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Abstract: The growing adoption of Large Language Models and autonomous agent frameworks has 

brought to light a fundamental tension in enterprise software design. On one side lie decades of carefully 

engineered System APIs whose behaviour is deterministic, whose schemas are versioned and whose 

security boundaries are well understood. On the other side sit AI agents that require fluid, semantically 

rich tool interfaces, contextual descriptions of available operations, and the ability to discover 

capabilities at runtime without prior hardcoding. Closing this gap in a principled, production-safe way is 

the central problem this work addresses. 

We propose the Agent-Ready Architecture (ARA), a framework built around Anthropic’s Model Context 

Protocol (MCP). Rather than replacing existing System APIs, ARA introduces an MCP-compliant 

orchestration layer that wraps legacy endpoints, enriches them with natural-language tool descriptions 

and structured parameter schemas, and registers them in a semantic discovery registry that agents can 

query at runtime. Process APIs are re-architected as MCP Hosts, each managing its own set of MCP 

Servers so that multi-step business workflows can be invoked through a single, intent-driven interface. 

To evaluate this architecture, we introduce two primary metrics: Semantic Discovery Precision, which 

measures how accurately an agent selects the correct tool given a natural-language task description, and 

Tool-Invocation Latency, which captures the end-to-end cost of an agent-initiated operation. Our 

experiments on a six-service enterprise Kubernetes deployment show that ARA raises Semantic 

Discovery Precision from 59% to an average of 90% across five query categories, reduces multi-tool 

chain latency by 60.5%, and lowers agent hallucination rates by approximately 40% when the tool 

context grows beyond six concurrent instruments. A Context-Aware Service Mesh layer supplies the 

governance primitives, including token-budget enforcement and intent-based rate limiting, that are 

necessary to operate AI-driven request patterns safely at enterprise scale... 

 

Keywords: Model Context Protocol (MCP), Agent-Ready Architecture (ARA), LLM Orchestration, 

Semantic Discovery, Tool-Invocation Latency, API-to-Agent Integration, Autonomous Agents, 

Enterprise Integration Patterns, Service Mesh, Cognitive Load Reduction. 

 

I. INTRODUCTION 

Enterprise software has, for the better part of two decades, organised itself around the principle of API-led connectivity. 

The three-tier model of Experience, Process and System APIs provides a clean separation between channel-specific 

concerns, business orchestration and the volatile world of backend record systems. It is a paradigm well suited to 

human-designed, deterministic client software whose interaction patterns are known in advance and encoded at compile 

time. 
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Autonomous AI agents do not fit comfortably into this paradigm. An agent operating under the ReAct framework or a 

similar reasoning loop cannot be handed a Swagger document and expected to infer, at inference time, which of several 

hundred endpoints best satisfies a natural-language subtask. The vocabulary mismatch between operational 

nomenclature embedded in OpenAPI schemas and the semantic representation space of a Large Language Model is 

substantial, and the cost of that mismatch is measurable: tool selection errors compound across multi-step reasoning 

chains, producing hallucinated API calls, ill-formed request bodies and, ultimately, incorrect or incomplete outputs. 

This paper makes the case that bridging what we term the Deterministic-Cognitive Gap requires more than adding a 

description field to an existing API specification. It requires a deliberate re-architecting of the integration layer so that 

tool interfaces are intrinsically understandable to a language model, discovery is dynamic rather than hard-coded, and 

governance over AI-driven request patterns is built into the infrastructure rather than bolted on after the fact. The Model 

Context Protocol (MCP), published by Anthropic in late 2024, provides precisely the right abstraction for this purpose: 

a lightweight JSON-RPC 2.0 based protocol that defines how LLM clients and tool-providing servers should 

communicate, including standard primitives for listing available tools, invoking them with structured arguments and 

returning results in a normalised format [1]. 

The principal contributions of this paper are as follows. 

The ARA Framework: A fully specified Agent-Ready Architecture that converts existing enterprise System APIs into 

MCP Servers through a four-stage pipeline comprising introspection, semantic enrichment, exposure and registry. 

MCP-Compliant Process Layer: A redesign of the Process API tier as a set of MCP Hosts, each of which manages 

one or more MCP Servers and presents multi-step business workflows as single, semantically annotated tool 

invocations. 

Context-Aware Service Mesh: A governance layer that applies token-budget enforcement, intent-based rate limiting 

and semantic throttling to AI-driven request traffic, addressing the operational safety requirements that enterprise 

deployments demand. 

Empirical Validation: A controlled evaluation on a six-service Kubernetes cluster demonstrating a 90% Semantic 

Discovery Precision, a 60.5% reduction in multi-tool chain latency and a 40% decrease in hallucination rates compared 

to direct API routing baselines. 

The remainder of this paper proceeds as follows. Section II surveys the prior art on enterprise integration patterns, MCP 

and related LLM agent frameworks. Section III establishes the background concepts and formal definitions. Section IV 

details the ARA framework. Section V describes the experimental setup and metrics. Section VI presents and analyses 

the results. Section VII discusses practical implications and limitations, and Section VIII concludes. 

 

II.  RELATED WORK 

A. Enterprise API Architecture and Integration Patterns 

The three-tier API-led connectivity model was codified by MuleSoft in the early 2010s and has since become a standard 

reference architecture in enterprise integration discussions [2]. Its appeal lies in the clean separation of concerns it 

enforces: System APIs abstract the volatility of backend record systems, Process APIs encapsulate orchestration logic, 

and Experience APIs tailor composite responses for specific consumer channels. Newman’s work on microservices 

decomposition [3] and Richardson’s documentation of microservice patterns [4] provide the foundational service-

boundary and communication-pattern vocabulary on which ARA builds. 

Hohpe and Woolf’s catalogue of enterprise integration patterns [5] remains the definitive reference for message-based 

composition. Several of those patterns, particularly Scatter-Gather, Correlation Identifier and Process Manager, appear 

in the MCP Process Host design described in Section IV, albeit expressed through MCP’s JSON-RPC primitives rather 

than message-oriented middleware constructs. The transition from REST-centric integration to protocol-agnostic tool 

invocation that ARA proposes can be seen as a natural extension of the direction those earlier works pointed toward. 

 

B. Model Context Protocol and LLM Tool Use 

Anthropic published the Model Context Protocol specification in November 2024, providing a vendor-neutral standard 

for the interface between LLM clients and external tool-providing servers [1]. MCP defines three resource primitives: 
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Tools, which are callable functions with structured JSON Schema parameter definitions; Resources, which are readable 

data sources such as files, database rows or API responses; and Prompts, which are reusable, parameterised instruction 

templates. The protocol transport layer supports both stdio-based communication, suitable for local subprocess 

execution, and Server-Sent Events over HTTP, suitable for remote networked deployments. 

Prior to MCP, OpenAI’s function-calling interface [6] established the convention of providing LLMs with JSON 

Schema tool descriptions that the model can select from and populate at inference time. Significant reliability 

improvements in tool selection accuracy were reported in the GPT-4o technical report [7], making production agentic 

deployments increasingly practical. LangChain’s tool abstraction [8] and LlamaIndex’s tool router [9] both predated 

MCP and demonstrated the commercial demand for structured tool invocation, though neither addressed the server-side 

discovery and registration problem that MCP and ARA tackle. 

 

C. Hallucination Reduction in Agentic Workflows 

Hallucination in the context of tool-calling agents manifests differently from hallucination in open-ended generation. 

Rather than fabricating factual claims, a tool-calling agent hallucinates by selecting a plausible-but-incorrect tool, 

supplying a structurally valid-but-semantically-wrong argument, or inventing a tool name that does not exist in the 

registry. Ji et al.’s comprehensive survey of LLM hallucination [10] provides a useful taxonomy, though it predates the 

widespread deployment of tool-calling agents and does not address this specific failure mode in depth. 

More directly relevant is the work of Patil et al. on Gorilla [11], which demonstrated that fine-tuning LLMs on API 

documentation substantially reduced tool selection errors on their APIBench benchmark. Their key finding that model 

accuracy degrades gracefully as the tool candidate set grows beyond a few dozen entries motivates the ARA registry 

design, which filters the candidate set to a semantically relevant subset before presenting it to the agent. Chen et al.’s 

analysis of structured generation constraints [12] shows that requiring the model to produce valid JSON Schema-

conformant outputs before execution reduces downstream error rates, a technique incorporated into the MCP callTool 

implementation. 

 

D. Service Mesh Governance 

The service mesh literature provides extensive guidance on the governance of microservice traffic, including rate 

limiting, circuit breaking and mutual TLS enforcement. The Istio project [13] and Envoy proxy [14] are the dominant 

open-source implementations. However, the existing rate-limiting primitives in these systems were designed for 

request-per-second thresholds applied to human-initiated HTTP traffic, not for the token-budget and intent-based quotas 

that AI-driven traffic requires. The CNCF Observability Technical Advisory Group’s 2024 whitepaper [15] identifies 

this gap explicitly, noting that “semantic rate limiting” for LLM workloads is an open research and engineering 

problem. The Context-Aware Service Mesh described in Section IV.D represents one concrete approach to filling that 

gap. 

 

III.  BACKGROUND AND FOUNDATIONAL CONCEPTS 

A. The Deterministic-Cognitive Gap 

We define the Deterministic-Cognitive Gap (DCG) as the structural incompatibility between the interface conventions 

of machine-authored, schema-rigid APIs and the inference-time tool selection requirements of LLM-based agents. 

Figure 1 illustrates the two worlds separated by this gap. On the deterministic side, System APIs expose typed 

endpoints whose contract is fully specified by an OpenAPI or WSDL schema. The schema encodes field names, data 

types and HTTP verbs accurately, but it encodes semantic intent poorly. A field named cust_id conveys nothing to a 

language model about whether it accepts an internal UUID, an external CRM identifier or a hashed email address. 
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Figure 1. The Deterministic-Cognitive Gap: the structural mismatch between schema-rigid System APIs and the 

dynamic, context-aware tool interfaces that LLM agents require. The MCP-Based ARA Bridge (top arc) is the core 

contribution of this work. 

On the cognitive side, an LLM agent operating through a ReAct loop selects tools by reasoning over their natural-

language descriptions. The agent forms an intent, queries its tool registry for candidates whose descriptions are 

semantically similar to that intent, selects the best match and constructs a call. This entire pipeline depends on the 

quality and richness of the textual descriptions attached to each tool. When those descriptions are absent or 

impoverished, the precision of the selection step falls sharply, as the experimental results in Section VI confirm. 

 

B. Model Context Protocol 

An MCP deployment comprises two roles. The MCP Server exposes capabilities to clients through three primitives: 

listTools(), which returns a JSON array of tool descriptors each containing a name, a natural-language description and a 

JSON Schema parameter definition; callTool(name, args), which executes a named tool with the supplied arguments 

and returns a structured result; and getResource(uri), which fetches a named data resource. The MCP Client, which in 

the ARA design is the LLM reasoning engine or its hosting orchestration framework, connects to one or more MCP 

Servers, aggregates their tool listings into a unified registry and presents the full set to the LLM at the start of each 

agent session. 

The protocol transport supports two modes. Stdio transport spawns the server as a subprocess and communicates over 

standard input and output streams, which is convenient for local development but impractical at enterprise scale. 

Server-Sent Events transport exposes the server over an HTTP endpoint, supports concurrent clients and integrates 

naturally with load-balanced Kubernetes services. All ARA MCP Hosts in this study use the SSE transport, fronted by 

the Envoy sidecar proxy for mutual TLS termination and request logging. 

 

C. Semantic Discovery and Tool Selection 

Tool discovery in the ARA framework is a two-stage process. In the offline stage, each MCP Server’s tool descriptors 

are embedded using a dense retrieval model (text-embedding-3-large, 3072 dimensions) and indexed in a vector 

database. Each embedding is annotated with metadata including the originating service domain, the business capability 
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it represents, any required authentication scope and the expected latency tier. In the online stage, when an agent forms 

an intent, it embeds the intent string and queries the vector index for the top-K most similar tool descriptors, then 

applies a cross-encoder re-ranking step to produce a final ranked candidate list of size three to five. This filtered 

candidate list, rather than the full registry, is presented to the LLM, substantially reducing the cognitive load imposed 

on the model and the probability of an incorrect selection. 

 

IV.  THE ARA FRAMEWORK 

A. Overview 

The Agent-Ready Architecture comprises four interacting layers. The System API Tier houses the existing enterprise 

backends, each wrapped as an MCP Server through the transformation pipeline described in Section IV.B. The MCP 

Process Layer contains one MCP Host per business domain; each Host orchestrates the MCP Servers for the System 

APIs in its domain and exposes composite, multi-step capabilities as higher-level tools. The LLM Agent Tier houses 

the reasoning engine together with the Semantic Planner and Context Manager components described in Section IV.C. 

The Context-Aware Service Mesh, described in Section IV.D, provides the governance infrastructure that operates 

across all three tiers. Figure 3 provides a comprehensive view of the full architecture. 

 
Figure 3. The full Agent-Ready Architecture (ARA): System API Tier wrapped as MCP Servers, MCP Process Layer as 

orchestrating Hosts, LLM Agent Tier with Semantic Planner and Context Manager, and a golden-boundary Context-

Aware Service Mesh spanning both inner tiers. 

 

B. System API to MCP Server Transformation 

Figure 2 shows the four-stage pipeline through which a legacy System API becomes an MCP Server. In Stage 1 

(Introspect), the pipeline parses the existing OpenAPI 3.1 specification or, where one is absent, generates a candidate 

specification through runtime traffic analysis using a passthrough recording proxy. The output is a normalised internal 
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representation of all available endpoints, their HTTP verbs, path parameters, query parameters, request body schemas 

and response schemas. 

 
Figure 2. Four-stage System API to MCP Server transformation pipeline. Stage 1 introspects the existing OpenAPI 

specification, Stage 2 enriches endpoints with natural-language descriptions and intent taxonomy labels, Stage 3 

exposes the result as a fully-formed MCP Server, and Stage 4 registers the server in the semantic discovery index. 

Stage 2 (Adapt) is the intellectually most demanding step. For each endpoint, a fine-tuned instruction model generates a 

natural-language description that explains, in plain terms accessible to a general-purpose LLM, what the endpoint does, 

what data it returns and under what conditions it should be preferred over similar endpoints. In addition to the free-text 

description, each tool is annotated with an intent taxonomy label drawn from a controlled vocabulary of 48 business 

capability categories, a set of required OAuth 2.0 scopes, an expected latency tier (fast under 100 ms, moderate 100 to 

500 ms, slow above 500 ms) and a brief example of a natural-language query that should trigger selection of this tool. 

These annotations are embedded alongside the textual description to form the vector index entry for this tool. 

Stage 3 (Expose) packages the enriched tool definitions into an MCP Server implementation. Each tool’s JSON Schema 

parameter definition is derived from the original OpenAPI parameter schema, with field names replaced by 

semantically meaningful alternatives where the original names are opaque abbreviations, and with enum value 

descriptions added where the original schema lists only codes. The MCP Server is deployed as a containerised service 

on Kubernetes, with a dedicated service account whose RBAC permissions are scoped to the minimum set of System 

API endpoints it needs to call. Stage 4 (Register) embeds all tool descriptors for the new server and upserts them into 

the central vector index, making the new capabilities immediately discoverable to the agent tier without any manual 

configuration. 

 

C. MCP Process Layer and Semantic Planner 

Each Process domain in the enterprise, such as Order Management, Customer Engagement or Inventory Control, is 

represented by an MCP Host. The Host subscribes to the MCP Servers for the System APIs within its domain and 

composes their primitive tools into higher-level composite tools. For example, the Order Process Host exposes a 

fulfil_order tool that internally calls the Inventory reservation MCP tool, the CRM customer validation MCP tool and 

the ERP order creation MCP tool in sequence, applying the Saga pattern [16] for compensation in the event of a partial 

failure. From the agent’s perspective, fulfil_order is a single tool call with a clear natural-language description, not a 

three-step coordination exercise. 
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The Semantic Planner component, which sits between the LLM and the MCP registry, performs the online discovery 

step described in Section III.C. It also maintains a short-term tool-use history for the current agent session so that 

repeated calls to the same tool within a reasoning chain can be served from a local result cache, avoiding redundant API 

calls. The Context Manager handles the longer-term session state, maintaining the agent’s working memory and 

supplementing the model’s context window with relevant retrieved documents when the cumulative context of a multi-

step task approaches the model’s token limit. 

 

D. Context-Aware Service Mesh 

Figure 5 illustrates the Context-Aware Service Mesh, which extends the conventional sidecar model with three AI-

specific governance primitives. Token-budget enforcement assigns each agent session a maximum token allocation. 

The sidecar intercepts outbound tool call requests, estimates the expected output token count for each based on 

historical data for that tool, and rejects calls that would cause the session to exceed its allocated budget, returning a 

structured budget-exceeded error that the agent can interpret and use to reprioritise its remaining actions. Intent-based 

rate limiting applies per-intent-category request frequency caps, preventing a single runaway reasoning loop from 

exhausting backend resources. Semantic throttling monitors the embedding distance between consecutive tool calls and 

applies a configurable delay when successive calls are semantically near-identical, which is a reliable signature of an 

agent stuck in an unproductive loop. 

 
Figure 5. (a) Context-Aware Service Mesh governance topology with three AI-specific control plane policies applied 

through Envoy sidecars. (b) Multi-dimensional performance radar comparing direct API routing against MCP-ARA 

across six dimensions; starred dimensions are better when lower. 

 

V.  EXPERIMENTAL METHODOLOGY 

A. Deployment Environment 

The evaluation environment was a single GKE 1.30 cluster comprising 16 n2-standard-8 worker nodes (8 vCPU, 32 GB 

RAM) and hosted on Google Cloud in the us-central1 region. Istio 1.22 with the Envoy sidecar provided the base 

service mesh. The six evaluated System APIs were representative services from a real enterprise application: an ERP 

order management service (Java, Spring Boot 3.2), a CRM contact service (Python, FastAPI), a PostgreSQL database 

access service (Go, GORM), an identity and authorisation service (Node.js, Express), a Kafka-backed event streaming 

service and an analytics aggregation service. All six services already had OpenAPI 3.1 specifications, which served as 

the input to Stage 1 of the transformation pipeline. 
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The ARA transformation pipeline was implemented as a Kubernetes Job that runs on demand when a new System API 

specification is registered in the internal API catalogue. The MCP Servers were deployed as Kubernetes Deployments 

with two replicas each, fronted by Kubernetes Services and backed by Envoy sidecars configured with the AI-specific 

governance policies described in Section IV.D. The LLM agent used GPT-4o (gpt-4o-2024-08-06) via the OpenAI API, 

with a 128,000-token context window and tool-calling mode enabled. Tool descriptions were served to the model 

through the Semantic Planner, which limited the presented candidate set to the top five tools per intent query. 

 

B. Evaluation Metrics 

Two primary metrics drive the evaluation. Semantic Discovery Precision is defined as the proportion of agent tool-

selection decisions, out of a test set of 400 annotated natural-language task descriptions, in which the agent selected the 

correct MCP tool as its first choice. The ground-truth correct tool for each task description was established by two 

independent software architects who reviewed all 400 annotations prior to the experiment; inter-annotator agreement 

was 94.5%, with disagreements resolved by majority vote. Tool-Invocation Latency is the wall-clock time from the 

moment the agent issues a callTool request to the moment the MCP Server returns the normalised result to the agent, 

measured at the P50, P90 and P99 percentiles across 2,000 invocations per tool type. 

Secondary metrics include the Hallucination Rate, defined as the proportion of tool calls in a multi-step reasoning chain 

that target a non-existent or semantically inappropriate tool, measured by replaying 120 multi-step task scenarios and 

reviewing the agent’s tool call log against a reference solution. Cognitive Load Reduction is quantified as the 

percentage reduction in prompt token consumption and number of LLM API calls required to complete a task in the 

ARA configuration compared to the direct API routing baseline. 

 

C. Baseline Configurations 

Parameter Baseline (Direct API Routing) ARA Framework (Proposed) 

Tool Interface OpenAPI spec, no descriptions MCP Server with semantic annotations 

Discovery Hard-coded endpoint names Vector-indexed semantic search 

Candidate Filtering Full tool list presented to LLM Top-5 re-ranked candidates 

Process Orchestration Manual multi-step prompt chains MCP Host composite tools 

Governance Standard Istio rate limiting Context-Aware Mesh (token budget, 

intent caps) 

LLM GPT-4o, full tool list GPT-4o, filtered candidate set 

Table I: Experimental Configuration 

 

VI.  RESULTS AND ANALYSIS 

A. Semantic Discovery Precision 

Figure 4 panel (a) presents Semantic Discovery Precision disaggregated across five query categories. The overall 

weighted average precision for the ARA configuration is 90.0%, compared to 52.6% for direct API routing, an 

improvement of 37.4 percentage points. The gap is most pronounced for Cross-service Chain queries, where ARA 

achieves 85% precision against a baseline of 39%. This difference is attributable to two factors acting together. First, 

the semantic enrichment applied in Stage 2 of the transformation pipeline provides the LLM with descriptions that 

explicitly characterise multi-service dependencies, allowing it to match chain-level intents to composite tools hosted by 

the MCP Process Layer. Second, the candidate filtering step prevents the model from being distracted by superficially 

similar single-service tools when a composite tool is the appropriate choice. 
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Figure 4. Four-panel experimental results: (a) Semantic Discovery Precision per query category; (b) Tool-Invocation 

Latency comparison; (c) Hallucination rate as a function of tool context size; (d) Cognitive load reduction heatmap 

across task complexity levels. 

Simple Lookup queries achieve 96% precision under ARA. In several cases where the baseline system selected an 

incorrect tool, the error was caused by name similarity between two endpoints that served structurally similar but 

semantically distinct purposes, such as a customer read endpoint and a lead read endpoint that shared an identical 

parameter schema. The natural-language descriptions added during Stage 2 disambiguated these cases clearly. 

 

B. Tool-Invocation Latency 

Panel (b) of Figure 4 shows Tool-Invocation Latency at the P50 percentile for five operation types. For single-service 

operations such as ERP Lookup, CRM Query, Database Read and Auth Check, the ARA configuration introduces a 

modest additional latency of 38 to 69 ms compared to the hardcoded baseline, attributable to the MCP protocol framing 

overhead and the sidecar-level JSON Schema validation step. This overhead is small in absolute terms and falls within 

the slow latency tier for none of the four single-service operation types. 

The most significant improvement occurs for Multi-tool Chain operations, where ARA reduces P50 latency from 1,240 

ms to 490 ms, a reduction of 60.5%. This improvement comes from two sources. The MCP Process Layer’s composite 

tools replace a sequence of individually orchestrated prompt-tool-prompt cycles with a single callTool invocation 

whose internal steps are executed server-side, eliminating the round-trip token consumption and LLM inference time 

associated with each intermediate step. Furthermore, the Process Host applies concurrent execution where the Saga 

pattern permits it, parallelising independent sub-calls within a composite operation. 

 

C. Hallucination Rate and Cognitive Load 

Panel (c) of Figure 4 shows the hallucination rate as a function of tool context size. When only one tool is available, all 

three configurations perform similarly, confirming that the single-tool case is trivially easy for all evaluated models. As 

the number of tools in the context window grows beyond four, the direct API routing baseline degrades rapidly, 

reaching 87% at twelve tools. The RAG-only augmentation approach, which retrieves similar tool descriptions but does 

not enforce a strict candidate cap, improves substantially on the baseline but still reaches 32% at twelve tools. The ARA 

configuration, which enforces a top-five candidate cap after re-ranking, holds the rate to 22% at twelve tools and, 

critically, at six tools achieves the 40% reduction relative to direct routing that was stated in the study’s target. 

The cognitive load heatmap in panel (d) quantifies the reduction in prompt token consumption and LLM call count 

across five task complexity levels. Routing Error reduction is the most prominent result, reaching 78% for Long Chain 
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tasks because the MCP Process Layer’s composite tools absorb the coordination complexity that, in the baseline, must 

be expressed as a long prompt chain prone to mid-chain errors. Prompt token savings of 28 to 45% across task levels 

compound into meaningful cost reductions at production scale, where enterprise deployments commonly process 

thousands of agent sessions per day. 

 

D. Discussion 

The results broadly support the central thesis that semantic enrichment at the tool interface layer, combined with 

dynamic candidate filtering at runtime, constitutes a more effective solution to the Deterministic-Cognitive Gap than 

either fine-tuning the agent model on API documentation or augmenting vanilla API calls with retrieval-augmented 

context. The ARA approach is also, notably, non-destructive: existing System APIs are not modified. The 

transformation pipeline produces a parallel MCP layer that coexists with the original REST interface, preserving 

backward compatibility for all existing non-agent clients. 

Two limitations deserve attention. First, the quality of Stage 2 semantic enrichment depends on the quality of the 

instruction model used to generate tool descriptions. When applied to APIs whose documentation is sparse or 

misleading, the generated descriptions inherit those weaknesses, and precision improvements are smaller than the 

values reported here. Second, the Context-Aware Service Mesh governance policies, particularly the token-budget 

enforcement, require calibration per deployment. Setting budgets too conservatively causes agents to terminate 

prematurely on legitimate long-running tasks; setting them too generously defeats the purpose of the control. A 

principled methodology for budget calibration is beyond the scope of this paper and represents an important direction 

for follow-on work. 

 

VII.  CONCLUSION 

This paper has presented the Agent-Ready Architecture, a framework for closing the Deterministic-Cognitive Gap 

between enterprise System APIs and LLM-based autonomous agents. Through a four-stage transformation pipeline, 

ARA converts legacy REST endpoints into MCP Servers equipped with semantically rich tool descriptions and 

registers them in a dynamic vector-indexed discovery registry. A redesigned Process API layer acts as an MCP Host, 

composing primitive System API tools into higher-level business capability tools that reduce the orchestration burden 

placed on the agent. A Context-Aware Service Mesh provides the governance infrastructure needed to operate AI-

driven request patterns safely within existing enterprise security and reliability boundaries. 

The empirical evaluation demonstrates that this architecture raises Semantic Discovery Precision from 53% to 90% 

across five query categories, reduces multi-tool chain latency by 60.5%, and lowers hallucination rates by 40% at six-

tool context depth. These results suggest that the bottleneck to enterprise AI agent adoption is not primarily the 

capability of the underlying language model but rather the quality and discoverability of the tool interfaces presented to 

it. Investing in the interface layer, in the way that ARA proposes, may therefore yield larger returns than investing in 

model fine-tuning for most enterprise integration use cases. 

Future work will examine three open problems. Automated calibration of token-budget policies based on historical task 

completion data is the most pressing operational concern for production deployments. Extending the semantic 

enrichment pipeline to handle APIs with sparse or misleading documentation, possibly through dynamic traffic-based 

description generation, would broaden the class of legacy systems to which ARA can be applied without manual 

intervention. Finally, evaluating ARA in multi-tenant environments, where tool registries must enforce tenant isolation 

at the discovery layer, raises interesting security and privacy challenges that warrant dedicated investigation. 
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