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Abstract
Empowered by large language models (LLMs),
multi-agent systems (MAS) have shown significant
potential in code generation by simulating collabo-
rative workflows. However, we identify a collabo-
ration degeneration phenomenon, where one agent
dominates while others remain disengaged, occur-
ring in 38.4% of non-routine HumanEval tasks.
Surprisingly, introducing competition among LLM
agents eliminates this degeneration and sparks in-
novation in generated code. Inspired by this cat-
fish effect, we posit that competition helps pre-
vent collaboration degeneration. We thus pro-
pose C3, a Controllable Competitive Collabora-
tion framework featuring two novel mechanisms:
Centralized Auction-Based Competition (CAB)
for role allocation via bidding and Decentralized
Communication-Aware Competition (DCC) for so-
lution refinement through opponent-aware adapta-
tion. Evaluated on 70 complex projects from ex-
tended SoftwareDev, C3 reduces collaboration de-
generation from 32.4% to 12.8%, while enhanc-
ing code innovation and diversity. Human evalua-
tions further confirm C3’s superiority in functional-
ity, maintainability, and robustness over purely col-
laborative or competitive baselines.

1 Introduction
Empowered by recent advances in Large Language Mod-
els (LLMs), LLM-based agents have become increasingly
promising for software development and project manage-
ment [Dong et al., 2024; Hong et al., 2023; Ishibashi and
Nishimura, 2024; Geng et al., 2024; Wang et al., 2023b;
Geng et al., 2026], such as Copilot [Perez et al., 2020],
Paper2Code [Seo et al., 2025], and Magicoder [Wei et al.,
2023]. Notably, generating code for tasks with complex ob-
jectives [Bi et al., 2024; Zhang et al., 2024b] or large-scale
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codebases [Wu et al., 2024; Vergopoulos et al., 2025] increas-
ingly resembles collaborative human workflows. This obser-
vation has motivated a growing line of research on structure-
aware multi-agent systems (MAS) for code generation [Hong
et al., 2023; Islam et al., 2024; Wu et al., 2023].

Existing MAS-based code generation frameworks demon-
strate strong potential in emulating human collabora-
tion [Hong et al., 2023; Wu et al., 2023; Islam et al., 2024;
Dong et al., 2024; Huang et al., 2023]. For example,
MetaGPT [Hong et al., 2023] enforces standardized operat-
ing procedures to decompose tasks and assign roles; Auto-
Gen [Wu et al., 2023] coordinates specialized agents through
structured dialogues; and MapCoder [Islam et al., 2024] de-
composes code synthesis into collaborative stages. We refer
to these structurally organized MAS workflows as Collabo-
rative Code Generation (Figure 1, left).

However, we observe an overlooked failure mode: exist-
ing collaborative frameworks often degenerate into a regime
where a single agent dominates iterative interactions while
other agents remain largely inactive. In such cases, enforced
collaboration effectively collapses into a single-agent multi-
round process, which we term collaboration degeneration.
In a preliminary study on HumanEval [Chen et al., 2021],
this phenomenon occurs in 38.4% of non-routine tasks, lead-
ing to inefficient or incorrect solutions and undermining the
original goal of autonomous MAS collaboration. To under-
stand this issue, we draw inspiration from classical organi-
zation theory [Taylor, 1919], which highlights that sustain-
able cooperation requires a balance between collaboration
and competition. Prior studies show that while collabora-
tion provides stability, competition promotes role realloca-
tion, solution diversity, and adaptive reflection, thereby mit-
igating stagnation [Janis, 1972]. Similar effects have been
widely observed in human teams, where controlled competi-
tion prevents groupthink and fosters innovation [Riccobono
et al., 2016]. These insights motivate a new perspective for
MAS-based code generation.

We therefore posit a pioneer viewpoint: introducing
strategic competition, rather than relying on collaboration
alone, is beneficial for MAS-driven code generation. By al-
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Figure 1: The SOP framework in MetaGPT often leads to collab-
oration degeneration, where one agent (e.g., Engineer) dominates
while others contribute minimally. Our Controllable Competition
approach actively mitigates this issue by introducing structured com-
petitive interactions to re-engage all specialized agents.

lowing agents to contest roles or propose alternative strategies
when collaboration stalls, competition can break degenera-
tive loops and stimulate diverse solutions. Despite support-
ing empirical evidence [Mahmud et al., 2025], it remains un-
clear how to systematically design competition-aware MAS
frameworks for code generation. To fill this gap, we pro-
pose a Controllable Competitive Collaboration (C3) frame-
work, inspired by organization theory and algorithmic game
theory, to prevent collaboration degeneration in MAS-based
code generation. C3 supports two typical competitive scenar-
ios: (i) centralized competition without inter-agent communi-
cation, implemented via a Centralized Auction-Based Com-
petition (CAB) mechanism; and (ii) decentralized competi-
tion with communication, realized through a Decentralized
Communication-Aware Competition (DCC) mechanism. Our
main contributions are summarized as follows:

• We introduce a new perspective that strategic compe-
tition complements collaboration in MAS-based code
generation, and propose the C3 framework with CAB
and DCC mechanisms for centralized and decentralized
settings, respectively;

• Extensive experiments on 70 complex tasks show that
C3 reduces collaboration degeneration from 32.4% to
12.8%, improves executability by 19.9%, and substan-
tially enhances novelty and diversity, with human evalu-
ations confirming superior functionality, maintainability,
and robustness.

2 Related Work
2.1 Single-Agent Empowered Code Generation
Recent advancements in single-agent frameworks have en-
hanced code generation via architectural and context-aware
optimizations [Gu, 2023; Jiang et al., 2024; Li et al.,
2024; Zamfirescu-Pereira et al., 2025; Zhang et al., 2024a].
For instance, Self Code Align automates self-alignment

through test-driven filtering, boosting performance on Hu-
manEval+ [Wei et al., 2024]. [Gu, 2023] proposes an LLM-
based pipeline for compiler fuzzing, improving testcase qual-
ity and coverage over traditional methods. PairCoder [Zhang
et al., 2024a] introduces a pair-programming-inspired frame-
work with Navigator and Driver agents, achieving strong
benchmark results. Beyond these architectural innovations,
recent work has also explored leveraging causal inference
and state-space models for more robust and individualized
predictions, spanning domains from counterfactual estima-
tion to out-of-distribution generalization [Wang et al., 2022;
Wang et al., 2023a; Wang et al., 2025].

2.2 Collaborative Multi-Agent Empowered Code
Generation

Recent research has explored multi-agent collaboration to en-
hance code generation through improved reasoning, modu-
larity, and fault isolation [Hong et al., 2023; Dong et al.,
2024; Huang et al., 2023; Ishibashi and Nishimura, 2024;
Islam et al., 2025; Nunez et al., 2024]. MetaGPT [Hong
et al., 2023] employs Standardized Operating Procedures to
emulate software engineering workflows. Self-collaboration
frameworks organize agents into specialized roles like ana-
lysts or testers [Dong et al., 2024]. AgentCoder [Huang et al.,
2023] integrates distinct agents for programming and testing,
using structured feedback to achieve strong benchmark per-
formance with reduced token cost.

2.3 Competitions in Game Theory: Insight of
LLM-Agents

We briefly review two closely related domains from algorith-
mic game theory: auction theory and non-cooperative compe-
titions. Classical auction mechanisms provide a foundation
for incentive design in multi-agent systems [Vickrey, 1961;
Myerson, 1981; Milgrom and Weber, 1982; Clarke, 1971],
with recent advances integrating deep learning to synthe-
size revenue-maximizing mechanisms [Dütting et al., 2019;
Gemp et al., 2022]. Similarly, non-cooperative game the-
ory offers principles for strategic interactions and equilib-
rium analysis [Nash, 1950; Nash, 1951; von Neumann and
Morgenstern, 1944], with modern multi-agent reinforcement
learning frameworks enabling efficient equilibrium approxi-
mations [Lowe et al., 2017]. These theoretical foundations
suggest that structured competition and cooperation can be
mutually reinforcing. Applied to multi-agent LLM code gen-
eration, they motivate the design of competitive mechanisms
to complement collaboration, fostering innovation and ro-
bustness through strategic role interplay.

3 Definition of Collaboration Degeneration
We define collaboration degeneration as a phenomenon
where two or more agent’s Marginal Utility Contribution
(MUC) consistently fall below a predefined threshold τ dur-
ing multi-agent code generation: if the marginal utility of
two or more agents, defined as the change in the solution
quality due to the agent’s input, remains below the thresh-
old over several rounds, we classify this as Collaboration De-
generation. We calculate the MUC via the Shapley Value ap-
proach (SHAP) [Mosca et al., 2022], since SHAP can isolate
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Figure 2: Visualization of the marginal utility contribution.

the intrinsic contribution of each agent from others’ contribu-
tions. The Shapley Value for agent i in round k is calculated
as:

MUC
(k)
i =

∑
S⊆R\{i}

|S|!(|R| − |S| − 1)!

|R|!
[ Quality (S∪{i})− Quality (S)],

(1)

where S represents any subset of agents excluding i; Quality
(S) is is any subset of agents excluding i; Quality (S ∪ {i})
is the solution quality produced when agent i joins the set S;
|S| and |R| are the sizes of the subsets S and the total set of
agents R, respectively. For example, in tasks like algorith-
mic design, a Product Manager agent may simply repeat the
task description without refining functional requirements. A
QA Engineer might use only the provided test cases, ignor-
ing edge cases or coverage. The threshold τ is set based on
domain-specific quality factors (e.g., correctness), typically
set as 0.1. If at least two agents’ MUC consistently falls be-
low τ across rounds, collaboration degeneration is treated as
occurred.

Collaboration Degeneration in SOP-Driven Frame-
works. The MinPath task requires constructing a lex-
icographically minimal path in a uniquely valued grid.
MetaGPT’s generic DFS+min, heap solution fundamentally
misinterprets the problem: it fails to leverage the injective
value domain and incorrectly prioritizes paths, violating lexi-
cographic ordering. This failure stems from collaboration de-
generation, a phenomenon observed in 38.4% of non-trivial
HumanEval tasks [Chen et al., 2021], where only the Archi-
tect agent proposes a naive design while others passively fol-
low, ignoring critical constraints.

Competition as a Catalyst for Improvement. Intro-
ducing a basic competitive baseline, where agents of the
same role independently propose solutions, demonstrates
the potential of competition: the Product Manager sur-
faces domain constraints, the Architect designs an efficient
O(N2) constructive algorithm, and QA validates with tar-
geted edge-cases. Figure 2 illustrates a shift from skewed
to balanced agent contributions, confirming competition mit-
igates degeneration. However, this unstructured approach
only improves 12.1% of all tasks, underscoring the need
for more systematic and adaptive competition mechanisms to
fully realize its benefits.

4 Methodology
In this section, we design two more refined mechanisms, in-
spired by centralized and decentralized algorithmic game the-
ory [Shoham and Leyton-Brown, 2008], to instantiate compe-

Algorithm 1 Hybrid Competition Mechanisms (CAB &
DCC)

Require: Agent set R, task T , metrics M , mode mode ∈
{CAB,DCC}

Ensure: S∗ (CAB) or S∗ (DCC)
1: if mode = CAB then ▷ Centralized Auction
2: for each phase P ∈ {PM,Arch,Eng,QA} do
3: for t = 1 to r do
4: S∗ ← argmaxi Score(S(t−1)

i ,M) ▷
Coordinator selects best

5: S
(t)
i ← Update(S(t−1)

i , Feedback(S∗, S
(t−1)
i ))

▷ Lossers refine
6: end for
7: Pass S∗ to next phase
8: end for
9: return S∗

10: else if mode = DCC then ▷ Decentralized Competition
11: for each role P in parallel do
12: for t = 1 to r do
13: for each agent i ∈ RP do
14: I ← SelectInspiration({S(t−1)

j }j ̸=i)

15: S
(t)
i ← Evolve(S(t−1)

i , I) ▷ Self-adapt
using peers

16: end for
17: end for
18: S∗P ← {S

(t)
i }

19: end for
20: return S∗ =

⋃
P S∗P ▷ Solution pool

21: end if

titions inside the code generation frameworks. We emphasize
that all agents in our framework are LLM-based (e.g., GPT-
4), autonomously handling code generation through natural
language reasoning.

4.1 Framework Overview of C3
To address the limitations of purely collaborative workflows,
we propose the Controllable Competitive Collaboration (C3)
framework, which strategically integrates competition into
multi-agent code generation. As illustrated in Figure 3,
C3 introduces two competition mechanisms: (1) Central-
ized Auction-Based Competition (CAB), where a Coordina-
tor Agent orchestrates structured bidding to select optimal
proposals (e.g., choosing API designs via weighted scoring);
and (2) Decentralized Communication-Aware Competition
(DCC), where agents transparently observe and adapt based
on peer solutions (e.g., hybridizing architectural designs after
reviewing competitors’ metrics). A key controllable property
lets users steer competition toward specific objectives, such as
executability, diversity, or innovation, via pre-defined evalua-
tion metrics [Vergopoulos et al., 2025], enabling targeted and
adaptive code generation.

4.2 Centralized Auction-Based Competition (CAB)

The CAB framework balances collaboration and competi-
tion through a sequential multi-stage process involving Prod-
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Figure 3: Top. The prompts used for evaluating the strategies at different stages. Left. The architecture of Centralized Auction-Based
Competition, and Right. The architecture of Decentralized Communication-Aware Competition.

uct Managers, Architects, Engineers, and QA Engineers. A
Coordinator Agent evaluates proposals at each stage using
defined metrics, selects the best solution, and provides struc-
tured feedback to non-winning agents.
Bidding & Auction. Agents compete within each phase.
The Coordinator evaluates proposals based on criteria such
as Novelty, Feasibility, and SOP Compliance (PM/Archi-
tect phases), Implementability and Performance (Engineer
phase), and Test Coverage and Robustness (QA phase). The
highest-scoring proposal advances.
Feedback Integration. The process is iterative. After eval-
uation, the Coordinator provides feedback to losing agents,
who refine and resubmit their proposals. This cycle typically
runs for 3–5 rounds until agent contributions stabilize, yield-
ing a final solution that is innovative, compliant, and scores
highly across key metrics. The overall workflow is illustrated
in Figure 3.

Algorithm 1 outlines two hybrid competition modes in the
C3 framework. In CAB, a Coordinator agent sequentially
selects the best proposal per phase and provides refinement
feedback to losers, yielding a single optimized solution S∗.
In DCC, agents within each role operate in parallel, observe
peer proposals, and self-adapt by incorporating competitors’
inspirations, producing a diverse solution pool S∗.

4.3 Decentralized Communication-Aware
Competition (DCC)

To systematically understand the design rationale of DCC,
we contrast it with the CAB baseline across key architectural
dimensions:
Control Structure. CAB employs a centralized Coordina-
tor Agent to govern each phase, while DCC adopts a de-
centralized, shared-message-pool architecture where agents
transparently observe peer outputs and adapt autonomously.
Evaluation Mechanism. Evaluation in CAB is conducted
by a single arbiter using predefined metrics. In DCC, eval-
uation is distributed: each agent scores peer proposals using

a standardized rubric, ensuring consistent yet peer-driven as-
sessment.

Feedback & Adaptation. CAB relies on top-down feed-
back from the coordinator. DCC enables evolutionary adap-
tation: agents analyze peer proposals, selectively incorpo-
rate advantageous elements, and discard weaker strategies
through a self-supervised, imitation-based refinement pro-
cess. This mirrors evolutionary learning, where beneficial
traits propagate via competitive peer observation.

Exploration vs. Convergence. DCC balances exploration
and convergence through three mechanisms: (1) role-specific
standardized evaluation prompts that guide agents toward
utility-aligned solutions; (2) empirically grounded limited
adaptation rounds (typically 3–5); and (3) mutual visibility
of proposals, which promotes convergence on high-scoring
strategies via imitation, creating a self-organizing selection
pressure.

5 Experiments
5.1 Dataset Contribution: Extended SoftwareDev
Inspired by MetaGPT [Hong et al., 2023], we constructed
a benchmark of 70 software development tasks, curated to
replicate the categories and proportions described in the orig-
inal work. Each task, defined by a natural language prompt,
covers diverse categories including mini-games, visualiza-
tion tools, utility applications, algorithmic challenges, and
content generators. This dataset provides a comprehensive
testbed for evaluating LLM-based agents in end-to-end devel-
opment workflows, prioritizing diverse agent configurations
and task types over isolated algorithmic challenges like Hu-
manEval [Chen et al., 2021]. The task composition is detailed
in Table 1.

5.2 Experimental Setting
All methods were evaluated under identical conditions
to isolate methodological effects. We used GPT-4o as
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Category Proportion Example Task Prompt Summary
Interactive

Mini-Games
20/70 (28.6%) Flappy Bird Game Implement Flappy Bird in p5.js. The bird flies between

pipes and flaps on mouse click. Ends on collision or fall.
Score increases with each pipe passed.

Data Viz &
Dashboards

15/70 (21.4%) Weather Dashboard Python dashboard using OpenWeather API to show cur-
rent weather and 5-day forecast. Include visualizations for
temperature and humidity.

Utility Apps 18/70 (25.7%) Excel Processor Streamlit + Pandas app to upload and view Excel files, ap-
ply filters, and get summary stats. Should be lightweight
with editable output.

Algorithmic
Challenges

10/70 (14.3%) Music Transcriber Transcribe music audio into sheet music using pitch track-
ing, neural networks, and chromagram alignment.

Content Generators 7/70 (10.0%) Press Release Bot Python tool to fetch updates via APIs/social media and
auto-generate press releases with tone/length options. Sup-
ports PDF export.

Table 1: Overview of Task Categories in the 70-Task SoftwareDev Benchmark

the base LLM on a homogeneous hardware configura-
tion (8× RTX-4090 GPUs). The benchmark comprised
70 tasks from the SoftwareDev suite, each run with 3
random seeds. For CAB, each phase allowed 2-3 re-
finement rounds; for DCC, each role performed 3-5 in-
ternal adaptation rounds. The evaluation metric set
M = {Novelty, Feasibility, SOP-Compliance, Performance}
was held constant. A convergence threshold ϵ = 0.01 (rela-
tive score change per agent) enabled early termination. Each
proposal was constrained to a maximum token length of 4096.

5.3 Research Question
We investigate three research questions to validate the effec-
tiveness of our C3 framework.

• RQ1: Can C3 mitigate collaboration degeneration in
multi-agent code generation?

• RQ2: Beyond degeneration prevention, does compe-
tition enhance other advantages of generated code ar-
tifacts, i.e., novelty and diversity?

• RQ3: What are the comparative benefits of central-
ized versus decentralized competition in multi-agent
systems?

• RQ4: How can we balance competition and collabo-
ration to maximize overall performance?

• RQ5: How do human evaluators perceive the qual-
ity of generated software artifacts in real-world case
studies?

5.4 Evaluation Metrics and Baselines
To systematically assess model performance, we first adopt
original metrics stated in [Hong et al., 2023]:

• Executability: Measures whether generated code runs
without syntax or runtime errors, evaluating improve-
ments in degeneration mitigation (RQ1).
Executability = # of successful executions

# of total code samples
[Hong et al.,

2023], where each code sample is executed in a sand-

box with test input; success yields score 1, failure yields
0.

• Human Revision Cost: Quantifies the effort required
to correct generated code to production quality (RQ1,
RQ4). Revision Cost = 1

N

∑N
i=1 edit scorei, where hu-

man annotators rate post-editing effort on a 1–10 scale,
averaged across samples.

Furthermore, we also employ more extensive dimensions
of evaluations to compare and analyze competition and col-
laboration in below:

• Degeneration Rate: The proportion of tasks in which
collaboration degeneration occurs, defined as cases
where the Marginal Utility Contribution of at least two
agents consistently falls below the predefined threshold
τ (e.g., 0.1), indicating minimal effective contribution
from multiple roles.

• Novelty: Measures deviation from the reference solu-
tion (RQ2):
Novelty = 1 − AST Similarity(G,R), where G is the
generated code, R is the reference and similarity is com-
puted by the tree edit distance.

• Diversity: Computes the average pairwise AST tree edit
distance among 5 executable and minimally correct so-
lutions per task by each method (RQ2, RQ4):
Diversity = 1

M(M−1)

∑
i̸=j AST Dist(Gi, Gj), where

pairwise distance between M generated solutions using
normalized AST tree edit distance.

• Task Ownership Entropy (TOE): Evaluates fair-
ness in contribution distribution (RQ3). TOE =
−
∑n

i=1 pi log pi, where pi is the proportion of tasks
won by agent i; higher values indicate more balanced
participation.

• Adaptation Responsiveness Rate (ARR): Captures
improvement frequency after peer feedback (RQ3).
ARR = # of improved proposals post-feedback

# of total proposals , where compares
proposal quality before and after refinement rounds.
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Method Exec. (%) ↑ Rev. Cost ↓ Deg. Rate (%) ↓
AgentCoder 70.4 7.3 39.7
ChatDev 70.9 6.9 35.1
MetaGPT 72.3 6.4 32.4
NC 78.6 5.2 26.3
CAB 82.1 4.3 18.9
DCC 86.7 (↑19.9%) 3.6 (↓47.8%) 12.8 (↓60.5%)

Table 2: Degeneration Rate vs. Code Quality Comparison, where
the relative improvements of DCC are relative to MetaGPT.

• Feedback Utilization Score (FUS): Measures how of-
ten peer suggestions are reflected in final outputs (RQ3,
RQ4). FUS = # of peer insights used

# of insights provided , where counts explicit
mentions or implementation of peer strategies in revised
proposals.

We choose five representative baseline methods as follows:

• MetaGPT [Hong et al., 2023] is a multi-agent frame-
work using SOPs for collaboration, prone to collabora-
tion degeneration.

• ChatDev [Qian et al., 2023] is a multi-agent system
where LLM agents collaborate via chat across design,
coding, and testing.

• AgentCoder [Huang et al., 2023] is a multi-agent
framework with specialized programmer, test designer,
and executor agents that refine code via feedback loops.

• Naive Competition (NC) serves as a baseline where
agents independently generate and submit solutions; the
best is selected based on evaluation metrics. It lacks any
collaboration, prioritization, or communication.

• Isolated Competition (IC) represents a
pure-competition baseline: agents work in complete
isolation without communication or shared context.
Unlike NC, it excludes all forms of collaboration.

5.5 Experimental Results
RQ1: Effectiveness of C3 in Preventing collaboration
degeneration
Table 2 shows that both CAB and DCC significantly reduce
collaboration degeneration, with DCC achieving the lowest
rate (12.8%) alongside the highest executability (86.7%) and
lowest human revision cost (3.6). These results highlight the
efficacy of structured competition in improving multi-agent
coordination and solution quality. The superior performance
of decentralized DCC over centralized CAB—and both over
the NC baseline, indicates that fine-grained, peer-aware re-
finement yields more substantial gains than role-level auc-
tions or unstructured diversity.

RQ2: Gains in Novelty and Diversity
This research question assesses how CAB and DCC enhance
solution diversity and novelty. We evaluate across task cate-
gories using metrics for novelty, diversity, and semantic dis-
tance. As shown in Table 3, competitive mechanisms, espe-
cially the decentralized DCC, consistently outperform purely
collaborative baselines, yielding more semantically varied

Category Method Novelty (%) ↑ Diversity ↑

Mini-Games

AgentCoder 51.2 0.36
ChatDev 52.4 0.38
MetaGPT 54.3 0.42
NC 57.8 0.49
CAB 61.4 0.56
DCC 66.7 (↑22.8%) 0.69 (↑64.3%)

Dashboards

AgentCoder 50.7 0.34
ChatDev 52.0 0.36
MetaGPT 52.9 0.39
NC 56.3 0.46
CAB 60.2 0.52
DCC 65.5 (↑23.8%) 0.65 (↑66.7%)

Utilities

AgentCoder 50.9 0.35
ChatDev 51.8 0.37
MetaGPT 53.5 0.41
NC 56.7 0.47
CAB 61.0 0.55
DCC 66.1 (↑23.6%) 0.67 (↑63.4%)

Algorithms

AgentCoder 49.8 0.33
ChatDev 50.6 0.35
MetaGPT 51.8 0.36
NC 58.2 0.47
CAB 63.4 0.54
DCC 69.5 (↑34.2%) 0.70 (↑94.4%)

Creativity

AgentCoder 51.0 0.34
ChatDev 52.2 0.37
MetaGPT 55.0 0.40
NC 60.1 0.50
CAB 65.7 0.58
DCC 71.2 (↑29.5%) 0.72 (↑80.0%)

Table 3: Diversity and Novelty Comparison by Task Category,
where ↑ indicates the relative improvements of DCC over MetaGPT.

Competition Strategy TOE ↑ ARR ↑ FUS ↑
NC 1.11 0.38 1.7
CAB 1.42 0.61 3.8
DCC 1.78 (↑25.4%) 0.75 (↑23.0%) 5.1 (↑34.2%)

Table 4: CAB vs. DCC Mechanisms, where ↑ means the relative
improvements of DCC over CAB.

and less templated solutions. The advantage is most pro-
nounced in open-ended domains like Creative Content Gener-
ators and Algorithmic Challenges, where competition incen-
tivizes exploring non-trivial designs. These results confirm
that structured competition not only mitigates collaboration
degeneration but actively fosters creativity and innovation.

RQ3: Centralized vs. Decentralized Competition
Table 4 compares NC, CAB, and DCC. DCC outperforms
CAB across all metrics, achieving higher Task Ownership
Entropy (1.78), Adaptation Responsiveness (0.75), and Feed-
back Utilization (5.1), indicating richer peer-driven learn-
ing. In contrast, CAB offers controlled convergence but lim-
its cross-agent adaptability, while NC performs poorly due
to a lack of structured coordination. The results suggest a
trade-off: CAB provides structural clarity, whereas DCC fos-
ters emergent collaboration and innovation.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Figure 4: Comparison of MetaGPT and DCC on a comic generation task. The top side shows task requirements and role-level outputs; the
bottom side compares final comic outputs from MetaGPT (top) and DCC (bottom), highlighting differences in agent collaboration.

Method Exec. (%) ↑ Innovation ↑ Diversity ↑ Cost ↓
MetaGPT (Collab-Only) 72.3 53.5 0.41 6.4
IC (Comp-Only) 68.4 69.5 0.73 7.8
NC (Hybrid) 78.6 57.5 0.48 5.2
CAB (Hybrid) 82.1 61.7 0.55 4.3
DCC (Hybrid) 86.7 67.1 0.68 3.6

Table 5: Comparison of Collaboration and Competition Strategies.

RQ4: Balancing Competition and Collaboration
Table 5 examines the collaboration–competition tradeoff.
Purely collaborative methods yield lower innovation, while
purely competitive ones increase revision costs and reduce
executability. Hybrid approaches, especially DCC, best bal-
ance executability, innovation, and revision cost, demonstrat-
ing the synergy of structured competition built on collabora-
tive foundations.

RQ5: Human Evaluation and Case Study
To complement automatic metrics, we conducted a human
evaluation with 10 experienced Python developers on all the
70 cases and evaluated 5 methods, i.e., DCC, CAB, Naive
Competition, IC, and MetaGPT, resulting in 350 cases. Each
annotator reviewed 35 cases covering all methods, followed
by cross-validation to ensure consistency. Ratings were as-
signed on a 1–5 scale across three dimensions: functional
completeness, code readability/maintainability, and robust-
ness. The detailed definitions are: (1) Functional Complete-
ness: Assesses if the solution meets all required features; (2)
Code Readability/Maintainability: Evaluates the clarity, or-
ganization, and ease of maintaining the code. (3) Robustness:
Measures how well the solution handles edge cases, errors.

Human evaluators achieved >94% inter-annotator agree-
ment. As shown in Table 6, DCC excels in functionality
(4.0), robustness (3.8), and ties for best maintainability (3.8),
demonstrating the strength of structured competition. CAB
also performs strongly, particularly in functionality (3.8). In
contrast, pure collaboration (MetaGPT) and pure competition
(IC) exhibit notably lower robustness (2.9 and 2.8). While

Method Functionality ↑ Maintainability ↑ Robustness ↑
MetaGPT 3.2 3.6 2.9
IC 3.4 3.4 2.8
NC 3.5 3.8 3.2
CAB 3.8 3.8 3.6
DCC 4.0 3.8 3.8

Table 6: Results of Human Evaluation between different collabora-
tion and competition strategies.

IC slightly improves functionality over MetaGPT, its main-
tainability suffers (3.4) due to lacking architectural coher-
ence. Overall, hybrid competition–collaboration strategies,
especially DCC, best balance creativity and stability. A case
study from Creative Content Generation (Figure 4) further il-
lustrates this: MetaGPT exhibits collaboration degeneration,
producing a basic, unstructured text-only comic from mini-
mal agent coordination.

6 Conclusion

This paper addresses collaboration degeneration in multi-
agent code generation, where collaborative systems de-
grade into single-agent dominance, by introducing the
Controllable Competitive Collaboration (C3) framework.
C3 integrates Centralized Auction-Based and Decentralized
Communication-Aware competition mechanisms to actively
foster engagement and innovation. Evaluated on 70 full-stack
tasks, C3 significantly improves executability, diversity, and
code quality, demonstrating that structured competition cat-
alyzes collaborative intelligence. Future work includes dy-
namic role switching, cross-domain generalization (e.g., law
or science), and human-in-the-loop reinforcement. Our study
is the first to formally define and systematically mitigate col-
laboration degeneration through controlled competitive dy-
namics.
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Tegawendé F Bissyandé, and Xiaoguang Mao. Natural
language to code: How far are we? In Proceedings of
the 31st ACM joint European software engineering con-
ference and symposium on the foundations of software en-
gineering, pages 375–387, 2023.

[Wang et al., 2025] Haotian Wang, Haoxuan Li, Hao Zou,
Haoang Chi, Long Lan, Wanrong Huang, and Wenjing
Yang. Effective and efficient time-varying counterfac-
tual prediction with state-space models. In The Thir-
teenth International Conference on Learning Representa-
tions, 2025.

[Wei et al., 2023] Yuxiang Wei, Zhe Wang, Jiawei Liu,
Yifeng Ding, and Lingming Zhang. Magicoder: Empow-
ering code generation with oss-instruct. arXiv preprint
arXiv:2312.02120, 2023.

[Wei et al., 2024] Yuxiang Wei, Federico Cassano, Jiawei
Liu, Yifeng Ding, Naman Jain, Zachary Mueller, Harm
de Vries, Leandro Von Werra, Arjun Guha, and Lingming
Zhang. Selfcodealign: Self-alignment for code generation.
arXiv preprint arXiv:2410.24198, 2024.

[Wu et al., 2023] Qingyun Wu, Gagan Bansal, Jieyu Zhang,
Yiran Wu, Beibin Li, Erkang Zhu, Li Jiang, Xiaoyun
Zhang, Shaokun Zhang, Jiale Liu, et al. Autogen: En-
abling next-gen llm applications via multi-agent conversa-
tion. arXiv preprint arXiv:2308.08155, 2023.

[Wu et al., 2024] Qinyun Wu, Chao Peng, Pengfei Gao,
Ruida Hu, Haoyu Gan, Bo Jiang, Jinhe Tang, Zhiwen
Deng, Zhanming Guan, Cuiyun Gao, et al. Repomas-
tereval: Evaluating code completion via real-world repos-
itories. arXiv preprint arXiv:2408.03519, 2024.

[Zamfirescu-Pereira et al., 2025] JD Zamfirescu-Pereira,
Eunice Jun, Michael Terry, Qian Yang, and Björn
Hartmann. Beyond code generation: Llm-supported
exploration of the program design space. In Proceedings
of the 2025 CHI Conference on Human Factors in
Computing Systems, pages 1–17, 2025.

[Zhang et al., 2024a] Huan Zhang, Wei Cheng, Yuhan Wu,
and Wei Hu. A pair programming framework for code
generation via multi-plan exploration and feedback-driven
refinement. In Proceedings of the 39th IEEE/ACM Inter-
national Conference on Automated Software Engineering,
pages 1319–1331, 2024.

[Zhang et al., 2024b] Jiayi Zhang, Jinyu Xiang, Zhaoyang
Yu, Fengwei Teng, Xionghui Chen, Jiaqi Chen, Mingchen
Zhuge, Xin Cheng, Sirui Hong, Jinlin Wang, et al. Aflow:
Automating agentic workflow generation. arXiv preprint
arXiv:2410.10762, 2024.

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T


	Introduction
	Related Work
	Single-Agent Empowered Code Generation
	Collaborative Multi-Agent Empowered Code Generation
	Competitions in Game Theory: Insight of LLM-Agents

	Definition of Collaboration Degeneration
	Methodology
	Framework Overview of C3
	Centralized Auction-Based Competition (CAB)
	Decentralized Communication-Aware Competition (DCC)

	Experiments
	Dataset Contribution: Extended SoftwareDev
	Experimental Setting
	Research Question
	Evaluation Metrics and Baselines
	Experimental Results
	RQ1: Effectiveness of C3 in Preventing collaboration degeneration
	RQ2: Gains in Novelty and Diversity
	RQ3: Centralized vs. Decentralized Competition
	RQ4: Balancing Competition and Collaboration
	RQ5: Human Evaluation and Case Study


	Conclusion

