical core of CIMA. Deployments of risk-based authentication show
the practical functioning of this decision layer. By using the sign-in logs, CIMA can score users based on risk factors
such as impossible travel, whether the user is signing in from an anonymous IP address, if their device is registered,
and if their access pattern is consistent. CIMA then conducts a gradual set of response actions against high-risk users
(where the risk score exceeds a given threshold), such as enforcing MFA or moving users to an administrative
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investigation queue. Within CIMA, machine learning models inform risk scores on each access attempt based on
behavioral baselines in multiple areas. Step-up authentication, session elevation, and access restriction are applied
whenever the risk score exceeds a threshold.

3.2.4 Autonomous Policy Orchestration Layer

The autonomous orchestration engine at the top of this architecture incrementally trains access policies based
on identity telemetry, threat intelligence feeds, and behavioral drifts. Proactive monitoring based on SIEM and the
triangulation of identity events, anomalous sign-ins, high-risk users, and indicators of compromise (as expressed via
structured workbooks and investigation graphs) allows security analysts to track attack timelines to a precise point
and identify root causes of incidents for user accounts, IP addresses, user agents, and files [11]. This true analytic
capability feeds into the policy orchestration layer of CIMA, with such policy decisions being disseminated to
enforcement nodes through cryptographically-authenticated communication channels. Where such changes are
important, a human-in-the-loop is included in the policy-making process to retain accountability through automation.

3.3 Framework Comparison

The transition from Legacy |AM to Zero Trust Architecture to CIMA represents a shift in the assumptions that
support identity security. Legacy |AM systems are built on the assumption of bounded domains, where users, devices,
and resources are within a clearly defined network, but this assumption is no longer true. Static roles and attribute-
based access control policies, authenticated only at session establishment, were acceptable when enterprise boundaries
were monolithic and geographic and logical. The assumptions of static roles and access control did not hold for cloud-
native workloads: ephemeral, with policies crossing enterprise and cloud boundaries, and propelled by machine speed
and non-human actors.

Zero Trust Architecture addressed the most glaring of these failures by removing implicit trust and requiring
verification from every system, even those within the network perimeter. Zero Trust requires considering all traffic
untrusted and implementing a data-centric policy, which includes moving from encrypting only external traffic to
encrypting all traffic and moving from static rules to fine-grained adaptive policies, showing the maturation of the
identity security posture [3]. Identity and device security are the only required security capabilities from the Zero Trust
maturity models developed by NIST, CISA, and other organizations and form the irreducible core of a Zero Trust
architecture [3][4]. However, the current concept of Zero Trust does not require predictive behavioral intelligence
capabilities or autonomous policy adjustment. Because the policy-enforcement mechanism we used, there is ho way
of dynamically changing what is to be verified and trusted at a concrete access event based on policy change without
a human administrator making the required modifications. CIMA was designed to overcome this architectural
limitation.

However, CIMA also maintains the tenets of Zero Trust security such as no implicit trust, continuous
verification, least-privilege access, and full traffic encryption and adds three unique capabilities that other approaches
lack. In CIMA, access decisions are not binary results based on evaluations of various policy rules. Rather, access
decisions are dynamically scored outputs from behavioral models that constantly compare requests against baselines.
Second, the identity graph provides the system with knowledge of how entities are interconnected conceptually,
exposing anomalous access paths, credential abuses, and lateral movements that cannot be identified through policy-
checking alone. Third, the policies become an output of the orchestration layer rather than an input to the enforcement
layer. The security system can adapt to new threat patterns automatically, without any human intervention necessary.

A common demonstration of this is the way that a specific threat scenario is handled: a valid user credential is
used from an anomalous geographic location within an implausibly short elapsed time since an authenticated session.
For legacy |AM, access is granted (a valid credential, role assumption) with full enforcement of the Zero Trust policy
as configured for the resource. If no geolocation velocity is defined in the policy, access is granted, but CIMA identifies
this session as an impossible travel risk score, raises the overall risk score, prompts the user with a step-up
authentication challenge, and logs a policy orchestration event. The absence of a geolocation velocity rule highlights
the difference between access governance that is policy-enforced and that which is behaviorally informed, which
CIMA seeks to fill [1].

Table 1 summarizes the comparison along eight dimensions (architectural, operational, and threat-response
properties) that represent the main differences between the three frameworks. It is particularly important to stress that
the evolution through each of these dimensions represents a qualitative transformation from rule-based mechanisms

771



through policy-based mechanisms to cognitive and adaptive mechanisms in the relationship between the identity

system and the threat environment.

Dimension Legacy IAM Zero Trust CIMA
Architecture

Trust Model Perimeter-based Verify explicitly; no Continuous adaptive risk
implicit trust implicit trust scoring

Access Static role/attribute Policy-driven per- Al-scored, context-adaptive

Decisions rules request

Threat Reactive, manual Reactive, policy- Predictive and autonomous

Response enforced

Identity Scope Primarily human Human and machine All entities, including Al
users identities agents

Policy Manual, periodic Defined rules, manual Autonomous, continuously

Management review tuning refined

Architecture Centralized Distributed Decentralized mesh with
directory enforcement points cognitive layer

Anomaly Limited or absent SIEM/UEBA Native behavioral analytics

Detection integration with graph modeling

Traffic External only Full traffic Full traffic with node-

Encryption authenticated channels

Table 1. Framework Comparison: Legacy IAM vs. Zero Trust vs. CIMA [3, 4]
4. Technical Components and Methodologies
4.1 Al-Driven Behavioral Analytics

CIMA uses GCN techniques with the entity-session graphs generated through continuous log ingestion. It was
shown by PredictDeep, a graph-based security analytics framework that, by encoding incident entity sessions as fixed-
length feature vectors that represent sequences of activity frequencies of monitored systems in a time window and
representing the entity relations by directed property graphs, enables predictive modeling and operationalization of
predicting anomalies at scale [5]. On a benchmark dataset containing 11 million logs and 575,000 nodes in the graph,
the F-measure is 99%, the recall and precision are both 98.7%, and the false-alarm probability is lower than 0.003 [5].
The effect of graph context features and of the proposed framework was measured by an ablation experiment: the F-
measure drops from 99% to 93% for the baseline model with mean-aggregation architecture and from 94% to 92%
for the LSTM-based model.

The same graph analytics capabilities in CIMA also map easily to an identity space. Users' devices, applications,
and Al agents replace the data blocks and cluster nodes while access events, authentication sequences, and privilege
transitions replace the MapReduce activities in session vectors. Community detection can find anomalous identity
clusters, and centrality measures can find entities in unusual structural positions (e.g., potential pivot nodes of lateral
movement chains).

4.2 Context-Aware Authentication Engine

Context-aware authentication defines a mechanism that aggregates multi-signal context into a contextual risk
profile assessed on each access request. The following five contextual use cases, risk-scoring dimensions for context-
aware authentication, were validated in risk-based authentication implementations: anonymous login detection,
impossible travel velocity analysis, device registration status, location and browser/network patterns [1]. These scores
are summed up and updated with continuously gathered sign-in logs at a thirty-minute interval. Users with a
cumulative score above a certain threshold are added to the risk investigation group, while low-risk users with uniform
high-risk scores across four dimensions remain unrestricted [1]. An important aspect of the thirty-minute cadence at
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which risk-based access governance operates is that it does not wait for the policy administrator to observe anomalous
behavior. Instead, continuous log aggregation and analysis bring such behavior to the attention of the organization.

Multi-factor authentication (MFA) provides the enforcement mechanism to support risk scoring. MFA methods
for cloud infrastructure list possession factors (hardware tokens, TOTP, and push-based authenticators) combined with
inherence factors are the most reliable available second-layer defense, particularly when adaptive challenge
mechanisms select factor type based on contextual risk level [8][10]. In CIMA's context-aware authentication engine,
the cognitive decision layer uses the risk score generated to decide whether to apply passive continuous authentication
during the session, a standard MFA challenge, or a step-up verification for higher confidence of inference.

4.3 ldentity Graph Modeling

CIMA is implemented over a heterogeneous directed property graph, which is incrementally updated in near-
real time through identity event streams. It consists of a finite set of nodes representing entity sessions, a finite set of
directed edges for information flow and temporal information between entities, and node property vectors representing
session-level behavioral features and graph-structural features generated through centrality computation and
community detection algorithms [5]. For example, degree centrality quantifies how much connectivity is afforded to
an identity node. Eigen centrality quantifies the transitive influence of the identity graph. Betweenness centrality
identifies the entities that sit at the intersection of access paths. The clustering coefficient helps discriminate tightly
connected identity communities from isolated or anomalously-connected identity nodes on the identity graph [5].
These graph analytic features extend the cognitive decision engine's detection capability beyond what is possible using
session features alone.

Additional insider threat detection research has also confirmed the utility of graph-based and multi-dimensional
behavior modeling. For example, graph-based outlier rankings and PageRank-based anomaly scoring have produced
areas under the curve (AUCs) of 0.9520 on insider threat datasets, while histogram-based behavioral profiling has
produced false positive rates of 0.003% on enterprise datasets [9]. CIMA incorporates these and applies them to the
overall set of entities, whether human users, service accounts, or Al agents. This provides unified behavioral modeling
of the entire identity surface.

4.4 Zero Standing Privilege and Just-in-Time Access

CIMA operationalizes zero standing privilege by never granting users elevated privileges, but rather granting
just-in-time access rights at the mesh node and for time-bounded audited periods, which automatically expire
afterwards. Compromised credential cases exemplify this model in action: when credentials being discovered in a
breached password database and being monitored, the user is forced to go through a password reset and a remediation
workflow before being granted privileged access to a resource [1]. This disrupts dormant privileged accounts as a
lateral movement vector, a major contributor to credential-based attacks across cloud infrastructures.

4.5 Integration With Cloud-Native Security Ecosystems

CIMA works together with other cloud-native security services via identity telemetry sharing and policy signal
ingestion. In deployments of cloud SIEMs, ingestion of normalized logs structured as security events, Syslog, cloud
diagnostics, and identity access events can be correlated per log ingestion size and latency, data collection anomalies,
sign-in events, audit events, and risky user indicators in a single analytical workbook. [11] SIEM tools allow an analyst
to correlate from the point of view of users, devices, network address spaces, files, etc. to find the root cause of the
entity of a security incident when manual log analysis is not feasible [11]. In CIMA, SIEM telemetry feeds into the
autonomous policy orchestration engine, which receives CNAPP signals on the fly of workload
vulnerability/misconfiguration to risk scoring models in the cognitive decision engine.

Component Core Mechanism Supporting Evidence
Behavioral Graph convolutional network over F-measure 99%, false alarm rate <
Analytics entity-session graphs 0.003
Context-Aware Risk-scored multi-signal evaluation Impossible travel, anonymous IP,
Auth every 30 minutes device posture detection
Identity Graph Directed property graph with centrality AUC up to 0.9520 in insider threat

and community detection detection
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Zero Standing JIT provisioning with automatic Compromised credential interrupt

Privilege expiration at mesh node and reset workflow

Policy SIEM-fed autonomous policy Investigation graph, 10C-based

Orchestration refinement threat hunting

MFA Enforcement Adaptive challenge selection based on Systematic MFA survey across
risk score cloud infrastructure

Table 2. CIMA Technical Components and Supporting Evidence [1,5,8,9,10,11]
5. Applicability and Deployment in Other Spheres
5.1 Financial Services

Financial services environments are exposed to risks due to their large number of high-value privileged
transactions, regulatory audit requirements, and high potential incentives for attackers internal and external to the
organization. Risk-based authentication strategies in cloud-connected financial services have demonstrated a clear
ability to apply continual analysis of sign-in logs (device, location, travel velocity, and anonymous access) to identify
high-risk user sessions with enough precision for administrative intervention. CIMA reduces this manual process by
automatically assigning higher-risk users to the appropriate investigation teams rather than simply alerting a security
analyst. This enables timely intervention in the access when required, in line with risk [1]. By extension, CIMA's
cognitive decision engine includes non-human financial system identities such as APl accounts, bots, and automated
trading agents, where anomalous behavior outside of the established baseline may indicate an account takeover or
process manipulation.

5.2 Healthcare

Healthcare organizations have particular identity governance requirements due to the complexity and diversity
of clinical environments, the need to provide emergency elevated privileges, and the need to have clear, tamper-clear
audit trails for regulatory compliance. The increasing use of electronic clinical records and connected medical devices
has made thorough identity governance an area of focus for not only cybersecurity but also patient safety [13]. CIMA's
context-aware authentication engine allows for dynamic role elevation in response to clinical context signals using
audit trails to remain compliant with legal frameworks such as HIPAA. CIMA is based on a decentralized mesh
architecture to support clinician mobility in environments with spotty connectivity. Authentication, access control,
and enforcement are maintained when portions of the centralized architecture are unavailable during network outages.

5.3 Al-Powered Platforms and Autonomous Agents

Autonomous Al agent identities are a new frontier identity security challenge that no IAM framework currently
addresses. The agent identities instantiate ephemeral sub-identities, establish agent-to-agent trust relationships at
machine time speed, and gain access to resources across multiple cloud environments without any human touching
any one transaction. Agent-to-agent communications flow is modeled in the CIMA identity graph as typed directed
edges. Messaging patterns may be detected to de-anonymize agent communications, and deviations from expected
patterns may be monitored for signs of agent compromise or capability escalation. Behavioral envelope circuit
monitoring establishes and monitors baselines for agent activity, resource access, and APl call sequences. This
monitoring function is similar to user behavioral baselines in common identity systems for human identities but for
non-interactive, rapidly advancing agent identity behavior.

5.4 Multi-Cloud Enterprise Environments

Multi-cloud environments can lead to fragmentation of identity governance across heterogeneous provider
identity and access management (IAM) systems. This includes visibility gaps, inconsistencies between different cloud
provider policies, and blind spots for lateral movement between cloud provider infrastructures. Federated access
control architectures for multi-cloud propose an abstraction above provider-specific identity systems for consistent
identity governance across heterogeneous multi-cloud infrastructures [14]. Within the CIMA mesh architecture, this
abstraction is implemented by distributed enforcement nodes, a common policy layer across providers, and an identity
graph, which correlates cross-cloud identity telemetry to provide access visibility that is not available within any one
provider's identity and access management capabilities.
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Industry Vertical Primary Identity Risk CIMA Value Proposition
Financial Services High-privilege transaction abuse, Risk-scored real-time session monitoring;
insider fraud automated mitigation workflows
Healthcare Irregular access patterns, Adaptive context-aware auth;
emergency privilege elevation decentralized resilient enforcement
Al / Autonomous Agent identity sprawl, inter-agent Agent behavioral envelope monitoring;
Systems trust exploitation graph-modeled agent relationships
Multi-Cloud Cross-cloud visibility gaps, Unified mesh enforcement layer;
Enterprise policy fragmentation aggregated cross-cloud identity telemetry
Critical OT/IT convergence, dormant Zero standing privilege enforcement; JIT
Infrastructure privileged accounts access with automatic expiration

Table 3. CIMA Applicability by Industry Vertical References [1, 13, 14]
6. Challenges, Limitations, and Future Research Directions
6.1 Implementation Challenges

Scaling production implementations of CIMA involves a number of nontrivial technical and logistic challenges.
The accuracy of the behavioral model depends on the training data. Sparse behavioral signals for newly provisioned
identities or rarely accessed resources lead to cold-start accuracy gaps that limit detection effectiveness immediately
after account provisioning. Real-time graph analytics at the scale of large enterprise identity populations are
computationally expensive, with architectural optimization for the system being imperative. While graph-based
solutions can scale to hundreds of thousands of entity nodes, the requirement to stream updates to the graph as events
occur in the identity events data stream requires streaming graph processing support, adding considerable complexity
to the system compared to static, batch-trained models [5].

Performance degradation has been considered a conceivable issue with multi-cloud Zero Trust deployments.
Research found that, when implemented correctly, micro-segmentation as well as Zero Trust security deployments
have no meaningful negative impact on network performance [4]. However, another governance risk factor is the
autonomous policy orchestration layer, as machine learning-optimized policies may diverge from regulatory
compliance or organizational risk tolerance without human validation and verification. An increasing number of
proposed explainability requirements for compliance with new Al governance regulations is that the behavioral risk
scores and policy outputs must be explainable to human assessors, which graph-based deep learning models cannot
meet without additional explanation methods.

The relative performance of the various machine learning techniques in the area of cybersecurity varies based
on the data set and the environment. Comparison of the performance of the various machine learning techniques
suggests that none are best suited to all applications and that the selection of a technique should be matched to the
data, features, and detection task [15]. Therefore, CIMA's cognitive decision engine must be tuned to support
ensemble configurations that adaptively select methods for different parts of the population, based on behavioral signal
categories.

6.2 Adversarial Considerations

Adversarial machine learning can be applied to behavioral models through slow-drift poisoning attacks where
the opponent slowly and cumulatively drifts the behavior over time to expand the trusted baseline envelope or region
without triggering an anomaly detection threshold. Because insider threat behavior can also be planned, an opponent
can use premeditated behavior (e.g., time exploits in conjunction with cloud platform scheduling mechanisms) to
manipulate behavior patterns and evade detection windows [4]. To ensure detection accuracy, CIMA should be
designed to include the following: 1) behavioral drift detection with statistical changepoint detection, and 2) periodic
model validation on adversarial perturbation benchmarks.

6.3 Open Research Directions
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Federated training for cross-institutional behavioral models is an open problem where distributed learning can
be used to cooperatively improve anomaly detection machine learning models without sharing the specific identity
telemetry and yielding meaningful privacy benefits. However, there is also a methodological gap between the
theoretical guarantees of correctness required by security architects and the probabilistic assurances offered by
machine learning systems with formal verification of autonomous policy orchestration under adversarial models.
Standard benchmarks for cognitive identity frameworks can support the empirical assessment of architectures relative
to one another, which is a prerequisite for the scientific assessment of frameworks such as CIMA. To date, there are
no industry-accepted standards for Al agent identity lifecycle management in agentic systems deployed in
heterogeneous cloud environments. Developing quantum-resistant cryptographic primitives for decentralized identity
node authentication is a future-looking research challenge, given the capabilities of quantum computers are increasing
and are nearing a threat level.

7. Conclusion

Identity has become the most critical security perimeter in cloud-native and hybrid enterprise computing, but
identity governance today does not fit well with the scale and variability of identity populations. Static roles,
perimeter-based trust assumptions, and reactive policy enforcement create exploitable vulnerabilities to credential
abuse, insider threat, and lateral movement. Al-enabled behavioral analytics, decentralized enforcement standards,
and autonomous policy orchestration differentiate the CIMA framework from customary identity and access
management and first-generation zero trust implementations, representing an intrinsic architectural evolution for
future security frameworks.

CIMA describes a four-layer identity governance framework that integrates the state of the art in graph-based
high-precision anomaly detection; risk-scored context-aware authentication with real world implementations, insider
threat behavioral modeling and artificial intelligence in cybersecurity literature, and SIEM-based policy telemetry
with proven investigative value. The framework includes the entire population of the human accounts, machine
identities, and autonomous Al agents that differ in their behavioral baseline models and enforcement patterns, but can
be described in a single identity graph. The same holds true for the financial services, healthcare, multi-cloud
enterprise and Al-powered platforms industries where identity is the main attack surface of modern cloud security.

Real-world enterprise implementation of cognitive identity governance depends on improved adversarial
robustness, model explainability, privacy-preserving collaborative learning, and architecture benchmarking. CIMA
was designed to meet these challenges. It provides a generative reference framework for industry practitioners and
researchers to build the next generation of identity security on top of Al-enabled cloud services.

References

1. Lalitha Sravanti Dasu et al., "Defending against identity threats using risk-based authentication," Cybernetics and
Information Technologies 23.2 (2023): 105-123. [Online]. Available: https://reference-
global.com/download/article/10.2478/cait-2023-0016.pdf

2. Dr Arvind Kumar et al., "Blockchain-based access control models for secure multi-cloud software systems", Journal of
Adaptive Learning Technologies 1.7 (2024): 40-55. [Online]. Available:
http://eprints.umsida.ac.id/16408/1/BLOCKCHAIN-BASED%20ACCESS%20CONTROL.pdf

3. Yuanhang He et al., “A Survey on Zero Trust Architecture: Challenges and Future Trends,” Wireless Communications
and Mobile Computing 2022.1 (2022): 6476274, [Online]. Available:
https://onlinelibrary.wiley.com/doi/pdf/10.1155/2022/6476274

4. Sirshak Sarkar et al., "Security of zero trust networks in cloud computing: A comparative review", Sustainability 14.18
(2022): 11213. [Online]. Available: https://www.mdpi.com/2071-1050/14/18/11213

5. MARWA A. ELSAYED et al., "PredictDeep: security analytics as a service for anomaly detection and prediction," IEEE
Access 8 (2020): 45184-45197. [Online]. Available: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=9019695

6. Sudheer Mangalampalli et al., "Efficient deep reinforcement learning-based task scheduler in multi-cloud environment,”
Scientific Reports 14.1 (2024): 21850. [Online]. Available: https://www.nature.com/articles/s41598-024-72774-5.pdf

7. FATIMA RASHED ALZAABI AND ABID MEHMOOD et al., “A review of recent advances, challenges, and
opportunities in malicious insider threat detection using machine learning methods", IEEE Access 12 (2024): 30907-
30927. [Online]. Available: https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10445123

8. Soumya Prakash Otta et al., “A systematic survey of multi-factor authentication for cloud infrastructure”, Future Internet
15.4 (2023): 146. [Online]. Available: https://www.mdpi.com/1999-5903/15/4/146

9. Mohammed Nasser Al-Mhigani et al., "A review of insider threat detection: Classification, machine learning techniques,
datasets, open challenges, and recommendations.” Applied Sciences 10.15 (2020): 5208. [Online]. Available:
https://www.mdpi.com/2076-3417/10/15/5208

776



10.

11.

12.

13.

14.

15.

Soumya Prakash Otta et al. "A systematic survey of multi-factor authentication for cloud infrastructure,” Future Internet
15.4 (2023): 146. [Online]. Available: https://www.mdpi.com/1999-5903/15/4/146

Emmanuel Tuyishime et al. “Enhancing cloud security—proactive threat monitoring and detection using a siem-based
approach." Applied Sciences 13.22 (2023): 12359. [Online]. Available: https://www.mdpi.com/2076-3417/13/22/12359
Emmanuel Tuyishime et al., “Asurvey of data mining and machine learning methods for cybersecurity intrusion detection
in financial services,” IEEE Communications Surveys and Tutorials, 24(2), 980-1020. [Online]. Available:
https://www.mdpi.com/2076-3417/13/22/12359

Mohd Javaid et al., "Towards insighting cybersecurity for healthcare domains: A comprehensive review of recent
practices and trends", Cyber Security and Applications 1 (2023): 100016. [Online]. Available:
https://www.sciencedirect.com/science/article/pii/S2772918423000048

Prakash Somasundaram, "Enhancing security in multi-cloud environments through federated access control.”
International Journal of Computer Engineering and Technology (IJCET) 14.2 (2023): 90-96. [Online]. Available:
https://iaeme.com/MasterAdmin/Journal_uploads/IJCET/VOLUME_14 ISSUE_2/1JCET_14_02_009.pdf

Kamran Shaukat et al., "Performance comparison and current challenges of using machine learning techniques in
cybersecurity." Energies 13.10 (2020): 2509. [Online]. Available: https://www.mdpi.com/1996-1073/13/10/2509

77



