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Abstract

Agentic systems are a new generation of software engineering
applications that go far beyond traditional systems. Automatic
generation of such systems is a promising approach to accelerate
development, disseminate engineering knowledge, and improve
construction scalability. Despite advances in LLM-based code gen-
eration, existing approaches provide limited support for structured
requirement elicitation, architecture-aware generation, and sys-
tematic behavioral evaluation of agent-based systems. We propose
Yuma-Code, a CLI framework that transforms natural-language
specifications into executable agent code through structured re-
quirement elicitation, automatic architecture selection, and multi-
agent orchestration with specialized roles for requirements en-
gineering, architecture design, and test generation. We evaluate
Yuma-Code against four state-of-the-art frameworks using Agent-
GenBench, a benchmark encompassing four agent architectures
(Simple, Tool, Memory, and MCP). Results show that Yuma-Code
consistently achieves full specification compliance and generates
evaluation artifacts via LLM-as-a-Judge across all scenarios. In more
complex settings (MCP), it attains high clarity and relevance (0.97)
and strong memory recall (0.85). Copilot CLI demonstrates competi-
tive performance across configurations, while Gemini CLI achieves
the strongest results in the Simple scenario. Spec-kit and Kiro fre-
quently generated non-executable code. These results suggest that
agent generation benefits from being treated as a structured soft-
ware engineering process, and highlight behavioral validation as a
critical yet underexplored dimension in current LLM-based code
generation approaches.
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1 Introduction

Large Language Models (LLMs) have been increasingly explored
in Software Engineering (SE) tasks [4, 14]. Evaluation efforts have
ranged from function-level benchmarks such as HumanEval [7],
MBPP [2], and APPS [12] to class-based and multi-component sce-
narios [10], while tools like GitHub Copilot1 and Cursor2 embed
LLMs directly into development workflows.

When equipped with tools and reasoning capabilities, LLMs
can act as agents capable of sequential decision-making and multi-
step execution [25–27]. As interest in agentic systems grows, so
does the demand for accessible ways to create them — from visual
platforms such as n8n3 and OpenAI Agent Builder4 to code-oriented
approaches like AutoAgent [23].

Visual platforms for agent development have lowered the bar-
rier for non-developers by enabling the construction of workflows
through graphical interfaces. However, code-based agents remain
important for integration with existing software ecosystems, repro-
ducibility, and systematic testing — properties critical in production
and safety-sensitive contexts, and reflected in the growing adop-
tion of frameworks such as LangGraph5, which emphasize explicit
control over execution flows and agent behavior.

Despite growing interest in agentic AI systems, the automatic
end-to-end generation of code-based LLM agents from natural-
language specifications remains limited. Generating an agent in-
volves more than producing code — it requires constructing a co-
ordinated system with tool usage, memory, and structured control
flow [26], and building such systems demands substantial techni-
cal expertise [23] with no widely adopted way to specify agent
behavior in a form directly translatable into executable and testable
1https://github.com/features/copilot
2https://cursor.com/
3https://n8n.io/
4https://platform.openai.com/agent-builder
5https://www.langchain.com/langgraph

https://github.com/features/copilot
https://cursor.com/
https://n8n.io/
https://platform.openai.com/agent-builder
https://www.langchain.com/langgraph
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implementations. Existing tools such as Spec-kit, Gemini CLI, and
Copilot primarily target general-purpose code generation (e.g., APIs,
scripts, or applications), offering limited support for agent-specific
concerns: they lack systematic mechanisms for structuring specifi-
cations, deriving agent architectures, or validating agent behavior.

To address this gap, we introduce Yuma-Code (Your User-guided
Multi-agent System for Code Generation), a command-line frame-
work that translates natural-language specifications into executable
agent code. Yuma-Code guides users through a structured speci-
fication process — collecting requirements such as functionalities
and edge cases — and from this input automatically selects an agent
architecture, integrates external tools or MCP connections, and
produces executable and testable code.

The framework employs multi-agent orchestration, in which
specialized sub-agents assume roles such as requirements engi-
neer, software architect, and test designer, reducing the manual
effort typically involved in code-based agent development. It also
supports automated validation and a human-in-the-loop mode, en-
hancing maintainability, reliability, and traceability throughout the
process [1, 8].

We evaluate Yuma-Code against four frameworks — Gemini CLI,
Copilot CLI, Spec-kit, and Kiro — using AgentGenBench, a bench-
mark covering four agent architectures (Simple, Tool, Memory,
MCP). Yuma-Code was the only framework to achieve full speci-
fication compliance (6/6) and LLM-as-a-Judge artifact generation
across all scenarios, requiring zero manual corrections throughout
— compared to 41 in the MCP scenario alone for Copilot CLI. In
behavioral evaluation, Yuma-Code led in the MCP scenario (clarity
and relevance of 0.97), while Gemini CLI achieved perfect scores
in the Simple scenario (clarity, relevance, completeness = 1.0). In
the Memory scenario, Spec-kit, Kiro, and Gemini produced mem-
ory recall below 0.23, while Copilot reached 0.68 — still below
Yuma-Code’s 0.85. In Tool and MCP scenarios, Spec-kit and Kiro
frequently produced fragmented or non-executable code, with Kiro
reaching 0/6 spec compliance in the MCP scenario.

In summary, this paper makes the following contributions:
(1) Yuma-Code, a multi-agent framework for end-to-end gen-

eration of code-based LLM agents from natural-language
specifications;

(2) AgentGenBench, a benchmark spanning four agent archi-
tectures (Simple, Tool, Memory, and MCP) for evaluating
agent generation frameworks;

(3) An empirical evaluation comparing Yuma-Code with exist-
ing code generation frameworks, demonstrating its effec-
tiveness in generating executable and behaviorally correct
agents.

The remainder of this paper is organized as follows: Section 2
reviews related work; Section 3 presents the Yuma-Code architec-
ture; Sections 4 and 5 describe the evaluation methodology and
results; Section 6 discusses findings; and Section 7 concludes the
paper.

2 Related Work

Frameworks for Code Generation. LLM-based code genera-
tion has received significant attention, with models such as GPT-4
achieving strong results on established benchmarks [7, 20]. Several

frameworks have emerged to support this task, including Gem-
ini CLI6, Claude Code7, Spec-kit8, Copilot CLI9, and Kiro10, which
translate natural-language descriptions into executable artifacts
such as functions, APIs, or command-line utilities. However, none
supports guided specification elicitation or an integrated agent de-
velopment pipeline — users must manually define architecture and
validation logic, and automated testing or end-to-end evaluation
remain largely absent.

Frameworks for Agent Generation. Beyond generic code gen-
eration, a growing ecosystem of tools aims to facilitate AI agent
creation. Examples include n8n and Dify, that enable the composi-
tion of tool-based workflows through graphical interfaces, while
XML-code-oriented solutions such as AutoAgent [23] and the Ope-
nAI Agent Builder enable the composition of workflows through
either visual interfaces or XML code. Despite these advances, no
existing framework provides a fully automated pipeline that trans-
forms natural-language requirements into executable agent python
code, accompanied by automated testing and evaluation.

Agent Evaluation. Existing benchmarks target either code gen-
eration — such as HumanEval-X [28] and SWE-Bench [15], which
focus on self-contained problems — or agent behavior, such as
AgentBench [17], WebArena [29] and GAIA [21], which evaluate
LLMs as agents across diverse tasks. However, none addresses
the generation of agent code itself. Evaluating behavioral correct-
ness further requires assessing semantic quality beyond output
verification. The LLM-as-a-Judge [3, 18], offers scalable human-
aligned assessments, though it introduces challenges related to
non-determinism and prompt sensitivity. Yuma-Code addresses
this by incorporating automated LLM-based evaluation into its
validation phase, complemented by human-in-the-loop review.

3 Yuma-Code Architecture

The Yuma-Code architecture is guided by four complementary
design principles: (1) specification-guided development, (2) the del-
egation of low-level code to external generation tools, (3) explicit
human-in-the-loop elicitation and validation, and (4) a dossier of
agent archetypes to guide implementation. Reflecting these princi-
ples, the architecture is organized into three main phases — Draft,
Generation, and Validation — as illustrated in Figure 1.

Motivated by the demonstrated advantages of multi-agent ar-
chitectures with specialized roles over single-agent approaches
in SE tasks [22], Yuma-Code implements this pipeline through a
network of nine specialized agents, as shown in Figure 2. Each
agent assumes a distinct role: the Requirements Engineer conducts
the elicitation dialogue; the Architect proposes and refines the ar-
chitectural pattern; the Code Generator, Structural Test Generator,
Evals Generator, and E2E Eval Generator produce the code, tests
and evals artifacts; and the Code Runner, Structural Test Runner,
and Evals Runner validate each artifact upon creation by executing.
Agents communicate through a shared state graph, passing struc-
tured outputs — requirements documents, architecture proposals,

6https://github.com/google-gemini/gemini-cli
7https://www.claude.com/product/claude-code
8https://github.com/github/spec-kit
9https://github.com/github/copilot-cli
10https://kiro.dev/

https://github.com/google-gemini/gemini-cli
https://www.claude.com/product/claude-code
https://github.com/github/spec-kit
https://github.com/github/copilot-cli
https://kiro.dev/
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Agent

Planner Executor

Memory Feedback Loop

...

I would like to create an agent to manage
GitHub issues.

To create an agent, we need to understand
aspects and requirements. What problem
do you want the agent to solve?

I want the agent to automatically create,
update, and categorize issues based on user
input.

Who are the users that will interact with
this system?

project
├── src
│ ├── agent.py
└── tests
 └── structural_tests.py
 └── functional_eval.py

Code Runner

Structural
Tests Runner

Evals Runner

Agent Code
Generator

Strucutal Tests
Generator

Evals
Generator

Code
Gen Tool

Draft Phase Code Generation Phase Validation Phase

Figure 1: Overview of the Yuma-Code pipeline, illustrating

its modular flow and agent interactions.

and share the environment with code and evaluation files — as
inputs to downstream agents.

The nine-agent orchestration of Yuma-Code uses two models.
The upstream agents (Requirements and Architect) are powered by
GPT-4o (gpt-4o-latest), while the downstream agents (Code, Test,
Evaluation Generators and the Runner agents) use Gemini 2.5 Flash
through Gemini CLI.

Three explicit human-in-the-loop checkpoints structure the pipeline:
(1) requirements and architecture approval, (2) evaluation criteria
review , and (3) test case review. Failure handling differs by artifact
type, reflecting the nature of each validation. Structural failures
are unambiguous — a missing node or incorrect routing — and
trigger automatic regeneration without human intervention. Func-
tional evaluation (Evals) failures, however, may stem from incorrect
agent logic, misconfigured criteria, or expected edge-case behavior;
Yuma-Code therefore presents the user with an explicit choice:
automatically refactor the agent, manually revise the test cases, or
acknowledge and proceed.

To illustrate each phase concretely, we use a running example
throughout this section: a user requesting an agent that manages
GitHub issues using natural language — referred to as GitIssueBot.

3.1 Draft Phase: Capturing and Structuring

Human Intent

The first phase of Yuma-Code is led by the Requirements Engineer
Agent, which elicits user needs through a structured, interview-
style dialogue (see the Draft Phase in Figure 1) rather than requiring
a ready-made technical specification [1]. Drawing on requirements
elicitation practices from SE, such as user stories [9], the agent
progressively captures key dimensions — system purpose, end users,
functionalities, and edge cases — along with acceptance scenarios
explicitly elicited in Given/When/Then format, ensuring behavioral
expectations are described concretely and in a testable manner.
All dimensions must meet explicit completeness criteria, which
define minimal information requirements for each dimension (e.g.,
presence of user roles, multiple functionalities, and at least one
Given/When/Then scenario).

Running Example. To illustrate, consider a user who wants an
agent to manage GitHub issues. The Requirements Engineer Agent
initiates a structured dialogue:

The output of the Requirements Engineer Agent is a Require-
ments Document, reviewed and approved by the user, representing
a portrait of user intent, which serves as the foundation for the
subsequent phases.

Once requirements are elicited, the Architect Agent selects the
most appropriate pattern from Yuma-Code’s four built-in archi-
tectural definitions — Simple, Memory-Augmented, Tool-Using, and
MCP-Based — which together cover the majority of agent architec-
tures [16, 19, 24, 26]. In the Simple pattern, a single agent handles
the entire workflow in a trigger–process–response loop with no
memory or external interaction; in Memory-Augmented, the agent
retains context across interactions to improve decision-making over
time; in Tool-Using, the agent invokes external APIs or functions to
complete tasks it cannot achieve alone; and in MCP-Based, interac-
tion with external systems is abstracted through the Model Context
Protocol. Reflection patterns are planned for future versions.

The architect agent reviews the requirements document and
proposes the most suitable design — specifying the agent’s name,
role, main task, tool integrations, and a detailed operational flow
covering input validation, processing steps, output generation, and
edge case handling —which the user must review and approve, with
the option to request modifications, before the pipeline advances
to code generation.

Running Example. Based on the Requirements Document, the
Architect Agent proposes the following architecture, presented to
the user for approval:

3.2 Generation Phase: From Architecture to

Executable Artifacts

The Code Generation Phase produces the agent code along with its
associated tests and evaluations. Based on the validated architec-
ture, Yuma-Code selects templates that capture the structural and
behavioral patterns of the agent type and submits them, illustrated
in Figure 4, together with architecture details, to an external code
generation tool (e.g., Gemini CLI or Claude Code). These templates
serve as contextual examples that guide the generation tool in pro-
ducing correct, reproducible code — going beyond simple variable
substitution toward a semantic construction of the agent guided by
the tool’s reasoning capabilities. Currently, the agent code is pro-
duced in LangGraph — the framework supported by Yuma-Code —
but support for additional frameworks is planned in future work.

In addition to generating the agent code, Yuma-Code produces
tests, functional evaluations and End2End evaluations. Structural
tests verify architectural conformance, ensuring the graph has the
correct nodes and routing, functional evaluations checkwhether the
agent behaves according to specifications across nominal and edge
cases, while end-to-end checks real integration dependencies for
full execution. Functional and End2End evaluations use Deepeval11
with an LLM acting as a judge to assess performance metrics such as
task completion and, via GEval, criteria like clarity, completeness,
and relevance. Before adoption, Yuma-Code allows the user to

11https://deepeval.com/

https://deepeval.com/
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Figure 2: Yuma-Code’s internal agent graph, comprising nine specialized agents and three human-in-the-loop checkpoints.

Running Example: Requirements Elicitation Dialogue

User: Create an agent to manage GitHub issues using natural language.
Agent: What problem do you expect to solve, and who are the primary
users?
User: Allow developers to create, update, close, reopen, and list issues via
natural language, ensuring consistent titles via MCP.
Agent: Describe a usage scenario in Given/When/Then format and list any
edge cases.
User: Given the agent is connected via MCP; When the user requests an
issue action specifying the repository; Then the agent executes it and returns
a structured JSON. Edge cases: duplicates, missing permissions, vague titles,
invalid repository.
...

Figure 3: Excerpt of the requirements elicitation dialogue.

Running Example: Architecture Proposal

Agent: GitHubIssueManagerAgent; Type: MCP-Based; Task: Manage
GitHub issues via natural language (create, update, close, reopen, list);
Tool: GitHub MCP.
Operational Flow: (1) Receive natural language command from the user;
(2) validate input (clarity, repository specification, issue details); (3) execute
the requested operation via MCP; (4) return structured JSON (issue ID, URL,
status, feedback); and (5) on failure, report an error with an actionable
message.

review each functional test criteria and generated test case, with
the option to modify or add new ones.

Running Example. Upon architecture approval, Yuma-Code
enters the generation phase:

Running Example: Code Generation Output

Status:✓ SuccessDetails: Python file generated successfully in the current
directory.

Artifacts Created:

git_issue_bot.py — agent implementation
test_agent_functional.py — functional evaluations
test_structural.py — structural tests
test_response.py — end-to-end evaluations

The generation and validation phases interleave iteratively: each
artifact is validated upon creation, and failures trigger targeted
regeneration before the pipeline advances to the next artifact.

Example of code template for MCP agent

1 client = MultiServerMCPClient({"{mcp_name}": {"url": "{

mcp_url}", ...}})

2 model = ChatOpenAI({model}).bind_tools(await client.

get_tools())

3

4 async def {agent_name}(state: MessagesState):

5 prompt = SystemMessage(content="""{prompt}""")

6 response = await model.ainvoke([prompt] + state["

messages"])

7 return {"response": response}

8

9 async def build_graph():

10 tool_node = ToolNode(await client.get_tools())

11 builder = StateGraph(MessagesState)

12 builder.add_node("agent", {agent_name})

13 builder.add_node("tools", tool_node)

14 ...

15 return builder.compile()

Figure 4: Code template for MCP agent.

3.3 Validation Phase: Execution, Testing, and

Evaluation

The Validation Phase ensures the correctness and functionality of
the generated artifacts. Three agents oversee this process: the Code
Runner checks the agent code for compilation and runtime issues,
the Structural Tests Runner executes structural tests, and the Evals
Runner verifies functional evaluations. Instead of running code
directly, these agents delegate execution to the code generation
tool, which installs dependencies, adapts inputs for non-interactive
execution, runs the project, and reports results. Automated fixes,
such as missing packages, are applied whenever possible.

The outcomes determine the next steps: successful validation ad-
vances the pipeline from structural testing to functional eval, while
failures trigger regeneration of the faulty artifact (code or tests)
before re-validation. This design ensures that generated agents are
not only produced but also iteratively validated through execution
and human oversight, guaranteeing robustness and fidelity to user
intent.

RunningExample.Yuma-Code enters the generation–validation
loop, verifying each artifact before advancing to the next:
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Running Example: Validation Output

Code Runner ✓ Success
Agent script executed successfully; dependencies resolved.

Structural Tests Runner ✓ Success
All 7 tests in test_structural.py passed, covering node behavior, graph
routing, graph structure, and nominal and tool-based graph execution.

Evals Runner ✓ Success
Functional evaluations completed across 5 metrics. Clarity (0.89,), Relevance
(0.94), Completeness (0.88), Argument Correctness (1.0) passed, and Tool
Correctness scored 1.

4 Evaluation Setup

We designed an empirical study to evaluate the effectiveness and
efficiency of Yuma-Code in comparison with other agentic frame-
works, focusing on their ability to generate agent code, tests, and
evaluation artifacts. This investigation is conducted from the per-
spective of researchers interested in assessing the completeness and
reliability of the generation process. Following the Goal Question
Metric (GQM) approach [5], the study is guided by the following
research questions.

4.1 Research Questions

RQ1 How well do Yuma-Code and other frameworks gen-

erate valid and specification-compliant agent-based

code? To answer this question, the generated agents will
be manually inspected to verify syntactic validity, specifica-
tion alignment, and adherence to architectural constraints
defined by the benchmark tasks.

RQ2 How well do Yuma-Code and other frameworks gener-

ate evaluation and test artifacts aligned with the agent

specifications? To address this question, the evaluation and
test artifacts produced by each framework will be examined
to determine whether they correctly reflect the expected
evaluation logic and criteria of the original specifications.

RQ3 How well does the generated code perform in terms of

executability and resource usage across agent types?

To address this question, the agent-related code artifacts pro-
duced by each framework will be executed to verify whether
they can successfully run. Execution time and cost will be
measured according to each framework’s available instru-
mentation.

RQ4 How do the agents generated by each framework per-

form when executed against the ground-truth evals?

This question will be investigated by executing each gen-
erated agent on a set of evaluation scripts and analyzing
quantitative outcomes such as success rates, as well as quali-
tative aspects of behavior.

RQ5 What is the overall quality of the code generated by

Yuma-Code and other frameworks? To answer this ques-
tion, static code analysis tools will be applied to assess the
maintainability, readability, and structural complexity of the
generated agent implementations.

We developed the AgentGenBench benchmark [6, 30] as a struc-
tured evaluation setup composed of representative tasks, evaluation

Table 1: Agents used to evaluate agent generation.

Agent Type Agent Goal

Simple ENEM Essay Evaluator: Evaluate essays across the five INEP competencies,
producing per-competency scores, a total score, and detailed feedback.

Tool Weather Assistent: Interpret user intent (current, forecast, trend) to query an
external weather API.

Memory Tourist Assistant: Provide structured information about cities and tourist attrac-
tions through persistent context and retrieval of previously stored knowledge.

MCP Git Issue Bot: Manage GitHub issues via natural language (create, update, close,
reopen, list) through MCP.

metrics, and the supporting infrastructure required to investigate
these research questions in a systematic and reproducible way.

4.2 Tasks for Evaluation of Agent Generation

To evaluate agent generation capabilities, we define AgentGen-
Bench, a benchmark comprising four tasks that represent distinct
architectural patterns commonly found in agent-based systems:
Simple (a direct LLM call with no additional components), Memory
(an agent that maintains conversational context across turns), Tool
(an agent that invokes an external weather API), and MCP (an agent
that integrates an external system via the Model Context Protocol,
a standard for sharing context between LLMs and external services).
Together, these tasks cover four different agent architectures, en-
suring that the benchmark captures a representative range of agent
behaviors rather than a single interaction pattern. For each task,
AgentGenBench provides: (i) a natural-language specification, (ii)
a ground-truth implementation used as an oracle, (iii) functional
evaluations using LLM-as-a-judge, and (iv) a contextual prompt to
guide generation and execution. Table 1 illustrates a concrete exam-
ple of each task. Full specifications are available in the replication
package at Section 7.

4.3 Baseline Frameworks

The frameworks presented in Table 2 were selected for compari-
son due to their shared characteristics with Yuma-Code, including
support for specification-driven code generation and AI-assisted
workflows. To our knowledge, no existing framework is specifically
designed to generate code-based agentic systems from natural-
language specifications — frameworks such as MetaGPT [13] and
AutoGen [11] automate software development, but target tradi-
tional applications, rather than agents. General-purpose coding
agents such as Claude Code 12 were considered but excluded due
to cost constraints. The selected frameworks thus provide a strong
baseline for assessing how general-purpose systems perform when
tasked with generating agent-based applications from specifica-
tions.

4.4 Experiment Execution Setup

We executed each framework across the four agent types defined
in AgentGenBench, providing in each case (i) a natural-language
specification and (ii) a contextual prompt defining key concepts and
requirements (e.g., agent definition, use of tools or MCP, and accep-
tance criteria). All executions were conducted manually through

12https://claude.ai/

https://claude.ai/
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Table 2: Comparative feature analysis of agent generation

frameworks. Spec Guidance: guided specification elicitation;

QA: code validation and execution; DevWorkflow: structured

development pipeline; Multi-Agent: multi-agent architec-

ture; Agent Eval: LLM-as-a-Judge validation.

Framework Domain

Open

Source

Spec

Guidance
QA

Dev

Workflow

Multi-

Agent

Agent

Eval

Spec-kit General ✓ ✗ ✗ ✓ ✗ ✗
Gemini CLI General ✓ ✗ ✗ ✗ ✗ ✗
Copilot CLI General ✓ ✗ ✓ ✗ ✗ ✗
Kiro (IDE) General ✗ ✗ ✓ ✗ ✓ ✗
Yuma-Code Agent ✓ ✓ ✓ ✓ ✓ ✓

each framework’s intended interface, with a human user communi-
cating with the systemwhen needed. Each framework was executed
once per agent type to generate the corresponding artifacts (agent
code, tests, and evaluations), with sessions isolated to avoid cross-
task contamination by resetting the context window. For agents
requiring external integrations, minimal setup was provided (e.g.,
API access or MCP endpoints). To account for non-determinism
in agent behavior, each generated agent was executed three times
against the ground-truth evaluations when answering RQ4, with
the final score computed as the average across the three runs. All
generated artifacts, execution logs, and evaluation results are pub-
licly available at Section 7.

4.5 Framework Assessment Methodology

We evaluate the generated agents across four dimensions: code
generation quality, assessed through specification compliance, inte-
gration with external components (e.g., tools, memory, or MCP),
and structural completeness; test and evaluation artifact generation,
capturing whether frameworks produce supporting artifacts such
as structural tests or LLM-based evaluation scripts; executability
and resource usage, measuring whether the produced code runs
without manual corrections; and behavioral correctness, assessed
by executing generated agents against predefined test cases. Results
are classified using a three-level scale — Total (✓), Partial (✦), and
Misaligned (✗) — with criteria defined per metric as described in
each RQ.

5 Evaluation

This section presents the results of our target techniques and ad-
dresses the research questions. Following the evaluation setup de-
scribed in Section 4, each task defined in AgentGenBench (Sec-
tion 4.2) was provided as input to all frameworks, which then pro-
duced corresponding agent implementations subsequently assessed
across the dimensions defined in Section 4.5.

5.1 RQ1: Code Generation Analysis

Table 3 summarizes performance across nine dimensions, with all
evaluations manually verified. For code generation quality, we focus
on three metrics — Specification Compliance, Layer Integration, and
Agent Code Generation — each classified as Total (✓), Partial (✦),
or Misaligned (✗), with criteria defined per metric. 13

13Specification Compliance scores six equally weighted criteria (agent workflow, LLM
node, integration layer, core actions, structured output, and edge case handling): ✓ ≥5,
✦ 2–4, ✗ <2. Layer Integration evaluates connection to real external layers (MCP,
memory, or tools): ✓ real integration, ✦ incorrect implementation, ✗ absent. Agent

In the Simple scenario, Gemini CLI, Copilot, and Yuma-Code
consistently achieved full specification compliance and agent code
generation. In the Tool scenario, however, Gemini CLI partially
succeeded, producing code without prompts, and Kiro only par-
tially integrated the tool layer, while Spec-kit relied on mocked
components in both cases. Notably, Kiro’s approach of mocking the
LLM even in the Simple scenario highlights fundamental usability
and integration limitations.

In the Memory agent scenario, Yuma-Code was the only frame-
work successfully implementing all layers, includingmemory, achiev-
ing full compliance and producing fully functional agent code. Gem-
ini CLI and Copilot generated partial code, but Gemini lacked mem-
ory implementation, and Copilot implemented memory incorrectly.
Kiro and Spec-kit showed incomplete or mocked memory handling,
further illustrating difficulties in layering multiple agent compo-
nents correctly.

The MCP scenario, which involves remote GitHub access, re-
vealed more pronounced differences. Only Yuma-Code and Copilot
CLI produced fully compliant agents with proper MCP integra-
tion, handling edge cases and implementing complete LangGraph
+ LLM + CLI layers. Gemini CLI generated functional agent code
but failed to integrate MCP correctly, relying instead on direct
API calls. Spec-kit and Kiro were critically misaligned: Spec-kit
generated mere placeholders, while Kiro produced only a CLI skele-
ton without any LLM or MCP integration. Figure 5 contrast both
extremes: Yuma-Code connecting via MultiServerMCPClient us-
ing the standardized transport protocol, and Spec-kit returning
hardcoded URLs — with a comment in the generated code itself
acknowledging that a real implementation is still needed.

Overall, the results indicate a clear hierarchy in agent genera-
tion capabilities. Yuma-Code and Copilot CLI consistently stand
out across all agent types, producing complete, executable code
with correct integration of required layers. Gemini CLI performs
adequately in simpler configurations but struggles with remote
MCP and memory integration. Spec-kit and Kiro generally under-
perform, often generating partial code or relying on mocks, which
limits practical usability. These findings highlight that the ability
to correctly integrate all required layers is a stronger predictor of
agent functionality than mere specification compliance.

An explanation for the performance gap is that general-purpose
code generation frameworks are not specifically designed for agent
generation, and thus may lack built-in awareness of LangGraph
conventions, MCP protocols, or agent-specific patterns. To mitigate
this threat to validity, all frameworks received a context prompt
providing key definitions ensuring that domain knowledge was
equally available to all.

5.2 RQ2: Test and Evaluation Generation

To address RQ2, we examine the Test Generation and LLM-as-a-
judge Eval (Agent Evaluation) dimensions from Table 3. Each one
was classified as Total (✓), Partial (✦), or Misaligned (✗), with crite-
ria defined per metric. 14 These dimensions capture whether each

Code Generation assesses full component presence (workflow, LLM node, integration
layer, CLI): ✓ fully implemented, ✦ mocked or misconfigured, ✗ absent.
14 Test generation classification: ✓ (Total) indicates that the framework generates
tests specifically for the agent (unit, structural, or behavioral, with or without mocks);
✦ (Partial) indicates that tests are generated only for auxiliary components (e.g., helper
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Table 3: Comparative evaluation of all agent variants across frameworks

ENEM Essay Evaluator (Simple) Tourist Assistant (Memory)

Gemini Copilot Spec-kit Kiro YUMA-Code Gemini Copilot Spec-kit Kiro YUMA-Code

Spec Compliance ✓ 6/6 ✓ 6/6 ✦ 4/6 ✦ 3/6 ✓ 6/6 ✓ 5/6 ✓ 6/6 ✓ 5/6 ✦ 3/6 ✓ 6/6
Agent Code Gen. ✓ ✓ ✦ ✦ ✓ ✦ ✓ ✦ ✦ ✓
Layer Integration - - - - - ✗ ✦ ✗ ✗ ✓
Test Generation ✦ ✦ ✦ ✦ ✓ ✗ ✓ ✗ ✓ ✓
LLM-as-a-Judge Eval Gen. ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓
Code Executability ✓ ✓ ✗ ✓ ✓ ✓ ✗ ✗ ✓ ✓
Exec Time (min) 10.9 4.1 28.3 168.9 8.0 10.5 4.4 28.2 168.5 9.0
Cost ($) 1 – 0.43 - 0.04 0.76 – 0.72 – 0.05
Files count 7 8 22 63 7 4 5 14 31 5

Weather Assistant (Tool) GitIssueBot (MCP)

Gemini Copilot Spec-kit Kiro YUMA-Code Gemini Copilot Spec-kit Kiro YUMA-Code

Spec Compliance ✦ 3/6 ✓ 6/6 ✗ 1/6 ✓ 5/6 ✓ 6/6 ✓ 5/6 ✓ 6/6 ✗ 1/6 ✗ 0/6 ✓ 6/6
Agent Code Gen. ✦ ✓ ✗ ✦ ✓ ✦ ✓ ✗ ✗ ✓
Layer Integration ✗ ✓ ✗ ✓ ✓ ✗ ✓ ✗ ✗ ✓
Test Generation ✓ ✓ ✓ ✓ ✓ ✗ ✓ ✦ ✦ ✓
LLM-as-a-Judge Eval Gen. ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓
Code Executability ✗ ✓ ✓ ✓ ✓ ✗ ✓ ✗ ✗ ✓
Exec Time (min) 43.3 31.3 35.1 102.0 69.4 12.5 20 21.3 55 8.1
Cost ($) 0.4 - 0.6 - 0.05 0.5 - 3.81 - 0.05
Files count 8 15 18 53 7 7 9 22 30 7

Yuma-Code: real MCP integration

1 client = MultiServerMCPClient({

2 "github": {

3 "url": "https://api.githubcopilot.com/mcp/",

4 "headers": {"Authorization":

5 f"Bearer {os.getenv('GITHUB_TOKEN')}"},

6 "transport": "streamable_http",

7 }

8 })

9 async def get_tools():

10 tools = await client.get_tools()

11 return tools

Spec-kit: mocked MCP integration

1 def create_issue(self, repository: str,

2 title: str,

3 description: str = None):

4 # This is a simplified example.

5 # A real implementation would use

6 # the MCP client to make a call

7 # to the GitHub API.

8 print(f"Creating issue:'{title}'...")

9 return f"https://github.com/{repository}/issues/1"

Figure 5: Comparison between Yuma-Code and Spec-kitMCP

integration.

framework produces test and evaluation artifacts alongside the
agent code. No framework was instructed to generate tests.

Across all scenarios, Yuma-Code was the only framework con-
sistently generating both structural and functional test artifacts,
including LLM-as-a-Judge evaluation. Competing frameworks —

modules or services), not for the agent itself; ✗ (Misaligned) indicates that no tests are
generated.

Gemini CLI, Copilot, Spec-kit, and Kiro — produced at most struc-
tural or black-box tests relying on mocked LLMs, sufficient for
unit-level checks but unable to capture real agent behavior. No-
tably, Gemini CLI generated no test artifacts in the MCP scenario,
and Spec-kit’s unit tests became deprecated after the latest iteration
in the Simple scenario.

Yuma-Code uniquely validated both functional and structural
aspects across all agent types, ensuring semantic alignment with
the specification via LLM-as-a-Judge. Figure 6 illustrates the con-
trast between the artifact types generated in the MCP scenario:
Copilot CLI produces structural unit tests without addressing agent
behaviour, while Yuma-Code generates LLM-as-a-Judge test cases
with semantic criteria and expected tool calls.

Overall, Yuma-Code emerges as the only framework capable of
producing fully automated, functional, and structural test artifacts
across all agent types, including LLM-as-a-Judge evaluation. Copi-
lot and Kiro showmoderate capabilities, generating some black-box
or structural tests but lacking LLM-driven assessment. Gemini CLI
and Spec-kit frequently fail to deliver meaningful evaluation arti-
facts, particularly in scenarios requiring functional validation or
integration testing. These results emphasize that automated evalu-
ation using LLM-as-a-Judge is a decisive differentiator in assessing
agent quality and readiness.

5.3 RQ3: Executability and Resource Usage

The final metrics from Table 3 cover Code Executability, Execution
Time, Cost, and Files Count. In the Simple scenario, Gemini CLI,
Copilot CLI, Kiro, and Yuma-Code produced executable agents,
while Spec-kit failed due to mocked LLM calls and import errors.
Execution times varied widely, with Yuma-Code and Copilot CLI
the fastest and Kiro exceeding 1h40m. Yuma-Code and Gemini CLI
produced concise structures (7 files each), while Spec-kit and Kiro
generated significantly larger codebases (22 and 63 files).

In the Memory scenario, executability issues became more evi-
dent: Copilot CLI and Spec-kit failed due to environment and state
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Copilot CLI: structural test

1 def test_repository_validation(self):

2 from gitissuebot import GitIssueBot

3 self.assertTrue(hasattr(GitIssueBot, '

_validate_repository_format'))

4 self.assertTrue(hasattr(GitIssueBot, '

_validate_title_length'))

Yuma-Code: LLM-as-a-Judge test case

1 LLMTestCase(

2 input="Create issue 'Bug Report' in repo 'org/repo'.",

3 expected_output='{"status":"success", "repo":"org/repo",

"title":"Bug Report"}',

4 expected_tools=[ToolCall(

5 name="create_github_issue",

6 input_parameters={"repo": "org/repo", "title":"Bug

Report"})],

7 metrics=[Clarity, Relevance, Completeness,

ToolCorrectness, ArgumentCorrectness] # GEval

8 )

Figure 6: Comparison between Copilot CLI structural testing

and Yuma-Code LLM-as-a-Judge evaluation.

management problems, while Gemini CLI, Kiro, and Yuma-Code
succeeded, with execution times ranging from 4 minutes to nearly
3 hours and Yuma-Code maintaining a compact structure (5 files
versus Kiro’s 31). In the Tool scenario, Yuma-Code and Copilot CLI
remained executable and efficient, while Gemini CLI failed, and
Kiro and Spec-kit produced larger but functional artifacts, following
similar trends in time and cost.

The MCP scenario posed the greatest challenge, with only Yuma-
Code and Copilot CLI generating executable agents, while the
remaining frameworks failed due to incomplete implementations
or integration issues. Yuma-Code achieved the best performance in
both execution time (8m 19s) and cost efficiency ($0.03, excluding
undisclosed components), while Kiro required substantially more
time and resources.

A key factor behind these differences is how each framework
structures the generation process. Spec-kit and Kiro adopt a granu-
lar, step-by-step decomposition with iterative refinements, which
increases execution time. In contrast, Yuma-Code follows a more
guided and integrated strategy, structuring the specification and
generating the agent based on templates, which contributes to its
executability, lower execution time, and more compact artifacts.
Copilot CLI, although not specification-driven, also benefits from a
more direct generation approach, explaining its strong performance
in efficiency and executability.

5.4 RQ4: Agents under LLM-as-a-Judge Eval

To address RQ4:, only minimally functional agents were included,
with adjustments limited to import corrections, structured out-
put handling, and basic configuration alignment; agents requiring
broader fixes were excluded. The results are summarized in Table 4.

All included agents were evaluated three times using LLM-as-a-
judge, scoring G-Eval metrics provided by the DeepEval frame-
work15. The final score for each metric is the average across the
three runs.

In the Simple scenario, Gemini CLI, Copilot CLI, and Yuma-Code
required no code modifications, while Kiro needed minor adjust-
ments and Spec-kit demanded extensive edits to replace mocks,
restore LLM calls, and fix JSON parsing. Gemini achieved perfect
scores (1.0), followed by Yuma-Code (0.95, 0.99, 0.95) and Copilot
CLI (0.79, 0.96, 0.95), while Spec-kit (0.72, 0.86, 0.87) and Kiro (0.62,
0.57, 0.37) showed lower performance, reflecting structural fragility
and semantic incompleteness.

In the Memory scenario, only Yuma-Code and Copilot CLI were
functional without rework, while Gemini and Spec-kit required
minor fixes and Kiro needed substantial adjustments. Results were
heterogeneous: Yuma-Code showed strong memory recall (0.85)
but low clarity (0.13) due to compact outputs; Gemini achieved high
clarity (0.80) and relevance (0.94) but poor memory recall (0.20);
Copilot CLI balanced relevance (0.82) with moderate recall (0.68).
Spec-kit performed moderately (clarity 0.56, recall 0.73), while Kiro
degraded across metrics (clarity 0.36, recall 0.28), reflecting difficul-
ties in maintaining state. These results highlight the importance of
architecture-aware metrics beyond purely semantic criteria.

In the Tool scenario, Gemini and Spec-kit were excluded due to
external dependency issues. Among the remaining frameworks, all
achieved perfect argument correctness (1.0), while tool correctness
varied (Copilot 0.4, Kiro 0.8, and Yuma-Code 0.4). Kiro and Copilot
showed higher clarity (1.0 and 0.95), whereas Yuma-Code produced
more concise outputs (clarity 0.41) but led in relevance (0.93) and
task completion (0.63), suggesting more effective end-to-end ex-
ecution. The MCP scenario was more complex, requiring OAuth
flow and GitHub API handling. Despite this increased complex-
ity, Yuma-Code again achieved the strongest overall performance,
with clarity (0.97), relevance (0.97), completeness (0.95), and perfect
argument correctness (1.0). Gemini CLI maintained good clarity
(0.85) and tool correctness (0.90), but its lower relevance (0.57) and
task completion (0.52) indicate limited contextual integration. Copi-
lot CLI achieved moderate clarity (0.83) but weak tool correctness
(0.30), often failing to align tool arguments properly.

Overall, Yuma-Code demonstrates the most consistent perfor-
mance across all agent types, requiring no manual code changes
in any scenario. Copilot CLI is the closest competitor, excelling
in Tool and MCP scenarios and leading in memory consistency.
Gemini CLI achieves high semantic precision in simple tasks but
degrades under complexity. Kiro and Spec-kit show competitive
isolated metrics but suffer from higher variability and frequent
exclusions due to executability issues.

5.5 RQ5: Code Quality

Beyond functional correctness, we assessed the structural quality of
all generated artifacts—including agent code, tests, and evaluation

15Metrics: Clarity (well-structured, unambiguous output), Relevance (addresses the
user’s request appropriately), Completeness (all required components present), and
task-specific metrics such as memory recall, tool correctness, and task completion.
Each produces a score in [0,1].
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Table 4: LLM-as-a-Judge evaluation of generated agents across frameworks

Metric (mean)

ENEM Essay Evaluator (Simple) Tourist Assistant (Memory)

Gemini Copilot Spec-kit Kiro YUMA Gemini Copilot Spec-kit Kiro YUMA

Clarity 1.00 0.79 0.72 0.58 0.95 0.80 0.41 0.56 0.36 0.13
Relevance 1.00 0.96 0.86 0.63 0.98 0.94 0.82 0.73 0.56 0.61
Completeness 1.00 0.95 0.87 0.35 0.94 0.85 0.83 0.79 0.38 0.36
Memory Recall – – – – – 0.20 0.68 0.17 0.23 0.85
#Changed Lines 0 0 20 3 0 2 3 3 0 0

Metric (mean)

Weather Assistant (Tool) GitIssueBot (MCP)

Gemini Copilot Spec-Kit Kiro YUMA Gemini Copilot Spec-Kit Kiro YUMA

Clarity – 0.95 – 1 0.41 0.85 0.83 – – 0.97
Relevance – 0.76 – 0.83 0.93 0.57 0.76 – – 0.97
Completeness – 0.78 – 0.84 0.32 0.54 0.70 – – 0.95
Task Completion – 0.60 – 0.49 0.63 0.52 0.46 – – 0.65
Tool Correctness – 0.4 – 0.8 0.4 0.90 0.30 – – 0.80
Argument Correctness – 1.00 – 1.00 1.00 0.90 0.88 – – 1.00
#Changed Lines – 0 – 0 0 11 41 – – 0

Table 5: Comparative lint evaluation of generated agents across frameworks

Metric ENEM Essay Evaluator (Simple) Tourist Assistant (Memory)

Gemini Copilot Spec-kit Kiro YUMA Gemini Copilot Spec-kit Kiro YUMA

Pylint 7.15/10 7.02/10 4.23/10 4.97/10 3.72/10 8.18/10 5.71/10 5.61/10 5.36/10 6.75/10
Flake8 (count) 52 83 63 4532 77 21 47 67 2122 61
Radon (cyclomatic) 3.556 3.083 4.0 3.8 3.3 2.3 2.4 2 4.0 2.6
Radon (maintainability) 87.0 47.9 76.4 56.6 71.9 72.4 60.7 64.1 61.2 69.8

Metric Weather Assistant (Tool) GitIssueBot (MCP)

Gemini Copilot Spec-kit Kiro YUMA Gemini Copilot Spec-kit Kiro YUMA

Pylint 6.36/10 6.23/10 6.82/10 5.49/10 5.88/10 7.52/10 6.00/10 2.88/10 5.16/10 6.82/10
Flake8 (count) 12 244 25 2404 111 102 48 47 988 88
Radon (cyclomatic) 1.5 4.1 2.8 3.9 2.73 2.2 3.4 2.2 3.0 2.9
Radon (maintainability) 82.9 54.4 84.49 66.7 68.7 87.0 53.1 93.4 66.3 90.2

scripts—using Pylint16 (quality score, 0–10), Flake817 (style viola-
tions), and Radon18 (cyclomatic complexity and maintainability
index, 0–100).

Table 5 reveals heterogeneous code quality across frameworks
and scenarios. Gemini CLI consistently achieves the highest Pylint
scores and maintainability, while Yuma-Code performs compet-
itively, particularly in MCP (MI = 90.2). Cyclomatic complexity
remains moderate across all frameworks (CC = 1.5–4.0), indicating
generally simple control flows. The main differentiator is stylistic
conformity, with Flake8 violation counts varying by orders of mag-
nitude. Kiro illustrates this trend most clearly: despite acceptable
Pylint scores and complexity, it accumulates 4,532 style violations
in the Simple scenario and 2,122 in Memory, indicating structurally
functional but stylistically inconsistent code. Spec-kit exhibits a
similar pattern in the Tool scenario (2,404 violations) and, in MCP,
combines the lowest Pylint score (2.88/10) with the highest main-
tainability index (93.4), highlighting that these metrics capture
distinct, not always correlated, aspects of code quality.

16https://pylint.readthedocs.io/
17https://flake8.pycqa.org/
18https://radon.readthedocs.io/

Table 6: Flake8 violation categories in GitIssueBot (MCP).

Category Gemini Copilot Spec-kit Kiro YUMA

E (Style) 43 90 42 897 83
W (Warnings) 6 243 0 710 1
F (Pyflakes) 2 16 5 35 4

Total 48 343 47 988 88

Table 6 summarizes Flake8 violations by category in the MCP
scenario. Kiro and Copilot mainly produce W-category warnings
(predominantly W293), which are cosmetic, whereas Gemini and
Yuma-Code are dominated by E-category violations (primarily
E501 and E302), reflecting minor readability issues. Spec-kit differs
by exhibiting 27.7% E402 errors (imports outside module scope),
a structurally riskier pattern that may lead to runtime failures.
Overall, violations are predominantly cosmetic or stylistic across
all frameworks.

6 Discussion

These results reveal trade-offs across frameworks, discussed be-
low. Implications for Developers. Framework selection involves

https://pylint.readthedocs.io/
https://flake8.pycqa.org/
https://radon.readthedocs.io/
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distinct trade-offs. Yuma-Code is best suited for development work-
flows requiring specification guidance, automatic architecture se-
lection, and integrated generation of tests and evaluation artifacts,
enabling traceability and behavioral validation. Copilot CLI offers
a practical alternative for rapidly producing well-structured agents
with minimal manual intervention. Gemini CLI performs well for
simple, single-turn agents but degrades in more complex integra-
tions. Although Kiro and Spec-kit provide structured generation
workflows, their reliance on mocked components and added com-
plexity currently limit their practical utility.

Implications for Researchers. Existing benchmarks either tar-
get code generation at function or class level (e.g., HumanEval [7],
ClassEval [10]) or evaluate agent behavior and task completion
(e.g., GAIA [21], AgentBench [17], WebArena [29]) — but none
addresses the generation of agent code itself. To our knowledge,
AgentGenBench is the first benchmark for evaluating agent gen-
eration across architectural variants, encompassing specification
compliance, behavioral correctness, and LLM-as-a-Judge artifact
generation. The widespread failures in tool integration, MCP con-
nectivity, and memory handling indicate that agent-specific gener-
ation remains underexplored and highlight AgentGenBench as a
reusable benchmark for future research.

Implications for Tool Builders. The comparative results point
to design characteristics that correlate with stronger agent gener-
ation outcomes. Frameworks that guide users through structured
specification elicitation produce more complete and consistent in-
puts for generation. Architecture-aware generation using prede-
fined templates reduces hallucinations and improves structural con-
formance. Moreover, generating tests and LLM-as-a-Judge scripts
alongside agent code enables behavioral validation beyond syntactic
analysis. While these patterns were consistent across the evaluated
frameworks, ablation studies are needed to establish causal links
between specific design choices and outcomes. Threats to Validity

- External validity. The findings may not generalize beyond the
four agent architectures and five frameworks evaluated. Each tool
relies on distinct underlying LLMs and runtime environments, and
model updates or configuration differences may alter future results.
Additionally, AgentGenBench was designed with Yuma-Code’s
capabilities in mind, which may introduce benchmark bias. This
threat is partially mitigated by the competitive performance of
Copilot CLI — a general-purpose framework — across all scenarios,
and by the context prompt with agents’ related terms definitions
provided to all frameworks, which equalized domain knowledge
availability. Internal validity. Experiments required minimal man-
ual intervention to correct imports and align configurations, which
could introduce unintentional biases. In order to mitigate this, we
standardized, these adjustments. Besides that, the limited num-
ber of agents per framework also constrains statistical robustness.
To mitigate generation variability, we implemented measures on
the inputs. We made an extra effort to remove ambiguities and
omissions from the natural-language specifications to minimize
the need for further clarification by providing contextual prompts
containing core definitions. All specifications are publicly available
in our repository. To control variability in the results, each gener-
ated agent was executed three times against the ground-truth test
cases, and all reported metrics correspond to the average across
runs. A fully automated pipeline with a pass@k approach would

provide stronger consistency in future studies. Construct validity.
Metrics derived from LLM-as-a-Judge (clarity, completeness, rele-
vance) may not fully capture nuanced agent behavior. To mitigate
non-determinism, each test case was executed three times with
results aggregated, and evaluation criteria were explicitly defined
per metric to reduce ambiguity in scoring. Additionally, while code
quality metrics (Pylint, Flake8) assess stylistic rather than func-
tional correctness, behavioral correctness is separately addressed
through the LLM-as-a-Judge evaluation in RQ4, which executes the
generated agents against predefined test cases.

7 Conclusion

This paper presented Yuma-Code, a CLI framework that transforms
natural-language specifications into executable LLM agent code
through structured requirement elicitation, automatic architecture
selection, and multi-agent orchestration. To evaluate Yuma-Code,
we introduced AgentGenBench, a benchmark covering four agent
architectures (Simple, Tool, Memory, MCP), and compared Yuma-
Code against four general-purpose code generation frameworks —
Copilot CLI, Gemini CLI, Kiro, and Spec-kit.

Yuma-Code was the only framework to achieve full specifica-
tion compliance and LLM-as-a-Judge artifact generation across all
scenarios, requiring zero manual corrections throughout. Copilot
CLI emerged as the closest competitor, producing organized and
executable agents, particularly in simpler configurations. Gemini
CLI excelled in the Simple scenario but degraded in complex in-
tegrations. Kiro and Spec-kit frequently produced fragmented or
mocked implementations, limiting their practical utility for agent-
specific tasks. The results suggest that treating agent generation
as a structured engineering process — encompassing specification,
architecture selection, and behavioral evaluation — yields more
reliable and verifiable agents than general-purpose code synthesis.

Future Work. AgentGenBench can be extended with addi-
tional architectures, task domains, and multi-agent systems. Future
studies should include ablation analyses of Yuma-Code’s pipeline, a
fully automated pass@k-based evaluation pipeline, and human val-
idation to complement LLM-as-a-Judge assessments. Yuma-Code
can also evolve toward a complete development lifecycle, including
deployment and continuous evaluation. Finally, future work will
improve the requirements elicitation and prompt generation pro-
cesses to better balance structural precision, functional correctness,
and semantic quality, reducing discrepancies between functional
and semantic evaluation metrics.

Artifact Availability

All artifacts and the source code of Yuma-Code are publicly avail-
able.1920 Experiments were conducted between October and No-
vember 2025.
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