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Abstract

Enterprise digital transformations increasingly consolidate dozens of disconnected operational
tools into unified platform ecosystems, creating an acute infrastructure challenge: enforcing
consistent, fine-grained permissions across tens of thousands of users spanning multiple
geographic regions, hierarchical organizational taxonomies, and heterogeneous data sensitivity
tiers, all evaluated in real-time at API-call granularity. Existing Role-Based Access Control
(RBAC) and Attribute-Based Access Control (ABAC) literature focuses predominantly on policy
specification languages and enforcement engines, leaving a critical gap in the upstream data
infrastructure problem: where do the authoritative role, territory, and organizational attributes
originate; how is their consistency maintained across federated source systems; and how does
attribute drift propagate into permission evaluation errors? This article introduces a formal
mathematical framework for bounded-staleness consistency in enterprise permission systems,
instantiated through the Authoritative Data Fabric (ADF) architecture. The framework provides a
convergence theorem for A-consistent attribute propagation across distributed consumer systems,
an analytically bounded divergence measure for permission drift detection, and a similarity-
weighted collaborative filtering model with characterizable approximation properties for
permission recommendation. The ADF integrates upstream Human Resources Information
Systems (HRIS), Customer Relationship Management (CRM) platforms, compensation engines,
and workforce planning tools into a single canonical employee data platform, publishing
normalized role—territory—alignment tuples to downstream permissions engines, personalization
services, and analytics warehouses via event-driven pipelines. A taxonomy of six permission drift
failure modes is defined, and a self-healing reconciliation protocol (SHRP) is proposed that detects
and remediates drift within configurable service-level agreement (SLA) windows. A machine
learning-powered permission recommendation engine (PRE) is further introduced that analyzes
historical role—permission covariance patterns to suggest optimal access configurations for new
employees and organizational restructuring events. Empirical evaluation on a production
deployment serving 60,000+ users across 21 geographic regions over 30 months demonstrates
99.93% availability, sub-second permission evaluation latency (p99 = 847 ms), permission drift
detection within a mean of 4.2 minutes, zero customer data breaches, and a 73% reduction in
manual permission provisioning effort. Formal threat model analysis demonstrates that the ADF
pattern reduces the permission-related attack surface by 67% compared to federated identity
architectures where each tool maintains independent attribute stores.
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1. Introduction

The contemporary enterprise technology landscape is characterized by a secular trend toward platform
consolidation: organizations that previously operated dozens of independent tools for customer relationship
management, sales analytics, forecasting, technical engagement, and partner management are increasingly
migrating to unified platform ecosystems where a single interface aggregates functionality previously
distributed across disparate applications [1, 2]. This consolidation delivers significant productivity gains by
eliminating context-switching, enabling cross-functional data correlation, and reducing integration
maintenance burden but introduces a permissions infrastructure challenge of unprecedented scale and
complexity.

In a federated tool landscape, each application independently manages identity, authentication, and
authorization. While this creates well-known problems of credential proliferation and inconsistent access
policies, it also provides natural blast radius containment: a permission error in one tool does not propagate
to others. Under platform consolidation, however, a unified permissions layer must simultaneously enforce
access control across all integrated tools, meaning that a single erroneous role assignment, a stale territory
mapping, or a delayed revocation can cascade across the entire platform surface, exposing sensitive
customer data, financial records, or strategic account information to unauthorized personnel.

The scale parameters of this challenge are formidable. Consider an enterprise with more than 60,000
employees distributed across 21 geographic sales regions, organized into over 1,000 distinct job roles under
an established RBAC model, each carrying specific permissions over customer accounts, sales territories,
and data sensitivity tiers [3]. The permissions evaluation engine must process millions of authorization
decisions daily, each requiring real-time resolution of the question: given this employee's current role,
territory assignments, organizational hierarchy position, and account alignments, is this specific data access
request permitted? Answering this question requires not merely an enforcement engine capable of
evaluating policy rules, but an upstream data infrastructure that maintains an authoritative, consistent, and
current representation of every employee's attributes across multiple source systems that each own different
slices of the truth.

This article introduces the Authoritative Data Fabric (ADF), a distributed data architecture pattern that
directly addresses the upstream data infrastructure gap in enterprise permissions. The ADF operates as a
canonical integration layer between heterogeneous source systems, including HRIS, CRM, compensation
engines, and workforce planning tools, and downstream consumers, including permissions engines,
personalization services, and analytics warehouses. Unlike schema-on-read data lakes or extracttransform-
load (ETL)-based warehouses, the ADF maintains a normalized, real-time-updated representation of
employee role—territory—alignment tuples as its primary abstraction, publishing attribute changes via event-
driven pipelines with formally specified consistency guarantees grounded in boundedstaleness theory [12,
13, 14]. The central mathematical contributions are (i) a formal consistency model with provable
convergence properties, (ii) a drift divergence measure with analytical bounds, and (iii) a similarity-
weighted recommendation function with characterizable approximation error—all grounded in the
established theory of distributed consistency and applied to the permissions domain.

This article makes the following contributions:
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1. Formal ADF Architecture Model: The Authoritative Data Fabric is defined as a first-class
architectural pattern with a formally specified data model, consistency semantics, and integration
contracts, distinguishing it from general-purpose data integration approaches.

2. Permission Drift Taxonomy: A taxonomy of six permission drift failure modes is introduced:
stale territory bindings, orphaned role assignments, cascading revocation delays, phantom
entitlements, schema divergence drift, and temporal authorization gaps with formal definitions
and propagation models.

3. Self-Healing Reconciliation Protocol (SHRP): A protocol is proposed that continuously
monitors for drift between the ADF's authoritative state and downstream permission evaluation
state, detecting and remediating inconsistencies within configurable SLA windows.

4. ML-Powered Permission Recommendation Engine (PRE): A collaborative filtering approach
is introduced that analyzes historical role—permission covariance to recommend access
configurations, reducing manual provisioning effort by 73%.

5. Production-Scale Empirical Validation: The ADF is evaluated on a 30-month production
deployment serving 60,000+ users across 21 regions, providing quantitative evidence of
availability, latency, drift detection, and security outcomes.

6. Formal Threat Model Analysis: The ADF pattern is demonstrated to reduce the
permissionrelated attack surface by 67% compared to federated identity architectures through
formal analysis of trust boundary consolidation.

The remainder of this article is organized as follows. Section 2 surveys related work. Section 3 formalizes
the ADF architecture and data model. Section 4 presents the permission drift taxonomy and the SHRP.
Section 5 describes the ML-powered permission recommendation engine. Section 6 reports empirical
evaluation results. Section 7 discusses implications, limitations, and future directions.

2. Related Work

2.1 Access Control Models: RBAC, ABAC, and Hybrid Approaches

Role-Based Access Control (RBAC), formalized in a seminal treatment of the subject [3], remains the
dominant paradigm for enterprise authorization. The NIST RBAC reference model [4] defines core RBAC
(user—role assignment and permission—role assignment), hierarchical RBAC (role inheritance), and
constrained RBAC (separation of duty). Attribute-Based Access Control (ABAC) [5] generalizes RBAC by
evaluating arbitrary subject, object, and environment attributes against policy rules, providing finer access
granularity at the cost of increased policy complexity. The eXtensible Access Control Markup Language
(XACML) standard [6] provides a standardized policy language for ABAC but focuses exclusively on
policy specification and evaluation; it is silent on where subject attributes originate and how their
consistency is maintained across distributed systems. This upstream silence constitutes the precise gap that
the present work addresses.

Hybrid RBAC/ABAC models [7] combine role hierarchies with dynamic attribute evaluation. Recent work
on relationship-based access control (ReBAC) incorporates graph-based relationship structures,
exemplified by a large-scale industrial deployment of a globally consistent authorization service [8]. While
that system addresses the scalability of relationship-tuple storage and evaluation, it assumes that
relationship tuples are correctly provisioned by upstream systems, an assumption the present work directly
challenges by formalizing the data infrastructure required to maintain tuple accuracy at enterprise scale.
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2.2 Identity Management and Provisioning
Identity management systems based on the System for Cross-domain Identity Management (SCIM) protocol
[9] address user lifecycle provisioning across applications. Directory services such as LDAP and Active
Directory provide centralized attribute stores but are architecturally constrained to relatively static
hierarchical schemas that poorly represent the multi-dimensional role—territory—alignment structures
required by modern enterprise permissions. Identity Governance and Administration (IGA) platforms [10]
address access certification and periodic access reviews but operate on periodic batch schedules rather than
continuous real-time reconciliation, leaving windows where stale permissions persist undetected. The ADF
addresses this temporal limitation through bounded-staleness consistency guarantees and the SHRP's
continuous divergence detection mechanism.
2.3 Data Fabric and Data Mesh Architectures
The concept of a distributed, domain-oriented data architecture has been advanced in the data mesh
paradigm [11], which proposes decentralized data ownership with federated computational governance.
While this pattern informs the architectural thinking underlying the present work, it does not specifically
address the problem of permissions data infrastructure: the requirement for a canonical, real-time,
eventdriven data layer that maintains authoritative employee attributes for the specific purpose of
permissions enforcement, with consistency guarantees and drift detection tailored to the security-critical
nature of access control decisions. The Authoritative Data Fabric borrows the conceptual framing of
federated data but specializes it for the permissions domain with formal consistency and security properties
absent from general-purpose data architecture proposals.
2.4 Consistency Models for Distributed Systems
The theoretical foundations for distributed consistency are well-established, from the CAP theorem and its
evolution [12] to the comprehensive spectrum of consistency models catalogued in the literature [13].
Bounded-staleness consistency (also termed A-consistency) [14] provides the guarantees most relevant to
enterprise permissions: attributes may be temporarily stale, but staleness is bounded by a configurable time
window A, after which convergence is guaranteed. Session guarantees for weakly consistent replicated data
[15], specifically read-your-writes and monotonic reads, are directly applicable to employee self-service
attribute updates. The contribution of the present work is the rigorous application of these consistency
models, specifically to the permissions infrastructure, with a formal analysis of how bounded staleness
translates into bounded permission drift and its security implications.

3. Authoritative Data Fabric: Architecture and Data Model

3.1 System Architecture Overview

The ADF operates as an intermediary integration layer within the enterprise data architecture stack, formally
composed of three tiers.

Upstream Source Systems (USS): A set of k authoritative enterprise systems S = {S, ..., Sk} that each own
a disjoint partition of employee attribute truth. In the production deployment, S includes Si = HRIS (owns
legal name, employment status, manager hierarchy, and job family); S: = CRM (owns customer account
assignments and opportunity team memberships); S3 = Compensation Engine (owns compensation tier,
which affects data sensitivity access); and Sa = Workforce Planning (owns headcount allocations and
territory staffing plans). Each S; exposes change events via standardized integration contracts.

Canonical Data Platform (CDP): The core ADF component that ingests change events from all USS,
resolves attribute conflicts via source-authority rules, maintains the canonical employee attribute record,
and publishes normalized role—territory—alignment tuples to downstream consumers.
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Downstream Consumer Systems (DCS): A set of m systems C = {Cy, ..., Cw} that subscribe to RTA tuple
publications for permissions enforcement, personalization, and analytics. In the production deployment: C:
= Permissions Engine (eva) is the core ADF component that ingests change events from all USS resolves
attribute conflicts using access decisions); Cz = Personalization Service (customizes Ul based on role); Cs
= Enterprise Data Warehouse (powers analytics and reporting); and C+—Cio represent various integrated
platform tools.
3.2 Canonical Employee Data Model
The CDP maintains a canonical record for each employee, e € E, defined as a tuple: e = (id, R(e), T(e), H(e),
Ale), 2(e), v(e)) (1)
where id is the globally unique employee identifier; R(e) € R is the set of assigned roles from the
organizational role taxonomy R (a directed acyclic graph with 1,000+ nodes organized across six
hierarchical levels); T(e) € T is the set of assigned territories from the geographic territory taxonomy I (21
regions, 87 sub-regions); H(e) is the employee's position in the organizational hierarchy (direct manager,
skip-level chain, business unit); A(e) is the set of account alignments (specific customer accounts the
employee is authorized to access); Z(e) € {0y, ..., 04} is the data sensitivity clearance tier (from unrestricted
to highly restricted); and v(e) is the attribute version vector tracking the last-update timestamp from each
source system.
The version vector v(e) = (vi(e), ..., vi(e)), where vi(e) is the timestamp of the most recent attribute update
received from source system S;. This formulation enables precise staleness computation per source system
and per employee, supporting the bounded-staleness consistency model described below.
3.3 Role-Territory—Alignment (RTA) Tuple Abstraction
The CDP publishes to downstream consumers via a normalized tuple abstraction that distills the canonical
employee record into permissions-relevant projections:
RTA(e) ={(r,t,a) :r €R(e), t €ET(e),a € Ale)} (2)
Each RTA tuple (1, t, a) represents a single atomic permission entitlement: employee e, in role », covering
territory ¢, is authorized to access account a. The Cartesian product formulation implies that an employee
with three roles, five territories, and twelve account alignments generates up to 3 X 5 x 12 = 180 RTA tuples.
In the production deployment, the total RTA tuple space across 60,000+ employees comprises
approximately 14.7 million active tuples, each of which must be consistent with the authoritative state
maintained in the CDP.
3.4 Bounded-Staleness Consistency Model
The ADF enforces a bounded-staleness consistency guarantee between the CDP's authoritative state and
each downstream consumer's replicated state, formalized as follows.
Definition 1 (A-Consistency). For any employee e, downstream consumer C;, and time ¢, let state CDP(e,
t) denote the authoritative attribute vector at the CDP at time ¢, and state Cj(e, t) denote the replicated
attribute vector at consumer C;. The ADF guarantees:
Ve, VC, Vt: At' € [t — A;, t] such that state _Cj(e, t) = state. CDP(e, t) (3)
where A; is the staleness bound for consumer C;, configured per consumer based on its latency tolerance.
For the permissions engine (C1), A1 = 60 seconds; for the personalization service, A2 = 300 seconds; for the
analytics warehouse, As = 3,600 seconds. This tiered consistency model avoids the performance overhead
of strong consistency [12] while bounding the security-critical permission evaluation lag to under one
minute, consistent with the theoretical framework for replicated data consistency [14].
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Theorem 1 (Convergence under A-Consistency): Under the ADF's event-driven propagation model with
pipeline latency bounded by A;, for any employee e and downstream consumer C;, the replicated state
state_Cj(e, t) converges to state CDP(e, t) within time Ajunder the assumptions of bounded message queue
delivery delay and deterministic source-authority resolution.

Proof sketch. The version vector v(e) is monotonically non-decreasing by construction: each source system
Si emits events with strictly increasing timestamps, and the CDP applies optimistic concurrency control that
rejects out-of-order updates. The event-driven pipeline delivers events in FIFO order per source,
guaranteeing that any attribute update emitted at time t by source S; is applied at the CDP no later than t +
i, where & is the bounded single-hop delivery latency. By the A-consistency guarantee in Equation (3),
downstream consumer C; observes the CDP state at most A; seconds delayed. Combining these bounds
establishes convergence within A;. O

The ADF additionally provides session guarantees for employee self-service operations, following the
formalization of weakly consistent replicated data [15]:

Read-Your-Writes (RYW): When an employee's manager updates their territory assignment via the ADF's
management interface, subsequent reads by that manager are guaranteed to reflect the update.

RYW is implemented via session tokens that encode the causal dependency on the latest write operation.
Monotonic Reads (MR): Once a downstream consumer observes an attribute version vi(e) = t, all
subsequent reads are guaranteed to return version vi(e) = t, preventing temporal regression where a
consumer might observe a newer state followed by an older state during transient replication delays.

3.5 Event-Driven Integration Architecture

Attribute changes propagate from USS through CDP to DCS via an event-driven pipeline built on a durable
message queue infrastructure. Each attribute change generates an immutable event:

event = (source_id, employee_id, attribute_path, old_value, new_value, timestamp, causal_id) (4)

The CDP processes events through a multi-stage pipeline:

1. Schema validation against the source system's integration contract;

2. Source-authority resolution: when multiple sources report conflicting values for the same logical
attribute, the CDP applies deterministic precedence rules based on source authority rankings
(HRIS is authoritative for job family; CRM is authoritative for account alignments);

3. Canonical record update with optimistic concurrency control using the version vector;

4. RTA tuple recomputation for affected employees; and

5. Publication of RTA change events to downstream consumer queues. The pipeline achieves endto-
end latency (source change to downstream permission update) of a median of 12 seconds, p95 = 38
seconds, and p99 = 54 seconds, well within the A1 = 60-second staleness bound for the permissions
engine.

4. Permission Drift Taxonomy and Self-Healing Reconciliation Protocol

4.1 Permission Drift: Formal Definition

Permission drift is defined as any state in which the effective permissions enforced by a downstream
consumer for an employee diverge from the permissions implied by the CDP's authoritative state.
Definition 2 (Permission Drift): For employee e and downstream consumer C; at time #, permission drift
exists if and only if:
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RTA _Cile, t) # RTA_CDP(e, t — 4) (5)

That is, drift is diagnosed when the consumer's state deviates from even the staleness-adjusted authoritative
state, thereby accounting for the legitimate propagation delay A;. This definition distinguishes true drift
(systematic inconsistency) from transient replication lag (expected behavior within the bounded-staleness
window).

Theorem 2 (Drift Bound): The divergence score D(e, C;) defined in Equation (6) satisfies 0 <D(e, Cj) <1,
and D(e, C;) = 0 if and only if permission drift is absent under Definition 2.

Proof. The symmetric difference operator A satisfies |A A B| > 0 for any sets A, B, establishing D(e, C;) >
0. Since |A & B| < |A| + |B| and the denominator equals |[RTA CDP(e)|, the ratio is bounded above by
(IRTA_Cj(e)| + |RTA_CDP(e)|) / |IRTA_CDP(e)|. However, by Definition 2, drift exists only when RTA_Cje,
t) # RTA_CDP(e, t — Aj), which implies at least one tuple is present in one set and absent from the other;
D(e, Cj) = 0 if and only if the symmetric difference is empty, i.e., the two sets are identical, i.e., no drift
exists. O

4.2 Taxonomy of Permission Drift Failure Modes

Through systematic analysis of 30 months of production incident data, six distinct permission drift failure
modes are identified.

D1-Stale Territory Binding: An employee's territory assignment changes in the HRIS, but the update fails
to propagate to the permissions engine, resulting in the employee retaining access to the old territory's
customer data while lacking access to the new territory's customer data. Message queue delivery failures,
schema validation rejections, and source system event emission delays are some of the root causes.
D2-Orphaned Role Assignment: An organizational role is deprecated or restructured in the HRIS
taxonomy, but employees previously assigned to that role retain their old role bindings in the permissions
engine because no explicit revocation event was generated, creating roles that appear in no authoritative
source but persist in downstream enforcement.

D3-Cascading Revocation Delay: When an employee's manager hierarchy changes during organizational
restructuring, inherited permissions should update to reflect the new manager's scope. However,
hierarchical recalculation across large organizational trees introduces latency that can exceed the staleness
bound, creating a window where permissions reflect a hybrid of old and new hierarchies. D4-Phantom
Entitlement: A downstream consumer grants an employee access based on an RTA tuple that was
subsequently revoked at the CDP, but the revocation event was lost or delayed beyond the staleness bound.
The employee retains access they should no longer possess.

D5-Schema Divergence Drift: The source system modifies its data schema—renaming a territory code or
splitting a role into sub-roles—without corresponding updates to the ADF's integration contract. This
schema mismatch causes attribute mapping failures that silently produce incorrect RTA tuples downstream.
Dé6-Temporal Authorization Gap: An employee's new role assignment is processed before the
corresponding territory assignment arrives because the two events originate from different source systems
with differing emission latencies. This ordering inconsistency creates a transient state in which the
employee holds a role without the appropriate territory coverage, resulting in either over-permissive or
under-permissive access during the gap window.

4.3 Self-Healing Reconciliation Protocol (SHRP)

The SHRP is a continuously executing protocol that detects and remediates permission drift across all
downstream consumers. It operates in three phases.

Phase 1: Continuous Divergence Detection
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The SHRP maintains a per-employee, per-consumer reconciliation register that records the last confirmed-
consistent version vector. At configurable intervals (default: five minutes for the permissions engine), the
SHRP samples a subset of employee records and compares the downstream consumer's effective RTA tuples
against the CDP's authoritative state. The sampling strategy employs risk-weighted selection, prioritizing
employees with recent attribute changes, high-sensitivity clearance tiers, or large RTA tuple cardinality. The
divergence score for employee e at consumer C; is computed as follows:
D(e, C) = |[RTA_Cj(e) A RTA_CDP(e)| /|RTA_CDP(e)| (6)
where A denotes the symmetric difference operator. D(e, Cj) = 0 indicates perfect consistency; D(e, C;) > 0
indicates drift, with magnitude proportional to the fraction of incorrect tuples.
Phase 2: Root Cause Classification
Detected drift is classified into one of the six failure modes (D1-D6) using a decision tree that examines (a)
which attributes diverge (role, territory, or alignment); (b) whether the CDP has a more recent version than
the consumer (stale versus phantom); (¢) whether the divergent attribute's source system reports a schema
change (DS5); and (d) whether temporally adjacent events from different sources exhibit ordering
inconsistencies (D6).
Phase 3: Automated Remediation
Based on the failure mode classification, the SHRP applies mode-specific remediation:
e D1, D4: Re-publish the authoritative RTA tuples from the CDP to the affected consumer.
e D2: Execute a role deprecation sweep that identifies all employees bound to the orphaned role and
triggers manager notification workflows for reassignment.
e D3: Initiate a priority hierarchical recalculation with an expanded staleness bound, accompanied
by temporary precautionary access restriction for affected employees.
e D5: Alert the integration operations team and apply a schema compatibility shim until the
integration contract is updated.
e D6: Hold the partially received attribute change in a staging buffer until all causally dependent
events arrive (with a configurable timeout), then publish the complete atomic update.
4.4 Computational Complexity of the SHRP
The SHRP's computational requirements are analyzed per phase. Phase 1 (Continuous Divergence
Detection) samples a risk-weighted subset of employee records at each reconciliation interval. In the
worst case, all |[E| employees are sampled, and divergence computation per employee requires comparing
two RTA sets of cardinality at most [R| x |T| x |A| = O(r-t-a), where 1, t, a are the maximum role, territory,
and account alignment cardinalities, respectively. Total Phase 1 complexity per interval is therefore O(|E| -
r - t - a). In practice, risk-weighted sampling reduces the active set to a fraction of |E|, yielding sub-linear
empirical performance. Phase 2 (Root Cause Classification) applies a fixed-depth decision tree over four
binary attributes, executing in O(1) per employee regardless of |E|. Phase 3 (Automated Remediation)
complexity is mode-dependent: D1 and D4 require O(1) tuple republication per affected employee; D2
requires an O(|E|) role deprecation sweep; D3 requires O(h) hierarchical recalculation, where h is the
depth of the organizational reporting tree; D5 requires O(1) schema shim application; and D6 requires
O(w) staging buffer management, where w is the causal event window size. The dominant cost across all
phases is the Phase 1 sampling loop, bounded by O(|E| - r - t - a) per reconciliation interval, which in the
production deployment (|E| = 60,247, five-minute intervals) executes well within the A: = 60-second
staleness bound.
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5. ML-Powered Permission Recommendation Engine
A persistent operational challenge in enterprise permissions management is the initial provisioning problem:
when a new employee is onboarded or when organizational restructuring creates new roles or territory
assignments, determining the correct permission configuration requires institutional knowledge that is
typically distributed across individual managers and unavailable in any structured form. The Permission
Recommendation Engine (PRE) leverages the ADF's historical data to automate this process through
collaborative filtering and anomaly detection.
5.1 Collaborative Filtering Formulation
The PRE treats permission recommendation as a collaborative filtering problem. Let P £ R™» be the
employee—permission matrix where Pj; = 1 if employee e; currently holds permission entitlement p;, and 0
otherwise, where m = |E| is the number of employees and n is the number of distinct permission
entitlements. The matrix P is highly sparse (density = 0.3%) and exhibits strong block-diagonal structure
corresponding to role-defined permission clusters.
Given a new employee e _new with known attributes role R(e_new), territory T(e_new), and hierarchy
H(e new), the PRE identifies the & most similar existing employees based on attribute similarity and
recommends the union of their permission entitlements, weighted by similarity scores:
P (e_new, p;) = ZiENi(e_new) sim(e_new, e;)-P; / SiENi(e_new) sim(e_new, e) (7)
where Ni(e_new) is the set of £ nearest neighbors and sim(-,") is a composite similarity function over role-
taxonomy distance, territory overlap, and hierarchy proximity:
sim(ei, ez) = arvole_sim(R(e1), R(ez)) + azterr_sim(T(es), T(ez)) + os-hier_sim(H(e:), H(ez)) (8)
where role_sim is the Wu-Palmer similarity metric [16] on the role taxonomy directed acyclic graph (DAG),
terr_sim is the Jaccard index over territory sets, and hier sim is the inverse of organizational distance, the
number of edges in the reporting chain between the two employees' managers. The weights a., a2, and o3
are learned from historical provisioning decisions via logistic regression on a labeled dataset of manager-
approved permission configurations.
5.2 Anomaly Detection for Over-Permissioning
The PRE also identifies potentially over-permissioned employees—those whose effective entitlements
significantly exceed the norm for their role-territory cohort. For each employee e, the entitlement deviation
is computed as: 6(e) = (|P(e)| — u_cohort(e)) / o_cohort(e) (9)
where |P(e)| is the entitlement cardinality, and p_cohort(e) and 6_cohort(e) are the mean and standard
deviation of entitlement cardinality among employees sharing the same primary role and territory
assignment. Employees with d(e) > 2.0, that is, more than two standard deviations above their cohort mean,
are flagged for manager review. In production, this mechanism identifies an average of 127
overpermissioned employees per month, with a 91% true positive rate upon manager review.

6. Experimental Evaluation

6.1 Deployment Environment and Scale

The ADF has been deployed in continuous production for 30 months (July 2022 through December 2024)
within the enterprise sales and customer management platform of a major cloud infrastructure provider.
Table I summarizes the deployment scale parameters.
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Parameter Value
Total employees served 60,247 (as of December 2024)
Geographic regions 21 (87 sub-regions)
Organizational roles 1,047 nodes across a 6-level DAG
Customer account alignments 2.3 million active alignment records
Active RTA tuples 14.7 million
Downstream consumer systems 10+
Upstream source systems 4 (HRIS, CRM, Compensation, Workforce Planning)
Daily permission evaluations =4.6 million
Daily attribute change events =12,400

Table 1: Production deployment parameters (as of December 2024)

6.2 Availability and Latency

Table II reports the ADF's operational performance metrics over the 30-month evaluation period. The
99.93% availability exceeds the 99.9% SLA commitment and reflects three unplanned incidents over 30
months: one caused by a source system schema change (D5, resolved in 47 minutes), one caused by message
queue capacity saturation during organizational restructuring (resolved in 23 minutes), and one caused by
a downstream consumer timeout cascade (resolved in 18 minutes). None of these incidents resulted in
unauthorized data access.

Metric Value
System availability (30-month aggregate) 99.93%
Permission eval latency p50 124 ms
Permission eval latency p95 412 ms
Permission eval latency p99 847 ms
Event pipeline latency p50 12 seconds
Event pipeline latency p99 54 seconds
Planned downtime 0 minutes (zero-downtime deployments)
Unplanned incidents (SEV-1/SEV-2) 3 over 30 months

Table 2: Operational performance metrics over the 30-month evaluation period.

6.3 Permission Drift Detection and Remediation

Table III reports the frequency and remediation performance for each drift failure mode over the 30month
evaluation period. Temporal authorization gaps (D6) are by far the most frequent drift mode, occurring
when events from different source systems arrive with different latencies. However, they are also the fastest
to detect and remediate (mean: 2.1 minutes) because the staging buffer mechanism automatically holds and
reorders causally dependent events. Stale territory bindings (D1) are the second most frequent, typically
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caused by delayed HRIS event emission during organizational restructuring periods. Schema divergence
(D5) is rare but produces the longest remediation times because it requires human-in-the-loop contract
updates.
Across all 2,360 detected drift instances, none resulted in confirmed unauthorized access to customer data.
In 89% of cases, drift was detected and remediated before any employee attempted to exercise the drifted
permission; the SHRP's proactive reconciliation outpaced human action.

Mean Mean Max
Drift Mode Occurrences Detection Remediation Remediation
(min) (min) (min)
D1: Stale Territory
T 342 3.1 4.8 12.3
Binding
D2: Orphaned Role
- 47 8.7 24.3 72.0
Assignment
D3: Cascading ’3 5 g 455
Revocation Delay : : .
D4: Phantom % ) g - .
Entitlement : . .
D5: Schema . 64 i o
Divergence Drift : . .
D6: Temporal | 847 Lo ) <
Authorization Gap ’ : . :
All Modes (weighted
aggregate) 2,360 42 6.8

Table 3: Permission drift occurrences and remediation performance across all failure modes.

6.4 Permission Recommendation Engine Performance

The PRE was evaluated on 4,217 new employee onboarding events and 1,892 organizational restructuring
events over the 30-month period. Table IV reports accuracy metrics. The PRE achieves 94.2% precision for
new employee onboarding, meaning that 94.2% of recommended entitlements were confirmed correct upon
manager review. The recommendation only misses 2.9% of needed entitlements due to its 97.1% recall,
necessitating minimal manual additions. The 73% reduction in manual provisioning effort is computed as
the fraction of total entitlements that were auto-provisioned via PRE recommendations versus manually
configured, representing approximately 4,100 person-hours of administrative effort saved annually.

) New Employee Organizational
Metric . .
Onboarding Restructuring
Precision (correct entitlements) 94.2% 89.7%
Recall (coverage of needed 97 1% 93.49
entitlements) e 4%
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F1 Score 95.6% 91.5%

Manager acceptance rate 87.3% 79.8%

Manual provisioning effort

reduction 73% 61%

Table 4: Permission Recommendation Engine performance metrics
6.5 Threat Model and Attack Surface Analysis
The ADF's security properties are analyzed by comparing its attack surface against a baseline federated
identity architecture in which each of m = 10 platform tools maintains an independent attribute store. In the
federated model, each tool maintains its own copy of employee attributes, resulting in independent trust
boundaries, separate provisioning interfaces, and independent reconciliation requirements.
Proposition 1 (Attack Surface Reduction): For any enterprise with m downstream consumer tools and k
upstream source systems, the ADF architecture reduces the attribute corruption attack surface strictly
monotonically in both m and k, with the reduction ratio approaching 1 as m grows.
The total attack surface, measured as the number of distinct points where attribute corruption can enter the
permissions evaluation chain, is
AS_federated =m-(k+ 1) + m:(m-1)/2 (10)
where the first term represents m tools, each with k source integrations plus their own provisioning interface,
and the second term represents the pairwise cross-tool consistency verification requirements. For m = 10
and k= 4: AS federated = 10 x 5 + 45 = 95 attack surface points.
In the ADF model, the single canonical platform maintains one set of k£ source integrations and publishes to
m consumers via a single authenticated event pipeline:
AS ADF=(k+1)+m=4+1)+10=15 (11)

The ADF reduces the permission-related attack surface from 95 points to 15, a 67% reduction achieved by
eliminating redundant source integrations and consolidating cross-tool consistency dependencies into a
single authenticated event pipeline. Each eliminated attack surface point represents a potential vector for
attribute corruption that could lead to unauthorized data access. Proof of Proposition 1. In the federated
model, each of m tools independently integrates k source systems, contributing mk integration points plus
m provisioning interfaces, and pairwise cross-tool consistency verification requires m(m-1)/2 verification
pairs. The ADF centralizes all source integrations into a single canonical platform, eliminating the mk +
m(m-1)/2 redundant terms. The reduction ratio is 1 — AS_ADF / AS_federated =1 - [(k+1)+m] / [m(k+1) +
m(m-1)/2], which is strictly increasing in m for all k > 1, establishing that larger deployments benefit

proportionally more from consolidation.

7. Discussion and Conclusion

7.1 Implications for Enterprise Architecture

The ADF pattern represents a fundamental shift in how enterprise permissions infrastructure is
conceptualized. Traditional approaches treat permissions as an enforcement-layer concern—the domain of
policy engines, access control lists, and authorization services. The ADF demonstrates that enforcement is
only as reliable as the data that feeds it, and that the upstream data infrastructure deserves equal architectural
attention. The formal consistency model (A-consistency with session guarantees [14,
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15]) provides architects with a principled framework for reasoning about permission staleness and its
security implications, replacing the implicit and unmeasured consistency assumptions that characterize
most enterprise deployments.
The permission drift taxonomy (D1-D6) provides a shared vocabulary for categorizing and prioritizing
permission infrastructure failures. Production data reveals that temporal authorization gaps (D6) are the
dominant failure mode, an insight that would be invisible without systematic drift monitoring. This finding
challenges the common assumption that stale data (D1) is the primary permissions consistency concern and
redirects architectural attention toward cross-source event ordering as the critical reliability dimension.
7.2 Limitations
Several limitations warrant acknowledgment. First, the ADF's centralized canonical store introduces a
single point of failure and a potential scalability bottleneck. The production deployment mitigates the issue
through multi-region replication and automated failover, but the architecture inherently trades federation's
natural fault isolation for centralization's consistency advantages. Second, the A-consistency model permits
a window where permissions are temporarily incorrect; while staleness bounds are configurable and the
SHRP provides rapid detection, the architecture cannot achieve strong consistency without unacceptable
latency penalties, a fundamental constraint imposed by the CAP theorem [12]. Third, the PRE's
collaborative filtering approach relies on historical patterns and may propagate existing over-permissioning
biases if the training data reflects overly permissive historical configurations. The anomaly detection
mechanism (Equation 9) partially mitigates these issues but cannot detect systematic over-permissioning
that is consistent across a cohort. Fourth, the formal threat model considers only attribute corruption vectors
and does not address other attack classes such as authentication bypass, privilege escalation via policy rule
manipulation, or insider threats with legitimate credentials.
7.3 Future Directions
Several research directions emerge from the present work. Combining the ADF model with zero-trust
architecture principles [17] would enable continuous, context-aware permission evaluation incorporating
device posture, network location, and behavioral signals alongside static role—territory attributes. Formal
verification of the SHRP protocol using model checking tools could provide mathematical guarantees about
drift remediation completeness beyond the empirical evidence presented here. The PRE could be enhanced
with graph neural networks that operate directly on the role taxonomy and organizational hierarchy DAGs,
capturing structural patterns that the current feature-engineering approach may miss. Finally, the extension
to cross-enterprise permission fabrics where partner organizations share authenticated attribute assertions
for federated access control, motivates formulation as a decentralized trust problem amenable to techniques
from verifiable credentials standards [18] and distributed identity frameworks.

Conclusion

This article has introduced the Authoritative Data Fabric (ADF), a distributed data architecture pattern that
addresses a foundational yet underexamined problem in enterprise permissions infrastructure: the upstream
data quality gap. While the existing literature on access control concentrates heavily on policy specification
languages and enforcement engines, this work demonstrates that enforcement correctness is only as reliable
as the attribute data feeding it. The ADF repositions the problem, treating permissions reliability as a data
infrastructure discipline rather than solely an enforcement-layer concern.

The architecture achieves this by positioning a single canonical employee data platform between
heterogeneous upstream source systems, including Human Resources Information Systems, Customer
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Relationship Management platforms, compensation engines, and workforce planning tools, and the
downstream consumers that depend on accurate, current employee attributes to make authorization
decisions. By consolidating attribute authority into one continuously maintained platform and propagating
changes through event-driven pipelines with formally specified bounded-staleness consistency guarantees,
the ADF eliminates the silent inconsistencies that characterize conventional federated identity architectures.
The article makes four concrete technical contributions. First, a formal consistency model grounded in
session guarantees and staleness bounds provides architects with a principled framework for reasoning
about permission lag and its security implications. Second, a taxonomy of six permission drift failure
modes—stale territory bindings, orphaned role assignments, cascading revocation delays, phantom
entitlements, schema divergence drift, and temporal authorization gaps—supplies a shared diagnostic
vocabulary that production data confirms is both complete and practically meaningful. Third, the
SelfHealing Reconciliation Protocol continuously monitors for divergence between authoritative and
enforced states, detecting and remediating drift within configurable service-level agreement windows
without human intervention. Fourth, the machine learning-powered Permission Recommendation Engine
applies collaborative filtering over historical role-permission patterns to automate access provisioning for
new employees and organizational restructuring events, reducing manual effort by 73%.

Empirical validation across a 30-month production deployment serving 60,000+ users in 21 geographic
regions confirms 99.93% availability, sub-second permission evaluation latency, a mean drift detection time
of 4.2 minutes, zero customer data breaches, and a 67% reduction in permission-related attack surface
relative to federated alternatives.

Beyond access control, the ADF's core principles—source-authority resolution, bounded-staleness
consistency, systematic drift detection, and self-healing reconciliation—are transferable to any distributed
enterprise system where correctness depends on consistent attribute propagation across heterogeneous
sources, including pricing engines, compliance monitoring platforms, and audit systems.
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