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Abstract

This study investigates how syntax-aware tokenization affects fine-tuning large language models (LLMs) for
detecting Go code style violations. We introduced a syntax-aware tokenization method, deriving tokens from
abstract syntax trees (ASTs) for a Llama 3.2 model, and compared its performance against the model’s standard
sub-word tokenization. Our experiments show that this syntax-aware approach substantially improves model per-
formance in detecting style violations when fine-tuning is restricted to the embedding layer and classification head.
However, this advantage diminishes as additional transformer layers are fine-tuned, with standard tokenization
eventually outperforming the syntax-aware variant due to its better alignment with pretrained knowledge. These
findings highlight an important trade-off: syntax-aware tokenization works best in scenarios requiring minimal
adaptation, whereas standard tokenization provides better performance when deep fine-tuning is feasible. Future
research should focus on optimizing syntax-aware methods by improving AST-to-token mapping, fine-tuning
embeddings only for newly introduced tokens, and increasing their robustness for practical applications.
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1. Introduction

The importance of maintaining a consistent code style across a codebase is widely recognized. This
consistency is especially critical when multiple developers are working on the same project. A clear
and uniform style helps developers more easily understand and review code, improves teamwork,
and reduces misunderstandings. When code follows established formatting and naming conventions,
identifying the program structure and logic becomes simpler, allowing developers to concentrate on
functionality rather than syntax or layout. Reducing cognitive overhead not only speeds up compre-
hension [1], but can also minimize the likelihood of errors during development. Recent studies confirm
that maintaining consistent naming, spacing, and formatting significantly enhances team collaboration
and improves overall code quality [2, 3]. By adopting uniform coding standards, software teams can
greatly increase the quality of their code and the efficiency of their development processes.

A consistent programming style may also serve as a behavioral fingerprint, notably improving the
accuracy of plagiarism detection [4], authorship attribution [5], and even firmware analysis [6].

Many companies and open-source projects enforce specific coding standards, such as Google’s style
guides for Java and Python, to ensure uniformity across their codebases. The Go programming language
goes a step further by including a built-in formatter, gofmt, which automatically formats code into
a canonical style, removing debates over minor style choices. Similarly, widely adopted tools like
Prettier for JavaScript and Ruff for Python automatically enforce a consistent coding style across various
projects.

Code-focused large language models (LLMs), such as CodeLlama [7], StarCoder [8], and DeepSeek-
Coder [9], have shown great effectiveness in software engineering tasks, including code generation
and analysis. However, even in the era of LLMs, readability remains essential to software development.
Atlassian, known for popular development tools like Jira, Confluence, and Bitbucket, demonstrated that
LLMs could be effectively integrated into software workflows without compromising code quality [10].
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Although the long-term influence of LLMs on software maintainability is still being explored, initial
studies are encouraging. In a recent randomized controlled trial (RCT) with 151 professional developers,
Borg et al. showed that Al-assisted coding tools such as GitHub Copilot enabled developers to complete
programming tasks roughly 40% faster without degrading code quality or maintainability. In fact, the
resulting code appeared slightly more maintainable and stylistically consistent, making it easier to hand
over, extend, and support [11].

With the increasing integration of Al into software development, our research seeks to explore
potential improvements in the training and adaptation pipeline for LLMs. The goal is to enable these
models to assist developers not only in writing syntactically correct code but also stylistically consistent
and personalized code. In earlier work, we examined the impact of dataset size on fine-tuning LLMs to
classify Python code as compliant or non-compliant with the specific PEP-8 rule [12]. In the current
study, we focus on another critical aspect of the LLM ecosystem: tokenizer.

Tokenization is an essential initial step in preparing text, including the source code, for analysis by
language models. It involves breaking raw text into smaller, manageable units called tokens. While
simple tokenization methods, such as splitting text by whitespace or punctuation, can be sufficient for
basic tasks, they often rely on regular expressions and lack the flexibility needed for complex applications.
More advanced systems, including LLMs, typically employ sub-word tokenization algorithms like Byte-
Pair Encoding (BPE) [13]. BPE constructs a vocabulary by iteratively merging frequently occurring
character sequences, effectively balancing vocabulary size and handling out-of-vocabulary tokens.

However, an alternative approach is to recognize that code typically follows formal rules, so capturing
its syntactic structure—rather than treating it as a flat sequence of tokens—might be beneficial. Dagan et
al. demonstrated that adopting domain-specific tokenizers can yield significant efficiency improvements
without sacrificing performance or quality [14]. One effective method involves using abstract syntax
trees (ASTs), hierarchical representations that encode the structural syntax of programming languages,
thus providing a richer basis for model training or fine-tuning,.

In this study, we specifically look into whether adding syntax awareness through AST-based to-
kenization makes it easier for a pretrained model to identify multiple style violations and whether
these benefits persist when fine-tuning deeper model layers. We expand the study’s scope to the Go
programming language and reformulate the task as a multi-label classification problem. By utilizing
ASTs to preserve the semantic and formal properties of Go code, we want to enhance the model’s
performance in identifying style violations.

The ultimate aim of our recent research is to better understand strategies for adapting LLMs to
the task of code style analysis, contributing to the broader goal of improving software quality and
reliability.

2. Related work

Research on using LLMs to support code linting and assist developers in detecting potential issues, such
as memory leaks, was conducted by Holden and Kahani [15]. They trained two LLM-based classifiers
on a dataset of code snippets: one classifier identified the presence of issues, while the other classified
the type of issues. Their experiments demonstrated high accuracy (84.9% for issue detection and 83.6%
for issue classification) and showed that the approach was significantly faster than traditional tools,
highlighting the efficiency and versatility of LLMs for code linting tasks.

Han et al. [16] investigated various program representation models, which convert code snippets
into numerical embeddings capturing their semantic meaning. They compared six models based on
ASTs with two simpler text-based models. Evaluation across code classification, clone detection, and
code search tasks revealed no single AST-based model consistently outperformed text-based models.
However, specific AST-based approaches showed superior performance on particular tasks, emphasizing
the importance of both textual and structural code representations.

Practical applications of AST-based methods were explored in works on AstBERT [17] and AST-
T5 [18]. AstBERT integrates ASTs to effectively capture code structure and semantics. Trained on



a large corpus of Java and Python code, AstBERT demonstrated strong performance in tasks like
code question answering, clone detection, and refinement, underscoring the value of structural data
in improving code comprehension. AST-T5 employs structure-aware pretraining strategies, such as
AST-aware Segmentation and AST-aware Span Corruption. This model achieved improved structural
coherence and integrity in code generation, significantly outperforming some larger models without
complex architectural modifications or expensive analyses.

Further developments in structure-aware and grammar-augmented code generation include Struct-
Coder [19] and SynCode [20]. StructCoder incorporates both ASTs and Data Flow Graphs (DFGs) into
its encoder and introduces new auxiliary decoding tasks. This method produced a syntactically correct
and semantically accurate code, achieving state-of-the-art results on various benchmarks. SynCode
implements a grammar-guided decoding strategy that greatly reduces syntax errors in the generated
code, particularly for languages with limited training data. These results highlight the benefits of
grammar-aware techniques in code generation.

The value of grammar-based code representations for LLMs was explored by Liang et al. [21].
The authors examined whether incorporating grammar rules into LLMs remains beneficial, despite
billion-scale models typically generating syntactically correct code. Their GrammarCoder models use
grammar-based representations to significantly improve accuracy in code generation tasks. The study
concluded that grammar-based representations enable LLMs to detect subtle semantic differences more
effectively, confirming their continued usefulness beyond basic syntax error prevention.

3. Methodology

This section describes our methodology, covering dataset construction, tokenizer modifications, model
architecture, and the experimental setup. Our primary goal is to evaluate the impact of syntax-aware
tokenization on detecting style violations in Go code.

We selected the pretrained meta-1lama/Llama-3.2-1B model as our baseline. This model was
then fine-tuned on a curated dataset of Go code snippets using two distinct tokenization strategies: a
standard approach and our proposed syntax-aware method.

All code for data preprocessing, model fine-tuning, and analysis is publicly available in the project’s
GitHub repository’.

3.1. Dataset

Our study uses a dataset derived from the Go subset of “The Stack v2” [8], a comprehensive code
corpus from the BigCode Project®. From over 120,000 Go code samples, we extracted 300 representative
snippets for each of eight style rules defined by the go-critic linter’s “style” group®, resulting in a
multi-label dataset. We made this dataset available on Hugging Face [22].

Table 1 shows eight selected style rules, their descriptions, and label indices. They generally advocate
for replacing certain code constructs with alternatives that are more idiomatic or simpler. The authors of
linters enable most of these rules by default and consider them non-opinionated, meaning the majority
of Go developers would agree they improve code style.

This focus on idiomatic and simple constructs aligns with broader research into code legibility. For
instance, one systematic literature review identified thirteen formatting factors (including indentation,
spacing, block delimiters, line length, and identifier naming conventions) whose impacts on code
comprehension have been empirically studied [23]. Notably, while this review highlighted statistically
significant legibility improvements for some factors, such as proper indentation, its findings for others,
particularly concerning formatting layouts or identifier styles, were often divergent or inconclusive.

'https://github.com/aholovko/go-ast-tokenizer
*https://www.bigcode-project.org
*https://go-critic.com/overview.html#checkers-from-the-style-group
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Table 1
Label definitions for go-critic style violations

Label Rule Description
0 assignOp Simplifiable assignments via operators
1 builtinShadow Shadowing predeclared identifiers
2 captLocal Capitalized local variable names
3 commentFormatting  Non-idiomatic comments
4 elseif Nested if statements replaceable by else-if
5 ifElseChain Repeated if-else statements replaceable by switch
6 paramTypeCombine  Function parameters combinable by type
7 singleCaseSwitch Switch statements replaceable by if

Although label sampling was uniform, most code snippets analyzed contained only one or two distinct
violations, resulting in high label sparsity within our dataset. Figure 1 presents the label cardinality
distribution and the co-occurrence matrix, which illustrate these inter-label relationships.

assignOp
b builtinShadow
EPE s
£ (6.5%) captLocal
-
& commentFormatting
< |22
] (1.0%) elseif
3
ifElseChain 300 g
2
47(0.1%) paramTypeCombine 22
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550 1,100 1,650 2,206
(a) Label cardinality (b) Co-occurrence matrix

Figure 1: Label cardinality distribution and co-occurrence matrix

Label cardinality statistics confirm that the dataset has significant sparsity. Out of 2,206 code snippets,
2,038 contain exactly one style violation, 144 have two, and only 24 contain three or more (Figure 1a).
This means that only 1.1% of samples contain more than two violations, leading to highly sparse
multi-label target vectors where most entries are zero. Such sparsity complicates classifier learning and
increases the risk of overfitting—especially when fine-tuning models with a large number of parameters.
These observations motivated the use of stratified sampling and informed our selection of evaluation
metrics, ensuring robustness under imbalanced label combinations.

A closer examination of label co-occurrence patterns reveals non-trivial relationships between
certain style rules (Figure 1b). For instance, paramTypeCombine frequently appeared alongside
commentFormatting (40 cases), ifElseChain (22), and assignOp (16). This suggests that com-
binable parameter declarations often co-occur with broader structural or stylistic issues. In contrast,
rules like elseif and singleCaseSwitch were largely isolated, with minimal overlap, likely due to
their narrower syntactic scope.

We partitioned the dataset into training, validation, and test subsets using a 70%-10%-20% split,
respectively. This was achieved using the multi-label stratified shuffle method [24] to preserve the label
distribution across all sets.

The data preparation pipeline integrated Go and Python components. A Go-based checker, leveraging
the go-critic linter, was responsible for identifying and recording style rule violations within each code
snippet. A Python wrapper orchestrated data ingestion, filtering, label assignment, stratified splitting,



and the dataset’s publication to the Hugging Face hub.

3.2. Syntax-aware tokenizer

The default Llama tokenizer is based on TikToken and implements Byte Pair Encoding (BPE) [25, 13].
As illustrated in Figure 2, a sample Go code snippet is tokenized into a sequence of 19 sub-word tokens,
excluding the special <begin_of_text> marker.

package sample

func ineGi int) ine { | package | - sample | \n\n | func| - ine |(i: ine )]
i1 |- int |- {\n|\ti]. +=| |t]\n| \treturn |- i|\n|}]
return i

}

Figure 2: Example tokenization with the standard Llama tokenizer

To better align tokenization with Go’s syntactic structure, we extended the tokenizer’s vocabulary
by introducing domain-specific tokens representing core language constructs. These include generic
tokens for identifiers, literals, and comments, as well as specific tokens for operators, control flow
keywords, and structural delimiters, as summarized in Table 2.

Table 2
Syntax-aware special tokens
Token Description
<IDENT> Identifier (variable, function)
<LIT_INT>,<LIT_FLOAT>,<LIT CHAR>,<LIT STRING> Literals
<COMMENT > Code comments
<ASSIGN_OP>, <BINARY_OP> Operators
<IF>, <ELSE>, <SWITCH>, <CASE>, <FUNC>, etc. Specific Go keywords

<LBRACE>, <RBRACE>, <LPAREN> , <RPAREN>, COLON> Delimiters

We implemented this syntax-aware tokenization in Go, utilizing the standard go/ast package.
Source code snippets were first parsed into abstract syntax trees, from which tokens were then extracted
based on their syntactic roles. The resulting token streams were passed to the Python-based training
pipeline via a C-shared library interface. Figure 3 shows an example of this tokenization applied to the
sample code.

| <IDENT> | - sample | | <FUNC> | | <IDENT> |:inc|-| <IDENT> |- i| | <IDENT> |:int || <IDENT> |:int |- |
| <LBRACE> | | <IDENT> |- i| | <ASSIGN OP> || <LIT_INT> | |i|-| <IDENT> |- i| | <RBRACE> |

Figure 3: Sample Go code tokenized with the syntax-aware tokenizer

While our approach involves directly adding new tokens to the vocabulary and fine-tuning their
embeddings, it relates to broader challenges in adapting pretrained language models to new tokenization
schemes. The Zero-Shot Tokenizer Transfer (ZeTT) method by Minixhofer et al. [26] addresses such
problems by introducing a hypernetwork that predicts embeddings for new tokenizers without requiring
additional pretraining. Although ZeTT primarily targets natural language tasks, its core concept—
decoupling the tokenizer from the pretrained model via flexible embedding projection—resonates with
our objective of enhancing syntactic awareness. Our method differs by explicitly learning embeddings
for new syntactic tokens during fine-tuning. However, future work could explore ZeTT-inspired



strategies to potentially reduce retraining overhead or better align syntax-aware embeddings with the
pretrained model’s representational space.

3.3. Experiments

We evaluated the impact of syntax-aware versus standard tokenization through three fine-tuning
configurations:

« Experiment 1: Fine-tuning the classification head only. For the syntax-aware tokenizer, token
embeddings were also fine-tuned.

« Experiment 2: Fine-tuning the classification head and the final transformer layer (layer 15).

« Experiment 3: Fine-tuning the classification head and the last four transformer layers (layers 12

through 15).

Listing 1 illustrates the Llama-based architecture implemented for sequence classification, highlighting
the added classification head (score).

LlamaForSequenceClassification(
(model): LlamaModel (
(embed_tokens): Embedding (128256, 2048)
(layers): ModuleList(
(0-15): 16 x LlamaDecoderLayer (
(self_attn): LlamaAttention(
(q_proj): Linear(in_features=2048, out_features=2048, bias=False)
(k_proj): Linear(in_features=2048, out_features=512, bias=False)
(v_proj): Linear(in_features=2048, out_features=512, bias=False)
(o_proj): Linear(in_features=2048, out_features=2048, bias=False)
)
(mlp): LlamaMLP(
(gate_proj): Linear(in_features=2048, out_features=8192, bias=False)
(up_proj): Linear(in_features=2048, out_features=8192, bias=False)
(down_proj): Linear(in_features=8192, out_features=2048, bias=False)
(act_fn): SiLU()
)
(input_layernorm): LlamaRMSNorm((2048,), eps=1e-05)
(post_attention_layernorm): LlamaRMSNorm((2048,), eps=1e-05)
)
)
(norm) : LlamaRMSNorm((2048,), eps=1e-05)
(rotary_emb): LlamaRotaryEmbedding()
)
(score): Linear(in_features=2048, out_features=8, bias=False)

)

Listing 1: Llama-based architecture with a classification head for multi-label style violation detection

Model selection for each experiment was based on the highest macro-averaged F1 score achieved
on the validation set during training [27]. Final performance evaluations were then conducted on the
held-out test dataset.

Training and evaluation were performed on a system equipped with an NVIDIA L40S Tensor Core
GPU (48 GB VRAM), 16 virtual CPUs, and 128 GB of RAM, optimized for deep learning tasks [28]. We
utilized PyTorch Lightning as the training framework [29].

The loss function used was BCEWithLogitsLoss, which is appropriate for multi-label classification
tasks. We did not apply class weights, as our data collection strategy ensured individual labels have
a balanced representation across the dataset. However, the instance-level sparsity requires a careful
approach to performance evaluation. In Section 3.1, we noted that most code snippets contain only one
or two style violations, and none exceed four. As a result, our multi-label classification task produces
very sparse output vectors, with the vast majority of labels set to zero. This sparsity can mislead
standard evaluation metrics. For instance, when we measured overall accuracy, the fine-tuned model



appeared to jump from a 48% baseline to 85%, suggesting excellent performance. In reality, the model
had simply learned to predict all-zero labels, and the way multi-label accuracy is computed meant
that this trivial “all negatives” strategy scored deceptively high. By contrast, the F1 score remained
below 0.1 throughout training, revealing that the model had not learned to identify any real violations
but had instead defaulted to predicting none at all. To account for this sparsity, we therefore used
macro-averaged Precision, Recall, and F1 score metrics.

Each training session ran for 10 epochs with a batch size of 4 (Table 3), a configuration chosen to
operate within the memory capacity of a single 48 GB NVIDIA L40S GPU without requiring gradient
accumulation.

Table 3
Hyperparameters used for fine-tuning
Parameter Value Notes
Training epochs 10 Fixed across all experiments
Batch size 4 Empirically chosen to fit a single GPU

Learning rate 1 x 107°  Constant throughout training
Optimizer AdamW  $;=0.9, 32,=0.999, e=10"8

LR Scheduler None Learning rate remained fixed
Weight decay 0.01 AdamW default L2 regularization
Dropout 0.0 Llama pretraining setting

Embeddings for the newly introduced syntax-aware tokens were initialized following the default
strategy of Hugging Face’s transformers library. This strategy, based on work by Hewitt [30],
involves sampling new embeddings from a multivariate normal distribution parameterized by the mean
and covariance of the existing pretrained embedding matrix. Such an approach aims to align new
embeddings with the established representational space, potentially improving stability and accelerating
convergence. While we did not explore semantically targeted averaging for initialization (e.g., combining
embeddings of if and else to initialize a generic <IF> token), such task-specific strategies are reserved
for future work.

To manage GPU memory constraints during fine-tuning, we employed several optimization tech-
niques:

« Mixed precision training using “bf16-mixed” to balance computational precision with memory
footprint [31];

« Gradient checkpointing to reduce memory by recomputing forward activations during backpropa-
gation instead of storing them;

+ KV-cache disabling to avoid storing large key/value tensors during the forward pass.

Finally, we deliberately decided to use full rather than parameter-efficient fine-tuning (PEFT) methods
(e.g., LoRA, QLoRA). This choice ensures that all model weights, including those potentially affected
by the introduction of syntax-aware tokenization, were fully updated and adapted during the training
process [32].

4. Results

In this section, we present the outcomes of our experiments, comparing the performance of standard
and syntax-aware tokenization across different fine-tuning configurations. All reported F1, precision,
and recall scores are macro-averaged.

4.1. Experiment 1: Fine-tuning classification head

In the first experiment, where only the classification head (and embeddings for the syntax-aware
tokenizer) were fine-tuned, the syntax-aware tokenizer achieved a considerably higher validation F1



score than the standard tokenizer. As shown by the training dynamics in Figures 4 and 5, the validation
F1 score for the syntax-aware tokenizer reached 0.282 (precision: 0.535, recall: 0.208) by epoch 5,
compared to the best value of 0.056 for the standard tokenizer in epoch 10.

The model using the standard tokenizer showed minimal reduction in training loss and did not
generalize well to the validation set (validation F1 score < 0.056).
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Figure 4: Fine-tuning with standard tokenizer
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For the syntax-aware model, overfitting became apparent after epoch 5, with training loss decreasing
towards zero while validation loss began to increase (Figure 5a). This suggests that further improvements
could be achieved through early stopping, regularization techniques (e.g., dropout, weight decay), or
dataset augmentation. We did not apply such optimizations, as the primary objective was to compare
tokenizer performance under equivalent fine-tuning setups. Nevertheless, these techniques as well as
advanced loss functions tailored for multi-label scenarios [33] could be explored in future work.

4.2. Experiment 2: Fine-tuning with transformer layer 15 unfrozen

Unfreezing the final transformer layer (layer 15) alongside the classification head led to different
outcomes for the two tokenizers, as shown in Figure 6. The standard tokenizer’s performance improved
substantially, achieving a validation F1 score of 0.515. The syntax-aware model also improved but
achieved a comparatively lower validation F1 score of 0.318.
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4.3. Experiment 3: Fine-tuning with layers 12-15 unfrozen

With deeper fine-tuning involving layers 12 through 15 (Figure 7), the standard tokenizer showed
further improvement, reaching a validation F1 score of 0.728. The syntax-aware model’s validation F1
score was 0.320 in this configuration, indicating no significant improvement over Experiment 2 for this
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Figure 7: Fine-tuning with layers 12-15 unfrozen

4.4. Evaluation and resource comparison

Table 4 summarizes the performance on the test set and resource consumption for all experimental
configurations.

In Experiment 1 (classification head fine-tuning only), the syntax-aware model (B) achieved a test
set F1 score of 0.290, substantially outperforming the standard model (A), which scored 0.066. This
improved performance came with a higher number of trainable parameters (262M vs. 16.4K) and greater
GPU memory usage (37.5 GB vs. 8.2 GB).

As more transformer layers were unfrozen for fine-tuning, the standard tokenizer’s performance
exceeded that of the syntax-aware variant. In Experiment 2 (layer 15 unfrozen), the standard model
achieved F1 score of 0.470, compared to 0.340 for the syntax-aware model. In Experiment 3 (layers
12-15 unfrozen), this gap widened, with the standard model reaching F1 score of 0.718 versus 0.313 for



Table 4
Test set performance and resource usage (A = standard; B = syntax-aware)

Experiment 1 Experiment 2 Experiment 3
Metric A B A B A B
F1 0.066 0.290 0.470 0.340 0.718 0.313
Loss 0.393 0.348 0.556 0.594 0.395 0.533
Precision 0.246 0.495 0.550 0.505 0.765 0.410
Recall 0.039 0.219 0.421 0.262 0.706 0.279
Trainable Params  16.4K 262M 60.8M 323M 243M 506M
GPU Memory 82GB 375GB 103GB 388GB 199GB 43.6GB

the syntax-aware model. These trends were generally consistent across precision and recall metrics
on the test set. The syntax-aware model consistently required more trainable parameters and GPU
memory across all experimental setups.

5. Ablation study

We performed an ablation study to separately assess the impact of syntax-aware tokenization and
embedding adaptability on model performance. All experiments used the Llama 3.2-1B architecture,
with fine-tuning limited to the classification head and input embeddings. This setup allowed us to
clearly evaluate the individual and combined effects of tokenization strategy and embedding training.

Table 5
Ablation study results on the validation set

ID  Tokenizer = Embeddings Trainable  F1 Precision Recall

Al Standard No 0.056 0.167 0.033
A2 Standard Yes 0.215 0.547 0.142
B1 Syntax-aware No 0.070 0.231 0.456
B2 Syntax-aware Yes 0.282 0.535 0.208

The main insights from this ablation study are:

Impact of training embeddings (A1 vs. A2): Making the embeddings trainable significantly
boosted performance for the standard tokenizer. The F1 score increased nearly fourfold (from
0.056 to 0.215), precision more than tripled (from 0.167 to 0.547), and recall improved over fourfold
(from 0.033 to 0.142). This highlights the importance of fine-tuning embeddings for effective
learning, especially in sparse multi-label classification tasks.

Syntax-aware tokenization (A1 vs. B1): Introducing syntax-aware tokens while keeping
embeddings frozen resulted in a moderate F1 score improvement (from 0.056 to 0.070). Recall
increased substantially from 0.033 to 0.456—the highest recall value observed in this ablation
study. Precision also improved, rising from 0.167 to 0.231. These results suggest that syntax-aware
tokens, even without fine-tuning embeddings, enhance the model’s ability to identify violations.
Combined strategy (A2 vs. B2): The combination of syntax-aware tokenization and trainable
embeddings (B2) yielded the highest overall performance in this study, achieving the best F1 score
(0.282). Compared to the standard tokenizer with trainable embeddings (A2), this configuration
showed comparable precision (0.535 vs. 0.547 for A2) and notably improved recall (0.208 vs.
0.142 for A2). This suggests that syntax-aware tokenization and embeddings fine-tuning are
complementary.

Impact of training syntax-aware embeddings (B1 vs. B2): Making the embeddings trainable
for the syntax-aware tokenizer significantly improved performance. Precision increased from



0.231 to 0.535. While recall decreased (from 0.456 to 0.208), the substantial gain in precision led
to a much higher F1 score (0.282 for B2 vs. 0.070 for B1). This shift indicates that training the
embeddings helped the model become more discerning, reducing the tendency to over-predict
violations that was apparent with frozen syntax-aware embeddings.

In summary, key takeaways from this ablation study include:

+ Syntax-aware tokenization notably boosts recall due to its targeted representation;
« Embedding adaptation significantly improves precision by refining token semantics for the task;
+ Integrating both approaches (B2) provides the most balanced and effective model.

These findings validate our strategic choice of combining syntax-aware tokenization with embeddings
adaptation, demonstrating its effectiveness when fine-tuning for style violation detection is restricted
to the classification head and input embeddings.

6. Discussion

This study aimed to investigate the impact of syntax-aware tokenization on detecting style violations
in Go code, comparing it against standard sub-word tokenization across various fine-tuning depths.
Our experiments revealed a nuanced relationship: the syntax-aware tokenizer notably outperformed
the standard tokenizer when fine-tuning was limited to the classification head and the embedding
layer (Experiment 1). In this scenario, the syntax-aware tokenizer achieved a test set F1 score of 0.290,
significantly exceeding the standard tokenizer’s score of 0.066. However, it is important to recognize
that the syntax-aware approach fine-tuned the entire embedding layer, updating many more parameters
than the standard tokenizer, which fine-tuned only the classification head. This larger parameter
space, combined with explicitly encoded syntactic information, likely contributed to its initial strong
performance.

However, this initial advantage diminished as more transformer layers were unfrozen during fine-
tuning (Experiments 2 and 3). The standard tokenizer demonstrated continuous performance improve-
ments with deeper fine-tuning, ultimately achieving an F1 score of 0.718. In contrast, the syntax-aware
tokenizer’s performance plateaued at approximately 0.31-0.34. This shift suggests that the standard
tokenizer is more effective at leveraging the increased capacity gained from additional unfrozen layers
by adapting its well-established pretrained parameters. Conversely, the syntax-aware tokenizer faced
several challenges. Its extensive set of syntax-based embeddings required more training data or better
optimization strategies. Additionally, the altered sequence structures resulting from syntax-aware
tokenization might have limited the model’s ability to utilize its pretrained knowledge effectively. The
available dataset may also have been insufficient to fully train the new embeddings and adapt the model
appropriately.

These contrasting outcomes present practical implications for choosing tokenization strategies in
code analysis tasks, such as code linting. Syntax-aware tokenization is particularly beneficial when
fine-tuning is focused primarily on the embedding and classification layers, with minimal adjustments
to deeper transformer layers, as demonstrated in Experiment 1. In this context, syntactic information
provides a clear and valuable signal to the model. However, when resources allow deeper fine-tuning of
additional layers, standard tokenization generally offers greater performance by effectively leveraging
extensive pretrained knowledge. Thus, the key challenge for syntax-aware methods in deeper fine-
tuning scenarios involves efficiently training syntactic token embeddings and effectively adapting the
model to the new input structures.

The current study has several limitations, which also point to opportunities for future research.
Firstly, the design of our syntax-aware tokenizer—specifically the mapping from abstract syntax tree to
tokens—was relatively basic and could benefit from more advanced or customized AST-based features.
Secondly, our AST-based approach requires fully syntactically correct code, limiting its applicability to
incomplete or erroneous code snippets, which are common in real-world scenarios. Thirdly, certain



experimental choices, made to ensure a fair comparison between tokenizers, may have constrained the
syntax-aware tokenizer’s potential. The observed overfitting in Experiment 1 indicates that standard
regularization methods, such as early stopping, dropout, or weight decay, might enhance performance
if applied. Moreover, specialized loss functions designed for sparse multi-label classification, like those
proposed by Zhang and Wu [33], could offer additional improvements.

Future research should therefore address these limitations and pursue further improvements. One key
direction involves refining the AST-to-token mapping process to generate more effective syntax-aware
tokens. Applying regularization techniques, implementing early stopping, and utilizing specialized
loss functions represent essential next steps for optimizing the fine-tuning process. Integrating new
syntactic embeddings with the model’s pretrained knowledge is another important area. Future studies
could explore more parameter-efficient strategies, such as selectively training embeddings for newly
introduced syntactic tokens instead of retraining the entire embedding layer. Techniques such as
embedding projection or alignment, inspired by advances like Zero-Shot Tokenizer Transfer [26],
could help bridge this gap and reduce retraining efforts. Finally, improving the robustness of syntax-
aware tokenization for real-world scenarios involving syntactically incorrect code is essential. This
could include developing error-tolerant parsing techniques, leveraging partial ASTs, or creating hybrid
approaches that dynamically combine AST-based tokens with traditional sub-word units, greatly
enhancing the applicability and effectiveness of syntax-aware tokenization in diverse programming
environments.

7. Conclusion

This study demonstrates that syntax-aware tokenization can substantially enhance language model
performance in detecting coding style violations when fine-tuning is limited to the classification
head and input embeddings. Under such conditions, syntax-enriched tokens offer valuable structural
information that accelerates learning by making Go-specific syntactic patterns more explicit to the
model.

However, this initial advantage diminishes as more layers of the pretrained model are unfrozen for
fine-tuning. Standard tokenization, by better leveraging extensively pretrained knowledge across a
larger number of adaptable layers, tends to achieve better performance in deeper fine-tuning configu-
rations. This reveals a crucial trade-off: the immediate effectiveness of explicit syntactic information,
which particularly benefits lightweight adaptation, versus the broader adaptive capacity of established
pretrained models when more extensive training is available.

Therefore, the choice of tokenization for code analysis depends on available resources and desired
fine-tuning depth. Syntax-aware methods are a good starting point for efficient model adaptation
in specific cases. However, future work needs to improve their scalability and how they work with
more broadly trained models. Key areas for development include better embedding alignment and
stronger tokenization models, aiming for code language systems that are both syntax-aware and highly
adaptable.
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