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ABSTRACT

Automated tests are a key practice adopted by the software industry
to verify software quality. However, they are costly to develop and
maintain. Recently, the use of LLMs to generate automated tests has
been explored as a viable alternative. Ongoing efforts focus on im-
proving generation by providing richer context and post-processing
the output to correct errors, ensuring accurate results. However,
small-scale open LLMs, capable of running on modest hardware,
have received limited attention. This work compares large-scale
LLMs (e.g., GPT and Gemini) with small-scale open-source mod-
els in terms of the number of tests generated and their quality,
measured by the mutation score, the cyclomatic complexity of gen-
erated code, and the number of test smells on them. We evaluated
12 small-scale models against 6 large-scale ones and used EvoSuite
to establish a baseline for code quality and the number of meth-
ods tested. Our results show that some small-scale LLMs perform
well in test generation tasks. xLan, Gemma2, and DeepSeekCoder
gave the best overall results, producing as many tests as large-scale
models, with fewer smells and a better mutation score.
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1 Introduction

Automated testing is widely used in the Software Industry to de-
tect introduced faults along releases (regression checking). They
are a key practice to support the quality assurance process [44] in
continuous delivery projects. However, implementing and main-
taining automated tests is a costly task that requires time, effort,
and specialized knowledge from the development team.

Tools such as Randoop [29] and EvoSuite [13] were proposed to
make automated test generation less costly. Such tools can generate
unit tests for Java software based only on the project’s source code.
Recently, the emergence of Large Language Models (LLMs) has led
to the adoption of commercial tools such as ChatGPT to assist in
the automated test generation.

LLMs generate tests that offer advantages compared to existing
test generation tools, notably in producing more readable code [43],
and supporting multiple programming languages. However, a key
disadvantage is that certain LLMs generate incorrect and low-
quality (smelly) tests [36].

Moreover, even when LLMs generate good tests, there are other
problems associated with their use [34]: (i) widely known large-
scale models (e.g., ChatGPT, Gemini) usually need to be executed
on external hardware, the code is then shared with multiple exter-
nal parties, making it more prone to information leaks and even
being used for training purposes and leaking valuable informa-
tion [23]; and (ii) these large-scale LLMs consume too much energy
to generate code [10].
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One solution to both problems is the use of small-scale, special-
ized models. In this way, the model runs inside a user infrastructure
without the need to share the project code with any other part.

An important question is how these small-scale LLMs compare
to the larger ones. In this work, we answer this question by making
a benchmark of generative models, comparing large-scale models
that require external infrastructure like GPT and Gemini (composed
of 10 to 30 billion parameters) to small-scale models that can run
on modest hardware (composed of 1 to 3 billion parameters). In
total, 18 models were compared (Table 1): 6 models with more
than 7B parameters were accessed through Web interfaces, and
12 small-scale models made up of no more than 3B parameters.
We then compare the quality of the generated test code based on
the number of code smells, mutations killed by the tests (mutation
score), the cyclomatic complexity, and the number of generated
tests without compilation errors. Our results show that small-scale
LLMs can achieve mutation scores comparable to, and in some cases
better than, large-scale models, while generating an equal quantity
of compilable tests, highlighting their potential for efficient test
generation on modest hardware.

The structure of this work is as follows. Section 2 reviews previ-
ous studies relevant to this research; Section 3 details the method-
ology, datasets, and tools used; Section 4 analyzes the findings
obtained from the experiment; Section 5 discusses potential limi-
tations and biases in the study; Section 6 summarizes key insights
and provides directions for future research.

2 Related Works

Automated test generation has been an active research area for
several years. One of the first tools in this domain is Randoop [29],
which uses feedback-directed random testing to generate test cases
heuristically. Building on this approach, EvoSuite [13] introduced
evolutionary algorithms to optimize the test generation process,
improving code coverage and fault detection of the generated tests.

With the proven capability of large language models (LLMs)
for code generation [18, 26], several studies have adapted them for
automated test generation. The use of LLMs to support the software
testing process is discussed in the systematic review by Wang et
al. [41], which found that LLMs are primarily used for unit test
generation and code correction. We combine these 2 uses in our
study to generate correct compilable tests.

One such approach is AthenaTest [40], which extracts method
signatures to construct instructions for an LLM to generate unit
tests. A3Test [3] improves on AthenaTest by incorporating domain
knowledge into prompt generation and applying static analysis
to detect and repair errors in generated tests. Schafer et al. [35]
also use the available documentation to support automated test
generation through their tool called TestPilot. TestPilot uses GPT
3.5 to generate tests in JavaScript with not only the code but also
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documentation and code snippets of the function. They also used a
simple procedural analysis to repair syntactic errors in the gener-
ated test. Like them, we also use cyclomatic complexity to measure
the quality of our tests.

The work of Yuan et al. [43] proposes ChatTester, which im-
proves the generation of tests using GPT by defining the context
of the method being tested. This is done by asking the LLM to
generate a description of the function. The second improvement
involves using GPT to correct syntactic errors based on the com-
piler feedback. By combining these two techniques, they nearly
doubled the number of correctly generated tests. In our work, we
extended ChatTester to enable the use of different LLMs for test
generation and also to calculate the mutation score (i.e., to run
the generated tests against mutations). We also record metrics on
the number of iterations required and the ability to kill mutations,
and compared the results of large-scale models against small-scale
ones. This approach and how the experiment was conducted are
presented in Section 3.

Liu et al. [22] examined 13 tools aimed at creating tests, of which
11 generated JUnit tests. They used JaCoCo to measure code cov-
erage, PIT to generate mutants and calculate the mutation score,
and JavaParser to count the number of test cases. In our work, we
also use the JavaParser to examine the number of methods tested,
as well as their cyclomatic complexity.

Siddiq et al. [36] benchmark exclusively the following generative
models: GPT3.5, Codex, and StarCoder. They were tested against
the HumanEval dataset [5] and the SF110 benchmark projects [13],
and compared the generated code to EvoSuite. The comparison
consisted of whether the code works after a heuristic fix, cover-
age, and smells. To detect test smells, they used TsDetect, the tool
developed by Peruma et al. [31]. The models performed badly in
comparison to EvoSuite, having fewer smells for certain types. In
our benchmark, we also use TsDetect to determine code quality.

3 Methodology

We conducted an experimental study to compare the test generation
capabilities of 18 LLMs, of which 6 are large-scale LLMs and 12 are
small-scale models capable of running on a personal computer. Our
research used Goal-Question-Metric (GQM) to structure this study.
The goal is: "To compare small-scale and large-scale LLMs for the
purpose of unit test generation". The research questions derived
from this goal are as follows.

e RQ1: How can we compare large- and small-scale mod-
els in terms of the number of generated tests? To answer
this RQ, we used the number of methods tested and the num-
ber of tests generated per method as a metric to compare
small- and large-scale LLMs.

e RQ2: How can we compare the quality of the tests gen-
erated by small-scale LLMs and large-scale LLMs? To
answer this RQ, we considered the number, type, and pro-
portion of test smells, mutation score, and cyclomatic com-
plexity.

¢ RQ3: How can we compare small- and large-scale LLMs
in terms of the number of iterations needed to generate
tests? To answer this RQ, we considered the average number
of correction attempts required to produce a compilable test,
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that is, how many times the LLM had to be asked to fix
compilation errors in the generated code.

The following metrics were selected to address the research ques-
tions, reflecting both the properties of the generated tests and the
behavior of the test generation process. The metrics were calculated
for each LLM considering the seven target projects presented in
Table 2. For metrics calculation purposes, all seven projects were
considered together and referred to as Systems Under Test (SUTs)
in the metrics description.

e Number of methods being tested: This metric measures
the extent to which the generated tests cover the methods
of Systems Under Test (SUTs). - RQ1

e Mean number of tests generated per method: This met-
ric represents the mean number of test cases generated for
each method of Systems Under Test (SUTs). It is obtained by
the sum of all generated tests (for all SUTs) divided by the
number of methods being tested. - RQ1

e Mutation Score: This metric is the percentage of generated
mutations detected by the generated tests. Calculated by the
sum of mutations killed divided by the number of mutations
generated for all SUTs. - RQ2

e Mean Cyclomatic Complexity: This metric is the mean
value of the cyclomatic complexity of the generated tests.
It is obtained by the sum of the cyclomatic complexity of
the generated tests for all SUTs divided by the number of
generated tests. - RQ2

e Mean Number of Test Smells per Test: This metric is the
mean value of Smells per generated tests. It is obtained by
the sum of smells present in all generated tests (for all SUTs)
divided by the number of generated tests. - RQ2

o Estimated Proportion of Tests Smells: This metric is the
percentage of generated tests with Smells, as presented in
Section 3.2. - RQ2

e Most Frequent Smell: This metric is the most frequent
type of smell in the generated tests. - RQ2

e Number of Corrections: This metric is the average number
of correction iterations (with the LLM) needed to generate
a test that complies and executes. It is obtained by the sum
of the number of corrections made for each test generation,
divided by the number of generated tests. - RQ3

Since each LLM covers a different number of SUT methods and
generates a different number of tests per method, we used the
mean as the basis for five of the metric evaluations to ensure a fair
comparison of the test quality.

3.1 Tools

To carry out this study, we used TsDetect and Lizard, and also
developed an extended version of ChatTester [43], which we call
ChatTesterMut. Each of these is described in detail below.

3.1.1 ChatTesterMut. ChatTesterMut is our extended version of
ChatTester [43] used in this work. By refining prompt construction
and automatically correcting compilation errors through GPT it-
self, ChatTester significantly enhances test generation, doubling
GPT’s capacity to produce compilable tests. ChatTester workflow
is illustrated in Fig. 1. The system begins by asking GPT to explain
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Figure 1: ChatTester Workflow

the intent of the method under test (Step 1). Using this explanation
along with the class code, it constructs a prompt to generate the test
case (Step 2). After generation, the test is checked for compilation
errors (Step 3). If a compilation error is found, ChatTester asks
GPT to fix it (Step 5). This correction loop continues until the test
compiles or a maximum number of retries is reached (Step 4). Once
the test compiles, it is executed,; if it passes, the test is saved. If no
passing test is produced or all compilation attempts fail, ChatTester
restarts from Step 1, repeating the process up to five times before
giving up.

ChatTesterMut extended ChatTester to support LLMs beyond
ChatGPT. In addition to this broader compatibility, it enables the use
of six types of mutation operators for mutation testing and records
detailed metrics for benchmarking. ChatTesterMut can generate
and evaluate tests against the following six mutation types:

(1) Null Mutation: This operator converts the value returned
by a function to a null-equivalent value. For example, if the
function returns a string, it will return an empty string; if it
returns an object, it returns null; if it returns a number, it

will return 0; and if it returns a Boolean, it will return false.

(2) Variable Mutation: Given a method call, this operator sends
null-equivalent values as its arguments.
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“java
// Focal class
${class_sig} {
${fields}
<#if constructor_sigs?has_content>
${constructor_sigs}
</#if>
/I Focal method
${method_body}
1

Please infer just the intention of the
method "${method_sig}" in class
"${class_sig}".

Specifying what inputs
"${method_sig}" accepts, what
"${method_sig}" does and what
"${method_sig}" returns, Keep your
response brief.

Figure 2: Intention Prompt

(3) Boolean Mutation: This mutation operator negates a logi-
cal expression inside an if clause.

(4) Arithmetic Mutation: The arithmetic operator is reversed
(i.e., addition to subtraction, division to multiplication, and
vice versa).

(5) Logical Mutation: The logical operator is inverted in an
expression.

(6) Relational Mutation: The relational operator is reversed
in an expression.

We implement our own mutation solution instead of using ex-
isting solutions, such as PIT [7], to enable its integration within
ChatTester. Therefore, we incorporated mutation generation di-
rectly into the ChatTester workflow. After test generation, a mu-
tated version of the original class is created, and the generated tests
are executed against it. If the test fails, the mutation is marked as
killed; if it passes, the mutant is considered alive. The mutation
score is then calculated as the number of mutants killed divided by
the number of mutants generated.

We also refined how the prompts used by ChatTester interact
with LLMs. Considering the intention prompt (part 1 in Fig. 1), we
explicitly ask what the method does, what input it receives, and
what the expected output is. We also included a phrase asking for
a brief response in the intention prompt. In doing so, we could
obtain intentions smaller than in the original version of ChatTester
- sometimes the intention prompt of the original ChatTester was
too long and exceeded the prompt limit [21]. Fig. 2 presents the new
intention prompt with highlights on improvements. The code list-
ings were formatted using fenced code blocks with Markdown [25]
language identifiers.

Furthermore, a context prompt [32] was used to guide the LLM
in what we expect from the generated code. This context prompt
was used only in the generation and correction prompts, which are
parts 2 and 3 of the Fig. 1:
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You are a senior tester in Java projects, your task is writing tests
for a specific focal method in a focal class with JUnit5 and Mockito
framework (a focal method means a method under test). You need to
create a complete unit test using JUnit 5, ensuring to cover all branches.
Compile without errors, import the class being tested and use reflection
to invoke private methods or fields if needed. Please answer with just
the java code.

Moreover, ChatTesterMut implements additional features needed
to perform this benchmark study, such as storing the number of
iterations with the LLM and calculating the mutation score.

3.1.2  TsDetect. Code smells are bad practices that affect code qual-
ity (e.g., impairing readability, and increasing the cost of mainte-
nance). The work of Peruma et al. [30] details common types of
test smells. We use TsDetect [31] to analyze the generated tests and
extract the types of smells in them.

3.1.3 Lizard. The cyclomatic complexity of the generated tests
was calculated using a Python library called Lizard [27]. It is worth
mentioning that Python scripts were also used in conjunction with
shell scripts to automate most of the benchmarking process in Fig. 3,
reducing the risks of human error throughout the process.

3.2 The Benchmark Procedure

The complete benchmark procedure is presented in Fig. 3. First,
LLMs were selected. Then we evaluate and select the fit candidates
to perform the benchmark. With the selected LLMs in the step 2,
we use ChatTesterMut to generate tests for projects 1 to 7 of the
SF110 benchmark [13]. ChatTesterMut records the generated tests,
mutation scores, and relevant metrics in a file. In step 4, we recover
the Evosuit tests for projects 1 to 7 from the SF110 benchmark and
compile a similar file with the relevant metrics. TsDetect [31] and
Lizard [27] are then used in steps 3 and 5, respectively, to extract
complementary metrics on test smells and cyclomatic complexity.
These steps result in metrics that will be analyzed to answer our
research questions. The following subsections detail each of these
steps.

3.2.1 LLMs Selection. In step 1 of Fig. 3, we selected the models
for the study. To select small-scale LLMs, we use the Hugging Face
platform [11], performing individual searches with the keywords:
code, 1B, 2B, 3B, small and tiny. For large-scale LLMs, we considered
models provided by leading AI companies such as Google, OpenAl,
and MistralAl as well as platforms offering free API access to state-
of-the-art large-scale models. After selecting each candidate, the
following evaluations were performed:

(1) Ask the model to build Java code for the Fibonacci function.

(2) Check if the model can generate a test for the first method
detected in the first project of the SF110 benchmark [13]
using the ChatTesterMut.

Then we manually inspect the Fibonacci function and the gener-
ated test to see if it makes sense. These evaluations were conducted
on an i7 11th generation with 16GB RAM, without a GPU. Models,
already mentioned in other works, such as Llama2 or Starcoder,
were eliminated at this stage. In Step 2, the maximum CPU usage
was 54.9% (and the mean was 52%), the maximum RAM usage was
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13GB (and the mean was 6.56GB), and the maximum generation
time was 8.3 min (and the mean was 3.6 min).

In this selection, all large-scale LLMs presented in Table 1 passed,
although it was necessary to use the free versions of these models
due to access limitations to their API The selection of small-scale
LLMs focused on models created and designed to operate at a re-
duced size. Since their developers had previously evaluated them
and validated their viability within this limitation.

Table 1 shows the selected LLMs, their full name, number of pa-
rameters, size, where they were executed, and the primary domain
they were designed for. The xLan models [45] were created to oper-
ate through function calling, which means that the model outputs
a function name and its arguments to be executed by an external
system. Although this approach does not involve traditional code
generation, it has proved to be effective in this task. The bigger
models with more than 3 billion parameters were all executed in
web providers, and the small-scale models with 3 billion or fewer
parameters were executed locally. Some bigger models are closed
and do not disclose their size or number of parameters. This is why
some are marked with n.d. (not disclosed) and with ~ and >, as their
precise values are not available. For the remainder of this work, we
refer to the models by the names listed in the Model ID column,
Table 1.

3.2.2  Tests Generation. In step 2 of Fig. 3, the selected models
were used to generate tests for the first seven projects of the SF110
benchmark [13], which are presented in Table 2. The number of
methods and lines of code was obtained using Lizard by analyzing
the project’s sr¢/main/java directory, the sent methods refer to the
methods detected by ChatTester and sent to LLM.

The generation of tests uses ChatTesterMut, following the steps
described in Section 3.1.1. Using ChatTester ensures that all gener-
ated tests are correct and pass, avoiding the problems reported by
Siddiq et al. [36].

The generation process used the i7 11th gen with 16GB RAM for
the web-based large-scale LLMs. Since the previous test with local
models on the i7 without a GPU took an average of 3.6 minutes per
test, it would have taken a considerable amount of time to generate
tests for all 12 local models across all 7 projects. Therefore, we
chose to run the small-scale LLM benchmark generation on more
powerful hardware, using NPAD/UFRN with an NVIDIA H100 GPU.

After a successful test generation, ChatTesterMut tries to gen-
erate mutations to the method of the system under test (SUT). If
successful, it checks whether the test kills the mutation. Then it
saves the number of mutations created and mutations that the
generated tests killed.

3.2.3 Test Smells Checking. In step 3, Fig. 3, the tests are then
analyzed using TsDetect [31] to check the number and types of test
smells. This step is also done with the Evosuit tests.

Since TsDetect only reports the total number of test smells per
file without linking them to individual test methods, we can only
compute the mean number of smells per test method within each
file. Therefore, this mean value was adopted as one of our evaluation
metrics. Although TsDetect does not specify which test methods are
affected, we can estimate lower and upper bounds on the number
of smell-affected methods by analyzing the distribution of smell
types across files and the number of test methods per file. Using
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Figure 3: Test Generation Benchmark Procedure
Table 1: Benchmark Models. The symbol * means function calling
Model ID Model Name Num of Params | Size | Interface Type
codestral codestral-latest [2] ~24B n.d. Web Code
gemini-mini gemini-1.5-flash-8b [9] 8B n.d. Web Generalist
gemini gemini-1.5-flash [8] ~32B n.d. Web Generalist
gptdo gpt-4o0-mini [28] ~8B n.d. Web Generalist
open-codestral open-codestral-mamba [1] 7B 15GB Web Code
Qwen32B Qwen2.5-Coder-32B-Instruct [20] 32B 65GB Web Code
Llama3B Llama-3.2-3B-Instruct [16] 3B 6GB Local Generalist
granite granite-3.1-1b-a400m-instruct [39] 1B 2.7GB Local Generalist
xLAM xLAM-1b-fc-r [45] 1B 2.7GB Local Code*
gemma gemma-2-2b-it [38] 2B 5GB Local Generalist
deepseek deepseek-coder-1.3b-instruct [17] 1.3B 2.7GB Local Code
Yi Yi-Coder-1.5B [42] 1.5B 3GB Local Code
Smol SmolLM2-1.7B-Instruct [4] 1.7B 3.4GB Local Generalist
Qwenl.5B Qwen2.5-Coder-1.5B-Instruct [20] 1.5B 3GB Local Code
Qwen0.5B Qwen2.5-Coder-0.5B-Instruct [20] 0.5B 1GB Local Code
OpenCoder OpenCoder-1.5B-Instruct [19] 1.5B 3.8GB Local Code
Llama1B Llama-3.2-1B-Instruct [16] 1B 2.5GB Local Generalist
Falcon Falcon3-1B-Instruct [37] 1B 3.3GB Local Generalist

these bounds, we compute an average to approximate how many
test methods are likely to be affected by at least one smell, as shown
in Fig. 5.

The maximum number of smelly tests is estimated as the smaller
value between the total number of smell occurrences and the to-
tal number of tests. In other words, a test can contain more than
one smell, so the number of smells may exceed the number of
tests. Therefore, the maximum number of smelly tests is given by:
MIN(total_smells, total_tests).

Among all types of test smells identified by TsDetect [30], the
lazy test is the only one that requires 2 tests to exist. Lazy Test is
when two or more tests evaluate the same function. So, if a test file
has the lazy test smell, it should have at least two tests with this
smell, as more than one test needs to call the same system under
test (SUT) function. So we have 3 alternatives:

o The test file has no detected Smells, so its minimum number
of smells is 0

o The test file has detected Smells, and one of them is Lazy
Test, the minimum number is 2

o The test file has detected Smells, and none of them is Lazy
Test, the minimum number is 1

For comparison purposes, every time we refer to tests, we con-
sider the number of functions marked with @Test in the file. TsDe-
tect detects smells only in functions marked with @Test.

After completion of the smell check (step 3 in Fig. 3), the data
from EvoSuite is recovered from SF110 (step 4 in Fig. 3) and sub-
mitted to the same test smell check (step 3 again). Then, both the
EvoSuite and LLMs data are merged into one file, and the cyclo-
matic complexity of all test files is calculated (step 5). Section 4
details our findings and the metrics used to answer our research
questions.

Section 4 details our findings and the metrics used to answer our
research questions.
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Table 2: Projects Data

Project | Domain | Type # Me- | # Sent | LoC
thods | Me-
thods
tullibee Financing | Middleware | 196 137 3236
a4j e- API Client 464 135 3602
commerce
gaj Al Framework | 47 16 320
rif App. In- | Middleware | 66 29 953
tegration
templateit | Doc. Au- | Template 177 29 2463
tomation | Processor
jnfe Business | API  Back- | 213 38 2096
end
sfmis Education | Management | 175 43 1288
System
4 Results

Table 3 contains the metrics collected in this study to compare large-
scale and small-scale LLMs and to answer the research questions
presented in Section 3. Besides collecting and comparing metrics
associated with the tests generated by LLMs, we also compare some
characteristics of LLMs’ generated tests with the ones generated
by EvoSuite. Since EvoSuite represents the state of the art in test
code generation.

Some metrics, such as mutation score and correction iterations,
could not be collected for EvoSuite tests, since they are intrinsic to
the ChatTestMut pipeline. The next sections explore the metrics
collected in this study to answer the research questions.

4.1 RQ1: How can we compare large- and
small-scale models in terms of the number
of generated tests?

To answer this question, we consider the number of methods tested
and the number of tests per method.

4.1.1  Number of Methods Tested. This metric represents the num-
ber of methods in the system under test (SUT) for which test code
could be generated. For each project, ChatTester first parses all
methods and filters them using simple heuristics (e.g., methods
must be public, nontrivial, nonvoid, and not from test files). For
example, if a project contains 120 methods, ChatTester may con-
sider only 65 of them as "testable. These are then sent to the LLMs
to attempt test generation. Table 2 summarizes the tested projects,
including their domain, total number of methods, and how many
were considered testable by ChatTester (column "Sent Methods").
This restricted the capacity of LLMs as seen in Figure 4, the pro-
portion of tests generated by each LLM and the ones generated by
EvoSuit, and the upper bound of LLMs.

EvoSuite outperformed all LLMs in terms of methods tested
because it attempts to test all methods, without filtering. Among
the large-scale LLMs (the first six in Fig. 4), Gemma, xLAM, and
DeepSeek generated tests for more than half of the testable methods.
Interestingly, DeepSeck (a small-scale model) even outperformed
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Gemini (a much larger model from Google), though its total re-
mained slightly below the average for large-scale models (247 meth-
ods across all projects). Another relevant observation is that xLAM
(1B parameters) surpassed four other small models with more pa-
rameters, including Llama3B, demonstrating that size alone is not
always a good predictor of method coverage in test generation.

4.1.2  Tests per Method. The number of tests per method indicates
the size of the test suite generated for a SUT method. As mentioned
above, in this study, we asked a set of LLMs to generate tests for
seven projects (see Table 2). In this section, we present the mean
number of tests per method to consider all the target projects in
our analysis.

As we can see in the third column of Table 2, some large-scale
models presented the best results, with an average of three tests
per method. Among small-scale LLMs, LLaMA 3.2-3B also stood
out, achieving more than three tests per method. In this metric,
EvoSuite outperformed seven small-scale LLMs and the large-scale
open-codestral, was roughly tied with four small-scale models, and
was surpassed by Llama3B and five large-scale models.

However, large-scale LLMs such as open-codestral and codestral
generated an average of 1.32 and 1.9 tests per method, respectively.
Llama3B was the only small-scale LLM that generated more than
2 tests per method, generating 3.44 tests per method. Although
this small-scale model did not test the greatest number of methods,
it generated a higher number of tests per method compared to
large-scale models with 8 to 30 billion parameters.

Three small-scale LLMs (xLan, Gemma, and Deepseek) were able to test
as many methods as the large-scale LLMs, and Llama3B outperformed
them in the number of tests. However, no small-scale model matched
the performance of large-scale models on both metrics simultaneously.

4.2 RQ2: How can we compare the quality of the
tests generated by small-scale LLMs and
large-scale LLMs?

To answer this question, we consider the mutation score, cyclomatic
complexity, and smells (average number, proportion, and type).

4.2.1 Mutation Score. The mutation score shows the percentage of
mutants that were detected (or killed in mutation test terminology)
by the generated tests. We could not collect this metric for EvoSuite
tests because, as mentioned before, our mutation solution was tied
to the ChatTesterMut pipeline.

The mutation score tries to approximate how well a test can
detect failures.

As we can see in the fourth column of Table 2, the small-scale
LLMs achieved an average score of 62.92%, outperforming the large-
scale LLMs, which achieved an average mutation score of 52.32%.
This highlights how these small-scale models can be promising in
some aspects of automated test generation.

Taking into account all LLMs analyzed in this study, the smaller
version of Llama, the LlamalB, had the best mutation score with
84.69% of the mutants killed. However, this result should be viewed
with caution, as its tests only covered 95 methods. Looking at
xLAM,gemma, and deepseek, the three small-scale models that cov-
ered as many methods as the large-scale ones, xLAM stands out as
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Table 3: Evaluated Metrics

Model ID # Me- Mean | Mutation Mean Mean | %Smelly Most Mean
thods #Tests per | Score Cyclomatic | #Test Tests Frequent | #Corrections
Tested Method Complexity | Smells per Smell
Test
codestral 282 1.90 41.16% 1.02 1.87 54.38% Mag. Num. | 1.71
gemini-mini 253 2.77 57.65% 1.21 0.26 8.06% Lazy 1.91
gemini 225 3.15 51.24% 1.18 0.00 0.00% - 1.73
gpt4o 246 2.67 57.80% 1.08 2.26 57.77% Lazy 1.12
open-codestral | 240 1.32 60.60% 1.05 2.07 75.87% Mag. Num. | 2.08
Qwen32B 236 2.36 45.48% 1.04 2.80 71.31% Lazy 1.24
Llama3B 143 3.44 65.32% 1.05 3.26 75.91% Lazy 3.70
granite 121 1.24 77.21% 1.02 1.29 49.67% Mag. Num. | 3.25
xLAM 220 1.08 70.54% 1.03 1.74 75.11% Mag. Num. | 2.63
gemma 215 1.05 58.97% 1.01 0.12 6.22% Mag. Num. | 2.23
deepseek 236 1.12 60.67% 1.06 1.61 71.02% Mag. Num. | 2.08
Yi 129 1.12 57.04% 1.03 1.47 69.66% Mag. Num. | 1.41
Smol 107 1.70 53.17% 1.01 2.44 77.20% Mag. Num. | 5.23
Qwenl.5B 127 1.57 73.47% 1.03 2.43 73.37% Mag. Num. | 4.22
Qwen0.5B 132 1.05 71.19% 1.01 1.74 74.64% Mag. Num. | 3.41
OpenCoder 182 1.03 48.85% 1.13 2.20 89.30% Mag. Num. | 3.63
LlamalB 95 1.66 84.69% 1.02 2.77 83.86% Lazy 3.62
Falcon 41 1.61 33.93% 1.07 1.86 80.30% Mag. Num. | 6.20
EvoSuite 542 1.61 - 1.17 3.88 59.24% Lazy -
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Figure 4: Tests Generated for Each Project
the best among them with a mutation score of 70.54% and all three Surprisingly, the best large-scale model was an open one, the
showed scores superior to the average of large-scale LLMs. open-codestral performed better than its closed version of the code-

stral (with 60.60% and 41.16% mutation score, respectively).
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4.2.2  Cyclomatic Complexity. For the cyclomatic complexity met-
ric, this rule applies: the lower, the better. A lower value of the
cyclomatic complexity means that it will be less complex to under-
stand and maintain a given code.

The fifth column of Table 2 shows that the cyclomatic complex-
ity values for the test methods generated by almost all LLMs are
lower than the cyclomatic complexity for the methods generated
by EvoSuite. Except for gemini-mini, which is 4 points higher than
EvoSuite. In general, the values of the cyclomatic complexity are
very low in all small- and large-scale LLMs.

The only models with a cyclomatic complexity above 1.1 were
the large-scale models gemini, gemini-mini, and OpenCoder, making
them clear outliers. In contrast, the three best-performing were the
small-scale models gemma, Qwen0.5B, and Smol, each achieving a
cyclomatic complexity of 1.01.

4.2.3  Mean Number of Test Smells per Test. The number of test
smells showed a different result from previous work [36], showing
LLMs with fewer smells than EvoSuite, which was also obtained
with TsDetect [31]. As previous studies showed [36], the code gen-
erated by LLMs presented a high number of test smells. However,
we got an exception with Google models gemini,gemini-mini, and
gema. The main gemini did not present any test smells. An interest-
ing point is how the Google open model gemma outperformed the
commercial gemini-mini model in this regard, with only 1/4 of its
parameters. The LLaMA model from Meta [16], on the other hand,
generated the highest number of test smells.

4.2.4  Proportion of Test Smells. Considering the proportion of test
smells presented in Fig. 5, Google large-scale LLMs (gemini and
gemini-mini) and its small-scale LLM (gemma) obtained by far the
best results. All of them have less than 10% of smelly tests. The
small-scale IBM model granite also performs slightly better than
most large-scale LLMs (although it only uses 1 billion parameters).

Taking into account the comparison with EvoSuite, a previous
study [36] showed that the proportion of smelly tests was slightly
better in EvoSuite compared to ChatGPT. In our study (using dif-
ferent projects), ChatGPT performed slightly differently (57.8%)
than EvoSuite (59.2%). In addition, we could observe which LLMs
perform better and worse than EvoSuite in this metric.

4.2.5 Most Frequent Test Smells. The four most common smells
are listed from left to right in descending order of frequency, as
shown in Fig. 6. They are [30]:

e Magic Number Tests: instead of a variable with a name
that explains the meaning, a constant is used;

e Lazy Test: many tests calling the same SUT method

o Eager Test: one test call multiple SUT methods

o Exception Handling: the test has a throw or a catch state-
ment inside it.

The Exception Handling explains why the EvoSuite had so many
Smells. As EvoSuit is targeted at multiple versions of JUnity, it
should not rely on the assertThrows of JUnity5. However, even if
we exclude this type of smell, EvoSuite tests still have more smells
per test than the tests generated by LLM.

The most frequent smell among small-scale LLMs was the Magic
Number. In large-scale LLMs, the lazy test occurred more. The Lazy
Test is also the most common smell in EvoSuite.

E. Silva, R. Coelho, and L. Silva

In the study by Siddiq et al. [36], LLM-generated tests exhibited
more test smells than those of EvoSuite, which contrasts with our
findings in Table 3, where EvoSuite produced tests with a higher
number of smells. Furthermore, Siddiq et al. [36] identified empty
test, redundant print, and redundant assertion as the most frequent
smells in the LLM-generated tests, while in our evaluation, these
were mostly absent from the LLM-generated tests.

The quality of the tests generated by some small-scale LLMs is com-
parable to that of large-scale ones. Small-scale LLMs perform well in
the mutation score, and some of them perform well in the presence of
test smells, notably the gemma. However, the cyclomatic complexity
shows how small-scale LLMs generate simpler tests compared to the
ones generated by large-scale LLMs. Although simpler, their tests are
efficient, as demonstrated for mutation scores.

4.3 RQ3: How can we compare small- and
large-scale LLMs in terms of the number of
iterations needed to generate tests?

To answer this question, we consider the number of interactions
needed to generate a compilable test.

4.3.1 Correction Iterations. A key limitation of small-scale models
is the need for more correction iterations to produce compilable
tests. On average, 3.47 correction iterations were needed to generate
tests compared to 1.63 iterations when using large-scale models, as
can be seen in Fig. 7.

The model that requires fewer corrections is the GPT, as it is
the model originally used in the creation of the tool used to bench-
mark, the ChatTester. The open-codestral from Mistral-Al needed
an average of 2 corrections, as it was the smallest large-scale model
with only seven billion parameters. The Yi-Coder was the small-
scale model with the best correction score, which needed only 1.4
corrections to create a compilable test, and the only one with a
performance comparable to the large-scale models.

The tests created by small-scale LLMs require, on average, a higher
number of correction iterations. However, two models, gemma and Yi,
achieved a comparable number of corrections, necessitating two or
fewer correction iterations.

5 Discussion

In this benchmark study of large- and small-scale LLMs, we found
that small-scale models outperformed the larger ones in mutation
detection and cyclomatic complexity, with Llama3B also generating
more tests per method. Another observation was how one model
can differ from another, not only because of its number of parame-
ters but also because of how they were trained and implemented.
The Google Gemini and Gemma models generated codes with very
few smells, which can be explained by their internal directive for
code standards [15] and the large Java codebase of Android. The
small-scale LLMs showed a frequent number of the Magic Number
smell, and this smell could be avoided if the prompt used to make
the tests explicitly called the model to create a variable instead of
using constants. This emphasizes the importance of the prompt in
determining the quality of the generated tests. In our analysis, the
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best small-scale models were gemma, xLAM, and deepseek, although
some performed better in some metrics; these 3 could cover as many
methods as large-scale models, while maintaining an above-average
mutation score and a low cyclomatic complexity.

It is worth mentioning that although the small-scale LLMs needed
more iterations for generating compilable test code, such iterations
can be less expensive (e.g., in terms of energy consumption) than
those of large-scale LLMs, since small-scale models could run on
modest hardware locally. On the other hand, the waiting time can
become a burden if it requires several iterations to generate a test.
Most of the small-scale models in this study needed around two
correction iterations.

Although large-scale LLMs trained for coding did not perform
much better than generalist models, regarding small-scale models,

code-dedicated models outperformed generalist models for test
generation, 2 of the 3 best small-scale models were created for
coding (Table 1).

Previous studies mentioned that small-scale models could per-
form equally or better in summarization [14], text classification [6],
sentiment analysis [12], and creative writing [24]. The present
study suggests that large-scale and small-scale models can achieve
similar results regarding test generation, as the latter have already
outperformed the former in terms of mutation score.

Given that small-scale models received similar to slightly better
results in the evaluated metrics, they emerge as a viable alternative
for users with privacy concerns. They are also a more efficient
alternative, as their smaller size implies a significantly lower com-
putational cost [33].
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6 Threats to Validity

In this section, we discuss the threats to the validity and how we
mitigate them in this work.

6.1 Internal Validity

A potential internal threat to validity in our study is selection bias in
the choice of models for evaluation. We aim to consider all possible
small-scale models in the HuggingFace [11] model repository. How-
ever, some open models might not be listed there, or they might
use a different naming convention that caused them to be excluded
during selection. Another potential threat is the mutation technique
implemented in this work. To avoid using potentially broken code,
each mutation was first submitted to the same compilation check
as the test cases. In addition, all mutations were generated using
deterministic code. However, our specific mutation strategy, or the
chosen mutations themselves, might have favored certain models
over others or failed to reflect certain use cases that some models
would handle better.

6.2 External Validity

The SF110 benchmark comprises a diverse set of Java projects, but
our study uses only seven projects. This could make our selection
inside a subset where some LLMs perform better than others. We
also verified all used LLMs in the first class and the method of the
first project to check if they are capable of generating tests, which
could exclude an LLM capable of generating tests from all other
cases except this. One benchmark with all 110 projects would be
desirable, but it would consume much time and test the limits of
the free LLMs API Hence, as in similar studies [43], our results
cannot be generalized to all types of projects, languages, sizes, and
domains.

6.3 Conclusion Validity

The set of metrics collected in this study may also introduce an
additional source of bias. Using the number of iterations without
considering the time required to generate the tests can lead to
the false impression that one LLM is more efficient than another.
A more accurate evaluation would require measuring hardware
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usage. Ideally, large- and small-scale models should be compared
on identical infrastructure. However, in this study, all large-scale
models were executed on proprietary cloud platforms.

6.4 Construct Validity

Our benchmarking relies on the tools: Lyzard, LLM Python library,
TsDetector, ChatTester, and a custom mutation testing implemen-
tation. Before using them in the study, we manually validated their
output on representative examples to check for consistency and
correctness. For example, we excluded TsDetector results for ignore
test smell due to inconsistent detection behavior. Moreover, the
heuristics of ChatTesterMut are the same as those of ChatTester
and could select favorable methods for one type of LLM, as Chat-
Tester was developed to work with the GPT3.5 model. To mitigate
this issue, our analyses also focused on the quality of those tests,
checking the mutation score and the presence of test smell. Our
work did not detect a particular bias from the ChatTester towards
the OpenAI model.

7 Conclusion

This study compared small-scale LLMs with large-scale ones to test
generation. Our analysis shows that some small-scale LLMs, such
as gemma2, XLAM1b, and deepseek-coder, achieved results compa-
rable to large-scale models in terms of test generation. Although
small-scale LLMs generally produced tests with more smells, all
LLMs outperformed EvoSuite in code quality. Surprisingly, the tests
generated by the selected small-scale LLMs were more effective
in detecting mutations than those of the large-scale models. This
study can be used as a reference point for LLM-generated tests
benchmark. All codes used are made available to facilitate their
replication. We also make our data available for further analysis.

Future work could investigate the design of prompts specifically
aimed at reducing test smells. In addition, explore the combination
of two or more small-scale LLMs to take advantage of their comple-
mentary strengths, potentially outperforming a single large-scale
LLM in multiple quality dimensions. Last but not least, this study
suggests that the benefits of generative Al can be democratized
through small-scale open-source models. This enables local execu-
tion, preserves user confidentiality, and is particularly relevant for
settings such as small software companies and small independent
game development teams. In addition, it can reduce energy costs,
making generative Al more accessible and sustainable.
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