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ABSTRACT Logging is a fundamental practice in software engineering, supporting monitoring, debugging,
and system comprehension. However, determining where to insert log statements, what information to
record, and how to phrase messages remains a labor-intensive and error-prone task. Recent research has
explored automated logging; however, most approaches rely on domain- or language-specific pretraining,
limiting applicability across diverse projects and environments. This paper investigates whether large
language models (LLMs) trained on general code and natural-language corpora can eliminate the need
for task-specific pretraining in automated logging. In our setting, models do not perform any Java- or
task-specific pretraining but are trained only through lightweight supervised fine-tuning on the logging
dataset. We compare LEONID, a state-of-the-art pretraining-centric logging system, and off-the-shelf
models, including T5, CodeT5, and Qwen, without additional Java-specific pretraining. This evaluation
encompasses single-log injection (levels, variables, positions, and messages), log-message quality assessed
using reference-based metrics, and multilog injection, requiring multiple statements in a method. The
results indicate that general-purpose LLMs rival or surpass LEONID in several aspects. Notably, Qwen-7B
improves insertion position accuracy by 14 percentage points, addressing one of the most critical factors
for the practical deployment of automated logging. Moreover, CodeT5 and Qwen achieve competitive
or superior performance in message generation, and Qwen-7B demonstrates stronger structural reasoning
for insertion positions and multilog scenarios. Although LEONID remains more stable in level selection
and variable binding, the findings indicate that task-specific pretraining is not universally required. This
work provides the first head-to-head evaluation of a pretraining-based approach versus off-the-shelf LLM
approaches for automated logging, offering practical guidance for when to apply custom pretraining and
when general-purpose models are sufficient.

INDEX TERMS Automated logging, code intelligence, large language model, software engineering
automation.

I. INTRODUCTION
Logging is a crucial practice in software engineering that
enables the monitoring, debugging, and comprehension of
complex systems [23]. Well-placed and carefully written log
statements allow developers to identify performance bottle-
necks, investigate failures, and ensure system reliability [4].

The associate editor coordinating the review of this manuscript and

approving it for publication was Xin Sun .

In contrast, misplaced or low-quality logs hinder root-cause
analyses, increase operational costs, and may introduce
cybersecurity and privacy risks [7]. Despite well-established
best practices, determining where to insert logs, what
information to record, and which log level to use remains
challenging and laborious.

An increasing body of research [5], [14], [15], [19],
[26] has explored automated logging techniques to address
this challenge. Early efforts have focused on specific
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subproblems, such as recommending log levels or predicting
insertion points. More recent approaches have extended
this scope to end-to-end log statement generation, address-
ing multiple elements (e.g., position, level, variable, and
message) [8], [17], [18]. Collectively, these studies have
demonstrated the feasibility of deep or machine learning-
based automation, providing developers with valuable sup-
port beyond manual practices.

However, previous state-of-the-art (SOTA) methods [17],
[18] share a critical limitation: they rely on pretraining
tailored to specific software repositories or programming
languages. For example, LEONID [17], which represents
a SOTA method in automated log injection, requires
domain-specific pretraining on Java projects to achieve com-
petitive accuracy. This dependency restricts generalizability,
as models trained on one repository or language often
perform poorly when applied to other projects [11]. Hence,
the industrial applicability of these methods remains limited,
and deploying them in practice would require costly and
repeated pretraining for every new codebase.

This paper addresses this limitation by investigating
whether large language models (LLMs) can eliminate the
need for task-specific pretraining. Unlike prior systems,
LLMs, including T5 [22], CodeT5 [25], and Qwen [2],
are pretrained on massive multilingual corpora that include
diverse programming languages and natural-language text.
These models are readily available without additional
pretraining for a repository or programming language,
which prompts the central research question of this paper:
To what extent can general-purpose code LLMs, without
domain-specific pretraining, achieve competitive or superior
performance in automated logging tasks?

To answer this question, we conduct a systematic empirical
study comparing SOTA pretraining-centric systems with
general-purpose code LLMs on core logging tasks: single-
log injection (position, level, variable, and message), log-
message quality, and multilog injection. The results reveal
that general-purpose models perform comparably to or better
than specialized pretrainedmodels while eliminating the need
for project-specific pretraining. This finding significantly
broadens the applicability of automated logging techniques
to diverse repositories and industrial contexts.

This paper makes the following contributions:

• Systematic evaluation of logging is performed without
domain-specific pretraining. This work compares pre-
trained systems (i.e., LEONID) with general-purpose
code LLMs under identical conditions.

• This work demonstrates the effectiveness of code
LLMs, revealing that they can match or outperform
pretraining-based systems across multiple logging tasks,
challenging the assumption that task-specific pretraining
is indispensable.

• This paper provides empirical evidence of the general
applicability of code LLMs, enabling deployment across

diverse repositories and environments without repeated
pretraining.

The remainder of this paper is organized as follows. Section II
reviews prior work on automated logging and machine learn-
ing for code. Next, Section III describes the experimental
design and models. Then, Section IV presents the results and
analysis. Finally, Section V discusses the implications for
practice and research, and Section VI concludes the paper.

II. RELATED WORK
This section reviews prior studies on automatic log generation
and the baseline methods upon which we built our proposed
approach.

A. AUTOMATED LOG GENERATION
Automated log generation has been studied from multiple
perspectives, reflecting the importance of logging for pro-
gram comprehension, debugging, and maintainability [4],
[23]. Early research [5], [14], [15], [19], [26] has relied
on heuristics or lightweight statistical models to identify
potential log statements. Although these methods provide
initial insight, they are limited in capturing the semantic and
structural context of the source code.

Later efforts introduced machine learning techniques to
enhance automation. Several studies have addressed specific
subproblems, including predicting whether a given location
requires a log statement, recommending appropriate log
levels, or generating natural-language log messages. These
approaches demonstrated that data-driven methods could
outperform static rules and offer practical support for
developers.

More recently, end-to-end approaches have emerged,
aiming to generate complete log statements, including
position, level, variables, and messages [8], [17], [18]. This
trend represents a significant step toward realistic automation
because it mirrors the multifaceted decisions developers face
when writing logs. However, as summarized in Table 1, most
of these studies remain constrained in two respects. First, they
are often limited to single-log injections and address only a
subset of logging elements. Second, many systems rely on
pretraining that is tightly coupled with specific repositories
or programming languages, hindering their applicability to
diverse projects.

This dependency on task- and domain-specific pretraining
raises concerns regarding their generalizability and industrial
adoption. A system that must be retrained for every new
repository or language incurs significant overhead, making
widespread deployment challenging. This work revisits
automated log generation under this changing landscape by
examining whether large, general-purpose code models can
deliver comparable or superior performance without tailored
pretraining.

In an early attempt, Yao et al. [26] introduced Log4Perf,
a statistical approach that identifies performance-critical code
regions and recommends them for logging locations. This
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TABLE 1. Summary of methods and targets related to this study.

study was among the first to connect log placement with
performance monitoring, demonstrating improved support
for web-based systems. However, the method was tailored to
this context and lacks general applicability to broader logging
tasks.

Building on runtime adaptation,Mizouchi et al. [19] devel-
oped PADLA, a dynamic log-level adapter that uses online
phase detection to adjust logging verbosity at runtime. Their
approach introduced the novel idea of adapting log levels
dynamically, reducing the cost of continuous detailed logging
while preserving useful diagnostic information. However,
its effectiveness depends on anomalies that manifest as
measurable performance deviations.

Li et al. [14] applied a sequence-to-sequence model
based on the recurrent neural network to generate auto-
matic log messages from source code. This study was
the first to employ neural networks for log text synthe-
sis, improving message fluency and consistency compared
to rule-based baselines. Nevertheless, the model captured
surface-level patterns without incorporating deeper semantic
information.

Extending their work, Li et al. [15] proposed DeepLV,
which treats log-level recommendation as an ordinal classi-
fication task. By recognizing the ordinal nature of log levels,
the approach presented a more principled method to predict
severity than prior heuristic methods. This method achieved
higher accuracy than the baselines; however, it relies on
training data from specific Java projects and struggles with
cross-project generalization.

Advancing automated message generation, Ding et al. [5]
presented LoGenText, a transformer-based neural machine
translation system that generates logging texts from code and
its context. Their method achieved strong empirical results,
significantly outperforming the prior baselines in BLEU
and human evaluations. However, this approach requires
task-specific pretraining and remains limited to Java projects.

Mastropaolo et al. [18] contributed LANCE, the first
framework capable of generating complete log statements,
including position, level, and message. This work marked
substantial progress toward end-to-end log automation,
demonstrating the feasibility of integrating multiple log-
ging elements in a single framework. Although promising,
LANCE requires large-scale pretraining to achieve limited
accuracy for message generation.

Mastropaolo et al. [17] extended this line of research
with LEONID, which combines retrieval with pretraining
to improve log statement injection. The system displayed
stronger consistency and structural reliability than LANCE
but continued to depend on Java-specific pretraining, limiting
its portability across languages and domains.

In summary, prior studies have made significant progress
toward automating various aspects of logging, from log
placement and level recommendations to natural-language
message generation and end-to-end statement injection.
However, as discussed, all recent deep learning-based meth-
ods share a critical dependency on task- or domain-specific
pretraining, limiting their generalizability and practical
adoption in industrial contexts. This gap motivates this study,
which evaluates whether large code models can achieve
competitive or superior performance in automated logging
tasks without custom pretraining.

B. LARGE LANGUAGE MODELS
Automated log generation can be considered a sequence-to-
sequence problem. The source code is given as input, and
the corresponding log statement is produced as output. This
formulation aligns well with encoder–decoder architectures,
where the encoder extracts structural information from the
code and the decoder generates the target log message.
Earlier neural approaches [17], [18] rely on encoder–decoder
models, with T5 [22] and its extensions as representatives.

The T5 method [22] introduced the text-to-text paradigm,
performing all natural-language processing tasks into a
unified encoder–decoder framework. Although pretrained
primarily on natural language, the T5 architecture is suitable
for tasks that map structured inputs to textual outputs, making
it a natural baseline for log generation.

Extending this design with code-aware pretraining objec-
tives and a vocabulary enriched with source-code tokens,
CodeT5 [25] enables stronger program understanding and
semantic alignment. Thus, CodeT5 has become a common
choice for code-related sequence generation tasks, including
logging.

In contrast, recent LLMs, such as Qwen [2], have adopted
a decoder-only architecture. Despite the absence of a separate
encoder, their massive pretraining on mixed code and
natural-language corpora endows them with strong structural
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reasoning and fluent text generation. The Qwen2.5-Coder1

is instruction-tuned for programming tasks across multiple
languages. Its large parameter scales (1.5 B to 7 B) enable
the examination of whether general-purpose decoder-only
models can rival or surpass encoder–decoder systems in
automated logging, potentially reducing the need for custom
pretraining.

This architectural contrast reflects a broader shift in the
field. Previous log automation systems have consistently
relied on encoder–decoder models combined with task-
and language-specific pretraining, often tied to a single
programming language or repository. Although effective in
controlled settings, such reliance hinders scalability and
industrial adoption. Decoder-only models, including Qwen,
demonstrate that large-scale pretraining across diverse code
and natural-language corpora can yield competitive or
superior performance without task-specific customization.

In summary, prior studies have heavily relied on
encoder–decoder models with task-specific pretraining,
whereas recent decoder-only LLMs demonstrate that
broad pretraining can achieve comparable results without
tailored adaptation. This transition motivates this work,
which conducts the first comparison of pretraining-centric
encoder–decoder approaches and general-purpose decoder-
only code models for automated logging, clarifying when
specialized pretraining is necessary and when modern LLMs
already suffice.

III. RESEARCH MOTIVATION
As Sections I and II discuss, logging is indispensable
for ensuring the reliability and maintainability of modern
software systems. Effective logs accelerate debugging, enable
performance monitoring, and provide safeguards against
failures and risks [28]. Conversely, misplaced or low-quality
logs can prolong problem resolution, introduce operational
overhead, and potentially expose security vulnerabilities.
In large and rapidly evolving projects, where millions of lines
of code are constantly evolving, the cost of insufficient or
incorrect logging compounds quickly [10].

Despite considerable progress in automated logging,
most research has addressed only isolated aspects of the
problem. For example, several approaches [5], [14], [15],
[26] have focused solely on log-level recommendations or
insertion-point predictions, without addressing other crucial
components, such as variable binding or message generation.
As Section II-A discusses, more recent research [17], [18]
has advanced toward end-to-end log statement generation,
yet these methods remain tied to specific programming
languages (most commonly Java) and rely heavily on
domain-specific pretraining. Such dependence limits their
generalizability and poses practical barriers for adoption in
diverse industrial contexts.

Moreover, LLMs trained on vast corpora of code and
text exhibit robust performance in structural code reasoning

1https://huggingface.co/Qwen/Qwen2.5-Coder-7B-Instruct

and natural-language generation without requiring custom
pretraining for each downstream task [1], [2]. This con-
trast raises a fundamental question: Are domain-specific
pretrained models necessary for effective log automation,
or can modern code LLMs achieve competitive or superior
performance out of the box? From a practical perspective, this
is a matter of accuracy and deployability regarding whether a
solution can scale across projects and languages without the
prohibitive cost of continuous pretraining.

This gap between reliance on pretraining and the potential
of off-the-shelf LLMs motivates this work. This study
investigates whether SOTA off-the-shelf models, including
T5 [22], CodeT5 [25], and Qwen [2], can perform automated
logging tasks without additional pretraining. By comparing
these general-purpose models against pretraining-centric
baselines under identical conditions, this work aims to clarify
the role of pretraining in automated logging and offer
guidance on when specialized models are warranted and
when a lightweight adaptation of general-purpose models is
sufficient.

IV. DESIGN AND IMPLEMENTATION
This section presents the design and implementation of the
proposed method. This section describes the automatic log
generator and its workflow, covering single- and multilog
injection (Section IV-A. Then, this section details the
evaluation protocol for structural elements (level, variable,
and position) and message quality (Section IV-B), followed
by the datasets and experimental setup (Section V-B).

A. AUTOMATIC LOG GENERATOR
The proposed automatic log generator was designed to
synthesize log statements for target methods by applying
logging patterns observed in similar code (Fig. 1). Given
a target method without logs, this approach retrieves struc-
turally similar methods from the same project by computing
the Jaccard similarity [20] over token sets. The Jaccard
similarity was selected due to its efficiency and effectiveness
in capturing the lexical overlap between code methods, which
was sufficient for identifying reusable logging contexts [17].
From each retrieved method, existing log statements were
removed via AST parsing to ensure the structural integrity
of the code. The stripped code with the original log messages
and similarity scores was combined with the target method to
form the input sequence.

This work adopts three SOTA code language models
as the generation engines: T5 [22], CodeT5 [25], and
Qwen [2]. Unlike prior studies that require domain-specific
pretraining on large Java corpora, the proposed models use
general-purpose pretrained checkpoints and are fine-tuned
only on the logging dataset, without any additional Java-
specific pretraining. For T5-based models, this work extends
the vocabulary with source-code-specific tokens to better
capture programming constructs and semantics.

The models were configured to generate the four crit-
ical components of a log statement: log level, variables,
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FIGURE 1. The framework consists of two phases. In the training phase (left), prior methods require domain-specific
pretraining followed by finetuning to obtain a final model, whereas our approach eliminates pretraining and relies solely
on lightweight finetuning of general-purpose code models. In the usage phase (right), given a target method without
logs, structurally similar methods are retrieved from the project, and the log generation model predicts log
statements—including level, variables, position, and message—for single or multi-log injection.

insertion position, and natural-language message. Although
single-log injection is straightforward, multilog injection
requires reasoning regarding the program control flow and
structural context, rendering it a more challenging and
realistic scenario. The final output is a completed method
with synthesized log statements inserted at the predicted
locations, enabling the assessment of the feasibility of log
automation in diverse software settings.

B. EVALUATION OF GENERATED LOG
As Sections II-A and IV-A discuss, the proposed framework
achieves competitive accuracy compared to prior methods
and demonstrates cross-programming language applicabil-
ity via fine-tuning alone, without additional pretraining.
To assess the effectiveness of the proposed approach,
we adopted the SOTA LEONID evaluation method [17].
To ensure a fair comparison, we reimplemented LEONID
using the source code provided by the authors and exe-
cuted it under the same experimental environment as the
proposed models. This approach enables us to evaluate
whether general-purpose pretrained models with supervised
fine-tuning are sufficient to match or surpass systems that
rely on extensive domain-specific pretraining. Although other
studies (see Section II-A) provide valuable insight, their
scope is often limited to individual logging elements (e.g.,
only levels or positions), making a direct end-to-end com-
parison with the proposed framework infeasible. Therefore,
we restricted the primary evaluation baseline to LEONID,
which supports comprehensive log statement injection.

For the single-log injection, where a target method contains
exactly one log statement, we evaluated the accuracy of
each individual logging element. The log levels, variables,
and insertion positions were measured using the exact
match against the ground truth, whereas the quality of the
log message was assessed using multiple reference-based
natural-language generation metrics, including BLEU [21],
METEOR [3], ROUGE-RCS [16], and Levenshtein dis-
tance [12]. Fig. 2 illustrates the evaluation protocol for single-
log injection, displaying the input methods, correct injection

FIGURE 2. Examples of input, correct, and incorrect cases in single-log
injection. Incorrect cases illustrate elementwise mismatches, such as
variable, level, and message errors.

TABLE 2. Training hyperparameters for evaluated models.

examples, and incorrect cases where individual elements
(level, variable, and message) are mismatched.

For the multilog injection, where multiple log statements
are required in the same method, the evaluation accounts for
the correctness of the predicted number of log statements.
Each generated statement is matched against reference logs
in terms of the insertion positions, log levels, and variables
using the exact match. Unlike the single-log case, we did not
compute BLEU-based scores for log messages in multilog
scenarios, as message quality is more difficult to quantify
when multiple reference messages coexist. Fig. 3 presents the
evaluation protocol for the multilog injection. Incorrect cases
highlight that even small deviations, such as case sensitivity
or spacing differences, are penalized under the exact-match
criteria, reflecting the strictness of the evaluation.

213264 VOLUME 13, 2025



D.-S. Wang et al.: Automated Logging With LLMs: Eliminating Task-Specific Pretraining

FIGURE 3. Examples of input, correct, and incorrect cases in multilog
injection. Incorrect cases illustrate mismatches due to differences in case
or spacing.

V. EXPERIMENTAL SETUP
A. DATASET
We evaluated the proposed models on the dataset introduced
by LEONID [17]. The dataset was constructed from widely
used Java projects on GitHub, selected based on popularity
(measured by the minimum number of GitHub stars),
activity, and code quality. Each method in these projects
was annotated with corresponding log statements, including
the log level, message, variable, and insertion position. This
dataset has become the de facto benchmark for automated
log generation. We adopted the same training, validation,
and testing splits as in LEONID to ensure comparability,
comprising 192,773 training instances, 24,092 validation
instances, and 24,088 testing instances.

B. MODEL TRAINING SETUP
We trained four representative models without addi-
tional Java-specific pretraining: T5-base,2 CodeT5-base,3

Qwen2.5-Coder-1.5B-Instruct,4 and Qwen2.5-Coder-7B-
Instruct.5 All models were trained under comparable
conditions, using the AdamW optimizer, with early stopping
based on the validation loss. Table 2 summarizes the detailed
hyperparameters.

In addition to model training, our evaluation pipeline
incorporates the retrieval component used in LEONID [17].
We identify structurally similar methods from the same

2https://huggingface.co/google-t5/t5-base
3https://huggingface.co/Salesforce/codet5-base
4https://huggingface.co/Qwen/Qwen2.5-Coder-1.5B-Instruct
5https://huggingface.co/Qwen/Qwen2.5-Coder-7B-Instruct

project using Jaccard similarity over normalized tokens.
A fixed minimum-overlap threshold of five shared tokens
and the top-k = 3 neighbors are used, consistent with
the configuration in LEONID’s implementation. Token
normalization includes lowercasing, punctuation removal,
and Java identifier splitting. Retrieval is an essential part of
the LEONIDmultilog pipeline, as retrieved examples provide
structural context for predicting multiple insertion positions.
Disabling this module causes the pipeline to fail, so we adopt
it unchanged to ensure strict comparability with prior work.

Although T5 was included in the training setup,
it consistently produced syntactically invalid Java code
that could not be parsed by the AST-based evaluation
pipeline used in LEONID. We attempted several mitiga-
tion strategies—including adding code-specific vocabulary,
applying token-level normalization, and enforcing stricter
decoding constraints—but the generated outputs remained
unparsable. As a result, the structural andmessage-generation
metrics could not be computed reliably for T5. Therefore,
its results are reported as unavailable (‘‘–’’) in Tables 3
and 5. This limitation suggests that, without domain-specific
pretraining on Java code, encoder–decoder models such as T5
struggle tomaintain syntactic fidelity, whichmay also explain
why prior work (e.g., LEONID [17]) did not consider T5 as
a baseline.

VI. RESULTS
The goal of this study was to evaluate the effectiveness
of general-purpose code models in supporting automated
logging tasks compared to domain-specific pretrained sys-
tems. We assessed two scenarios: (i) single-log injection,
measuring accuracy across log levels, variables, insertion
positions, and message quality; and (ii) multilog injection,
assessing the correctness of the number of log statements and
the structural accuracy. The datasets described in Section V
define the experimental context, and Section IV-B details the
evaluation method.

This work aims to answer the following research questions:

• RQ1: How accurately do different models perform a
single-log injection in terms of structural correctness and
message quality?

• RQ2: How effectively can models handle multilog
injection, including the number of statements and
structural elements?

• RQ3: Beyond exact matching, how do models compare
in robustness and message quality, particularly in mul-
tilog scenarios where BLEU provides a more tolerant
measure?

A. RESEARCH QUESTION 1
Tables 3 and 4 report the results of single-log injection across
structural elements and log-message quality. As illustrated in
Fig. 2, single-log injectionwas evaluated along four structural
dimensions: variable, level, message, and position, along-
side message quality metrics, including BLEU, METEOR,
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TABLE 3. Accuracy on structural elements of single-log injection.

ROUGE-RCS, and the Levenshtein distance. Based on these
criteria, we derived four critical findings.

First, although LEONID [17], the SOTA baseline, relies
on extensive pretraining on Java projects, the models without
domain-specific pretraining achieved comparable or superior
performance. This baseline finding demonstrates that recent
LLMs, pretrained on diverse code and natural language, can
rival or outperform task-specific systems without being tied
to a single programming language.

Second, when predicting log insertion positions, a crucial
aspect for the practical usefulness of logging, the proposed
models, particularly Qwen-7b and Qwen-1.5b, outperformed
LEONID (93.76% and 94.11%, respectively, vs. 79.61%).
As in Fig. 2, incorrect log positions can cause syntactically
invalid code and compilation errors. Therefore, superior
performance in position prediction underscores a decisive
advantage of large code models because it ensures that
generated logs integrate seamlessly into the host program.

Third, variable prediction remains a challenging subtask
across all models, with accuracy values of 50% to 57%.
Although Qwen-7b matched LEONID in this regard, none of
the models achieved consistently high accuracy. This result
indicates that grounding log statements to the correct program
variables remains a problem for domain-specific and general-
purpose models.

Fourth, log-message quality metrics reveal a tradeoff.
Qwen and CodeT5 performed comparably or better than
LEONID on the BLEU, METEOR, ROUGE-RCS, and
Levenshtein distance metrics, suggesting that broad pre-
training on diverse codebases enables more natural and
readablemessages. In contrast, LEONID achieved the highest
accuracy in log-level prediction (72.83%), reflecting the
stability conferred by task-specific pretraining. These results
indicate a tradeoff between stability (log level and variable
fidelity) and adaptability (message fluency and structural
reasoning).

Finally, contrasting LEONID with the proposed off-the-
shelf models clarifies the cost–benefit tradeoff. The LEONID
model achieved the highest accuracy in log-level prediction;
however, it relies on Java-specific pretraining and task-
specific engineering. In contrast, Qwen-7b/1.5b and CodeT5,
without domain-specific pretraining, match or exceed the
results of LEONID on message quality and outperform it
in terms of insertion position. These results indicate that
the marginal gains of custom pretraining are concentrated
on the level or variable stability, whereas general-purpose
models deliver superior structural placement and comparable

or better messages with a much lower engineering cost and
greater portability across repositories and languages.

Thus, the single-log injection experiments revealed that
off-the-shelf large code models, such as Qwen, offer clear
advantages. These models combine competitive message
generation with superior structural accuracy, avoiding the
cost and inflexibility of custom pretraining. Their decisive
gains on the insertion position, the most critical element for
ensuring syntactic validity and seamless integration into the
host program, demonstrate that large code models can rival
and surpass domain-specific pretrained systems in the critical
aspects for practical logging automation.

B. RESEARCH QUESTION 2
Table 5 presents the results of multilog injection measured
using the exact-match accuracy. As illustrated in Fig. 3,
multilog injection requires models to predict the correct
position, level, and variables for each log statement and
match the exact number of log statements in a method.
This strict protocol means that even minor discrepancies in
a log message, such as spacing, punctuation, or variable
ordering, are treated as errors. Thus, multilog injection is
substantially more challenging than single-log scenarios, and
Fig. 3 demonstrates how semantically valid but superficially
mismatched predictions are penalized under the exact-match
approach. This finding highlights a critical limitation: exact
matching underestimates practical utility when multiple valid
log variants exist.

Multilog injection is of practical importance, as real-world
methods often require multiple logs at various stages (e.g.,
input validation, process monitoring, and output reporting).
Failure to manage this task correctly forces developers to edit
or add missing statements manually, reducing the effective-
ness of automated logging systems. Although the absolute
accuracy values remain low, this reflects the strictness of the
exact match; in practice, many near-miss predictions are still
semantically valid and interpretable by developers.

In the experiments, T5 and CodeT5 failed to achieve
exact matches, consistent with their limited code-specific
pretraining (see Section VI-A). In contrast, the Qwen models
presented clear promise: Qwen-7b slightly outperformed
LEONID (17.44% vs. 16.99%), and Qwen-1.5b performed
competitively. This result indicates that large code models
can approach and exceed domain-specific systems on this
challenging task, despite lacking log-specific pretraining.
Unlike LEONID, which requires extensive customization
for Java, Qwen achieved this performance off-the-shelf,
underscoring the portability and efficiency of modern code
LLMs.

To the best of our knowledge, this is the first empirical
study demonstrating that multilog injection is feasible with
general-purpose LLMs. These findings imply that future
advances could benefit from hybrid designs that integrate the
retrieval of similar logging contexts with LLM generation,
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TABLE 4. Natural-language quality metrics on single-log messages.

TABLE 5. Exact-match accuracy for multi-log injection.

improving robustness in multilog scenarios and reducing the
manual effort required in practice.

C. RESEARCH QUESTION 3
Before presenting the natural-language evaluation, we first
note thatmulti-log injection in prior works (e.g., LEONID [17]
and LANCE [18]) is assessed using strict exact-match
criteria. While such criteria are necessary for ensuring
structural correctness, they often underestimate practical
utility, as small lexical differences may not affect the
semantics of a log message. To address this limitation,
our evaluation includes complementary relaxed metrics for
the message-generation component. These reference-based
metrics (BLEU,METEOR, ROUGE-L, Levenshtein) capture
semantic similarity even when outputs differ lexically,
thereby providing a more balanced assessment of model
performance in multi-log scenarios.

Sections VI-A and VI-B focus on the structural accuracy of
log injection, and this section complements that perspective
by examining the natural-language quality of the generated
messages. This distinction is crucial: even if the insertion
positions, variables, and levels are correct, poor or unintel-
ligible messages can undermine the practical utility of the
automated logs.

Table 6 presents the natural-language quality metrics
for single-log-message generation, where LEONID [17]
achieved the highest BLEU scores, yet its authors noted that
the message quality is often underestimated by automatic
metrics. Manual inspection revealed that many outputs
penalized as errors differed only in spacing, punctuation,
or capitalization, remaining semantically equivalent to the
reference. The same phenomenon occurred in this work:
exact-match–based metrics exaggerated errors, and many
near-miss messages remained acceptable to developers.

Manual inspection at scale is impractical; hence, this
work relies on established reference-based metrics (BLEU,
METEOR, ROUGE-L, and Levenshtein distance) to approxi-
mate the message quality. These metrics provide complemen-
tary perspectives. For example, BLEU is highly sensitive to
token overlap, often sharply decreasing for minor variations.
Furthermore, METEOR and the Levenshtein distance are
more tolerant, capturing semantic similarity despite lexical
or structural differences. This reference-based metric per-

formance explains why CodeT5, despite its lower BLEU
scores, performs well in terms of the METEOR and Leven-
shtein distance, indicating concise yet semantically accurate
messages. The Qwen models achieved high BLEU scores
by producing lexically overlapping content, but the weaker
Levenshtein distance results suggest verbosity or structural
drift. Although behind on BLEU, T5 attained competitive
ROUGE scores, preserving critical tokens and phrases
even with limited fluency. To document this phenomenon
more concretely, Appendix section provides representative
near-miss examples from our evaluation. Although these
outputs fail under exact-match scoring, they preserve the
same semantics as the reference and would be acceptable to
developers in practice.

These findings align with broader observations in log
research. Prior studies have emphasized that log data are
unstable, and anomaly detection depends more on captur-
ing robust patterns than on exact textual matches [27].
Large-scale evaluations of log parsing confirm that accu-
racy significantly deteriorates for rare or parameter-heavy
logs, underscoring the need for robustness rather than
correctness [9]. Recent prompt-based few-shot approaches
have demonstrated that preserving semantic fidelity is more
important than exact token matching [13].
Overall, these results highlight the necessity of interpreting

automatic metrics in context. Developers rarely require exact
replication; instead, clarity in expressing variables, system
states, and error descriptions is more critical. Moreover, prior
empirical studies have found that even human-written log
messages are often revised or rephrased during software
evolution [9], indicating that exact textual replication is
rarely maintained in practice. In realistic workflows, auto-
mated systems present candidate logs for developer review.
Further, near-miss outputs, which are penalized by metrics
but semantically valid, retain their substantial practical
value.

Therefore, the findings demonstrate that recent general-
purpose models can produce log messages of meaningful
quality without log-specific pretraining. Although LEONID
relies on extensive domain-specific pretraining to achieve
strong BLEU overlap, large code models (e.g., Qwen and
CodeT5) deliver comparable or superior performance in
metrics that better reflect semantic fidelity. This finding
implies that future advances may benefit from hybrid designs
that integrate the retrieval of similar logging contexts with
LLM generation, improving robustness in multilog scenarios
and reducing manual efforts in practice.
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TABLE 6. Natural-language quality metrics for multi-log messages.

VII. DISCUSSION AND FUTURE WORK
This study offers insight into the comparative performance of
pretraining-based and general-purpose models for automated
logging while addressing the broader challenges that remain
in this field. The results demonstrate that large code
models can rival or surpass specialized systems in several
dimensions, yet they also reveal crucial limitations that
motivate future research.

One limitation is the dataset, as the evaluation used
LEONID, relying on a large-scale Java corpus (the de
facto benchmark for log generation). Although this approach
enables direct comparability, it restricts the findings to a
single language ecosystem. The generalizability of the results
to other programming languages (e.g., Python or C++) or
industrial projects with heterogeneous logging conventions
remains uncertain. Ground-truth logs are unstable, and
projects adopt widely varying styles, from concise state
reporting to verbose capturing of every variable. Such
stylistic diversity undermines the assumption that refer-
ence logs are an absolute standard. Thus, the exact-match
evaluation often penalizes semantically valid and useful
generated logs because the style differs from that of the
reference.

Although our evaluation is limited to Java due to dataset
availability, it is important to note that the LEONID
benchmark is already constructed from a diverse collection of
independent GitHub repositories. Each project adopts its own
coding conventions, logging practices, and structural pat-
terns, meaning that the fine-tuning and evaluation pipelines
naturally operate under a cross-project setting.

Unlike LEONID—which requires task-specific pre-
training on 12.6M unlabeled Java methods to support
generalization—our models rely solely on supervised
fine-tuning over 192k–229k annotated instances drawn
from heterogeneous projects. The ability of general-purpose
LLMs such as Qwen and CodeT5 to match or exceed
LEONID without any task-specific pretraining provides
implicit evidence that these models generalize across projects
within the scope of the available benchmark. Nevertheless,
evaluating cross-language or out-of-distribution repositories
remains an open challenge and represents an important
direction for future work once comparable datasets become
available.

The limitations of the current evaluationmetrics compound
this problem. The BLEU, METEOR, ROUGE-L, and Leven-
shtein distancemetrics capture surface-level textual similarity
without fully measuring whether a log message conveys the
correct program state or variable values. The results illustrate

this mismatch, as CodeT5 produced semantically accurate
messages that scored poorly under BLEU, whereas Qwen
realized higher BLEU scores through verbose outputs that
contributed little utility. These discrepancies highlight the
necessity for new semantically aware metrics or human-in-
the-loop evaluations that more accurately reflect developer
usefulness.

In addition, our evaluation does not account for deeper
semantic factors such as verbosity drift, duplicate-token
inflation, or adherence to message content constraints (e.g.,
explicit mention of key variables, state descriptors, or error
identifiers). These aspects are important for assessing the
practical usefulness of developer-facing logs but are not
captured by surface-level n-gram metrics. Since our study
follows the LEONID protocol for strict comparability,
we intentionally did not introduce new message templates or
human annotation criteria. Nevertheless, developing seman-
tically grounded evaluation frameworks—potentially com-
bining message constraints, verbosity analysis, and human-
in-the-loop assessments—represents a valuable direction for
future research.

Thus, as our evaluation protocol follows LEONID, all
structural and textual judgments are handled automatically
using deterministic metrics, without manual adjudication
or inter-annotator validation. Borderline cases—such as
spacing, casing, or punctuation differences—are therefore
marked as errors even when the generated message is
semantically equivalent to the reference. To make these
phenomena transparent, Appendix section provides repre-
sentative near-miss examples that illustrate where automated
metrics diverge from human judgment. While this ensures
strict reproducibility of the evaluation, developing semanti-
cally grounded or human-in-the-loop assessment protocols
remains an important direction for future work.

We also conducted exploratory tests using generative
pretrained transformer 4.5 (GPT-4.5) to examine whether
prompt-only instruction tuning could serve as a practical
solution. However, the results were unstable and often
not reproducible. Even in single-log scenarios, the model
frequently generated multiple log statements or failed to
adhere to the constraints, rendering systematic analysis
infeasible. Therefore, this work does not report the quan-
titative results for GPT, but these preliminary observations
indicate that prompt-only approaches are insufficient for
logging automation, where reliability and control are crucial.
Controllable generation techniques, such as lightweight fine-
tuning, constraint-based decoding, or structured generation,
are necessary to make such models practical.
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Our study is designed around a focused objective:
evaluating whether LEONID’s task-specific pretraining over
12.6 million unlabeled Java methods is truly necessary,
or whether modern general-purpose LLMs can achieve
comparable performance using only supervised fine-tuning.
To ensure a clean comparison, we intentionally kept the
entire LEONID pipeline unchanged—including retrieval,
task formulation, and evaluation design. Altering the pipeline
(e.g., modifying retrieval settings, redefining sub-tasks,
or probing architectural factors in isolation) would introduce
multiple confounding effects, making it unclear whether
performance differences arise from the model architecture or
from changes in the task definition itself.

Even within this controlled setup, architectural patterns
naturally emerge: Qwen (decoder-only) demonstrates strong
structural sensitivity, particularly in insertion-position and
multilog prediction; CodeT5 (encoder–decoder) provides
high semantic fidelity in message generation; and LEONID
remains stable in categorical sub-tasks such as variable and
log-level prediction. These observations illustrate comple-
mentary strengths across model families without modifying
the evaluation framework.

A particularly notable finding is that our fine-tuned
general-purpose models require only 192k–229k annotated
training instances, yet still match—or even surpass—
LEONID, which depends on extensive task-specific pre-
training over millions of unlabeled methods. This suggests
that such large-scale domain-specific pretraining may no
longer be necessary, substantially reducing both data and
computational requirements for automated logging systems.

This comparison highlights complementary strengths
across model classes. Qwen excels in structural sensitivity,
achieving superior performance in insertion position and
multilog scenarios. CodeT5 demonstrates strong semantic
fidelity in message generation, whereas LEONID remains
stable and reliable in log-level and variable prediction.

In addition, our evaluation relies on the retrieval mecha-
nism defined in LEONID [17], which identifies structurally
similar methods using Jaccard similarity over normalized
tokens. We adopt the same configuration—lowercasing,
identifier splitting, punctuation removal, a minimum-overlap
threshold of five shared tokens, and the top-3 nearest
neighbors (k = 3)—to ensure strict comparability with
the pretraining-based baseline. Because LEONID’s multilog
pipeline depends on retrieved examples to supply structural
context, disabling this module prevents the system from
producing valid predictions, making an on/off ablation
infeasible. Prior work by the same authors (LEONID and
LANCE [18]) has already shown that removing retrieval
leads to significant drops in multilog accuracy, indicating that
its contribution has been previously validated. Nevertheless,
its robustness under code duplication, vendor directories,
or generated sources remains an open challenge, and
exploring alternative similarity measures—such as AST-
based similarity, control-flow proximity, or deduplication-

aware retrieval—offers a promising avenue for improving
multilog prediction in future work.

We retain the Jaccard similarity configuration because it is
the exact retrieval mechanism used in LEONID and LANCE,
enabling a controlled comparison that isolates the impact
of pretraining versus fine-tuning. Replacing Jaccard with
embedding-based or AST-aware retrieval would modify the
structural context provided to all models, introducing con-
founding factors that obscure the interpretation of our results.
Moreover, prior work has shown that Jaccard similarity is
effective for identifying structurally similar methods in the
multilog setting, where token-level overlap better reflects
structural proximity than semantic similarity. While explor-
ing richer retrieval mechanisms such as AST-based similarity,
control-flow proximity, or deduplication-aware retrieval is an
important direction for future work, such investigation lies
outside the scope of our controlled evaluation framework.

A notable limitation of this study is the relatively low
accuracy in multi-log injection (<20%) across all evaluated
models. This limitation is not specific to general-purpose
LLMs: prior work such as LEONID reports similarly low
performance in multilog settings, reflecting the inherent
difficulty of predicting multiple insertion positions within
a single method. This suggests that the challenge arises
from the task formulation itself, rather than from any
particular model architecture. While our primary goal is to
assess whether task-specific pretraining is necessary—and
the results indicate that general-purpose models can perform
comparably to pretraining-based baselines—improving mul-
tilog robustness remains an important direction for future
research. Techniques such as retrieval-enhanced generation,
structured decoding constraints, or multi-position prediction
mechanisms may help mitigate this challenge.

Therefore, no single model dominates across all dimen-
sions. Hybrid designs that integrate complementary strengths
may offer the most effective solutions. For example, retriev-
ing similar logging contexts and combining them with
LLM-based generation could enhance robustness in multilog
injection while further reducing reliance on domain-specific
pretraining.

Our evaluation corpus is constructed from multiple inde-
pendent open-source repositories, each with its own coding
conventions and logging styles. While such repository-level
differences may influence message phrasing or stylistic vari-
ation, our study does not explicitly examine how generated
logs differ across projects serving different audiences or
application domains. Prior work has noted that demographic
or domain-specific factors can affect textual characteristics
in developer-facing messages [6], [24]. A diversity-aware
analysis—examining how log messages vary across reposito-
ries or user contexts—remains outside the scope of this work
but represents a promising direction for future research.

Overall, these observations indicate several promising
directions for future research. Research should advance
toward semantically aware evaluation methods that better
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capture the practical utility of the generated logs. Expanding
datasets to cover multiple languages and diverse repositories
is essential for validating generalization beyond use for
Java. Hybrid retrieval-generation approaches are promising
for combining stability with flexibility, and controllable
generation methods are necessary to address the limitations
of prompt-only LLMs. Finally, automated logging should be
framed as a developer-in-the-loop tool; rather than replacing
human judgment, systems should present candidate logs that
developers can review, edit, and adopt. Integrating these
workflows into integrated development environments (IDEs)
or continuous integration pipelines offers value in real-world
software engineering practice. In summary, although the
findings reveal that custom pretraining is not necessarily
required for automated logging, achieving practical adoption
requires advances in model design, evaluation methods,
dataset diversity, and integration into developer workflows.

VIII. CONCLUSION
This study revisits the role of pretraining in automated
logging and presents the first systematic comparison of
domain-specific pretrained systems and general-purpose
code LLMs. The results demonstrate that large code models,
including Qwen and CodeT5, can perform comparably to
or superior to SOTA pretrained systems while eliminating
costly, project-specific pretraining.

Beyond accuracy, the findings have practical implications.
Pretraining pipelines require considerable data collection,
annotation, and computational costs, making them chal-
lenging to sustain in practice. In contrast, the results
indicate that off-the-shelf models offer robust performance,
particularly in insertion position prediction, which is critical
for syntactic correctness and seamless integration. This
approach substantially reduces the engineering overhead for
deploying logging automation in real-world systems.

These results broaden the industrial applicability of
logging automation, suggesting that this approach can be
adopted across diverse projects and languages without
prohibitive customization. For practitioners, this applicability
enables the integration of automated logging into IDEs or
continuous integration/continuous delivery workflows as a
lightweight, developer-assist tool. For researchers, the study
reframes the role of pretraining in code intelligence. Rather
than a universal requirement, pretraining emerges as a tar-
geted technique for stabilizing variables and levels, whereas
general-purpose models already deliver robust outcomes in
message quality and structural reasoning.

Future work should advance semantic-aware evaluation
metrics, explore cross-language datasets, and investigate
hybrid designs that combine retrieval with LLM-based gen-
eration. Automated logging should evolve into a developer-
in-the-loop paradigm, balancing automation with human
oversight to ensure reliability and practical value in software
engineering practice.

DATA AVAILABILITY
All datasets, prompt example, and source code used in this
study are available anonymously at
https://figshare.com/s/fb93db8e62798a485bf3

APPENDIX
A. WHITESPACE DIFFERENCES

B. LOGGER IDENTIFIER VARIANTS
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C. CASE SENSITIVITY

D. PUNCTUATION AND EMPHASIS VARIATIONS
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