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Abstract

Large Language Models (LLMs) have shown
remarkable capabilities in automating code gen-
eration. Recent approaches that incorporate
feedback refinement mechanisms into the gen-
eration process have further enhanced software
generation quality. However, these methods
can be characterized as single-path approaches,
which suffer from insufficient exploration of
the vast solution space, often causing even the
most powerful models to get stuck in local op-
tima and struggle to generate the desired soft-
ware. Some other works use Monte Carlo Tree
Search (MCTS) to explore multiple paths for
finding the best solution; yet, MCTS can be ex-
tremely inefficient in practice. To this end, we
propose SeDeyv, a novel LLM-driven code gen-
eration framework that efficiently finds high-
quality solutions in only a few iterations. The
core idea of SeDev is to gradually explore se-
mantically adjacent solutions through struc-
tured prompt guidance and feedback on pre-
vious trials, while using unit tests to evalu-
ate the quality of exploration. To distill the
exploration experience, SeDev incorporates a
feedback synthesis module that translates unit
test results within exploration into comprehen-
sive suggestions. We construct a challenging
software benchmark FSD-Bench++, along with
two open datasets to evaluate. Experimental re-
sults show that SeDev outperforms baselines
while maintaining reasonable time and compu-
tational costs. Code is available here.

1 Introduction

Large Language Models (LLMs) have emerged as
powerful tools for code generation and have be-
come increasingly valuable for human developers
(OpenAl, 2022; Microsoft, 2023). While LLMs
demonstrate strong performance in function-level
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code generation, they perform poorly in software-
level development, where dependencies across
multiple modules are often highly complicated
(Wong et al., 2011). To address this limitation,
recent studies have proposed several LLM-driven
multi-agent frameworks that simulate human de-
velopment workflows through task decomposition
(Dong et al., 2024; Hong et al., 2024; Hu et al.,
2024). Benefiting from the rapid generation and
communication capabilities of LLM agents, these
approaches are expected to tackle more complex
software-level code generation tasks.

Despite these advances, LLM-driven approaches
still suffer from a low success rates in generat-
ing correct software. The challenges are three-
fold. First, the solution space is extremely large, in-
volving diverse choices of programming languages,
data structures, software architectures, and even
function names (Li et al., 2023; Wang et al.,
2024b). Second, exploration is constrained by lim-
ited trials, as modern LLLMs often require tens of
minutes to generate software consisting of hun-
dreds of lines of code. Third, unlike human experts
who can readily diagnose issues from test results,
LLMs struggle to refine code due to insufficient
prior knowledge for interpreting feedback. These
challenges highlight the need for efficient explo-
ration strategies that can approach high-quality so-
lutions under a limited exploration budget.

Existing work has proposed various methods
to guide LLM-based software generation. Early
frameworks such as ChatDev (Qian et al., 2023)
and MetaGPT (Hong et al., 2024) focus on de-
signing agent collaboration and communication
mechanisms between multiple agents to constrain
generation trajectories. Another line of work em-
phasizes iterative refinement based on feedback
signals. For example, CoCoGen aligns and fixes
errors using repository information and compiler
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feedback (Bi et al., 2024), while EvoMAC intro-
duces a self-evolution paradigm guided by unit
test feedback (Hu et al., 2024). However, these
approaches often lack explicit exploration mech-
anisms and can easily converge to local optima.
More recent studies adopt heuristic search meth-
ods such as Monte Carlo Tree Search (MCTYS) to
improve exploration (Zhang et al., 2023; Li et al.,
2024), but such search-based methods become in-
creasingly inefficient as task complexity grows.

In this work, we propose SeDev, a novel LLM-
driven code generation framework that particularly
focuses on exploration over the vast solution space.
Compared with existing iterative frameworks that
implicitly explore the solution space by leverag-
ing LLMSs’ intrinsic randomness, which tends to
be either overly conservative or prone to exces-
sive deviation, SeDev enhances the exploration pro-
cess by designing an iterative exploration strategy
that jointly considers structural prompting and se-
mantic proximity. Unlike prior approaches with
fixed instructions, SeDev treats instructions as ex-
ploration variables via meta-prompt—a structured
task-agnostic template that can be instantiated into
varied prompts to guide exploration. However, ex-
ploration with structured prompts is still limited
by the very large solution space. To further im-
prove the efficiency, SeDev incorporates a unit test
module and a feedback synthesis module, which
translate the raw unit test results into specific sug-
gestions for the next round of exploration. For ex-
ample, the feedback synthesis module may suggest
to change the programming language to python if
the task relates to machine learning. Intuitively,
such feedback facilitates the evolution of the explo-
ration process by suggesting the semantically adja-
cent paths to explore. As the exploration-feedback
process repeats, the vast solution space will be grad-
ually explored. Our contributions can be summa-
rized as follows:

* We propose SeDev, a novel LLM-driven multi-
agent code generation framework that explic-
itly focuses on efficient exploration over large
solution spaces, enabling software generation
within a small number of iterations.

» SeDev integrates structured prompt construc-
tion with a comprehensive feedback synthe-
sis module, embedding software development
logic and guiding exploration toward semanti-
cally adjacent solutions.

¢ We construct FSD-Bench++, an extended ver-
sion of the FSD-bench, by adding more com-
prehensive and refined test cases to better eval-
uate the framework’s code generation capabil-
ity. Experiments on FSD-Bench++ and two
public benchmarks demonstrate that SeDev
consistently outperforms strong baselines.

2 Related Work

Direct Code Generation LLMs have achieved
remarkable success in direct generation across
many domains (Wei et al., 2022; Cahyawijaya
et al., 2024; Kojima et al., 2022; Yuan et al., 2026,
2025a). Benefiting from massive pretraining cor-
pora, LLMs have also demonstrated strong capabil-
ities in code generation. Codex achieves a 28.8%
success rate on programming problems, and its
derivative Copilot has been widely adopted by de-
velopers (Chen et al., 2021a; Microsoft, 2023).
Similar progress has been reported by Incoder
(Fried et al., 2023), CodeRL (Lea et al., 2022),
Code Llama (Roziere et al., 2023), and Chat-
GPT (OpenAl, 2022). However, these approaches
mainly focus only on the code generation ability of
a single LLM, and struggle with complex software-
level tasks. To address this limitation, recent works
propose multi-agent frameworks that emphasize
collaboration among LLMs. For example, Self-
Collaboration assigns different roles to LLMs to
collaboratively solve subtasks (Dong et al., 2024),
while MetaGPT introduces a standardized software
development pipeline with multiple agents follow-
ing a linear workflow (Hong et al., 2024). Never-
theless, these approaches largely follow a Waterfall-
style process (Bassil, 2012), lacking mechanisms
to refine intermediate results, which often leads
to difficulties in error correction and low success
rates.

Feedback-Enhanced Code Generation To
overcome the limitations of direct generation, sev-
eral works incorporate feedback to iteratively im-
prove code quality. ChatDeyv introduces a test agent
to verify executability (Qian et al., 2023), while
CompCoder leverages compiler feedback to ensure
compilability (Wang et al., 2022). AgentCoder fur-
ther integrates iterative unit test and optimization in
a multi-agent framework (Huang et al., 2023). Evo-
MAC proposes a self-evolving paradigm in which
unit test feedback is used to refine the generation
process, analogous to backpropagation in neural
networks (Hu et al., 2024). In addition, recent
studies employ Process Reward Models (PRMs)
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during training to enhance reasoning ability, which
also benefits code generation (Lightman et al.,
2023; Dai et al., 2024; Wang et al., 2024a). Despite
improving solution quality, these feedback-driven
methods often converge to local optima due to the
absence of explicit exploration strategies.
Exploratory Code Generation Exploratory
code generation explicitly introduces diversity into
the generation process to explore a broader solution
space. MapCoder generates multiple code plans
with confidence scores and selects final code based
on ranked plans (Islam et al., 2024). StepCoder
focuses on code completion by applying reinforce-
ment learning to incrementally generate full pro-
grams (Dou et al., 2024), while PG-TD incorpo-
rates planning algorithms into Transformer decod-
ing to guide program generation (Zhang et al.,
2023). Another line of work adopts Monte Carlo
Tree Search (MCTYS) to search for better solutions,
including SWE-Search (Antoniades et al., 2024),
SRA-MCTS (Xu et al., 2024), and MCTS-SQL
(Yuan et al., 2025b). For example, RethinkMCTS
performs thought-level search before code genera-
tion to explore solutions (Li et al., 2024). Although
MCTS-based methods explicitly explore the solu-
tion space, they often suffer from low efficiency
due to extensive rollouts and backpropagation.

3 Methodology

Motivation: In real-world software development,
human developers usually follow certain develop-
ment methodologies with experience-guided explo-
ration to accomplish tasks. Human developers may
come up with some ideas, write the code, test it
and repeat the process multiple times until finally
solving the problem. Motivated by this, SeDev
is designed to emulate experience-guided explo-
ration and iterative, feedback driven development
methodologies within a deliberate framework.

Overview: Generally, SeDev consists of three mod-
ules: a parallel exploration module, a unit test mod-
ule and a feedback synthesis module, as shown in
Figure 1. These modules run automatically and
continually find better solutions to the given tasks.

3.1 Parallel Exploration Module

The framework is initialized with a Product Re-
quirement Document (PRD), aims to generates exe-
cutable software that satisfies the PRD. We adopt a
step-by-step, requirement-driven workflow, where
we first perform architectural analysis based on the

requirements, then design the code plan, and finally
generate the source code. The above process con-
stitutes an exploration path, and is carried out by
three agents. Detailed descriptions of each agent
are as follows. The parallel exploration module can
simultaneously initiate multiple paths, generating
more solutions to improve exploration effiency.
Architect. The Architect agent evaluates the PRD
to outline the software’s overall architecture, tech-
nology stack, class design, and user interface.
These design can be transformed into Unified Mod-
eling Language diagrams using tools (Knut, 2014).
Project Manager. The Project Manager organizes
a code plan (depicted as a list of files to generate)
based on the PRD and the architecture. This agent
also aligns each requirement in the PRD with the
relevant files in the code plan to ensure all require-
ments are considered.

Programmer. The Programmer agent produces
code with the architecture diagram and the code
plan created by the preceding agents. Through task
decomposition, the Programmer agent is able to
tackle complex tasks, aided by scheduling during
the development process.

3.2 Meta-prompt based Structured
Prompting

We begin by briefly reviewing existing exploration
paradigms to motivate our structured prompting de-
sign. Figure 2 compares three representative explo-
ration strategies. Temperature-based exploration
relies on the intrinsic randomness of LLMs to gen-
erate diverse outputs, controlled by a single temper-
ature parameter. While simple to implement, such
unguided randomness rarely yields high-quality
solutions. Monte Carlo Tree Search (MCTS) ex-
plores multiple generation paths through simulation
and backtracking. However, MCTS is often inef-
ficient in semantic solution spaces due to the high
dimensionality and sparse rewards of language and
code generation. Moreover, MCTS relies heavily
on execution-based feedback, limiting meaning-
ful exploration before execution and resulting in
substantial computational overhead.

SeDev performs exploration through a structured
prompting paradigm. A prompt is decomposed into
three core components: Input, Instruction, and Out-
put. The Input provides task context, the Instruc-
tion specifies goals, methodologies, and constraints,
and the Output defines the expected format of de-
liverables. Most existing approaches rely on fixed
prompts tailored to specific tasks. As task complex-
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Figure 1: The overall framework of SeDev. At each iteration, the parallel exploration module generates multiple pieces of code,
which will go through the unit test module independently. The feedback synthesis module then synthesizes the unit test results
into specific improvement suggestions for each agent in the next round of exploration. The above process will repeat multiple
times until a solution passes the unit test or the maximum number of iterations reached.
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ity increases, such simple and rigid prompt designs
struggle to capture nuanced requirements, limiting
their effectiveness for exploration.

To address this limitation, SeDev introduces a
meta-prompt to construct structured prompt used
for exploration. A meta-prompt begins as a task-
agnostic template: the input and output fields are
placeholders, while the instruction part initially
contains only a descriptive definition—clarifying
what constitutes a valid instruction, including its
essential elements, rather than prescribing concrete
goals, methodologies, or constraints. This design
enables the meta-prompt to be later instantiated

into task-specific prompts during exploration.

Upon receiving a real task, the 10 placeholders
of the meta-prompt are filled with the task’s con-
crete input and output. Then, we prompt the LLM
to generate task-specific prompts by transforming
the instruction component to practical instruction
based on the provided input and output. We in-
crease the LLM’s temperature during this stage
to encourage diversity. Finally, the task-specific
prompts are used to prompt the LL.M to generate
the desired outcome for the task. Compared to
fixed prompts that remain unchanged across mul-
tiple generations, this meta-prompt—enabled struc-
tured prompting allows the instruction component
to be explored and to serve as the core driver of the
exploration process, enabling more effective explo-
ration. Figure 3 presents a concrete example. The
upper part shows the initialized meta-prompt after
incorporating the input and output specifications
for a python task, while the lower part shows the
final prompt obtained by replacing the instruction
component with a task-specific instruction.

Note that the meta-prompt itself is a general,
task-agnostic template and can be applied at any
stage of the framework. In our implementation,
however, only the Architect and Project Manager
agent leverage this structured prompting for explo-
ration; the Programmer agent directly generates
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Meta-prompt
You are a software engineering prompt designer. Fill a prompt
to guide an Al in developing a Python number-guessing game.

Input: The workflow contexts provided to the agent.
[ Requirements Documentation ] [ Technical Context ]
Instruction: the goals and methodologies. You should generate good
instruction for LLM, a good instruction should:
* Contain core objectives for LLM to generate.
* Describe the mapping from input to output
 Consider quality attributes (scalability, reliability)
* Aligned with the specific task
* Identify key abstractions (Bounded Contexts, DDD patterns)
Output: The content and formatting specifications.
[ Architecture Design Document ] [ Architecture Validation Plan ]
Specific Task ‘
Task-specific Prompt
Develop a Python number-guessing game adhering to SE practices.
Input
[ Requirements Documentation ] [ Technical Context ]
Instruction
Implementation Methodologies:
a) Modularization: Create separate functions for :
- Game initialization - Input handling
- Feedback calculation - Ul display(ASCII art) ‘*—\_j
b) Follow Defensive Programming: Validate numeric inputs
- Handle out-of-range values
¢) Make a State Management:
- Track remaining attempts - Record guess history
Output
[ Architecture Design Document ] [ Architecture Validation Plan ]

Figure 3: An example of meta-prompt and task-specific
prompt. Meta-prompt consists of 3 components: in-
put, instruction, and output. Input refers to the context
provided to the agent; instruction specifies the problem
objectives and methodologies; output defines the ex-
pected content and formatting of the deliverables.

code using a fixed prompt, considering that code
generation is inherently a rigid process. More de-
tails about the diversity of generated prompts using
meta-prompt can be found in Appendix 8.

3.3 Unit Test Module

After parallel exploration, the unit test module eval-
uates the generated code against the required soft-
ware features specified in the PRD and provides
feedback. Prior work has shown that LLMs can
generate unit tests and testing code given task de-
scriptions (Li and Yuan, 2024; Liu et al., 2024;
Hu et al., 2024). Building on these insights, we
develop an automatic unit testing pipeline.

Our unit test module consists of three steps. First,
an LLM generates textual test cases from the PRD,
aiming to cover software features at the semantic
level. Second, the LLM combines the generated
textual test cases with the source code to produce
executable unit test code. Third, the test code is
executed in the terminal to obtain test results, in-
cluding pass/fail statistics and runtime errors.

During test code generation, we require the LLM
to produce assert-based tests that verify whether
key program variables exhibit expected transitions
before and after test execution. A test is considered

failed if the observed variable states deviate from
expected outcomes or if an exception occurs during
execution; otherwise, it is deemed successful.

3.4 Feedback Synthesis Module

The unit test results reveal defects in the generated
code, but raw test outcomes are not instructive for
LLM to refinement. To bridge this gap, we de-
velop a feedback synthesis module that generates
actionable improvement suggestions in two steps.

Analysis: For each exploration path, an LLM
takes the generated code and its unit test results,
systematically analyzes the outputs generated by
the three agents described in Section 3.1, identi-
fying which elements are associated with failing
test cases and which contribute to successful cases.
Analysis is repeated for every exploration path in
the current exploration round.

Conclusion: Another LLM synthesizes analysis
results from all paths into one piece of tailored,
actionable suggestions for the three agents. The
synthesis merges similar issues, filters infeasible
recommendations, and retains unique suggestions,
since diverse solutions may be valid for the same
feature. These suggestions will be included in struc-
tured prompt to guide subsequent exploration.

Test case 1 Test case 2

Pass AssertionError: X
/ View Note not found in 'Dashboard"

test_case_for_user_registration test_seript_view_notes_on_dashboard(self):
Input username and password for registration

Verify the user i redirected to the login page

#execute test after add_note(new note)
self.assertGreater(len(notes), 0, "No notes found on the dashboard.")

@app.route('re

er', methods={'GET", @app.route('/view_note/)
'POST')) def view_note(note._id):

def register(): note_manager.get_notes(
l Q Analysis

l Q Analysis

Potential improvement for each agent
seudocode
class UserManager: ” Problem: Potential issues with note retrieval when ttles are identical.
= ﬁle' Sy Guidance: Update the get_note, view_note, and note management logic.
selfusers file = I']s ers ﬁi 5 Problem: Task plan does not include implementations for functions
S L referenced in the view_note.html

self.users = load_users()

- Error: ‘View Note’ not found in Dashboard
- Analysis: it asserts that the title contains "View Note", but the title <[>

- Test_view_note_details:
currently shows "Dashboard”.

load_users() -> dict:

Figure 4: Different outcomes based on unit test results.

Figure 4 illustrates the analysis step for both
successful and failed code generation cases. For
successful code, the feedback synthesis module
converts the implementation related to a test case
into a pseudocode block, which serves as a refer-
ence for the next exploration round. Pseudocode
preserves the core logic while reducing token us-
age. When multiple paths succeed for the same
feature, only one pseudocode version is retained,
as successful designs require minimal guidance.
For failing code, the module examines the relevant
components, identifies causes of errors, and gen-
erates improvement suggestions based on the unit
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test results. Regarding the architecture and plan-
ning analysis, the LLM evaluates which elements
are sound and worth retaining, and which require
revision. Leveraging LLM reasoning, this process
effectively translates raw test outcomes into ac-
tionable guidance. In the conclusion step, another
LLM aggregates the analyses from all exploration
paths into a unified summary, which includes cus-
tomized improvement suggestions for each of the
three agents. These suggestions are integrated with
structured prompts in the next exploration round,
enabling evolutionary exploration of semantically
adjacent solutions and mimicking the reasoning
processes of human expert developers.

4 FSD-Bench++

Recent studies have proposed various benchmarks
to evaluate the software generation capability of
LLMs. Some benchmarks, such as SRDD (Qian
et al., 2023), SoftwareDev (Hong et al., 2024),
and 50days50projects (Zhang et al., 2025), mainly
rely on human judgment or LLM evaluation to as-
sess the quality of generated software. In contrast,
benchmarks such as FSD-Bench (Functionality-
driven Software Development Benchmark) (Liu
et al., 2025) and DevEval (Li et al., 2025) provide
a more objective and rigorous functionality-driven
evaluation by measuring whether the generated
software can pass predefined unit tests.

FSD-Bench covers three types of applications,
namely websites, desktop applications, and games.
For each task, it provides three main components: a
user requirements document, a test cases document,
and the corresponding unit testing pipeline. The
user requirements document specifies the software
description, required functionalities, technology
stack, and data storage, while the test cases docu-
ment serves as the basis for functionality evaluation.
Based on these materials, unit testing is conducted
to assess whether the generated software correctly
implements the required functionalities.

However, through our analysis, we find that al-
though FSD-Bench provides a useful foundation
for functionality-driven evaluation, its test cases
remain relatively loose for some tasks and do not
always sufficiently cover boundary-condition and
corner-case scenarios. As a result, implementations
that pass the original test suite may still fail in less
typical but practically important settings, which can
lead to an overestimation of functional complete-
ness. To improve the reliability of functionality

evaluation, we manually refine and extend FSD-
Bench and introduce FSD-Bench++. In particular,
we manually add new test cases to the original
benchmark, with a focus on boundary conditions
and corner-case scenarios that are insufficiently
covered by the original test suite. Specifically, com-
pared with the 1,195 test cases in FSD-Bench, FSD-
Bench++ contains 1,451 test cases, including 256
newly added cases for more comprehensive func-
tional verification. These additions help reduce
potential misjudgment in evaluation and provide a
more robust benchmark for functionality-oriented
software development. More details can be found
in Appendix A.3.

S Experiments

5.1 Experimental Settings

Baselines. We adopt GPT-40-Mini and Deepseek-
V3 as backbone models to support seven open-
source code generation methods, resulting in eight
evaluated baselines. GPT-Engineer (Osika., 2023)
is a single-agent method emphasizing robust under-
standing of task requirements. AutoGen (Wu et al.,
2023) provides a framework for creating Al agent
systems, facilitating the development of scalable
agent applications. MetaGPT (Hong et al., 2024)
assigns distinct roles to LLM agents and integrates
standardized procedures to ensure multi-agent col-
laboration, with agents generating solutions follow-
ing human-crafted instructions. ChatDev (Qian
et al., 2023) uses a chat chain and de-hallucination
techniques to guide autonomous, collaborative de-
velopment. EvoMAC (Hu et al., 2024) leverages
text-based feedback to iteratively refine generated
code; we reproduce it with minor prompt adjust-
ments due to lack of open-source release. Map-
Coder (Islam et al., 2024) employs four agents to
emulate human program synthesis stages: recalling
examples, planning, code generation, and debug-
ging. GIF-MCTS (Dainese et al., 2024) applies
MCTS to guide LLM code generation.

Datasets. We compare SeDev with eight baseline
methods on three datasets. The first dataset is Hu-
manEval, which comprises 164 Python function
completion tasks (Chen et al., 2021b), and it has
been widely used to evaluate the quality of gen-
erated code. The second dataset is DevEval (Li
et al., 2025), which comprises 22 curated reposito-
ries spanning Python, C/C++ and Java, with diverse
levels of complexity and multi-file project struc-
tures (Li et al., 2025). We focus on the Python
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tasks from DevEval and assess the quality of the
generated code using PyTest unit test tool.
FSD-Bench++: We develop Functionality-
driven Software Development benchmark (FSD-
Bench++) , which covers three main types of soft-
ware: website, desktop application and game de-
velopment. FSD-Bench++ contains 120 realistic
tasks, with 882 pieces of functional descriptions
and 1,451 test cases-averaging 12 test cases per
task-to comprehensively verify if the developed
software accomplishes the features. More details
can be found in the Appendix A.3.
Metrics. Experiments on HumanEval adopt the
pass@1 metric following existing works (Chen
et al., 2021b). For experiments on FSD-Bench++,
the executability metric calculates the percentage
of tasks whose code runs successfully in the com-
piling environment. To evaluate how the function-
alities in the PRD are implemented, we use metric
functional completeness (FC), which is calculated
as the ratio of fulfilled requirements to the total
number of requirements. Specifically, after gener-
ating the code, we use GPT-40 to produce unit test
code based on the pre-defined textual test cases in
the dataset. We manually inspected and validated a
subset of the generated test code to verify LLM’s
accuracy. We then execute these unit tests and
count the number of passed and failed test cases.
Once the evaluation for all tasks in the dataset is
completed, we obtain the total number of passed
test cases and divide it by the total number of test
cases. In addition, we report the total number of
tokens and time consumed during the entire gener-
ation process. For DevEval, we similarly employ
the functional completeness metric to assess per-
formance of all methods.
Implementation Details. For the feedback-
enhanced methods, we executed them 5 times of
feedback-refinement. We configured MapCoder
with 3 self-retrieved exemplars and allowed up to 5
debugging attempts, following the original settings
in the paper. For GIF-MCTS, the number of ex-
pansion nodes was limited to 15, distributed evenly
across its three action types. For SeDev, we set the
number of parallel exploration paths per round to
3 and the total number of exploration rounds to 5.
In each exploration round, we select the path that
passes the most unit tests among all explored paths
as the outcome of that round. The final output is
selected from the round that passes the most unit
tests. This enables our method to obtain the best
solution through explorations.

5.2 Overall Performance of SeDev

As shown in Table 1, SeDev generally outperforms
all baseline methods, which shows the superiority
of our methods. Specifically, we can see that the
feedback-enhanced methods such as EvoMAC per-
form better than direct generation methods. This
reveals that feedback mechanisms indeed bene-
fit the software code generation process. How-
ever, direct and feedback-enhanced methods gen-
erally perform worse than exploratory methods,
which demonstrates the importance of exploration
in software development tasks. Moreover, SeDev
outperforms the search-based method GIF-MCTS.
This justifies that our exploration strategy design
is much more efficient than MCTS. MapCoder is
another exploratory method where the generation
process samples multiple plans first and executes
them by their confidence scores. We can see that
although MapCoder enjoys less costs, it performs
much worse than SeDev. Therefore, we believe that
SeDev raises a reasonable computational cost for
achieving much better performance. More analysis
on the computational cost of SeDev is provided
in Section 5.4. As for the executability, SeDev
achieves the best results, benefiting from exploring
the wrong paths in the parallel exploration module
and the improvement suggestions generated by the
feedback synthesis module. In addition, we can
note that EVOMAC achieves 94.51% on the Hu-
manEval dataset, as we directly refer from its paper
(Hu et al., 2024). This result shows that simpler
tasks could be perfectly handled by an effective
feedback mechanism even without exploration, but
for more complex tasks in FSD-Bench++, the ex-
ploration mechanism is even more critical.

5.3 Convergence Analysis

In this section, we report the performance of SeDev
as it varied with the number of the exploration
rounds on FSD-Bench++. As shown in Figure 5,
the FC score of SeDev generally increases with the
number of exploration rounds. Notably, in the first
three rounds, each leads to a relatively significant
improvement in the FC score. By the fifth round,
the FC score begins to converge, and subsequent
explorations yield little to no further improvement
in FC score. These results demonstrate that the evo-
lutionary exploration strategy supported by struc-
tured prompt and feedback analysis can efficiently
discover better solutions than recent strong base-
lines with only a few exploration rounds.
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FSD-Bench++ DevEval | HumanEval
Model Paradigm Method FC (%) Exec. (%)
Website Desktop Game  Average FC (%) Pass@1
GPT-40-Mini 36.85 37.21 33.98 36.01 70.00 23.08 87.20
Direct GPT-Engineer | 24.28 39.01 29.13 36.76 | 55.83 5.13 88.41
AutoGen 34.12 41.70 27.83 3455 | 73.33 7.69 85.36
g MetaGPT 10.28 44.39 35.92 30.20 | 68.33 17.95 87.20
2. ChatDev 21.42 36.32 42.71 33.48 | 69.16 7.69 86.59
L Feedback-Enhanced
A EvoMAC 54.00 71.30 62.45 62.58 | 96.66 53.84 94.51
% MapCoder 38.28 39.46 37.54 38.42 | 80.00 17.95 90.85
GIF-MCTS 47.71 31.39 21.68 33.59 | 73.33 15.38 -
Exploratory
SeD 75.14 91.47 85.76 84.12 100 76.92 90.85
eDev
+39.14  +28.28 +37.32 +34.42 | +3.40 | +42.87
Deepseek-V3 53.42 24.21 40.12 39.25 | 76.67 17.95 -
Direct AutoGen 33.14 26.90 40.45 33.50 | 65.83 10.25 -
irec
MetaGPT 23.42 30.04 40.45 31.30 | 60.00 15.38 -
< ChatD 18.00 24.66 43.36 28.67 | 58.33 12.82 -
= Feedback-Enhanced atev
§ EvoMAC 77.42 74.88 67.63 73.31 92.50 64.10 -
‘% MapCoder 31.14 36.32 36.56 34.67 | 75.00 46.15 -
é’ GIF-MCTS 57.71 60.08 30.42 49.40 | 77.50 41.30 -
Exploratory
SeDe 80.57 75.33 69.90 75.27 100 71.79 -
v
+4.07 +0.60 +3.36 +2.67 | +8.10 | +12.00

Table 1: Comparison between SeDev and baselines. The paradigm indicates different categories of methods
explained in the related works. All the reported metrics are averaged across all tasks in the datasets. The best results
are in bold. Values with ’+’ represent the relative improvement in percentage, compared with the second-best results.
Note that GIF-MCTS can only run on dataset with unit test cases, therefore we did not test it on HumanEval.
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Figure 5: The FC score of each exploration round.

5.4 Computational Cost Analysis

Table 2 shows the time and token usage of all meth-
ods on FSD-Bench++ using GPT-40-Mini. Com-
pared to direct generation methods, exploratory and
feedback-enhanced methods involve finer-grained
steps to test and refinement, generally resulting in
higher time and token usage. Consequently, direct
generation methods underperform those with mul-
tiple iterations. SeDev shows relatively weak per-
formance in the first round, as it generates deliver-
ables per task without any feedback. As exploration
round increases, the framework gradually explores
the solution space more effectively, leading to im-

proved performance. In the second round (R=2),
SeDev already outperforms all baseline methods in
terms of FC score, while maintaining comparable
time and token consumption. Moreover, SeDev
with only one iteration outperforms GIF-MCTS in
terms of both FC score and computational costs.
This result highlights the exploration efficiency of
SeDev’s exploration strategy. In addition, we can
see that SeDev with two rounds of iterations signif-
icantly outperforms EvoMAC and MapCoder, both
of which run five rounds of iterations, showing that
the feedback synthesis module in SeDev can utilize
the unit test feedback more efficiently. Overall, as
the number of exploration rounds increases, the
performance of SeDev consistently improves, at
the cost of increased time and token consumption.
In practice, this trade-off can be flexibly managed
by adjusting the exploration budget.

5.5 Ablation Studies

To investigate the influence of structured prompt-
ing based on meta-prompt, we implement three
variants of SeDev by removing the meta-prompt
at different stages during parallel exploration and
replacing it with a fixed prompt. The variants are:
(A) Removing the meta-prompt in the architectural
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Method FC (%) Tokens Duration
GPT-40-Mini 36.01 1953 14.80
GPT-Engineer  36.76 5919 23.04
AutoGen 34.55 6345 24.55
MetaGPT 30.20 44122 67.58
ChatDev 33.48 39318 389.11
EvoMAC 62.58 25132 451.96
MapCoder 38.42 35311 300.82
GIF-MCTS 33.59 11520 1245.82
SeDev R=1 46.23 41155 260.82
SeDev R=2 7196 109518  685.27
SeDev R=3 78.43 184030  938.00
SeDev R=4 82.75 256307 1250.58
SeDev R=5 84.12 320360 1568.45
SeDev R=6 84.49 390162 1895.35

Table 2: Performance and computational cost compar-
isons between SeDev and baselines.

design. (B) Removing the meta-prompt in the code
planning. (C) Removing the meta-prompt from
both phases. We denote the original SeDev as vari-
ant (D). We randomly selected 15 tasks from the
website tasks of FSD-Bench++ to conduct ablation
study, and compared different variants to demon-
strate the effectiveness of the meta-prompt in the
exploration. Table 3 demonstrates that both (B)
and (C) exhibit a decline, with a clear decrease of
4.65% and 1.55% in terms of the FC score met-
ric. (A) shows the largest decrease in FC score,
with a drop of 6.98%. These findings suggest that
meta-prompt contributes meaningfully to the diver-
sity and effectiveness of the exploration process,
enabling more efficient exploration of the solution
space and enabling faster search for the optimal
solution. In contrast, fixed prompts tend to con-
strain the exploration process, resulting in highly
similar outputs, thereby limiting the efficiency of
exploration.

Variants Arch Plan FC (%)
A - - 71.31
B - v 73.64
C v - 76.74
D v v 78.29

Table 3: Ablation study result. The meta-prompt during
the exploration phase is alternately excluded.

6 Conclusions

LLM-driven methods have shown great potential
in software development tasks. However, in prac-
tice, users need to make a great effort in prompt
tuning in order to obtain the desired software. We
introduce a novel LLM-driven multi-agent frame-
work SeDev for automating the exploration pro-
cess in software development, so that to improve
the quality of solutions and reduce human labors.
SeDev consists of three modules for exploration,
which gradually explore the large solution space
and evolve automatically. To evaluate SeDev, we
construct the FSD-Bench++ that focus on evaluat-
ing code functional completeness. Benefiting from
the automatic exploration, SeDev significantly out-
performs eight baselines in the field of LLM-driven
software development at a moderate computational
cost.

Limitations

To support scalable evaluation, we employ LLMs
to generate executable test code and run scripts
for assessment, which may introduce evaluation
bias. While SeDev employs a novel exploration
strategy to explore semantically adjacent solutions,
it still lacks an explicit and controllable mecha-
nism to balance between exploration and exploita-
tion. Although reinforcement learning(RL) meth-
ods are good at balancing exploration and exploita-
tion, they often require thousands of iterations to
optimize a policy, which is too costly for software-
level code generation. In future works, we plan
to explore efficient RL methods that accelerate the
evolution of structured prompting. In the feedback
synthesis module, although increasing the num-
ber of exploration paths can improve exploration
efficiency, it also increases the burden for feed-
back module and cost. Future work will study the
relationship between exploration rounds and task
difficulty to design a more efficient exploration
framework.
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A Appendixes
A.1 Auto Unit Test

In section 3.3, We design an automated unit test
procedure. However, some datasets already include
unit tests for their PRDs. For datasets with prede-
fined test cases (e.g., DevEval), executing the orig-
inal test scripts often requires strict adherence to
specific method or class names. As our framework
does not enforce such constraints, we instead ex-
tract task descriptions from the provided tests and
manually integrate them into the PRD. We then
regenerate textual test cases and test code using our
pipeline, this allows us to maintain semantic equiv-
alence with the original datasets while ensuring
compatibility with our testing workflow.

During the experiments, we did not simply use
the LLM as a judge to directly evaluate the gen-
erated code. Instead, the LLM was employed to
simulate a testing engineer: given the existing soft-
ware code and the textual test cases, it generated
test scripts for the code. The final evaluation was
still based on the objective outcomes of executing
these unit tests. Previous work (e.g., EvoMAC) has
demonstrated the capability of LLMs to write test
code, which generally imposes lower requirements
on the LLM compared to directly generating func-
tional code. The purpose of LLM-generated test
scripts is to produce an automated testing work-
flow; for software with GUIs, this primarily in-
volves automating interactions such as click events,
which closely approximate manual human opera-
tions. Before conducting the experiments, we ran-
domly selected a few task and manually inspected
the generated test scripts to ensure they aligned
with human intuition. Although there are distance
from precise automated test, we consider the LLM-
generated test code a valid automated evaluation
method to quickly verify whether the generated
software implements the intended functionalities.

A.2 Implementation Detail

For all baselines, we set the temperature to 0.2 and
top-p to 1 for both GPT-40-mini and Deepseek-V3
during inference. Since SeDev involves exploration
during its structured prompt construction phase, we
set the temperature to 0.4 for model inference in
this specific phase; for all other generation phases,
SeDev uses the same settings as the baselines.

A.3 Benchmark Details

As introduced in Section 4, FSD-Bench++ is an
enhanced version of FSD-Bench with manually
refined and extended test cases for more reliable
functionality-oriented evaluation. It covers three
types of software development tasks: websites,
desktop applications, and games. In total, the
benchmark contains 120 tasks and 1,451 test cases.
Compared with the 1,195 test cases in the origi-
nal FSD-Bench, FSD-Bench++ includes 256 newly
added cases, mainly designed to improve the cov-
erage of boundary-condition and corner-case sce-
narios.

The relationship among tasks, functional descrip-
tions, and test cases is as follows: each task, which
typically corresponds to a software specification,
contains multiple functionalities, while test cases
are used to verify whether the generated software
correctly implements these functionalities. Since
a single functionality may involve multiple execu-
tion steps, multiple test cases may be required to
comprehensively validate it. As a result, the bench-
mark contains 882 functional descriptions in total,
with each functionality paired with one or more
corresponding test cases.

Our benchmark consists of the following three
parts:
Part 1: User Requirements. Same as FSD-Bench,
each task in FSD-bench++ is associated with a
user requirement document consisting of four key
components: Software Description, Core Features,
Programming Language (Technology Stack), and
Data Storage. The Software Description provides
an overview of the task and describes the expected
software. The Core Features section lists the func-
tionalities that the software is required to imple-
ment in the form of sub-points. The Program-
ming Language (Technology Stack) specifies the
high-level technical setting of the task, indicating
whether the target software is a website, desktop
application, or game. Finally, the Data Storage sec-
tion briefly describes how the software data should
be stored. To facilitate batch automated testing,
local files are adopted as a practical compromise.
Part 2: Test Cases. In FSD-bench++, each user
requirement document is paired with a correspond-
ing test case document. For each functionality, we
provide one or more test cases in a Step-Expected
format, where Step specifies the sequence of oper-
ations and Expected specifies the expected result
of those operations. Building on the original FSD-
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Bench, we manually refine and extend the test suite,
with particular emphasis on scenarios that were pre-
viously under-covered, especially boundary condi-
tions and corner cases. These refinements improve
the completeness and reliability of functionality
evaluation. We provide examples to illustrate addi-
tional cases introduced in FSD-bench++ as shown
in Figure 6 and 7.

Part 3: Unit Testing. After the code generation
task is completed, the generated codebase and the
corresponding test cases are provided to an LLM
(GPT-40) to generate unit test code. We then manu-
ally review and revise the generated unit tests to cor-
rect potential errors. The unit tests are generated on
a feature-by-feature basis, and multiple test cases
belonging to the same functionality are grouped
into the same unit test function. If a functionality is
not implemented by the generated software, the cor-
responding unit test function is written to directly
return failure. Finally, all unit tests are executed in
batch to evaluate the completeness of the software
with respect to its required core functionalities.

casel

# TestCases_NotepadPlus (FSD-bench)
Functionality 6. Offer Customizable
Themes
Step: Open Notepad Plus application.
Step: Navigate to the settings menu to
change the theme.

Expectation: The application interface

changes to the selected dark theme.

¥

# TestCases_NotepadPlus (FSD-bench++)

Functionality 6. Offer Customizable

~

Themes

Step: Open Notepad Plus application.

Step: Navigate to the settings menu to
change the theme.

Step: Select a dark theme from the
available options.

Expectation: The application interface
changes to the selected dark theme.

Step: Change the theme back to the default
light theme.

Expectation: The application interface

reverts to the default light theme.

Figure 6: Examplel of additional test cases introduced
in FSD-Bench++.

case2

# TestCases_CultuaralCalender (FSD-
bench)
Functionality 9. Local Data Storage
Step: Add a new cultural event to the local
storage.
Step: Refresh the Dashboard Page.
Expectation: The newly added event

appears in the list of upcoming cultural

events.
G
¥
~
# TestCases_ CultuaralCalender (FSD-
bench++)

Functionality 9. Local Data Storage
Step: Add a new cultural event to the local
storage.

Step: Refresh the Dashboard Page.
Expectation: The newly added event
appears in the list of upcoming cultural
events.

Step: Remove an event from the local
storage.

Step: Refresh the Dashboard Page.
Expectation: The removed event no longer

appears in the list of upcoming cultural

events.
-

Figure 7: Example2 of additional test cases introduced
in FSD-Bench++.
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A.4 Prompt cosine similarity

We report the cosine similarities among multiple
prompts generated by the meta-prompt template in
this paper, covering both the architectural design
and code planning stages. As shown in the Figure 8,
across all categories in the FSD-bench++ dataset,
the cosine similarities of the prompts generated
from the meta-prompt template remain at a reason-
able level in both the architecture design and code
planning phases. On the one hand, the prompts
exhibit noticeable diversity overall, and in the code
planning stage, the most differentiated prompt pairs
even show a similarity of only about 66%. On the
other hand, the prompt contents are not excessively
random, since all cosine similarities remain above
50%, indicating that they consistently preserve the
same overall task objective.
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Figure 8: The cosine similarity of generated prompts
using meta-prompt.
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A.5 Unit Test Procedure

PROMPT FOR TEST CASE GENERATION

INPUT OUTPUT

Requirement Test case

{software description}

# Instruction

Based on the software description given above, write test cases(1 or 2 test cases) for each of the core features.
In this case, multiple test cases for the same feature should be written together.

# Example Output
### Black Box Unit Test Cases

#### Funtionality 1. User Login
- **Step**: Navigate to Login Page.
- **Step**: Enter a valid username and password.
**Expectation**: Access is granted, and the user is redirected to the Dashboard Page.

#### Funtionality 2. Navigate to Registration Page and User Registration

- **Step**: Click on the "Register here" link on the Login Page.
**Expectation**: The user is redirected to the Registration Page.

- **Step**: Fill in valid username and password on the Registration Page.
**Expectation**: The user is registered successfully, and a confirmation message is displayed.

#### Funtionality 3. View Charities on the Dashboard Page

- **Step**: Login successfully and navigate to the Dashboard Page.
**Expectation™*: A list of available charities is displayed.

- **Step**: Refresh the Dashboard Page after adding a new charity in the local storage.
**Expectation®*: The newly added charity appears in the charity list.

#### Funtionality 4. Navigate to Charity Details Page
- **Step**: Click the 'Details' button for a specific charity on the Dashboard Page.
**Expectation®*: The Charity Details Page for that charity is displayed, showing detailed information.

#### Funtionality 5. View Contribution History
**Step**: Login successfully and navigate to the Dashboard Page.
**Expectation**: The user's contribution history is displayed correctly.

#### Funtionality 6. Donate to a Charity
- **Step**: Navigate to the Charity Details Page for a specific charity.
- **Step**: Enter a valid donation amount and click the donate button.
**Expectation**: The donation is processed successfully, and a confirmation message is displayed.

#### Funtionality 7. View Detailed Information
- **Step**: Click the 'Details' button for a specific charity on the Dashboard Page.
- **Step**: Select a specific charity by clicking on a charity's 'Details' buttion.
**Expectation®**: The specific charity's details for that charity is displayed, showing detailed information.

Figure 9: Prompt for generating test case based on PRD.
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PROMPT FOR TEST CODE GENERATION (WEBSITE)

INPUT </> OUTPUT P

Test case Code Test Code

Common Attention:

Attention 1: You can only write code in Python.

Attention 2: The third-party libraries you are allowed to use include psutil, shutil, unittest, pyautogui, and selenium.

Attention 3: Please adhere strictly to the Testing Task description to develop unit test code for the web application using Python, Selenium,
and unittest framework.

Attention 4: The test code needs to be directly executable and only need to cover the tests required by the Testing Task description.
Attention 5: You will implement the test.py and finish it follows in the strictly defined format.

Attention 6: You should run codebase code yourself, testing one feature per run. so you need to run the command "python main.py"
Attention 6: Chrome WebDriver is already installed and the path is in the environment variable, so there is no need to specify its path in
the test code. And 'WebDriver' object has no attribute 'find_element_by_id'

Attention 7: the project's port is assigned in main.py, last line, like"app.run(port=XXXX, debug=True)". use this port to replace the
following "XXXX": Access to the login page is available at http://localhost: XXXX. Navigation is restricted to http://localhost: XXXX
exclusively via the driver.get() method; navigation to other URLs is not allowed.

Attention 8: You must utilize the username and password from Data Storage to construct a login method within the test class.

Attention 9: Access to All pages, except for the login and registration pages, requires logging in from the login page and then proceeding
by clicking the corresponding buttons on the page to navigate to the desired page.

Attention 10: After logging in, you will be redirected to other pages and will not stay on the login page.

Attention 11: For each Functionalities in Black Box Unit Test Cases, please generate a unit test function. If the functionality is not
implemented in the codebase, generate a corresponding test point that returns a failure.Each unit test function corresponds to a
Functionalities in Black Box Unit Test Cases.

Attention 12: If a Functionalities has multiple test cases, you should write all of them inside one unit test function.

Attention 13: Do not add time.sleep() in setUp() function.

### codebase

{codebase}

#it# testcase

{testcase}

### instruction: Write test code for the software in the codebase based on the test cases.

##t# Example Code

*“'python

import unittest

from selenium import webdriver

from selenium.webdriver.common.by import By
import time

import subprocess

class TestDailyJournal App(unittest. TestCase):

def setUp(self):
# Initialize the webdriver and open the login page
self.process = subprocess.Popen(['python’, 'main.py'])
self.driver = webdriver.Chrome()
self.driver.get(‘http://localhost:5000/")

def test_login(self):
# Functionalities 1 Test user login functionality
self.login("admin", "admin123")

# Verify that the Dashboard Page has loaded
self.assertIn("Dashboard", self.driver.title)

def test_logout(self):
# Functionalities 7 Test logging out
self.login("admin", "admin123")

# Click the Logout button
self.driver.find_element(By.LINK_TEXT, 'Logout').click()
time.sleep(1) # Wait for the next page to load

# Verify that the user is redirected to the Login Page
self.assertIn("Login", self.driver.title)

def test_data_storage(self):
# Functionalities 8
self.fail(not implemented")

' '

if _name =='_main_"
unittest.main()

Figure 10: Prompt for generating test code for the website project.
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PROMPT FOR TEST CODE GENERATION (DESKTOP)

INPUT (/) outur &

Test case Code Test Code

Common Attention:

Attention 1: You can only write code in Python.

Attention 2: The third-party libraries you are allowed to use include psutil, shutil, unittest.

Attention 3: Please adhere strictly to the Testing Task description to develop unit test code for the web application, gui
application using Python, Selenium, pywinauto, pyautogu, and unittest framework.

Attention 4: The test code needs to be directly executable and only need to cover the tests required by the Testing Task
description.

Attention 5: You will implement the test.py and finish it follows in the strictly defined format.

Attention 6: You should run codebase code yourself, testing one feature per run. so you need to run the command "python
main.py"

Attention 7: For each Functionalities in Black Box Unit Test Cases, please generate a unit test function. If the functionality is not
implemented in the codebase, generate a corresponding test point that returns a failure.Each unit test function corresponds to a
Functionalities in Black Box Unit Test Cases.

Attention 9: If a Functionalities has multiple test cases, you should write all of them inside one unit test function.

#t# codebase

{codebase}

#H testcase

{testcase}

### instruction: Write test code for the software in the codebase based on the test cases.

### Example Codes
import unittest
from calculator import Calculator

class TestCalculator(unittest. TestCase):

def setUp(self):
self.calculator = Calculator()

def test_addition(self):
# Functionalities 1: Perform Basic Arithmetic Operations
self.assertEqual(self.calculator.add(5, 3), 8)
self.assertEqual(self.calculator.subtract(7, -2), 9)
self.assertEqual(self.calculator.multiply(4, 6), 24)
self.assertEqual(self.calculator.divide(8, 2), 4)
with self.assertRaises(ValueError):

self.calculator.divide(10, 0)

def test_square_root_positive(self):
# Functionalities 2: Calculate Square Roots
self.assertEqual(self.calculator.square_root(16), 4)
self.assertEqual(self.calculator.square_root(0), 0)
with self.assertRaises(ValueError):
self.calculator.square_root(-9)

def test_exponentiation_positive(self):
# Functionalities 3: Perform Exponentiation Calculations
self.assertEqual(self.calculator.exponentiate(2, 3), 8)
self.assertEqual(self.calculator.exponentiate(0, 5), 0)
self.assertEqual(self.calculator.exponentiate(7, 0), 1)
self.assertEqual(self.calculator.exponentiate(-3, 2), 9)

def test_percentage_positive(self):
# Functionalities 4: Calculate Percentages
self.fail("not implemented")

if _name =='main_"
unittest.main()

Figure 11: Prompt for generating test code for the desktop project.
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PROMPT FOR TEST CODE GENERATION (GAME)

INPUT <> ourrur @

Test case Code Test Code

Common Attention:

Attention 1: You can only write code in Python.

Attention 2: The third-party libraries you are allowed to use include psutil, shutil, unittest, pyautogui, and selenium.

Attention 3: Please adhere strictly to the Testing Task description to develop unit test code for the pygame using Python and unittest
framework.

Attention 4: The test code needs to be directly executable and only need to cover the tests required by the Testing Task description.
Attention 5: You will implement the test.py and finish it follows in the strictly defined format.

Attention 6: You should run codebase code yourself, testing one feature per run. so you need to run the command "python main.py"
Attention 7: For each Functionalities in Black Box Unit Test Cases, please generate a unit test function. If the functionality is not
implemented in the codebase, generate a corresponding test point that returns a failure.Each unit test function corresponds to a
Functionalities in Black Box Unit Test Cases.

Attention 8: If a Functionalities has multiple test cases, you should write all of them inside one unit test function.

### codebase

{codebase}

#H#H# testcase

{testcase}

### instruction: Write test code for the software in the codebase based on the test cases.

### Example Code

"'python

import unittest

import pygame

from game import Game

from paddle import Paddle

from ball import Ball

from brick import Brick

class TestBrickBreakerGame(unittest. TestCase):

def setUp(self):
# Initialize the game and its components
self.game = Game()
self.paddle = self.game.paddle
self.ball = self.game.ball
self.bricks = self.game.bricks

def test_control_paddle_movement(self):
# Functionalities 1 Test paddle movement to the left
initial_x = self.paddle.x
self.paddle.move('left')
self.assertLess(self.paddle.x, initial_x, "Paddle should move left")
# Test paddle movement to the right
initial_x = self.paddle.x
self.paddle.move('right')
self.assertGreater(self.paddle.x, initial _x, "Paddle should move right")

deftest_brick _disappearance(self):
# Functionalities 3 Hit a brick until it disappears
brick = self.bricks[0]
initial_life = brick.life
for _in range(initial_life):
brick.hit()
self.assertEqual(brick.life, 0, "Brick should disappear when life reaches 0")

def test_game_start_mechanism(self):
# Functionalities 4 Simulate starting the game by moving the paddle
self.game.handle_input()
self.assertTrue(self.game.running, "Game should be running after starting")

def'test load game_state(self):
# Functionalities 9 Test loading game state (not implemented in codebase)
self.fail("Load game state functionality is not implemented in the codebase")

if __name ==
unittest.main()

'__main

Figure 12: Prompt for generating test code for the game project.
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Auto Test Script / P »

Script Test code Test Results

def runUnitTest(project_path, category):
path = Path(project_path)
project_name = path.name
project_category = category

print(f"---------------- [START {project_name}]--------------------- ")

project_path = os.path.join(project_path, "code")
os.chdir(project_path)
print (f"CURRENT DIR1 {project_path}")

clear_imports()

loader = unittest.TestLoader()
suite = unittest.TestSuite()

suite.addTests(loader.discover("."))

# Create a StringIO stream to capture both stdout and stderr
output_stream = io.StringIO()
error_stream = io.StringIO()

# Redirect stderr to capture errors
sys.stderr = error_stream

# Create a TextTestRunner instance to run the tests and capture the output
runner = unittest.TextTestRunner(stream=output_stream, verbosity=2)
result = runner.run(suite)

# Get the captured output and errors
test_output = output_stream.getvalue()
error_output = error_stream.getvalue()

if project_category == "website":
# Filter out some unimportant and repetitive output
print("#### strip ###H#")
test_output = web_text_strip(test_output)
print(test_output)

total = int(result.testsRun)

passed = int(result.testsRun - len(result.failures) - len(result.errors))
failed = len(result.failures)

errors = len(result.errors)

# Combine both stdout and stderr outputs
combined_output = test_output + "\n" + error_output

info = {
"category": project_category,
"project_name": project_name,
"passed": passed,
"failed": failed,
"errors": errors,
"total": total,
"output"”: combined_output,

Figure 13: Python test script for test execution during exploration.
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A.6 Prompt

We illustrate how structured prompt facilitates exploration.
Specifically, we consider a task in which the goal is to design the complete file
architecture of a software system based on a given requirement.

[1] Fixed prompt:

Input: PRD

Instruction: You are required to design the file structure of a software system based on the
requirements document, including the entry file, functional modules, and graphical resources.
Output: File structure.

In general, a fixed prompt must account for the generality across all tasks, and therefore tends
to be more generic and less specific.

[2] Meta prompt for structured prompt

Input: PRD

Instruction:

You are required to supplement the instruction component.

(1) A well-designed instruction should precisely characterize the mapping from input to
output, enabling the LLM to follow it clearly and generate the correct output.

(2) The instruction should be closely aligned with the specific task rather than being vague or
overly generic, since the concrete task has already been specified and the instruction should
account for the characteristics of the input and the requirements of the output.

(3) Below is additional information for this task. Your instruction is intended to generate the
following component: File Structure. Specifically, this refers to the organization of software
files, based on which the LLM agent will generate code and ultimately construct the system.
Output: File structure

Three Generated Instructions by meta prompt:

[1] Generate a file list including a main entry file, Ul files, and functional files.

[2] Generate a hierarchical file list in a top-down structure: the main entry file connects to
subcomponents, and each file is responsible for a specific part of the requirements, including
both Ul and functionality.

[2] Generate a modular file list: each feature is separated into a module, and within each
module there are Ul files, functional files, and a module-specific entry file.

Corresponding file list:
Generated by fixed prompt:
[1] main.py, ui.py, function.py

Generated by structured prompt:

[1] main.py, ui.py, function.py (default, same as fixed prompt)

[2] main.py, partl.py, part2.py (This approach separates the Ul design and functionality into
individual files, rather than combining them into a single main file)

[3] entry.py | modulel/function-1.py, ui-1.py | module2/part.py (This design follows a modular
approach, with components coupled within each module but decoupled across modules)

Figure 14: A metaprompt template.
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PROMPT FOR ARCHITECTURE FEEDBACK MERGE

INPUT

EEE OUTPUT g

Architectures Conclusion

Role Definition ‘

You will act as a feedback summarization assistant. Your goal is to analyze multiple sets of architecture-related
feedback for a software development project and produce a concise, unified summary.

## Instructions:

1. Combine Similar Feedback:Identify and merge duplicate or overlapping suggestions while retaining their key
points. For example, if multiple feedback items suggest improving navigation in the Ul, consolidate them into a
single suggestion.

2. Retain Unique Feedback:Preserve suggestions that address distinct issues, even if they apply to different
aspects of the project. Ensure no unique feedback is omitted.

3.Structure the Output:

Overall Evaluation

Specific Problems and Suggestions

Architecture Enhancements

Attention:

Use bullet points for readability, and provide actionable suggestions where applicable.
Ensure Clarity and Precision.

Use concise language to convey the ideas clearly and avoid redundancy.

Remove any password berypt feedback in the final summary.

The content you need to summarize is:{Architetures}.

Figure 15: Prompt for synthesizing all feedback related to architecture.
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PROMPT FOR PLAN FEEDBACK MERGE

INPUT OuTPUT g
Plans Conclusion
Role Definition |

3D

You will act as a feedback summarization assistant. Your goal is to analyze multiple sets of task-related feedback
for a software development project and produce a concise, unified summary. You will receive multiple feedback
reports, each containing various suggestions, including areas for improvement and potential enhancements. Your
task is to extract suggestions that are useful for generating new plans and meet the following requirements:

1.Categorize Suggestions: Group the suggestions into the following categories:

Specific Areas for Improvement

Suggested Enhancements

2.Merge Similar Suggestions: Combine identical or highly similar suggestions into a single statement, using clear
and concise language.

3.Retain Unique Suggestions: Keep unique suggestions that appear in only one feedback report but are valuable
for improvement. Highlight their source where applicable.

4.0rganized Output: Structure the output clearly and logically by category and priority (if mentioned), making it
easy for planners to incorporate into new plans.

Output example:

##t# Specific Areas for Improvement:

- Add logout functionality and error reporting for failed login/registration attempts.

- Clarify task descriptions for edge cases, including invalid input, duplicate registrations, and empty feedback
submissions.

- Break down complex tasks (e.g., FeedbackManager implementation) into subtasks focusing on validation and
file handling.

##t# Suggested Enhancements:

- Prioritize user authentication tasks, followed by feedback submission and navigation.

- Specify expected behaviors after user actions, such as feedback confirmation messages.

- Implement basic form validations to prevent invalid or empty submissions.

Use this format to summarize the feedback provided, ensuring the suggestions are actionable for creating
improved new plans.

Remove any password berypt feedback in the final summary.

The content you need to summarize is:{Plans}.
Follow the example, output you summary.

Figure 16: Prompt for synthesizing all feedback related to plan.
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PROMPT FOR CODE FEEDBACK MERGE

INPUT

OUTPUT g

Unit Test Results Summarized Results

PROMPT FOR SUMMARY MERGE l

# instruction

I have multiple implementations of the same project, each of which has undergone unit testing. For each
implementation, | have obtained test results, analyzed them, and developed improvement recommendations. Now,
you should extract and compile all my contents with the following requirements:

1.Summarize all test cases: identify how many test_XXX_XXX (like this format) test cases exist in all my result,
may not need to outptut.

2.Prepare the output, divided into two parts: Passed Test Cases and Failed or Error Test Cases, with following
description:

#it# Passed Test Cases

Summarize solutions for all test cases that passed. Use the pseudocode provided in the input to represent the
solutions; do not generate new pseudocode. Present each case in the format:

1. |Case|:**Case Name**

Followed by the pseudocode which represent the successful implementation for this function.

### Failed or Error Test Cases

Collect the analysis and guidance related to each failure or error. present it in the format:
For each error or failure, extract all related analyses and guidance from allthe content. If there are duplicates,
please remove them.

Then, combine them and output them in the following format:

1. |Case|:**Case Name**

Followed by:

Failure/Error Analysis1

Improvement Guidancel (textual, pseudocode, etc.)

Failure/Error Analysis2

Improvement Guidance2 (textual, pseudocode, etc.)

Each pair above represents content extracted from different projects (after deduplication).
Ensure that if there are differing analyses or guidance for a single test case, all are recorded.

# Notes:

For ### Passed Test Cases, you need to "summarize"; for ### Failed or Error Test Cases, you need to “extract".
Case Name is the test case name with the test_ prefix removed (e.g., test_navigate_to_registration becomes
navigate_to_registration).

Do not summarize guidance specifically for the test code itself.

There is no need to output the list test cases again at the end.

# Attention

must consider all results in "context”, don't omit. don't lose information.

The output should retain the section titles "### Passed Test Cases" and "### Failed or Error Test Cases" as fixed
headers for easy differentiation.

# Format: You Must add a |Case| before the Case Name for differentiation. like |case|: test_a_function, must use
two "[".

# context
The content you need to summarize is as follows: {Unit Test Results}.

Figure 17: Prompt for synthesizing all feedback related to code.
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PROMPT FOR CODE ANALYSIS SUMMARY

]

OUTPUT
weur & 214
Projects’ Analysis Analysis Summary

PROMPT FOR ANALYSIS SUMMARY

Summarize the above mentioned unit test analysis. You only need to summarize the content in the project
identified from the unit test result. You need to do two jobs:

#i# 1. summarize test pass cases

Identify all passed test cases (test_XX_XX, marked as "ok"). For each passed case, find the corresponding project
code in the codebase (not the test code) mentioned in previous conversations, understand the full implementation
thought of the project code related to the test case, then express it in pseudocode format(pseudocode should
capture all parts of the code, not just function body). Focus only on the project code, not the test code.

### 2. summarize test failed or error cases

Summarize all previously mentioned failed or error test cases along with their error analyses. then, you need to
provide guidance on how to solve these issues. The guidance should adhere to the following aspects:

(1) Be concise and instructive.

(2) Must offer insights based on issues revealed by unit tests, highlighting points to watch for when developing
the project again.

(3) Provide guidance at the level of planning, rather than addressing simple code-related issues.

(4) don't write guidance on the test.

(5) don't provide guidance from higher-level aspects such as project management, development pattern, etc.
Attention: only consider failure or error exclusively those highlighted by the unit tests; areas that may need
improvement (e.g., performance or security concerns) but pass the unit tests should be excluded.

Besides, the deficiencies of testcode.py (test code) do not need to be summarized. only analyze issues that are
relevant to the project's own code.

Figure 18: Prompt for code summary during a single exploration. As the number of explorations increases, feedback
from multiple projects can become lengthy. We design this step to reduce context length while preserving core
insights.
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PROMPT FOR TEST ANALYSIS

INPUT / > A ouTPUT <

Codebase Test Code Test Results Projects’ Analysis

)
-’ Role Definition

You are a software test analyst. Please help me analyze the code of a project.

Here is the entire codebase for a project: {code_base}.

Here are the unit test codes for this project: {unit_test_code}.

These are all the unit test results (Only failed tests have detailed information):{test_results}

Please analyze the test results one by one with related code. For each failed or error unit test, step by step to
identify the reasons.

If test code like "self.fail XXX functionality not implemented)" occurs, it suggests a problem with the project
code, not the test code.

Figure 19: Prompt for analyzing code issues based on test code and test results.
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WRITE ARCHITECTURE WITH FEEDBACK

INPUT —m OUTPUT
1
Requirements  Feedbacks Architectural diagram
D Role Definition

You are a Architect, your goal is design a concise, usable, complete software system. the constraint is make sure
the architecture is simple enough and use appropriate open source libraries.

## Context
Original_requirement
{original_requirement}
Functional requirements
{functional_requirement}

## Lessons and Experience
{feedback}
## Format Example
[CONTENT]
"Implementation approach™: "We will ...",
"Ul design™:"- A canvas for..."
"Data Storage™:"If software requires a data storage, you should follow the rules: ..."
"File list": ["main.py","game.py","templates/login.html","users.txt"],
"Data structures and interfaces":
classDiagram
class Main {

-SearchEngine search_engine\n
+main() str\n

}

Main --> SearchEngine",
[/CONTENT]

## Nodes: "<node>: <type> # <instruction>"

- Implementation approach: <class 'str'> # Analyze the difficult points of the requirements, select the appropriate

open-source framework. If require GUI, you must also choose a GUI framework (e.g., in Python, you can

implement GUI via tkinter, Pygame, Flexx, PyGUI, etc,)

- File list: typing.List[str] # Only need relative paths. ALWAY'S write a main.py here

- Data structures and interfaces: <class 'str’> # Use mermaid classDiagram code syntax, including classes,

method(__init__ etc.) and functions with type annotations, CLEARLY MARK the RELATIONSHIPS between

classes, and comply with PEP8 standards. The data structures SHOULD BE VERY DETAILED and the API

should be comprehensive with a complete design.

- Ul design:<class 'str'> # optional, if system require Ul, choose a GUI framework (e.g., in Python, you can
implement GUI via tkinter, Pygame, Flexx, PyGUI, etc,) and list system Ul design and corresponding feature's
Ul design.

## Constraint
Language: Please use the same language as Human INPUT.
Format: output wrapped inside [CONTENT][/CONTENT] like format example, nothing else.

## Attention

1. If a feature of software requires a GUI, you also need to carefully consider the Ul components that this feature
will require and its relationship to the main Ul in Architecture.

2. Aim to achieve functional requirements, only require to implement a demo..

3. Do not output “plaintext or other ™" in the start and the end, output directly.

## Additional Notes

In “lessons and experience™ section, there is a summary and feedback from previous work on this project.
When you generate, you need to take these insight into consideration, for example, if they are suggestions, you
should adopt them. If they are error warnings, you need to avoid them.

However, your main task remains to generate a corresponding architecture based on “original_requirement" and
"functional requirements".

## Action
Follow instructions of nodes and Attention, refer Additional Notes, generate output and make sure it follows the
format example.

Figure 20: Prompt for regenerating architecture with feedback.
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WRITE CODE PLAN WITH FEEDBACK

m
INPUT EE_&: 215 OUTPUT a

Requirements Architecture Feedbacks Code Plan

Code Plan

—

Role Definition

You are a Project Manager, named Eve, your goal is break down tasks according to functional
requirement/architecture, generate a task plan, and analyze task dependencies to start with the prerequisite modules.

the constraint is use same language as user requirement.

## Context

functional requirement:
{functional_requirement}
Architecture:
{architecture}

## Lessons and Experience
{feedback}

## Nodes: "<node>: <type> # <instruction>"

- Required packages: typing.List[str] # Provide required packages in requirements.txt format.

- Required Other language third-party packages: typing.List[str] # List down the required packages for languages
other than Python.

- Logic Analysis: typing.List[typing.List[str]] # Provide a list of files with the classes/methods/functions to be
implemented, including dependency analysis and imports.

- Task list: typing.List[str] # Break down the tasks into a list of filenames, prioritized by dependency order.

- Full API spec: <class 'str'> # Describe all APIs using OpenAPI 3.0 spec that may be used by both frontend and
backend. If front-end and back-end communication is not required, leave it blank.

- Shared Knowledge: <class 'str'> # Detail any shared knowledge, like common utility functions or configuration
variables.

## Constraint

Language: Please use the same language as Human INPUT.

Format: output wrapped inside [CONTENT][/CONTENT] like format example, nothing else.

If you are doing website development, please do not encrypt the account password for the login function.

## Attention

In “lessons and experience" section, there is a summary and feedback from previous work on this project. When you
generate, you need to take these insight into consideration.

For example, if they are suggestions, you should adopt them. If they are error warnings, you need to avoid them.
However, your main task remains to generate a corresponding code plan based on “original_requirement" and
“architecture".

## Action
Follow instructions of nodes and Attention, generate output and make sure it follows the format example.

"Required packages": ["tkinter","matplotlib"],
"Required Other language third-party packages": [*No third-party dependencies required"],
"Logic Analysis": [
["main.py",
“Contains the main application logic and GUI setup.”],
["expense.py",
“Contains the Expense class for managing individual expenses and includes methods to track spending against
budget goals."],
["budget_goal.py",
“Contains the BudgetGoal class for managing budget goals and includes methods to interact with the Expense
class."],
["category.py",
"Contains the Category class for managing expense categories."],
["report.py”,
"Contains functions for generating reports and visualizations."]
"Task list": [
"category.py",
"expense.py",
"budget_goal.py",
"report.py",
“main.py"
"Shared Knowledge": ""category.py’, “expense.py", and “budget_goal.py" contain classes that are used in ‘main.py" for
managing expenses, categories, and budget goals, with explicit interactions defined between Expense and BudgetGoal
classes.”

Figure 21: Prompt for regenerating code plan with feedback.

35511



WRITE CODE WITH FEEDBACK

INPUT

EE_&' [onl ouTPUT ¢ /)
— —J

Architecture Code Plan Feedback Code

&

role definition

You are a professional engineer; the main goal is to write google-style, elegant, modular, easy to read and maintain
code.
Output format carefully referenced "Format example".

# Context
## Existing Code
{exist_code}

## Experience and Lessons
{feedback}

# Format Example

#H# main.py

“python

#i#H ui.py

python

# Instruction: Based on the CODE and Experience and Lessons, follow "Format example", update your code.
## ATTENTION

1. Use "***' to SPLIT different CODE SECTIONS. do not forget **" in each file, refer the the example. Output format
carefully referenced "Format example".

2. CAREFULLY CHECK THAT YOU DONT MISS ANY NECESSARY CLASS/FUNCTION IN THE FILE.
3. You must import the third-party libraries used in your code

4. If you use a Class not in your file, you must ensure you import it firstly.

5. Determine the order of writing the files based on your understanding of the project.

6. Write out EVERY CODE DETAIL, DON'T LEAVE TODO,PASS,PLACEHOLDER.

7. Only write code result, do not output any other content in the start or in the end.

8. You need to write some pre-stored data to facilitate testing.

# important rule

Use "***' to SPLIT CODE SECTIONS. do not forget * in each file, refer the the example. Output format carefully
referenced "Format example".

Adhere strictly to the task requirements and implement them fully; do not include placeholders or “example™ for code
that is intended for future implementation.

# Regarding the Experience and Lessons

In this section, a number of successful experiences accumulated from past implementations of this project are
provided.

Pay attention to all these functions.

For these functions, you need to check whether your code includes them.

If included, you should verify that the logic in your code matches the pseudocode provided, and if there are
inconsistencies, you need to modify your functions according to the corresponding pseudocode.

If not included, you should add them based on these pseudocode.

Refine the existing code based on these experiences. You still need to output all of the code files.

Figure 22: Prompt for regenerating code with feedback.
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