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Abstract 

Agentic AI systems require a different data infrastructure than traditional enterprise 
platforms. Autonomous agents need persistent state management across long 

interaction periods. They must access historical context through long-term memory 
systems. Real-time event synchronization keeps agents aware of changing 
conditions. Decision traceability ensures regulatory compliance and accountability. 

Modern data platforms must evolve from passive storage into active intelligence 
layers. Core patterns include unified foundations merging structured and 

unstructured data. Temporal state tracking enables version control across workflows. 
Vector stores allow semantic retrieval based on contextual similarity. Metadata 
frameworks link decisions to supporting evidence. Insurance scenarios demonstrate 

implementations in claims processing, underwriting, and fraud detection. Multi-agent 
coordination depends on shared state management with consistency guarantees. 

Graph-based memory reveals relationship patterns hidden in traditional databases. 
This architecture positions modern platforms as foundational enablers of trustworthy 
enterprise AI. The transformation shifts data infrastructure from repositories into 

active systems for intelligence and accountability. 
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I. Introduction 

 

A. Shift from Reactive to Autonomous AI 

Enterprise AI is moving from prediction models to autonomous agents. Traditional systems execute isolated 

predictions without maintaining context. Agents accumulate knowledge over time and make sequential 

decisions. This shift creates new demands on data infrastructure. Platforms must support continuous 

learning throughout agent lifecycles. 

Data warehouses optimize for analytical queries over static datasets. Operational databases handle 

transactional workloads with strong consistency. Neither architecture addresses the hybrid requirements of 

stateful agents. Agents need both transactional precision and analytical breadth. Conventional separation 

between systems introduces consistency challenges [1]. 

 

B. Limitations of Legacy Systems 

Traditional platforms show fundamental gaps for agentic workloads. Relational databases maintain only 

the current state and discard history. Agents require temporal reasoning over state evolution. Warehouses 

aggregate data for reporting but lack semantic memory retrieval. Agents need flexible context gathering 

based on situational relevance. 

Event processing handles streaming data independently from persistent storage. Agents require 

synchronized views combining real-time events with history. Traditional systems lack integrated lineage 



Shikhar Singhal 

 

46 
 

tracking. Accountability demands comprehensive provenance from sources through actions. Metadata 

catalogs document schemas but miss semantic relationships [2]. 

 

C. Core Platform Capabilities 

Modern platforms must provide four capabilities for trustworthy agentic AI. First, persistent state 

management maintains agent context across extended sessions. State storage needs microsecond-latency 

access with durable persistence. Second, long-term memory supports the semantic retrieval of historical 

information. Vector embeddings enable similarity-based context gathering. 

Third, event-driven synchronization keeps contexts current with changing conditions. Change data capture 

detects modifications and routes updates to agents. Fourth, decision traceability preserves complete 

evidence chains. Immutable records prevent retroactive modification, obscuring accountability. These 

capabilities transform platforms into active substrates for intelligent operations. 

 

D. Insurance Domain Context 

Insurance operations demonstrate agentic AI implementations effectively. Claims processing involves 

multi-party workflows with complex state transitions. Underwriting requires risk assessment, combining 

current data with historical patterns. Fraud detection demands behavioral analysis across many policies. 

Each scenario exercises different platform capabilities. 

Insurance regulations mandate detailed audit trails and explainable decisions. Multi-year policies require 

temporal tracking of evolving risk factors. Coordination between intake, assessment, and approval agents 

tests state management. Pattern detection across claim networks stresses graph memory systems. These 

scenarios illustrate practical platform implementations. 

 

II. Architectural Requirements for Agentic AI Systems 

 

A. Persistent State Across Extended Sessions 

AI agents must maintain coherent state over long operational periods. Customer service agents handling 

claims interact over weeks or months. Each interaction builds on previous conversations and decisions. 

Traditional session management uses application memory or short-lived caches. These approaches fail for 

extended context requirements. 

Platforms need durable state storage with rapid retrieval. State persistence demands ACID guarantees 

against data loss. Fine-grained versioning enables rollback when decision paths reverse. Concurrent access 

emerges when multiple agents interact with shared entities. Optimistic locking prevents state corruption 

from race conditions [3]. 

State layers must balance performance with durability. Hot state supporting active workflows needs cache-

tier latency. Warm state for recent sessions tolerates higher access times. A cold historical state accepts 

batch-oriented retrieval. Platforms migrate state across tiers based on access patterns. Transparent 

management prevents agents from handling storage complexity. 

 

B. Long-Term Memory with Semantic Access 

Agents require memory beyond simple key-value storage. Semantic memory enables retrieval based on 

contextual similarity. Underwriting agents evaluating property risks reference similar historical cases. 

Exact matching fails because relevant precedents use different terminology. Vector embeddings capture 

semantic content, enabling flexible searches [4]. 

Memory architecture combines structured metadata with unstructured representations. Metadata includes 

temporal markers showing creation and access times. Entity relationships link memories to customers, 

policies, or claims. Categorical tags enable filtering by memory type. Vector embeddings represent 

semantic content in high-dimensional spaces. 

Hybrid queries combine exact metadata predicates with vector similarity. Filtering by date range narrows 

the search space before similarity ranking. Approximate nearest-neighbor algorithms find related memories 
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efficiently. Query performance must remain acceptable with billions of records. Specialized vector indexes 

accelerate similarity search. 

 

C. Event-Driven Context Updates 

Workflows operate where external events continuously update contexts. Fraud detection agents must react 

immediately to new evidence. Traditional batch processing introduces unacceptable delays. Streaming 

architectures maintain continuous synchronization between sources and contexts. 

Event-driven systems require change data capture to detect modifications. Database triggers or log mining 

extract events as they occur. Event routing ensures agents receive only relevant updates. Millisecond-scale 

latency enables responsive decision-making. Event ordering prevents processing information out of 

sequence. 

Causal consistency ensures agents never observe effects before causes. Exactly-once delivery prevents 

duplicate processing from corrupting the state. Dead letter queues capture failed events for manual 

intervention. Event replay supports agent recovery after failures. These mechanisms maintain context 

integrity under dynamic conditions. 

 

D. Decision Lineage and Accountability 

Autonomous agents make consequential decisions requiring audit trails. Claim approval agents determine 

settlement amounts affecting outcomes. Each decision needs clear explanations tracing through evidence. 

Traditional logging captures execution traces but lacks semantic connections. 

Platforms implement metadata frameworks connecting decisions to evidence. Every query result 

contributes to decisions linked to sources. Retrieved memories include similarity scores justifying 

relevance. Intermediate reasoning steps document logical inferences. Model identifiers establish ML 

component contributions [3]. 

Temporal versioning ensures historical decisions can be reproduced exactly. Retrospective analysis requires 

accessing data as it existed at decision time. Content-addressed storage preserves referenced data despite 

migrations. Cryptographic hashing proves integrity and detects tampering. Provenance graphs visualize 

complete causal chains. 

Table 1 presents the four core architectural requirements for agentic AI systems and their corresponding 

platform capabilities. Each requirement addresses specific operational challenges that traditional data 

systems cannot adequately support. 

 

Table 1: Architectural Requirements and Platform Capabilities for Agentic AI Systems [3, 4] 

 
 

III. Core Design Patterns and Infrastructure Components 

A. Unified Foundation for Hybrid Workloads 
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Traditional architectures separate operational databases from analytical warehouses. This separation creates 

consistency challenges for agents. Unified foundations provide a single logical layers supporting both 

workloads. Lakehouse architectures combine object storage with structured query capabilities [5]. 

Transactional data resides in formats providing ACID guarantees. Analytical workloads query identical 

data using optimized SQL engines. Distributed transaction coordination maintains consistency across 

operations. Snapshot isolation enables analytical queries without blocking writes. Agents access unified 

contexts eliminating replication lag. 

Storage optimization balances different access patterns. Columnar formats serve analytical scans, reading 

specific attributes. Row-based formats handle transactional updates, modifying records. Intelligent caching 

keeps frequent context in memory. Materialized views pre-aggregate common patterns, reducing latency. 

Systems adjust strategies based on observed patterns. 

 

B. Temporal State with Version Control 

Workflows require temporal reasoning over state evolution. Claims agents track case progression through 

investigation stages. Traditional databases maintain only the current state. Temporal databases preserve a 

complete history, enabling time-travel queries [6]. 

Bi-temporal modeling tracks both valid time and transaction time. Valid time represents when facts are true 

in reality. Transaction time captures when the system learns facts. Dual timelines handle late-arriving data 

and corrections. Agents query historical states or reconstruct system knowledge. 

Version control uses copy-on-write semantics, minimizing overhead. Only changed attributes appear in 

new versions. Unchanged data references earlier versions. Automatic compaction merges consecutive 

identical versions. Temporal indexes accelerate time-range queries. SQL extensions expose temporal 

operators naturally. 

 

C. Vectorized Memory for Semantic Context 

Semantic retrieval requires infrastructure beyond traditional indexes. Vector databases store high-

dimensional embeddings supporting similarity search. Platforms integrate vector stores alongside relational 

databases. Seamless integration enables combining exact queries with similarity searches. 

Vector embeddings capture meaning from text, images, and audio. Platforms automatically generate 

embeddings during ingestion. Embedding models receive version tracking, ensuring consistency. Multiple 

embedding spaces serve different semantic domains. Cross-domain retrieval uses alignment techniques 

bridging spaces [5]. 

Hierarchical navigable small world graphs accelerate similarity search. Inverted file systems provide 

alternative indexing strategies. Query optimization adapts retrieval parameters to response requirements. 

Filtered vector search combines metadata predicates with similarity. Hybrid ranking merges vector scores 

with relevance signals. 

 

D. Lineage-Aware Metadata 

Decision traceability depends on metadata connecting lineage with reasoning. Traditional catalogs track 

schemas and locations. Lineage-aware frameworks extend metadata to include provenance graphs. These 

explain how data influenced specific decisions [6]. 

Fine-grained lineage operates at row and column granularity. Claim queries record which specific data 

agents accessed. Decision points tag consumed data with unique identifiers. Bidirectional linkage enables 

forward tracing from data. Backward tracing moves from decisions to contributing sources. 

Metadata versioning maintains consistency with temporal management. Historical snapshots preserve 

schemas and lineage as they existed. Exact context reproduction supports audit requirements. Semantic 

metadata captures meaning through ontology integration. Agents assess data fitness using semantic 

annotations. 

Table 2 outlines the four fundamental design patterns that collectively enable stateful, memory-driven, and 

traceable agent operations. Each pattern integrates with existing enterprise infrastructure while introducing 

primitives specifically designed for agent coordination. 
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Table 2: Core Design Patterns and Infrastructure Components for Agent-Ready Platforms [5, 6] 

 

 
 

IV. State Management, Memory, and Decision Traceability 

 

A. Multi-Tier State Architecture 

Effective state management requires multiple storage tiers. Four distinct layers balance performance with 

persistence. Each tier serves specific agent requirements while maintaining coherence. 

Immediate state maintains working memory in distributed caches. Microsecond-latency access supports 

frequent context references. Cache coherence ensures consistency under concurrent access. Least-recently-

used eviction manages capacity. Cache warming pre-populates memory during initialization [7]. 

Session state persists context across interaction episodes. Conversation history and workflow state reside 

here. Write-through updates ensure durability. Automatic expiration prevents unbounded growth. Atomic 

operations enable consistent updates across elements. 

Historical state archives completed sessions in columnar storage. Sequential scans replace random access 

requirements. Aggressive compression minimizes storage costs. Retention policies follow regulatory 

requirements. Deep context queries access this tier. 

Checkpoint layers provide snapshot isolation and rollback. Checkpoints occur at decision boundaries or 

intervals. Globally consistent timestamps enable coordinated rollback. Checkpoint lineage supports 

branching alternative paths. Hypothetical exploration proceeds from checkpoints. 

 

B. Graph-Based Memory Structure 

Unstructured memories require structures reflecting semantic relationships. Graph-based systems represent 

knowledge as networks. Flexible traversal matches natural reasoning flows better than hierarchies [8]. 
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Property graph models use nodes representing entities. Customers, policies, claims, and decisions become 

nodes. Semantic connections form relationship edges. Node and edge properties store attributes. Schema 

flexibility accommodates new entity types. 

Memory consolidation periodically merges related memories. Access pattern tracking identifies important 

clusters. Frequently co-accessed entities receive prioritized reinforcement. Weak memories face eventual 

pruning unless marked. Consolidation balances retention against complexity. 

Retrieval combines graph traversal with vector similarity. Starting from query entities, systems explore 

neighbors. Traversal depth adapts based on relevance. Vector similarity prunes unpromising paths. Returns 

include memories and connecting paths [7]. 

 

C. Streaming Context Windows 

Reasoning operates over dynamic context windows. Static snapshots create staleness in evolving 

environments. Streaming architectures maintain living windows reflecting the current state. 

Sliding windows maintain fixed-size context views. New arrivals displace older events. Window size 

balances comprehensive context against efficiency. Different agents maintain varying sizes. Reactive 

agents use short windows. Strategic agents maintain long windows [8]. 

Event prioritization prevents critical displacement. Priority scores combine recency, relevance, and 

credibility. High-priority events receive extended retention. Priority queues manage event lifecycles. 

Agents flag events for extended retention. 

Window synchronization challenges emerge with shared views. Event sourcing enables agent stream 

subscription. Change data capture converts modifications into events. Event routing filters ensure relevant 

updates. Causal ordering prevents temporal paradoxes. 

 

D. Immutable Decision Records 

Traceability requires immutable records capturing complete contexts. Immutable architectures prevent 

retroactive modification. Append-only logs preserve all actions with supporting evidence [9]. 

Each record includes an agent identifier, a timestamp, an input context, and memories. Input context 

captures all accessed data. Retrieved memories include similarity scores. Reasoning steps document logical 

inference chains. Model identifiers establish ML contributions [10]. 

Decision records reference source data through content addressing. Referenced data remains accessible 

despite system changes [11]. Separate archives maintain all referenced versions. Cryptographic hashing 

proves integrity. Records receive cryptographic signatures establishing authenticity [11]. 

Lineage graphs connect records to upstream dependencies. Upstream lineage traces backward through 

transformations. Downstream lineage follows forward to subsequent decisions. Graph structures support 

impact analysis. Regulators traverse lineage during audits [12]. 

Table 3 describes the implementation patterns for state management, memory infrastructure, and decision 

traceability [13]. The multi-tier approach balances performance requirements with persistence guarantees 

while maintaining comprehensive audit capabilities. 

 

Table 3: Multi-Layer State Architecture and Memory Organization Components [7, 8] 
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V. Enterprise Implementation: Insurance Domain Scenarios 

 

A. Claims Processing with Agent Coordination 

Claims processing involves specialized tasks benefiting from coordination. Intake agents gather claim 

details and documentation. Assessment agents evaluate damage and estimate costs. Approval agents 

determine coverage and settlement amounts [9]. 

Modern platforms enable coordination through shared state. New claims automatically initialize the state 

in storage. Information updates trigger events notifying downstream agents. Assessment agents receive 

notifications when documentation arrives. Evaluation workflows begin automatically[14]. 

State transitions follow formal workflow definitions. Systems enforce required approval stages before 

settlement. Workflow rules prevent unauthorized transitions. Temporal tracking preserves complete claim 

evolution. Agents query historical states understanding progression. 

Memory systems store precedent cases informing decisions. Property damage evaluation retrieves similar 

past claims. Systems rank precedents by similarity to characteristics. Retrieved precedents include 

settlement amounts and reasoning. Current agents reference precedents ensuring consistency [10]. 

Decision traceability becomes critical for compliance. Settlement records include complete evidence 

chains. Platforms preserve precedents with similarity scores. Reasoning chains document how clauses 

supported amounts. Customers and regulators review records verifying handling. 

 

B. Underwriting with Risk Context 

Underwriting decisions require comprehensive risk assessment. Traditional systems process applications 

as isolated transactions. Agentic underwriting maintains persistent customer relationships. It accumulates 

portfolio risk knowledge over time[15]. 

Unified foundations combine current data with historical loss experience. Underwriting agents query 

databases for credit history. Analytical queries aggregate loss ratios across regions. Platforms execute both 

within identical transaction contexts. Agents access complete risk pictures spanning silos [9]. 

Temporal management tracks factor evolution over policy periods. Initial decisions establish baseline risk 

assessments. Renewal agents query databases identifying factor changes. Property improvements reducing 

fire risk affect renewal pricing. Platforms preserve complete factor evolution, supporting explanations [16]. 
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Graph-based memories capture relationships between risk factors. Memory graphs connect properties to 

neighborhood characteristics. Agents traverse graphs, discovering relevant risk context. Strong 

relationships to high-claim neighborhoods increase premiums. Isolated properties receive favorable rates 

[10]. 

Streaming updates enable dynamic risk reassessment. Natural disaster declarations trigger immediate 

context updates. Underwriting agents receive notifications evaluating adjustments. Platforms maintain 

event ordering, preventing missed changes. 

 

C. Fraud Detection with Pattern Analysis 

Fraud detection demands real-time analysis across policies. Individual claims may appear legitimate in 

isolation. Collective patterns reveal suspicious activity. Agentic detection maintains comprehensive 

behavioral models. 

Vector embeddings capture semantic patterns in narratives. Platforms automatically generate embeddings 

from descriptions. Similar claims cluster in the embedding space. Fraud detection agents query stores, 

finding unusual similarities. High similarity scores trigger detailed investigations. 

Graph memory systems model relationships between entities. Fraud detection graphs grow as agents 

discover connections. Densely connected subgraphs indicate potential fraud rings. Graph algorithms detect 

communities representing organized operations [17]. Agents prioritize investigations using network 

centrality metrics. 

Multi-layer state supports different investigation stages. Initial screening maintains a lightweight state in 

caches. Suspicious claims transition to session state. Completed investigations move to historical archives. 

Platforms automatically promote claims across layers. 

Immutable records prove critical for prosecution efforts. Every fraud determination includes complete 

evidence chains. Decision records reference all consulted data sources. Reasoning chains document logical 

inferences from evidence. Records support criminal referrals and civil litigation[18]. 

Table 4 presents three insurance-specific implementation scenarios demonstrating how modern data 

platforms support multi-agent coordination while maintaining governance and compliance requirements. 

Each scenario exercises different platform capabilities under strict regulatory constraints. 

 

Table 4: Insurance Domain Implementation Scenarios and Agent Coordination Patterns [9, 10] 

 

 
 

Conclusion 
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Modern data platforms represent foundational infrastructure for trustworthy agentic AI. Traditional 

architectures designed for batch analytics cannot support stateful operations. Integration of temporal 

management, vector stores, event synchronization, and metadata creates active intelligence layers. These 

capabilities transform infrastructure from passive repositories into dynamic reasoning substrates. The 

architectural patterns address critical requirements for autonomous enterprise agents. 

Persistent state management enables coherent context across extended workflows. Long-term memory with 

semantic retrieval supports flexible reasoning over institutional knowledge. Event-driven synchronization 

ensures agents operate with current information. Decision lineage and explainability provide accountability 

frameworks satisfying regulations. Insurance implementations demonstrate practical realization across 

claims, underwriting, and fraud detection. Multi-agent coordination relies on shared state foundations, 

maintaining consistency. 

Future directions should explore federated learning for knowledge sharing. Quantum-resistant 

cryptography will become necessary for long-term record integrity. Automated metadata generation may 

reduce lineage maintenance burden. Cross-modal memory systems integrating multiple data types remain 

open challenges. The transformation into active intelligence substrates represents a fundamental 

architectural shift. Organizations implementing these capabilities will gain competitive advantages through 

responsive and accountable AI. The framework provides the foundation for this transformation while 

maintaining essential governance and risk controls. 
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