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Abstract

The evaluation of Large Language Models (LLMs) for code generation tasks presents unique challenges, because
conventional Natural Language Processing (NLP) methods might be not applicable for assessing the code. Traditional
text similarity metrics may fail to capture the functional correctness of generated code. This study investigates the
effectiveness of various evaluation metrics by comparing a LLM-generated code with the mutated versions of the original
code snippets. Using state-of-the-art models and benchmarks, the generated and the mutated codes were evaluated
using some widely used NLP metrics, including code-oriented CodeBLEU and Ruby, and the neural network-based
BERTScore and CodeBERTScore. Results demonstrated that text-oriented metrics tend to have inferior relevance in
assessing programming tasks, particularly when functional accuracy is crucial. Code-specific and neural metrics show
higher correlation with test pass rates, although their limitations highlight the need for a further refinement. The findings
underscore the importance of developing functionality-aware evaluation methods for LLM-driven code generation. This
research suggests insights into metrics selection to assess the quality of Al-generated code.
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AHHOTALUA

Ouenka Gonpmux s36IKOBEIX Mozeneit (Large Language Models, LLM) st 3aa4 reHepanyuy Koaa MpecTaBiIsieT
€000 0cO0YI0 CIOKHOCTB, MOCKOJIBKY TPaJUIMOHHBIE MeTO/(bl 00paboTKH ecTecTBeHHOrO si3bIka (Natural Language
Processing, NLP) MoryT ObITh HEIIPUMEHHMBI JJIs OLIEHKH Koaa. Kilaccuueckne MeTpUKH CXOACTBA TEKCTa MOTYT HE
oTpaxkarh (PYHKLIHOHAIBHYIO KOPPEKTHOCTh CIEHEPUPOBAHHOTO Kozia. B pabore msyuaercs 3 GeKTHBHOCTD Pa3InuHbIX
METPHK OLICHKH ITyTeM CPaBHEHMS KOzia, creHepupoBaHHoro LLM, ¢ MyTHPOBaHHBIMU BEPCHSMH UCXOIHBIX ()parMeHTOB
Kozia. Mcrionb3yst coBpeMeHHbIE MOZIENH 1 OEHUMAPKH, ObLIH OL[EHEHBI CTEHEPHPOBAHHBIE 1 My THPOBAHHBIE ()ParMeHTHI
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Natural language processing metrics efficiency for evaluating a generated code: facing the challenge

KOJIa C IPUMEHEHHEM HECKOJIBKUX IIUPOKO UCHOIb3yeMbIX MeTprK NLP, BKitouast opeHTHpOBaHHBIE Ha TPOTrPaMMHBIi
ko CodeBLEU u Ruby, a Take neiipocereBsie BERTScore 1 CodeBERTScore. [Tokazano, 4T0 OpHEHTHPOBaHHBIE
Ha OLICHKY Tekcta MeTpuku (a mmenHo BiLingual Evaluation Understudy u Recall-Oriented Understudy for Gisting
Evaluation) UMEIOT TEHACHINIO K CHIDKEHUIO PEJICBAaHTHOCTHU NP OLEHKE 3334 MPOrpaMMUPOBaHUs, 0COOCHHO
korjna GyHKIIMOHAIbHAS TOYHOCTh KPUTHUYECKH BaykHa. OpHEHTHPOBAHHbBIC HA KOJ M HeHpoceTeBble METPUKHU
JIEMOHCTPHPYIOT 00JIee BRICOKYIO KOPPEJSALHUIO € MOKA3aTe/ISIMK [IPOXOXKICHHS TECTOB, XOTS MX OTPAHUYCHHS YKa3bIBAIOT
Ha HE0OXOJIMMOCTh TaJIbHEHIIEro coBepIeHCTBOBaHN. [1oiTydeHHbIe pe3yIbTaThl ITOATBEPKAAI0T BAYKHOCTD Pa3paboTKu
METOJIOB OLIEHKH, YUUTHIBAIOMNX (DyHKIMOHAIBHOCTD, JJIs TeHepalun koaa Ha ocHoBe LLM. IlpemioxeHs! HOBbIE
TIO/IXO/IBI K BEIOOPY METPHUK JUIsl OIIEHKH Ka4eCTBa KOJa, CTeHEPUPOBAHHOTO MCKYCCTBEHHBIM HHTEIUICKTOM.

KuawueBble cjioBa

OOJTBIIINE SA3BIKOBBIC MOJICIIH, 00pab0TKa €CTECTBEHHOTO SI3bIKA, TCHEPALUs KO, METPUKH, OI[CHKA KaueCTBa, My TaI[lH
HMCXOHOIO Kojia

Ceblaka pis nutupoBanusi: ®enpymkos /1.B., Kopansuyk C.B., AnueB A.A. Cl0XHOCTH HCIOJIb30BaHUA

METPHUK Uil 00pabOTKH €CTECTBEHHOTO S3bIKa MPU OLEHKE CreHEPUPOBAHHOTO Koja // HayuHo-TexHH4YecKuit
BECTHUK MH(OPMALMOHHBIX TEXHOJIOTHHA, MexaHUKH U onTHkH. 2026. T. 26, Ne 1. C. 135-144 (na anri. s3.). doi:

10.17586/2226-1494-2026-26-1-135-144

Introduction

The advent of Large Language Models (LLMs) has
transformed software development, providing tools to
streamline coding and clarify some complex principles
in software engineering. However, LLMs currently lack
critical thinking capabilities which can result in some
errors and inefficiencies in code generation workflows.
For example, a recent report highlighted that integrating
GitHub Copilot increased bug rates by 41 % without a
corresponding improvement in productivity metrics,
suggesting that LLM assistance may not inherently enhance
software development efficiency.

The core challenge lies in how LLMs interpret and
generate a code. While these models handle a code similarly
to a text, effective code generation demands a deeper
analysis that includes the code structure, dependency
mapping, and logical coherence. Ignoring these facets can
lead to flawed outputs, where the generated code lacks
functional robustness and readability.

In view of the above, this study emphasizes the crucial
role of evaluation metrics in improving code generation
quality. Properly chosen metrics would not only enable
more accurate assessments of the generated code but
also provide insights into areas needing refinement,
thereby enhancing the overall utility of LLMs in software
development. Here, some widely adopted code assessment
metrics were evaluated and compared, analyzing
their effectiveness in measuring the code quality and
reliability.

Background

The application of LLMs to code generation represents
an important milestone in their development, extending
their application beyond Natural Language Processing
(NLP) to areas requiring a sophisticated understanding
of structured languages. These models demonstrated
potential in automating software development tasks like
code synthesis, completion, and debugging. However, the
integration of LLMs into software development pipelines
introduces unique challenges, particularly in assessing
their outputs. As presented by recent studies [1, 2], existing
evaluation metrics might fail to capture the numerous
dimensions of code quality and functionality. Therefore,
the usage of these metrics can be unrepresentative and

it needs further analysis of their efficiency in terms of
estimating the quality of generative Artificial Intelligence
(AI) output.

Metrics originally developed for NLP often struggle
to capture the subtleties of software code. For example,
although a generated code fragment may exhibit high
lexical similarity to a reference solution, it may still
malfunction due to logical errors or violations of program
requirements. This gap highlights the need for specialized
evaluation metrics that can assess both syntactic accuracy
and functional correctness.

To address these issues, researchers introduced a
number of metrics, particularly CodeBLEU [3] and Ruby
[4], which incorporate code-specific features into their
assessments. Standardized benchmarks like HumanEval
[5, 6] and CoderEval [7] provide a basis for evaluating
the ability of LLMs to generate functionally correct code.
Nevertheless, these advancements remain a work in
progress, and there is no consensus on the most effective
strategies for evaluating Al-driven code generation.

This study examines existing metrics and benchmarks
and identifies areas for further improvement. By exploring
the limitations of current approaches, it aims to provide
a clearer understanding of the challenges associated with
evaluating LLM in code generation and suggest potential
directions for future research in this evolving field.

Methods

Suggested approach focuses on assessing the
effectiveness of various evaluation metrics in estimating
the quality of code generated by LLMs. Using well-known
metrics in combination with a measure of functional
correctness, namely Pass@1, the evaluation results of
the code generated by LLM and the evaluation of the
code with minor modifications were compared, where
modifications were obtained using a mutation testing tool.
Mutation testing, commonly used to evaluate software
test suites, introduces minor alterations in the source code
to simulate potential errors and gauge the response of
evaluation metrics. Since mutation testing typically results
in minimal source code changes, these modifications are
expected to have limited impact on evaluation metrics
like readability and structural integrity but to significantly
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affect metrics related to functional correctness, particularly
passing probability.

Generated code vs. mutated code

To modify the source code, small mutations were
injected to original code snippets, including altering
operators, modifying variable assignments, and adjusting
conditional statements. These mutations simulate common
programming errors without impacting code readability or
structural coherence. It guarantees that changes of metrics
scores are directly attributable to functional correctness
rather than extensive structural transformations.

Code solutions were generated for each prompt using
a state-of-the-art LLM, which were then compared to
the mutated versions of the original code snippets. To
conduct the comparison of given code snippets, both
the LLM-generated code and the mutated originals were
evaluated using a range of metrics assessing text similarity,
structural integrity, and text embeddings distance. Notably,
the passing probability metric was used to estimate the
likelihood of each code variant passing a standard test
suite, hypothesizing a significant decrease in the passing
probability for the mutated code due to the errors
introduced.

Metric Comparison and Impact Analysis

The study suggests the examination of the extent to
which the scores provided by each NLP metric aligns
with functional outcomes, focusing on situations where
evaluating results may conflict. The point of view in this
research is that significant discrepancies between the
passing tests and NLP metrics scores might indicate the
insufficiency of conventional NLP metrics when evaluating
code fragments. For instance, a high similarity score does
not always guarantee that the code would pass functional
tests, while low scores may still correspond to a functionally
correct code. By identifying these conflicts, the limitations
of each metric in accurately representing code quality were
assessed, especially in the context of comparing the LLM-
generated code vs. minimally modified (mutated) code.

Additionally, the study analyzed the capabilities of
both language models to follow the alternative generation
way for each mutated code. Results include the compared
probabilities of canonical and altered next tokens at the
places in code, where the mutations were injected. This
helps to support or disprove the view of NLP metrics when
evaluating generated code.

Experimental setup

The experimental setup included evaluation of both
LLM-generated code and mutated code using several
benchmarks, models, and metrics to systematically
evaluate the quality and functionality of the generated
code fragments. The selected benchmarks, models, and
metrics were chosen to provide a comprehensive view of
how different assessing approaches capture code quality
and functional correctness, especially when comparing
generated code with mutated versions of the original code
fragments.

Benchmarks
— HumanEval-X [5, 6]: a widely used benchmark in

code generation tasks that evaluates the functional

correctness of generated code. It consists of a set of

programming tasks with well-defined input-output

specifications, which allows for robust testing of
functional accuracy.

— CoderEval [7]: a benchmark that provides a diverse
set of programming tasks with varying levels of
complexity, making it suitable for evaluating both
simple and complex code generation capabilities. It
is designed to evaluate code generation models from
various aspects of software development.

Models

— Codegen-2B-Multi [8]: a 2 billion parameter model
that was designed specifically for code generation tasks
with the usage of multiple programming languages.
This provides a possibility to be used for both general-
purpose programming and programming language-
dependent tasks, which makes it versatile for generating
code in different contexts.

— MetalLlama-3-8B [9, 10]: an 8 billion parameter
language model designed for complex natural language
tasks. Even though this model was trained to handle the
natural language tasks, the large parameter size provides
improved generation capabilities, which allows it to
handle complex and subtle programming tasks.
Mutation testing
Proposed analysis methods used the Universalmutator

[11, 12] tool to apply systematic mutations to the original

code fragments. Universalmutator makes minor changes,

including operator substitutions, conditional negations,
and variable modifications that simulate common coding
errors while preserving the overall structure of the code.

This helped to compare the code generated by LLM with

the mutated code fragments, highlighting the sensitivity of

each evaluation metric to small code changes and its ability
to capture functional inconsistencies.

Metrics

This study employed a diverse set of evaluation metrics
to measure the differences between canonical solutions and
candidate code snippets. Each code fragment obtained from
language models and a mutation testing tool was evaluated
by all these metrics. Selected NLP metrics might provide
insights into various aspects of code assessment, including
exact textual matches, structural alignment, and semantic
similarity.

— Exact Match (EM): It measures whether the generated
text matches the expected text exactly. This metric
is strict and is mainly used to evaluate simple code
snippets.

— Edit Similarity (ES): This metric calculates the minimal
number of edit operations (insertions, deletions,
substitutions) needed to transform generated text into
reference text. It captures textual similarity, with lower
values indicating closer matches.

— BiLingual Evaluation Understudy (BLEU) [13]: BLEU
score was designed for NLP challenges, it evaluates
n-gram overlap between generated and reference text.
In the context of code-related tasks, BLEU is useful for
measuring basic structural alignment in code.

— Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) [14]: ROUGE is another metric designed for
NLP tasks. It is based on recall of n-grams and is used
here to measure similarity in terms of code structure and
language patterns.
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— CodeBLEU [3]: CodeBLEU extends BLEU with
syntax-based and AST-based components; it was
specifically designed for assessing the code. This metric
takes into account structural and syntactic aspects of the
code.

— Ruby [4]: Ruby is a metric designed for assessing code
functionality and readability. It analyzes both surface-
level patterns and deeper functional aspects, providing
a more holistic evaluation of generated code.

— BERTScore [15]: BERTScore evaluates semantic
similarity between generated and reference code
snippets, using pre-trained BERT embeddings and
focusing on the contextual similarity rather than exact
matches.

— CodeBERTScore [16]: A modification of BERTScore
with use of fine-tuned BERT model for code tasks.
CodeBERTScore uses the embeddings given from
CodeBERT model to assess similarity in code
generation tasks.

With the use of the Codegen-2B-Multi and
Metal.lama-3-8B models, code solutions were generated
for each programming task provided in benchmarks.
Universalmutator tool was applied to the original code
snippets to create a set of mutated versions for comparison.
Each LLM-generated fragment and mutated original were
evaluated using a set of selected NLP metrics to capture
differences in assessing code quality, functionality, and
readability.

This setup helped to assess the effectiveness of each
metric in evaluating LLM-generated code, particularly
in scenarios where generated or mutated code failed

functionality tests but got high scores from NLP metrics or
vice versa. Suggested experimental framework provided
a comprehensive assessment of each metric performance
in different code generation contexts, highlighting their
limitations in use for practical LLM code generation.

The whole pipeline is shown in the Figure.

Results

Recent studies [1, 2] revealed the limitations of
evaluating the code generated by LLMs, particularly,
insufficient test-based evaluation and a restricted scope
of evaluation. However, they do not seem to suggest
any analysis of the above limitations and, namely, of the
correlation between the different metrics and the code
functionality was not proposed. This research suggested
selecting a set of metrics and providing their in-depth
analysis to assess the quality of LLM generated code. This
analysis appears to have revealed relevant metrics.

Table 1 presents the evaluation results for the Codegen
2B Multi model across multiple programming languages
and metrics. The table includes both text-oriented metrics
and code-specific metrics. It shows the model performance
in terms of its ability to produce code snippets that match
human-written code, as well as its functional correctness,
as measured by Pass@]1.

Table 2 demonstrates the evaluation results for
the MetalLlama-3-8B model using the same metrics.
This provides a direct comparison of MetalLlama’s and
Codegen’s performance and an insight into how larger
and more advanced models handle code generation tasks.

NLP metrics
Symbolic Text-oriented Code-oriented Neural Network
Exact Match BLEU CodeBLEU BERTScore
Edit Similarity Rouge Ruby CodeBERTScore
Canonical solution
Y Y
| | Calculate
»| Generative model > Genere}ted e > Calculat'e Do —I_—) correlation
I snippet I metrics coefficients
Programming task
Y VY
Calculate next
Mutated code Calculate token probs:
A9 »
gl snippet 71 [Pass@k metric original vs.
> mutated
Test cases T
Figure. Metric collection pipeline
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Table 1. Codegen-2B-Multi evaluation results

Metric HumanEval CoderEval

Python Java Go IS Python Java
EM 0.000 0.000 0.000 0.000 0.000 0.000
ES 0.203 0.424 0.276 0.269 0.165 0.168
BLEU 0.066 0.258 0.157 0.129 0.038 0.075
ROUGE 0.243 0.439 0.343 0.319 0.177 0.216
CodeBLEU 0.239 0.328 0.324 0.250 0.206 0.251
Ruby 0.136 0.335 0.221 0.212 0.120 0.134
BERTScore 0.785 0.880 0.823 0.828 0.782 0.797
CodeBERTScore 0.710 0.790 0.799 0.756 0.677 0.708
Pass@1 0.140 0.134 0.055 0.073 0.057 0.013

Table 2. Metal.lama evaluation results
. HumanEval CoderEval

Python Java Go JS Python Java
EM 0.012 0.000 0.000 0.000 0.000 0.000
ES 0.379 0.471 0.342 0.311 0.173 0.221
BLEU 0.182 0.323 0.205 0.179 0.046 0.127
ROUGE 0.447 0.494 0.412 0.379 0.186 0.279
CodeBLEU 0.282 0.367 0.359 0.288 0.197 0.262
Ruby 0.301 0.396 0.276 0.257 0.117 0.198
BERTScore 0.844 0.890 0.847 0.846 0.777 0.823
CodeBERTScore 0.795 0.810 0.819 0.784 0.676 0.737
Pass@]1 0.348 0.348 0.226 0.213 0.157 0.065

Particularly noticeable in this table is the discrepancy
between textual and code-specific metrics as well as their
correlation with functional correctness.

Table 3 plots the evaluation results for the mutated code
snippets using the selected set of metrics. It highlights the
conflict between NLP metrics and measures of passing
probability. While the number of NLP metrics returns
the extremely high scores, the frequency of passing test
cases does not overcome the results of code given from

generative models. Based on the analysis of the results
and considering the Pass@1 metric as the most relevant
to human judgment, it appears to become evident that
no single text similarity metric adequately captures the
correctness of answers generated by LLMs.

Text-oriented metrics, namely BLEU, ROUGE, ES and
EM, seem to fail to effectively assess functional correctness
in code generation tasks. Other metrics, including neural
network-based scores (BERT and CodeBERT) and

Table 3. Mutated code evaluation results

Metric HumanEval CoderEval
Python Java Go JS Python Java
EM 0.000 0.018 0.000 0.000 0.026 0.035
ES 0.923 0.960 0.947 0.942 0.909 0.937
BLEU 0.818 0.907 0.895 0.896 0.881 0.893
ROUGE 0.916 0.963 0.963 0.962 0.932 0.960
CodeBLEU 0.825 0.908 0.904 0.874 0.860 0.869
Ruby 0.878 0.943 0.935 0.929 0.902 0.917
BERTScore 0.973 0.990 0.988 0.988 0.982 0.986
CodeBERTScore 0.963 0.981 0.983 0.978 0.971 0.979
Pass@1 0.037 0.122 0.079 0.091 0.039 0.121
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code-oriented (CodeBLEU and Ruby) also showed their
ineffectiveness when trying to evaluate code in terms of
its functional correctness. Moreover, evaluation results
represented not only the inefficiency of NLP metrics in
the scope of assessing code functionality, but also the
discrepancies with the test-based evaluation method. The
CoderEval results presented in Table 3 appear to confirm
the aforementioned — metrics designed to evaluate the
language models in common natural language tasks might
be not applicable for assessing the issues related to software
development.

The insufficiency of text-based metrics is especially
obvious in the results of the assessing mutated code by
these metrics. Despite the high scores of all the metrics,
which used to compare the candidate code snippet with the
original one, the passing probability of the corresponding
code fragments. To support this evidence, an analysis of
NLP metrics correlation with the passing probability was
conducted. Table 4 represents the correlation coefficients
of each NLP metric.

Finally, suggested analysis examined the tokens
probabilities distribution of chosen models at the place in
code, where the source code was mutated. The probability
of models to sample “right” (original) and “mutated”
tokens was assessed. Table 5 plots the results of these
experiments across all the chosen models, benchmarks,
and programming languages.

All these might indicate that the NLP metrics should
not be used alone to assess the code generation models. The
findings above highlight the need for further refinement of
evaluation metrics to ensure they can accurately capture
both the functional correctness and the structural quality
in generated code.

Evaluation example

The several randomly chosen tests in the CoderEval
experimental evaluation were inspected and it is
shown how the NLP metrics measured the similarity
scores. For example, for the following task (CoderEval
63676778126d9265ec018242) the following query
provided:

/**Call the doAppend method on all
attached appenders. **/

public int appendLoopOnAppenders (Loggi
ngEvent event) {

Ground truth solution given by benchmark presented
as follows:

int size=0;
Appender appender;
if (appenderList != null) {
size=appenderList.size();
for (int 1i=0; 1 < size; 1i++) {
appender= (Appender) appenderList.
elementAt (i) ;
appender.doAppend (event) ;
}
}

return size;

Codegen language model generated the next solution:

for (int i=0;i<this. loggers.
size () ;i++) {
this. loggers.get (i) .
appendLoopOnAppenders (event) ;
}

for (int i=0;i<this. appenders.
size () ;i++) {
this. appenders.get (i).
appendLoopOnAppenders (event) ;
}
}
public void appendLogIlfAny (LoggingEvent
event) {
for (int i=0;i<this. loggers.
size();i++) {
this. loggers.get(i).
appendLogIfAny (event) ;
}
for (int 1=0;i<this. appenders.
size () ;i++) {
this. appenders.get (i) .
appendLogIfAny (event) ;
}
}
/**

Table 4. Correlation coefficients

Metric HumanEval CoderEval —_—
Python Java Go JS Python Java

EM 0.055 0.026 0.000 0.000 -0.016 0.000 0.023
ES -0.139 —0.022 —0.066 —0.078 -0.016 0.141 -0.013
BLEU —0.169 -0.027 —0.065 —0.066 —0.005 0.149 -0.027
ROUGE —0.117 —0.027 —0.055 —0.056 0.002 0.140 —0.005
CodeBLEU —0.104 —0.044 —-0.049 —0.055 —0.002 0.142 -0.017
Ruby -0.127 —0.008 —-0.059 —0.060 —0.062 0.151 —-0.011
BERTScore —0.136 —0.009 —0.044 —0.064 —0.093 0.133 -0.014
CodeBERTScore -0.093 —0.004 -0.029 —0.052 —0.061 0.134 0.004
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Table 5. Probabilities of next tokens, %

Temperature (arbitrary unit)
Next token Model Benchmark Language
0.2000 0.6000 0.8000 1.0000
“Mutated” Codegen HumanEval Python 0.5841 0.4464 0.4041 0.3678
Java 0.0000 0.0000 0.0002 0.0015
Go 0.6971 0.8319 0.8383 0.8174
JavaScript 2.2167 2.3026 22212 2.0769
Overall 0.8745 0.8952 0.8659 0.8159
CoderEval Python 0.8696 0.8491 0.8248 0.8092
Java 0.4820 0.7722 0.8737 0.9453
Overall 0.6758 0.8106 0.8493 0.8772
Llama HumanEval Python 0.5582 0.3480 0.3000 0.2584
Java 0.0000 0.0004 0.0041 0.0168
Go 0.0000 0.0026 0.0117 0.0288
JavaScript 0.0000 0.0070 0.0290 0.0660
Overall 0.1396 0.0895 0.0862 0.0925
CoderEval Python 0.0000 0.0015 0.0100 0.0327
Java 0.0147 0.0579 0.0653 0.0814
Overall 0.0073 0.0297 0.0376 0.0571
“Right” Codegen HumanEval Python 0.0257 0.1575 0.1849 0.1966
Java 0.0000 0.0000 0.0001 0.0008
Go 0.0000 0.0025 0.0148 0.0442
JavaScript 0.0000 0.0052 0.0229 0.0545
Overall 0.0064 0.0413 0.0557 0.0740
CoderEval Python 0.0000 0.0119 0.0350 0.0725
Java 8.7885 8.4047 8.2106 7.9311
Overall 4.3943 4.2083 4.1228 4.0018
Llama HumanEval Python 0.0357 0.1408 0.1530 0.1588
Java 0.0000 0.0014 0.0147 0.0594
Go 0.0000 0.0004 0.0037 0.0146
JavaScript 0.0000 0.0041 0.0202 0.0538
Overall 0.0089 0.0367 0.0479 0.0716
CoderEval Python 0.0000 0.0021 0.0118 0.0365
Java 0.1915 0.2376 0.2676 0.2943
Overall 0.0958 0.1198 0.1397 0.1654
* This method will create a LogAdapter Llama language model suggested the following:
or will return null in case of
failure. int 1 = 0;
* @return A LogAdapter or null. int result = 0;
*/ //if (event.getThreadPriority()'=
public LogAdapter createlLogAdapter () { null)
return createlLogAdapter (false); // event.
} setThreadPriority (event.
Ve getThreadPriority () .intValue());
* This method will create a LogAdapter
or will return null in // Set thread name

if (event.getThreadName () != null)
event.setThreadName (event.
getThreadName () .toString()) ;
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// Set Hostname
if (event.getThreadName () != null)
event.setHostName (event.
getThreadName () .toString () ) ;

// Set hostname
if (event.getThreadName () != null)
event.setHostName (event.
getThreadName () .toString()) ;

// Set application name
if (event.getApplicationName () !=
null)
event.setApplicationName (event.
getApplicationName () .toString()) ;

// Set log file
if (event.getLogFile (
event.setLogFile (
getLogFile () .toString())

) !'= null)
event.

// Set logger
if (event.getlLoggerName () != null)
event.setLoggerName (event.
getLoggerName () .toString());

// Set log level
if (event.getLevel (
event.setLevel (
getLevel () .toString());

) != null)
event.

// Set thread priority
if (event

Minorly mutated code presented as follows:

int size = 0;
Appender appender;

if (appenderList != null) {
size = appenderList.size();
for(int 1 = 0; i < size; i++) {
appender = (Appender) appenderList.
elementAt (i) ;
appender.doAppend (event) ;
}
}

return size;

Evaluation results measured by selected NLP metrics
and running the test cases represented as shown in Table 6.
Finally, the next token probabilities determined as follows:
Codegen mutated token probability equals 0.009058,
Codegen canonical token probability is 0.01318, Llama
mutated token probability amounts to 0.001244, Llama
canonical token probability has a value of 0.005753.

Discussion

The main goal of this research was to find the most
relevant metrics that can estimate the code generated by
language models without using large computing resources
to carry out this evaluation. This is important to enable
the use of artificial intelligence methods in software
development using developer devices. Since creating test
coverage for each piece of code takes a lot of time, and
testing itself uses a lot of calculations, it is not always
possible to use test passability metrics to assess the
generated code quality which justifies the need to use
alternative methods for assessing the results obtained.

Importantly, this study did not involve test-based
assessment methods using tests generated by language
models. Although this method is quite promising, its use
today is severely limited by the insufficient capabilities of
language models in creating test coverage. Also, the use of
such methods requires even more computing power, which
defeats the purpose of this study.

Additionally, the results of code generation were not
estimated from the perspective of various methods of
evaluating code efficiency, namely execution time, memory
usage and checking for vulnerabilities. These factors are
known as quite important in assessing the code; however,
its implementation also requires much computational
resources that did not match with the goals of research.

Since the goal of finding better evaluation methods
is to improve the use of artificial intelligence in software
development problems, future work will focus on creating a
developer-friendly environment in which these methods are
not only useful in development, but also do not consume
the majority of the developer’s computing resources.
This seems to allow faster software development, since
it will take into account not only the developer’s limited
resources, but also the context of the project in which the
work is being carried out.

A key limitation of this study lies in the relatively
narrow scope of the samples, datasets, models, and
evaluation tools utilized. Given the constraints of small
computational resources, expanding these elements in

break; future work presents an important research direction.
} Another notable limitation is the limited depth of
Table 6. CoderEval evaluation results example
Code BERT CodeBERT
Model EM ES BLEU Rouge BLEU Ruby Score Score Passed
CodeGen 0 0.2323 0.1145 0.2481 0.2786 0.1883 0.8328 0.7214 False
Llama 0.1522 0.0387 0.1212 0.1936 0.1009 0.7831 0.6667 False
UniversalMutator 0.8192 1.0000 1.0000 0.6765 1.0000 1.0000 0.9809 False
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analysis. While the results offer valuable insights, a more
detailed exploration of the alignment and, critically,
the discrepancies between metric-based and test-based
evaluation is necessary. Furthermore, the quantity of
data that the open testing benchmarks contain is not
large enough to allow comprehensive analysis and clear
conclusions to be drawn.

Conclusion

This study was conducted to examine the contribution
of various metrics in assessing the relevance and
performance of code generated by language models. The
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