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ABSTRACT :

Enterprise decision-making increasingly depends on evidence distributed across databases, data warehouses, cloud applications, APIs, knowledge graphs,
document repositories, operational platforms, and streaming systems. Conventional retrieval architectures remain constrained when complex analytical questions
require autonomous source discovery, iterative investigation, cross-system evidence integration, and revision of initially incomplete reasoning pathways. This
article develops a self-driven enterprise data exploration framework integrating agentic reasoning, federated retrieval, and reflexive natural-language orchestration.
Natural-language objectives are transformed into evidence requirements and dynamically decomposed into dependent analytical tasks. Specialized agents
coordinate source discovery, federated querying, semantic reconciliation, hypothesis evaluation, and cross-source reasoning while preserving provenance across
retrieved and derived evidence. A reflexive orchestration mechanism continuously evaluates evidence sufficiency, contradictions, uncertainty, retrieval failures,
and unresolved dependencies, enabling selective query reformulation, source substitution, task expansion, and reasoning revision. The framework further
incorporates capability-aware agent allocation, access constraints, retrieval cost, and verification before analytical synthesis. By converting natural-language
interaction from a static request-response process into an adaptive investigative cycle, the proposed architecture provides a foundation for autonomous, traceable,

resilient, and governance-aware enterprise data exploration across heterogeneous information ecosystems.

Keywords: Agentic Reasoning; Federated Retrieval; Reflexive Orchestration; Enterprise Data Exploration; Multi-Agent Systems; Cross-System
Analytics

1. INTRODUCTION
1.1 From Enterprise Data Availability to Autonomous Exploration

Contemporary enterprises operate within distributed information ecosystems spanning relational databases, data warehouses, data lakes, ERP and CRM
platforms, APIs, cloud applications, knowledge graphs, document repositories, operational systems, event streams, and external information services
[1]. Although this environment substantially expands organizational information availability, access alone does not determine whether relevant
evidence can be identified and transformed into analytical knowledge [2]. Data access concerns the technical ability to retrieve information, whereas
data exploration requires determining what should be investigated, where relevant evidence may reside, and how retrieved information relates to an
analytical objective [3]. Self-driven exploration extends this capability by allowing an analytical system to formulate intermediate questions, acquire
evidence, evaluate findings, and revise its investigative pathway [4]. Investigating deteriorating product profitability, for example, may begin with
financial records but reveal the need to examine procurement prices, discount histories, customer returns, operational disruptions, and supplier
performance [5]. The required exploration pathway therefore cannot always be completely specified before evidence acquisition begins [4].

1.2 Limitations of Static Retrieval and One-Shot Natural-Language Analytics

Conventional enterprise analytics remains substantially dependent on predetermined queries, fixed retrieval workflows, static source selection,
predefined query decomposition, and single-pass information acquisition [6]. Retrieval-augmented generation extends language models with externally
retrieved evidence, but a fixed retrieval stage can remain constrained when the initial query does not expose all information subsequently required for
analysis [7]. This limitation distinguishes answer retrieval from investigative reasoning. Answer retrieval seeks evidence responsive to an explicitly
formulated question, whereas investigative reasoning evaluates retrieved evidence to determine whether additional questions, sources, comparisons, or
verification steps have become necessary [8]. A natural-language interface may therefore retrieve a reported decline in product margin without
autonomously investigating whether procurement inflation, discounting, returns, production interruptions, or supplier changes explain that decline.
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Effective autonomous exploration requires a recursive analytical process in which intermediate evidence can modify subsequent actions [9]. The
required architecture consequently moves beyond one-shot retrieval toward reasoning, retrieval, evaluation, reformulation, and further exploration,
terminating only when evidential requirements are adequately satisfied or remaining uncertainty is explicitly recognized [9].

1.3 Research Objective, Scope, and Contribution

The central research question is: How can an enterprise analytical system autonomously transform natural-language objectives into evolving
investigative plans, coordinate federated evidence acquisition, reason across heterogeneous sources, and reflexively revise its own exploration process?
Addressing this problem requires an architecture that treats a natural-language request as an analytical objective rather than as a fixed retrieval
instruction [8]. This article develops an integrated framework connecting natural-language interpretation, exploration-goal formation, agentic reasoning,
task decomposition, federated retrieval, evidence integration, hypothesis evaluation, reflexive control, verification, and analytical synthesis [9]. Its first
contribution is objective-driven autonomous exploration, through which analytical goals guide evidence acquisition. Second, dynamic task generation
allows new investigative questions to emerge from intermediate findings. Third, capability-aware coordination assigns tasks according to agent and
source characteristics. Fourth, federated acquisition enables evidence collection across heterogeneous enterprise systems. Fifth, evidence-conditioned
hypothesis revision allows competing explanations to be strengthened, modified, or rejected as information accumulates. Sixth, reflexive orchestration
supports selective replanning when evidence is incomplete, contradictory, or inaccessible. Seventh, provenance-aware and governance-bounded
synthesis preserves traceability, uncertainty, access restrictions, and human accountability throughout autonomous analysis [9]. Section 2 consequently
distinguishes self-driven exploration from conventional retrieval, agentic querying, and fixed multi-agent workflows.

2. CONCEPTUAL FOUNDATIONS OF SELF-DRIVEN ENTERPRISE EXPLORATION
2.1 From Retrieval to Agentic Exploration

Enterprise information discovery can be conceptualized as a progression from retrieving requested information toward autonomously determining what
evidence must be investigated [7]. Conventional retrieval responds to explicitly formulated information requests by locating records or documents
relevant to a specified query [8]. Federated retrieval extends this process across distributed repositories, enabling evidence acquisition from multiple
heterogeneous sources without requiring their complete physical consolidation [9]. Agentic retrieval introduces greater autonomy by allowing an
intelligent system to select appropriate tools, sources, and retrieval operations for a specified task [10]. Self-driven exploration advances beyond source
selection by determining what additional analytical tasks should be performed when newly acquired evidence changes the investigation [11]. This
introduces analytical initiative within a bounded objective: the system may generate intermediate questions but cannot explore arbitrarily. Each
additional task must contribute materially to resolving the original analytical objective [11]. An exploration state at iteration ( ) can therefore be
represented as:
t=... .1

where () represents active analytical goals, () unresolved questions, ( ) accumulated evidence, ( ) current hypotheses, and () unresolved
uncertainty [12]. Exploration consequently evolves as evidence modifies one or more components of this state.

2.2 Agentic Reasoning as an Exploration Mechanism

Agentic reasoning provides the mechanism through which analytical objectives are translated into coordinated actions over enterprise data and
accumulated evidence [10]. The proposed ecosystem assigns differentiated responsibilities to specialized agents. An Objective Interpretation Agent
establishes intent, scope, entities, temporal constraints, and expected analytical outputs, while an Exploration Planning Agent converts these
requirements into an initial investigative strategy [11]. Federated Retrieval Agents interact with databases, APIs, document repositories, knowledge
graphs, enterprise applications, and other source types using source-appropriate retrieval methods [13]. A Semantic Reconciliation Agent resolves
differences in identifiers, schemas, terminology, and measurement conventions before an Evidence Reasoning Agent evaluates relationships among
retrieved observations. The Verification Agent tests evidential support and contradictions, while the Reflexive Controller evaluates the evolving
exploration state and determines whether revision is necessary [14]. Finally, the Synthesis Agent integrates verified findings into an analytically
coherent output. Specialization is important because enterprise systems differ in query languages, permissions, schemas, interfaces, latency, and
reasoning requirements [ 13]. Capability-aware allocation can therefore be represented as:
=argmaxW¥( , )]

where (a) denotes a candidate agent, (\tau) represents an analytical or retrieval task, and (W( , )) measures the suitability of agent ( ) for executing
that task [14].

2.3 Reflexivity and Bounded Analytical Autonomy

The distinction between iteration and reflexivity is fundamental to self-driven exploration [12]. Iteration repeats an analytical or retrieval operation,
whereas reflexivity evaluates whether the operation, investigative pathway, assumptions, and current reasoning strategy remain appropriate given the
evidence accumulated so far [14]. The Reflexive Controller therefore examines whether existing evidence adequately answers the objective, whether
working assumptions remain supported, whether material evidence is missing, whether sources disagree, whether hypotheses require revision, and
whether additional retrieval would meaningfully reduce uncertainty [14]. It must equally determine when further exploration has diminishing analytical
value and should terminate. A continuation condition can be expressed as:



International Journal of Advance Research Publication and Reviews, Vol 3, Issue 9, September (2026), Page — 23-34 25

[ =1 < = =1
where () represents evidence sufficiency, ( ) unresolved uncertainty, () material contradiction, and the corresponding ( ) terms define
governance-approved thresholds [12]. When (1 =1), the system can generate another question, retrieve additional evidence, test an alternative
hypothesis, reformulate an unsuccessful query, or redirect a task to another agent. When evidential sufficiency is acceptable, material contradictions
have been addressed, and remaining uncertainty falls within defined tolerance, exploration can terminate [14]. Bounded autonomy therefore permits
analytical initiative while constraining exploration through objective relevance, access permissions, cost, evidence requirements, uncertainty thresholds,

and termination criteria.

Figure 1. Self-Driven Enterprise Data Exploration Architecture
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With bounded analytical autonomy established conceptually, Section 3 specifies how a natural-language objective is transformed into an evolving
exploration plan in which investigative tasks, evidence requirements, and hypotheses can change as new information becomes available.

3. NATURAL-LANGUAGE ORCHESTRATION AND DYNAMIC EXPLORATION PLANNING
3.1 Semantic Interpretation and Exploration-Goal Formation

Self-driven exploration begins by translating a natural-language objective into an explicit analytical specification rather than treating the request as a
direct retrieval query [12]. The interpretation process extracts analytical intent, entities, measures, relationships, temporal scope, comparison
requirements, diagnostic or causal requirements, operational constraints, and expected output characteristics [13]. Consider the objective: “Why has
customer profitability declined despite increasing sales during the last six months?” Retrieving sales and profitability values can confirm the observed
divergence but cannot explain its underlying drivers. The system must recognize that the term why establishes a diagnostic requirement and generate
candidate evidence requirements accordingly [14]. Relevant investigation may include selling prices, discount intensity, product mix, customer returns,
service costs, logistics expenditure, payment behavior, procurement costs, and applicable contract terms [15]. Temporal alignment is also necessary
because changes must be evaluated over the specified six-month period and against an appropriate preceding benchmark. Semantic interpretation
therefore converts the initial request into an exploration goal: identify and evaluate factors capable of explaining the divergence between increasing
revenue and declining customer-level profitability [14].

3.2 Evidence-Oriented Task Decomposition

The exploration goal must subsequently be decomposed according to the evidence and analytical operations required to resolve it [16]. An objective
() can be represented as:
[ =120 1

where each ( ) represents a retrievable or analytically resolvable task contributing to the parent objective. Retrieval tasks obtain directly observable
evidence, such as invoices, sales transactions, returns, logistics charges, or contract terms. Transformation tasks derive measures that do not exist
directly in source systems, including customer-level gross margin, return rate, discount intensity, or cost-to-serve [16]. Reasoning tasks compare
observations and evaluate relationships, such as whether declining profitability coincides with increased discounting or changing product mix.
Verification tasks determine whether emerging explanations are adequately supported by independent or authoritative evidence [17]. Decomposition
continues until each task can be assigned to a specific agent, enterprise source, or analytical operation. As reflected in Table 1, task type also
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determines its dependency structure and activation conditions: some tasks can begin immediately, while others require prior evidence or arise only after
intermediate findings reveal an additional analytical requirement [18].

3.3 Dynamic Exploration Graph

Rather than fixing all investigative steps before execution, the framework represents the evolving investigation as a dynamic graph:
[ =C ., )]

where () contains the analytical and evidence-acquisition tasks active at exploration state ( ), and ( ) represents informational dependencies among
those tasks [18]. Parallel tasks have no unresolved dependencies and can execute simultaneously, such as retrieving discount histories and return
records. Sequential tasks require preceding results; customer-level logistics-cost analysis, for example, may require transaction identifiers established
during initial retrieval. Conditional tasks are activated only when specified evidence satisfies a trigger condition [19]. Most importantly, emergent tasks
are not contained in the initial decomposition but are generated because intermediate evidence reveals an unanticipated analytical requirement [20]. If
initial analysis identifies abnormal logistics costs as a potential profitability driver, the graph can expand to investigate carrier changes, delivery failures,
route alterations, fuel surcharges, and contract amendments. The exploration structure therefore evolves from () to ( 41) as evidence changes the
analytical state. This capacity for evidence-conditioned graph expansion distinguishes self-driven exploration from conventional static decomposition,
where the task structure remains substantially predetermined throughout execution [20].

Figure 2. Natural-Language Objective-to-Dynamic Exploration Graph
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3.4 Exploration Priority and Expected Information Gain

Dynamic graph expansion requires explicit control because unrestricted generation of new tasks can produce unnecessary retrieval, excessive
computational cost, and analytical drift from the original objective [19]. Candidate exploratory actions should therefore be ranked according to their
expected contribution to resolving material uncertainty. A task-priority function can be expressed as:

[ ) + + ]

where () represents expected information gain, ( ) relevance to the original analytical objective, ( ) urgency, ( ) execution cost, and ( )
expected latency [20]. The corresponding weights determine their relative importance within the governed exploration process. A task should therefore
not be executed merely because an agent has the technical capability to perform it. Preference should be given to actions expected to reduce material
uncertainty, resolve important contradictions, or discriminate between competing explanations [19]. For example, where profitability decline could
plausibly result from discounting or logistics-cost escalation, evidence capable of differentiating those hypotheses has greater analytical value than
retrieving additional sales records that merely reconfirm the already established revenue increase. Table 1 operationalizes this principle by linking each
task category to its dependency, assigned agent, source requirement, activation condition, and expected output.
Table 1. Agentic Exploration Tasks, Dependencies, Agent Roles, and Activation Conditions

Analytical . Source Activation
Task Type Input Assigned Agent . Dependency . Output
Purpose Requirement Condition

Objective Establish analytical|Natural-language |Objective [User request and|None Initial request{Structured
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Analytical . Source Activation
Task Type Input Assigned Agent . Dependency . Output
Purpose Requirement Condition
interpretation  [meaning,  scope,|objective Interpretation Agent [available enterprise received exploration
entities, measures, context objective
and constraints
Database, .
. Structured . Source and|Evidence .
. . Acquire observable .. |Federated RetrievalERP/CRM, API, . Retrieved records,
Direct retrieval . . subquery, entities, access required byl .
enterprise evidence Agent document, graph, or]. . . with provenance
temporal scope identified active goal
external source
. . Ratios,  trends,
Construct . . . . |Required Derived measure] .
. . Retrieved raw[Analytical/Reasoning [Relevant underlying| . margins,
Transformation [analytically . evidence needed for] s
. evidence Agent records . . deviations,
required measures available analysis
aggregates
. . Semantic or|
. Align entities, . . Cross-source |. . . .
Semantic . . |[Heterogeneous Semantic Multiple source| . identifier Aligned evidence
definitions, units, evidence

reconciliation retrieved evidence[Reconciliation Agent [representations inconsistency representation

and identifiers available
detected
Evaluate . Competin,
. . o Aligned . . . Relevant p g Supported
Relationship  [associations  and| . Evidence Reasoning|Integrated evidence| . relationships .
. . observations and evidence . candidate
reasoning candidate . Agent set . require . .
. derived measures acquired . relationships
explanations evaluation
Investigate a . . Specified
I . . . . |Triggering .
Conditional predefined Intermediate Exploration Planning[Source determined| . d threshold or{Additional
. . . . evidence . .
exploration evidence- finding Agent by trigger cablished condition targeted evidence
establishe .
dependent branch satisfied
Investigate an .
ticipated Intermediate Not Material
unanticipate . . . . of ateria new
Emergent . P evidence and|Exploration Planning|Newly  identified . Expanded
. requirement necessarily  |explanatory .
exploration . [unresolved Agent relevant source . exploration graph
revealed during| . predefined factor discovered
. question
analysis
Test whether an R .
. Candidate L . Verified,
emerging . Authoritative or|Candidate Low confidence, .
. . . . |conclusion  and . . . . L. qualified, or|
Verification conclusion is . Verification Agent  [corroborating explanation  [contradiction, or| .
. supporting . . . rejected
sufficiently . evidence formed material claim .
evidence conclusion
supported

Exploration planning therefore determines what must be investigated, why an additional task is analytically justified, and when that task should enter
the evolving investigation. Section 4 shifts from planning to execution by developing the mechanisms through which specialized agents acquire, align,
and preserve evidence across heterogeneous and independently governed enterprise information sources.

4. FEDERATED RETRIEVAL AND CROSS-SOURCE EVIDENCE REASONING
4.1 Enterprise Source Federation and Capability Registry

Self-driven exploration requires access to heterogeneous enterprise information without assuming that all evidence must first be physically consolidated
into a common repository [18]. A federated environment can encompass relational databases, warehouses, data lakes, ERP and CRM applications, APls,
document stores, knowledge graphs, operational platforms, event streams, and authorized external services while preserving their independent
governance structures [19]. For each source (s), the framework maintains a capability representation:

where () denotes semantic coverage, () supported entities, () temporal coverage, ( ) authority, ( ) freshness, ( ) accessibility, ( )
expected latency, and () retrieval cost [20]. This capability registry allows the Exploration Planning Agent to reason about what each source can
contribute before issuing retrieval requests. Without such metadata, autonomous exploration could repeatedly query irrelevant, outdated, inaccessible,
or unnecessarily expensive systems [21]. Federation therefore requires not only source connectivity but machine-interpretable knowledge of source
capabilities, constraints, and evidential suitability.
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4.2 Capability-Aware Federated Retrieval

For each active exploration task, candidate sources can be ranked according to their expected evidential contribution rather than routed through a fixed
source hierarchy [20]. A task-dependent selection function can be expressed as:
[ (,)= o+ + + - - ]

where ( ‘ ) measures source relevance to task ( ), () authority, () freshness, () historical quality, ( ) latency, and ( ) retrieval cost [21].
Importantly, the weights are task-dependent. A contractual interpretation may assign greater weight to authority and provenance, whereas investigation
of an operational anomaly may prioritize freshness and retrieval latency [22]. Independent sources can be queried in parallel when doing so reduces
exploration time, while fallback sources can be activated if a preferred repository is unavailable. Complementary retrieval may deliberately combine
sources that provide different evidential dimensions, such as contractual obligations and corresponding payment transactions. Selective redundancy can
also retrieve overlapping evidence from independent sources when verification value justifies additional cost [22]. Federated retrieval consequently
becomes an adaptive evidence-selection process rather than indiscriminate querying of every technically accessible repository.

4.3 Semantic Reconciliation and Evidence Normalization

Federation makes distributed evidence retrievable, but it does not automatically make that evidence analytically compatible [23]. Cross-source
reasoning requires entity resolution, schema mapping, temporal alignment, unit harmonization, terminology reconciliation, measurement-definition
alignment, and organizational hierarchy mapping before observations can be compared or combined. One system may represent a customer by legal
entity, another by billing account, and another by service location; similarly, “revenue,” “delivery failure,” or “active customer” may follow different
definitions across applications [23]. Evidence compatibility between observations (e_i) and (e_j) can be represented conceptually as:

[ Co=0.. ..

where ( ) denotes semantic consistency, ( ) entity alignment, ( ) temporal comparability, ( ) unit consistency, and ( ) granularity
compatibility [24]. Low compatibility should trigger reconciliation rather than automatic aggregation. This prevents apparently similar records from
generating misleading cross-source conclusions when their definitions, time periods, entities, or measurement levels differ [24].

4.4 Cross-Source Reasoning and Hypothesis Evaluation

Once evidence is normalized, the Evidence Reasoning Agent can evaluate competing explanations rather than merely summarize retrieved observations
[24]. Let the current hypothesis set be:

[ = 1 20 1]

For the declining-profitability investigation, ( 1) may represent discount expansion, ( ,) adverse product-mix change, ( 3) rising logistics costs,
( 4) increased customer returns, and ( 5) service-cost escalation. Each hypothesis can receive support from multiple evidence objects. A conceptual
evidence-weighted support function is:

(o= () )
=1

where ( ( , )) represents the evidential relationship between evidence object ( ) and hypothesis (), while ( ( )) reflects evidence quality
based on authority, freshness, reliability, and provenance [25]. Thus, rising freight invoices aligned with customer-level shipment volumes may
strengthen the logistics-cost hypothesis, whereas stable return rates may weaken returns as an explanation. Competing hypotheses should remain active
until evidence sufficiently differentiates them [25]. Importantly, this procedure estimates evidence-weighted analytical support, not causal proof.
Observational association can identify plausible explanatory pathways but cannot establish causality without an appropriate identification strategy or
experimental design [26].

4.5 Contradiction, Provenance, and Evidence Sufficiency
Every material evidence object should retain source, retrieval time, authority, transformation history, confidence, and relationship to the conclusion so

that analytical claims remain traceable [26]. Conflicting observations should be explicitly represented rather than silently averaged or resolved
according to retrieval order. Evidence sufficiency for hypothesis () can be expressed as:

L ¢H=0¢ . . o)

where ( ) represents evidential coverage, () quality, ( ) consistency, and ( ) independent corroboration [25]. Insufficient coverage or
material contradiction should return the investigation to exploration rather than permit premature synthesis [26].
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Figure 3. Federated Retrieval and Cross-Source Evidence Reasoning Pipeline
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Evidence acquisition therefore changes the analytical state rather than merely enlarging a retrieved context. New findings can strengthen or weaken
hypotheses, expose contradictions, reveal missing evidence, or create additional investigative requirements. Section 5 consequently develops the
reflexive orchestration mechanism that determines whether exploration should continue, revise its hypotheses, redirect retrieval, selectively re-execute
tasks, or terminate.

5. REFLEXIVE ORCHESTRATION, SELF-CORRECTION, AND TERMINATION
5.1 Reflexive Evaluation of the Exploration State

Because each retrieval or reasoning action can alter the investigation, the framework periodically evaluates whether the investigation itself remains
adequate for resolving the analytical objective [24]. Reflexive evaluation examines evidence coverage, hypothesis support, unresolved uncertainty,
material contradictions, failed retrievals, source reliability, unresolved dependencies, and unsupported inferences [25]. An exploration-state evaluation

can be represented as:

[ :( ' [ [ )]

where () denotes evidence coverage, () hypothesis support, () unresolved uncertainty, () material contradiction, ( ) execution or
retrieval failures, () unresolved task dependencies, and () unsupported inference [26]. Unlike a conventional confidence score, ( ) evaluates
whether sufficient and appropriate investigative work has been completed. A high-confidence intermediate conclusion may therefore remain inadequate
when a material source has not been examined, conflicting evidence remains unresolved, or the conclusion depends on an unsupported analytical step
[27]. Reflexivity consequently assesses evidential and procedural sufficiency rather than model confidence alone.

5.2 Selective Replanning and Exploration Recovery

When reflexive evaluation identifies a deficiency, the appropriate response depends on the type and location of that deficiency [27]. Missing evidence
generates a new retrieval task, whereas source failure activates an alternative source identified through the capability registry. A semantic mismatch can
require query reformulation, entity reconciliation, or modification of the retrieval parameters [28]. Contradictory evidence should activate corroboration
from an independent or more authoritative source rather than being silently reconciled. An unexpected relationship can expand the exploration graph by
creating a new branch, while an unsupported hypothesis can be revised, deprioritized, or rejected [29]. Importantly, replanning is selective. If the
profitability investigation has already established that sales increased and discount rates remained stable, those validated branches need not be executed
again merely because logistics-cost evidence is incomplete. The controller instead identifies the deficient graph nodes and reopens only those tasks and
downstream dependencies affected by the deficiency [30]. Selective recovery preserves validated evidence and reasoning states while reducing the
retrieval, computational, and latency costs associated with restarting the complete exploration process [29].
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5.3 Exploration Termination and Analytical Sufficiency

Autonomous exploration also requires a formal stopping mechanism because indefinite investigation can consume resources without producing
proportionate analytical value [30]. A termination decision can be represented as:
[ =1 if =, =, = 4 = ]

subject to resource, access, and governance constraints, where () represents evidence sufficiency, () unresolved uncertainty, () material
contradiction, and ( ) expected marginal information gain from further exploration [31]. Termination can therefore occur because adequate
evidence has been obtained or because additional investigation is unlikely to materially improve the conclusion. Other stopping conditions include
exhaustion of an approved execution budget, persistent inaccessibility of a required source, or the emergence of a decision requiring human
authorization [32]. Importantly, termination does not imply certainty. Where critical evidence cannot be acquired, the system should stop with explicitly
qualified uncertainty rather than manufacture analytical closure [31].

5.4 Verified Analytical Synthesis

Before producing the final analytical output, the framework separates different epistemic categories so that retrieved facts are not presented
interchangeably with analytical interpretations [32]. Observed Evidence consists of directly retrieved and provenance-preserved information. Derived
Measures contain transformations such as profitability changes, discount rates, return frequencies, or logistics-cost ratios calculated from underlying
records. Cross-Source Relationships identify aligned patterns observed across independently retrieved evidence. Analytical Inferences express
interpretations supported by those relationships but not directly observed in a source. Rejected Hypotheses document candidate explanations that
available evidence failed to support, while Unresolved Uncertainty records material questions that remain open because evidence was incomplete,
contradictory, inaccessible, or insufficient [33]. Significant conclusions should retain traceable links to their supporting evidence objects,
transformations, source authority, retrieval time, and verification status [32]. This provenance structure allows reviewers to reconstruct how the
exploration progressed from enterprise records to derived findings and ultimately to analytical conclusions. Verified synthesis therefore represents not
merely answer generation, but the controlled termination of an auditable investigative process [33].

Figure 4. Reflexive Exploration, Replanning, and Termination Cycle
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6. EXPERIMENTAL DESIGN, BENCHMARKING, AND PERFORMANCE EVALUATION
6.1 Enterprise Evaluation Environment and Exploration Workloads

Evaluation of self-driven enterprise exploration requires an experimental environment that reproduces the heterogeneity, dependency, and failure
conditions encountered in distributed organizational information systems [31]. The environment should combine relational financial records, ERP
transactions, CRM histories, operational logs, API-accessible applications, policy and contractual documents, knowledge repositories, and streaming or
event data [32]. Seven workload classes can progressively increase investigative difficulty. Q1 contains single-source factual questions, while Q2
requires aggregation across multiple sources. Q3 introduces dependency-driven investigations in which one retrieval determines subsequent tasks. Q4
provides ambiguous analytical objectives requiring autonomous task formulation. Q5 introduces contradictory evidence across sources, and Q6
deliberately makes a preferred source unavailable during execution. Q7 evaluates emergent-dependency exploration, where information discovered
after initial retrieval creates a previously unspecified investigative requirement [33]. Experimental instances should systematically vary source count,
task-graph depth, evidence ambiguity, dependency density, contradiction frequency, and overall exploration complexity to determine how performance
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changes as analytical demands increase.
6.2 Benchmark and Ablation Architecture

The complete framework should be evaluated against progressively stronger architectures so that performance improvements can be attributed to
specific exploration capabilities rather than increased system complexity alone [32]. BO, single-source natural-language retrieval, establishes a basic
retrieval baseline. B1, static federated retrieval, permits access to multiple repositories but uses predetermined source selection and retrieval logic. B2
introduces agentic reasoning while retaining a fixed retrieval configuration. B3 combines federated retrieval with specialized multi-agent execution but
removes reflexive evaluation and dynamic replanning. B4 represents the complete self-driven framework incorporating dynamic task generation,
capability-aware federation, hypothesis evaluation, reflexive control, and provenance-aware synthesis [34]. Additional ablation experiments should
independently remove dynamic task generation, capability-aware source selection, hypothesis evaluation, reflexive replanning, and provenance
weighting from B4. The performance change following removal of component (k) can be expressed as:
[A = B4~ B4 ]

where (M) represents the relevant evaluation measure [34]. These ablations identify which mechanisms contribute to exploration completeness,
recovery, analytical accuracy, and efficiency rather than treating the architecture as an indivisible system.

6.3 Multi-Dimensional Evaluation Metrics

Evaluation should distinguish successful final answers from the quality of the investigative process that produced them [35]. Task-decomposition
accuracy measures whether necessary analytical tasks were generated, while exploration coverage evaluates the proportion of required investigative
branches examined. Source-selection precision and recall determine whether relevant repositories were selected without excessive unnecessary retrieval
[35]. Evidence completeness measures acquisition of evidence required for a defensible conclusion, whereas answer accuracy evaluates the correctness
of final analytical outputs. Hypothesis-discrimination accuracy measures whether supported explanations are distinguished from alternatives, and
contradiction-detection accuracy evaluates recognition of materially inconsistent evidence [36]. Recovery success captures restoration of progress after
source, task, or reasoning failures. Additional measures should include unnecessary exploration rate, provenance completeness, end-to-end latency,
token or computational cost, and task-completion rate [36].

Exploration efficiency can be defined as:

[ __ useful completed tasks]

total executed tasks

while reflexive recovery can be represented as:

[ __ successfully recovered failures]

recoverable failures

The first penalizes uncontrolled investigative expansion, while the second isolates whether reflexive mechanisms actually restore exploration after
recoverable disruptions [37]. These process measures are necessary because two architectures may produce similar final accuracy while differing
substantially in evidence coverage, computational expenditure, provenance, or recovery capability.

6.4 Robustness, Scalability, and Cost—Performance Trade-Off

Robustness testing should progressively increase environmental difficulty rather than evaluating the architecture only under ideal retrieval conditions
[36]. Stress scenarios should increase source counts and task-graph depth while introducing inaccessible repositories, stale evidence, contradictory
records, agent failures, high-latency sources, ambiguous metadata, and constrained computational budgets [37]. Scalability should be assessed by
measuring how exploration coverage, completion rate, latency, and execution cost change as the number of sources and dependencies increases. A
normalized utility function can combine these competing dimensions:

[ = + + + ]

where () represents analytical accuracy, () evidence coverage, ( ) provenance completeness, () recovery performance, ( ) normalized
latency, and ( ) normalized execution cost [38]. The weights should reflect deployment priorities rather than imply universal equivalence between
these dimensions. An enterprise requiring rapid operational decisions may penalize latency more strongly, whereas regulated investigations may assign
greater importance to provenance completeness. As summarized in Table 2, benchmark comparison should therefore evaluate whether B4 achieves
higher analytical and recovery performance without generating disproportionate unnecessary exploration or resource consumption [38].

Table 2. Benchmark and Ablation Performance of Self-Driven Enterprise Exploration Architectures

. [Exploration Source Evidence Answer Recovery Unnecessary Relative

Architecture . Latency

Coverage Accuracy Completeness [Accuracy Rate Exploration Cost
BO: Single-
source  natural- Source- Low for cross- . .

Low expected . Baseline Minimal Low Low Low
language constrained source tasks
retrieval
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. [Exploration Source Evidence Answer Recovery Unnecessary Relative
Architecture . Latency
Coverage Accuracy Completeness [Accuracy Rate Exploration Cost
Bl: Static| I d
mproved  over|
federated Moderate Moderate Moderate B()p Limited Moderate Moderate Moderate
retrieval
B2: Agentic
reasoning  with|Moderate Moderate—High [Moderate Moderate-High |Limited Moderate Moderate Moderate
fixed retrieval
B3:  Federated|
. etera ¢ High under| High when|
multi-agen
. & . normal High initial plan is|High Low—Moderate|Potentially high [Moderate-High [High
retrieval without] . .
. conditions sufficient
reflexivity
B4: Complete
self-driven Controlled To be|To be
flexi High expected |High expected |High expected [High expected [High expected|through empirically empirically
reflexive
prioritization |measured measured
framework
B4 minus Reduced for|
. Reduced on Q7| .. . [Potentially . Potentially
dynamic tas Similar emergent Moderate Lower Potentially lower
. workloads . reduced lower
generation evidence
B4 minus Potentiall Potentiall Potentiall Potentiall
otentia otentia otentia otentia
capability-aware [Moderate—High |Reduced Y Y Moderate Increased . Y . Y
K reduced reduced increased increased
source selection
B4 M| fieh  retrieval Reduced Potentiall
i retriev: n| nti
hypothesis R T High edueed  OMimilar O Similar Similar
. coverage diagnostic tasks increased
evaluation
B4 minus|High under|
. .g . Reduced after|Reduced on Q5 . . Potentially
reflexive failure-free High initially i Low Variable Potentially lower
. . failures Q7 lower
replanning conditions
B4 minus Quantitatively |Potentiall
uantitative otential
provenance High High . Y . Y High Similar Similar Similar
L similar similar
weighting

Performance evaluation establishes whether autonomous exploration improves evidence acquisition, analytical reasoning, recovery, and efficiency

relative to progressively stronger baselines. Enterprise adoption, however, cannot be justified by performance alone. Section 7 therefore examines

whether this autonomy can remain controlled, secure, explainable, privacy-preserving, and auditable when deployed across organizational systems

containing sensitive data and consequential decision processes.

7. ENTERPRISE GOVERNANCE, DECISION INTELLIGENCE, AND CONCLUSION

7. Governance, Auditability, and Integrated Contribution

7.1 Governance-Bounded Agentic Autonomy

Self-driven enterprise exploration does not imply unrestricted analytical autonomy. Agent actions must operate within explicit governance boundaries

established by organizational security, privacy, and data-management policies [34]. Identity-aware authorization should associate every exploration

session with an authenticated user, role, or service identity, while least-privilege retrieval restricts agents to the minimum data and operations required

for the approved objective [35]. Source-level permissions, data-residency requirements, privacy boundaries, secure inter-agent communication, and

restrictions on sensitive analytical operations should remain enforceable throughout execution [39]. Critically, dynamically generated or emergent tasks

cannot acquire broader permissions merely because the exploration graph expands. Every new task must inherit the authorization boundaries of the

original exploration context and undergo access validation before execution [40]. Query, retrieval, transformation, agent-assignment, and analytical

actions should additionally be logged so autonomous exploration remains reconstructable and attributable [41].

7.2 Explainability, Auditability, and Human Oversight

Auditability requires preserving the complete analytical pathway rather than recording only the final answer [42]. The audit record should capture the

original objective, generated tasks, selected sources, agent assignments, retrieved evidence, evaluated hypotheses, task revisions, rejected pathways,

and final provenance relationships [43]. This enables reviewers to determine not only what conclusion was produced but how the system arrived at it.

Human escalation should occur when exploration supports high-impact organizational decisions, material contradictions remain unresolved, evidence

sufficiency falls below an approved threshold, or an authoritative source required for verification is inaccessible [44]. Human reviewers should be able
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to inspect evidence, uncertainty, rejected hypotheses, and agent actions before approving consequential use of the resulting analysis [45].

Table 3. Governance and Audit Requirements Across the Self-Driven Exploration Lifecycle

Exploration . . . . Human Escalation
Autonomous Action |Governance Risk Required Control Audit Record .
Stage Condition
L Interpret  intent and| . . Identit verification,|Original  objective, user] . X
Objective rp. . |Misinterpreted purpose or| Y Lo 18 . ) T Ambiguous or high-
. . establish exploration . . purpose limitation, scopefcontext, interpreted intent,|, L
interpretation excessive analytical scope| .| | . impact objective
scope validation constraints
Generate retrieval . o . . Generated  task arent| .
. . ’IScope expansion beyond|Authorization inheritance,| . . ’ .p . |Task exceeds permitted|
Task generation |[reasoning, or . objective, activation .
. . authorized purpose task relevance checks . analytical boundary
verification tasks rationale
. Unauthorized or|Least rivilege,  source|{Candidate sources, . L
. |Identify  and  rank|, ; ] 'p £ : ) ‘IRequired  authoritative
Source selection . . inappropriate sourcefpermissions, residencylselection score, selected . .
candidate repositories source is restricted
access controls source
Federated Retrieve distributed|Privacy, confidentiality,|Access control, encryption,|Query, source, timestamp,|Sensitive or restricted
retrieval enterprise evidence or security exposure secure communication retrieved evidence evidence encountered
Evidence [Normalize and derive|lncorrect transformation|Transformation validation|lnput evidence, operation,|Material transformation
transformation  |analytical measures or loss of provenance and lineage preservation  |derived output cannot be validated
. . [Evidence-qualit; Hypotheses supportin . .
Hypothesis [Evaluate competing(Unsupported o . . q Y . }fp ’ pp. gMaterlal contradiction or|
) . . o weighting, uncertaintylevidence, rejected| . .
evaluation explanations misleading inference . . weak evidential support
recording explanations
. . Objective relevance, cost| . . .
Reflexive Expand or redirect{Uncontrolled autonomousl_ it herit dTrlgger, revised task graph,[Replanning crosses
. . . . imits inherited|
replanning exploration task proliferation 0 rejected pathway governance boundary
[permissions
. R Overstatement of] R . R . . L. ..
Analytical Generate verified| . Provenance  verification,[Final claims and evidence[High-impact decision or|
X . evidence or concealed| K R X .
synthesis findings . uncertainty disclosure lineage unresolved uncertainty
uncertainty

7.3 Integrated Contribution and Future Research

The framework integrates autonomous exploration as a governed analytical process rather than treating enterprise intelligence as a sequence of isolated

retrieval operations. Natural-language objectives become structured exploration goals; those goals generate dynamic analytical tasks; specialized agents

acquire evidence across federated sources; heterogeneous observations are semantically reconciled; and competing hypotheses organize the

interpretation of accumulating evidence. Reflexive control then evaluates whether the investigation should continue, redirect retrieval, revise a

hypothesis, selectively replan deficient branches, or terminate with qualified conclusions. This integration provides a foundation for enterprise systems

capable of analytical initiative while preserving provenance, authorization, uncertainty, and human accountability. Future research should investigate

learned exploration policies, reinforcement-based orchestration, causal hypothesis evaluation, long-horizon agent memory, adaptive agent creation,

calibrated uncertainty, privacy-preserving federation, and cost-aware exploration. Human-agent collaborative investigation also requires further study

to determine how expert intervention can most effectively complement autonomous evidence discovery, hypothesis revision, and consequential

analytical judgment.
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