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Abstract 

 

Autonomous software agents operating through the Model Context Protocol (MCP) reveal a fundamental architectural mismatch between 

conventional REST API design and the finite context windows of Large Language Model (LLM) inference engines. Enterprise backend 

services originally optimized for browser-based applications typically return payloads enriched with deeply nested relational structures, 

verbose infrastructure metadata, and redundant serialization artifacts. While acceptable for human-operated interfaces, these responses 

unnecessarily consume LLM context capacity when delivered through MCP servers, increasing inference costs, reducing reasoning 

efficiency, and limiting the number of actionable interactions that autonomous agents can perform. This article investigates serialization-

boundary optimization as a critical architectural concern for MCP-native systems and proposes four composable backend design patterns: 

Semantic Envelope, infrastructure metadata pruning, dynamic token-aware pagination, and GraphQL interface projections. Together, these 

patterns restructure API responses to maximize semantic density while minimizing token consumption without modifying underlying 

domain models or persistence layers. The implementation is demonstrated in enterprise environments built on Spring Boot and Hibernate, 

illustrating seamless integration with existing software architectures. Experimental evaluation using production entity structures from a 

peer-to-peer car-sharing marketplace processing millions of vehicle transactions annually shows token reductions ranging from 34% to 86% 

across the proposed patterns, a 40% decrease in API pagination cycles, and a 97% reduction in response latency through a two-tier semantic 

caching strategy deployed over an 11.5-million-row persistence layer sustaining approximately 48,900 read operations per minute. These 

findings demonstrate that context-aware serialization significantly improves LLM agent efficiency while preserving enterprise scalability, 

interoperability, and maintainability. The proposed framework provides a practical engineering vocabulary and reference architecture for 

designing token-efficient, MCP-native backend systems capable of supporting the next generation of autonomous AI agents in large-scale 

enterprise environments. 
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1. Introduction 

Backend web architectures have historically been built around two dominant consumer paradigms: browser-rendered user interfaces and 

structured, machine-to-machine database synchronization. The serialization conventions established for these contexts (fully hydrated 

relational entity graphs, verbose property naming, and extensive metadata annotation) emerged from requirements of completeness, audit 

integrity, and display fidelity. Neither paradigm anticipated the LLM agent as a primary API consumer. The Model Context Protocol now 

introduces this scenario precisely, exposing enterprise endpoints to AI reasoning engines subject to strict token budget constraints [1]. 

The scale of this mismatch is quantifiable. In the production backend of Turo Inc., a peer-to-peer car sharing marketplace processing 

millions of vehicle transactions annually, a representative vehicle definition entity contains 77 serializable fields, of which 21 (27%) are 

infrastructure metadata, such as database identifiers, row version counters, unit-of-measure annotations, and deprecated migration columns, 

that carry no semantic signal for agent reasoning. When serialized as standard JSON, these infrastructure fields consume 28% of the 

payload; token budget. Across the platform's entity types central to vehicle and delivery operations, infrastructure metadata accounts for 

27-42% of serialized fields, representing a systematic token tax on every MCP-mediated interaction. 

The architectural mismatch is consequential. REST endpoints designed for browser completeness deliver deeply nested object graphs 

populated with infrastructure properties, including database row versions, system UUIDs, and administrative audit fields, that carry no 

semantic signal for a language model [2]. Ingesting these payloads at inference time displaces reasoning context with representation 

overhead, saturates finite context windows, and escalates per-operation token costs on cloud platforms [3][4]. Protocol-native endpoint 

standardization has been identified as a structural precondition for reliable agentic execution across distributed services [1]. Backend 

https://creativecommons.org/licenses/by/4.0/
http://ijesty.org/index.php/ijesty
mailto:nikhilramashasthri@gmail.com


 

International Journal of Engineering, Science and Information Technology, 6 (3), 2026, pp. 66-75 67 

 

 

engineers must consequently treat payload serialization as a resource-engineering problem, treating the context window capacity as a 

bounded constraint analogous to memory bandwidth or network throughput. 

The structural landscape of this inquiry is established in §1.1, which contextualizes the proposed patterns within the broader literature on 

payload optimization and the Model Context Protocol. The subsequent analysis proceeds through a four-tier examination of serialization 

engineering: Section 2 formalizes strategies for systematic infrastructure pruning at the architectural boundary. In contrast, Section 3 

investigates the mechanics of token-driven pagination and selective projection. Downstream optimizations, including tiered semantic 

caching and representational compression, are evaluated in Section 4. These patterns are empirically validated against enterprise production 

entities in Section 5. The article concludes by examining systemic operational implications in Section 6 and synthesizing future research 

trajectories for MCP-native architectures in Section 7. 

The problem of delivering right-sized API responses has been addressed at the protocol level by several standards, though none incorporate 

token budgets as a design constraint. The JSON: API specification [5] defines sparse fieldsets via the fields[type] query parameter, enabling 

clients to request a subset of resource attributes. OData's $select and $expand system query options [6] provide similar field-level projection 

within Microsoft's ecosystem, with recent extensions proposing query cost estimation as a first-class protocol feature [7]. Google's Protocol 

Buffer FieldMask [8], adopted at scale by Netflix for partial-response APIs [9] allows gRPC clients to specify exactly which fields to 

populate in a response message. These mechanisms address over-fetching from the client's perspective but operate on a fixed field-selection 

model: the client must know which fields it needs before issuing the request, and the response size is determined by the field count rather 

than a token or byte budget. None of these standards account for the variable token cost of field values — a constraint that becomes binding 

when the consumer is an LLM inference engine with a fixed context window. 

GraphQL's intrinsic field selection [10] comes closest to the projection pattern described in §3.2 of this article. Cha et al. [11] formalized 

query cost analysis for GraphQL, enabling servers to estimate the computational expense of a query before execution. However, their cost 

model measures server-side resource consumption (database joins, resolver invocations), not client-side token consumption. The token-

driven pagination pattern (§3.1) and semantic envelope (§2.1) proposed here are complementary: they operate at the serialization boundary 

rather than at the query planning layer, shaping the response payload after field selection. 

Within the emerging MCP ecosystem, Srinivasan [12] proposed deployment patterns for MCP-integrated AI agents, including context-

aware batched processing and adaptive tool-based architectures. Surveyed MCP's security landscape and identified payload handling as an 

area requiring further engineering discipline [13]. Extended MCP with context-aware server collaboration [14], introducing a shared 

context store that reduces redundant LLM invocations across specialized MCP servers. These works address the orchestration and security 

dimensions of MCP deployment; this article complements them by examining the serialization dimension, which shapes the data that must 

be serialized before it enters the MCP transport. 

The token budget constraint explored here has parallels in two adjacent research areas. In retrieval-augmented generation (RAG), chunking 

strategies determine how retrieved documents are segmented to fit within context windows [15], with recent work on adaptive granularity 

[16] optimizing chunk size to balance recall and token efficiency. The present work addresses the analogous problem at the API response 

layer: rather than chunking retrieved documents, we shape structured API payloads to respect the same token budget. In LLM reasoning, 

Demonstrated that explicitly managing token budgets during chain-of-thought reasoning preserves accuracy while reducing inference cost 

— evidence that token-awareness at every layer of the LLM interaction stack [16], including the data-supply layer addressed here, yields 

compounding efficiency gains. Formalized budget-aware tool use for LLM agents, introducing a cost tracker that dynamically adapts agent 

behavior based on remaining token and tool-call budgets. Their work operates at the agent planning layer; ours operates at the data-supply 

layer beneath it, and the two are composable [17]. 

The contribution of this article is distinct from all of the above: it treats token consumption as a first-class serialization constraint at the 

backend API boundary — a layer that existing field-selection standards, MCP orchestration patterns, RAG chunking strategies, and agent 

budget trackers do not address. The four patterns proposed here are protocol-agnostic (applicable to REST, GraphQL, and gRPC backends 

serving MCP tools) and composable with the agent-side and retrieval-side optimizations described in the works above. 

2. Literature Review 

2.1. The Semantic Envelope Design Pattern 
Without deliberate architectural intervention, an LLM agent consuming a conventional REST endpoint must commit context window 

capacity to full deserialization before determining whether the payload is relevant to its current execution step [18][19]. The Semantic 

Envelope pattern addresses this inefficiency by inserting a lightweight pre-descriptor schema, comprising an estimated token count, a 

concise natural-language state summary, and structural truncation flags, as a header block delivered before the primary entity data [20]. 

The agent reads this briefing and allocates the memory budget selectively, pulling nested attributes only when its reasoning task requires 

deeper context. 

Within a Spring enterprise backend, the pattern is implemented as an outbound interceptor positioned in the web response lifecycle. Before 

the domain entity graph undergoes serialization, the interceptor generates a compressed structural summary and attaches it to the envelope 

header. For queries returning large result sets, the envelope header alerts the agent to volume constraints before any entity data is 

transmitted. Context window saturation events are prevented without modification to the underlying application domain or database 

persistence layers, preserving the separation of concerns that characterizes well-structured enterprise architectures [21].  
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Fig 1. Architectural Schematic of the Semantic Envelope Request Lifecycle. The outbound interceptor calculates a compressed pre-descriptor header 

comprising token-weight estimates, natural-language state briefings, and structural truncation markers before primary entity serialization. This mechanism 

enables the reasoning agent to evaluate relevance via a 53-token briefing, bypassing the 442-token average context committed during full payload 

ingestion 
 

Benchmarking across three production entity types from the evaluation backend quantifies this efficiency. For a VehicleDefinition entity 

(77 fields, 798 tokens fully serialized), the semantic envelope header consumes 53 tokens, 6.6% of the full payload, while providing 

sufficient metadata for the agent to determine relevance without ingesting the entity body. When the payload is irrelevant to the agent's 

current reasoning step, the envelope allows the agent to skip 745 tokens of unnecessary context. Across VehicleDefinition (798 tokens), 

Vehicle (265 tokens), and VehicleDeliveryLocation (262 tokens) entity types, envelope headers averaged 53 tokens (12.0% of payload 

size) while preventing an average of 389 tokens of context window consumption per skipped entity. In multi-entity response sets typical 

of enterprise list endpoints, this pre-briefing mechanism prevents cumulative context saturation without requiring the backend to anticipate 

which entities are relevant to the agent's task. 

 

Table 1. Semantic Envelope Pre-Briefing: Token Efficiency Across Production Entity Types 

Entity Type Full Payload (tokens) 
Envelope Header 

(tokens) 

Envelope as % of 

Payload 

Tokens Saved per 

Skipped Entity 

VehicleDefinition 798 53 6.6% 745 

Vehicle 265 53 20.0% 212 

VehicleDeliveryLocation 262 53 20.2% 209 

Average (3 entities) 442 53 12.0% 389 

2.2. Pruning Systemic Metadata and Framework Overhead 
Hibernate-managed enterprise persistence layers generate substantial quantities of internal data properties required for transactional 

consistency and database audit compliance. Global unique identifiers, row version counters, creation and modification timestamps, and 

soft-deletion flags are operationally necessary within the persistence tier but represent pure overhead when serialized into payloads 

delivered to a language model reasoning engine. Compound representations, deeply nested object hierarchies, repetitive structural framing, 

JSON brackets, and verbose key strings further increase the token cost per unit of semantic content. 

Token-aware serialization systematically excludes infrastructure fields before payload transmission. Spring serializer configurations or 

custom data transfer objects enforce this exclusion at the application boundary, preventing persistence-layer artifacts from entering the 

MCP data stream [7]. Nested relational structures are simultaneously flattened into direct key-value representations, reducing hierarchy 

traversal overhead within the inference engine. The combined effect is a payload in which each transmitted character represents actionable 

domain information, maximizing semantic density per token and eliminating representational overhead that traditional REST design treats 

as acceptable infrastructure metadata [22]. 
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Table 2. Infrastructure Metadata Pruning Classification for MCP-Native Serialization 

Field Category Example Fields Pruning Decision Rationale 

System Identity 
id (GeneratedIdEntity), serialVersionUID, 

row version 
Prune 

No semantic signal for LLM 

reasoning 

Audit Metadata 
created, modified 

(CreatedModifiedBaseEntity) 
Prune 

Database audit trail; irrelevant to 

agent logic 

Relational Keys 
vehicle.id (FK), vehicleDefinition.id (FK), 

location.id (FK) 

Prune 

(conditional) 

Include only if the agent requires 

entity traversal 

Deprecated/Migration 
makeV2, modelV2, oldVehicleDefinition, 

valuationStrategy 
Prune 

Forward-compatibility infrastructure; 

no current semantic value 

Unit Metadata 
horsepowerUnit, torqueUnit, 

fuelEconomyCityUnit, batteryRangeUnit 

Prune 

(conditional) 

Include only when unit ambiguity 

exists in the agent's reasoning context 

Business State status, enabled, checkInMethod, valet Retain 
Direct semantic signal for agent 

decisions 

Domain Attributes make, model, year, vin, fee, instructions Retain 
Core content for agent reasoning 

tasks 

Computed Aggregates epaCombinedMpg, msrp, batteryRange 
Retain (if pre-

computed) 

Reduces agent computation; token-

efficient 

 

Table 3 quantifies the architectural efficiency gains from systematic pruning of infrastructure metadata across three representative 

production entity types in the evaluation environment's Spring and Hibernate backend. 

These metrics represent cl100k_base token consumption for standard JSON serialization. 

 

Table 3. Token Impact of Infrastructure Metadata Pruning on Production Entities 

Entity 
Total 

Fields 

Infrastructure 

Fields 
Infrastructure % 

Full 

Tokens 

Pruned 

Tokens 

Token 

Reduction 

VehicleDefinition 77 21 27% 798 571 28.4% 

Vehicle 19 8 42% 265 132 50.2% 

VehicleDeliveryLocation 12 5 42% 262 185 29.4% 

Weighted Average N/A N/A 34% N/A N/A 34.1% 

 

The Vehicle entity achieves the greatest architectural efficiency gain, yielding a 50.2% reduction in tokens. This optimization is primarily 

driven by the removal of deeply nested relational objects, specifically primaryContact, vehicleDefinition, and listingSummary, which 

contribute a disproportionate token volume compared to their field cardinality. Such metrics confirm that raw field counts fail to reflect the 

true impact of the context window accurately, as relational infrastructure artifacts amplify the systemic token tax beyond their nominal 

representation in the schema. 

Table 4 compares the serialization output of a conventional REST endpoint with that of a token-aware MCP-native endpoint across six 

architectural dimensions. 

Table 4. Traditional REST vs. MCP-Aware Payload Comparison 

Dimension Traditional REST Token-Aware MCP Design 

Payload structure Fully hydrated entity graph Pruned, flat key-value 

Metadata included All infrastructure fields Semantic fields only 

Pagination unit Fixed row count Dynamic token threshold 

Field selection Endpoint-defined Agent-specified (GraphQL) 

Cache storage format Raw serialized JSON Pre-pruned compressed model 

Context window impact Unpredictable saturation risk Budget-controlled delivery 

 3. Methods 

3.1. Dynamic Token-Driven Pagination 
Fixed-row-count pagination, the dominant convention in REST API design, calibrates delivery volume for browser grid rendering rather 

than LLM inference budgeting. The critical limitation in MCP contexts is semantic variability: individual records in enterprise databases 

differ substantially in text density. A row containing an uncompressed stack trace or free-text narrative may consume token volume 

equivalent to dozens of compact transactional rows. Fixed-row pagination cannot account for this variance; a boundary set for average-

density records may permit token-burst records to saturate the agent's context window mid-stream. 

Dynamic, token-driven pagination replaces row-count thresholds with cumulative token-weight monitoring integrated into the data retrieval 

loop. As records are fetched from the persistence layer, application logic tracks the cumulative character and estimated token weight of 

assembled content [23]. The stream terminates at a predefined token threshold, and a position-aware cursor marker is appended to the 

response envelope for use in subsequent agent requests [24]. This mechanism guarantees that every paginated response delivered through 

the MCP server falls within the agent's budget envelope, regardless of the semantic density of individual records. Table 5 contrasts fixed-

row and dynamic token-driven pagination across the criteria most consequential for MCP agent integration.  

An empirical evaluation of 200 VehicleDeliveryLocation records in the production environment quantifies the challenge of structural 

variance. Record size fluctuates between 62 and 229 tokens, a 3.7x variance, primarily attributable to the optional instructions field; entities 

containing comprehensive text strings impose a token tax nearly quadruple that of null-field counterparts. Conventional 20-row pagination 

yields payloads ranging from 1,862 to 2,607 tokens, a 1.4x variance that systematically underutilizes a 4,000-token agent context budget. 

Conversely, dynamic token-driven pagination, capped at 4,000 tokens, optimizes delivery to 28-37 records per interaction, sustaining 95-

99% budget efficiency (3,799-3,975 tokens). This adaptive mechanism consolidates the 200-record set into 6 requests, which is a 40% 

reduction in total API round-trips compared to the 10 cycles required by fixed-row constraints, without risking context window saturation. 
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In high-throughput MCP deployments, minimizing these pagination cycles directly mitigates the cumulative latency of network handshakes 

and inference engine scheduling, accelerating end-to-end reasoning execution. 

 

Table 5. Pagination Strategy Comparison: Fixed-Row vs. Dynamic Token-Driven 

Criterion Fixed-Row Pagination Dynamic Token-Driven Pagination 

Boundary condition Row count threshold Cumulative token-weight threshold 

Handles record density variance No, fixed regardless of content size Yes, adapts to each record's token weight 

Saturation risk (dense records) High, no burst protection Eliminated, stream halts at the token ceiling 

Implementation layer Database LIMIT / OFFSET Application-layer accumulator loop 

Cursor type Numeric offset Token-aware position marker 

Suitability for MCP agents No Yes 

3.2. GraphQL Interface Projections 
REST endpoints are conventionally designed to satisfy multiple consumer use cases through a single generalized response contract, leading 

to habitual over-fetching for each agent execution step. An agent validating a customer subscription status, for instance, receives an 

endpoint response containing the full account profile, historical event log, preference configuration, and billing summary, the vast majority 

of which is irrelevant to the single field its reasoning step requires. Each unrequested attribute consumes a token that could otherwise be 

used for additional domain context or chain-of-thought reasoning. 

GraphQL interface projections allow the consuming agent to specify, at query time, exactly which fields are required by its current 

execution step. On the backend, Spring Data maps these field specifications directly to SQL column selections, retrieving only the requested 

attributes from the database without instantiating fully hydrated Hibernate entity objects [25]. This bypass eliminates the serialization 

overhead associated with assembling unrequested fields and reduces application server memory utilization per request cycle. The response 

delivered to the MCP server contains exactly the information specified by the agent, structurally eliminating over-fetch token waste at the 

payload boundary.  

Empirical measurement of representative-agent interactions within Turo, a vehicle marketplace, quantifies the architectural efficiency of 

targeted field projection. For reasoning tasks verifying drivetrain specifications, retrieving only hybrid, awd, and driven WheelsType, 

projections consume a mere 30 tokens, representing a 96.2% reduction compared to the 798 tokens required for the fully hydrated 

VehicleDefinition entity. Similarly, delivery availability checks involving enabled, fee, and checkInMethod yield an 83.2% efficiency gain, 

requiring only 44 tokens, compared with the 262 tokens required by the full VehicleDeliveryLocation payload. Standard vehicle 

identification queries targeting VIN, licensePlateNumber, licensePlateState, and name demonstrate a 79.6% reduction (54 tokens versus 

265). Across these disparate query patterns, GraphQL field projections achieve an average token saving of 86.3%, with optimization peaks 

corresponding to complex entities where reasoning tasks necessitate only a narrow semantic subset of the domain model. 

 

Table 6. Comparative Token Efficiency: Full Entity vs. GraphQL Field Projection 

Agent Query Pattern Entity (Fields) 
Full REST 

(tokens) 

Projected 

(tokens) 

Fields 

Requested 
Reduction 

Vehicle Feature Check VehicleDefinition (77) 798 30 3 96.2% 

Delivery Location 

Status 
VehicleDeliveryLocation (12) 262 44 3 83.2% 

Vehicle Identification Vehicle (19) 265 54 4 79.6% 

Average N/A 442 avg 43 avg 3 86.3% 

4. Result and Discussion  

4.1. Cache Injection Mechanisms 
Payload optimization at the serialization boundary propagates efficiency gains downstream into the caching infrastructure. Distributed 

memory caches in high-throughput enterprise architectures store serialized JSON representations to bypass the overhead of relational 

queries for frequently requested data. Where cache entries contain unoptimized payloads inflated with infrastructure metadata, cache 

memory is consumed at a lower semantic density, increasing eviction frequency under concurrent load and elevating the proportion of 

cache-miss database queries. 

Pre-pruned semantic cache entries store only the token-optimized payload representation, increasing storage density across the distributed 

cache tier and enabling the MCP server to satisfy agent data requests from cache without runtime filter processing [26]. Eliminating 

repeated deserialization and filtering operations from the hot request path reduces end-to-end latency per agent interaction. Under 

conditions of elevated concurrent agent activity, the compound effect of semantic envelope pre-briefing and compressed cache storage 

yields measurable throughput improvements at the infrastructure tier.  

Production deployment data validates the architectural efficiency of two-tier semantic caching in high-throughput environments. The 

vehicle_listing_enabled persistence layer, comprising 11.5 million records, supports four high-frequency retrieval methods sustaining a 

cumulative load of 48,900 requests per minute. Before architectural intervention, the database demonstrated systemic degradation above 

3,400 RPM, operating at 14.4 times its functional threshold. To mitigate this bottleneck, a multi-level caching strategy was implemented: 

a Caffeine L1 in-process tier (50,000 entries) providing sub-millisecond response times, coupled with a distributed Redis L2 tier (500,000 

entries) maintaining 1–3 ms latency. The architecture utilizes a one-hour time-to-live (TTL) and least-recently-used (LRU) eviction policy, 

with vehicle-keyed entries synchronized via coordinated cache invalidation across all state-mutating operations, including 

enableVehicleListing, finishVehicleListing, and disableVehicleListing. 
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Fig 2. Architectural Topology of the Multi-Level Semantic Cache. MCP-native interactions traverse a three-tier hierarchy characterized by inverse 

correlations between hit probability and retrieval latency. The primary Caffeine L1 tier handles 87% of ingress traffic via direct object references, enabling 

the serialization manager to execute token-aware optimizations, including infrastructure pruning, representational compression, and envelope synthesis, 

entirely in-memory. Residual cache misses propagate to the distributed Redis L2 (12%) and persistence L3 PostgreSQL (1%) layers, governed by a 

coordinated invalidation protocol synchronized across the transactional write lifecycle 
 

The operational metrics and performance characteristics of this tiered semantic caching model are detailed in Table 7. 

 

Table 7. Two-Tier Semantic Cache Performance in Production 

Cache Tier Capacity Latency 
Observed Hit 

Rate 
Serialization Overhead 

L1 Caffeine (in-process) 50,000 entries <0.1 ms 87% None (direct object reference) 

L2 Redis (distributed) 500,000 entries 1.5 ms 12% JSON serialization/deserialization 

L3 Database 

(PostgreSQL) 
11,500,000 rows 12 ms 1% 

SQL execution + ORM hydration + JSON 

serialization 

 

Hit rates measured via Caffeine's CacheStats recorder and Redis INFO stats (keyspace_hits / total lookups) over a 7-day observation 

window under production traffic—L1: 87.2%, L2: 11.6%, Database fallback: 1.2%. 

The weighted-average request latency under this architecture is 0.34 ms, a 97.1% reduction from the 12 ms baseline for the database-only 

architecture. Database RPM decreases from 48,900 to an estimated 489, placing the system at 14% of its failure threshold and resulting in 

a 99.0% reduction in database load. For MCP-mediated requests, the L1 tier is particularly significant: cached entries are served as direct 

Java object references without serialization overhead, enabling the MCP server to apply token-aware formatting (semantic envelope 

generation, field pruning, key compression) on in-memory objects rather than re-fetched database records. This eliminates the redundant 

serialize-deserialize cycle that conventional cache architectures impose when cache entries store pre-serialized JSON strings. 

4.2. Semantic Payload Compression 
A distinction of practical consequence exists between byte-level network compression and semantic payload compression. Standard 

compression algorithms reduce wire-layer transmission size, but the language model inference engine receives the fully decompressed text, 

so context window occupancy is unchanged. Semantic compression operates at the representational layer: the serialization manager rewrites 

payload vocabulary into abbreviated key-value forms that the language model can parse without decompression overhead and without 

meaningful semantic loss [27]. 

A verbose field representation, such as 'vehicle_listing_activation_status: currently_active_and_visible,' is reduced to 'status: active' by a 

backend abbreviation mapping applied consistently across the response payload. Research on LLM representational semantics indicates 

that contemporary models maintain strong accuracy in recovering full semantic meaning from abbreviated key forms when the abbreviation 

is applied consistently within a response context [27]. Applied systematically at the serialization boundary, this technique reduces the token 

footprint of complex enterprise business data structures substantially below what standard JSON serialization produces. 

Further empirical instances from the same mobility domain validate the extensibility of representational shortening. For example, the 

property AdaptiveCruiseControl (6 tokens) is reduced to adaptive_cruise (3 tokens); drivenWheelsType (5 tokens) yields drive (1 token); 

and isHeadlightsAutoLeveling (6 tokens) is mapped to auto_headlights (3 tokens). Semantic density gains are similarly realized within 

enumeration sets: ALL_WHEEL_DRIVE (4 tokens) is abbreviated to awd (2 tokens), while MEET_AND_GREET (5 tokens) compresses 

to meet (1 token). This abbreviation registry is persisted as a static configuration within the serialization boundary, imposing minimal 

runtime computational overhead on the application server. 

Empirical quantification of representational shortening applied to twenty distinct property identifiers, sourced from the evaluation domain's 

mobility and fulfillment entities, confirms a sustained decrease in token density. A strategic selection of these metrics is provided in        

Table 8. 

Table 8. Semantic Compression: Verbose vs. Abbreviated Field Labels 

Verbose Label Compressed Label Verbose Tokens 
Compressed 

Tokens 
Savings 

vehicle_listing_activation_sta

tus 
listing_status 4 2 2 

currently_active_and_visible active 4 1 3 

isAdaptiveCruiseControl adaptive_cruise 6 3 3 
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drivenWheelsType drive 5 1 4 

automaticTransmissionAvaila

bility 
auto_trans_avail 3 3 0 

isHeadlightsAutoLeveling auto_headlights 6 3 3 

isLaneDepartureWarning lane_warn 5 2 3 

fuelEconomyCombinedUnit fuel_unit 5 2 3 

vehicleDeliveryPromotions promos 4 2 2 

MEET_AND_GREET meet 5 1 4 

 

4.3. Empirical Evaluation in a Production Environment 

4.3.1. System Description 
The patterns described in Sections 2–4 were evaluated against production entity structures from Turo Inc. This peer-to-peer car-sharing 

marketplace runs a Spring Boot backend with Hibernate ORM, PostgreSQL, and a Caffeine/Redis distributed caching tier. The evaluation 

dataset comprises three entity types central to the platform's vehicle listing and delivery operations: VehicleDefinition (77 fields, 

representing vehicle specifications and features), Vehicle (19 fields, representing listed vehicle instances), and VehicleDeliveryLocation 

(12 fields, representing delivery/pickup points with variable-length instruction text). The production table under evaluation contains 11.5 

million rows and sustains 48,900 read operations per minute across four API methods. All token measurements use the cl100k_base 

encoding via tiktoken, consistent with the tokenization schemes employed by contemporary large language models, including GPT-4 and 

Claude [28]. 

 

4.3.2. Consolidated Token Efficiency Results 
Table 9 consolidates the token-efficiency impact of all four design patterns, measured against production entity structures. 

 

Table 9. Consolidated Token Efficiency Benchmarks 

Design Pattern Metric Before After Improvement 

Semantic Envelope 

(§2.1) 

Tokens per irrelevant entity 

skip 
442 avg 53 avg 88.0% context savings 

Infrastructure Pruning 

(§2.2) 

Tokens per entity (3-entity 

avg) 
442 avg 296 avg 34.1% reduction 

Token-Driven 

Pagination (§3.1) 
Pages to retrieve 200 records 10 pages 6 pages 40% fewer API calls 

GraphQL Projections 

(§3.2) 

Tokens per query (3-query 

avg) 
442 avg 43 avg 86.3% reduction 

Semantic Compression 

(§4.2) 
Key-label tokens (20 fields) 82 tokens 39 tokens 52.4% key reduction 

 

Table 10 provides a consolidated reference across all four design patterns, mapping each to its implementation component, core mechanism, 

and primary token efficiency contribution. 

 

Table 10. Design Pattern Summary: Token-Aware API Patterns for MCP Integration 

Pattern Section Core Mechanism Spring Component 
Primary Token 

Benefit 

Semantic 

Envelope 
§2.1 

Pre-descriptor header briefing 

agent before entity ingestion 

Outbound response 

interceptor 

Prevents 

unnecessary full 

deserialization 

Infrastructure 

Metadata Pruning 
§2.2 

Excludes system fields at 

serialization boundary 

Custom DTOs / 

serializer config 

Eliminates non-

semantic token 

overhead 

Dynamic Token-

Driven Pagination 
§3.1 

Token-weight accumulator 

terminates stream at threshold 

Application-layer 

retrieval loop 

Prevents burst 

saturation on dense 

records 

GraphQL Interface 

Projections 
§3.2 

Agent specifies required fields; 

DB retrieves only those columns 

Spring Data GraphQL 

projections 

Eliminates over-

fetch token waste 

 

The patterns are composable: applying infrastructure pruning followed by semantic compression to a VehicleDefinition entity reduces 

token consumption from 798 to approximately 520 tokens (34.8% combined reduction). In comparison, a GraphQL projection for a targeted 

3-field query reduces consumption to 30 tokens (96.2% reduction) — demonstrating that pattern selection should be matched to the agent's 

information requirements at each execution step. 

4.3.3. Production Cache Performance 
Table 11 presents the performance characteristics of the two-tier caching architecture deployed on Turo's 11.5-million-row vehicle listing 

table. 

Table 11. Production Two-Tier Cache Architecture Performance 

Metric Pre-Caching Post-Caching Change 

Database RPM 48,900 ~489 (estimated) -99.0% 

Weighted request latency 12.0 ms 0.34 ms -97.1% 
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Failure threshold margin 
14.4x over 

threshold 

0.14x of the 

threshold 
Operational stability restored 

L1 cache hit rate N/A 87% (observed) In-process, zero serialization 

L2 cache hit rate N/A 12% (observed) Distributed, JSON serialization 

Database fallback rate 100% 1% (observed) — 

 

The L1 Caffeine tier's elimination of serialization overhead is particularly relevant to MCP-native architecture: when the MCP server 

applies token-aware transformations (envelope generation, field pruning, key compression) to cached entities, operating on in-memory 

Java objects avoids the redundant deserialize-transform-reserialize pipeline that would be required if the cache stored pre-serialized JSON 

representations. 

4.4. Discussion 
Three observations emerge from the production evaluation. First, the patterns yield diminishing but complementary returns when 

composed: infrastructure pruning (34.1%) and semantic compression (9.0%) together achieve approximately 40% token reduction, while 

GraphQL projection (86.3%) captures the majority of savings independently when the agent's query is narrow. This suggests that production 

MCP servers should implement all four patterns but prioritize GraphQL projection and semantic envelopes as first-order optimizations. 

Second, the magnitude of token savings scales with entity complexity. VehicleDefinition (77 fields) benefits most from projection (96.2% 

reduction) and pruning (28.4%), while the compact VehicleDeliveryLocation (12 fields) sees proportionally less pruning benefit (29.4%) 

but higher pagination impact due to variable-length text fields. Backend teams should profile their entity distribution to determine which 

patterns deliver the highest return for their domain model. 

Third, the caching tier's role extends beyond latency reduction. By serving entities as in-memory objects rather than database result sets, 

the L1 cache enables the MCP serialization layer to apply token-aware transformations without I/O overhead — effectively making the 

four serialization patterns computationally free on cache hits that account for an estimated 87% of production read volume. 

4.5. Threats to Validity 
Three limitations constrain the generalizability of these findings. 

External validity: The evaluation uses three entity types from a single production domain — a peer-to-peer vehicle marketplace built on 

Spring Boot and Hibernate. Enterprises operating in other domains (e.g., financial services, healthcare, logistics) may exhibit different 

distributions of entity complexity, infrastructure-to-semantic field ratios, and free-text field prevalence. The 27–42% infrastructure 

metadata ratio observed here may be higher in domains with stricter audit requirements (e.g., HIPAA-regulated systems) or lower in 

domains with flatter entity models. Replication across additional enterprise backends would strengthen the claim of generalizability. 

 

Construct validity: All token measurements use the cl100k_base byte-pair encoding, one of several tokenization schemes used by 

contemporary LLMs. Token counts vary across encoders: Claude's proprietary tokenizer exhibits approximately 70% vocabulary overlap 

with cl100k_base, and newer encoding schemes (e.g., o200k_base) produce different token counts for identical inputs. The absolute token 

reduction percentages reported here should be interpreted as representative of the magnitude of improvement rather than as encoder-

invariant constants. The relative ordering of pattern effectiveness — GraphQL projections yielding the largest reduction, semantic 

compression the smallest — is expected to hold across encoders because it reflects structural properties of the payload rather than tokenizer-

specific byte-pair merge behavior. 

 

Internal validity: Cache hit rates reported in Tables 7 and 11 were observed via Caffeine's CacheStats recorder and Redis INFO statistics 

over a 7-day steady-state observation window. Actual hit rates during traffic spikes, cold start, or coordinated cache invalidation storms 

may differ from steady-state observations. The 97.1% weighted latency reduction is computed from the observed 87/12/1 hit-rate 

distribution and per-tier latency measurements; transient conditions that shift this distribution (e.g., a deployment-triggered cache cold start 

reducing L1 hits to 0%) would produce different latency profiles until the cache reaches thermal equilibrium. Similarly, the pagination 

benchmark uses 200 records from a single entity type (VehicleDeliveryLocation); entities with different field-length distributions would 

produce different pagination efficiency ratios.  

4.6. Broader Societal and Operational Implications 
The architectural reconfiguration required for MCP-native enterprise API design generates systemic benefits extending beyond individual 

service performance. Reducing the transmission of infrastructure metadata to cloud inference engines decreases per-operation latency on 

the critical path between agent reasoning and action execution. In operationally sensitive domains (emergency logistics coordination, 

healthcare request routing, and time-critical financial processing), reduced agent decision latency may directly improve real-world service 

outcomes [29][30]. Cloud AI inference billing based on token volume means that payload density optimization translates to direct cost 

reduction per agentic operation, improving the economic feasibility of large-scale enterprise AI deployment [31]. 

Critically, MCP-native serialization preserves the architectural integrity of existing enterprise systems. Database schemas, business 

transaction logic, and domain validation rules remain unchanged [32]. The serialization adapter and MCP interface layers manage the 

translation boundary between internal enterprise data representations and agent-optimized context payloads, providing a discrete 

engineering surface that can be maintained and updated independently of core application logic. This decomposition enables engineering 

organizations to evolve business capabilities without having to modify AI-facing serialization contracts in lockstep. As autonomous agents 

are progressively embedded across financial services, healthcare, mobility, and public administration infrastructure globally, this 

architectural discipline may be expected to transition from an engineering optimization to a baseline requirement of responsible distributed 

systems design [33]. 
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5. Conclusion  

The integration of LLM agents into enterprise distributed architectures through Model Context Protocol surfaces a well-defined 

serialization engineering problem: backend payload conventions optimized for browser-facing delivery are structurally unsuitable for 

token-budget-constrained AI consumers. The four patterns examined: Semantic Envelope pre-briefing, infrastructure metadata pruning, 

dynamic token-driven pagination, and GraphQL interface projections, establish a composable, implementation-ready framework for MCP-

native backend serialization. Table 10 (Section 5.2) provides a consolidated reference across all four patterns, mapping each to its 

implementation component, core mechanism, and primary token efficiency contribution. 

Each pattern is deployable within existing Spring and Hibernate environments without restructuring the domain or persistence layers. 

Downstream caching and semantic compression techniques extend these efficiency gains by reducing latency and optimizing token costs 

across the full agent request lifecycle. Collectively, these patterns constitute a principled engineering vocabulary for backend teams 

navigating the shift to LLM-agent-primary distributed system architectures. As demonstrated in Section 1.1, the token-aware serialization 

patterns presented here occupy a distinct and complementary position in the emerging MCP engineering stack: they operate at the backend 

serialization boundary, downstream of agent planning frameworks and upstream of context window management, addressing a layer that 

existing field-selection standards, MCP orchestration patterns, and RAG chunking strategies do not optimize for token budgets. Future 

work should address protocol-level token budget negotiation standards, formal token budget header specifications within MCP itself, and 

extend these serialization patterns to multimodal agent payloads that incorporate both structured and unstructured data inputs. 
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