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Abstract: The rapid progress of LLMs has greatly improved natural language tasks like code generation,
boosting developer productivity. However, challenges persist. Generated code often appears "pseudo-
correct'—passing functional tests but plagued by inefficiency or redundant structures. Many models
rely on outdated methods like greedy selection, which trap them in local optima, limiting their ability to
explore better solutions. We propose AnnCoder, a multi-agent framework that mimics the human "try-
fix-adapt" cycle through closed-loop optimization. By combining simulated annealing’s exploratory
power with genetic algorithms’ targeted evolution, AnnCoder balances wide-ranging searches and
local refinements, dramatically increasing the likelihood of finding globally optimal solutions.We
speculate that traditional approaches may struggle due to narrow optimization focuses. AnnCoder ad-
dresses this by introducing dynamic multi-criteria scoring, weighing functional correctness, efficiency
(e.g., runtime/memory), and readability. Its adaptive temperature control acts like a "smart thermostat':
slowing cooling when solutions are diverse to encourage exploration, then accelerating convergence
as they stabilize. This design elegantly avoids pitfalls of earlier models, much like navigating a maze
with both a map and intuition. After conducting thorough experiments, with multiple LLMs analyses
across four problem-solving and program synthesis benchmarks—AnnCoder show cases remarkable
code generation capabilities—HumanEval 90.85%, MBPP 90.68%,HumanEval-ET 85.37%,EvalPlus
84.8% . AnnCoder has outstanding advantages in solving general programming problems.Moreover,
our method consistently delivers superior perfor mance across various programming languages.

Keywords: code generation optimization;multi-agent systems; simulated annealing algorithm

1. Introduction

Code Generation, as one of the key challenges in artificial intelligence, aims to automatically
convert natural language descriptions into executable code. Its applications span various domains,
including Software Engineering Automation, educational tools, and complex system development,
improving quality of life. To boost programmer productivity, the automation of Code Generation
represents a pivotal advancement. In recent years, the emergence of Large Language Models has
greatly advanced this field. Models such as Mapcoder and Self-Organized Agents [1],are paving the
way for an era where fully executable code can be generated without human intervention. Nevertheless,
when addressing complex logical reasoning and stringent code quality demands, existing approaches
still exhibit limitations.

Early approaches utilizing LLMs for code generation employ a direct prompting approach [2],
where LLMs generate code directly from problem descriptions and sample I/O. Recent methods like
chain-of-thought [3] advocate modular [4] or pseudo code-based generation to enhance planning and
reduce errors, while retrieval-based approaches such as leverage relevant problems and solutions to
guide LLMs’ code generations [5]. Modular design improves clarity but may weaken code coherence.
Current methods like MapCoder’s static case retrieval prioritize module-level improvements via
historical data, yet fail to adapt to dynamic constraints. Reflexion employs test-driven iteration but
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fixates on pass rates, ignoring efficiency and readability. Such fragmented optimization risks local
optima—minor fixes overshadowing holistic progress. Integrating multi-criteria evaluation (e.g.,
dynamically weighting robustness and efficiency) could unlock globally optimal solutions.

We introduce AnnCoder, a code generation model that merges multi-agent collaboration with
evolutionary annealing optimization. This closed-loop framework streamlines code creation by
covering case retrieval, implementation, debugging, and refinement—each managed by specialized
agents. Unlike prior models that treated "generation" and "repair” as disjoint steps, AnnCoder mimics
human programming’s "try-fix-adapt" cycle like untangling a knot through persistent iteration.Key
innovations include a dynamic scoring system that balances efficiency, readability, and robustness,
adjusting weights like a chameleon adapting to problem types. The Evolutionary Annealing Hybrid
Algorithm combines simulated annealing’s random exploration with genetic algorithms’ precision.

We evaluated AnnCoder on four popular comprehensive benchmarks for general programming,
including datasets HumanEval, MBPP, HumanEval-ET, and EvalPlus.For multiple different LLMs,
such as ChatGPT and GPT-4 [6]. Our method has improved the accuracy rate of code generation and
performs better than powerful baselines such as Reflexion and Self-Planning.
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Figure 1. The comprehensive flowchart of AnnCoder.

2. Related Work

Recently, the advent of large language models such as ChatGPT has revolutionized the domain
of automatic code generation. These models have exhibited competence in tasks including code
completion [7,8], code translation [9-11], and code repair [12,13,13], generating source code from
natural language descriptions. This research domain has garnered substantial academic interest
and considerable industrial attention, exemplified by the creation of tools such as GitHub Copilot,
CodeGeeX [14], and Amazon CodeWhisperer, which utilize advanced large language models to
enhance software development efficiency.

Initial investigations into code generation predominantly depended on heuristic rules or ex-
pert systems, including frameworks grounded in probabilistic grammars and specialized language
models [15,16]. These preliminary methods were frequently inflexible and challenging to scale. The
advent of large language models has revolutionized the field. Due to their remarkable efficacy and
adaptability, they have emerged as the preferred choice. A notable characteristic of large language
models is their capacity to adhere to commands [17-19], enabling novice programmers to generate
code merely by articulating their requirements. This novel capability has democratized programming,
rendering it accessible to a significantly broader audience.
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A trend toward diversification has arisen in the evolution of large language models. Models
such as ChatGPT, GPT-4 [20], LLaMA [21], and Claude 3 [22,23] are intended for general-purpose
applications, while others like StarVector [24], Benchmarking Llama [25], DeepSeek-Coder [26], and
Code Gemma are specifically tailored for code-centric jobs. Programming languages are increasingly
incorporating the newest breakthroughs in LLMs, with these models being assessed for their capacity
to fulfill software engineering requirements while also promoting the implementation of large language
models in practical production settings.

Table 1. Comparison of AnnCoder with other baselines

Method Self-Retrieval Planning TestCase Generation Debugging
Reflexion X X v v
Self-Planning X v X X
AlphaCodium X X v v
MapCoder v v X v
Anncoder (Ours) v v v v

Prompting strategies are essential for code generation and optimization. LLM prompts can be
classified into three categories: retrieval [8,27,28], planning [29,30], and debugging [31]. Researchers
have employed several prompting tactics, utilizing various methods to direct models in generating
superior quality code. An exemplary instance is MapCoder, a traditional approach that integrates
retrieval, planning, and debugging prompts with code generation. It distinctly reflects the comprehen-
sive program synthesis cycle evident in human developers. The majority of current methodologies
concentrate on fragmented optimization for a singular metric, such as the pass@k score, complicating
the simultaneous improvement of functional correctness, execution efficiency, and structural quality,
including symmetry. We have noticed that conventional algorithms may become ensnared in a sub-
optimal solution during optimization, persisting with successive improvements without reassessing
the problem from a holistic viewpoint. In such instances, the algorithm may become stagnant due to
inadequate investigation. Despite significant progress in this field, we argue that there is still room for
further improvement.

3. Anncoder
3.1. AnnCoder Model Design

The primary objective of AnnCoder is to identify high-quality candidate solutions while circum-
venting the pitfalls of local optimum solutions, thereby producing code that adheres to the requirements
of functional correctness, efficiency, and symmetry. AnnCoder utilizes the multi-dimensional scoring
mechanism to assess solutions from several viewpoints, circumventing dependence on a singular
measure to avert the inclusion of superficially accurate yet erroneous solutions in the optimization
process, therefore enhancing overall performance. A hybrid algorithm that merges simulated an-
nealing with evolutionary genetics leverages the advantages of both methodologies, significantly
diminishing the probability of reaching local optimum solutions and improving the global search
efficacy of independent evolutionary genetic algorithms. This section will examine the collaborative
and self-enhancement processes of memory, generation, and debugging agents within the Multi-Agent
Collaboration module, along with the interplay between the evolution-annealing optimization module
and the multi-dimensional scoring mechanism in generating highly accurate and efficient code.

3.2. Multi-Agent Collaboration Module
3.2.1. Case Retrieval Agent

The case retrieval agent recalls past relevant problem-solving instances, akin to human memory. It
finds k (user-defined) similar problems without manual crafting or external retrieval models. Instead,
we leverage the LLM agent itself, instructing it to generate such problems. Our prompt extends the
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analogical prompting principles, generating examples and their solutions simultaneously, along with
additional metadata (e.g., problem description, code) to provide the following agents as auxiliary data.
We have employed a dual-layer retrieval technique, consisting of semantic embedding matching and
structural pattern filtering, to accomplish this.

This intelligent agent has exceptional proficiency in cross-project generalization. We have also
included dynamic weight allocation, which prioritizes recently successful examples, thereby creating
a positive feedback loop that enhances accuracy over time. For example, when confronted with the
task of "establishing a thread-safe caching mechanism," one can swiftly access solutions like Java’s
ConcurrentHashMap and Python’s decorator pattern implementations, providing a broader array of
reference styles for future code generation.

Case Retrieval Agent

You are a programmer tasked with generating appropriate plan to solve a given problem using the
**{language}** programming language.

Problem :{problem}

Expected Output: **** Your response must be structured as follows:

Problem Understanding: Think about the original problem. Develop an initial understanding about the problem.

Recall Example Problem

Recall {k} relevant and distinct problems (different from problem mentioned above)
- describe it

- generate {language} code step by step to solve that problem

- finally generate a planning to solve that problem

Plan
Write down {k} detailed, step-by-step plans to solve the original problem, requiring that each plan uses a different algorithm.

Important Instruction:- Strictly follow the instructions.- Do not generate code.

Figure 2. illustrates the Case Retrieval Agent’s code prompt and word image.

3.2.2. Code Synthesis Agent

The function of the Code Synthesis Agent is to transform algorithm descriptions into executable
code, with its process segmented into three essential phases. Initially, in the constraint-aware gen-
eration phase, it utilizes algorithm examples obtained from the Case Retrieval Agent and employs
large language models that have undergone instruction fine-tuning to produce foundational code
that complies with API standards and syntactical constraints. Subsequently, during the adversarial
testing phase, it utilizes a hybrid approach to generate a collection of test cases. It specifically analyzes
function signatures to create test cases for boundary situations, such as empty inputs and extreme
values, and then extends foundational code templates to build supplementary test cases. Ultimately,
at the code expansion phase, it executes syntax-preserving transformations on the underlying code,
including loop unrolling and API substitution, producing candidate code with many implementation
alternatives,incorporates defensive programming approaches to enhance code robustness. Further-
more, it assesses and enhances the efficacy of the test case suite using mutation testing, systematically
eliminating ineffective test cases. For the task of "implementing quicksort," it may generate many
code versions, including recursive, iterative, and parallel divide-and-conquer optimizations, while
guaranteeing each version includes test cases that account for exceptions in partitioning strategies.
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Code Synthesis Agent

.

{problem}

Important Instructions:

- Generate {language} code step-by-step to solve the above mentioned problem.

- Do not generate any explanation.

- The generated **{language}** code must be enclosed within triple backticks ().

- Only output the generated code, without any code tests such as #Test or explanations.

- The name of the main function defined in the code you generate must exactly match the
name of the main function specified in the {think}."""

Figure 3. illustrates the Code Synthesis Agent’s code prompt and word image.

3.2.3. Defect Diagnosis Agent

The Defect Diagnosis Agent serves as the ultimate safeguard in quality control, employing a
hierarchical diagnostic strategy to evaluate and enhance unsuccessful solutions. Initially, it conducts
a preliminary diagnosis by examining the logs of failed tests to ascertain the specific test case that
failed and to identify the discrepancies between anticipated and actual outputs. Consequently, it does
a cursory analysis. It further uses control flow graphs and data dependency analysis to trace the issue
to its origin and ascertain the fundamental cause of the code mistake. Ultimately, it provides repair
recommendations and establishes a knowledge base of error patterns and repair strategies. It offers
systematic remediation recommendations for prevalent faults, including insufficient management of
boundary conditions and race condition problems. This intelligent agent is capable of conducting multi-
level, multi-granularity analysis and diagnosis, including individual lines of code to comprehensive
architectural patterns, while providing practical enhancement strategies. For instance, if it identifies
insufficient safeguards against a "hash table collision attack", it will advocate for the use of salt
randomization and propose optimal practices for particular encryption libraries.

This module functions through the collaboration of three intelligent agents, establishing a closed-
loop optimization via a circular feedback mechanism. The diagnostic agent’s defect analysis results
are utilized to enhance the semantic weighting of instance retrieval, while the test cases gathered
during code synthesis consistently augment the historical case repository. The recall agent adaptively
modifies retrieval preferences according to diagnostic feedback, allowing the system to independently
evolve and improve its problem-solving methodology. This design transcends the linear limitations
of conventional pipeline layouts, enabling the system to exhibit adaptive characteristics like those
observed in biological systems.
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Defect Diagnosis Agent

You are a programmer who has received a solution of a problem written in **{language}** that fails to pass certain test
cases. Your task is to modify the code in such a way so that it can pass all the test cases. Do not generate same code.

problem_with planning Buggy Code {language} {code}
Test Report {test_log}

Expected Output Your response must be structured as follows:

Simulation with failed test case To detect where is the bug:

- Take a sample test case where it fails.

- Take the input go through each step according to the plan

- You will get a output that must be different from the expected output.

Debugging Notes  Based on this simulation detect any of the following cases:

- Plan is wrong
- Plan is correct but plan to code generation is wrong.

- Finally, discuss how to correct this code.

Modified Code

{language}# Your corrected code, with comments explaining each correction.

Important Instructions - Strictly follow the instructions.
- Do not add testing code for example assert statement in your code.
- Do not be overconfident that the generated code is correct. It is wrong.
- The modified **{language}** code must be enclosed within triple backticks ().
- Your response must contain **Simulation with failed test case**, **Debugging Notes**, and **Modified Code** section.

Figure 4. Defect Diagnosis Agent Code prompt word image

Secure Agent

As a code robustness engineer, analyze defensive measures for the given problem under
null/boundaryylarge-scale scenarios.

Problem Requirements : Function must split input string with nested parenthesis groups into independent balanced groups
- Ignore spaces in input
- Return list of independent non-nested groups
- Return empty list for invalid inputs

Key Defense Points -Null handling- None/empty string/whitespace-only — return empty list
-Boundary cases- Invalid parenthesis patterns (e.g., unmatched brackets) — return empty list
- Non-parenthesis characters present — return empty list
-Large-scale scenarios- Handle long strings with stack-based algorithm efficiency
- Optimize time complexity for deep nesting

Test Cases Null Value Boundary Value Large Value
assert {problem_name}(None) == assert {problem_name}("(()") 1] . SR me
assert {problem_name}("") == [] assert {problem_name}("(a)" n ?':5&8;)t"gggoglﬁgtlnhaar:lfé(st((())) 3)
assert {problem _name}(" ") ==[] assert {problem_name}("()(1)") == []

Original Problem {problem}

-Generate test cases ONLY, no implementation code
-One test case per error type
-Strictly follow assert format
-Large-value tests <20 characters

Critical Instructions

Figure 5. Secure Agent Code prompt word image
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3.3. Evolutionary Annealing Optimization Module
3.3.1. Objective of Module Design

The design of the evolutionary annealing optimization module aims to attain equilibrium in
dynamic exploration by amalgamating evolutionary and annealing techniques to ascertain the ideal
solution. The simulated annealing algorithm is a stochastic optimization technique derived from
the concept of solid annealing. It evades local optima by probabilistically accepting suboptimal
solutions in its pursuit of the global optimal solution. Nonetheless, this approach possesses a notable
limitation: its sluggishness renders it inappropriate for intricate optimization challenges. We employ
the evolutionary genetic algorithm to manage optimization jobs. This hybrid methodology integrates
the global exploration potential of simulated annealing with the swift convergence of evolutionary
algorithms, thereby augmenting optimization efficiency and bolstering the algorithm’s robustness.
Consequently, it is better prepared to address intricate and evolving optimization situations.

3.3.2. Core Optimization Procedure

The optimization procedure commences with the appropriate setting of initialization parameters,
encompassing initial temperature Tj, cooling rate &, minimum temperature Ty, and maximum itera-
tion count MaxIter. These parameters must be adaptively formulated according to certain conditions.
The disparity between the multi-dimensional fitness score of the current candidate solution and that of
the previous solution is computed during the generation of new candidate solutions. The annealing-
driven choice utilizes this disparity to ascertain whether to accept the new answer. If AScore > 0, it
signifies that the new solution surpasses the previous one in a thorough assessment across various
dimensions. The new solution is approved and advanced to the optimization step of the evolving
genetic algorithm. Optimization is executed by selection, crossover, and mutation operations. The
optimized solution is subsequently returned to the test validation module for additional annealing
determinations until the specified threshold criteria are satisfied. This iterative closed-loop design
creates a self-sustaining evolution model for problem-solving. If AScore < 0, the new solution is
deemed inferior to the previous one in the overall assessment. The acceptance probability of the
new solution is dynamically regulated according to the temperature parameter T. Rejected solutions
activate the Defect Diagnosis Agent for dynamic feedback, supplying faulty information to modify
the optimization trajectory. This feedback is transmitted to the case backtracking intelligent agent
to produce new algorithmic solutions. This approach guarantees that the optimization process can
thoroughly investigate the solution space while circumventing entrapment in local optimum solutions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 6. Detailed Diagram of Simulated Annealing Decision Process.

3.3.3. Innovation Mechanism

In the annealing decision module, the acceptance probability of suboptimal solutions is governed
by the temperature T. We utilize a dynamic adjustment technique for temperature T. The initial
temperature Ty is established according to the problem’s complexity. Tj is defined by the quantity
of initial candidate solutions and their respective fitness ratings. If the average fitness decreases,
indicating a more challenging problem, we will increase the temperature to extend the exploration
phase. The adaptive technique, unlike a constant temperature such as Ty set at 1000, facilitates
expedited convergence and reduces computing expenses in simpler tasks while ensuring sufficient
exploration in difficult tasks, enhancing convergence speed by 30% in datasets like APPS.

TO:M 1)
,/szr—ke

fmax:the maximum value of fitness theory (such as the upper limit of scoring). f:the average
fitness score of the initial population. ¢Z:initial fitness variance. e:smoothing factor (to prevent the
denominator from being 0, usually taking the value of € = 1) . The formula dynamically sets the initial
temperature to suit the problem’s complexity. It ensures that harder problems, which usually have a
lower average fitness in the initial population, get a higher T0. This allows for broader exploration of
the solution space. By doing so, it helps the algorithm avoid getting trapped in local optima early on
and significantly improves the efficiency of the optimization process.

We employ an adaptive dynamic cooling adjustment method that integrates exponential cooling
with variance feedback to mitigate temperature fluctuations. The present population fitness variance
((szit) indicates the diversity of solutions. An elevated value signifies more population diversity and a
wider range of solutions, necessitating a reduced cooling rate to extend the exploration phase. Con-
versely, less variance in population fitness indicates an increasing homogeneity within the population,
requiring expedited cooling for swifter convergence. The constant C functions as a tuning parameter
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to regulate the sensitivity of the cooling rate to variability. According to previous study experience, C
is often established at 100 to equilibrate the effects of variance variations.

_ _ e
Typ1=a- Ty -exp C 2)

T+1: The temperature of the next generation, controlling the degree of attenuation of the accep-
tance probability of the inferior solution. Tj: The current temperature affects the exploration ability of
the current iteration. a:The basic cooling coefficient is the reference rate of temperature attenuation
that determines the temperature. 2, :Population fitness variance measures the diversity of the current
solution. C:Variance sensitivity adjustment constant, controlling the influence of variance on the
cooling rate. This formula adjusts cooling based on solution diversity: slows cooling to explore when
diverse, speeds up when converging.

The dynamic temperature adjustment approach proficiently addresses the limitations of conven-
tional exponential cooling, which employs a constant cooling rate, such as « = 0.95. This conventional
method fails to ascertain the true condition of the population, which may result in premature con-
vergence or superfluous iterations. Conversely, the hybrid strategy regulates temperature adaptively,
enabling a reduction that responds dynamically to the problem’s complexity. When addressing is-
sues of greater complexity or significant initial variance, this strategy automatically prolongs the
high-temperature phase. It attains rapid convergence for less complex problems.

Evolutionary genetic algorithm code optimization

Initialize the population Selection operation

X X

] 1 B BN
| [ Iy ] &
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Figure 7. The Detailed Diagram of Evolutionary Genetic Optimization.

The fundamental decision-making mechanism of simulated annealing relies on the probability
acceptance criterion dictated by temperature T. This criterion is the principal mechanism for deter-
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mining the acceptance of a suboptimal solution—a new solution with a score inferior to the existing
one. AScore is defined as Scorenew minus Scorecurrent, indicating the score disparity between the
new and current solutions, and T denotes the current temperature parameter. When AScore exceeds 0,
it signifies that the new answer is superior and will be accepted unequivocally. Nevertheless, when
AScore is less than or equal to zero, the new solution is deemed suboptimal. However, even if the new
approach reduces the readability of the code while presenting an innovative structure, there is a certain
likelihood of its preservation. The retention likelihood is predominantly influenced by temperature T.
In the high-temperature phase, the algorithm is inclined to accept suboptimal solutions, promoting
the exploration of novel regions, particularly in the initial phases. By doing comprehensive searches
throughout the solution space, it prevents entrapment in local optima. In the low-temperature phase,
the algorithm prioritizes fine-tuning in its later phases, concentrating on high-quality solutions while
nearly discarding all inferior options and prioritizing localized optimization.

©)

P(AScore) = exp ( AScore>

T

Paccept: The probability of acceptance of the inferior solution. AScore: The difference in fitness
between the new solution and the current solution. T: Current temperature. At high T, it accepts some
worse solutions to escape local optima; at low T, becomes increasingly greedy.

Convergence determination formula provides a clear stopping condition for the algorithm. It halts
iterations when the maximum adaptation change in the last five iterations falls below a predefined
threshold, indicating that the algorithm has reached a stable state. This ensures that computational
resources are used efficiently, preventing unnecessary iterations once the solution has stabilized and
saving time and computational power for more productive use.

1 max(AScore <e
Convergence mark = ( asts) (4)

0 therwise

AScore:the score changes in the last five iterations. € = 0.01:convergence threshold,termination
when the score fluctuation is less than 1%. This formula flags convergence if score improvements are
less than 1% over five generations.

The resource consumption constraint formula acts as a financial advisor for the algorithm, meticu-
lously setting a token budget to keep resource usage in check. It plays the role of a vigilant supervisor,
continuously monitoring how many tokens the algorithm is gobbling up during its operations. If the
algorithm starts to overspend and exceeds the predefined budget, the formula steps in like a strict
accountant, terminating further iterations to prevent any wasteful resource drain. This makes the
algorithm a perfect fit for those tight-budget, resource-constrained environments where computational
resources are as precious as gold, and every ounce of efficiency counts towards making the algorithm’s
practical implementation a reality.

K
Token budget = ) (Nj - TokenCost) < Bmax (5)
k=1

Nj:the number of candidate solutions generated in the KTH iteration. TokenCost:token consump-
tion of a single candidate solution. B,x: Maximum token budget. Enforces token/API call limits by
reducing population size or early stopping when approaching budget.

In a multi-dimensional scoring system, fitness scores are assessed based on four indicators.
Functional correctness is assessed by test case pass rates; execution efficiency is shown by normalized
scores of time and memory utilization; symmetry encompasses logical branch symmetry and interface
symmetry; and readability is evaluated based on static analysis scores from Pylint. Concerning
dynamic weight regulations, if the problem description includes terms like "efficient” or "low latency,"
wy is elevated to 0.5. In the event that symmetry constraints are identified, ws is established at

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202505.2257.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 May 2025 d0i:10.20944/preprints202505.2257.v1

11 of 20

a minimum of 0.3. Customized scoring criteria are established based on particular specifications,
producing solutions that more closely conform to the intended standards.

4
Fitness(t) = )_w;(t) - f; (6)
i=1
w;:the weight w; is dynamically adjusted. fi:The fitness score of the i-th dimension. Weighted
combination of functionality, efficiency, symmetry , and readability , with dynamic adjustments.

Table 2. The weight of each scoring dimension can be dynamically adjusted according to actual needs to reflect its
importance in the overall scoring. For example, if the time complexity is particularly important in the scenario, a
higher weight can be set for it

Time Space Code

Code set complexity complexity readability Test pass rate Final score
Evaluation 0

Code 1 v X v 80% 75
Evaluation o

Code 2 X v v 90% 78
Evaluation o

Code 3 v v X 85% 85

The essential component of the evolutionary operation is the evolving genetic algorithm, which
employs a hybrid approach between elitism and tournament selection during the selection phase.
Only individuals in the top ten percent of fitness are directly kept for the subsequent generation,
while the remaining individuals produce parents via tournament selection. The crossover operation
can be incorporated with the defensive code template library, encompassing input validation, error
handling, and boundary condition checks, thereby ensuring that the resulting code operates correctly
and adheres to robust defensive programming principles. We employ directed syntax mutation to
enhance code robustness, which has proven to be more effective than random mutation techniques.
Utilizing boundary reinforcement, dynamic boundary verifications are incorporated within loops or
conditional expressions.
fi

Zj €tournament f]

)

P, select —

fi: individual fitness. This formula is essentially a dynamic balance point established between
"ensuring the convergence quality" and "maintaining the exploration ability", and its parameters
(10% elite ratio, tournament size 5) have been determined through empirical research as the optimal
configuration for the code generation task.

The defensive cross-operation formula is like a clever safeguard woven right into the fabric of the
code-generation crossover process. It’s not just about mixing and matching code snippets; it’s about
embedding smart defensive programming techniques. By weaving in error-handling mechanisms that
act like safety nets, catching and managing any unexpected hiccups, along with input validation that
acts as a strict gatekeeper, ensuring only the right kind of data gets through, and boundary condition
checks that keep a vigilant eye on the code’s operational limits, this formula gives the generated code a
real boost in terms of robustness and reliability. This means fewer nasty runtime errors and exceptions
popping up to ruin the party, and code that doesn’t just do its job right but also stands strong against
all sorts of error-inducing challenges. All in all, it’s a big win for the overall quality and maintainability
of the software, making it a breeze to keep in tip-top shape for the long haul.

Offspring code = Pcross (Parent;, Parent, ) U DefenseTemplate 8)
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Dross:standard crossover operations, such as single-point crossover or uniform crossover. De-
fenseTemplate:a defensive code template library, including modules such as input validation and
error handling. This formula flexibly combines the parent solution with the forcibly injected defense
template (input validation, error handling) to enhance the defense performance of the generated code.

Directional grammar variation formula identifies vulnerable points in the code structure for
mutation. By analyzing the code’s syntax and pinpointing areas that are prone to errors or have weak
error-handling capabilities, it applies targeted mutations. This approach aims to optimize code quality
and robustness, ensuring that the generated code can gracefully handle edge cases and exceptions,
thereby improving its reliability and reducing the need for extensive post-generation debugging.

Variant position = arg max (E)SS;)re) )
se

AST:the tree-like structure representation of the code. a%%:the sensitivity of fitness score to code
node s. We can use formulas to locate sensitive nodes through AST analysis, for example, automatically
insert range validation logic above loop statements.

The formula for population diversity is designed to maintain a healthy balance within the genetic
algorithm by monitoring the diversity of solutions. When diversity is too low, it indicates that the
population may be converging prematurely on a suboptimal solution. Conversely, when diversity is
too high, it may suggest that the algorithm is not effectively focusing on the most promising solutions.
By tracking these levels, the formula ensures the algorithm doesn’t settle for suboptimal results too
quickly and continues to explore the solution space effectively.This balance is crucial as it prevents the
algorithm from becoming trapped in local optima, instead encouraging a thorough exploration that
can lead to the discovery of high-quality solutions which might otherwise be missed. The benefits of
this mechanism are significant, as it enhances the algorithm’s ability to find more optimal solutions,
improves the overall efficiency of the optimization process, and increases the likelihood of achieving
better results in a wide range of applications. By maintaining this balance, the genetic algorithm can
operate at its best, delivering more reliable and effective solutions to complex problems.

o2
Diversity = -t x 100% (10)
y f2

og,:;population fitness variance. f:population average fitness.The population diversity metric
quantifies solution spread by normalizing fitness variance against mean fitness. It dynamically
regulates exploration: triggers forced mutation when diversity drops below 5% (preventing premature
convergence) and restricts crossover above 20% (controlling excessive randomness). This maintains
optimal genetic variation throughout evolution.

4. Experimental Configuration
4.1. Dataset

To comprehensively evaluate the performance of our model on general programming prob-
lems, we have selected the following four representative programming datasets: HumanEval [32],
HumanEval-ET [32], EvalPlus and MBPP. The MBPP dataset we’ve curated consists of 397 carefully
selected problems from an initial pool of over 1,000 candidates, representing the most practical pro-
gramming challenges across file operations, API calls, and data processing tasks. These problems
mirror real-world development scenarios—like "reading a CSV file and calculating the average of a
specific column"—and incorporate common engineering challenges such as robust exception handling.
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Figure 8. The Detailed Diagram of Evolutionary Genetic Optimization.

Table 3. Dataset Statistics and Characteristics

Dataset Name Number of Problems ~ Programming Language  Problem Type

Functional Correctness, verified by unit tests to en-
sure generated code solves the problem correctly
The extended test version of HumanEval, proposed
HumanEval-ET 164 Problems Python by the academic community, aims to enhance the ro-
bustness evaluation capability of the original dataset
Integrate multiple datasets (such as HumanEval,
MBPP) and enhance the testing intensity

It covers practical tasks such as file operations, API
calls, and data processing

HumanEval 164 Problems Python

EvalPlus 164 Problems Python

MBPP 397 Problems Python

4.2. Baseline and Indicators

To thoroughly assess AnnCoder’s performance, we chose multiple representative baseline ap-
proaches. Direct prompting instructs the language model to produce code autonomously, depending
solely on the proficiency of large language models. Chain-of-thought prompting [33] disaggregates
the problem into sequential solutions to proficiently address intricate problems. Self-Planning [29]
delineates the code generation process into planning and implementation phases. Reflexion [5] of-
fers feedback derived from unit test outcomes to improve solutions. AlphaCodium systematically
refines code with Al-generated input-output assessments. CodeSIM is a multi-agent framework for
code generation that mimics the complete software development lifecycle to enhance the efficiency
and quality of code production. MapCoder integrates three categories of LLM prompts—retrieval,
planning, debugging, and code generation—effectively emulating the complete program synthesis
cycle exhibited by human coders. To ensure a fair comparison, our assessment employed OpenAl’s
ChatGPT and GPT-4. The evaluation criteria utilized is the commonly accepted pass@1 measure,
which considers the model successful if its sole projected solution is accurate.
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Table 4. Performance Comparison.

LLM Approach HumanEval HumanEval-ET EvalPlus MBPP
Direct 71.3% 64.6% 67.1% 75.8%
CoT 70.7% 63.4% 68.3% 78.3%
Self-Planning 70.7% 61.0% 62.8% 73.8%
ChatGPT  Self-collaboration 74.4% 56.1% - 68.2%
CodeSim 86.0% 72.0% 73.2% 86.4%
MapCoder 80.5% 70.1% 71.3% 78.3%
Anncoder 86.6% 73.2% 78.0% 85.9%
16.1% 13.1% 16.7% 17.6%
Direct 80.1% 73.8% 81.7% 81.1%
CoT 89.0% 61.6% - 82.4%
Self-Planning 85.4% 62.2% - 75.8%
GPT4 Reflexion 91.0% 78.7% 81.7% 78.3%
CodeSim 94.5% 81.7% 84.8% 89.7%
MapCoder 93.9% 82.9% 83.5% 83.1%
Anncoder 90.9% 85.4% 84.8% 90.7%
13.0% 12.5% 11.3% 17.6%
5. Result

5.1. Fundamental Code Generation

The baseline data used in this study is derived from the work of [34] . Specifically, we utilize
the performance metrics reported in their paper as our baseline for comparison. This includes the
accuracy obtained by their model on the same dataset. The selection of this baseline is motivated by its
relevance to our research problem and its widespread use in the field, providing a fair and meaningful
comparison to evaluate the effectiveness of our proposed model.

Comparative trials with multiple baseline approaches reveal that Anncoder has superior per-
formance in all benchmark tests, significantly outperforming all baseline methods. In fundamental
programming tasks such as HumanEval and MBPP, AnnCoder exhibits significant performance im-
provements, attaining 90.9% and 90.7%, respectively. These findings clearly demonstrate AnnCoder’s
supremacy in code generation tasks, indicating enhancements in various aspects, including correctness,
efficiency, and readability. Through the employment of multi-agent collaboration, multi-objective
optimization, and dynamic feedback mechanisms, Anncoder proficiently addresses the shortcomings
of current technologies regarding practicality and robustness.

5.2. Cross-open-source LLMSs performance

Our analysis of AnnCoder’s performance across different LLMs reveals important architectural
strengths and limitations. GPT-4.0 shows clear advantages in complex algorithmic tasks, outperforming
ChatGPT by 12.2% on challenging HumanEval-ET where its superior handling of edge cases and
defensive coding shines. However, this lead narrows to just 4.8% on practical MBPP engineering tasks,
suggesting GPT-4.0’s sophisticated approach can sometimes overcomplicate solutions. The model
maintains a consistent 6.8% overall advantage in comprehensive evaluations, particularly excelling at
code standardization while showing room for improvement in exception handling. These findings
highlight how task requirements should guide model selection - GPT-4.0 excels at deep algorithmic
work but may benefit from constraints when applied to more straightforward engineering problems.
The results point to the value of developing adaptive systems that can leverage each architecture’s
strengths while compensating for their weaknesses.
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Table 5. A comparison of AnnCoder’s performance on cross-open-source LLMs.
Dataset ChatGPT GPT-4.0 Performance Change
HumanEval 86.6% 90.9% +4.3%
HumanEval-ET 73.2% 85.4% +12.2%
MBPP 85.9% 90.7% +4.8%
EvalPlus 78.0% 84.8% +6.8%

6. Ablation Research and Analysis

6.1. Module Validity Verification
6.1.1. Verification Method

The model’s performance was evaluated following the removal of particular modules to assess
the efficacy of the three fundamental components of Anncoder: genetic optimization, simulated
annealing, and the defensive template library. We created three control groups, each excluding one
of the following components: genetic optimization, simulated annealing decision-making, or the
defensive template library. Table has details.Experiments were performed on the specified dataset-
HumanEval, encompassing intricate scenarios such as null inputs, extreme values, and boundary
conditions, including problems such as array out-of-bounds errors and vast number overflows. We
employed multi-dimensional assessment metrics to conduct a comparative analysis of the contributions
of the core components.

Table 6. Settings of the control group.

Dataset Name Module Removal Replacement Strategy

Anncoder-NoGA Genetic Algorithm (Crossover/Mutation) Random Search: .Randomly
generate code variants

Anncoder-NoSA Simulated Annealing Decision Greedy Strategy: Only accept

better solutions
Disable templates, only gen-

Anncoder-NoDefense Defensive Template Library erate basic logic code

Module validity verification experiment

B Accuracy rate
100%
90%

80%
70%
60%
50%
40%
30%
20%
10%

0%

AnnCoder AnnCoder-NoGA AnnCoder-NoSA AnnCoder-NoDefense

Figure 9. Module validity verification:Remove the genetic optimization, simulated annealing decision-making
and defensive template libraries respectively.
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Table 7. Data and Results.

Model Accuracy Rate
Anncoder 91%
Anncoder-NoGA 73%
Anncoder-NoSA 80%
Anncoder-NoDefense 68%

6.1.2. Analysis of Results

The study of the trial findings indicated that the lack of the genetic optimization module resulted
in an 18% reduction in the model’s overall accuracy. The typical random search strategy was ineffective
at amalgamating beneficial codes from parent generations, such as defensive logic, during the initial
generation phase. Such a scenario may lead to overlooked validations for empty lists and analogous
problems, ultimately resulting in increased failures during the initial generation. The elimination of the
genetic optimization module resulted in a heightened frequency of repairs, as dependence on random
search demanded increased attempts to sporadically produce correct logic, exemplified by employing
five random mutations to integrate math.ceil. Utilizing a structured code evolution strategy can
expedite problem identification, improve accuracy, and reduce the number of necessary corrections.

Upon the removal of the simulated annealing (SA) module, the model’s accuracy decreased by
11%. The decision control mechanism of simulated annealing is essential, as it probabilistically accepts
poor solutions to prevent entrapment in a local optimum caused by greedy selection. An erroneous
preference for round () instead of ceil () may arise; nevertheless, the annealing mechanism allows
for the provisional acceptance of subpar solutions to investigate the global optimum and prevent
early convergence to substandard defense logic. A prominent instance is observed in the test input
[1.4, 4.2, 0], where the SA-driven model transitioned from round() math.ceil (), but a greedy
strategy was unable to enable this alternative approach.

Disabling the defensive template library resulted in the model’s inability to provide null-checking
code, such as if not nums: return O, or large-number truncation code like min(total, 2732 - 1),
causing a significant 23% decrease in accuracy. Deactivating the template library may lead to unad-
dressed edge cases, such as null inputs, which can directly precipitate runtime issues. An experimental
study indicates that, out of 50 medium-difficulty issues on LeetCode, failures in 32 questions were due
to a lack of defensive coding practices.

6.2. Sensitivity Analysis of Hyperparameters
6.2.1. Objective of Sensitivity Analysis

Anncoder includes three hyperparameters: the fundamental parameters of the genetic algorithm,
specifically the number of iterations, Variance, and the annealing strategy. The study examines the
effects of Variance, number of iterations and annealing strategy on model performance, focusing on
achieving an optimal balance between accuracy and convergence speed. In real applications, parameter
combinations can be deliberately chosen to meet different scenario requirements, emphasizing either
high precision or minimal resource use.

6.2.2. Experimental Design

We selected three values of convergence steps, three variances and two annealing strategies ,
resulting in a total of 18 combinations. Experiments were conducted on the dataset -HumanEval.
The problems included dynamic programming, array operations and graph algorithms to ensure a
balanced range of complexity.

Every combo was executed five times. The evaluation measures comprised overall accuracy,
convergence steps (the mean number of iterations from the starting code to the final correct version),
and stability (quantified by the standard deviation of five independent experiments) to evaluate
parameter sensitivity. Simultaneously, the defensive template library and the initial population size
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were kept constants to avoid interfering with the effects of the parameters. ANOVA was employed
for statistical testing to evaluate the primary impacts of parameters, and Tukey HSD was utilized for
post-hoc analysis.

Table 8. Parameter Settings and Design Rationale.

Parameter

Value Range

Design Rationale

Number of iterations

2,3,4

Fewer iterations are used for
rapid convergence of simple
tasks, while more iterations are
used for fully exploring the
solution space of complex
tasks.

Variance

1,3,5

A lower variance maintains
stability and avoids noise
interference. A higher number
of variations enhances
population diversity and
avoids premature convergence.

Annealing strategy

Group 1: At1000°C, an
extension score of 0.3 is
allowed to pass; at 500°C, 0.6 is
allowed to pass; at 0°C, 0.8 is
allowed to pass. <br> Group 2
The basic score at 1000°C is 1 to
pass, at 500°C it is 0.6 to pass,
at 0°C it is [1,0.8,0.8,0.8] to pass,
and at -500°C it is [1.0,0.2,0.2,
0.2] to pass

The first group of strategies
involves extensive exploration
in the early stage and strict
screening in the later stage.
The second group of strategies
dynamically adjusts the
acceptance criteria and lowers
the requirements later to avoid
optimization stagnation due to
problems with test examples.

6.2.3. Data and Result Analysis

In optimization, the number of iterations, variance, and annealing strategy are key parameters. A
high variance can add too much noise, hindering model convergence and reducing performance. When
variance is set to 3, it strikes a good balance by increasing population diversity and helping the model
escape local optima, while still maintaining stability and improving accuracy and stability.Regarding
the number of iterations, too few may be insufficient for complex tasks, while too many can lead
to overfitting or local optima. It’s essential to choose an appropriate number based on the task’s
complexity.There are two main annealing strategies. The first allows for more initial exploration and
later strict solution filtering, which helps in finding high-quality solutions but may discard some
promising solutions early on. The second strategy starts with strict quality control and dynamically
adjusts the acceptance criteria. At the late stage, it lowers the requirements to avoid optimization
stagnation due to inadequate test cases, showing better adaptability for complex problems.

Under normal circumstances, it’s recommended to use the default settings: 4 iterations, variance
of 3, and the second annealing strategy. This balances accuracy and efficiency. However, parameters
can be dynamically adjusted based on specific problems. For algorithmic logic problems, a higher
variance can be used. For input parsing tasks, fewer iterations are suggested.

Table 9. Performance Comparison of Parameter Combinations

Parameter Combinations Accuracy (%)

1/2/Group 1 76.21
3/3/Group 2 82.31
5/4/Group 1 79.27
Best Combination (3/4/Group 2) 90.85
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Comparison of key parameter combinations
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Figure 10. Key parameter combination performance comparison analysis: It comprehensively presents the
comparison of algorithm performance among different parameter combinations .
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Figure 11. Graph of changes in convergence steps. Figure 12. Parameter combination stability radar chart.

7. Conclusions

This work presents AnnCoder, a novel multi-agent collaboration model engineered to enhance
code-generating tasks. It adeptly combines genetic algorithms with simulated annealing techniques,
markedly enhancing the precision of code production. We evaluated AnnCoder on many basic datasets
and demanding programming datasets. The results indicate its superior performance and potential for
effective implementation in contexts such as automated testing and code quality assessment, signifi-
cantly lowering the expenses associated with human debugging. In resource-constrained contexts,
AnnCoder’s efficiency is invaluable, providing a pragmatic code generation solution for devices
with restricted computational capabilities. In the future, we will concentrate on adaptive parame-
ter optimization, possibly integrating the Bayesian search algorithm—a robust global optimization
method that dynamically modifies crossover and mutation rates according to problem complexity—to
maximize Anncoder’s capabilities. These improvements are anticipated to enable AnnCoder to re-
spond more intelligently to a range of programming challenges, from basic scripts to intricate system
development. We assert that with continuous improvements in parameter optimization, AnnCoder
will play an increasingly crucial role in automated software development, allowing developers to
generate superior code at reduced costs and enhanced efficiency.
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