
Agent-Based Orchestration of Dynamic Data Ingestion

for Resilient Enterprise Schema Governance

Rachid Bensalem1 and Yacine Ait Lounis2

1Department of Computer Science, University of Bordj Bou Arréridj, Route d’El Anasseur,
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Abstract

Enterprise data landscapes are increasingly characterized by heterogeneous sources, contin-
uous data streams, and rapid schema evolution. Traditional schema governance approaches,
designed for relatively static and centrally curated data models, encounter limitations when con-
fronted with dynamic ingestion patterns and frequent structural changes across systems. At the
same time, organizations require stable views of critical entities to support analytics, compliance
reporting, and operational decision making, even as upstream schemas change without coordi-
nated planning. This paper examines an agent-based orchestration perspective on dynamic data
ingestion, in which semi-autonomous software agents negotiate, coordinate, and adapt ingestion
behavior under explicit schema governance policies. The proposed view treats ingestion pipelines,
schema registries, and governance policies as components of a distributed control problem, where
agents manage local decisions about mapping, transformation, and validation while aligning with
enterprise-wide constraints. The discussion develops an architectural decomposition of ingestion
and governance responsibilities into specialized agents, a linear modeling framework for captur-
ing state, decision, and policy interactions, and resilience mechanisms that handle schema drift,
partial failures, and inconsistent updates. The paper also outlines evaluation scenarios and quali-
tative observations regarding observability, controllability, and trade-offs between local autonomy
and global policy adherence. The overall intent is to describe how agent-based orchestration can
structure reasoning about dynamic data ingestion in complex enterprises and to demonstrate
how linear models can be used to reason about the stability, safety, and robustness of schema
governance processes under continuous change.

1 Introduction

Enterprise data ecosystems are being reshaped by the proliferation of cloud services, microservice architectures,
and external data platforms that expose continuously evolving schemas [1]. Data ingestion, once a batch process
connecting a small number of well-documented sources to a central warehouse, now involves a network of streaming
feeds, partner interfaces, and software-as-a-service platforms that may change their contracts with limited notice.
As data becomes more distributed and heterogeneous, schema governance must reconcile the need for consistent
enterprise semantics with the variability of upstream formats and behaviors. Governance processes are expected to
provide traceable transformations, enforce quality and policy requirements, and maintain coherent semantic models
across analytical platforms, data lakes, and operational stores.

Static schema governance practices, such as infrequent manual reviews and centralized change request boards,
struggle to maintain adequate coverage in this environment [2]. Many enterprises face situations where schemas
evolve faster than governance bodies can respond, leading to fragile ingestion pipelines and unexpected disruptions
in downstream analytics when source systems introduce new fields, remove attributes, or change semantic inter-
pretations. In response, organizations increasingly rely on automation around schema discovery, change detection,
and compatibility assessment. However, automation itself introduces coordination challenges, as different parts of
the ingestion landscape require localized adaptation while still aligning with global policies, regulatory obligations,
and cross-system integration constraints.

Agent-based orchestration offers a lens to structure this coordination problem [3]. By modeling ingestion
components, schema registries, validation services, policy engines, and monitoring processes as interacting agents,
it becomes possible to reason about dynamic ingestion and schema governance as a multiagent control problem



under constraints. Each agent operates on partial information and local objectives, such as maintaining ingestion
throughput or minimizing transformation latency, but must cooperate with others to avoid violating policy or
introducing inconsistent representations of key entities. The orchestration challenge lies in designing interaction
protocols, decision rules, and shared representations of governance constraints so that local behavior aggregates
into globally acceptable outcomes.

This paper describes a conceptual and mathematical framework for agent-based orchestration of dynamic data
ingestion in support of resilient enterprise schema governance [4]. The focus is on formalizing the state and decision
space of ingestion and governance processes, expressing governance requirements as linear constraints, and using
linear cost models to capture trade-offs among data freshness, policy conformance, resource utilization, and failure
recovery. By mapping orchestration decisions into a linear state and control model, it becomes feasible to analyze
properties such as stability of schema mappings, bounded propagation of schema drift, and robustness of ingestion
under perturbations. The discussion does not seek to provide a fully specified implementation but instead aims to
articulate design principles and modeling patterns that can be applied across domains.

The remainder of the paper develops several intertwined themes [5]. First, it characterizes enterprise schema
governance in the context of dynamic data ingestion and identifies key dimensions of variability and risk. Second,
it introduces an agent-based architectural decomposition of ingestion and governance responsibilities. Third, it
presents linear mathematical models that relate agent decisions, system state, governance constraints, and ex-
ogenous schema changes. Fourth, it examines resilience and adaptation mechanisms that allow the orchestration
to absorb disruptions while maintaining sufficient adherence to policies. Finally, it sketches evaluation scenarios
and qualitative assessments of trade-offs inherent in the agent-based approach, before closing with a discussion of
limitations and possible extensions [6].
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Figure 1: Agent-based orchestration stack for dynamic data ingestion: heterogeneous sources feed ingestion agents coordi-
nated by a central orchestrator, which in turn drives schema management, policy enforcement, and monitoring to maintain
governed enterprise storage for downstream consumers.
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Figure 2: Dynamic ingestion path: raw sources are buffered, analyzed by schema-inference agents, aligned with an enterprise
schema registry, and validated before landing in curated stores, with anomalous records routed into a quarantine zone for
later replay or manual remediation.

2 Enterprise Schema Governance in Dynamic Data Ecosystems

Enterprise schema governance encompasses the processes, rules, and tools used to define, maintain, and enforce
shared structural and semantic models across data systems. In traditional settings, governance often focuses on
establishing canonical data models, managing schema versions in a central registry, and reviewing proposed changes
through structured workflows. These practices are typically aligned with batch-oriented ingestion processes, where
changes to source systems are infrequent and can be scheduled to coincide with updates in downstream models.
Under such conditions, global coordination is relatively tractable, and schema evolution can be planned over longer
time horizons [7].

Dynamic data ecosystems, however, introduce several forms of variability that challenge these assumptions.
Source schemas may evolve autonomously, driven by independent product roadmaps, external partners, or auto-
mated schema inference in data-producing services. Data ingestion patterns may shift from batch to streaming,
with near-continuous arrival of records whose structures may change over time. New sources can appear as teams
adopt additional platforms or integrate external datasets, while existing sources may be deprecated or migrated
[8]. Governance processes must therefore confront an environment where the number of schema change events, and
the diversity of their origins, is substantially higher than in traditional centralized systems.

From a structural perspective, enterprise schema governance in this context involves managing multiple inter-
related schema layers. At the outer layer, there are physical schemas associated with individual sources, encoded
in formats such as relational tables, document stores, columnar files, or event messages. At intermediate layers,
logical schemas define integration points, such as entity hubs or conformed dimensions in analytical platforms [9].
At inner layers, conceptual schemas capture core business concepts and relationships that are intended to remain
relatively stable over longer periods. Governance must ensure coherent mappings between layers, track version
histories, and reconcile the tension between local optimizations at physical layers and the stability required at
conceptual layers.

Dynamic data ingestion interacts with schema governance at several touchpoints. Ingestion connectors must
parse incoming records according to the current understanding of source schemas, detect changes that break
or extend existing mappings, and apply transformations that align source data with governed target schemas
[10]. Quality checks must validate structural integrity, type compatibility, and policy constraints such as data
minimization or masking of sensitive attributes. Metadata systems must record observed schemas, transformation
logic, and lineage information for downstream traceability. When schemas change, ingestion processes may need
to negotiate new mappings, adjust transformations, and update downstream consumers, all while minimizing
disruption to ongoing operations [11].
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Figure 3: Closed-loop schema governance: discovery agents detect new or drifting structures, reconciliation agents propose
aligned representations, impact analyzers evaluate downstream effects, and rollout agents enact schema changes under the
constraints of centrally managed governance policies.

õOperationalsource systems

ÅDurable eventbuffer

ÔPrimary ingestionagent cluster

áGoverned storageand serving

.Failure anddead letter queue

Replay andhealing agents

Figure 4: Resilient ingestion topology: primary agents consume from a durable buffer and write into governed storage,
while failures are offloaded into a dead letter queue from which dedicated replay agents safely heal gaps and rehydrate the
pipeline without violating schema guarantees.

In many organizations, schema governance mechanisms and ingestion processes evolved separately and were
later integrated through ad hoc conventions. Governance boards and catalog tools may define standards and
policies, while ingestion pipelines are built with data integration frameworks and orchestrators that focus on
operational throughput [12]. This separation can produce misalignments: ingestion components may implement
transformations that implicitly encode governance decisions, but without explicit representation in governance
artifacts, while governance tools may contain models that are not fully reflected in deployed pipelines. These
misalignments complicate automated reasoning about the implications of schema changes and hinder attempts to
systematically enforce policies across the ingestion landscape.

A central hypothesis of the agent-based orchestration approach is that treating ingestion and governance par-
ticipants as agents with explicit roles and shared protocols can reduce misalignment. Schema governance can then
be viewed as defining a collection of constraints and target models that agents must respect while making local de-
cisions [13]. This view encourages the explicit encoding of governance rules in machine-interpretable forms, such as
structural constraints, semantic mappings, and validation predicates, which can be consumed by ingestion agents.
It also emphasizes the importance of feedback channels by which agents report observed schema changes, viola-
tions, or ambiguities to governance processes, enabling iterative refinement and gradual tightening or relaxation of
policies as needed.

Resilience of schema governance in dynamic ecosystems depends not only on the correctness of individual
mappings but also on the ability of the overall system to continue operating acceptably under change and partial
failure. For example, when a source introduces a new field, the ingestion system should be able to ingest and
safely quarantine the new attribute, or to apply default mappings, while awaiting governance review [14]. When a
breaking change occurs, such as removal or redefinition of a field used in critical reports, the system should detect
the risk, apply protective measures such as freezing downstream views or triggering contingency transformations,
and escalate for human intervention. Designing such behavior requires a structured understanding of how local
changes propagate through the schema graph and how policies can be expressed in forms amenable to automated
checking.
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Figure 5: Federated enterprise view: domain-specific ingestion agents for HR, finance, and sales normalize data into
domain-aligned schemas, which are harmonized by a central governance hub to form a unified platform that supports cross-
domain analytics and regulatory reporting.
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Figure 6: Runtime control loop: live pipelines emit metrics that drive monitoring agents, which adapt orchestration
decisions and configuration updates while persisting policy changes, enabling continuous alignment of ingestion behavior
with resilience and governance objectives.

In summary, enterprise schema governance in dynamic ecosystems involves managing a multi-layered, evolving
set of schemas and mappings, under constraints derived from business semantics, regulatory policies, and technical
capabilities. Dynamic data ingestion acts as the operational substrate on which governance decisions are enacted
and observed [15]. The complexity of this environment motivates a modeling approach that captures key entities,
interactions, and constraints in a form suitable for formal analysis and for implementation in orchestrated systems
of agents.

3 Agent-Based Orchestration Architecture for Data Ingestion

Agent-based orchestration conceptualizes the ingestion and governance landscape as a population of interacting
agents, each responsible for specific capabilities and decision scopes. Instead of a single central controller determin-
ing all ingestion and schema governance actions, multiple agents coordinate via communication protocols, shared
repositories, and negotiated contracts. This perspective aligns with organizational realities in which different teams
own different data sources, pipelines, and governance responsibilities, and where autonomy is needed for scalability
and responsiveness.

Within this architecture, several types of agents can be distinguished by their roles [16]. Source-facing agents
manage interactions with particular data sources, including connection management, schema discovery, and low-
level extraction logic. These agents maintain knowledge of the current source schema, track observed changes, and
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Table 1: Orchestration layers in the proposed ingestion architecture

Layer Responsibilities Key Artifacts
Experience Accepts ingestion intents from users and tools Ingestion intents, feed-

back logs
Coordination Decomposes intents into agent tasks and tracks progress Task graph, orchestra-

tion plan
Control Applies governance policies and evaluates constraints Policy rules, decision logs
Execution Interacts with external systems and executes actions Connectors, operators,

job specs
Monitoring Observes runtime signals and adapts orchestration Telemetry streams,

alerts, SLOs

Table 2: Agent roles and capabilities in the orchestration layer

Agent Primary Capability Trigger
Source Discovery Detects new and modified data sources across the enterprise Schedule / webhook
Schema Profiler Infers structural metadata and detects schema drift New source or batch

arrival
Policy Evaluator Evaluates governance policies over candidate ingestion plans Plan submission
Orchestration Plan-
ner

Builds a dependency graph over ingestion tasks New intent or
schema change

Remediation Agent Suggests and applies corrections for failing pipelines Policy violations /
failures

emit structured descriptions of schema evolution events. Transformation agents manage mappings from source
schemas to governed target schemas, applying transformations such as type conversions, field renaming, normal-
ization, and enrichment. Target-facing agents operate at the level of data stores or semantic layers, ensuring that
ingested data conforms to local structural and performance requirements, managing partitioning, indexing, and
other storage concerns [17].

Governance agents focus on policy interpretation and enforcement. They maintain representations of conceptual
models, approved schema patterns, and transformation rules that implement governance decisions. When source-
facing agents report changes or when transformation agents propose new mappings, governance agents evaluate
these against policy constraints and either approve, suggest modifications, or require human review. Monitoring
agents observe the runtime behavior of ingestion pipelines, capturing metrics such as latency, error rates, and
schema violation frequencies, and feed this information back into the orchestration process [18]. Coordination
agents provide higher-level orchestration, synthesizing information from other agents and making decisions about
prioritization, resource allocation, and conflict resolution when multiple mappings or correction strategies are
possible.

Communication among agents relies on structured messages that encode schema information, policy constraints,
and proposed actions. Message schemas themselves become objects of governance, as they define the vocabulary
through which agents express their perceptions and intentions. For example, a source-facing agent might send
a message indicating that an attribute previously declared as a numerical field now appears with string values,
along with statistics on frequency and distribution [19]. A transformation agent might respond by proposing a
mapping that parses the new string representation into the expected numerical type or by flagging the attribute as
incompatible with existing mappings. Governance agents, in turn, may respond with decisions that update allowed
transformations or adjust target schema expectations.

Coordination strategies can vary along a spectrum from centralized to fully decentralized. In a more centralized
pattern, coordination agents act as mediators that receive events from source-facing agents, solicit mapping pro-
posals from transformation agents, and consult governance agents for policy evaluation before issuing orchestrated
decisions [20]. In a more decentralized pattern, governance constraints are embedded as local rules within agents,
and coordination emerges from the interactions of agents reacting to events and adjusting their behavior. A hybrid
approach may involve globally shared models of core entities and policies, combined with localized autonomy for
source- or domain-specific ingestion decisions.

Agent-based orchestration brings attention to issues of observability and controllability. Observability refers to
the ability of agents to infer relevant aspects of the global state from the messages and data they observe. For
example, a transformation agent needs enough information to determine whether a schema change at one source
influences mappings at other sources or downstream targets [21]. Controllability concerns whether agents have
sufficient decision levers to adjust ingestion behavior in response to observed changes. For instance, agents may
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Table 3: Characteristics of supported enterprise data sources

Source Type Typical Workload Latency Profile Schema Volatility
Operational DB OLTP transactions Sub-second to minutes Low
Event Stream User and machine events Milliseconds to seconds Medium
SaaS API Third-party business sys-

tems
Seconds to hours High

Data Lake Historical analytical data Minutes to hours Low
File Drop Zone Batch files from partners Hours to days High

Table 4: Schema change taxonomy handled by the system

Change Class Example Impact Level
Additive Adding an optional column with default value Low
Relaxed Constraint Widening a VARCHAR length or nullability Medium
Breaking Removal Dropping a frequently used column High
Semantic Drift Repurposing an existing column meaning High
Structural Refactor Splitting or merging tables Critical

need to throttle ingestion, route records through alternative transformation paths, or temporarily buffer data while
waiting for governance decisions. Designing the orchestration architecture requires ensuring that agents have access
to appropriate observations and controls while respecting practical constraints on complexity and latency.

The agent-based perspective also highlights the importance of robustness to partial information and failures
[22]. Agents operate with incomplete knowledge of the global state and may experience message delays or losses.
A source-facing agent might detect a schema change before others, while a governance agent may be temporarily
unavailable when a decision is needed. The orchestration must be designed so that agents can make locally safe
decisions based on available information and can reconcile their views when additional information arrives. Mech-
anisms such as time-bounded provisional mappings, explicit versioning of decisions, and reconciliation protocols
contribute to resilience in this setting [23].

In implementing such an architecture, choices about technology and deployment patterns influence agent inter-
actions but do not alter the underlying conceptual roles. Agents may be realized as microservices communicating
over message buses, as functions in serverless platforms reacting to events, or as processes within a larger orches-
tration framework. Regardless of implementation, the key challenge is to design agent behaviors and interactions
so that they collectively uphold schema governance policies while accommodating the variability inherent in dy-
namic data ingestion. This challenge motivates a formal modeling approach that captures the states, decisions,
and constraints relevant to orchestration, which is addressed in the subsequent sections [24].

4 Linear State and Control Models for Ingestion and Governance

To analyze agent-based orchestration of dynamic data ingestion, it is useful to introduce a state and control model
that abstracts key aspects of the system in linear algebraic terms. The aim is not to capture every operational
detail but to represent, in a tractable form, the evolution of ingestion configurations, schema mappings, and policy
compliance under the influence of agent decisions and exogenous changes. Linear models support reasoning about
stability, feasibility, and trade-offs, and they admit optimization formulations that can guide agent coordination
strategies.

Consider a vector space representation of the system state. Let the state vector be denoted by x, belonging to
a real space of dimension n [25]. Components of x can encode quantitative summaries of ingestion and governance
status, such as counts of active mappings, measures of schema drift between source and target schemas, backlog of
records awaiting governance decisions, and indicators of policy violations. While the internal structure of x may
be rich, the linear model abstracts this complexity into a compact representation suitable for analysis.

Agent decisions are represented by a control vector u of dimension m. Entries in u correspond to aggregated
actions chosen by agents during a decision epoch [26]. Examples include enabling or disabling particular ingestion
flows, selecting among alternative transformation strategies, adjusting thresholds for validation or quarantine, and
allocating computational resources. Individual agents may control subsets of the entries in u, but for modeling
purposes the vector is treated as a joint control variable.

Exogenous influences that agents do not control, such as upstream schema changes or external system failures,
are captured by a disturbance vector w. With these elements, a linear state update model can be written in the
form [27]

x′ = Ax+Bu+ w,
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Table 5: Comparison of ingestion strategies across governance dimensions

Strategy Description Best Suited For
Batch ELT Land raw data, transform in warehouse Historical analytics, low la-

tency sensitivity
Streaming ETL Transform in-motion before storage Real-time dashboards, alerts
Schema-on-Read Defer schema binding to query time Exploratory workloads, data

science
Change Data Capture Capture and replay log-based changes Operational replication, au-

dit trails

Table 6: Resilience metrics for evaluating orchestration robustness

Metric Definition Unit
Schema Drift Detection Time Delay between drift occurrence and detection Minutes
Policy Violation Rate Fraction of runs violating governance policies % of runs
Automated Recovery Ratio Fraction of failures resolved without human input % of failures
Data Freshness SLO Percentage of runs meeting freshness targets % of schedules
Orchestration Downtime Aggregated time the system cannot accept intents Minutes / month

where x′ denotes the state after the current decision epoch, A is an n× n matrix modeling the intrinsic dynamics
of the system in the absence of new controls or disturbances, and B is an n × m matrix describing how control
actions influence the state. The disturbance w is treated as an additive term capturing unmodeled or exogenous
effects.

In this abstraction, entries of A can encode, for example, natural decay of backlogs as records are processed,
propagation of schema drift as unmapped attributes accumulate, or persistence of policy violations when not
actively remediated [28]. The matrix B captures how specific control actions affect these quantities, such as how
enabling an additional transformation path reduces backlog or how strengthening validation criteria alters the
measured degree of schema compliance. Although the underlying processes may not be perfectly linear, linear
approximations around typical operating points can provide useful insights.

Governance policies can be expressed as linear constraints on the state and control variables. Let the matrix
K and vector b define policy constraints in the form [29]

Kx ≤ b.

Entries in K and b encode requirements such as maximum allowed levels of unresolved schema drift, bounds on
the proportion of records that can bypass certain validations, or limits on the rate of schema-breaking changes
propagated downstream. For policies that involve control decisions directly, a matrix L and vector c can be
introduced to express linear constraints on u as

Lu ≤ c.

These control constraints can capture resource limits, such as maximum number of concurrent transformation
tasks, or organizational rules, such as limiting the frequency of automated schema reconfigurations [30].

Agents typically seek to balance competing objectives, such as minimizing schema violation risk, maximizing
data freshness, and reducing resource usage. These trade-offs can be modeled through a linear cost function defined
on the state and control vectors. Let q and r be vectors of appropriate dimensions, and define a cost indicator

J = q⊤x+ r⊤u[31].

The vector q assigns weights to components of the state, reflecting the relative importance of different metrics,
while r assigns weights to control actions, reflecting costs such as additional processing or human intervention.
Minimizing J subject to the state dynamics and constraints provides an optimization perspective on orchestration
decisions.

In a single decision epoch, the control problem can be stated as choosing u to minimize J while respecting the
linear constraints and anticipating the effect of the choice on the next state x′. A simple formulation is to treat w
as either known or approximated and to impose constraints of the form [32]

x′ = Ax+Bu+ w,

Kx′ ≤ b,

Lu ≤ c.
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Table 7: Evaluation datasets used to assess the orchestration system

Dataset Domain # Tables Time Span
Retail-Omni Omnichannel retail transactions 42 18 months
FinLedger Financial ledger and positions 29 24 months
IoT-Plant Industrial sensor telemetry 17 9 months
HR-Global Human resources and identity 21 12 months
SaaS-Hub Multi-tenant SaaS integrations 38 15 months

Table 8: Ablation study on policy and agent configurations

Configuration Policy Engine F1 (Drift De-
tection)

Downtime (min)

Baseline Schedules Rule-based only 0.71 94
+ Policy Evaluator Agent Rule-based + static scoring 0.79 63
+ Adaptive Planner Hybrid rules + learned

planner
0.86 41

+ Remediation Agent Full agent stack 0.89 27

In more realistic settings, w is uncertain, and the model can be extended with bounds or scenarios [33]. For
instance, if w is known to vary within a polyhedral set described by the matrix D and vector e as

Dw ≤ e,

robust variants of the optimization problem can be constructed to ensure that governance constraints hold for all
disturbances in this set.

To connect the abstract control vector u with actions of individual agents, a decomposition can be introduced.
Let there be p agents, each choosing a local control vector u(i). The aggregated control can be expressed as [34]

u =

p∑
i=1

u(i).

Agent-specific constraints of the form
H(i)u(i) ≤ h(i)

can represent local resource or policy limitations, while global constraints are expressed on the aggregate u. Co-
ordination among agents can then be interpreted in terms of solving a decomposed linear optimization problem in
which agents choose u(i) consistent with both their local constraints and shared coupling constraints arising from
governance policies and shared resources.

Observation models connect the underlying state x to measurable quantities available to agents. Let y denote
an observation vector, related linearly to the state by a matrix G: [35]

y = Gx.

Different agents may observe different subsets of y, reflecting their positions in the ingestion architecture. For ex-
ample, source-facing agents may observe metrics related to schema changes and extraction errors, while governance
agents may observe aggregated policy violation indicators. Coordination mechanisms must bridge these partial
views into decisions on u that account for the overall state [36].

The linear state and control model described here is an abstraction that supports several forms of analysis.
Stability of the ingestion and governance process can be examined by considering the eigenvalues of A and the
structure of feedback derived from control policies that map observations to control actions. Feasibility of gover-
nance under given disturbance bounds can be studied by analyzing the intersection of constraint sets. Optimization
formulations can guide the design of agent decision rules that approximate solutions to centralized problems while
retaining decentralized implementability [37]. These analyses provide a mathematical foundation for the resilience
mechanisms discussed in the next section.

5 Resilience, Adaptation, and Policy Realization

Resilience in agent-based orchestration of dynamic data ingestion refers to the ability of the system to maintain
acceptable operation in the presence of schema drift, partial failures, and variability in workloads and resources.
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Table 9: Examples of governance policies enforced during ingestion

Policy Condition Enforcement Action
PII Location Control Sensitive attributes ingested into non-compliant

regions
Rewrite target, apply to-
kenization

Schema Compatibility Breaking change in a contract-bound feed Route to staging, request
producer update

Freshness SLO Late-arriving batch beyond tolerated delay Prioritize run, trigger es-
calation alert

Lineage Completeness Missing upstream lineage for critical datasets Block promotion, open
investigation task

Access Boundary New consumer from unapproved domain Require approval, gener-
ate audit record

Within the linear modeling framework, resilience can be associated with properties such as boundedness of the
state under disturbances, existence of feasible control actions that maintain policy constraints, and capacity to
recover from deviations in finite time. Agent behaviors and coordination protocols can be designed to approximate
control strategies that confer these properties [38].

Schema drift is a central source of disturbance. It can manifest as additive terms in the state update, where
unanticipated changes increase measures of misalignment between source and target schemas. For example, when a
source introduces a new attribute, the state component representing unmapped attributes may increase. Without
corrective action, such drift can accumulate, potentially violating governance constraints on acceptable divergence.
Agents counteract this drift through control actions that establish new mappings, adjust transformations, or
quarantine affected records [39]. In the linear model, such actions correspond to changes in u that reduce the
relevant components of x through the action of matrix B.

To capture resilience against variability in disturbances, an extended state update can be written as

x′ = Ax+Bu+ w + δ,

where δ represents additional deviations not captured in the nominal disturbance model [40]. Resilient orchestration
aims to ensure that, for disturbances and deviations within specified bounds, there exists a sequence of control
actions that keeps x within a region of acceptable operation. This region can be defined as a polyhedral set
described by

Px ≤ s,

where P and s encode limits on backlog, violation counts, and other indicators [41]. If the acceptable region is
invariant under the closed-loop dynamics induced by the agents’ control policies, then resilience can be characterized
in terms of invariance.

Adaptation mechanisms allow agents to adjust decision rules over time based on observed performance and
disturbances. In the linear framework, an adaptive control policy can be represented as a rule mapping observations
y to control actions u. A simple linear feedback policy takes the form [42]

u = My,

where M is a matrix defining the feedback gains. This mapping can represent, for example, how strongly agents
respond to increases in schema violation indicators by increasing efforts on remediation actions or tightening
validation criteria. Adaptation then involves adjusting M over time as agents learn from performance metrics or
updated governance guidance [43].

Policy realization concerns translating high-level governance rules into constraints and objectives that agents
can interpret and enforce. For instance, a policy requiring that no more than a fixed proportion of records with
sensitive fields bypass masking can be mapped to a linear constraint that links counts of masked and unmasked
records. This constraint can be encoded in the matrices K and b governing admissible values of x. Agents need
access to these parameters to ensure that their local decisions collectively satisfy the policy. When policies are
updated, modifications to K, b, or other constraint matrices propagate through the agent network, prompting
adjustments in local decision rules [44].

Resilience also depends on how the system handles situations where governance constraints cannot be fully
satisfied due to disturbances or limited control authority. In such cases, agents may need to prioritize among
constraints, accepting temporary violations of lower-priority policies to preserve higher-priority ones. Linear models
can represent these trade-offs by introducing slack variables that quantify constraint violations and by penalizing
these slacks in the cost function. For example, a constraint Kx ≤ b can be relaxed to [45]

Kx ≤ b+ σ,
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where σ is a vector of nonnegative slack variables. The cost function can then include a term p⊤σ, with large
weights in p for high-priority constraints. Minimizing this cost encourages agents to keep violations small and to
concentrate them in lower-priority dimensions when unavoidable [46].

Agent-based orchestration must operate under information and communication constraints. Agents often rely
on delayed or partial observations of the state, leading to situations where control actions are chosen based on
imperfect information. Within the linear model, this can be reflected by the relation y = Gx, where G does not
provide full state observability. Agents may therefore maintain internal estimates of the state, updated through
their own observations and messages from other agents [47]. Estimation dynamics can be represented linearly, but
they introduce additional complexity in analysis. Nonetheless, resilience properties can still be studied using robust
control concepts that account for estimation errors as additional disturbances.

An important aspect of resilience is the ability to degrade gracefully. When resources are constrained or
disturbances exceed anticipated bounds, it may be impossible to maintain all aspects of the desired state within
strict limits. In such situations, agents may implement contingency strategies, such as reducing ingestion rates,
restricting access to partially validated data, or switching to conservative fallback transformations [48]. These
strategies can be embedded in the control space by identifying specific components of u associated with degradation
modes and by designing cost functions that activate these modes only when necessary. Linear thresholds on
measurements can trigger shifts in the effective form of M in the feedback law, approximating piecewise-linear
control.

The realization of governance policies in an agent-based architecture also requires clear accountability and
traceability of decisions. Agents should record which constraints and objectives influenced their actions, enabling
post hoc analysis and potential refinement of models [49]. From the perspective of the linear framework, this
corresponds to logging the values of x, u, observed disturbances, and key matrix parameters at decision points. Over
time, this data can support model identification and adaptation, improving the fidelity of the linear approximation
and the effectiveness of control policies.

In sum, resilience and adaptation in agent-based orchestration can be conceptualized in terms of invariant sets,
feedback policies, constraint relaxation with penalties, and robust handling of disturbances and estimation errors.
Linear models provide a language to articulate these concepts and to explore design choices for agent behaviors,
while acknowledging that real-world implementations will involve nonlinearities and discrete decision structures
layered on top of the linear foundation [50].

6 Evaluation Scenarios and Qualitative Assessment

Evaluating an agent-based orchestration approach for dynamic data ingestion and enterprise schema governance
involves examining how the system behaves under representative scenarios of schema evolution, workload variability,
and operational disturbances. While full empirical evaluation depends on specific implementations and datasets,
conceptual scenarios can be described that illustrate the application of the linear modeling framework and the
kinds of qualitative assessments that are relevant.

One scenario involves gradual schema drift at a subset of sources. Over time, source systems introduce new
optional fields, adjust value ranges, and deprecate legacy attributes [51]. Source-facing agents detect these changes
through introspection or metadata updates and report them to transformation and governance agents. In the linear
model, these events manifest as disturbances that increase the state components representing unmapped attributes
and potential incompatibilities. Agents choose control actions to create new mappings, update transformation
logic, or quarantine records with ambiguous semantics. Evaluation focuses on whether the state remains within
acceptable bounds, as defined by the polyhedral constraints Px ≤ s, and on the cost incurred according to the
linear cost function J [52].

Another scenario centers on abrupt breaking changes at a critical source. For example, a field that previously
contained numerical identifiers may be replaced with composite string keys, or a nested structure may be flattened.
Such changes can invalidate existing mappings and trigger potential policy violations if not addressed. In the state
model, this corresponds to a sharp disturbance that significantly alters components related to mapping integrity
and violation counts. Agents must respond by reconfiguring mappings, rerouting data through alternative pipelines,
or temporarily suspending ingestion for affected data [53]. Evaluation examines how quickly the system can restore
the state to a region satisfying governance constraints and how the cost of remedial actions compares to baseline
operation.

A third scenario concerns resource constraints and contention among pipelines. As ingestion workloads fluctuate,
computational and storage resources may reach saturation, limiting the ability of agents to execute preferred actions.
In the linear model, resource limits are encoded in the constraints Lu ≤ c, and tighter bounds represent reduced
capacity [54]. Agents must then solve a more constrained control problem, potentially requiring de-prioritization
of lower-value ingestion flows or acceptance of temporary increases in backlog. Assessment focuses on how agents
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trade off among competing pipelines, whether high-priority data flows maintain acceptable performance, and how
backlog and violation metrics evolve under constrained control.

Qualitative comparison with non-agent-based architectures can highlight the strengths and limitations of the
agent-based approach. In centrally orchestrated systems without explicit agent autonomy, schema changes may
be processed through global workflows, with changes applied through monolithic updates to configuration and
transformation logic [55]. While such systems can enforce consistent governance when changes are infrequent, they
may struggle to keep pace with highly dynamic environments and can become bottlenecks when many changes
occur concurrently. The agent-based approach distributes decision-making, potentially improving responsiveness
and scalability, at the cost of increased complexity in coordination and the need for careful design of interaction
protocols.

The linear modeling framework provides a basis for assessing properties such as scalability of decision processes
and sensitivity to parameter choices. For instance, by varying the matrices q and r in the cost function, one can
explore how different prioritizations among objectives affect the balance between policy strictness and ingestion
throughput [56]. Adjusting disturbance bounds in the description Dw ≤ e allows examination of how robust
the system is to different magnitudes of schema variability. Simulation studies based on the linear model can
generate trajectories of the state under various scenarios, enabling investigation of conditions under which the
system remains within acceptable regions or experiences constraint violations.

Agent-level evaluation involves examining how local decision rules approximate solutions to centralized opti-
mization problems. In general, decentralized agents operating with partial information and local constraints will
not achieve globally optimal behavior. However, it may be sufficient for their actions to produce satisfactory per-
formance according to enterprise metrics [57]. Techniques such as dual decomposition and distributed optimization
can be interpreted within the linear framework as ways of coordinating agent decisions so that they converge
toward solutions consistent with global constraints and costs. Qualitative assessment then considers whether the
communication overhead and complexity of these methods are justified by improvements in performance compared
to simpler heuristics.

Operational considerations also influence evaluation. Agent-based architectures must be manageable in practice,
meaning that operators can understand, configure, and troubleshoot agent behaviors [58]. Logging and monitoring
infrastructure needs to provide visibility into the decisions agents make and the rationales, in terms of state
estimates and model parameters, underlying those decisions. The linear framework facilitates such introspection by
providing a structured representation of the variables and parameters involved, though real-world implementations
may use more complex decision logic.

Finally, evaluation must acknowledge limitations of the linear approximation. Many aspects of schema gov-
ernance and ingestion behavior involve nonlinearities, discrete choices, and complex domain semantics [59]. For
example, compatibility between schemas can depend on conditional relationships and higher-order structures that
are not easily captured in linear terms. Nevertheless, linear models can serve as a first-order approximation that
guides design and helps identify regimes in which the system is well-behaved or prone to instability. Qualitative
assessment should therefore interpret results from linear analysis as indicative rather than definitive, prompting
deeper investigation where necessary.

Overall, evaluation scenarios and qualitative assessments based on the agent-based and linear modeling frame-
work can inform the design of resilient ingestion and governance systems [60]. They help clarify the conditions
under which agent-based orchestration offers advantages, the trade-offs involved in different coordination strategies,
and the sensitivity of resilience properties to modeling assumptions and parameter choices.

7 Conclusion

Dynamic data ingestion and enterprise schema governance intersect in ways that are increasingly important for
organizations operating in heterogeneous, rapidly evolving data ecosystems. Traditional governance practices, built
around relatively static schemas and centrally managed change processes, encounter difficulties when faced with
frequent, autonomous schema evolution across numerous sources. At the same time, ingestion pipelines must
maintain operational continuity and provide reliable, policy-compliant data to downstream consumers [61]. This
tension motivates the exploration of architectures and models that can accommodate variability while preserving
coherence and control.

Agent-based orchestration offers a conceptual framework in which ingestion components, schema registries,
governance processes, and monitoring tools are treated as interacting agents with distinct roles and decision scopes.
This perspective aligns with the distributed nature of modern data environments, where different teams and systems
have partial control over data flows and schemas. By defining explicit protocols for communication among agents
and by representing governance policies as shared constraints and objectives, agent-based orchestration supports
structured coordination in the face of schema drift, workload variability, and partial failures.
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The linear state and control modeling approach described in this paper provides a mathematical lens for
analyzing such orchestrated systems [62]. By representing key aspects of ingestion and governance status as a state
vector, agent decisions as control variables, and exogenous schema and workload changes as disturbances, it becomes
possible to express system evolution through linear dynamics. Governance policies translate into linear inequality
constraints on the state and control, while trade-offs among objectives such as policy conformance, throughput,
and resource usage are captured through linear cost functions. This representation supports analysis of feasibility,
stability, and resilience, and it provides a foundation for optimization-based guidance of agent behaviors.

Resilience and adaptation mechanisms in this framework revolve around the design of feedback policies that
map observations to control actions, the definition of invariant sets representing acceptable operating regions,
and the incorporation of slack variables to manage unavoidable constraint violations [63]. Agent autonomy and
local decision-making are balanced against global policy requirements through decomposed formulations in which
agents manage local constraints while participating in satisfying global coupling constraints. The linear model
enables reasoning about how local actions aggregate to affect global state, even when agents operate under partial
information.

The evaluation scenarios and qualitative assessments outlined in the discussion illustrate how the agent-based
and linear modeling approach can be applied to various forms of schema evolution and operational disturbance.
While the scenarios are conceptual rather than empirical, they highlight key questions about responsiveness to
schema drift, robustness to breaking changes, behavior under resource constraints, and the trade-offs inherent in
decentralized coordination [64]. These questions suggest concrete directions for implementing and testing agent-
based orchestration in specific organizational contexts.

At the same time, several limitations of the presented framework should be recognized. The linear model
abstracts complex phenomena and cannot capture all nuances of schema semantics, data quality issues, or human
decision processes embedded in governance. Nonlinearities and discrete choices play a significant role in real
ingestion pipelines, and domain-specific rules may require richer representations than linear constraints [65]. Agent
behaviors in practice may combine learned models, heuristic rules, and manual interventions, complicating the
mapping to linear control structures. Moreover, organizational factors such as governance culture, compliance
requirements, and team structures influence the feasibility and desirability of agent-based architectures.

Despite these limitations, the agent-based orchestration view, combined with linear state and control modeling,
offers a structured way to think about dynamic data ingestion and enterprise schema governance. It encourages the
explicit representation of governance constraints, the design of observable and controllable ingestion processes, and
the development of coordination mechanisms that can respond to continuous change while maintaining coherent
views of data. As enterprises continue to evolve their data ecosystems, such frameworks can contribute to the
systematic design and analysis of ingestion and governance architectures, supporting incremental refinement and
adaptation over time [66].
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