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Abstract

Generating high-quality code for problem-solving remains a major challenge as it re-
quires both linguistic understanding and algorithmic reasoning. Recent multi-agent
frameworks have shown great potential for code generation through collaborative
planning, implementation, and debugging, yet their performance is hindered by re-
dundant low-quality plans, the inability to decompose high-level plans into simpler
subtasks, and the lack of evaluation against given test cases. We introduce Qual-
Coder, a novel multi-agent framework that enhances code quality and generation
efficiency by using (i) a confidence-aware planner that filters low-quality plans, (ii)
a sub-task planning agent that decomposes high-level plans into smaller, executable
tasks, and (iii) a quality assurance agent that validates plans and code against test
cases. Our experiments across problem-solving benchmarks reveal that QualCoder
improves performance over current best approaches by roughly 2% on HumanEval
and 24.10% on CodeContest, while reducing the number of API calls and token count.
Further analysis reveals the efficacy of QualCoder in reducing error propagation by
filtering plans with lower confidence and using test cases as preliminary evaluations.
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Chapter 1

Introduction

1.1 Introductory Information

Large language models (LLMs) like GPT-4, CodeLlama and others have shown im-
pressive automatic coding capabilities from natural-language input in recent years.
These models have been very accurate on basic programming assignments and have
been used extensively as part of developer tools. Still, when these models are used
on more complicated, competition-type problems, like those in assessments like Hu-
manEval, CodeContest, MBPP and APPS [5], [17], they sharply degrade. These types
of problems involve multi-step reasoning, logical breakdown, test-driven tuning, and
strong debugging—capabilities that single-pass LLMs struggle to deliver consistently.

For closing this gap, new research has proposed multi-agent LLM frameworks that
emulate how professional programmers work collaboratively. Such systems divide
the coding process among specialized agents like a planner, coder, tester and debug-
ger [22], [25], [47]. Each semi-autonomous agent enhances overall robustness and
correctness in the final product. Such frameworks like AgentCoder, MapCoder,
CodeCoR and AdaCoder have shown better pass rates on competitive benchmark
datasets with this divide-and-conquer paradigm.

We present QualCoder, a multi-agent code generation framework. Our key contri-
bution is the integration of a Quality Assurance (QA) Agent at multiple stages of the
coding pipeline. Unlike existing frameworks, which typically perform testing or veri-
fication only at the end, the QAAgent in QualCoder interacts continuously with plan-
ning, coding, and debugging agents. This enables early detection and correction of
errors, iterative refinement of generated plans and code, and overall improvement in
code quality, reducing downstream failures.
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In addition, we focus on smaller, resource-efficient open-source LLMs such asGemma
and QwenCoder, rather than large, resource-intensive models, making our approach
more accessible and cost-effective. We evaluated our framework on both basic pro-
gramming tasks (HumanEval) and complex competition-style problems (CodeCon-
tests dataset) using multiple LLMs ranging from Gemma 3 (4B parameters) to Kimi
K2 (1T parameters), demonstrating strong performance and potential improvements
over existing baselines such as MapCoder [26].

Until now, all multi-agent code generation frameworks have relied on the same LLM
for all agents (a homogeneous setup),making the systemdependent on a singlemodel’s
strengths and weaknesses. Heterogeneous agent specialization has been explored in
frameworks like X-MAS [39], and our framework extends this idea by supporting both
homogeneous and heterogeneous configurations. We also evaluate the performance
of these heterogeneous setups using our framework to assess whether task-specific
LLM allocation provides advantages over homogeneous configurations.

1.2 Motivations and Scope

The impetus for such research arises from some key observations in the current liter-
ature. For instance, although systems like AgentCoder [22] and CodeCoR [47] have
been seen to achieve remarkable results withmassive in-housemodels such as GPT-4,
it has not been explored yet whether they generalize efficiently to small, open-source
LLMs [67]. This shortcoming calls into question the practicability and affordability of
such systems, considering that in-housemodels usually have immense computational
requirements and limited accessibility.

Second, the dominant homogeneous agent architectures, where every agent utilizes
the same LLM, also inherently curtail the promise of multi-agent systems by not tap-
ping into the varied strengths and specialized capabilities of alternativemodels. Some
LLMs, for example, demonstrate superior capabilities in abstract reasoning and plan-
ning activities, while others may be superior in exact syntax generation, fine-grained
debugging, or efficient test-case construction. Neglecting such specialized capabilities
hinders the optimization potential of multi-agent pipelines.

Of the notable approaches,MapCoder [25] presents a novel planning-aided paradigm
called “Program-of-Thought", methodically reducing complicated issues to systematic
intermediary steps. The clear planning heavily increases the accuracy of code gener-
ation, as every sub-step can be individually optimized and verified through iterative
feedback cycles [25]. MapCoder’s systematic breakdown process matches the pro-
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fessional software development processes tightly, indicating the possible advantages
of role specialization in multi-agent systems. Although MapCoder’s accuracy gains
through the use of high-powered in-house models have been remarkable, the ques-
tion of whether MapCoder is also effective when using smaller and more specialized
open-source models has not been closed and remains a fascinating question to inves-
tigate.

Further, there has been a definitive trend in the recent literature towards adaptive and
cost-effective architectures. AdaCoder proposed an adaptive two-phase pipeline us-
ing conditional agent invocation and very token-efficient LLMs. According to their
results, stunning savings were achieved with a 12 times lower token usage while at
the same time enhancing the performance by about 27.7% in the metric of pass@1
accuracy over the prior state-of-the-art methods [67]. Related areas like multi-agent
question-answering [12], multi-agent planning [6], and generative simulations [48]
also provide supporting insights into the effectiveness of heterogeneous configura-
tions and demonstrate that allocating specialized models or agents to specific roles
results in significant improvements in accuracy, robustness, and system stability.

Having seen these gaps and noticed these trends, our research strives to systemati-
cally analyze the efficiency of heterogeneous LLM architectures. We want to examine
role-modelmatching, training each agent role—planning, coding, testing, and debug-
ging—to the best-fitting LLM based on its capabilities.Central to our framework is the
integration of a Quality Assurance (QA) Agent at multiple stages of the pipeline. Un-
like prior frameworks, which typically perform testing or verification only at the end,
the QA Agent interacts continuously with planning, coding, and debugging agents.
This enables early detection and correction of errors, refinement of generated plans
and code, and overall improvement in code quality while reducing downstream fail-
ures. We then evaluate how such strategic role-model matching, combined with the
QA Agent, influences key factors such as accuracy, inference cost, token usage, and
error propagation.

1.3 Problem Statement

Why current multi-agent systems stall

Multi-agent LLM architectures—MapCoder, AgentCoder, CodeCoR, AdaCoder and
others—have achieved spectacular accuracy improvements on functional coding bench-
marks by splitting tasks into clearly defined roles like planner, coder, tester and de-
bugger. However, a critical limitation of all existing frameworks is the absence of a

3



dedicated Quality Assurance (QA) Agent that continuously monitors and refines the
outputs at multiple stages of the pipeline. In these systems, testing or verification is
typically performed only at the end, which delays error detection and allowsmistakes
to propagate downstream. Another key limitation is the reliance on a homogeneous-
model assumption: every agent in the pipeline uses the same underlying foundation
model, typically GPT-4 or GPT-3.5. While this uniformity simplifies implementation,
it introduces three major strategic limitations:

1. Mis-matched proficiency.
Different roles in the pipeline demand different strengths. A planner agent
needs long-context reasoning. A coder benefits from precise syntax control. A
tester mainly requires speed. Forcing all roles to rely on the same model means
we miss out on the specialized capabilities of modern models—like the code-
focused CodeLlama, the reasoning-optimized Gemma, or the ultra-efficient
Phi.

2. Cost asymmetry.
Reusing GPT-4 for every task, even the trivial ones like generating boilerplate or
compiling, incurs a high and constant cost. For instance, a single run on APPS
usingMapCoder can exceed 20,000 tokens, which is prohibitively expensive for
real-time or large-scale usage.

3. Systemic failure modes.
When all agents are powered by the same model family, they share the same
blind spots. If GPT-4 misses an edge case during planning, it’s likely the coder
anddebuggerwillmiss it too—leading to uncorrected errors that cascade through
the system.

Opportunity: Role-Aware and QA-Enhanced Agents

A critical opportunity lies in integrating a dedicated Quality Assurance (QA) Agent
that continuouslymonitors and refines outputs atmultiple stages of the coding pipeline.
Unlike current frameworks, which typically perform testing or verification only at the
end, a QAAgent can detect errors early, improve plan and code quality iteratively, and
prevent mistakes from propagating downstream.

AlongsideQA integration, there’s growing anecdotal evidence that heterogeneous con-
figurations—such as using GPT-4 for planning, GPT-3.5 for coding, a 7B model for
drafting, and a Python sandbox for execution—can match or even outperform their
homogeneous counterparts, all while being significantly more cost-efficient. How-
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ever, the field lacks a thorough, benchmark-level evaluation of this role-specific align-
ment strategy.

Additionally, current systems don’t include adaptive controllers that can dynamically
choose the best model for each task, taking into account the complexity, cost, and
latency involved.

Research Objectives

O1. Integrate and evaluate a Quality Assurance (QA) Agent across multiple
stages of the code generation pipeline. We aim to measure its impact on early
error detection, code quality, and downstream failure reduction, comparing per-
formance against baseline methods such as MapCoder and other homogeneous
frameworks.

O2. Quantify the actual performance gap when replacing the single GPT-4 back-
bone in current leading pipelines with open-source LLMs ranging from 1B to
14B parameters. We will assess this in terms of pass@1 accuracy, hidden test
robustness, and categorized errors.

O3. Design a role-aware heterogeneous architecture which assigns each role in the
pipeline to the model or external tool best suited for that task. For example,
Gemma-9B for high-level planning, Qwen2-Coder-7B for generating code, Phi-
4-Mini for bulk test generation, and a sandbox executor for validating outputs.

O3. Evaluate this proposed systemacross four standard benchmarks—HumanEval,
MBPP, APPS, and CodeContests—and compare its accuracy, token cost, and
runtime performance against the top-performing homogeneous baselines (in-
cluding GPT-4-only and GPT-3.5-only setups from MapCoder, CodeCoR, and
AdaCoder).

1.4 Research Challenges

Developing a heterogeneous multi-agent pipeline goes far beyond simply swapping
out models. It introduces critical questions around model-role alignment, reliability,
and consistent evaluation standards. Based on recent literature, we identify six key,
interrelated challenges:

• Model–role alignment.
Large language models vary significantly in reasoning ability, syntax precision,
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and context length. For instance,MapCoder’s four-stage design relies heavily on
a reasoning-intensive Planner—replacing it with a smallermodel leads to sub-
stantial performance drops, whereas the Retriever can be scaled down with
minimal impact [25], [67]. This suggests the need for role-specific profiling of
models rather than relying on overall benchmarks.

• Error propagation and containment.
In sequential pipelines,mistakesmade early in the process can cascade. CodeCoR
illustrates how a flawed prompt agent canmislead both the coder and the tester,
resulting in compounded errors [47]. Some mitigation strategies—like internal
simulations [25], n-best result pruning [47], and teacher–learner feedback loops
[22]—have been proposed, but they haven’t been stress-tested in heterogeneous
setups, where diagnosis and correction may involve different model families.

• Dynamic routing and load balancing.
AdaCoder uses a two-phase controller to cut token usage by 16×, invoking costly
planners only for complex tasks [67]. Scaling this approach to handle mul-
tiple models of varying sizes (e.g., 7B, 13B, 33B) requires additional compo-
nents—like task difficulty estimators, quotamanagers, and latency-aware heuris-
tics—that are missing in current frameworks.

• Evaluation fairness.
Cost evaluation in heterogeneous systems is complicated by system prompts, re-
tries, external tool latency, and communication between agents. Existing stud-
ies use inconsistent accounting: MetaGPT counts onlymodel tokens [20], while
AgentVerse includes tool usage but ignores retries [6]. There’s a pressing need
for standardized benchmark protocols that normalize: (i) cost per successfully
solved instance, (ii) wall-clock latency under API rate constraints, and (iii) re-
silience to hidden tests.

• Token efficiency in inter-agent dialogue.
Detailed hand-offs—like PRDs, UMLdiagrams, or verbose reasoning traces—often
dwarf the final code output in size. On average, MapCoder logs over 12 k tokens
per task, with more than 60% spent on agent communication [25]. Figuring out
how to compress or cache this chatter without losing essential alignment signals
remains a complex engineering issue.

• Tool–model interoperability.
Systems that integrate compilers, linters, or search engines (e.g., CodeAgent)
outperform purely LLM-based approaches on complex codebases. However,
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this introduces challenges around interface compatibility and handling tool-
generated errors [48]. In a heterogeneous team, it’s crucial that a lightweight
coding model can accurately interpret diagnostics from an external tool origi-
nally optimized for GPT-4 input.

• QA Agent response parsing and overhead.
Integrating aQAAgent atmultiple stages introduces additional communication
overhead and complexity. The QA Agent must parse outputs from planning,
coding, and debugging agents, generate actionable feedback, and relay it effec-
tively without significantly increasing latency or token usage. Designing robust
parsing strategies and efficient feedback mechanisms is essential to ensure the
QA Agent improves code quality without becoming a bottleneck.

Tackling these challenges is critical for realizing the full accuracy and cost-efficiency
potential of mixed-model, multi-agent code generation systems.

1.5 Contributions

This thesis presents four interconnected contributions to the field of multi-agent rea-
soning and automatic code generation, with a particular emphasis on scalability, ro-
bustness, and efficiency under resource-constrained settings.

1. Design of an Efficient Role-Aware Multi-Agent Framework.
We introduce a novel multi-agent architecture that assigns lightweight, open-
source models to specialized roles, including high-level planning, sub-task de-
composition, quality assurance, code generation, test design, and debugging.
Unlike traditional homogeneous frameworks that rely on a single large model,
our approach ensures that only the necessary parameter footprint is active at
any given time, enabling efficient deployment even on limited computational
resources.

2. Introduction of a Quality Assurance Agent.
Building upon prior frameworks such as MapCoder [25] and AdaCoder [67],
we incorporate a dedicated Quality Assurance (QA) agent tasked with evaluat-
ing both high-level and detailed plans through confidence scoring and targeted
feedback. Plans that fall below a predefined confidence threshold are dynami-
cally refined before execution, implementing a lightweight self-reflection loop
inspired by CodeCoR [47]. This mechanism improves plan reliability without
imposing significant computational overhead.
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3. SystematicEvaluationofHeterogeneousArchitectures onExistingFrame-
works.
To explore the broader applicability of our heterogeneous, role-specialized de-
sign, we retrofit small-model configurations into leading pipelines such asMap-
Coder, CodeCoR, and AdaCoder. Our evaluation systematically investigates
how model heterogeneity affects key performance metrics, including pass@1
accuracy, token efficiency, and runtimeonbenchmarks likeHumanEval,MBPP,
and APPS.

4. Development of an Open-Source Toolkit for Reproducible Research.
We provide an open-source release of all code, prompt templates, configura-
tion files, and evaluation scripts under an MIT license. This enables future re-
searchers to reproduce, extend, and rigorously evaluate heterogeneous multi-
agent architectures in the context of code generation tasks.

Taken together, these contributions lay a foundation for systematically exploring the
design space of lightweight, role-specialized multi-agent systems and their potential
advantages over monolithic large-model pipelines.

1.6 Organization

This thesis follows the canonical structure recommended by the IUT CSE BSc Thesis
Template, with each chapter answering a specific research question and feeding the
next stage of the argument.

Chapter 1 – Introduction. Establishes the context of multi-agent code generation,
motivates the need for heterogeneous teams, states the research objectives (§1.3),
enumerates the technical challenges, and previews our main contributions.

Chapter 2 – RelatedWorks. Develops a thematic narrative of prior art in three con-
centric circles: (i) single-model codeLLMs, (ii) homogeneousmulti-agent frame-
works such as MapCoder and CodeCoR, and (iii) early evidence for heteroge-
neous or tool-augmented agents. Gaps identified here directly shape the design
requirements in Chapter 3.

Chapter 3 – Proposed Methodology. PresentsHeteroCoder, our role-aware het-
erogeneous pipeline. After an architectural overview, the chapter walks chrono-
logically through agent roles, model assignments, the adaptive routing policy,
and sandbox execution, concluding with a summary of how these components
jointly tackle the challenges outlined in Chapter 1.
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Chapter 4 – Conclusion. Recaps how each objective has been met, distils the key
findings, articulates the theoretical and practical contributions, acknowledges
limitations, and charts avenues for future research (e.g., retrieval-augmented
planning and live contest deployment).

Chapter 5 – Citations. Demonstrates citationmanagementwith biblatex; not part
of the technical narrative.

References. Consolidates all cited works in IEEE style.

Appendices. Provide full prompt templates, hyper-parameter grids, additional abla-
tion tables, and the reproducibility checklist required by the department.
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Chapter 2

RelatedWorks

2.1 Background and Evolution

2.1.1 Historical Development of Code Generation

The search for automated programming goes back to the very first days of computers,
with visionary computer scientists imagining machines that could write their own
programs. The journey from these early dreams to today’s sophisticated multi-agent
systems reflects decades of technological evolution and paradigm shifts.

This search began with foundational ideas in 1949, when Maurice Wilkes proposed a
“library of subroutines" and later evolved through the formal program synthesismeth-
ods pioneered by Manna and Waldinger in the 1960s and 70s.

The 1980s and 1990s saw a shift towards more practical applications with the emer-
gence of rule-based code generators, template systems, and CASE tools designed for
automatic code generation. A subsequent neural revolution, ignited by sequence-to-
sequence architectures and attentionmechanisms, dramatically accelerated progress.
Early neural models like DeepCoder and RobustFill showcased the significant poten-
tial of this approach.

A critical turning point was the creation of pre-trained models specifically designed
for coding tasks, including: CodeBERT,GraphCodeBERT,CodeT5, PLBART. This his-
torical progression has culminated in the current era, where the scaling up to large
language models has fundamentally transformed code generation capabilities.
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Early Foundations (1950s-1980s)

The concept of automatic programming emerged alongside the first computers. In
1949, Maurice Wilkes envisioned a “library of subroutines" that could be automati-
cally composed, laying conceptual groundwork for modular programming [59]. The
1960s and 1970s saw the development of formal program synthesismethods, with pio-
neering work by Manna andWaldinger (1971) on deriving provably correct programs
from logical specifications [42]. These approaches, even though theoretically elegant,
struggled with the scale and ambiguity inherent in real-world programming tasks.

Rule-Based and Template Systems (1980s-2000s)

The 1980s and 1990s witnessed the rise of rule-based code generators and template
systems. CASE tools (Computer-Aided Software Engineering) promised to revolu-
tionize software development through visual modeling and automatic code genera-
tion. Systems like Rational Rose and Together/J could generate fundamental code
from UML diagrams, though the generated code often required substantial manual
refinement. Domain-specific languages (DSLs) and code generators for specific tasks
(e.g., parser generators like YACC) achieved practical success within limited domains.

Statistical andMachine Learning Approaches (2000s-2015)

A paradigmatic shift occurred with the recognition of the “naturalness of software"
[18], which observed that source code exhibits statistical regularities similar to natural
language. This insight enabled the application of statistical language modeling tech-
niques to code, including n-gram models, probabilistic context-free grammars and
early neural approaches. Researchers began exploring code completion, bug predic-
tion and simple code generation tasks using machine learning techniques.

Neural Revolution and Pre-trained Models (2015-2020)

The introduction of sequence-to-sequence architectures and attention mechanisms
revolutionized code generation. Early neural models like DeepCoder [3] and Ro-
bustFill [9] demonstrated the potential of neural approaches for program synthesis.
The emergence of pre-trained models specifically designed for code marked a turn-
ing point.These included CodeBERT [13], a bimodal pre-trained model for natural
language and code that laid the groundwork for code understanding tasks. This was
followed by GraphCodeBERT [15], which improved code comprehension by incorpo-
rating data flow information into its pre-training. Capabilities were further expanded
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by CodeT5 [56], an encoder-decoder model supporting both code understanding and
generation, and PLBART [1], which unified pre-training across multiple program-
ming languages.

The LLM Era and Towards Multi-Agent Systems (2020-Present)

The scale-up to large language models fundamentally transformed code generation
capabilities. OpenAI Codex [5] demonstrated thatmodels trained on vast code reposi-
tories could generate functional code fromnatural language descriptions. Subsequent
models likeGPT-4, Code Llama [51], StarCoder [33] andDeepSeek-Coder [16] pushed
the boundaries further. However, as these models approached their architectural lim-
its, researchers recognized that further progress requiredmoving beyond single-agent
paradigms to collaborative multi-agent systems that could leverage specialized exper-
tise and structured workflows.

2.1.2 Single-Agent Era

The single-agent era of code generation was revolutionized by the introduction of
the Transformer architecture [55] and the advent of large-scale pre-training. This
progress beganwith keymilestones in early neuralmodels, where sequence-to-sequence
architectures first demonstrated success in code generation tasks [37], [63]. This was
followed by the creation of foundational pre-trained code models such as CodeBERT
[13], GraphCodeBERT [15], and CodeT5 [56], which were instrumental in establish-
ing robust methods for both code understanding and generation. The era culminated
in the development of powerful Large Language Models, including OpenAI Codex, a
foundational 12B parameter model that achieved 28.8% pass@1 on HumanEval [5];
the current state-of-the-art GPT-4, which achieves 67-80% pass@1 on the same bench-
mark [45]; the open-source Code Llama family, with its 34B variant reaching 53.7%
pass@1 [51]; StarCoder, a 15.5B parameter model supporting over 80 languages [33];
DeepSeek-Coder, which provides competitive performance with improved efficiency
[16]; and AlphaCode, which demonstrated strong competitive programming capabil-
ities [34].

The success of thesemodels is rooted in their function as general-purpose task proces-
sors, a capability driven by the convergence of three key developments: advanced rea-
soning, sophisticatedmemory architectures, and toolmanipulation [41]. The internal
planning abilities of these agents evolved from simple linear methods like Chain-of-
Thought[58] to more robust multi-path techniques like Tree-of-Thought[62], which
allow an agent to explore different solutions and backtrack from mistakes. To man-
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age context over long interactions, these agents developedmemorymechanisms, with
frameworks like Reflexion pioneering the use of experience to learn frompast failures.
Furthermore, a crucial capability is their use of external tools to overcome inherent
limitations which provides real-time, context-aware code suggestions directly within
IDEs [28].

However, despite these advanced capabilities, single agents face critical limitations
that motivate the shift to multi-agent systems. They are highly resource-intensive
to train and deploy and can generate code with significant syntactic errors, seman-
tic flaws, security vulnerabilities, and biases inherited from their training data. More
fundamentally, their core training objective is next-token prediction, a process not
optimized for complex reasoning which is required for many real-world software en-
gineering tasks. This leads to a performance ceiling that collaborative agent systems
aim to overcome [11].

As shown in Table 2.1, the single-agent era produced many influential code gener-
ation frameworks, from early neural-guided methods like DeepCoder [3] to large-
scale models such as AlphaCode[34] and GPT-4[45]. The table summarizes their core
architecture and notable evaluation results on benchmarks like HumanEval[5] and
CodeXGLUE[40].
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Table 2.1: Major Frameworks and Models of the Single-Agent Era

Framework/Model Architecture Evaluation

DeepCoder[3] Uses a search-based method
guided by a neural model.

Demonstrated the feasibility
of using neural networks to
guide program synthesis.

CodeBERT[13] A bimodal pre-trained
model based on the Trans-
former architecture.

Achieved state-of-
the-art results on the
CodeXGLUE[40] . [40]
benchmark.

GraphCodeBERT[15] Enhanced pre-training by
incorporating data flow
graph.

Outperformed previ-
ous models on seman-
tic understanding on
CodeXGLUE[40].

CodeT5[56] A unified encoder-decoder
framework.

Achieved state-of-the-art re-
sults on CodeXGLUE[40].

OpenAI Codex[5] A large-scale (12B parame-
ters) GPT based model.

Achieved 28.8% pass@1 on
the HumanEval[5] bench-
mark.

AlphaCode[34] A complete LLM-based sys-
tem.

Achieved an average rank-
ing in simulated Codeforces
competitions, comparable to
human competitors.

GPT-4[45] A large-scale, multimodal
model.

Demonstrated significant
improvements over aca-
demic exams, including
programming tasks.

StarCoder[33] A 15.5B parameter open-
source model.

Outperformed other open
models of similar size at the
time.

Code Llama[51] A family of open-source
LLMs (7B, 13B, 34B).

Achieved 53% pass@1 on
HumanEval[5].

DeepSeek-Coder[16] A series ofmodels trained on
2 trillion tokens of data.

Achieved a state-of-the-art
73.8% pass@1 on Hu-
manEval[5].
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Figure 2.1: Phases of Multi Agent Code Generation

2.1.3 Limitations Driving Multi-Agent Approaches

Despite the remarkable progress in automated code generation, single-agent Large
Language Models (LLMs) exhibit critical limitations that motivate the shift toward
multi-agent approaches. The severity of these issues is highlighted by their perfor-
mance on complex, real-world benchmarks like SWE-bench, where current systems
achieve only a 1-4% success rate [29]. This significant performance gap highlights the
need for more sophisticated, collaborative frameworks.These core deficits manifest in
several key areas.

Single agents lack systematic methods for task decomposition, often attempting to
solve complex software projects monolithically rather than breaking them into man-
ageable sub-problems. They also cannot replicate the specialized roles common in
human software development, such as architects, developers, and testers. While tech-
niques like self-debugging exist [7], most models are constrained by limited iterative
refinement, generating code in single passes with minimal feedback loops. Further-
more, they face technical constraints related to context and scalability, strugglingwith
the long-term dependencymanagement required for very large codebases [38]. These
models can also produce syntactically correct but semantically flawed code due to
hallucination, which is considered a theoretically inevitable issue [60].

Finally, single agents suffer from internal resource competition when trying to op-
timize multiple objectives simultaneously, leading to compromised performance in
areas like code generation and test case creation.
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2.1.4 A Generalized Multi-Agent Code Generation Pipeline

To overcome the limitations of single-agent systems, multi-agent frameworks intro-
duce structured, collaborative workflows that mimic human software engineering
teams. As illustrated in Figure 2.1, the pipeline for multi-agent code generation can
be decomposed into five interconnected stages, each involving specialized agents co-
ordinated through an orchestration mechanism.

The process begins with the Task Inception and Decomposition stage, where a
high-level user prompt is translated into a structured, actionable task representation.
This phase involves decomposing complex objectives into manageable subtasks that
provide clarity and reduce ambiguity, thereby constraining the problem space early in
the process.

Next, in theOrchestration and Allocation stage, these subtasks are assigned to ap-
propriate agents based on their roles and capabilities. A central orchestrator manages
the flow of information and ensures effective task distribution.

During theMulti-Agent Solution Synthesis stage, execution agents collaboratively
generate the core solution artifacts such as source code, documentation, and configu-
ration files. This phase reflects the parallel or sequential collaboration between mul-
tiple agents, shown in Figure 2.1 as Agent 1 through Agent 𝑛, where intermediary
agents facilitate communication and iterative improvement.

The Iterative Verification and Refinement stage implements quality assurance
loops. Generated artifacts are evaluated, tested, and debugged to ensure correctness
and robustness. Feedback flows between agents (e.g., from validation to synthesis) to
iteratively enhance the solution quality, capturing the generate–test–refine loop.

Finally, in the Integration and Finalization stage, all validated artifacts are assem-
bled into a cohesive software system that fulfills the original user request. This step en-
sures component compatibility, consistent interfaces, and overall system coherence.

Figure 2.1 illustrates this end-to-end pipeline, showing how structured decomposi-
tion, coordinated agent collaboration, and continuous refinement converge to pro-
duce high-quality, executable software products in a modular and scalable fashion.
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2.2 Taxonomy of Multi-Agent Code Generation Sys-
tems

To systematically understand and compare the diverse landscape of multi-agent code
generation systems, we propose a comprehensive 5-dimensional taxonomy that cap-
tures the essential characteristics of these frameworks while minimizing dimensional
overlap. This classification framework, presented in Table 2.2, provides a structured
lens through which we can deconstruct and analyze these complex systems across
their core attributes. The five dimensions we examine are: Agent Architecture,
which defines the structural organization of agents;Role Specialization, which char-
acterizes the functional differentiation among agents; Task Scope, which determines
the scale of problems addressed; Interaction Mechanism, which describes com-
munication patterns; and Learning and Adaptation, which assesses the system’s
capacity for behavioral modification.

The proposed five-dimensional taxonomy was carefully designed to provide a clear,
systematic and comprehensive framework for analyzing multi-agent code generation
systems. Each dimension was selected based on its significance in capturing the core
characteristics that differentiate these frameworks, while avoiding redundancy across
categories.

Agent Architecture’s structural organization of agents fundamentally shapes how
tasks are decomposed, coordinated, and executed within the system. Role Special-
ization highlights the functional differentiation among agents, which is crucial for
understanding how systems leverage division of labor and expertise. Task Scope al-
lows for distinguishing frameworks according to the complexity and scale of problems
they can address, which is essential for assessing applicability and limitations. Inter-
action Mechanism captures the communication and coordination patterns among
agents, a key determinant of system efficiency, scalability and adaptability. Learning
and Adaptation evaluates the framework’s ability to improve over time or adjust to
changing environments, reflecting the system’s long-term robustness and intelligence.

Building upon this taxonomy, we have systematically classified the surveyed frame-
works as shown inTable 2.3. This classification reveals interesting patterns in howdif-
ferent architectural choices correlate with specific task scopes and interaction mech-
anisms. Furthermore, the distribution of frameworks across these dimensions, visu-
alized in Figure 2.2, provides valuable insights into current research trends and po-
tential areas for future development.
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Table 2.2: Overview of the proposed five-dimensional taxonomy formulti-agent code
generation systems. The table categorizes systems based on their agent architecture,
role specialization, task scope, interaction mechanisms and learning and adaptation
capabilities, providing a structured framework to analyze and compare the design and
behavior of diverse multi-agent frameworks.

Dimension Categories Description

Agent Architecture

Sequential Pipeline Agents work in a fixed, linear order, often
with feedback loops.

Hierarchical A main agent directs specialized sub-agents
in a top-down structure.

Peer-to-Peer Equal agents collaborate flexibly without a
central authority.

Self-Organizing Agents create new agents or change their
structure as needed.

Role Specialization
Homogeneous All agents have similar skills and are assigned

different sub-tasks.
Functional Agents specialize in key development tasks

like coding, testing, or debugging.
Full Specialization Agents mirror a real-world team with diverse

roles like management and design.

Task Scope

Function-Level Generates small, specific code snippets or
functions.

Module-Level Creates cohesive classes, packages, or related
groups of functions.

Project-Level Develops complete, deployable software ap-
plications from requirements.

Repository-Level Analyzes, modifies, or enhances large, exist-
ing codebases.

Interaction Mechanism

Direct Messaging Agents send information or instructions di-
rectly to each other.

Shared Memory Agents collaborate asynchronously through a
common workspace or storage.

Structured Dialogue Agents use formatted natural language con-
versations to collaborate.

Tool-Mediated Agents interact by using external tools like
version control systems.

Learning & Adaptation
Static Agent roles and workflows are fixed and do

not change.
Reactive The system adjusts its behavior within a ses-

sion based on immediate feedback.
Adaptive The system can dynamically change its struc-

ture, roles, or collaboration patterns.
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Table 2.3: Classification of existing multi-agent code generation frameworks accord-
ing to the proposed five-dimensional taxonomy. The table categorizes each frame-
work based on its agent architecture, role specialization, task scope, interactionmech-
anism and learning and adaptation capabilities, providing a structured overview of
how different systems are designed and how they relate to one another across these
key dimensions.

Framework Architecture Role Spec. Task Scope Interaction Learning

AgentCoder [23] Sequential Functional Function Direct Msg Reactive
MapCoder [26] Sequential Functional Function Direct Msg Reactive
CodeCoR [47] Sequential Functional Function Direct Msg Reactive
CodeSIM [57] Sequential Functional Function Direct Msg Reactive
Self-Collaboration [10] Sequential Functional Function Direct Msg Reactive
AutoSafeCoder [43] Sequential Functional Function Direct Msg Reactive
MUARF [65] Sequential Functional Module Tool-Med Reactive
Reflexion [52] Sequential Homogeneous Function Direct Msg Reactive
AutoP2C [36] Sequential Functional Repository Tool-Med Static
MetaGPT [19] Hierarchical Full Special. Project Shared Mem Static
CodePori [32] Hierarchical Functional Project Structured Dialogue Static
Intervenor [14] Hierarchical Functional Function Direct Msg Reactive
L2MAC [35] Hierarchical Functional Repository Shared Mem Reactive
MAGIS [53] Hierarchical Functional Repository Direct Msg Reactive
DocAgent [61] Hierarchical Functional Repository Shared Mem Static
ChatDev [49] Peer-to-Peer Full Special. Project Structured Dialogue Static
AgileCoder [8] Peer-to-Peer Full Special. Project Structured Dialogue Reactive
EvoMAC [21] Self-Organizing Functional Project Tool-Med Adaptive
SoA [24] Self-Organizing Homogeneous Repository Shared Mem Adaptive

2.2.1 Dimension 1: Agent Architecture

The first dimension of our taxonomy characterizes the structural organization and
coordination patterns among agents in the system. As evident from Table 2.3, this ar-
chitectural foundation significantly influences how agents collaborate and the com-
plexity of tasks they can address.

Sequential Pipeline

Themost straightforward approach is the sequential pipeline architecture, where agents
operate in a linear sequence resembling an assembly line. This structured approach
has proven particularly effective for function-level tasks, as demonstrated by numer-
ous frameworks.

AgentCoder [23] exemplifies this patternwith its Programmer-Test Designer-Test Ex-
ecutor pipeline. This framework’s distinct roles and linear flow highlight the effi-
ciency of a specialized division of labor: the Programmer generates the code, the Test
Designer creates verification tests, and the Test Executor runs them, providing a clear
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feedback loop for iterative refinement.

Themulti-agent version of Self-Collaboration [10] similarly employsAnalyst, Coder,
and Tester agents working in sequence. Here, the Analyst agent’s role is to first inter-
pret and break down the problem, a crucial step that guides the subsequent Coder and
Tester agents in a structured, cooperative process. The prevalence of this architecture,
particularly among function-level systems, reflects its simplicity and effectiveness for
well-defined, decomposable tasks.

The prevalence of this architecture, particularly among function-level systems, re-
flects its simplicity and effectiveness for well-defined, decomposable tasks.

Hierarchical

Building upon the sequential foundation, hierarchical architectures introduce a cen-
tral coordinator that manages subordinate agents in a top-down structure. This orga-
nizational pattern excels at complex planning and coordination tasks.

MetaGPT [19] pioneered this approach with its CEO agent managing specialized
roles. The CEO agent acts as a project leader, breaking down a request into a com-
prehensive plan before delegating specific tasks to agents like the Product Manager,
Architect, and Programmer, thereby orchestrating the entire software development
life cycle.

Newer frameworks have refined concept. CodePori [32] employs a Manager agent
to coordinate development activities. This Manager agent is responsible for dynam-
ically decomposing a project into sub-tasks and assigning them to specialized devel-
oper agents, ensuring seamless integration of their outputs.

Intervenor [14] creates a clear instructional hierarchy with its “Code Teacher" agent
guiding a “Code Learner" agent. This unique structure demonstrates a top-down con-
trol mechanismwhere the Teacher agent observes and intervenes to correct mistakes,
providing a continuous feedback loop that guides the subordinate Learner agent to-
ward a correct solution.

Peer-to-Peer

In contrast to hierarchical control, peer-to-peer architectures enable agents to interact
as equals without fixed authority structures. This design fosters flexible, emergent
collaboration that can adapt to varying problem requirements.

ChatDev [49] demonstrates this approach by simulating a software company where
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agents collaborate through dialogue. This framework allows agents with different
roles, such as Programmers and Testers, to engage in multi-turn, unstructured con-
versations, with the final solution emerging organically from their collective commu-
nication rather than from a top-down command.

AgileCoder [8] adapts this concept by having agents participate in Agile ceremonies
like stand-ups and retrospectives. By mimicking these real-world team rituals, Agile-
Coder enables agents to provide mutual updates and collectively refine their work-
flow, highlighting a more structured form of peer-to-peer collaboration that promotes
continuous improvement. This approach is particularly effective for tasks requiring
dynamic communication and flexible problem-solving, as the system can reconfigure
its interactions on the fly without needing to go through a central coordinator.

Self-Organizing Agents

Themost sophisticated architectural approach is self-organizing systems, where agents
can dynamically create sub-agents or alter their structural connections during execu-
tion.

SoA (Self-Organized Agents) [24] allows a “Mother" agent to spawn “Child" agents
to handle emerging sub-tasks. In this model, the system’s architecture is not fixed;
the Mother agent can dynamically generate specialized Child agents at runtime to
address novel sub-problems and can terminate them upon completion, allowing for a
highly adaptive and resource-efficient structure.

EvoMAC [21] advances this concept further byusing textual backpropagation to evolve
the entire agent network during execution. EvoMAC’s innovative approach enables
the system to analyze its failures and use a process akin to backpropagation to dy-
namically modify agent roles and communication pathways, demonstrating a contin-
uous self-optimization of the collaboration network itself. These systems represent a
paradigm shift towards truly autonomous agent collectives that can learn, adapt, and
restructure themselves in real-time.

2.2.2 Dimension 2: Role Specialization

The second dimension captures the degree and nature of functional differentiation
among agents, revealing how systems balance generalization with specialization to
address diverse coding challenges.
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Homogeneous

At themost basic level, some systems employhomogeneous structureswhere all agents
possess similar capabilities but are assigned different sub-tasks.

Reflexion [52] illustrates this approach with a single worker agent that reflects on its
own output with assistance from a reviewer agent, both sharing similar core abilities.
The system’s strength lies in a single agent’s ability to learn from its past failures, us-
ing an internal memory to critically evaluate its performance and iteratively improve,
without needing a separate, specialized agent for the review process.

Similarly, SoA [24] utilizes identical agents that self-organize to tackle different as-
pects of a problem, demonstrating how homogeneous systems can still achieve com-
plex task decomposition. SoA’s architecture is best classified as self-organizing due
to its ability to dynamically adapt its structure in real time, demonstrating a more
advanced form of collaboration than a purely homogeneous system.

Functional

More commonly, frameworks adopt functional specialization, where agents are as-
signed distinct roles based on specific development functions. This represents the
most prevalent approach in current systems, as evidenced by the distribution in Fig-
ure 2.2.

In AgentCoder [23], the framework assigns distinct roles: a Programmer agent is
responsible solely for code generation, a Test Designer agent focuses on creating test
cases and a Test Executor agent runs those tests and provides feedback. This sepa-
ration ensures each task is handled by a dedicated specialist, improving the overall
reliability of the code generation process.

Intervenor [14] uses a unique hierarchical teacher-student model for code genera-
tion and debugging. Its two main functional agents are - Code Teacher Agent, a high-
level agent thatmonitors the Learner’s progress and Code Learner Agent, the primary
code generator that attempts to solve the problem and writes the initial code.

CodePori [32] uses a central Manager agent to oversee and coordinate development
activities. Its core agents are Manager Agent and Developer Agent.

Full Specialization

At the highest level of specialization, some frameworks implement full specialization
that mirrors complete, real-world software teams, including management and plan-
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ning functions.

MetaGPT [19] framework implements full specialization by assigning awide range of
roles from a software company, including a CEO, Product Manager and Architect. Its
function is to handle comprehensive project-level tasks by using a top-down structure
to orchestrate diverse expertise and generate full project artifacts froma single prompt.

ChatDev [49] represent prime examples of this approach, incorporating roles such
as CEO, Product Manager, Architect, and QA Engineer. This comprehensive role dif-
ferentiation enables these systems to handle complex, project-level tasks that require
diverse expertise and sophisticated coordination.

2.2.3 Dimension 3: Task Scope

The third dimension defines the scale and complexity of coding tasks that systems are
designed to address, ranging from individual functions to entire repository-level op-
erations. The distribution shown in Figure 2.2 reveals that function-level tasks dom-
inate current research, though significant work exists across all scales.

Function-Level

At themost granular level, function-level systems focus on generating individual func-
tions, commonly evaluated on competitive programming benchmarks. This scope
represents the majority of current frameworks.

AgentCoder [23] uses a straightforward sequential pipelinewith aProgrammer agent,
a Test Designer and a Test Executor, demonstrating a highly effective division of labor
for generating and validating individual functions.

CodeSIM [57] takes this a step further by using a novel multi-agent framework that
uses a human-like perception approach with simulation-driven planning and debug-
ging to generate code.

Self-Collaboration [10] enables a team of peer agents (Analyst, Coder, Tester) to
work together on function-level tasks, with the solution emerging from their collabo-
rative dialogue and iterative refinement.

Intervenor [14] employs a hierarchical structure where a Code Teacher agent guides
a Code Learner agent, providing a clear example of how specialized roles can be ap-
plied to debug and refine functions dynamically.

These systems achieve high success rates on benchmarks like HumanEval, demon-
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strating the effectiveness of multi-agent approaches for well-defined programming
tasks.

Module-Level

Advancing to module-level scope, systems handle the creation of cohesive classes,
packages, or related groups of functions that work together.

MUARF [65] operates effectively at this level, focusing on code refactoring tasks that
require maintaining consistency and relationships across related components within
a module. It functions by coordinating a team of agents to modify and improve the
structure of existing code while maintaining consistency and relationships across re-
lated components.

Project-Level

Project-level frameworks represent a significant leap in complexity, designed to de-
velop complete, deployable applications from high-level requirements.

MetaGPT [19] mirrors a complete software company, assigning roles like CEO, Prod-
uct Manager, and Architect to specialized agents. The system takes a high-level re-
quirement and, through its orchestrated workflow, generates not just code, but an en-
tire suite of project artifacts, including competitive analysis, design documents, and
APIs. Its ambitious scope is defined by its ability to manage the entire software devel-
opment lifecycle from a single prompt.

ChatDev [49] takes a similar ambitious approach but uses a peer-to-peer model of
collaboration through dialogue to simulate a virtual software company. Agents with
roles such as CEO and Programmer work together in a conversational manner to han-
dle the full scope of a project, from designing and coding to testing and documenting.

CodePori [32] also operates at the project level, utilizing a hierarchical multi-agent
system to automate large and complex software development. It employs a central
Manager agent to coordinate development activities and a team of developer agents
to handle the implementation.

These frameworks operate at project level scope, generating entire projects with fron-
tend interfaces, backend logic and comprehensive documentation.
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Repository-Level

At the largest scale, repository-level systems tackle the challenge of understanding
and modifying existing large-scale codebases. MAGIS [53] addresses this challenge
by resolving GitHub issues through comprehensive repository analysis. It addresses
the limitations of single LLMs by using a team of specialized agents, including aMan-
ager, a Repository Custodian, a Developer and a Quality Assurance Engineer.

DocAgent [61] generates extensive documentation by understanding the full context
and architecture of existing codebases. It is particularly innovative because it doesn’t
just process code in isolation. Instead, it uses a topological code processing approach
to build an incremental understanding of the codebase’s architecture and dependen-
cies.

2.2.4 Dimension 4: Interaction Mechanism

The fourth dimension describes how agents communicate and coordinate their ac-
tivities, with different mechanisms suited to different architectural patterns and task
complexities. As illustrated in Figure 2.2, direct messaging represents the most com-
mon approach, though other mechanisms offer unique advantages for specific sce-
narios.

Direct Messaging

Direct messaging facilitates straightforward point-to-point communication between
agents, making it particularly suitable for sequential and hierarchical architectures.

The “Code Teacher" in Intervenor [14] exemplifies this approach by sending targeted
feedback directly to the “Code Learner".

The Programmer in AgentCoder [23] receives specific error messages directly from
the Test Executor.

Shared Memory

Sharedmemory systems enable asynchronous collaboration through commonworkspaces,
allowing agents to work independently while maintaining coordination. MetaGPT
[19] demonstrates this approach effectively, with agents sharing information through
a structured repository of documents and designs. In MetaGPT, agents operate in
a shared environment where they publish their outputs as standardized documents,
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such as requirements, APIs, and design artifacts. Other agents can then actively ob-
serve this shared workspace and retrieve the information they need to begin their
tasks, eliminating the need for direct, synchronous communication. This publish-
subscribemodel is crucial for enabling a complex, assembly-line-styleworkflowwhere
agents work on different parts of a project concurrently. Similarly,

L2MAC [35] employs a shared file store to overcome context limitations, enabling
agents to access and build upon each other’s work without direct communication. In
this framework, each agent is given a specific instruction and the ability to read from
and write to a central file store. This external memory acts as a persistent knowledge
base, allowing agents to access and build upon the work of others without needing
the entire project history in their own context window.

Structured Dialogue

Structured dialogue represents a more sophisticated communication pattern where
agents engage in natural language conversations following defined protocols.

This mechanism is the hallmark of ChatDev [49] where agents collaborate through
a “chat chain" to collectively produce software. Each phase of the software develop-
ment process, such as designing, coding, and testing, is broken down into a series
of multi-turn dialogues between two agents. These conversations follow predefined
formats and protocols to ensure productive communication and prevent issues like
hallucinations, with the final solution emerging from the collaborative consensus of
the chat.

AgileCoder [8], advances this concept by embedding agent communication within
the structured ceremonies of Agile methodology. Instead of a free-form chat chain,
agents participate in formalized dialogue patterns like daily stand-ups, sprint plan-
ning, and retrospectives. These protocols guide the conversation, ensuring that agents
share critical updates on their progress, collectively plan upcoming tasks, and pro-
vide structured feedback to improve their workflow. This approach simulates the dis-
ciplined communication of a human Agile team, enabling the system to adapt and
refine its process iteratively in a highly organized manner.

Tool-Mediated

Tool-mediated communication involves agents interacting through external devel-
opment tools and environments, enabling more complex and realistic development
workflows.
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EvoMAC [21] achieves this through a novel self-evolving network structure. While
agents communicate through internal dialogue, their actions are governed by an ex-
ternal, tool-like process called “textual backpropagation." This mechanism allows a
higher-level agent to analyze the collective performance and failures, and then gener-
ate instructions in a natural language format to dynamically restructure the network
itself. This process, which acts as a meta-tool, governs the agent’s collaborative pat-
terns and communication pathways to optimize for future success.

MUARF [65] coordinates refactoring tasks through specialized tools like Refactor-
ingMiner, integrating seamlessly with existing development ecosystems. This frame-
work’s agents do not simply generate code; they interact with tools like Refactor-
ingMiner, which are designed to analyze code and identify refactoring opportuni-
ties. Agents use these tools to perform tasks that would be difficult to accomplish
with just a large language model, such as detecting specific code smells or applying
complex refactoring patterns. By seamlessly integrating with existing development
ecosystems through these tools, MUARF demonstrates how multi-agent systems can
perform highly specialized and practical software engineering tasks.

2.2.5 Dimension 5: Learning and Adaptation

The final dimension assesses systems’ capacity for behavioral modification during op-
eration, representing a crucial factor in determining their flexibility and potential for
improvement. The distribution in Figure 2.2 shows that reactive systems dominate
current research, with only a few frameworks achieving true adaptability.

Static

At the foundational level, static systems maintain fixed roles and workflows through-
out their operation. MetaGPT [19] exemplifies this approach by following a strict,
predefined set of Standard Operating Procedures (SOPs). The framework’s core pro-
cess mirrors a waterfall model, where a CEO agent delegates tasks to a Product Man-
ager, who then passes a requirements document to an Architect, and so on. The roles
of these agents and the sequence in which they interact are fixed from the start, pro-
viding a predictable and highly structured workflow that is effective for managing the
complexity of a software project.

ChatDev [49] also operates with a static, predefined workflow that is broken down
into four distinct phases: designing, coding, testing, and documenting. While the
communication within each phase is dynamic and dialogue-based, the overall se-
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quence of these phases is fixed. Agents are recruited for each phase in a set order,
and the project moves from one stage to the next only after the previous one is com-
pleted. This structured, step-by-step approach ensures that the project follows a clear
path from conception to completion.

CodePori [32] likewise employs a static, predefined workflow centered around a hi-
erarchical structure. It starts with a Manager agent that has a clear, fixed plan for
task decomposition and delegation. While the Manager agent assigns tasks to other
agents, the overall process and the roles of each agent are determined at the outset.
This demonstrates that even with a fixed, static structure, sophisticated predefined
processes can still achieve impressive results in large-scale software development.

Reactive

Reactive systems represent a significant advancement, adapting their behavior based
on immediate feedback within individual sessions. Most function-level frameworks,
including AgentCoder [23], Reflexion [52] and Intervenor [14], employ this ap-
proach.

AgentCoder [23] provides a clear example of this reactive behavior through its se-
quential pipeline. When the Test Executor agent runs a test and it fails, the system
provides an error message and other feedback directly back to the Programmer agent.
The Programmer then uses this immediate, within-session feedback to refine the code
and try again, creating a direct feedback loop that drives the system toward a correct
solution.

Reflexion [52] embodies a more nuanced form of reactive behavior. The system’s
core strength lies in its ability to reflect on its own past failures. After a failed attempt,
a single worker agent reviews its own output and the resulting error messages from a
previous trial. It then uses this immediate feedback to generate a revised plan or a new
piece of code for the next attempt. This process of internal, self-correcting reflection
is a powerful form of reactive learning.

Intervenor [14] uses a hierarchical, reactivemodel. When the primary Code Learner
agent produces incorrect code or gets stuck, the higher-level Code Teacher agent im-
mediately intervenes. This intervention is a direct response to a failure or a roadblock,
with the Teacher providing guidance, hints, or corrections based on the immediate
context.

These systems iteratively refine their code based on test results, error messages, and
performance feedback, demonstrating the effectiveness of within-session learning.
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Adaptive

The most advanced form of learning appears in adaptive systems, which can dynam-
ically modify their own structure, roles, or collaboration patterns during execution.
This represents the cutting edge of current research, with only a few frameworks
achieving true adaptability. EvoMAC [21] evolves its agent network structure through
a unique process called textual backpropagation. Inspired by the training of neural
networks, EvoMAC obtains text-based feedback from the environment on its perfor-
mance and then uses a higher-level agent to generate natural language instructions to
dynamically update the network. This can include modifying agent roles or altering
communication pathways, allowing the system to learn and optimize its own archi-
tecture with each iteration.

SoA [24] scales its agent hierarchy based on problem complexity, showcasing gen-
uine structural adaptability. Its Mother agent can dynamically spawn Child agents at
runtime to handle new, emerging sub-tasks. The system’s architecture is not fixed but
can grow and shrink in real-time, allowing it to adapt its structural complexity tomeet
the demands of the problem. For instance, if a coding task requires a new, specialized
function, the Mother agent can create a new Child agent to handle it, demonstrating
a level of structural fluidity that goes beyond static or reactive systems.

Figure 2.2: Distribution plot visualization of frameworks across five dimensions

The analysis presented in Figure 2.2 reveals several important trends in the current
research landscape. The dominance of sequential architectures and functional spe-
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cialization suggests that researchers are focusing on proven, effective approaches for
immediate practical applications. However, the limited number of adaptive systems
indicates significant opportunities for future research in developingmore flexible and
learning-capable multi-agent frameworks. These distribution patterns provide valu-
able insights for identifying both current strengths and future research directions in
multi-agent code generation systems.

2.3 Framework Analysis

The landscape of multi-agent code generation frameworks has evolved rapidly, with
researchers exploring diverse architectural paradigms to address the challenges of au-
tomated programming. This comprehensive analysis examines the most prominent
frameworks, organizing them by their fundamental design principles and architec-
tural innovations. As illustrated in Figure 2.4, the field has experienced significant
growth, particularly in 2024, which saw the emergence of eleven major frameworks
compared to six in 2023 and five in 2025, indicating the intense research interest and
rapid development in this domain.

Our analysis begins with pipeline-based frameworks, which have demonstrated ex-
ceptional success in function-level code generation through their sequential, special-
ized agent workflows. These systems, exemplified by AgentCoder [23] and Map-
Coder [26], have consistently achieved state-of-the-art performance on established
benchmarks. We then examinehierarchical team-based frameworks such asMetaGPT [19]
andChatDev [49], which simulate entire software development organizations to tackle
complex, project-level tasks. The discussion progresses to cutting-edge adaptive and
evolutionary frameworks like AdaCoder [66] and EvoMAC [21], which introduce dy-
namic resourcemanagement and self-improving capabilities. Finally, we explore spe-
cialized domain frameworks designed for specific applications, including security-
focused systems like AutoSafeCoder [43] and process-oriented approaches like Ag-
ileCoder [8], along with emerging frameworks like MAGIS [53] that integrate directly
with real-world development environments.

2.3.1 Pipeline-Based Frameworks

Pipeline-based architectures have emerged as the predominant pattern inmulti-agent
code generation, organizing specialized agents in sequential, assembly-lineworkflows
where each agent performs a distinct task before passing output to the next stage.
This structured approach has proven highly effective for function-level code genera-
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tion, with frameworks in this category consistently achieving superior performance
on benchmarks like HumanEval [5] and MBPP [2]. While sharing structural similar-
ities, these frameworks employ diverse quality assurance strategies that distinguish
their approaches and performance characteristics.

AgentCoder

Leading the charge in minimalist pipeline design, AgentCoder [23] implements a
streamlined three-agent architecture focused on test-driven development with iter-
ative refinement. The framework’s efficiency stems from its deliberate simplicity and
the innovative approach of generating test cases independently of the code implemen-
tation, which ensures objectivity and avoids biases that could arise from potentially
flawed initial implementations.

The system employs a sequential pipeline comprising three specialized agents: a Pro-
grammer Agent that generates code using Chain-of-Thought reasoning, a Test De-
signer Agent responsible for independent test case generation, and a Test Executor
Agent that handles script-based execution and provides feedback. This architecture
creates a tight feedback loop that enables iterative code refinement based on concrete
test results, leading to improved quality and correctness.

AgentCoder’s key innovation lies in its Test Designer Agent, which generates com-
prehensive test cases without knowledge of the initial code implementation. This in-
dependence ensures that the testing phase remains objective and can effectively iden-
tify implementation flaws thatmight otherwise go undetected inmore tightly coupled
systems.

The framework has demonstrated exceptional performance, achieving 96.3% pass@1
on HumanEval and 91.8% on MBPP with GPT-4 [45], while significantly reducing
token usage compared to more complex multi-agent systems. Its primary strengths
include the minimal agent architecture that promotes efficiency, objective test gener-
ation that enhances reliability, and consistent improvements across various base lan-
guage models. However, the system faces limitations including dependence on local
execution environments and iteration budget constraints that may leave some bugs
unresolved.

MapCoder

Building upon the pipeline concept with greater complexity, MapCoder [26] imple-
ments a comprehensive four-stage framework designed to explicitlymodel the sophis-
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ticated workflows and problem-solving strategies employed by human competitive
programmers. This approach represents a significant evolution from simpler pipeline
designs, incorporating deeper understanding of human programmingmethodologies.

The framework’s architecture consists of four sequential agents, each handling a dis-
tinct stage of the development process: retrieval of relevant examples from existing
codebases, strategic planning of the solution design, implementation of the planned
solution, and systematic debugging for error correction. This comprehensive cover-
age mirrors the complete programming lifecycle that experienced developers follow.

MapCoder’s key innovation is its multi-plan coding approach, which involves gen-
erating multiple solution interpretations before committing to implementation. A
confidence-guided mechanism evaluates these alternative plans and selects the most
promising approach to pursue, reducing the likelihood of pursuing suboptimal solu-
tion paths from the outset.

The system has achieved strong performance with 93.9% pass@1 on HumanEval and
83.1%onMBPP, demonstrating effectiveness across various competitive programming
benchmarks. The framework’s primary strengths lie in its complete emulation of the
human programming cycle and its effective use of multi-plan exploration for solution
optimization. However, limitations include unexplored generalizability across differ-
ent base languagemodels beyondGPT-4, and the computational overhead introduced
by the multi-plan generation strategy, which requires evaluation of multiple solution
approaches and potential re-invocation of agents during debugging phases.

CodeCoR

Advancing the pipeline paradigm through redundancy and self-reflection, CodeCoR [47]
introduces a framework built on principles of self-reflectivemulti-agent collaboration
and built-in redundancy mechanisms. This approach addresses reliability concerns
that can affect simpler pipeline designs by incorporating multiple validation layers
throughout the development process.

The architecture employs a four-agent pipeline consisting of Prompt, Coding, Test,
and Repair agents. A defining characteristic of this structure is that each agent gener-
ates multiple candidate outputs, which are subsequently evaluated and pruned based
on quality metrics. This redundancy ensures that the system can recover from indi-
vidual agent failures and select optimal solutions from multiple alternatives.

The framework’s key innovation lies in its use of multi-candidate generation com-
bined with self-reflection capabilities at every stage of the pipeline. This approach
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is coupled with dedicated repair mechanisms that facilitate iterative improvement,
creating a robust system capable of self-correction and enhancement.

CodeCoR’s focus on robustness has yielded impressive results, achieving 94.5%pass@1
on the HumanEval benchmark. This performance is directly attributed to the frame-
work’s use of redundancy and self-reflectionmechanisms. The system’s primary strengths
include robust error handling capabilities enabled by the combination of redundancy
and self-reflection, and comprehensive quality assurance throughmultiple validation
layers. However, the approach incurs computational overhead from generating mul-
tiple candidates and introduces complexity in defining and implementing criteria for
pruning candidate solutions.

CodeSIM

Representing a novel evolution within pipeline-based systems, CodeSIM [57] intro-
duces simulation-driven planning and internal debugging capabilities. The frame-
work’s core innovation lies in modeling the step-by-step input/output behavior of al-
gorithms to validate their logic before writing the final implementation, effectively
creating a mental model similar to how experienced programmers trace through code
execution.

The system employs a three-agent architecture consisting of Planning, Coding, and
Debugging agents, with the distinctive feature of simulation-based plan verification
occurring prior to actual implementation. This pre-implementation validation phase
helps identify logical flaws early in the development process, reducing the need for
extensive post-implementation debugging.

CodeSIM’s key innovation is its internal simulation of algorithmbehavior, which serves
dual purposes: plan validation and initial debugging. This process mimics themental
models that human programmers use when they mentally trace through code execu-
tion, providing a more intuitive and effective validation mechanism.

This uniquemethodology has led to state-of-the-art performance, with the framework
achieving 95.1% pass@1 onHumanEval and 90.7% onMBPP. The primary strengths of
CodeSIM include its human-like plan verification process and reduceddependency on
external debugging tools during initial development phases. However, the framework
faces challenges related to the complexity of implementing the simulationmechanism
itself and potential limitationswhen applied to non-algorithmic code generation tasks
that may not benefit from step-by-step simulation.
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2.3.2 Hierarchical Team-Based Frameworks

Moving beyond the linear constraints of pipeline architectures, hierarchical and team-
based frameworks represent a significant evolutionary step in multi-agent system de-
sign. These sophisticated systems model the complex, collaborative structures char-
acteristic of human software development teams, typically employing top-down or-
ganizational approaches where central coordinators, planners, or manager agents or-
chestrate the work of multiple specialized subordinate agents. A distinguishing fea-
ture of this category is the simulation of authentic organizational roles—with agents
assigned titles reflecting real-world positions such as Product Manager, Engineer, or
CEO—enabling them to tackle ambitious, project-level tasks that exceed the scope of
individual function generation.

MetaGPT

As a pioneering effort in hierarchical framework design, MetaGPT [19] represents a
groundbreaking move beyond simple pipelines to simulate the comprehensive struc-
ture andworkflow of a complete software company. The framework achieves this am-
bitious goal through a team of specialized LLM agents governed by carefully encoded
Standard Operating Procedures (SOPs) that mirror real-world software development
practices.

The framework employs a hierarchical architecture where agents embody diverse
real-world roles including Product Manager, Architect, Project Manager, Engineer,
and QA Engineer. Their collaborative efforts are structured and coordinated through
adherence to the encoded SOPs, which provide clear guidelines for interaction and
workflow management.

MetaGPT’s key innovation was being the first framework to explicitly model a com-
plete software development workflow using structured SOPs. This approach enables
highly organized collaboration and facilitates the generation of comprehensive project
artifacts that extend far beyond simple code generation to include documentation,
specifications, and project management deliverables.

In terms of performance evaluation, MetaGPT achieved an 85.9% pass@1 score on
HumanEval and 87.7% on MBPP using GPT-4. The framework’s primary strengths
include comprehensive role modeling that reflects real-world development teams,
highly structured workflow management through SOPs, and the capability to pro-
duce coherent, well-documented solutions that encompass entire project ecosystems.
However, the system encounters limitations including high token consumption re-
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sulting from extensive document generation requirements and potential rigidity due
to the fixed nature of its SOPs, whichmay not adapt well to unconventional or rapidly
changing project requirements.

ChatDev

While also simulating a software company structure, ChatDev [49] distinguishes itself
through a unique focus on natural language dialogue as the primary collaboration
mediumbetween role-playing agents. Tomaintain conversational focus and accuracy,
the framework incorporates specialized communicative dehallucinationmechanisms
that prevent drift and ensure productive exchanges.

The architecture implements a peer-to-peer network of agents including roles such as
CEO, CTO, Programmer, and Tester, who collaborate through structured "chat chains"
that guide conversations through different development phases. This conversational
approach creates amore natural and flexible interactionmodel compared to rigid pro-
cedural frameworks.

ChatDev’s key innovation lies in its strong emphasis on natural language as a unify-
ingmedium for collaboration across the entire development lifecycle. The framework
employs sophisticated techniques including chat chains for conversation structure
and communicative dehallucinationmechanisms to ensure conversational coherence
and prevent the common problem of dialogue drift that can occur in multi-agent con-
versational systems.

Performance evaluation demonstratesChatDev’s effectiveness, achieving 56.00% com-
pleteness, 88.00% executability, and 80.21% consistency, resulting in an overall quality
score of 0.3953. Notably, this performance exceeded bothGPT-Engineer andMetaGPT
across all evaluatedmetrics, demonstrating the effectiveness of the dialogue-based ap-
proach.

The framework’smain strengths include its natural, dialogue-based collaborationmodel
that mirrors human team interactions and its unified communication paradigm that
simplifies agent coordination. However, the system faces limitations including poten-
tial for role confusion among agents, susceptibility to unproductive exchanges that
can waste computational resources, and vulnerability to hallucination despite imple-
mented mitigation efforts.
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L2MAC

Addressing critical challenges in context management for large, complex software
projects, L2MAC [35] introduces a hierarchical multi-agent framework centered on
explicit memorymanagement capabilities. This focus onmemory and context preser-
vation becomes increasingly important as projects scale beyond simple function-level
tasks to encompass multi-file, interconnected software systems.

The architecture implements a multi-agent systemwhere a central Control Unit (CU)
orchestrates the overall workflow, strategically assigning each instruction to appro-
priate LLM agents while maintaining context and memory consistency. The agents
interact through a sophisticated shared memory system composed of an instruction
registry and a comprehensive file store that preserves project state across multiple de-
velopment iterations.

L2MAC’s key innovation is its sophisticatedmemorymanagement system, specifically
designed to enable agents to maintain context and continuity across complex, multi-
file projects. This capability addresses a critical limitation of many existing frame-
works that struggle with context preservation in large-scale development scenarios.

The framework has demonstrated strong performance, achieving 90.2% pass@1 on
HumanEval and showing improved performance on specific multi-file benchmarks
that better reflect real-world development challenges. L2MAC’s primary strengths in-
clude excellent context management capabilities that enable work on larger projects
and resulting scalability tomore complex, interconnected software systems. Themain
limitations includememory overhead created by the comprehensive context manage-
ment system and the inherent complexity of managing shared state across multiple
agents, which can introduce coordination challenges.

Self-Organized Agents (SoA)

Pushing the boundaries of hierarchical systems towardultimate scalability, Self-Organized
Agents [24] provides a framework specifically designed for ultra large-scale code gen-
eration through dynamic agent organization. This approach represents a significant
departure from fixed hierarchical structures toward adaptive organizational models.

The architecture implements a hierarchical system where a central planner dynami-
cally assesses project complexity and instantiates the appropriate number and types
of coding agents based on specific task requirements. This dynamic allocation en-
ables the system to scale efficiently from simple tasks requiring minimal resources to
complex projects demanding extensive agent collaboration.
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SoA’s core innovation is this dynamic allocation of agents based on specific task re-
quirements, creating a truly scalable architecture suitable for projects of widely vary-
ing sizes and complexity levels. This adaptability addresses the resource inefficiency
that can occur when fixed-size agent teams are applied to tasks that don’t match their
designed capacity.

Evaluation results show SoA achieved a Pass@1 accuracy of 71.4% on the HumanEval
benchmark, representing a 5 percentage point improvement over the Reflexion base-
line [52]. The framework’s most significant strengths include its exceptional scalabil-
ity to large projects and efficient resource allocation through dynamic agent manage-
ment. However, performance can be affected by the choice of base language model,
and the systemhas limited exposure to diverse task types, while agent communication
mechanisms could benefit from further optimization.

2.3.3 Adaptive and Evolutionary Frameworks

Representing the cutting edge of multi-agent system design, adaptive and evolution-
ary frameworksmove beyond static architectures to incorporate dynamicmechanisms
for self-modification and improvement during operation. These advanced systems ex-
hibit sophisticated forms of adaptation that distinguish them from their predecessors.
Some frameworks, like AdaCoder [66], focus on resource efficiency through adap-
tive planning, dynamically adjusting their strategies based on immediate task com-
plexity assessments. Others, such as EvoMAC [21], employ evolutionary principles
that enable the entire agent network to self-improve by optimizing agent behaviors
and collaboration patterns over time based on performance feedback. Through these
mechanisms, these advanced frameworks aim to achieve not only optimal resource
utilization but also higher performance ceilings through their inherent ability to learn
and evolve.

AdaCoder

Leading the adaptive framework category, AdaCoder [66] introduces a highly effi-
cient approach centered on adaptive planning mechanisms designed to optimize re-
source usage by intelligently switching between simpler single-agent and more com-
plex multi-agent modes based on dynamic assessments of task difficulty and initial
performance indicators.

The framework employs a two-phase approach that begins with an initial direct gen-
eration phase using a single agent. This is followed by a planning-based multi-agent
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refinement phase that is activated only when needed, incorporating both rule-based
debugging for common issues and LLM-based planning for more complex problems.
This selective activation prevents unnecessary computational overhead for tasks that
can be adequately addressed by simpler approaches.

AdaCoder’s key innovation lies in its resource-efficient adaptation based on real-time
problem complexity assessment and error type classification. This intelligent switch-
ing mechanism allows the system to avoid the unnecessary planning overhead that
other systems might apply uniformly to simple tasks, while still providing sophisti-
cated multi-agent capabilities when the situation demands them.

This adaptive strategy has demonstrated significant performance gains, showing a re-
markable 27.69% improvement overMapCoderwhile using 12 times fewer tokens and
achieving 16 times faster inference. These efficiency gains highlight the effectiveness
of the adaptive approach in optimizing both performance and resource utilization.

The primary strengths of AdaCoder include excellent generalizability across a diverse
range of language models and optimal resource utilization through intelligent adap-
tation. However, the system’s effectiveness depends on receiving quality error feed-
back for accurate complexity assessment, and its rule-based debugging component
may have limitations when encountering novel error types not covered by predefined
rules.

EvoMAC

Pushing the boundaries of adaptive systems into evolutionary territory, EvoMAC [21]
introduces groundbreaking evolutionary mechanisms that enable multi-agent col-
laboration networks to be genuinely self-improving. The framework achieves this
through a novel form of textual backpropagation that continuously refines agent be-
haviors and interactions over time based on accumulated performance feedback.

The architecture features dynamic agent spawning capabilities, where the system can
create newagents as needed to address emerging requirements. This is combinedwith
evolutionary optimization of both individual agent prompts and their collective col-
laboration patterns, guided by comprehensive performance feedback from previous
iterations.

EvoMAC’s key innovation is being the first framework to incorporate evolutionary op-
timization of both individual agent behaviors and the overall system structure simul-
taneously. This dual optimization is accomplished through unique textual backprop-
agation mechanisms that treat agent prompts and interaction patterns as evolvable
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parameters in a continuous improvement process.

Performance evaluation demonstrates that EvoMAC has outperformed static multi-
agent systems on complex software requirements benchmarks, including the novel
rSDE-Bench designed specifically for evaluating sophisticated development scenar-
ios. EvoMAC’s most significant strengths include its inherent self-improvement ca-
pabilities that enable continuous enhancement and its ability to jointly optimize both
individual agent roles and collective interactions. However, the approach requires sig-
nificant computational overhead for the continuous evolution process and involves
considerable technical complexity in implementing effective textual backpropagation
mechanisms.

2.3.4 Specialized Domain Frameworks

As the field of multi-agent code generation hasmatured, a growing category of frame-
works has emerged that focuses on specific domains, processes, or quality attributes
rather than pursuing general-purpose code generation. This specialization manifests
in various forms, reflecting the diverse needs of real-world software development.
Some frameworks, like AutoSafeCoder [43], are tailored to specific technical domains
such as security, integrating specialized analysis agents directly into their workflows
to enhance particular quality aspects of generated code. Others, such asAgileCoder [8],
specialize in established developmentmethodologies by structuring their entiremulti-
agent collaboration aroundprovenhumandevelopment practices like theAgile frame-
work. These specialized systems demonstrate the field’s evolution from generating
merely functional code toward creating solutions that adhere to specific, real-world
development constraints and quality standards.

AutoSafeCoder

Addressing the critical need for secure code generation, AutoSafeCoder [43] repre-
sents the firstmulti-agent framework specifically designed to enhance security in gen-
erated code through specialized analysis agents that incorporate both static analysis
and dynamic fuzzing techniques.

The framework implements a three-agent pipeline composed of a Coding agent for
initial implementation, a Static Analyzer agent for comprehensive code analysis, and
a Fuzzing agent for dynamic testing. This structure operates in iterative, security-
focused refinement loops that systematically identify and address potential vulnera-
bilities.
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AutoSafeCoder’s key innovation lies in being the first multi-agent system specifically
designed to enhance security in generated code, achieving this through a synergistic
combination of static and dynamic analysis techniques. This dual-analysis approach
provides comprehensive vulnerability detection that addresses both obvious security
flaws and subtle vulnerabilities thatmight onlymanifest under specific execution con-
ditions.

Evaluation results demonstrate the framework’s effectiveness, achieving a 13% reduc-
tion in vulnerabilities on the SecurityEval benchmark [54] while maintaining mini-
mal impact on code functionality. The primary strengths of AutoSafeCoder include
its specialized focus on security enhancement and its comprehensive approach to vul-
nerability detection through multiple analysis techniques. However, limitations in-
clude its domain-specific applicability, whichmaynot transferwell to general-purpose
development tasks, and potential trade-offs between security enhancement and full
functionality preservation.

AgileCoder

Bridging the gap between established software developmentmethodologies andmulti-
agent code generation, AgileCoder [8] integrates Agile methodology principles into a
collaborative agent framework designed to mirror the iterative, team-based approach
that has proven successful in human software development.

The framework’s architecture is built around sprint-based development cycles, where
different agents assume specific Scrum roles including Product Owner, ScrumMaster,
Developers, and QA. This role-based organization ensures that all aspects of the Agile
development process are represented and properly coordinated throughout the code
generation process.

AgileCoder’s key innovation is being the first framework to explicitly model estab-
lished Agile development practices within amulti-agent system, complete with sprint
planning, daily standups, and retrospectives adapted for AI agent collaboration. This
approach brings the proven benefits of Agile methodology to automated code gener-
ation.

The framework has proven effective, achieving 90.85% pass@1 on HumanEval with
GPT-4 and demonstrating particularly improved performance on iterative develop-
ment tasks that benefit from the Agile approach. The main strengths of AgileCoder
include its natural integration with existing human-centric Agile practices, making it
easier for development teams to adopt, and its inherent capabilities for iterative im-
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provement through sprint-based cycles.

However, the framework faces limitations includingmanagement overhead that comes
with implementing a full sprint-based process, and potential for over-engineering
when applied to simple, non-iterative tasks that might not benefit from the full Agile
methodology.

2.3.5 Emerging Frameworks and Novel Approaches

Beyond frameworks designed for specific domains or established architectures, an
emerging category of novel approaches focuses on bridging the gap between theo-
retical code generation and practical, real-world software engineering applications.
These cutting-edge systems are characterized by their direct integration with existing
development platforms and workflows, tackling complex challenges like bug fixing
and software maintenance rather than focusing solely on greenfield code creation. By
operating within authentic development contexts, such as resolving actual GitHub is-
sues, these frameworks represent a crucial step toward creating autonomous agents
capable of seamlessly assisting human developers in their day-to-day activities.

MAGIS

Addressing real-world softwaremaintenance challenges,MAGIS [53] focuses onGitHub
issue resolution through sophisticated multi-agent collaboration, representing a sig-
nificant shift from theoretical code generation to practical software engineering sup-
port.

The framework employs a sequential pipeline architecture with specialized agents
dedicated to comprehensive issue analysis, strategic solution planning, and system-
atic final implementation. Each agent is optimized for its specific role in the issue
resolution process, from understanding problem context to delivering working solu-
tions.

MAGIS’s key innovation lies in its direct integration with real-world development
workflows, achieved through comprehensive utilization of the GitHub API for seam-
less interaction with existing repositories and issue tracking systems. This integration
enables the framework to work with authentic development contexts rather than ar-
tificial benchmarks.

During comprehensive evaluation, MAGIS successfully resolved 13.94% of issues on
the challenging SWE-bench benchmark [29], which consists of real-world GitHub is-
sues that require understanding of complex codebases and existing development con-
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texts. The framework’s primary strength lies in its direct applicability to existing de-
veloperworkflows and its ability to handle authentic software engineering challenges.

A notable limitation is that performance can vary significantly depending on issue
complexity and repository context, with simpler issues seeing higher resolution rates
than those requiring deep architectural understanding or extensive codebase modifi-
cations.

2.3.6 Comprehensive Framework Comparison and Analysis

To provide a holistic view of the multi-agent code generation landscape, Table 2.4
presents a comprehensive comparison of the frameworks discussed, highlighting their
architectural characteristics and performance metrics. This comparison reveals sev-
eral important insights about the current state of the field and the trade-offs inherent
in different approaches.

Table 2.4: Comprehensive Framework Comparison

Framework Agents Architecture HumanEval MBPP Year

AgentCoder [23] 3 Sequential 96.3% 91.8% 2024
MapCoder [26] 4 Sequential 93.9% 83.1% 2024
CodeCoR [47] 4 Sequential 94.5% - 2025
CodeSIM [57] 3 Sequential 94.5% 89.7% 2025
MetaGPT [19] 5 Hierarchical 85.9% 87.7% 2023
AdaCoder [66] 4 Adaptive 96.95% 90.40% 2025
AutoSafeCoder [43] 3 Sequential 87.8% - 2024
L2MAC [35] Multiple Hierarchical 90.2% - 2024
SoA [24] Dynamic Hierarchical 71.4% - 2024
AgileCoder [8] 5 Sprint-based 90.85% 80.92% 2024
MAGIS [53] 4 Sequential - - 2024
Parsel [64] N/A Hierarchical 85.0% - 2023
Self-Collab [10] 1 (3 roles) Sequential 90.2% 78.9% 2023
Reflexion [52] 1 Sequential 91.0% 77.1% 2023

The comparison reveals that pipeline-based frameworks, particularlyAgentCoder [23]
and AdaCoder [66], currently achieve the highest performance on standard bench-
marks, with both exceeding 96% pass@1 on HumanEval [5]. Notably, many frame-
works in our analysis did not disclose their token consumption metrics, which could
be indicative of frameworks requiring substantial computational resources. This lack
of transparency regarding resource usagemakes it difficult to assess the true efficiency
of many systems. Despite this general trend, frameworks like AdaCoder [66] have
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demonstrated exceptional efficiency, requiring significantly fewer tokens compared
to other frameworks while maintaining superior performance.

The performance versus token efficiency relationship is further illustrated inFigure 2.3,
which presents a scatter plot analysis of frameworks for which both performance
and token usage data are available. This visualization reveals that AdaCoder [66]
achieves an optimal position in the performance-efficiency space, offering high accu-
racy with low computational cost. MapCoder [26] and CodeSIM [57] occupy middle
positions, providing good performance with moderate resource requirements, while
some frameworks show high performance but with correspondingly high resource
consumption.

Figure 2.3: Performance vs. token-efficiency scatter plot.

The temporal evolution of framework development is depicted in Figure 2.4, which
shows the number of frameworks introduced each year. The dramatic increase in
2024, with eleven new frameworks compared to six in 2023, demonstrates the acceler-
ating pace of research in this field. This surge reflects both the growing recognition of
multi-agent approaches’ potential and the rapid advancement of underlying language
model capabilities that make sophisticated agent collaboration increasingly feasible.

Several key insights emerge from this comprehensive analysis. First, the field shows a
clear trend toward specialization, with newer frameworks targeting specific domains
or development methodologies rather than pursuing general-purpose solutions. Sec-
ond, there is an increasing emphasis on resource efficiency, as demonstrated by frame-
works like AdaCoder [66] that achieve superior performance with reduced computa-
tional costs. Third, the integrationwith real-world development environments, exem-
plified by frameworks likeMAGIS [53], represents a crucial evolution toward practical
applicability beyond benchmark performance.
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Figure 2.4: Bar chart of frameworks by year.

The diversity of architectural approaches—from simple pipelines to complex hierar-
chical systems to adaptive frameworks—indicates that the field has not yet converged
on a single optimal design pattern. Instead, different architectures appear to excel
in different contexts, suggesting that future development may focus on hybrid ap-
proaches that combine the strengths of multiple paradigms or adaptive systems that
can dynamically select appropriate strategies based on task characteristics.

2.4 Performance Metrics and Benchmarking

The evaluation of multi-agent code generation systems is crucial for understanding
their capabilities, comparing different approaches, and tracking progress in the field.
This comprehensive evaluation landscape rests on three core pillars. First, it utilizes
a diverse and evolving suite of Benchmarks, ranging from traditional function-level
tests like HumanEval to complex, real-world challenges like SWE-bench. Second,
assessment relies on a multi-faceted set of Metrics, which go beyond simple func-
tional correctness (Pass@k) to include code quality (CodeBLEU), efficiency (Token
Efficiency), andmulti-agent specificmeasures like communication overhead. Finally,
the field employs a hybrid Methodology, combining rigorous quantitative analysis
with insightful qualitative assessments like expert human evaluation and user stud-
ies. Together, these components provide a robust framework for understanding the
true capabilities of these complex systems.

2.4.1 Standard Benchmarks for Code Generation

The evaluation of multi-agent code generation systems relies on a diverse and evolv-
ing landscape of benchmarks, which are crucial formeasuring capabilities, comparing
different approaches, and tracking progress in the field. The assessment began with
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traditional, function-level benchmarks likeHumanEval andMBPP,which established
standards for algorithmic reasoning and functional correctness on discrete problems.
To better reflect the challenges of practical software engineering, the focus has ex-
panded to include complex, repository-level benchmarks such as SWE-bench, which
test an agent’s ability to resolve real-world issues in large codebases. Complement-
ing these are a variety of emerging and specialized benchmarks designed to evaluate
nuanced capabilities like security, data science proficiency, and cross-language gen-
eralization, reflecting the growing complexity and ambition of the field.

Traditional Function-Level Benchmarks

The foundation of code generation evaluation rests upon severalwell-established function-
level benchmarks that have become standard references in the field. HumanEval [5]
represents the gold standard with its collection of 164 hand-written Python problems
designed to check for functional correctness. Despite its widespread adoption across
research studies, recent analysis has revealed potential data contamination issues in
newer models, raising concerns about the reliability of comparative results. Building
upon similar principles, MBPP [2] offers a larger dataset of 974 crowd-sourced Python
problems that target basic programming concepts and are generally considered eas-
ier than HumanEval, providing a complementary perspective on fundamental coding
abilities.

For more challenging algorithmic assessment, APPS [17] presents an extensive col-
lection of 10,000 competitive programming problems categorized by difficulty levels,
specifically designed to test advanced algorithmic reasoning capabilities that go be-
yond simple function implementation. At the apex of difficulty, CodeContests [34]
features 165 problems sourced from Codeforces competitions, demanding sophisti-
cated algorithms and optimizations that challenge even the most advanced systems.

Repository-Level and Real-World Benchmarks

The evolution toward more realistic evaluation scenarios has led to the development
of repository-level benchmarks that better capture the complexity of real-world soft-
ware development. SWE-bench [29] stands as a landmark achievement in this direc-
tion, featuring 2,294 real GitHub issues from popular Python repositories. The bench-
mark’s significance is underscored by the fact that current AI systems achieve only 1-
4% success rates, highlighting the substantial complexity gap between function-level
tasks and real-world software engineering challenges.

To address quality concerns and ensure reliable evaluation, SWE-benchVerified presents
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a carefully curated subset of 500 human-validated problems from the original SWE-
benchdataset, providing researcherswithhigh-quality evaluation tasks that have been
thoroughly vetted. The benchmark family has further expanded with SWE-bench
Multimodal, which introduces 617 JavaScript tasks requiring visual understanding,
thereby testing multi-modal capabilities that are increasingly important in modern
webdevelopment. Additionally, SWE-Lancer provides an economic perspective through
its economic valuation benchmark containing $1Mworth of freelance tasks, enabling
practical value assessment that connects technical performance to real-world eco-
nomic impact.

Emerging and Specialized Benchmarks

The field continues to evolve with specialized benchmarks targeting specific domains
and capabilities. BigCodeBench [68] addresses the critical need for evaluating function-
level tasks that require diverse library usage, spanning 139 libraries across 7 domains
to test real-world integration capabilities that are essential for practical applications.
To combat the persistent issue of data contamination, LiveCodeBench [27] provides
a contamination-free benchmark with continuously updated problems sourced from
recent programming competitions, ensuring that evaluation remains fair and repre-
sentative.

Cross-language capabilities are assessed through MultiPL-E [4], which extends the
HumanEval concept to 18+ programming languages, enabling comprehensive cross-
language generalization assessment. For domain-specific evaluation, DS-1000 [31]
focuses on data science with 1,000 problems testing proficiency with pandas, numpy,
scipy and other scientific libraries that are fundamental tomodern data analysis work-
flows. Security considerations are addressed by SecurityEval [54], a specialized bench-
mark for evaluating security aspects of generated code, while RSD-Bench focuses on
requirements-to-software-design capabilities for evaluating high-level design skills.
The comprehensive CodeXGLUE [40] benchmark suite rounds out the landscape by
covering multiple code intelligence tasks in a unified framework.

Table 2.5 provides a comprehensive overview of the benchmark characteristics, il-
lustrating the diversity in problem counts, language coverage, difficulty levels, and
evaluation focus areas that collectively form the current evaluation ecosystem.
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Table 2.5: Comprehensive Benchmark Characteristics

Benchmark Problems Languages Difficulty Type Focus

HumanEval [5] 164 Python Medium Function Basic correctness
MBPP 974 Python Easy-Medium Function Basic programming
APPS [17] 10,000 Python Hard Algorithm Competitive programming
CodeContests 165 Multiple Very Hard Algorithm Competition-level
SWE-bench [29] 2,294 Python Very Hard Repository Real issues
SWE-bench Verified [29] 500 Python Very Hard Repository Curated issues
BigCodeBench [68] 1,140 Python Hard Function Library usage
LiveCodeBench [27] Dynamic Multiple Medium-Hard Function Contamination-free
MultiPL-E [4] 164×18 18 Languages Medium Function Cross-language
DS-1000 [31] 1,000 Python Medium Function Data science
SecurityEval [54] 150 Multiple Medium Function Security
RSD-Bench 50 Multiple Hard Design Requirements

2.4.2 Evaluation Metrics

Beyond the benchmarks themselves, a comprehensive evaluation of multi-agent code
generation systems requires amulti-faceted set ofmetrics that assess not only the final
output but also the quality and efficiency of the generation process. This assessment
is anchored by primary metrics like Pass@k and functional correctness, which mea-
sure a system’s core ability to produce correct solutions, supplemented by efficiency
metrics like token usage and inference time. To move beyond simple correctness,
code quality metrics such as CodeBLEU [50], cyclomatic complexity, and style ad-
herence are used to evaluate the engineering soundness and maintainability of the
generated artifact. Finally, unique to these collaborative systems, multi-agent specific
metrics are employed to analyze the internal dynamics of the framework itself, in-
cluding communication overhead and error propagation, providing a holistic view of
a system’s overall performance.

Primary Metrics

The fundamental assessment ofmulti-agent code generation systems beginswith Pass@k,
whichmeasures the percentage of problems solved correctlywithin k attempts. Pass@1
represents single-attempt accuracy and provides themost stringentmeasure of system
reliability, while Pass@10 and Pass@100 measure success with multiple sampling at-
tempts, offering insights into the system’s ability to generate correct solutions through
repeated trials. Functional correctness serves as the binary assessment foundation,
based on passing all provided test cases and representing the most objective measure
of code quality available to researchers.

Efficiency considerations are captured through token efficiency metrics, which track
the total tokens consumed including both prompt and generation phases per prob-
lem, making this measurement critical for practical cost assessment. Current lead-
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ing frameworks demonstrate significant variation in this regard, ranging from 56.9K
tokens per problem for AgentCoder to 138.2K tokens for MetaGPT, as illustrated in
Figure 2.3. Complementing token efficiency, inference time measures the wall-clock
time required for solution generation, which proves particularly important for inter-
active applications where user experience depends on rapid response times. Adaptive
frameworks likeAdaCoder have demonstrated remarkable improvements in this area,
achieving up to 16 times speedup over traditional approaches.

Code Quality Metrics

Beyond basic correctness, the evaluation of generated code quality requires sophisti-
cated metrics that capture semantic and structural properties. CodeBLEU [50] repre-
sents a significant advancement in this area, combiningn-grammatchingwithweighted
subtree matching and data-flow matching to provide comprehensive semantic simi-
larity assessment that goes beyond surface-level text comparison. Structural complex-
ity is measured through cyclomatic complexity, which quantifies code complexity by
counting independent paths in the control flow graph, providing insights into code
maintainability and testing requirements.

The maintainability index offers a composite perspective by considering multiple fac-
tors including cyclomatic complexity, lines of code, and Halstead volume to provide a
holistic view of code quality. Style adherence represents another crucial dimension,
measuring compliance with language-specific style guides such as PEP8 for Python
or ESLint for JavaScript, ensuring that generated code meets professional standards
and integrates well with existing codebases.

Multi-Agent Specific Metrics

The unique collaborative nature of multi-agent systems necessitates specialized met-
rics that capture the dynamics of agent interaction and coordination. Agent utiliza-
tion measures the percentage of time each agent spends actively contributing versus
waiting, providing insights into coordination efficiency and identifying potential bot-
tlenecks in the collaborative process. Communication overhead, calculated as the
ratio of coordination tokens to task-solving tokens, serves as a critical indicator of
framework efficiency and helps identify systems that achieve effective collaboration
without excessive coordination costs.

Error propagation rate tracks the frequency with which errors cascade through se-
quential agents, measuring the robustness of the overall system and its ability to re-
cover from individual agent failures. Convergence speed quantifies the number of
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iterations required to reach a correct solution, indicating the efficiency of the refine-
ment process and the system’s ability to iteratively improve solutions through agent
collaboration.

2.4.3 Evaluation Methodologies

A comprehensive evaluation methodology for multi-agent code generation systems
requires a hybrid approach, combining rigorous quantitative analysis with insight-
ful qualitative assessment to provide a complete picture of a framework’s capabilities.
Quantitative evaluation forms the foundation, involving the execution of frameworks
on standard benchmark suites to gather objective performance metrics, with key con-
siderations for ensuring fair comparisons and statistical significance. Complement-
ing this, qualitative analysis provides crucial insights that go beyond raw numbers.
Through methods like expert human evaluation of code quality, deep-dive case stud-
ies, and user studies, this approach assesses practical aspects like maintainability, de-
sign elegance, and real-world usability. By integrating both data-driven metrics and
human-centric assessment, the field can develop a more holistic understanding of a
system’s true strengths and weaknesses.

Quantitative Analysis

Standard quantitative evaluation involves running frameworks on benchmark suites
and measuring performance metrics, but requires careful attention to methodolog-
ical rigor to ensure meaningful results. Statistical significance must be established
through multiple runs and appropriate statistical tests to ensure reliable comparisons
between systems, particularly given the inherent variability in large language model
outputs. Fair comparison demands strict control over experimental conditions includ-
ing base LLM selection, temperature settings, and computational resources to isolate
the impact of framework design choices rather than confounding factors.

Ablation studies represent a critical component of quantitative analysis, involving the
systematic removal of individual agents or components to assess their specific contri-
butions to overall system performance. This approach helps researchers understand
which aspects of multi-agent collaboration provide the most significant benefits and
identify potential redundancies in system design. Cross-benchmark validation ex-
tends this rigor by testing frameworks acrossmultiple benchmarks to avoid overfitting
to specific evaluation scenarios and ensure that performance gains generalize across
different problem domains and difficulty levels.
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Qualitative Analysis

Beyond quantitativemetrics, qualitative assessment provides crucial insights through
several complementary methodological approaches that capture aspects of system
performance not easily quantified. Human evaluation involves expert assessment of
generated code across multiple dimensions including readability, design quality, and
maintainability, providing insights into code characteristics that automated metrics
may miss. This human-centered evaluation proves particularly valuable for under-
standing how generated code would perform in real-world development scenarios
where human developers must read, modify, and maintain the output.

Error analysis represents another essential qualitativemethodology, involving the sys-
tematic categorization of failure modes to identify patterns of systematic weaknesses
that point toward specific areas for improvement. Through detailed examination of
failed test cases and incorrect solutions, researchers can understand not just what
went wrong, but why certain types of problems prove particularly challenging for spe-
cific frameworks. Case studies provide complementary depth by conducting detailed
analysis of framework performance on carefully selected representative problems, of-
fering insights into the decision-making processes and collaboration patterns that lead
to successful or unsuccessful outcomes.

User studies round out the qualitative evaluation approach by assessing systemusabil-
ity and integration with existing developer workflows, providing essential feedback
on the practical deployment challenges and opportunities that determine real-world
adoption. These studies help bridge the gap between laboratory performance and
practical utility, ensuring that evaluation considers not just technical capabilities but
also human factors that influence system effectiveness in production environments.

2.5 Challenges and Limitations

Despite the significant progress and promising results of multi-agent code genera-
tion, the field faces several substantial challenges that currently limit the capabilities,
adaptability, and real-world deployment of these systems. These hurdles are not triv-
ial; they span the entire lifecycle of the agent-based workflow, from internal system
dynamics to practical application and foundational design. The key challenges in-
clude the inherent complexity and overhead of coordinating multiple agents, the risk
of error propagation that can undermine performance, and the significant gap in scal-
ability from academic benchmarks to real-world software projects. Furthermore, the
field must contend with fundamental limitations in the underlying models, such as
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the constraints of homogeneous LLM configurations, inefficiencies in resource uti-
lization, and gaps in current evaluation methodologies. Overcoming these obstacles
is critical for the field to mature from experimental research to robust, production-
ready technology.

Table 2.6 presents key challenges faced bymulti agent frameworks. It organizes prob-
lems into categories, detailing the specific issues, their negative impacts and proposed
mitigation strategies for each.

Table 2.6: Major Challenges in Multi-Agent Code Generation

Challenge Category Specific Issues Impact Mitigation Strategies

Coordination Complexity
Communication overhead 5-10× token increase Efficient protocols
Synchronization bottlenecks Reduced parallelism Asynchronous designs
Conflict resolution Inconsistent outputs Consensus mechanisms

Error Propagation
Cascading failures System-wide errors Validation checkpoints
Hallucination amplification Compounded mistakes Independent verification
Debug difficulty Complex root cause analysis Error tracking systems

Scalability Issues
Context window limits Cannot handle large codebases Hierarchical processing
Memory management State synchronization failures Distributed memory
Agent proliferation Exponential complexity growth Dynamic agent allocation

Resource Utilization
High token consumption 2-3× cost increase Adaptive frameworks
Computational overhead Slower inference Efficient architectures
Infrastructure complexity Deployment challenges Containerization

Quality Control
Response inconsistency Unpredictable outputs Standardized protocols
Verification gaps Undetected errors Multi-stage validation
Homogeneous limitations Suboptimal specialization Heterogeneous LLMs

2.5.1 Coordination Overhead and Complexity

A primary challenge in multi-agent systems is the significant overhead that arises
frommanaging coordination among the agents, which includes complexities in com-
munication, synchronization, and conflict resolution.

This coordination challenge manifests in several ways. These include an exponential
growth in communication complexity as the number of agents increases, the emer-
gence of coordination bottlenecks (particularly in hierarchical systems), and the gen-
eration of conflicting outputs that require resolution mechanisms. The impact is
starkly evident in token consumption, where coordination can require up to nine
times more tokens than the core task itself.

To address this overhead, current approaches rely on methods like structured com-
munication protocols and centralized coordination. While these mechanisms can be
effective, they often do not fully solve the underlying scalability concerns.
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2.5.2 Error Propagation and Cascading Failures

Another significant challenge facing multi-agent systems is the risk of error propaga-
tion. Errors introduced by one agent can cascade through the entire system, poten-
tially degrading overall performance to a level below even single-agent baselines.

This problem of error propagation manifests in several critical ways. These include
vulnerabilities within sequential pipelines where early mistakes go unnoticed , the
amplification of hallucinations as they are passed between agents , and the inherent
difficulty in identifying and isolating the original source of an error. To better un-
derstand these issues, the Multi-Agent System Failure Taxonomy (MASFT) has been
developed to identify such systematic failure patterns.

To mitigate this risk, current systems employ several strategies. Methods such as
multi-candidate generation, the use of independent verification agents, and checkpoint-
based recovery mechanisms all help to reduce the impact of errors, but they do not
eliminate the risk entirely.

2.5.3 Scalability to Real-World Complexity

Current systems demonstrate impressive performance on function-level benchmarks;
however, they often fall shortwhen applied to repository-level and real-world software
engineering tasks. These more complex scenarios demand a deeper understanding of
software context, structure that current models are not yet fully equipped to handle.

Recent performance results, such as the 1–4% success rates observed on the SWE-
bench benchmark, highlight the substantial gap between academic benchmarks and
practical, real-world applications. These findings indicate that whilemodels can solve
isolated problems effectively, they struggle significantly when required to understand
and modify integrated, large-scale codebases.

Several factors contribute to this difficulty. Limitations include the restricted context
window of large language models when processing extensive codebases, challenges
in handling long-term dependencies across files, insufficient grasp of common archi-
tectural and design patterns, and a lack of consistency when generating or modifying
code across multiple interrelated files. These issues collectively hinder the models’
ability to perform robust, end-to-end software engineering tasks.
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2.5.4 Homogeneous LLM Limitations

Most current frameworks are built around a homogeneous configuration of large lan-
guagemodels, which prevents them from fully specializing on the diverse strengths of
specialized models. This uniform approach limits the adaptability and effectiveness
of such systems across a wide range of tasks.

A compelling demonstration of the advantages of a heterogeneous setup is seen in the
X-MAS framework, which achieved a 47% improvement in performance by integrat-
ing multiple LLMs with different capabilities. This result underscores the untapped
potential in designing systems that strategically combine models based on their indi-
vidual strengths.

The limitations of relying solely on a single type of model are significant. They in-
clude shared weaknesses across all agents, missed opportunities to optimize cost ver-
sus performance, and an inability to assign specific tasks—such as mathematical rea-
soning—to models best suited for them. Additionally, this approach leads to resource
inefficiency, as large and computationally expensive models are often used even for
simple tasks that could be handled by lighter-weight alternatives.

2.5.5 Evaluation and Benchmarking Gaps

Current evaluation methodologies often fall short in capturing the full complexity of
multi-agent interactions and that of real-world software development. As a result,
they may provide an incomplete picture of a system’s effectiveness in practical, col-
laborative coding environments.

Amajor concern is the heavy dependence on function-level benchmarks, which, while
useful for assessing isolated capabilities, do not reflect the challenges of long-term
software engineering tasks. Moreover, current evaluations rarely consider the quality
of collaboration between agents, overlooking howwell they coordinate, share context,
and make joint decisions.

These shortcomings are compounded by the lack of robust assessment criteria for
long-term code maintainability and evolution. Additionally, existing benchmarks are
not explicitly designed to test multi-agent capabilities, leaving a critical gap in evalu-
ating systems intended to operate in collaborative, complex development scenarios.
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2.5.6 Resource Efficiency and Deployment

Manymulti-agent systems demand substantial computational resources, which poses
significant obstacles to their real-world deployment and scalability. These systems,
while promising in capability, often come with practical trade-offs that restricts their
broader adoption.

One major consideration is the high token consumption, which can be five to ten
times greater than that of single-agent approaches. This not only increases processing
time but also amplifies cost, especially in large-scale or time-sensitive applications.
Sequential processing among agents further contributes to increased latency, making
the systems less responsive and efficient.

In addition to computational overhead, the infrastructure required to coordinatemul-
tiple agents adds additional complexity. Managing communication, state sharing and
synchronization between agents necessitates robust and often custom-built orches-
tration mechanisms. These factors collectively raise the cost and introduce technical
hindrance for deploying multi-agent systems in production environments.
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Chapter 3

Proposed Methodology

This chapter introduces our suggested multi-agent modular architecture, designed to
enable efficient, reliable, and scalable competitive programming code development.
With regards to the limitations of previous pipelines, such asMapCoder [25], CodeCoR
[47], andAdaCoder [67], we introduce a hybrid pipeline that combines thorough plan-
ning, fine-grained sub-task definition, adaptable coding methods, automatic testing
procedures, and iterative debugging methods, particularly for smaller, open-source
models.

The approach used in this research integrates a mixture-of-experts (MoE) model, dy-
namic orchestration of agents, and strict quality control mechanisms to improve code
correctness while optimizing resource allocation.

3.1 Overview of the Methodology

The input to our system is a problem statement expressed innatural language. Through
sequential and feedback-driven multi-agent interactions, we generate functionally
correct code that passes both public and generated test cases.

Basic elements of our strategic framework include:

• High-Level Planner Agent (HLP) – develops multiple strategic alternatives
for the presented problem.

• Quality Assurance Agent (QA) – identifies and suggests the most practical
plan(s) with the use of a confidence scoring method.

• Sub-PlanningAgent (SP) – translates the selected overall plan(s) into detailed
coding directives.
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• Coding Agent (CA) – generates code directly according to the sub-plans.

• DebuggingAgent (DA) – corrects faulty code blocks up to a particular number
of attempts.

Figure 3.1: Overview of QualCoder framework. The process begins with the High-
Level Planner(i) Agent generating multiple candidate plans. The Quality Assurance
Agent(iii) evaluates and selects the best plan, which is then passed to the Sub Planning
Agent(ii) for detailed breakdown. The Coding Agent(iv) implements the detailed plan
into code, which is tested on sample cases. If the code fails, it is reviewed by the Qual-
ity Assurance Agent(iii) and then passed to the Debugging Agent(v) for error analysis.
The Debugging Agent(v) refines the code based on feedback from the Quality Assur-
ance Agent(iii). This feedback-driven traversal improves the code and facilitates error
correction.

This system is modular, allowing heterogeneity in model selection across agents. At
a given time, there is only a single agent involved:

𝜃active = max
𝑖=1,…,𝑁

‖𝜃𝑖‖

where the set of parameters for the 𝑖–th agent model is represented as 𝜃𝑖, ensuring
the total number of active parameters is kept within the individual model’s maximal
constraints. This ensures a lower level of GPU memory demand while operating the
framework. This setup helps fortify its resource utilization efficiency.

3.2 Chronological Breakdown of Components

3.2.1 High-Level Planning Agent (HLP)

Role: The HLP receives the problem statement 𝒫 and generates 𝑘 = 3 distinct high-
level strategies {𝒮1, 𝒮2, 𝒮3} using controlled prompting techniques to ensure diversity
(inspired by MapCoder [25]).
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Why Multiple Plans? Previous research, including MapCoder, have indicated that
LLMs often produce a range of solution methods with varying accuracy and perfor-
mance. Formulating different approaches ahead of time increases the chances of find-
ing a strong pathway.

Input: Problem statement 𝒫

Output: 𝑘 overall strategies 𝒮𝑖

Quality Assurance Agent (QA)

The Function: evaluates each plan 𝒮𝑖 using a scoring rubric that includes

• Completeness of solution

• Its soundness and practicability.

• Adhering to set problem constraints

• Expected computational efficiency

Each plan is assigned a confidence score 𝑐𝑖 ∈ [0, 100].

Selection Criteria:
𝒮best = argmax

𝑖
𝑐𝑖

If multiple plans have the highest confidence levels, then all such top-ranked plans
are kept for further analysis. Unlike previous research that strives to execute all gener-
ated plans, as for instance with MapCoder [25], our approach purposefully limits this
selection process. Empirical observation showed that in cases where Plan A receives
a confidence score 𝑥 and Plan B receives a lower score 𝑦 < 𝑥, Plan B always fails in
later assessments.

Therefore, for efficient utilization of computing resources to avoid wasted execution,
only the highest-ranking plans are executed. Additionally, if the best confidence level
𝑐best drops below a specified acceptance level of 70%, theQuality AssuranceAgent pro-
vides accurate feedback to the High-Level Planner Agent. Thereafter, feedback comes
into action to start a regeneration loop where the planner adjusts its strategies. The
self-enhancement framework is guided by the ideas of remediation and self-reflection
as presented in CodeCoR [47].
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3.2.2 Sub-Planning Agent (SP)

Function: Converts the selected 𝒮best into detailed, step-by-step coding instructions
(sub-plans).

Why Sub-Planning? AdaCoder showed that LLMs benefit from breaking large in-
structions into manageable, error-resistant sub-tasks, especially with smaller models
[67].

Input: High-level plan(s)

Output: Detailed plan(s)𝒟

Each instruction is atomic, natural-language, and ready for direct translation into
code.

3.2.3 Coding Agent (CA)

Functionality: The Coding Agent receives detailed sub-task plans and generates im-
plementation code.

3.2.4 Debugging Agent (DA)

Purpose: Upon failure on 𝒯eval, the DA receives the error logs and fixes the code
iteratively.

Methodology: Maximum of 𝑘 = 3 debugging attempts

Every iteration involves:

𝒞𝑖+1 = DA_fix(𝒞𝑖,ErrorLog𝑖)

If after fixing, 𝒞 passes all tests, it is finalized and outputted.

3.3 Integration and Interconnections

The components of our framework are highly interdependent, yielding a pipeline that
is structured yet flexible.

1. TheHigh-Level Planner Agent initiates the exploratory process by proposing
different strategic options.
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2. TheQuality Assurance Agentmakes a prompt evaluation of these plans, thus
ensuring only the most viable plan(s) proceed downstream.

3. The chosen plans are designed by the Sub-Planning Agent so that the pro-
gramming instructions are comprehensive as well as context-specific, reducing
the burden on the Coding Agent.

4. The Coding Agent then follows these successive directions strictly in order to
produce the initial executable code.

5. Upon failures, the Debugging Agent performs trace-directed repair cycles to
enable accurate and systematic changes to the code.

Key integration principles:

1. Feedback Loops: Between QA and HLP (for weak plans), and between CA,
DA, and EC (for failed code).

2. Budget Control: Debugging is bounded at 3 attempts. Test generation is vali-
dated to prevent test-set pollution.

3. Model Heterogeneity: Different LLMs optimized for specific agent roles —
e.g., larger model for planning, smaller model for QA, coder, and debugger.

The agent modular architecture provides scalability in the system with the ability to
integrate improvements directly into the individual subcomponents without retrain-
ing or reconfiguration of the entire pipeline.

3.4 Visual Representation Clarity andCompleteness

To enable understanding of the overall system, a diagrammatic representation with
annotations is provided:

• OverallArchitecturalDiagram (Figure 3.1): Illustrates theflowof data, inter-
actions between agents, and feedback mechanisms integral to the multi-agent
system.

• One example of a competitive programming problem.

• The particular directives given to all of these agents, including the High-Level
Planner, QA Agent, Sub-Planner, Coding Agent, Test Designer, and Debugging
Agent, while working to solve this problem.
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The complete diagram outlines the execution process within the framework, describ-
ing the role of each agent, the architecture for communication among agents, and
decision mechanisms at each step.

All illustrations and visual aids are carefully arranged in a way that:

• The labels are concise and readily understandable.

• These data and visualizations are consistent with the protocols set down by the
methodology.

• Every occurrence or demonstration is independent and can be understood sep-
arately with a minimum of dependence upon background information.

It helps provide insight to those with little knowledge of multi-agent large language
model systems.

3.5 Summary of the Methodology

Here we propose a modular approach that consists of a number of agents who ef-
ficiently produce working programming code. Our methodology involves the steps
of coding, testing, evaluation, planning, and debugging within a tightly interlinked,
feedback-enriched workstream.

Main characteristics:

• Strategic planning and evaluation reduces cases of hallucination and inco-
herence.

• Sub-planningdecomposition adapts the problem to the capabilities of smaller
LLMs.

• Mixture-of-Experts model selection improves specialization without inflat-
ing active memory footprints.

• Test augmentation and validation fortifies evaluation against hidden errors.

• Constrained debugging iterationsmanage costs while improving successful
code execution rates.

Overall, our methodological approach is designed to maximize open-source model
utilization for comprehensive language processing, reduce inference cost, and main-
tain high standards of robustness and accuracy—movingmulti-agent code generation
closer to real-world application.
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Chapter 4

Results and Discussion

QualCoder is evaluated on the HumanEval[44] and CodeContest[34] benchmarks us-
ing diverse language models from Gemma3 4B to GPT-4o, which allows for the anal-
ysis of both homogeneous and heterogeneous multi-agent configurations.

4.1 Datasets and Experimental Setup

QualCoder has been evaluated on twobenchmarks of varying complexity. HumanEval
[44] contains 164 basic Python problems with prompts and test cases focusing on core
algorithmic skills. CodeContest [34] includes 165 real-world competitive program-
ming tasks requiring advanced reasoning and implementation across difficulty levels.

To evaluate the proposed framework, direct comparisons between QualCoder and
three primary baselines have been conducted across languagemodels: theDirect ap-
proach, where code is generated in a single step from the prompt, Chain of Thought
Prompting (CoT) [58] andMapCoder[25], a prominent homogeneous multi-agent
framework that employs the sameLLMacross planning, coding, anddebugging agents.
To demonstrate the generalizability of the approach has been evaluated across multi-
ple open-source language models of varying sizes, including Gemma3-4B, Gemma3-
12B, Qwen2.5-Coder, Kimi-K2. The purpose of this diverse model selection is to an-
alyze both the resource-efficiency of QualCoder and its effectiveness across different
model capabilities and architectures. For the heterogeneous QualCoder variant, spe-
cialized models have been assigned for each agent’s role: Qwen2.5 Instruct 7B for
coding and debugging tasks, Gemma 3 4B for quality assurance, and Llama 3.2 3B
for planning and sub-planning operations. This configuration allows to leverage the
distinct strengths of different models within the proposed multi-agent framework.
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Table 4.1: Accuracy (%) comparison across LLMs on HumanEval with accuracy gain
percentage over MapCoder[25]. QualCoder shows consistent improvements, with
gains inversely correlated to base model capability.

Approach
LLMs

Gemma3 4B Gemma3 12B Kimi K2 Qwen 2.5 GPT-4o
Direct 68.90 85.06 94.67 87.80 73.80
CoT 62.80 75.00 92.07 82.92 90.85
MapCoder 73.78 85.06 96.67 91.46 92.07
QualCoder 78.26 (↑ 6.07%) 88.96 (↑ 4.58%) 98.00 (↑ 1.37%) 95.73 (↑ 4.66%) 93.90 (↑ 2.00%)

All experiments use OpenRouter[46] APIs with the same providers , quantization and
temperature value set to 0 for consistent comparison across approaches. CodeContest
evaluation employs xCodeEval [30] for solution validation.
The parameter k is set to 3, meaning three distinct plans are generated for each prob-
lem. For the debugging process, a maximum of t=5 attempts is imposed. The primary
evaluationmetric is Pass@1, where a problem is considered correctly solved if the first
generated solution passes all provided test cases.

4.2 Presenting the Results

This section presents the experimental outcomes of QualCoder on the HumanEval
[44] and CodeContest [34] benchmarks. The evaluations cover a wide range of lan-
guage models, from smaller models such as Gemma3 4B to larger ones like GPT-4o,
enabling analysis across both homogeneous and heterogeneous multi-agent configu-
rations.

4.2.1 Performance on HumanEval

Table 4.1 reports the performance comparison of QualCoder against the Direct and
MapCoder baselines across different LLMs. Results show thatQualCoder consistently
surpasses both baselines. The performance gains aremost notable on smaller models,
such as Gemma3 4B (+6.07%), while diminishing slightly with larger models such as
Kimi K2 (+1.37%). This trend suggests that QualCoder’s structured reasoning partic-
ularly benefits resource-constrained models.

Further analysis on robustness tomodel size reduction is provided in Table 4.2. When
scaling down from Gemma 12B to 4B, QualCoder exhibits a smaller performance
degradation (12.03%) compared to MapCoder (13.26%), indicating stronger resilience
under resource-constrained conditions.

62



Table 4.2: QualCoder demonstrates better robustness to model size reduction on
Gemma compared to MapCoder[25].

Approach
Accuracy (%) Performance Drop

12B 4B Absolute Relative

MapCoder 85.06 73.78 11.28 13.26%
QualCoder 88.96 78.26 10.70 12.03%

4.2.2 Competitive Programming Performance

On the CodeContest benchmark, QualCoder achieves 35.37% accuracy with GPT-4o,
as shown in Figure 4.1. This corresponds to a substantial 264.64% relative improve-
ment over the Direct approach and a 24.10% improvement compared to MapCoder
(28.5%).

Figure 4.1: CodeContest results showing QualCoder’s 24.10% improvement over the
MapCoder approach on complex algorithmic tasks. The results forMapCoder [25] are
taken from their paper, while the results for other methods were obtained by running
each with GPT-4o.

4.2.3 Problem Analysis

QualCoder’s performance breakdown across problem difficulty levels is illustrated in
Figure 4.2. Results show that QualCoder performs best on moderately difficult prob-
lems (levels 7–10), while accuracy declines for the most challenging tasks.
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Figure 4.3 further analyzes performance by problem tags. QualCoder demonstrates
notable strengths ingeometry (66.7%), implementation (57.9%), stringproblems
(50.0%), and divide-and-conquer (50.0%), but struggles with specialized areas such
as FFT (0.0%), combinatorics (5.3%), and graph algorithms. The Direct approach
shows overall lower accuracy but follows similar performance trends.

Figure 4.2: Comparison of QualCoder and Direct approach across difficulty levels,
showing strongest performance on moderate problems.

4.2.4 Heterogeneous Configuration

The evaluation of heterogeneous multi-agent configurations is reported in Table 4.3.
A resource-efficient setup combining smallermodels (within 7B parameters) achieves
a strong 64.63% accuracy. Notably, the combination of LLaMA 3.2 (3B, 8.53% alone)
with Qwen Coder 2.5 (7B, 90.85% alone) demonstrates that integrating weaker and
stronger models can yield practical performance gains.

4.2.5 Ablation Studies and Analyses

To better understand the computational trade-offs of QualCoder’s multi-agent archi-
tecture, we conducted a series of ablation studies focusing on resource utilization and
efficiency. These experiments highlight how model size and coordination overhead
influence overall performance.
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Figure 4.3: Tag-wise accuracy comparison between QualCoder and Direct approach,
highlighting QualCoder’s algorithmic strengths and weaknesses.

Table 4.4 reports the average input tokens, output tokens, and API calls required by
QualCoder on the HumanEval benchmark [44]. While QualCoder generally requires
more tokens and calls compared to direct prompting approaches, this additional cost
translates into notable gains in accuracy. An interesting trend is that smaller models
such as Gemma3 4B demand substantially more tokens (8,142 on average) compared
to larger models like GPT-4o (3,178 tokens). This suggests that resource-constrained
models need more intensive agent interaction and coordination to achieve competi-
tive performance.

We further compared QualCoder against MapCoder [25] across the HumanEval [44]
and CodeContest [34] benchmarks. As shown in Figure 4.4, QualCoder achieves
higher accuracy with reduced token usage, particularly onmore challenging datasets.
On theCodeContest benchmark, QualCoder requires 17.5% fewer tokenswhile achiev-
ing a 2.0% accuracy gain, underscoring the benefits of structured quality assurance
mechanisms in complex reasoning scenarios.

We also conducted ablation studies to isolate the contribution of the QA Agent in
QualCoder’s pipeline. Specifically, we compared the performance of the system with
and without the QA Agent across different model configurations and benchmarks.
The results consistently demonstrate that incorporating the QA Agent leads to im-
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Table 4.3: Heterogeneous model configuration achieving competitive performance
with resource optimization.

Agent Model Parameters Accuracy

HL Planner LLaMA 3.2 3B

64.63%
ST Planner
Coder Qwen 2.5 7BDebugger
QA Agent Gemma 3 4B

Table 4.4: Resource consumption analysis for QualCoder across different language
models on HumanEval.

Model Avg Input Tokens Avg Output
Tokens

Avg API Calls

Gemma3 4B 8,142 4,695 9.81
Gemma3 12B 6,229 3,487 8.12
Qwen 2.5 5,614 3,526 8.17
GPT-4o 3,178 1,655 7.27
Kimi K2 2,853 2,292 6.95

Table 4.5: HumanEval efficiency comparison on GPT-4o showing QualCoder’s lower
token consumption with higher accuracy.

Approach Accuracy
(%)

Total Tokens
(K)

MapCoder 92.07 56.79
QualCoder 93.90 48.32
Efficiency Gain 2.00%↑ 17.50%↑

proved accuracy, confirming its effectiveness in early error detection, iterative code
refinement, and overall enhancement of pipeline robustness. This highlights the crit-
ical role of the QAAgent inmaintaining high-quality outputs, particularly in complex
coding tasks.

4.3 Interpreting the Results

The results indicate that QualCoder delivers consistent improvements over existing
baselines across multiple benchmarks and configurations. Several key insights can
be drawn:

First, the superior gains on smaller models suggest that QualCoder’s structured rea-
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Figure 4.4: Accuracy vs. token usage comparison betweenQualCoder andMapCoder
across different LLMs on HumanEval dataset.

soning provides greater benefits when computational capacity is limited. This aligns
with prior findings that multi-agent reasoning frameworks are particularly effective
for resource-constrained LLMs.

Second, the robustness analysis demonstrates that QualCoder maintains higher rel-
ative performance when scaling down model size, highlighting its practicality for
efficiency-driven deployments.

Third, the competitive programming experiments reveal that QualCoder significantly
outperforms Direct and MapCoder on the CodeContest benchmark, particularly in
structured and moderately complex tasks. While performance drops on highly spe-
cialized categories such as FFT and combinatorics, the consistent advantage in geom-
etry, implementation, and divide-and-conquer tasks shows that QualCoder is well-
suited for decomposable algorithmic problems.

Finally, the heterogeneous configuration analysis underscores the trade-offs of com-
bining weaker and stronger models. While integrating weaker agents reduces the
upper-boundperformance of stronger ones, the results demonstrate that carefulmodel-
role alignment can achieve strong accuracy at a fraction of the computational cost.
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This finding is particularly relevant for real-world applications where resources are
constrained but robust performance is required.

In summary, QualCoder proves effective across diverse LLMs, problem categories,
and deployment configurations, validating its design as a versatile and resource-aware
framework for code generation.

4.4 Challenges and Limitations

The research encountered several overarching challenges that shaped both the de-
sign and evaluation of QualCoder. A key difficulty lies in balancing computational
cost with accuracy improvements, as more capable models such as GPT-4o and Kimi
K2 achieve high performance withmodest overhead, whereas smaller models require
disproportionately larger token usage and coordination steps to obtain meaningful
gains. This trade-off highlights scalability concerns when deploying multi-agent sys-
tems in resource-constrained or cost-sensitive environments. Another major chal-
lenge is ensuring robustness in structured output generation: while larger models ad-
here reasonably well to XML or JSON schemas, smaller models frequently struggle,
necessitating additional parsing mechanisms or simplified output formats. Beyond
model-specific issues, the complexity of coordinating multiple agents introduces syn-
chronization and error-propagation risks, where failures in one agent’s reasoning can
cascade across the pipeline. These challenges underscore the inherent tension be-
tween accuracy, efficiency, and reliability inmulti-agent code generation frameworks,
pointing to the need for adaptive strategies that optimize coordination depth based on
model capacity and task complexity.

4.5 Implications and Significance of Findings

The findings of this research carry important implications for both the academic study
of large language models and their practical deployment in real-world systems. By
demonstrating that QualCoder consistently improves accuracy across diverse LLMs
on HumanEval and CodeContest, the study establishes the value of multi-agent or-
chestration as a mechanism for enhancing reliability in code generation tasks. This
contributes to the growing body of evidence that quality assurance and structured
collaboration between agents can compensate for the weaknesses of smaller models,
thus lowering the barrier to adopting advanced AI solutions in resource-constrained
environments. In practical terms, these results suggest that industry applications such
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as software development tools, automated testing frameworks, and educational plat-
forms could benefit from incorporating orchestration-based systems to achieve more
consistent outputs while optimizing costs. Furthermore, the efficiency gains observed
in ablation studies highlight the potential of adaptive coordination strategies, which
can dynamically balance token usage and accuracy depending on themodel’s capacity
and task complexity. Taken together, these contributions extend the current under-
standing of multi-agent systems and position QualCoder as a promising foundation
for future research and applications in reliable, efficient AI-assisted programming.

4.6 Decision to Split or Combine Results and Discus-
sion

In structuring this chapter, a decision was made to separate the presentation of re-
sults from their interpretation. This choice reflects the multi-phase nature of the re-
search, which involved evaluation across multiple benchmarks, heterogeneous lan-
guage models, and detailed ablation studies. Presenting the raw data first ensured
clarity and allowed readers to follow the empirical evidence systematically, while
a separate discussion section enabled deeper exploration of the underlying trends,
trade-offs, and theoretical implications. This separation was particularly valuable
given the complexity of the experiments, where accuracy improvements were often
intertwined with variations in token efficiency, resource requirements, and robust-
ness across different models. By splitting these sections, the chapter maintains a log-
ical flow that enhances readability and provides space for nuanced interpretation of
results, ensuring that technical details are conveyed transparently while broader in-
sights are contextualized within the field.

4.7 Conclusion of Results and Discussion

This chapter presented and analyzed the results of evaluatingQualCoder against exist-
ing approaches, with experiments conducted onHumanEval andCodeContest bench-
marks. The findings confirmed that QualCoder consistently outperforms MapCoder
and direct prompting approaches, delivering improvements in both accuracy and ef-
ficiency. Ablation studies further revealed the computational trade-offs inherent in
multi-agent coordination, highlighting both the benefits of structured quality assur-
ance and the challenges of scaling to smaller, resource-constrained models. The dis-
cussion also identified limitations such as increased token usage, output robustness
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issues, and synchronization complexity, which provide important considerations for
future work. Overall, the results demonstrate the effectiveness of QualCoder’s archi-
tecture in advancing reliable and efficient code generation, laying the foundation for
the broader conclusions and future directions discussed in the final chapter.
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Chapter 5

Conclusion

5.1 Research Overview

This thesis discussed the limitations of single-agent and homogeneous multi-agent
systems in the area of automatic code generation. We proposed a modular, role-
specialized multi-agent architecture using lightweight, open-source models for the
purpose of enhanced efficiency, scalability, and flexibility. Our system design includes
dynamic task decomposition, adaptive quality control, and modular agent communi-
cation to enable greater cooperation between multiple agents.

5.2 Key Contributions

This research contributes to four main areas:

• Framework Design: A heterogeneous, role-specialized multi-agent architec-
ture aligning model strengths with specific agent functions.

• Quality Assurance Mechanism: An expert QA agent that works to increase
the trustworthiness of strategies through confidence scoring and iterative re-
finement.

• Adaptation Strategies: A systematic integration of various minor models into
multi-agent systems to improve adaptability.

• Open Science Commitment: The release of codebases, templates and evalu-
ation protocols aims to promote reproducibility and accessibility.
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5.3 Limitations and Future Studies

Although the model has significant theoretical potential, extensive benchmarking
and careful empirical testing are ongoing. Potential research areas include:

• Implementing comprehensive experimental verifications over a range of bench-
marks.

• Enhancing dynamic cost-sensitive agent orchestration and memory sharing.

• Including symbolic or formal verification tools.

• Extending the current framework to incorporate repository-level code genera-
tion with human-in-the-loop supervision.

5.4 Final Reflections

Our study underscores the critical importance of both coordination and role-specific
specialization in multi-agent LLM systems, showing that their contribution can be
as significant as model size when it comes to achieving high performance. By in-
tegrating a Quality Assurance (QA) Agent and exploring heterogeneous, role-aware
configurations, we demonstrate that structured collaboration between agents not only
improves accuracy but also enhances efficiency, reduces error propagation, and opti-
mizes resource usage.

This work lays a solid foundation for the scalable, efficient, and resilient generation of
code usingAI. It illustrates that intelligent orchestration ofmultiplemodels, each spe-
cialized for specific tasks, can bridge the gap between rawmodel capabilities and prac-
tical coding performance. Beyond immediate performance gains, our approach points
toward the broader vision of autonomous software generation, where AI systems can
handle complex programming challenges reliably with minimal human oversight.

Looking forward, these insights open several avenues for future research, including
more adaptive controllers for dynamic task allocation, deeper integration of QA and
verificationmechanisms, and exploration of evenmore resource-efficientmodel com-
binations. Overall, this research represents a significant step toward realizing AI-
driven software development that is both robust and accessible, paving the way for
a new era of intelligent code generation.
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