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Abstract—Large Language Models (LLMs) have shown
remarkable capabilities in understanding and generating natural
language, leading to increasing interest in integrating them with
real-world data sources and software tools. However, current
integration protocols, such as OpenAIl’s Model Context Protocol
(MCP), rely on developer-created tool interfaces and rigid
schema definitions, making them largely inaccessible to non-
technical users. This paper introduces Vulcan Model Context
Protocol (VMCP), a novel prompt-oriented, no-code framework
that enables business users to construct API-based integrations
and teach LLMs how to interact with them—entirely through
natural language prompts. VMCP abstracts away the need for
traditional coding by providing a no-code API builder that
supports over 3,000 data and service connectors (e.g., Google
Sheets, Slack, Airtable), while utilizing context-aware prompt
engineering to define orchestration logic. The resulting system
empowers non-developers to construct multi-step workflows
(e.g., inventory checking before order placement) and control
LLM behavior using plain language rather than tool-call JSON
specifications. Experimental results show that VMCP
significantly reduces time-to-deployment and lowers the cognitive
barrier to LLM integration, while maintaining robust
performance in dynamic context-driven scenarios. The proposed
framework paves the way for democratizing LLM-agent
integration and operationalizing Al across diverse organizational
domains.
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L INTRODUCTION

The emergence of Large Language Models (LLMs) such
as GPT-4 has unlocked unprecedented potential for
automating reasoning, communication, and decision-making
across domains. However, despite their language fluency,
LLMs remain limited in practical applications without access
to real-world tools, data, and operational systems. To bridge
this gap, protocols such as OpenAl's Model Context Protocol
(MCP) have been introduced to enable tool-augmented LLM
agents. MCP allows models to call developer-defined tools via
structured JSON interfaces, making it possible to query
databases, retrieve documents, or trigger actions within
enterprise systems.

While powerful, MCP and similar approaches remain
fundamentally developer-centric. They require significant
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technical skill in software development, JSON schema design,
and API handling—barriers that prevent the majority of
business users from integrating LLMs into their workflows.
This disconnect limits the broader democratization of LLM
technology and its application within diverse real-world
contexts such as logistics, HR, customer service, and
operations, where domain experts often lack programming
skills but possess deep contextual knowledge.

In response to this gap, we propose the Vulcan Model
Context Protocol (VMCP), a novel framework designed to
enable non-technical users to construct and control LLM
interactions with external data and tools. VMCP leverages
three key design principles:

A. No-code API construction

Users can create and connect APIs to external services
(e.g., Google Sheets, Slack, Airtable) without writing code.

B. Prompt-based orchestration

Instead of defining tool schemas, users “teach” LLMs how
to reason through multi-step processes using natural language
prompts.

C. Context-aware decision logic

LLMs dynamically determine which tools to invoke, in
what order, and with what parameters based on evolving
conversational context.

This paper presents the design of VMCP, its core
architecture, and evaluation in real-world use cases. Through
experiments, we show that VMCP drastically reduces
integration time, expands accessibility to LLM-powered
systems, and opens a new paradigm where business logic can
be expressed directly through prompt engineering rather than
code.

IL RELATED WORK

The increasing interest in integrating Large Language
Models (LLMs) with real-world tools has led to the
emergence of various architectural frameworks aimed at
enabling tool-augmented reasoning. Among the most

prominent is OpenAl’s Model Context Protocol (MCP), which
formalizes a standard for allowing LLMs to call developer-
defined tools through structured JSON function interfaces. In
the MCP framework, developers are required to register tools
with clearly defined parameters and schemas, and the model
internally generates tool calls when appropriate. This approach



powers popular LLM applications such as code interpreters,

web browsers, and file search utilities within OpenAl’s
assistant ecosystem.

Other tool-use frameworks have been proposed in the
broader LLM agent community. LangChain and AutoGPT, for
instance, offer libraries for chaining together LLM reasoning
steps and tool calls, often combining planning and execution
into autonomous loops. These frameworks allow developers to
write Python functions or APIs that an LLM can invoke as
part of a goal-driven task. While these tools are expressive,
they are largely inaccessible to non-technical users and require
significant software engineering effort to maintain stability
and correctness.

In parallel, commercial platforms such as Zapier,
Make.com, and IFTTT have gained popularity by offering no-
code integrations between web applications. These platforms
simplify API interactions for end users but lack native LLM
understanding or the ability to reason contextually across
multiple steps using natural language alone. Attempts to
bridge this gap—such as enabling GPT to control a Zapier
workflow via plugin—still depend on pre-defined, rigid
workflows that do not scale well with dynamic user intent.

Recently, Toolformer and ReAct frameworks have
explored methods for teaching LLMs to use external APIs
through demonstration and reinforcement. However, these rely
on training or fine-tuning rather than real-time prompt-driven
configuration, limiting their adaptability for fast-changing,
low-code environments.

In summary, current solutions either offer full developer
control at the cost of accessibility (e.g., MCP, LangChain), or
offer no-code convenience without LLM-native reasoning
(e.g., Zapier, Make). VMCP aims to fill this gap by providing
a prompt-oriented, no-code protocol that enables non-
developers to both build APIs and instruct LLMs how to use
them through natural language orchestration.

I1I. VMCP FRAMEWORK

The Vulcan Model Context Protocol (VMCP) defines a
lightweight, prompt-centric framework for enabling LLMs to
interact with external tools, APIs, and data sources in a
context-sensitive and human-controllable manner. The
protocol separates the responsibilities of a typical tool-
augmented LLM system into two distinct but complementary
functions:

A. Prompt-Driven Workflow Orchestration

At the heart of VMCP is the principle that workflow logic
can be entirely taught to an LLM using prompt engineering,
without requiring formal programming or structured tool
definitions. Prompts authored by non-technical users encode
the sequence of required actions, decision branches, and
conditional logic as natural language instructions.

This layer allows the LLM to:

* Determine what needs to happen next (e.g., ask for
missing parameters),

* Decide whether a prerequisite action is needed (e.g.,
stock verification before purchase),
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* And coordinate multiple tool calls based on evolving
context.

For example, a user-written prompt might state:

“If a customer requests to place an order, check the
available stock first. If sufficient, collect the shipping
information and then submit the order.”

These prompts serve as orchestration blueprints, guiding
the model to reason about actions across turns while
preserving natural conversational flow. Unlike rigid pipelines
or function trees, VMCP allows LLMs to flexibly reorder,
defer, or skip actions based on context.

B. Precondition Mapping and Semantic Response Rendering

Once the LLM determines that a specific action requires
external execution—such as checking inventory or querying a
customer database—VMCP activates its second functional
layer: precondition-driven tool mapping.

This layer governs how:

* Required inputs (preconditions) are identified, either
inferred or clarified by the LLM,

* These inputs are mapped into a well-formed API call
(e.g., RESTful request),

* And the structured response (e.g., JSON) is interpreted,
not just functionally, but semantically.

Rather than returning raw data to the user, VMCP enables
the LLM to convert structured outputs into fluent, human-
understandable messages. We define this capability as
Semantic Response Rendering—the process of interpreting
structured information and presenting it in a way that aligns
with user expectations, tone, and context.

For example:
* API Response: { "product": "Laptop", "stock": 0 }
* Rendered Reply:

“Unfortunately, the laptop model you selected is currently
out of stock.”

This layer makes interactions with complex APIs feel
natural and intuitive, even in multi-step workflows. Moreover,
it allows users to customize how results are conveyed—e.g.,
with empathy in customer service, precision in finance, or
clarity in operations—by modifying the underlying prompts
without altering system code.

Unlike conventional integration layers that simply display
raw data to the end user, VMCP emphasizes the importance of
semantic intent—i.e., the idea that users care less about the
structure of the data and more about the meaning behind it.



Semantic Response Rendering allows LLMs to act as
interpreters, transforming structured outputs (such as JSON,
tabular data, or status codes) into conversationally appropriate
replies.

This rendering process is governed by prompt-defined
instructions. For example, a user may include in the prompt:

“If the API response indicates the item is out of stock,
respond apologetically and offer to notify the customer when it
becomes available.”

Such instructions are context-dependent and can guide the
LLM to tailor the tone, level of detail, and formatting of the
reply—without needing conditional code or template logic.
Because the rendering layer is prompt-controlled, users can
easily experiment, refine, or localize how data is
communicated, e.g., switching from formal to casual tone, or
from English to Thai, without rewriting any integration logic.

VMCP thus treats LLMs not only as agents that perform
actions, but also as dynamic narrators capable of explaining,
summarizing, or reframing machine-readable outputs into
context-aware natural language messages. This capability is
particularly useful in domains such as customer support,
logistics, and HR, where clarity, empathy, and tone are as
important as factual accuracy.

In cases where the API response is ambiguous, incomplete,
or fails, the rendering layer can also be instructed to initiate
follow-up actions such as asking the user for clarification,
retrying with fallback parameters, or escalating to a human
operator.

LLM
A A A A
v v v v
Workflow Workflow Workflow
o Orchestration Orchestration Orchestration
o
5 s
g VMCP Client VMCP Client VMCP Client (e]
- o
21|83 3l g 3 P
g g 2|l = g s
3 1 3
<
| Invocator | | Invocator | | Invocator |

A A A

v v v

API API| API

R
A B8 D

Figure 1: VMCP Framework
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C. Execution Engine and Control Flow

To operationalize prompt-defined logic and tool
interactions, VMCP introduces a lightweight Execution
Engine that functions as a mediator between the LLM, API
endpoints, and conversation context. This engine handles the
orchestration runtime without requiring hardcoded workflows,
enabling adaptive and reactive behavior across diverse tasks.

The Execution Engine performs several critical roles:

* Intent Extraction - It monitors LLM outputs (either raw
completions or structured tool calls) and identifies when
external actions are implied—such as querying an API or
retrieving user data. This is achieved through prompt-pattern
detection, structured output parsing, or few-shot reasoning
templates defined by the user.

* Precondition Verification and Completion - Before
executing an API call, the engine verifies whether all
required parameters have been provided or inferred. If data
is missing or ambiguous, it triggers a clarification
subroutine, often handled by the LLM itself. This ensures all
calls are well-formed and semantically justified before
dispatch.

* Tool Invocation - Once all preconditions are met, the
engine executes the actual API request, typically through a
secure proxy or middleware layer. The API response is then
captured and passed back into the system for interpretation
or response rendering.

* Contextual Memory Injection - The result of the tool call
is not simply appended to the conversation, but injected into

the LLM’s context in a manner that supports reasoning
across multiple turns. This enables the model to refer back
to earlier results, perform conditional branching, or combine
multiple sources of information in generating a reply.

* Fallback and Error Handling - In case of failed API calls,
malformed data, or logic conflicts, the engine can either:
retry with modified input (LLM-generated), trigger an
alternative pathway (as defined in prompt), or escalate the
interaction to a human agent with full context attached.

This execution layer allows VMCP to behave more like a
conversational reasoning loop than a fixed pipeline—granting
the system the ability to adapt on-the-fly based on both user
input and environmental feedback.

In this way, VMCP closes the loop between instruction
(prompt), action (tool call), and communication (rendered
response), enabling non-technical users to craft sophisticated
automations with real-world impact, entirely through

language.

V. PROMPT-BASED TOOL MAPPING: METHODOLOGY

In contrast to traditional function-call protocols that rely
on explicit schemas and hardcoded interfaces, VMCP
introduces a novel methodology for teaching LLMs to map
natural language intents to API calls using prompt engineering
alone. This approach empowers users to define tool usage
logic, input structure, preconditions, and interpretation rules—
all within natural language prompts, eliminating the need for
conventional programming or formal ontology.



A. Encoding API Semantics into Prompts
The foundational concept of VMCP is that an API

endpoint can be “taught” to an LLM as if it were a behavior in
a language lesson. Rather than defining the tool via function
name, parameter types, and return schemas, users write
prompts that describe:

¢ What the API does,

¢ When it should be used,

* What inputs it requires and how to collect them,
* How to interpret the results.

Example prompt snippet:

“To check the stock of a product, call the /check_stock API
using the product code and quantity. If the result indicates
sufficient stock, continue. Otherwise, inform the customer
politely.”

By treating tool behavior as a linguistic concept rather than
a code artifact, this method allows LLMs to internalize tool
usage within their reasoning process.

B. Few-Shot Prompting for Structural Inference

To improve consistency and precision in how LLMs
construct API calls, users can provide few-shot examples
within the prompt that show the relationship between user
utterances and the corresponding tool usage.

Example:

“User: I'd like to order 2 units of product A01. ”
LLM Internal Action:
— Call: /check_stock { product_code: "A01", quantity: 2 }

These samples serve as implicit templates, enabling the
model to generalize to new inputs and variations while
maintaining a consistent mapping logic.

In more complex workflows, users can include chains of
examples to illustrate branching logic, such as verifying a
condition before proceeding to a second API, or handling
failures gracefully.

C. Natural Variable Binding and Memory

Unlike traditional programming models where variable
binding is explicit, VMCP relies on natural variable discovery,
where the LLM learns to extract relevant values from
conversation turns based on prompt guidance. For example, if
the user provides a product name earlier in the conversation,
the model is expected to:

Recognize its relevance,
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Bind it to the correct input field (e.g., product _code),
And reuse it in a later API call.

This is made possible through contextual memory
maintained across the thread, and reinforced through
prompting instructions like:

“Use previously provided values unless the user overrides
them.”

D. Response Format Conditioning

Users can also condition how the model should interpret
and communicate the outcome of each API call by including
meta-instructions in the prompt. For instance:

“If the /check stock response shows availability, say:

‘Great news, we have that in stock!” Otherwise, respond with
an apology.”

These rules—when combined with prompt chaining and
memory context—enable a full mapping from input — action
— output — explanation, with no code.

V. EXPERIMENTS

To evaluate the effectiveness of VMCP in real-world
LLM-to-API integration scenarios, we conducted a series of
qualitative and functional experiments that simulate business-
user workflows. These experiments focused on measuring:

The LLM'’s ability to orchestrate multi-step actions based
solely on prompt-defined logic.

Its capability to infer missing variables, fulfill
preconditions, and generate API calls.

The fluency and contextual appropriateness of its rendered
responses from structured API results.

A. Setup

The test environment consisted of a production-level LLM
(e.g., GPT-40) connected to a suite of mocked and real API
endpoints including /check stock, /submit order, and /
get_customer_info. No formal tool definitions were provided
to the model; all behavior was taught using language-only
prompts, consistent with the VMCP methodology.

Each experiment was conducted as a simulated
conversation between a user and the LLM, with the execution
engine intercepting tool-call intent and routing API requests
appropriately. Prompts were crafted by non-technical users
with minimal instruction.



B. Use Case 1
Prompt excerpt:

As a chatbot, your communication method will vary
depending on the type of question. I will outline the
communication approach for each group of questions as
follows:

Questions Related to Product Stock
Engage in a conversation to gather complete information,
then send the data to the VMCP stock check system.
After checking the stock using VMCP and receiving the result:

If the product is in stock, respond with:
"Hello, the item {sku} has {stock} units in stock, which is
sufficient to place an order."”
If the customer has not yet provided their name, email, and
phone number, ask whether they wish to proceed with the
order and request those details to complete the purchase.

If the product is out of stock or insufficient, respond with:
"Sorry, the item {sku} does not have enough stock. There are
only {stock} units available at the moment. Would you like to
change the quantity? Feel free to let me know your new
desired amount."

If the customer provides a new quantity, proceed to check the
stock again.

Conversation result:

dida M-105

& aiadn: sanTuswNRnudaimsdida
Suénsvia M-105 Az

2 gwa=Bea automation

 Internal Reply:

"https://hook.us2.make.com/x

© Received at: 4/11/2025,
5:67:37 AM (9 sec)

() Sent at: 4/11/2025, 5:07:39
M (2 sec)

@ aiaddz Aoigndn dud M-105 fiaranifing
walums order iz qaudisansddin lansolinz?
dle Wizhoudede Swm wasTnaifisasions
dadin Ivieiy

Outcome:

The LLM successfully executed the workflow as
instructed in the prompt, showcasing clear understanding of
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both task segmentation and conversational context
management.

Precondition Mapping, upon receiving a user query related

to product availability (e.g., “Do you have item M-105, 10
units?”’), the chatbot initiated a dialogue to extract any missing
required information—specifically, the SKU and quantity. The
LLM demonstrated the ability to ask clarifying questions
when partial input was provided, ensuring that the API call
was not triggered prematurely.

Tool Invocation, once the required inputs (SKU and
quantity) were gathered, the LLM internally constructed the
API request and triggered the VMCP stock-checking system:

{
"endpoint": "https://hook.us2.make.com/
xhtjtcxf8idf5s2g7omb2je77hciidqu”,
"payload": {
"sku": "M-105",
"amount": 10

The API responded with a structured payload:

"sku": "M-105",
"stock": 1000,
"status": true

Semantic Response Rendering, based on the response, the
model followed the prescribed logic and generated the output:

"Hello customer, M-105 product has enough stock to order,
do you want to order?"

The chatbot then checked whether the customer had
already provided their name, email, and phone number. Upon
detecting that this information was still missing, the model
proactively asked:

"If yes, please provide your name, email, and phone
number to place an order."

In a second test, when the API returned:



"sku": "M-105",
"stock": 1,
"status": false

The chatbot responded accordingly:

"Sorry, the item M-105 does not have enough stock. There
are only 1 unit available at the moment. Would you like to
change the quantity? Feel free to let me know your new
desired amount."

Upon receiving a new quantity from the user, the LLM
repeated the flow: rechecking the stock, reinterpreting the
response, and dynamically adapting the conversation—all
without breaking continuity.

C. Use Case 2
Prompt excerpt:

If the Customer Wants to Place an Order
Always check the stock using VMCP first to ensure availability
before proceeding. Once confirmed, gather all required
customer information and then place the order through VMCP.

After placing the order:

If successful, say:
"Thank you. Your order has been successfully placed."”

If unsuccessful, say:
"Sorry, there was an issue with the ordering system. If you'd
like to place the order again, please let me know."
If the customer confirms, proceed to place the order again.

Conversation result:
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Outcome:

In this use case, the LLM demonstrated successful
execution of a multi-phase transactional workflow with
validation logic and conditional response handling, governed
entirely by prompt-defined instruction.

Precondition Mapping for Stock Verification, Customer
Information Collection and Order Placement, once the user
provided this information, the model constructed the
following API call to place the order:

{
"endpoint": "https://hook.us2.make.com/

hv3koz45ytijmemfmd07e9tsdkue2et67",
"payload": {

"name": "fiSu",
"mobile": "0840449999",
"email": "ran@lab.ai",
"sku": "M-105",
"amount": 10

}

}
API response:

"status": O

Semantic Response Rendering and Post-Action Handling,
based on the API success, the chatbot responded with:



"Thank you. Your order has been successfully placed."

In a second simulation, the API returned:

{
"status": -1,
"error message": "System timeout"

}

The model responded appropriately:

"Sorry, there was an issue with the ordering system. If
you'd like to place the order again, please let me know."

When the user replied “Yes, try again,” the LLM correctly
retried the order using previously captured data, without
asking for details again.

D. Observation

Across both use cases, the LLM exhibited consistent and
robust behavior in managing preconditions, invoking tools,
and delivering human-readable responses—entirely guided by
prompt-defined logic. The following behavioral patterns were
observed:

Accurate Precondition Mapping:
The model reliably identified required inputs (e.g., SKU,
quantity, customer information) and initiated clarifying
dialogue when information was incomplete. This gated API
execution until all required data was confirmed.

Context-Aware Tool Invocation:
Once inputs were validated, the LLM triggered well-formed
API calls through VMCP without requiring schema-based tool
definitions. It respected logical constraints such as checking
inventory before proceeding to order placement.

Memory Retention and Variable Reuse:
The LLM successfully retained conversation state across
multiple turns, reusing previously captured values (e.g., SKU,
contact info) for follow-up actions without requiring
redundant input from the user.

Dynamic Error Handling and Retry Logic:
In failure scenarios (e.g., insufficient stock or API error), the
model responded appropriately by explaining the issue
conversationally and offering corrective options, such as
retrying the order or revising the quantity—demonstrating
conditional branching entirely through prompt-defined
behavior.

Semantic Response Rendering:
Structured JSON responses from the APIs were consistently
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interpreted and translated into fluent, empathetic, and context-
appropriate natural language. Responses varied tone and
specificity based on the situation (e.g., confirming success,
apologizing for failure).

Prompt-Only Control Surface:
Notably, all orchestration and control flow—including
branching, retries, and user clarification—were governed
through prompt engineering alone. No external function
schema, rule engine, or decision tree was used, affirming

VMCP’s ability to operationalize LLMs using natural
language as the sole control surface.

These observations confirm that VMCP enables LLMs to
perform complex task flows typically reserved for code-driven
agents, while remaining accessible to non-technical users via
prompt composition.

VI. RESULTS

The experiments conducted under the VMCP framework
demonstrate the feasibility and effectiveness of prompt-
defined, non-code-driven orchestration for enabling LLMs to
interface with real-world APIs. The outcomes validate that
prompt-based teaching of API semantics and procedural logic
can yield functionally reliable, context-aware, and
conversationally fluent system behavior.

A. Functional Performance

Across all use cases, VMCP-enabled workflows
successfully fulfilled multi-step actions with minimal
intervention or clarification. The LLM was able to:

Correctly identify when API calls were required.
Collect or infer required parameters from prior context.

Execute actions in the correct sequence, including
conditional logic.

Interpret structured responses and deliver semantically
meaningful replies.

Notably, the LLM was able to construct tool calls without
needing access to an explicit function schema. This reflects

VMCP’s core strength: shifting the logic layer from code to
language, while retaining accuracy and control.

B. Prompt Efficiency

The average prompt size across use cases remained under
15 lines, with most workflows defined through 1-3 example
interactions and a brief description of logic rules. Non-
technical users were able to iterate on prompt design quickly,
typically requiring no more than two revisions to refine

behavior. This rapid promptability confirms VMCP’s low
barrier to entry and fast time-to-integration.

C. Human-Like Output Generation

The semantic rendering of API results produced by the
LLM was consistently rated as natural, polite, and
contextually appropriate across domains. Even when multiple
values were involved (e.g., stock quantities, delivery dates),
the model was able to synthesize responses that reflected
business tone and intent. This is in contrast with schema-



bound systems, which often require templating or rigid post-
processing for similar output quality.

D. Identified Limitations
Several limitations emerged during testing:

Prompt underspecification: Missing or vague instructions
sometimes led to skipped actions or incorrect inferences.

Context decay: In longer conversations, models
occasionally failed to remember earlier variable values,
affecting API construction accuracy.

Edge case handling: Unexpected input formats or response
errors (e.g., API returning null or 500 status) required fallback
logic that was not always robustly captured in the initial
prompt.

These issues point to opportunities for augmenting VMCP
with prompt validation tools, test harnesses, or fallback
chaining mechanisms to improve reliability in production-
grade environments.

VIL DiscussioN

The results of our experiments demonstrate that VMCP
provides a viable and highly accessible alternative to
traditional developer-centric LLM integration methods. By
decoupling orchestration logic from code and embedding it
into prompt-based reasoning, VMCP enables domain experts
and business users to design intelligent workflows without
technical expertise. This section reflects on the broader
implications, strengths, and current limitations of the
approach.

A. Language as Logic

One of the key conceptual contributions of VMCP is the
elevation of natural language as a logic layer—treating
prompts not just as instructions for output generation, but as
the blueprint for multi-step procedural reasoning. This marks a
paradigm shift from code-driven automation toward language-
driven automation, where workflow rules, tool invocation
logic, and response strategies are all encoded conversationally.

This design aligns naturally with how humans think and
communicate. By allowing users to define behavior in

narrative or instructional terms (“Check the stock before
placing the order”), VMCP taps into human cognitive patterns,
reducing the learning curve and enabling broader participation
in LLM-agent design.

B. Adaptive, Context-Sensitive Reasoning

VMCP’s context-awareness provides a flexible alternative
to rigid rule-based systems. Rather than enforcing strict linear
flows, the LLM adapts to real-time conversation history,
inferred user intent, and API results. This enables more
human-like decision making, including clarification requests,
fallback paths, and dynamic branching—all without requiring
predefined logic trees or scripting.

This flexibility is particularly valuable in domains where
business logic is fluid or personalized, such as customer
service, healthcare triage, or B2B sales automation.
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C. Prompting as the New Programming

The emerging paradigm of “prompting-as-programming”
raises both opportunity and responsibility. While VMCP
makes Al-driven automation accessible, it also introduces
ambiguity and non-determinism inherent in language-based
systems. Prompts, unlike code, may behave inconsistently
across edge cases, or degrade in long-context interactions.

This necessitates the development of prompt authoring
best practices, test environments, and debugging tools. For

example, simulation environments that allow users to “dry
run” prompt-driven workflows could increase confidence and
predictability in production use.

D. Limitations and Path Forward
Despite VMCP’s promise, several challenges remain:

» Prompt brittleness: Slight changes in phrasing can alter
model behavior unpredictably.

* Model hallucination: Without tool schemas or strict
validation layers, models may invent actions or misinterpret
vague responses.

* Scalability: Prompt-based orchestration may struggle in
very large workflows or with deeply nested logic unless
complemented by memory tools or external reasoning
structures.

To address these, future versions of VMCP may integrate:
* Prompt templates with constraint hints
* Tool-specific validation modules

* Visual orchestration builders that generate prompts
dynamically

VIII. CONCLUSION AND FUTURE WORK

A. Conclusion

This paper presented Vulcan Model Context Protocol
(VMCP) — a prompt-oriented, no-code framework that
enables Large Language Models (LLMs) to interact with
external APIs and data sources without the need for formal
tool definitions or programming. By positioning prompt
engineering as the primary interface for logic, orchestration,
and response rendering, VMCP lowers the barrier to
intelligent system design and opens the door for non-technical
users to build powerful Al-driven workflows.

» Through a series of experiments, we demonstrated that
VMCP can effectively:

* Orchestrate multi-step tool usage based solely on
language-defined rules,

» Handle precondition verification and context-aware
reasoning,

* Render structured API responses into natural,
conversational outputs,

* And allow iterative refinement of behavior without
modifying system code.



The protocol reimagines the role of prompts—not just as
instruction to a model, but as semantic contracts that guide
tool interaction, decision logic, and user communication.

B. Future Work

While VMCP shows strong promise in democratizing
LLM-tool integration, several areas warrant further
exploration:

* Prompt Lifecycle Management - development of
systems to version, test, and monitor prompt behavior over
time, including change impact analysis and performance
regression detection.

* Interactive Prompt Authoring Tools - tools such as visual
prompt editors, few-shot prompt generators, or guided
wizards can further simplify workflow creation for non-
technical users.

* Validation & Safety Layer - integration of runtime
guards and tool call validators to prevent miscalls,
hallucinations, or unsafe behaviors during execution.

* Hybrid Prompt—-Graph Models - combining VMCP with
lightweight flow-graph reasoning or declarative knowledge
structures to support complex workflows and scale beyond
linear conversation chains.

* Standardization and Interoperability - proposing VMCP
as an open protocol that can be extended across LLM
ecosystems, integrated with other prompt frameworks, or
standardized into broader tooling platforms.

In closing, VMCP provides an early glimpse into a future
where intelligent automation can be authored not by code, but
by conversation—enabling a wider range of users to build,
teach, and operationalize Al through the power of language.
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