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Abstract
Large Language Models have shown promising results in automatic
code generation, but challenges still exist related to the quality of the
produced implementations and the effective use of testing during
the generation process. This work investigates the use of unit tests
automatically generated by LLMs in contrast with manually crafted
tests as an iterative code refinement mechanism for programming
problems. The proposed approach consists of a tool capable of
generating unit tests from a task specification, validating imple-
mentations produced by the models, and performing successive
correction cycles guided by the test results. The methodology was
evaluated using the HumanEval benchmark in conjunction with
the EvalPlus framework, considering scenarios of direct generation,
self-validation with automatically generated tests, and validation
using the benchmark’s original tests. The evaluation considered the
Pass@1 and Pass@10 metrics to measure problem-solving perfor-
mance, as well as the analysis of the generated test suites, classified
as valid, invalid, or not produced. The results demonstrate that
synthetic tests are capable of improving the performance of all
evaluated models, although they still present lower performance
compared to that obtained with manually crafted tests. The findings
indicate that automatic test generation by LLMs represents a viable
strategy to support code generation and refinement processes.
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1 Introduction
In recent years, Large Language Models (LLMs) have stood out as
promising tools for automatic code generation and for support-
ing programming problem resolution. Traditional evaluations of
these models generally rely on benchmarks such as HumanEval
and MBPP, in which the proposed solutions are verified against
previously defined test suites, where the model’s performance is
usually measured by metrics such as pass@k, which evaluates the
success rate considering different generation attempts.[4, 8]

One aspect already explored in the literature is the influence that
additional information provided to the model can have on the qual-
ity of the generated solutions for programming problems. When
only the textual description of the requirement is used, the model
must deduce the input and output conditions on its own, which can
limit the completeness of the solutions. Recent studies also suggest
that providing test cases can contribute to greater accuracy by mak-
ing explicit, through unambiguous language, the requirements and
constraints that are not always clear in the problem statement [9].

The elaboration of test cases before the development of a require-
ment is already a consolidated practice in the software engineering
field, being formally explored through the Test-Driven Development
(TDD) paradigm. In this paradigm, development is driven by the
prior writing of tests, which act as executable specifications and
guide code implementation [1]. Similarly, when considering the
use of LLMs for code generation, test cases can assume the role
of formal specifications, guiding the model in producing solutions
aligned with the desired requirements.

However, although several studies demonstrate that tests can
improve the performance of automatic code generation, it is not
yet clear to what extent tests automatically generated by LLMs are
capable of replacing or approximating the effectiveness of manually
crafted test suites. Since test quality directly influences the ability
to identify defects and guide corrections, incorrect or incomplete
tests can limit the benefits obtained during the iterative refinement
of implementations.

In this work, we investigate the impact of using unit tests au-
tomatically generated by LLMs as an iterative code refinement
mechanism. To this end, an approach consisting of two main stages
was developed: the automatic generation of unit tests and the itera-
tive generation of implementations guided by these tests.

To validate the approach, experiments were conducted using the
HumanEval benchmark in conjunction with the EvalPlus frame-
work. The evaluation compares three distinct scenarios: direct gen-
eration without intermediate validation, refinement guided by au-
tomatically generated tests, and refinement guided by manually
written tests extracted from the benchmark. The main objective
is to analyze whether synthetic tests can provide benefits similar
to those obtained with human-crafted tests, considering both the
quality of the produced test suites and the impact of these tests on
the final performance of the code generation models.

2 Theoretical Background
This section presents the theoretical foundations that support the
present study. The principles of Test-Driven Development (TDD)
and its role in software development are discussed, as well as the
concepts related to Large Language Models (LLMs), highlighting the
Transformer architecture and its capability for automatic code gener-
ation. Furthermore, the main aspects of the benchmarks used in the
evaluation of these models are presented, emphasizing HumanEval
as a reference to measure their performance in programming tasks.
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2.1 Test-Driven Development (TDD)
Test-Driven Development (TDD) is a software development practice
that seeks to incrementally integrate the test and feature develop-
ment phases in a project [2]. In this method, unit tests are developed
before the implementation of the code that must satisfy these tests.

The main objective of this practice is that, by writing tests that
describe the expected behavior of a system, the developer is natu-
rally guided to produce more decoupled, modular, and maintainable
code [2], in addition to quickly identifying code snippets that do not
produce the expected result. Thus, TDD tends to favor behavior-
driven design, promoting a cleaner and more testable software
structure compared to traditional approaches, in which tests are
developed after the implementation of features [2].

2.2 Large Language Models (LLMs)
Large Language Models (LLMs) represent one of the fields in the
area of Natural Language Processing (NLP) that enable machines
to interpret and produce text in a coherent and contextualized
manner, with their emergence linked to the development of the
Transformer architecture, the increase in computational capacity,
and the vast availability of training data [10]. LLMs differ from tra-
ditional language models by being trained on large textual corpora
in a self-supervised manner, where the model learns general lin-
guistic representations that can be applied to different tasks. This
characteristic also allows the models emergent abilities such as
reasoning, decision-making, and in-context learning [10].

2.2.1 Transformer Architecture. The Transformer architecture, in-
troduced by Vaswani et al. [12], serves as the foundation for most
modern language models. In this architecture, an attention mech-
anism is used to model the relationship between tokens given an
input sequence. The architecture consists of two main components:
the Encoder, which is responsible for transforming the input se-
quence into numerical representations, and the Decoder, which
generates the output token by token.

Each Encoder layer has two blocks: multi-head self-attention and
feed-forward. The multi-head mechanism allows different “heads”
to learn different types of relationships between various tokens,
enabling the model to learn syntactic and semantic patterns more
effectively than previously used techniques [12].

2.2.2 Code Generation with Large Language Models. LLMs have
become one of the primary methods for the task of automatic code
generation. In this context, models are used to transform textual
instructions, which may include functional specifications and/or
usage examples, into code implementations [6].

Thus, a natural language description of a given problem can be
represented as a textual sequence 𝑥 , from which the model, pa-
rameterized by 𝜃 , produces a code 𝑦 by modeling the conditional
distribution 𝑃𝜃 (𝑦 | 𝑥) [6]. After generation, the code can be evalu-
ated through execution in test environments, compilers, or specific
validators, resulting in a performance metric. This cycle allows
for verifying whether the generated code meets the requirements
specified by the user.

2.3 Benchmarks for Language Models
A benchmark, in the context of language models, is a practice aimed
at the systematic evaluation of an LLM’s capabilities performance
through the use of standardized datasets and metrics [11]. In this
process, the model is subjected to specific tasks, such as reading
comprehension, logical reasoning, or response generation, allowing
for an objectivemeasurement of its generalization ability, coherence,
and accuracy.

The main purpose of this practice is to ensure that the evalu-
ation of a model occurs in a consistent and comparable manner
across different architectures and approaches, contributing to the
continuous improvement of models and training techniques [11].
Consequently, benchmarks foster a deeper understanding of the
quality and robustness of LLMs [11].

2.3.1 HumanEval. HumanEval is a dataset of 164 handwritten pro-
gramming problems created by OpenAI with the aim of evaluating
the performance of code-trained models on programming tasks,
where each problem contains a function signature with a docstring,
an empty body, a set of associated unit tests, and a natural language
description of the problem to be solved [4]. The problem set was
designed to cover language comprehension, algorithmic reasoning,
and basic mathematics tasks.

The benchmark uses unit tests to evaluate the solution proposed
by the model, considering a solution correct when it passes all tests
[4]. It also uses the pass@k metric, which estimates the probability
that at least one of 𝑘 generated samples solves a given problem.
To reduce variance in the estimate, rather than sampling exactly 𝑘
solutions, 𝑛 ≥ 𝑘 solutions are generated and the following unbiased
estimator is applied [4]:

pass@𝑘 = EProblems

[
1 −

(𝑛−𝑐
𝑘

)(𝑛
𝑘

) ]
(1)

where 𝑛 is the total number of generated samples, 𝑐 ≤ 𝑛 is the
number of correct samples, and 𝑘 is the number of attempts con-
sidered. The original HumanEval evaluation reports results for
𝑘 ∈ {1, 10, 100} [4]. The metric has since been widely adopted as a
standard measure of code generation performance [3, 5, 7–9].

3 Related Work
Several recent studies have explored the application of Large Lan-
guage Models (LLMs) in automatic code and test generation tasks,
also proposing approaches that use test cases to guide, validate, or
improve the solutions produced by the models.

Mathews and Nagappan [9] present the TGen framework, which
integrates the Test-Driven Development (TDD) cycle into code gen-
eration by LLMs, providing the model with the problem statement
along with public test cases and employing an iterative cycle of
generation, execution, and correction based on failure feedback
identified by PyTest. Evaluated with the GPT-4 Turbo and Llama 3
models, the framework achieved gains of 12% on the MBPP bench-
mark and 9% on HumanEval, in addition to further improvements
of 3% to 5% provided by the remediation process, producing more
robust solutions capable of generalizing to initially unprovided
tests. Unlike the approach proposed in this work, TGen only uses
previously elaborated test cases, whereas the present research also
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investigates the effectiveness of employing unit tests automati-
cally generated by LLMs as an iterative refinement mechanism for
implementations.

Chen et al. [3] proposed the CODET (Code Generation with Gen-
erated Tests) framework, in which solutions and test suites are
simultaneously generated for self-evaluation, utilizing the concept
of Dual Execution Agreement to select the best response based
on the consistency among multiple solutions and the number of
passed tests. The approach was motivated by the significant differ-
ence between the pass@100 and pass@1 metrics and demonstrated
substantial improvements in benchmarks such as HumanEval and
MBPP, achieving an (18.8%) increase in the pass@1metric compared
to the code-davinci-002 model without using the framework. While
CODET uses the generated tests primarily to select and rank multi-
ple candidate implementations, the present research employs these
tests as an iterative code refinement mechanism, comparing their
effectiveness with that of manually crafted tests.

Lahiri et al. [7] propose TICODER, a test-driven code generation
tool that uses automatically generated test cases to formalize the
user’s intent expressed in natural language. The method combines
code suggestions and candidate tests, allowing the user to itera-
tively validate which tests correctly represent the desired behavior,
while the system ranks both the tests and the generated solutions
based on their discriminative power and the number of passed tests.
Evaluated on theMBPP and HumanEval benchmarks, the workflow
showed gains exceeding (22%) and (24%), respectively, with just one
user interaction, achieving improvements above (37%) and (53%)
after up to five interactions. In contrast, the present work adopts a
fully automated process, in which tests generated by LLMs are used
directly for the iterative refinement of implementations, without
relying on user validation or intervention, in addition to comparing
their effectiveness with that of manually crafted tests.

Lin Yang et al. [13] conducted an empirical study on the use of
LLMs for automatic unit test generation, comparing open-source
models, such as CodeLlama and DeepSeek-Code, and closed-source
models, such as GPT-4, as well as the traditional EvoSuite tool. The
work also investigated the impact of prompt design and techniques
such as Chain-of-Thought (CoT) and Retrieval-Augmented Gener-
ation (RAG) on the quality of the generated tests. The results in-
dicated that the prompt format exerts the greatest influence on
the models’ performance, providing coverage gains especially for
CodeLlama, while RAG-based approaches did not produce signif-
icant improvements and the use of CoT showed limited benefits,
potentially even degrading performance in models with reduced
context windows. In contrast, the present work does not focus on
the isolated evaluation of the generated tests’ quality, but rather on
investigating how their use as an iterative refinement mechanism
influences the performance of code generation models, directly
comparing them with manually crafted tests.

Cui [5] presentsWebApp1K, a benchmark aimed at evaluating
LLMs in test-driven development scenarios, in which the test cases
themselves act as the specification of the expected behavior, replac-
ing natural language descriptions. The benchmark encompasses
web development tasks implemented in React, covering different
domains, such as e-commerce, blogs, and social networks, and was
used to evaluate 19 models, including GPT-4o, o1-preview, Claude
3.5 Sonnet, DeepSeek-R1, Gemini 2.0, and Llama 3-8b. The results

demonstrated better performance from models with advanced rea-
soning capabilities, such as o1-preview, while open-source models
obtained lower results in the pass@k metric; furthermore, it was
found that increasing the number of tests or the complexity of
the tasks reduces the models’ performance due to the difficulty in
handling extensive instructions and denser contexts. Unlike this
approach, the present work uses tests as a mechanism for validation
and iterative refinement of the generated implementations, further
investigating whether test suites automatically produced by LLMs
can play a role similar to that of manually crafted tests.

In general, the analyzed works highlight the growing interest
in utilizing tests in conjunction with Large Language Models to
improve automatic code generation tasks. The proposed approaches
include the use of pre-existing test cases to guide the generation of
solutions, the automatic generation of tests for self-evaluation or
iterative refinement, the employment of tests as a specification of
expected behavior (tests as prompt), and studies aimed at evaluating
the capability of the models themselves to generate unit tests. In
contrast, the present work aims to conduct a comparison of the
impact of two distinct sources of tests (human-crafted and LLM-
generated) as a guiding mechanism for code generation, seeking
to evaluate whether synthetic tests can provide benefits similar to
those obtained with traditional test suites.

4 Methodology
This work investigates the impact of using unit tests automatically
generated by Large Language Models (LLMs) in solving program-
ming problems. To this end, an approach consisting of two main
stages was proposed: (i) automatic generation of unit tests and
(ii) iterative generation of test-guided implementations. To enable
this approach, an experimental tool was developed, responsible for
orchestrating all stages of the process, including test generation,
implementation validation, iterative refinement, and final model
evaluation.

The experiments were conducted using the HumanEval bench-
mark in conjunction with the EvalPlus framework, which is re-
sponsible for expanding the original set of tests provided by the
benchmark. The evaluation was carried out using the Pass@1 and
Pass@10 metrics. For each task, the unit test suite is generated once
and reused across all evaluation samples. Under Pass@1, a single
implementation sample is produced per task, and the model has up
to ten refinement iterations to produce a solution that passes all
tests. Under Pass@10, ten independent implementation samples are
generated per task, all using the same pre-generated test suite. Each
sample independently undergoes the same iterative refinement
process, with up to ten correction cycles.

4.1 Experimental Setup
The evaluated models were Qwen 3.5 2B, Qwen 3.5 4B, Gemma 4
E2B, and Gemma 4 E4B. These models were selected due to the
competitive performance reported in recent code generation bench-
marks, combined with their reduced computational requirements.

All experiments were executed using the following inference
parameters: temperature = 0.2, top-p = 0.9, maximum number of
tokens = 5000.
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4.2 Evaluated Scenarios
The evaluation was conducted in three distinct scenarios:

• Self-validation: the unit tests used during the validation
of the implementations are automatically generated by the
model itself.

• Oracle Validation: the implementations are validated us-
ing the tests originally provided by the HumanEval bench-
mark.

• Single Attempt: the implementations are produced di-
rectly from the task statement, without any intermediate
validation or test-based refinement step.

The comparison among these scenarios allows evaluating the
effect of using automatically generated tests when compared both
to manually written tests and to the absence of intermediate vali-
dation.

4.3 Automatic Test Generation

Phase 1  Type Extraction

Typed signature
AST-based extraction

or
No type annotations

LLM-based inference

Phase 2  Input Planning

proposes test cases with type validation · up to 3 attempts

Phase 3  Output Planning

3 independent generations per case · majority vote · type validation

Phase 4  Assertion Generation

deduplication · sorting · float handling (| | < 10 6)

Tests saved to JSONL

Figure 1: Overview of the automatic test generation process.

Figure 1 provides an overview of the test generation process,
organized into four phases and performed individually for each
HumanEval task.

Phase 1 — Type Extraction. The process begins with the iden-
tification of input parameter types and the return type of the target
function. When type annotations are present in the function sig-
nature, extraction is performed directly via AST-based analysis.
Otherwise, the model is instructed to infer the types from the tex-
tual description of the task. Listings 1 and 2 present the prompts
used for this inference.

The obtained types are used as structural constraints throughout
the subsequent stages.

Phase 2 — Input Planning. The model plans the test cases, pro-
ducing a set of candidate inputs represented in JSON format. Each
case contains the proposed input values and a textual description
of the behavior or scenario to be validated. The prompt used in this
stage is presented in Listing 3.

"""
Given the following Python function specification, what is

the type of each parameter?↩→

{state['prompt']}

RULES:
* Do NOT mention the return type
* Include the parameter variable name and its type
* If a parameter's type cannot be determined, write: null
* Output one JSON object per line, nothing else

Examples:
{{"name": "a", "type": "float"}}
{{"name": "b", "type": "List[int]"}}
{{"name": "c", "type": null}}
"""

Listing 1: Input type extraction.

"""
Given the following Python function specification, what

should be the return type?↩→

{state['prompt']}

RULES:
* Reply with ONLY the return type as a single Python type

name↩→

* If the return type cannot be determined, reply with: None
"""

Listing 2: Output type extraction.

The generated inputs are subjected to a type validation process.
Cases incompatible with the previously defined signature are dis-
carded, and the generation process is repeated, limited to three
consecutive attempts.

Phase 3 — Output Planning. After obtaining valid inputs, the
model is used to infer the respective expected outputs. To increase
the reliability of the results, a majority voting mechanism based
on multiple independent generations is employed. For each test
case, three distinct inferences are produced, and the output that
achieves majority agreement is selected, as illustrated in Figure 2.
The prompt used for the majority voting inference is presented in
Listing 4.

Cases for which there is no consensus among the inferences are
discarded. The outputs approved by the voting mechanism are then
subjected to a new consistency check, ensuring compatibility with
the expected return type of the function.

Phase 4 — Assertion Generation. The approved cases are
converted into Python assertion statements, forming the final set of
unit tests associated with the task. A process of duplicate removal
and sorting is then applied to the generated tests.

Additionally, comparisons involving float type values receive
specific treatment. Due to the inherent limitations of floating-point
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"""
You are an expert Python tester.

TASK:
{state['prompt']}{param_types_hint}

Write exactly 7 test input scenarios as a JSON list.

Each scenario is an object with:
- "description": short string explaining what this tests
- "inputs": an object mapping each parameter name to a

value of the correct type↩→

Example of ONE scenario (do not copy these values):
```json
[
{example_scenario}

]
```
Rules:
- Output ONLY the JSON list inside ```json``` fences.
- No code. No explanation. No expected outputs.
- Cover distinct behaviors, not minor variations.
- All values must match the parameter types.
"""

Listing 3: Input planner.

"""
You are an expert Python tester reasoning about function

behavior.↩→

TASK:
{state['prompt']}

INPUT:
{inputs_str}

RETURN TYPE:
{state['return_type']}

Your job is to reason carefully about what this function

should return for this specific input.↩→

Guidelines:
- Think step by step.
- If the output is a simple deterministic value, reason

towards that exact value.↩→

- Be precise and concrete in your conclusion.
- Do not write code.

End your response with a clear conclusion: "CONCLUSION:

<what you expect the output to be>↩→

"""

Listing 4: Output planner.

number representation, exact comparisons can produce false neg-
atives even when the implementation is correct. To mitigate this

Generation 1

candidate output

Generation 2

candidate output

Generation 3

candidate output

Majority Vote

agreement in  2 of 3 generations

Consensus?
noDiscard

case

yes

Return Type Validation

compatible with inferred type?

Assertion Generation

scalar float

|a b| < 10 6

float in list

all/zip · | | < 10 6

other types

assert a == b

Figure 2: Detailed steps of the test generation process.

issue, the comparisons are rewritten using numerical tolerance
based on absolute difference, considering values equivalent if their
difference is less than 10−6.

At the end of the process, each task has an automatically gener-
ated test suite saved in a JSONL file, with the possibility of empty
suites due to the potential lack of agreement during the voting stage,
or all tests being discarded during the type validation process.

4.4 Iterative Generation of Implementations
The generation of the implementations follows an iterative strategy
based on initial generation, test validation, and feedback-guided
refinement, as shown in Figure 3.

"""
You are a Python code generator.

RULES:
- Output ONLY valid, executable Python code
- Include necessary imports
- Define the function as described
- No comments, explanations, or markdown

TASK:
{state['prompt']}

TESTS:
{state['test_code']}

Output ONLY Python code.
"""

Listing 5: Generate implementation with tests.
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Problems + input tests

Run Implementation Generation

For each task

Generate

Test

Passed or reached

attempt limit?

no
Fix

/ repair

yes

Write

Figure 3: Iterative process of test-guided implementation
generation.

"""
You are an expert Python programmer. Given the following:

TASK:
{state['prompt']}

IMPLEMENTATION:
{state['implementation']}

TESTS:
{state['test_code']}

RESULT:
{state['error']}

RULES:
- YOU CANNOT ALTER THE TESTS

Provide a concise and brief instruction on how to fix the

implementation in natural language.↩→

"""

Listing 6: Generate instructions for correction.

Initially, the model receives the task description and produces a
candidate implementation for the required function, as shown in
Listing 5. Subsequently, this implementation is executed against
the test suite associated with the considered experimental scenario.

When failures are identified, a diagnostic stage begins. In this
phase, the model receives information about the failed tests and is
instructed to produce solely a textual analysis of the probable cause

"""
You are a Python programmer.

TASK:
Fix the implementation below according to the remediation

message.↩→

IMPLEMENTATION TO FIX:
{state['implementation']}

REMEDIATION:
{state['remediation_message']}

Rules:
- Output ONLY valid, executable Python code
- Include any necessary imports
- Define the function as required
- Do NOT include comments, explanations, or markdown
- Output ONLY the corrected code
"""

Listing 7: Generate correction

of the error, without directly modifying the existing implementa-
tion, as shown in Listing 6. The objective is to obtain a structured
description of the necessary corrections prior to generating a new
solution.

Based on this diagnosis, the model produces a revised version
of the implementation incorporating the suggested corrections
(Listing 7). The new implementation replaces the previous one and
is once again subjected to test execution.

The cycle of execution, diagnosis, and regeneration is repeated
until all tests pass or a maximum limit of ten refinement iterations
is reached. This limit was set to control the computational cost of
the refinement process and to prevent infinite correction loops.

If the maximum limit is reached without the complete approval
of the test suite, the last produced implementation is considered
the final result of the task.

4.5 Generation of Implementations Without
Tests

In the scenario without the use of tests, no intermediate validation
step is performed. In this case, the model generates only an initial
implementation from the task statement, undergoing solely the
necessary post-processing to extract the source code when it is
returned encapsulated in Markdown code blocks.

5 Results
This section presents the results obtained from the conducted ex-
periments. Initially, the quality of the unit tests generated by the
language models is evaluated. Subsequently, the code generation
results across the different experimental scenarios are presented,
comparing the use of automatically generated tests, tests provided
by the HumanEval benchmark, and the absence of intermediate
validation.
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Input problems

Run Implementation Generation

For each task

Generate

Write

Figure 4: Implementation generation process without test-
based validation.

5.1 Unit Test Generation
For this evaluation, each generated test suite was executed against
the canonical solution provided by the HumanEval benchmark. A
test suite was considered valid when the canonical solution passed
all the generated tests. When at least one test failed the correct
solution, the suite was classified as invalid. Cases in which no test
could be produced after the generation process were also recorded.
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Figure 5: Distribution of generated test suites for HumanEval
tasks.

Figure 5 presents the distribution of the results obtained for the
four evaluated models. It is observed that all models were able to
generate valid test suites for a significant portion of the benchmark
tasks.

The best results were obtained by Gemma 4 E2B and Qwen 3.5
4B, which produced valid suites for 126 and 125 tasks, respectively.

Regarding invalid test suites, Qwen 3.5 2B presented the highest
value, with 54 tasks in this category, followed by the Qwen 3.5 4B
and Gemma 4 E2B models, with 33 and 31 cases, respectively.

When comparing the Gemma 4 E2B and Gemma 4 E4B models,
it is observed that the E2B model produced more valid suites (126
versus 118), but also presented a higher number of invalid suites
(31 versus 25). On the other hand, the E4B model recorded more
cases in which no test suite could be produced (21 versus 7).

5.2 Code Generation Performance (Pass@1)
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86.3%

PASS@1

Single Attempt [SA] Self-Validated [SV] Oracle-Validated [OV]

Figure 6: Results obtained using the Pass@1 metric.

Figure 6 presents the results obtained using the Pass@1 metric
in the three evaluated scenarios: single attempt (SA), in which
the implementation is generated without any validation step; self-
validation (SV), in which the model uses the tests it generated itself
during the iterative correction process; and oracle validation (OV),
which uses the original tests from the HumanEval benchmark as a
mechanism for validation and refinement of the implementations.

All models showed an increase in the problem-solving rate when
subjected to some test-based validation mechanism.

Across all evaluated models, the oracle validation (OV) scenario
presented the best results.

The highest absolute gain between the SA and SV scenarios was
observed in the Gemma 4 E2B model, whose performance increased
from 62.0% to 78.4%. Gains were also observed for the Gemma 4
E4B, Qwen 3.5 2B, and Qwen 3.5 4B models.

5.3 Code Generation Performance (Pass@10)
Figure 7 presents the results obtained using the Pass@10 metric.
Unlike Pass@1, this metric considers up to ten independent samples
for each problem.

The results show that all models presented superior performance
in the self-validation scenario when compared to the single attempt
scenario. Likewise, the oracle validation scenario presented the best
results for all evaluated models.

The highest absolute gains between the SA and SV scenarios
were observed in the Gemma 4 E2B and Qwen 3.5 2B models, which
showed increases of 12.2 and 11.0 percentage points, respectively.
The overall best result was obtained by Qwen 3.5 4B in the OV
scenario, achieving 93.3% of solved problems.
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Figure 7: Results obtained using the Pass@10 metric.

6 Discussion
The obtained results demonstrate that the evaluated models are
capable of generating valid test suites for a significant portion
of the HumanEval tasks. However, substantial differences were
observed in the quality of these suites, especially regarding the
number of tests incompatible with the canonical solution. In general,
models that showed better overall performance also produced more
reliable test suites, suggesting a greater capacity to correctly infer
the expected behavior of the evaluated functions.

When comparing the Gemma 4 E2B and Gemma 4 E4B models,
it is noted that, despite belonging to the same family of models,
the E2B variant produced a slightly higher number of valid test
suites (126 versus 118). However, the E2B model also presented a
higher number of invalid suites (31 versus 25), while the E4B model
registered a substantially higher number of tasks in which no test
suite could be produced (21 versus 7).

This behavior suggests that the E2B model tends to produce
consensus more frequently, which increases both the number of
valid suites and invalid suites. In contrast, the E4B model seems
to present greater divergence among the multiple generations per-
formed, resulting in a higher number of discarded cases.

Regarding code generation, the results indicate that the use of
tests during the refinement process can contribute significantly
to the quality of the produced implementations. Both in Pass@1
and Pass@10, the self-validation strategy outperformed direct gen-
eration without validation for all evaluated models. These results
suggest that automatically generated tests are capable of providing
useful information to identify and correct errors present in the
initial implementations.

The results also show that the quality of the tests directly in-
fluences the potential benefit of the proposed strategy. Since the
generated tests are used during the iterative correction process,
invalid suites can induce the models to make unnecessary or incor-
rect modifications. On the other hand, valid suites tend to serve as
a refinement mechanism for the generated solutions.

Finally, it is observed that, although all models showed gains in
the self-validation scenario compared to single attempt, the magni-
tude of these gains varied considerably across models.

7 Limitations
The present study is subject to a number of limitations that should
be considered when interpreting the results. First, the evaluation
was conducted exclusively on the HumanEval benchmark, which
consists of relatively simple algorithmic programming problems in
Python. It is therefore unclear whether the findings generalize to
other benchmarks, programming languages, or problem domains
closer to real-world software development.

Second, several design decisions in the test generation pipeline
were not individually evaluated on their impact on the final results.
These include themajority votingmechanism used to infer expected
outputs, the tolerance-based rewriting of floating-point assertions,
and the type validation process applied to the generated test inputs
and outputs.

Third, themaximumnumber of refinement iterationswas fixed at
ten and was not evaluated through an ablation study. It remains un-
clear how varying this limit would affect performance, particularly
whether fewer iterations would be sufficient for simpler problems
or whether additional iterations would yield further gains.

Fourth, in the Pass@10 evaluation, the same test suite gener-
ated for a given task is shared across all ten independent samples.
Consequently, any systematic errors present in the generated tests
affect all samples equally, which may influence the observed results
for this metric.

Finally, the evaluation was restricted to compact, locally exe-
cutable models. Frontier models such as the GPT-5 series, Claude
Opus 4.8, or Gemini 3 Pro and Gemini 3 flash were not included,
and it remains unclear whether the observed trends hold for models
with substantially higher capacity.

8 Conclusion
This work investigated the impact of using unit tests as a validation
mechanism during code generation by language models. To this
end, three distinct scenarios were compared: direct generation of
implementations without intermediate validation, validation us-
ing tests automatically generated by the models themselves, and
validation using the tests provided by the HumanEval benchmark.

The obtained results demonstrated that the evaluated models are
capable of producing valid test suites for a significant portion of
the benchmark tasks. Although relevant differences were observed
among the models, all presented the ability to infer part of the
expected behavior of the evaluated functions and generate usable
test cases during the development process.

The analysis of the code generation results indicated that the use
of tests during the refinement process tends to consistently produce
performance improvements when compared to direct generation
without validation, as both the self-validation and oracle-validation
scenarios presented gains in Pass@1 and Pass@10 for all evaluated
models, evidencing that the feedback produced by the tests can
assist in identifying and correcting errors present in the generated
implementations.

As expected, the best results were obtained when the original
HumanEval tests were used as a validation mechanism, evidencing
that tests automatically generated by the models do not have the
same effectiveness as manually written tests by humans in high-
lighting the expected behavior in each function of the benchmark.
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It was also observed that, although all models benefited from test-
based validation, the magnitude of these gains varied considerably
across the evaluated models.

For future work, we intend to investigate more robust strategies
for test generation, including additional validation mechanisms
for the produced cases, more sophisticated consensus techniques,
and hybrid approaches that combine automatically generated tests
with partial reference tests. It would also be interesting to evaluate
the proposal on additional benchmarks and on programming tasks
closer to real software development scenarios.
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