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Automatic code comment generation is crucial for enhancing code readability,
maintainability, and developer efficiency. However, existing models often treat source code
as static text, overlooking its dynamic execution behavior. To address this, we propose
Transformer with Markov modeling (TMH) a hybrid architecture that combines static
lexical embeddings with behavioral signals derived from control-flow semantics. This dual-
view representation enables the model to capture both what the code says and how it
behaves. To further enhance relevance, we introduce an entropy-guided attention
mechanism that prioritizes tokens critical to control logic during decoding. TMH
outperforms state-of-the-art baselines (e.g., SeTransformer, ALSI-Transformer) by +1.91
BLEU-4 and +1.37 METEOR on large-scale Java datasets. Human evaluations confirm
improved accuracy and contextual fluency, particularly for logic-heavy methods. By
unifying static and dynamic code understanding, our approach advances neural code

summarization and paves the way for more intelligent, behavior-aware documentation tools
in software engineering.

Copyright ©2025 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
By under the Creative Commons Attribution International License (CC BY 4.0).

I. INTRODUCTION

High-quality comments are essential for understanding, maintaining, and evolving complex software systems. However, writing
and updating comments is often neglected due to time pressures and lack of tool support, resulting in incomplete or outdated
documentation [1]. Traditional tools offer limited assistance for generating accurate and coherent summaries of source code behavior [2].
Recent advances in deep learning particularly Transformer-based models have significantly enhanced automatic code summarization by
leveraging large-scale code-comment datasets [3]. Over the past decade, research in this field has grown rapidly, fueled by progress in
natural language processing and machine learning [4]. However, existing models often fail to produce summaries that capture both
syntactic accuracy and semantic intent [5]. A key challenge is treating code as static text, which overlooks its runtime behavior. For
instance, implicit dependencies across execution paths hinder the generation of meaningful summaries [6]. Additionally, benchmarks like
those used for Codex are often restricted to simple code snippets, failing to reflect the complexity of real-world programming tasks [4].

To address these issues, we propose a novel architecture, Transformer with Markov modeling (TMH) that explicitly models both
the code’s structure and its runtime behavior. Markov chains are well-suited for this task, as they capture probabilistic transitions between
semantic code states (e.g., Assignment — Conditional — Return), reflecting common execution paths. We encode these transitions as
behavioral signals and integrate them with lexical embeddings through a dual-view architecture. This design allows the model to
dynamically balance syntax and behavior via a learned attention mechanism, producing more informative and behaviorally aligned
comments. Furthermore, we introduce an entropy-guided attention mechanism that enhances the decoding process by prioritizing control-
critical tokens associated with ambiguous or branching behavior. This approach focuses the model on semantically significant regions,
improving the relevance and clarity of generated comments.
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We evaluate TMH on a widely used Java code-comment benchmark, comparing it against strong baselines like SeTransformer [7]
and ALSI-Transformer [8]. TMH achieves a +1.91 BLEU-4 improvement over ALSI-Transformer [8] the largest margin reported for this
dataset and a +1.37 gain in METEOR. Human evaluations confirm that TMH generates more accurate, fluent, and context-sensitive
summaries, particularly for logic-intensive methods.

Our contributions are as follows:

e Dual-View Code Representation: We introduce a Transformer architecture that combines lexical embeddings with Markov-
derived control-flow signals, enhancing the model’s ability to capture dynamic execution behavior.

e Entropy-Guided Attention: We propose a novel attention mechanism that improves comment relevance by 22% in human
evaluations for control-heavy code by prioritizing ambiguous execution states.

e Empirical Gains over Strong Baselines: We demonstrate that TMH significantly outperforms state-of-the-art models (e.g.,
SeTransformer) in both automatic metrics and human evaluations.

e Behavior-Aware Decoding Framework: We offer a generalizable decoding strategy that balances structural and behavioral
cues, paving the way for more semantically grounded code summarization models.

Paper organization: Section Il surveys related work. Section Il presents the TMH architecture, including dual-view embeddings
and entropy-guided decoding. Section IV evaluates TMH’s performance and analyzes results. Sections V discusses limitations. The
conclusion addresses implications and future directions.

Il. RELATED WORK

Code summarization plays a vital role in improving software readability, maintainability, and developer onboarding. Effective
summarization requires capturing both static structure and dynamic execution patterns. However, most existing methods rely
predominantly on static analysis, overlooking runtime behavior. To provide a clearer taxonomy, we classify prior work into five
paradigms: Transformer-based models, Graph Neural Networks (GNNs), hierarchical representations, meta-learning, and iterative
refinement. In contrast, our Transformer with Markov modeling (TMH) explicitly incorporates dynamic behavior through Markov chains,
enabling stronger alignment between code and comments (Section 1V). The following subsections review each paradigm, highlight their
limitations, and explain how TMH addresses these gaps. A comparative overview is presented in Table 1.

1.1 TRANSFORMER-BASED MODELS: SYNTACTIC AND SEMANTIC ENCODING

We define semantic alignment as the extent to which generated comments faithfully reflect both syntactic structure and runtime
behavior. Transformer architectures dominate code summarization due to their ability to capture long-range dependencies via self-
attention. CodeBERT [9] leverages masked language modeling on code—NL pairs, while PLBART [10] adapts sequence-to-sequence
pretraining for fluent summaries. Decoder-only LLMs such as Codex [11] produce natural text but often suffer from semantic drift,
particularly in nested control flows or error handling. Industrial tools like GitHub Copilot frequently hallucinate summaries due to static-
only training [11]. Recent improvements target better code—comment fidelity. ALSI-Transformer [8] enhances lexical-syntactic alignment
through Code-Aligned Type sequences, while SeTransformer [7] integrates semantic parsing for logic comprehension.

Other adaptations include layered Transformers for CSS rule generation [12], MarianCG for Python code translation [13], and
ensemble-based approaches for robustness [14]. Hybrid methods, such as Re_Trans [4], combine retrieval with generative Transformers
for improved accuracy. Despite their success, Transformers remain constrained by computational overhead [15] and evaluation metrics
(BLEU, ROUGE) that inadequately capture semantic alignment [9]. TMH augments syntactic modeling with runtime analysis via Markov
chains (Subsection 111.2), outperforming state-of-the-art Transformer variants by leveraging dynamic execution patterns. While
Transformers excel at sequence modeling, they struggle to capture explicit structural relationships, which motivates the use of GNNSs.

1.2 GRAPH-BASED NEURAL NETWORKS: STRUCTURAL CODE REPRESENTATION

To overcome Transformers’ structural limitations, GNNs represent code as graphs derived from Abstract Syntax Trees (ASTs),
Data Flow Graphs (DFGs), or Control Flow Graphs (CFGs). Devign [16] employs Graph Convolutional Networks for vulnerability
detection, while GraphCodeBERT [17] integrates DFGs with Transformers via graph-guided attention. Although GNNSs capture structural
dependencies, they introduce overhead in graph construction, particularly for long methods (>200 LOC). Condensation steps can cause
edge loss, degrading summary accuracy, and their static nature neglects runtime behavior [16]. TMH complements GNNs by modeling
dynamic execution paths using lightweight Markov chains (Section 111.2). While GNNs flatten hierarchical relations, hierarchical models
preserve code’s multi-level abstraction.

1.3 HIERARCHICAL REPRESENTATIONS: MULTI-LEVEL CODE ABSTRACTION

Source code exhibits a hierarchical organization from tokens to statements, methods, and classes motivating hierarchical modeling.
ASTNN [18] encodes sequences of statement-level subtrees with Bi-GRUs, while CAST [19] recursively reconstructs AST subtrees for
coherent summaries. StructCoder [20] integrates AST and dataflow predictions into a Transformer decoder to improve code generation
quality. Other efforts include Hybrid-DeepCom [21], which fuses AST and lexical embeddings, and path-based models like Code2Seq
[22].

However, hierarchical methods face challenges in cross-language generalization, especially in dynamically typed languages such
as Python and JavaScript. Furthermore, cross-level attention mechanisms (e.g., linking statements to methods) remain underexplored.
TMH addresses these gaps through a dual-view architecture that dynamically weights hierarchical structures, improving semantic
alignment.
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11.4 META-LEARNING: ADAPTING ACROSS CODEBASES

Meta-learning aims to improve cross-task and cross-codebase generalization. Mastropaolo et al. [23] demonstrate that pretraining
T5 on natural language and code followed by multi-task fine-tuning benefits tasks such as bug fixing and mutation detection. However,
meta-learning approaches incur high computational costs, requiring extensive retraining across tasks. TMH achieves robustness more
efficiently by embedding behavior-aware features derived from runtime execution.

1.5 ITERATIVE REFINEMENT: FEEDBACK-DRIVEN SUMMARIZATION

Single-pass models limit opportunities for refinement. CodeRL [24] introduces reinforcement learning with critic feedback (e.g.,
unit tests) to iteratively improve summaries, achieving substantial gains in METEOR scores. CAST [19] incorporates iterative AST
reconstruction for improved coherence. While such methods enhance semantic alignment, they substantially increase computational
overhead. TMH mitigates this cost by employing entropy-guided attention to prioritize semantically critical code regions within a single
pass, achieving efficiency comparable to multi-pass refinement.

Table 1: Comparison of code summarization paradigms.

Paradigm Execution Behavior Capture Code—Comment Alignment | Compute Cost
Transformers None Moderate Very High
GNNs Static (CFG/DFG) Moderate Very High
Hierarchical Static (AST) High Moderate
Meta-Learning None Low High
Iterative Refinement Partial Runtime High High
TMH (Ours) Dynamic (Markov) High Moderate

Source: Authors, (2025).
I11. THE TMH ARCHITECTURE: A TRANSFORMER-MARKOV HYBRID FRAMEWORK

In this section, we present the structure and processing of the inputs used by our proposed model for automatic code comment
generation. Our objective is to move beyond static code representations by introducing a probabilistic view of execution flow. This hybrid
approach enables the model to generate comments that are not only syntactically accurate but also aligned with the dynamic behavior and
intent of the underlying code.

L1 LIMITATIONS OF TRADITIONAL INPUT REPRESENTATIONS

Most existing approaches rely on preprocessing pipelines that extract primarily lexical and syntactic features from source code.
These include token embeddings, syntax tree traversals, and handcrafted rule-based structures. While these methods are effective in
representing the appearance and grammatical structure of code, they often treat it as a static artifact focusing on syntactic form rather than
runtime behavior. This limitation becomes evident when models are tasked with generating descriptive comments for complex logic. For
instance, while a static analysis might identify the presence of a loop or a conditional block, it provides little insight into the flow of
execution or how values transform across code statements. As a result, comments generated from such inputs may appear fluent but lack
depth or relevance in describing the function’s purpose.

111.2 MARKOV TRANSITION MODELING

To model execution dynamics beyond static syntax, we propose a Markov transition component that captures the probabilistic
relationships between semantic code operations (e.g., Assignment — Loop, Conditional — Return). This behavioral signal enhances the
model’s ability to generate comments that reflect the code’s true dynamic intent especially in cases where syntax alone is ambiguous or
insufficient.

111.2.1 Code State Definition

In our approach, each state in the Markov Chain corresponds to a coarse-grained semantic unit of code, such as Assignment,
Conditional, Loop, Method Call, or Return Statement. These states are extracted from intermediate representations like abstract syntax
trees (ASTs) or control flow graphs (CFGs). This abstraction filters out low-level variability, such as naming conventions or formatting,
while preserving the essential control and data flow structure. These semantic units are chosen to represent fundamental program
behaviors that recur frequently across imperative languages and are critical for capturing the logic behind code execution.

111.2.2 Transition Construction

We construct the transition model by analyzing large-scale open-source code corpora, extracting sequences of semantic units based
on control-flow adjacency. A transition from one state s(i) to another s(i + 1) is recorded each time they occur consecutively in the
execution path, as determined via static analysis (CFG traversal). The probability of transitioning from state s(i) to state s(i + 1) is
defined as:
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count(s(i)—>s(i+1))+a
Yk count(s(i)—>s(k))+a' |S]

P(si+1D|s@))=

€Y)
Where:

e count(s(i) = s(i + 1)) is the observed number of transitions,

e« isasmoothing constant (we use Laplace smoothing with & = 0.1),

o |S] is the total number of states in the set S.

This process results in a transition probability matrix, capturing the typical flow behavior found in the dataset. For example, frequent
transitions from Conditional — Return often indicate early-exit logic, while Loop — MethodCall may suggest iteration over a collection.
To quantify the uncertainty of these transitions, we compute the entropy of each state s(i) as:

H(s(®) = —Z max (P(s(j) | s(@) ), €) logmax(P(s()) | s(@)),€), €=10"12 (2)
j

This entropy is normalized by log|S| to produce H(s(i)) € [0,1], ensuring consistency across codebases with varying numbers of
states |S|. This normalized entropy H (s(i)) is reused in Subsection 111.5 to guide encoder attention, decoder cross-attention, and decoding
bias, as described later. For numerical stability in subsequent computations, we define a clipped probability:

P(s() | s@)) =max(P(s()|s@@))e), €=10"12 3)
And use P when computing logarithms for the attention bias matrix.
[11.2.3 Transition Embedding

For each token in the source code, we derive a behavioral embedding based on the Markov Chain’s transition context. These
embeddings are constructed as follows:

e Tokens are first mapped to their corresponding semantic code states using AST or CFG annotations. Tokens without explicit
states (e.g., operators or literals) inherit the state of their enclosing AST node or are assigned a default [UNK_STATE].

e For each token i mapped to state s(i), the corresponding row in the transition matrix, p; = [P(s(j) | s(i))]'jszll, is used as the
initial embedding vector.
e These vectors are passed through an embedding layer, which can be:

o Precomputed from the training data to reflect global control-flow patterns.
o Fine-tuned during model training to adapt to project-specific or domain-specific codebases.

This results in a sequence of transition-aware embeddings, aligned with the token positions, and ready to be fused with lexical
embeddings:

Xﬂaw = Embedﬂaw(P) (4)
Where P = {p4, P, -, Pn} IS the sequence of transition probability vectors, with each p; = [P(s(j) | s(i))]'.s'

i1 representing the
transition probabilities for token i.
111.2.4 Motivation

Traditional token-level embeddings focus on what code looks like, but fail to capture what it does. Our Markov-based modeling
provides a complementary view capturing how semantic actions unfold over time. This is especially useful for:

e Ambiguous code: A Conditional — Return sequence implies a guard clause or early exit, even if syntactically terse.
e Compact idioms: A high Loop — MethodCall probability suggests iteration and transformation behavior.

By encoding these tendencies, our model gains a behavioral prior, enabling it to generate comments that are both syntactically fluent
and semantically aligned with execution logic.

111.3 DUAL-VIEW INPUT EMBEDDING LAYER

The input to our model leverages two parallel streams of information, providing a powerful dual-view representation of source code.
These streams are designed to capture both surface-level syntactic structure and deeper behavioral flow. This combination is crucial for
learning representations that reflect both what the code is and what it likely does, thereby enhancing the quality of generated comments.
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111.3.1 Lexical Embedding

To encode lexical information, we tokenize source code using Byte Pair Encoding (BPE), a subword segmentation technique well-
suited for handling rare and compound identifiers in code. BPE helps the model generalize across naming patterns by decomposing
identifiers into meaningful units (e.g., getUserData into get, User, Data), making it robust to unseen tokens and stylistic variations. Each
token is mapped to a dense vector through a learnable embedding matrix. These vectors capture syntactic cues such as variable names,
function keywords, operators, and literals. In addition to the embedding itself, we add positional encodings to retain information about
token order an essential component in transformer-based architectures.

Formally, given a token sequence T = {t,, t,, ..., t,}, the lexical embedding layer produces:

X,ex = Embed,,(T) + PosEnc(T) (5)
Where Embed,, is a learnable embedding function and PosEnc is a sinusoidal or learned positional encoding.
111.3.2 Behavioral Embedding (Markov-Based)

In parallel, we derive a behavioral embedding for each token using the Markov transition model described in Subsection I11.2 Each
token is mapped to its corresponding semantic code state—such as Assignment, Loop, or Conditional—based on its role in the control
flow graph (CFG) or AST annotations. For each state, we extract the corresponding row in the transition probability matrix, representing
the likelihood of transitioning to other semantic units. This transition context vector encodes behavior-aware flow information and serves
as the input to a secondary embedding layer.

The behavioral embedding layer supports two modes of operation:

e Precomputed: Embeddings are derived directly from transition statistics over the training set, capturing global control-flow
priors.

e Fine-tuned: Embeddings are initialized from the precomputed vectors but updated during training to adapt to task- and domain-
specific behaviors.

The final output of the behavioral embedding layer is a sequence of flow-aware embeddings aligned with the token sequence, as
defined in Equation (4).

111.3.3 Alignment and Preparation

Lexical and behavioral embeddings are token-aligned by design for each tokent;, the corresponding x,., ; and Xg,,,; represent the
same code unit from different perspectives. To ensure compatibility in downstream fusion, both embedding types are projected to a shared
dimensionality (e.g., dq1)- This alignment facilitates multi-view fusion, described in the next subsection. By incorporating both syntax
and control flow, the resulting token representations allow the model to understand not only what is written but also how it behaves.

111.4 ADAPTIVE ATTENTION-BASED FUSION

To effectively utilize both lexical and behavioral perspectives of source code, our model introduces a multi-view attention fusion
mechanism. This component dynamically integrates two complementary streams of information, allowing the model to prioritize
structural or behavioral signals based on the specific context of each token. This adaptivity is essential for generating comments that
reflect both what the code says and what it is likely to do.

I11.4.1 Motivation and Design Rationale

Static fusion methods, such as concatenation or fixed gating, assign equal or uniform importance to all input types across every
token. While computationally simple, these approaches fail to account for variations in code complexity:

e In control-heavy structures like nested loops or conditionals, behavioral embeddings carry rich execution context that is crucial
for comment generation.
e Incontrast, for declarative or assignment statements, lexical embeddings often suffice.

Our solution addresses this limitation through an attention-based gating mechanism. It learns to weigh the contribution of lexical
and behavioral features at each token position, adjusting dynamically based on local context. This makes it possible for the model to, for
example, emphasize behavioral signals in loop headers and lexical signals in simple variable declarations.

111.4.2 Fusion Mechanism

Let Al and hh represent the lexical and behavioral embeddings at token positioni, respectively. We compute a per-dimension
gating score a; € R%mede! for each token as:

a; = o(Wy[hi™; k"] + by) (6)
Where:
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e o isthe sigmoid activation function,
o W, € RImodei2dmodel, p € R%model are learnable parameters,
e [;+] denotes vector concatenation.

The final fused embedding for token i is calculated as:
Rt = Q b + (1 — @) O A )

Where © denotes element-wise multiplication. Alternatively, a scalar gate can be used: a; = o(W[h; hP"] + b) with W €
R*2dmodel, producing a scalar «; for uniform weighting across dimensions. This approach provides token-level adaptivity, allowing the
model to modulate its focus based on the token’s role in code semantics. The fusion process is fully differentiable and trained end-to-end
alongside the transformer, adding minimal computational overhead.

111.4.3 Empirical Comparison

We evaluated our adaptive fusion mechanism against three common alternatives:

Table 2: Comparison of fusion strategies on code comment generation.

Fusion Method BLEU-4 METEOR
Simple Concatenation 22.1 0.28
Fixed Gating (50/50) 23.4 0.29
Late Fusion 24.0 0.30
Ours (Adaptive) 26.7 0.33

Source: Authors, (2025).

These results show that adaptive fusion provides a +2.7 BLEU-4 improvement over the best static baseline. This confirms the
effectiveness of early, context-aware integration of dual views.

[11.4.4 Integration with the Transformer

The fused embeddings hf**d are passed to the transformer encoder as the primary input sequence. This design ensures that modality
resolution (lexical vs. behavioral) occurs prior to self-attention computation, allowing the transformer layers to focus on higher-level
semantic relationships and long-range dependencies.

This architecture introduces only a lightweight gating layer adding less than 0.1% to the total parameter count while significantly
enhancing the contextual richness of the input.

111.5 TRANSFORMER ARCHITECTURE WITH DUAL-VIEW PROCESSING

Our model extends the standard Transformer encoder-decoder architecture by introducing behavior-aware mechanisms that jointly
capture lexical structure and dynamic execution semantics. The core innovation lies in how we inject behavioral signals derived from
Markov transition modeling into both the encoder and decoder stages, allowing the model to adaptively prioritize syntactic or flow-based
features based on context. This dual-view approach enables our system to disambiguate code intent more effectively and generate
functionally rich, context-aware comments.

I11.5.1 Behavior-Augmented Encoder
Each input token at position i is represented by a fused embedding z®, computed as:
z® = W,h{*™ + b, + p® (8)

Where Al js the fused embedding from Subsection 111.4.2, and p® is the sinusoidal positional encoding. These fused
embeddings are passed through N = 6 identical Transformer encoder layers, each composed of multi-head self-attention and position-
wise feedforward networks. To preserve behavioral dependencies in the encoder, we modify the attention mechanism as follows:

T

K
Attention(Q, K, V) = softmax (Q

Ja.

Where M is the row-normalized Markov transition matrix encoding the transition probability between tokens, and A is a tuned
hyperparameter. Let token i map to state s(i). We build M € REXE with:

M;; = logP(s(j) | s(D) (10)

+ /11\7I> % 9)
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Where P(s(j) | s(i)) is defined in Equation (3), and M;; = 0 for masked or padding positions. Tokens without explicit states (e.g.,
punctuation, operators) inherit their enclosing statement’s state or use [UNK_STATE]. We row-normalize M to zero-mean:

_ 1
M;; :Mij_zzMik (11)
k

The normalized entropy H(s(i)), defined in Equation (2), is used here to bias the attention mechanism toward states with high
transition uncertainty, enhancing the encoder’s focus on critical control-flow points.

Implementation Notes
To ensure numerical stability and consistency, we apply the following implementation details:

e Transition probabilities are clipped as per Equation (3) to avoid numerical issues in logarithm computations.

e Each token i is mapped to a semantic state s(i) via AST/CFG; tokens without explicit states (e.g., operators, literals) inherit their
enclosing statement’s state or use [UNK_STATE].

e The bias matrix M € RE*L is constructed as per Equation (10) and row-normalized as per Equation (11). The scalar A is tuned
to control the influence of the Markov bias.

e Entropies are computed as per Equation (2) and normalized by log|S| to ensure H(s(i)) € [0,1], ensuring consistency across
codebases with varying numbers of states |S|.

e The sequence P = {p4, P2, ---, P»} i Equation (4) consists of transition probability vectors, where p; = [P(s(j) | s(i))]
token i.

]

j=q for

Empirically, the encoder layers specialize progressively: early layers (1-2) capture lexical co-occurrences, middle layers (3—4)
focus on local control patterns, and deeper layers (5-6) integrate global execution semantics. This design yields a +2.3 BLEU-4
improvement over syntax-only encoders and improves control-flow modeling by 23% (p < 0.01).

111.5.2 Behavior-Guided Decoder

The decoder mirrors the encoder’s 6-layer structure and integrates masked self-attention for autoregressive generation and cross-
attention to encoder outputs. We enhance the cross-attention mechanism with an execution-aware entropy-based bias:

T
ti

agi) = softmax 9k +v - H(s(ip)) (12)
7;

Where H(s(i,)) = H(s(i,))/log|S| is the normalized entropy, with H(s(i,)) defined in Equation (2), and i, refers to the source
token aligned with decoding step t. This entropy is used to guide cross-attention toward tokens at ambiguous or critical control points,
enabling more informative and context-sensitive comment generation. The hyperparameter y is tuned to control the influence of the
entropy bias.

Example Outputs:
Table 3: Improved functional comment generation via behavior-guided decoding.

Code Snippet Baseline Output Our Output
while (cond) {...} Loops while true Polling loop (10ms backoff)
if (err) return; Checks error Early exit on failure

Source: Authors, (2025).

The decoder thus attends more effectively to regions of semantic importance and disambiguates similar syntax with distinct
functional intent. This results in a 37% reduction in generic comments and a 41% increase in accuracy on control-heavy methods.

Comparative Advantages:

e Versus Syntax-Only Models: Captures 41% more control-flow nuances (F1).
e Versus Late Fusion: Achieves 2.7x faster convergence during training.
o Versus RNN-Based Models: Improves long-range dependency modeling by 58%.
Efficiency: Less than 5% parameter overhead compared to vanilla Transformer; inference time is 3.2s per example (vs. 2.9s
baseline).

111.6 OUTPUT LAYER AND COMMENT GENERATION

This section describes how the model converts decoder outputs into natural language comments. The output layer builds upon the
behavior-enriched hidden states of the decoder, enabling the generation of comments that are fluent, accurate, and behaviorally aligned.
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I11.6.1 Linear Projection and Vocabulary Distribution
At each decoding step t, the decoder produces a hidden stateh, € R%modet, which is mapped to a vocabulary distribution via:

y; = softmax(W, - h, + b,) (13)
Where:

e W, € RIVIXdmodel is a learnable projection matrix,
e b, € R"lis a bias vector,
e vy, isthe predicted probability distribution over vocabulary tokens.

I11.6.2 Generation Strategy
We employ autoregressive decoding using common strategies:

o Greedy decoding: Selects the token with the highest probability at each time step.

e Beam search: Keeps the top-k most likely sequences throughout decoding.

e Top-p (nucleus) sampling: Samples from the smallest set of tokens whose cumulative probability exceeds a threshold p.
Hybrid Decoding Strategy: We enhance this with behavior-aware logic:

o Use beam search for structural tokens (e.g., loop, check).
o Use entropy-weighted sampling for implementation details:

score, = logP(y,) +v - H(s(i,)), y €[0.1,0.3] (14)

Where H(s(i,)) = H(s(i.))/log|S| is the normalized entropy, with H(s(i,)) defined in Equation (2), and i, refers to the source
token aligned with decoding step t. This entropy is used to bias token selection toward tokens aligned with the behavioral context of the
code, enhancing the relevance of generated comments.

111.6.3 Behavior-Aware Decoding Bias

To enhance attention on ambiguous control-flow states, we use the entropy-based bias in the cross-attention mechanism, as defined
in Equation (12).

Implementation Insight:

def compute_behavior_bias(token, step):

entropy = markov_entropy[token.state] / math.log(num_states)
return entropy * transition_weight[token.type]

I11.6.4 Loss Function and Regularization Objective

The main training objective is the negative log-likelihood of the correct comment sequence:

T
Lop == ) logP(cc | ccrX) (15)
t=1
We additionally introduce a regularization loss to align decoding focus with behavior entropy:

Lo = ) we (H(ye) = H(5(ir)))? (16)
Where: ‘

H(y,) = — Y, max (y,(v), €)logmax(y,(v), €), with ¢ = 10712,

H(s(i,)) is defined in Equation (2), where i, refers to the source token aligned with decoding step t,
w; = 1 by default or derived from attention scores for token importance,

B is a tuned hyperparameter.

The index i, in H(s(i,)) corresponds to the source token aligned with the decoding step t, determined via attention-based
alignment between the input code sequence and the generated comment sequence. This alignment ensures that the behavioral entropy of
the source token informs the decoding process. The squared difference in Ly, is chosen over KL-divergence for numerical stability and
computational efficiency, as it simplifies gradient computation while effectively aligning the entropy of the predicted token distribution
with the behavioral entropy of the code. Since both H(y,) and H(s(i,)) are scalar values, the squared difference is a natural and stable
choice. Empirically, KL-divergence exhibited instability during training, further justifying this design. The total loss becomes:

L= LCE + ﬁ ' Lﬂow (17)
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111.6.5 Example Output

Input Code:

if (error) return null;

Baseline (syntax-only): "Checks error"

Our Model Output: "Return null if an error is detected (early exit pattern)"

This reflects the Conditional — Return behavioral transition, showcasing the value of execution-aware modeling.
111.6.6 Comparative Decoding Strategies

As shown in Table 4, our decoding strategies address the limitations of conventional methods. While standard beam search relies
on syntax-only reranking, our flow-aware variant achieves a +22% gain in relevance. Similarly, entropy-weighted sampling (y = 1.2)
replaces uniform temperature sampling, leading to comments that better align with execution logic.

Table 4: Behavior-aware decoding strategies vs. prior methods.

Strategy Prior Work (e.g., CodeBERT) Our Improvement
Beam Search Syntax-only reranking Flow-aware reranking (+22% relevance)
Sampling Uniform temperature Entropy-weighted (y = 1.2)

Source: Authors, (2025).
I11.6.7 Failure Analysis and Limitations

Failure Cases: In 12% of evaluated samples, model-generated comments were inaccurate. Manual inspection revealed that 80%
of these failures occurred in:

o Callback structures
o Irregular control flows

Limitation: The Markov transition model assumes first-order transitions. Future work could explore higher-order Markov
dependencies or neural approximations for more complex control logic.

IV. EXPERIMENTS

This section presents an empirical evaluation of our proposed Transformer-Markov Hybrid (TMH) model for automatic code
comment generation. We assess TMH on a benchmark Java dataset using a combination of automatic and human evaluation metrics.
Subsection 1V.1 describes the experimental setup, including corpus, metrics, training configuration, and model features. Subsection 1V.2
reports quantitative and qualitative results, supported by ablation studies, human ratings, and a discussion of limitations.

IV.1 EXPERIMENTAL SETUP
We first describe the dataset used for evaluation, its preprocessing steps, and the criteria for data selection.
IV.1.1 Dataset Description

We utilize the Java code-comment corpus refined by [21], containing approximately 485,812 method-comment pairs. This dataset,
widely adopted in recent studies (e.g., ALSI-Transformer [8], SeTransformer [7], StructCoder [20], and reviews [25]), provides a robust
benchmark for evaluating comment generation across diverse Java methods.

Table 5: Dataset Statistics.

Statistic Value
Total Pairs 485,812
Train Split 92% (445,812 pairs)
Validation Split 4% (20,000 pairs)
Test Split 4% (20,000 pairs)
Avg. Method Length 42.3 tokens (o = 18.7)
Avg. Comment Length 12.4 words (o = 4.2)
Code Vocabulary Size 58,742 tokens
Comment Vocabulary Size 32,915 tokens

Source: Authors, (2025).

To reduce lexical variance and improve generalization, numeric constants and string literals are normalized to <num> and <str>
tokens, respectively. Entries with fewer than three code tokens or malformed/missing comments are excluded, following standard
preprocessing practices.

1V.1.2 Performance Metrics

Before reporting results, we employ a suite of metrics to assess fluency, semantic alignment, and structural accuracy:
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BLEU (1-4): Measures n-gram overlap between generated and reference comments, capturing surface-level fluency [25].
METEOR: Uses stemming and synonym matching to evaluate semantic similarity [25].

CodeBLEU: Assesses syntactic and structural alignment, relevant for TMH’s behavioral modeling.

BERT Score: Evaluates semantic similarity using contextual embeddings, providing robust comment-code alignment.

Human Evaluation: Five professional Java developers (=3 years of experience) rated outputs on a 5-point Likert scale for
fluency and relevance (noted briefly here; details in Subsection 1V.2.2).

IV.1.3 Training Configuration

We next describe the implementation details, training settings, and hyperparameters to ensure reproducibility and fair comparison
across models. All models were implemented in PyTorch 1.13 and trained on a single NVIDIA GeForce RTX 3090 GPU (24 GB VRAM).
Hyperparameters were aligned with ALSI-Transformer [8] and SeTransformer [7] to minimize confounding factors.

Table 6: Training Hyperparameters.

Parameter Value
Embedding Dimension 768
Attention Heads 8
Transformer Layers 3
Dropout Rate 0.2
Batch Size 32
Optimizer Adam (Ir=1e™%)
Learning Rate Decay 0.1 after epoch 30
Epochs 50 (early stopping)
Max Code + AST Length 400 tokens
Gradient Clipping 1.0 (max norm)
Training Time/Epoch 52 minutes
GPU Memory Usage 18-22 GB

Source: Authors, (2025).

Early stopping triggered if validation loss does not improve for 5 consecutive epochs. Mixed-precision (FP16) training with
dynamic loss scaling was used.

TMH-Specific Architectural Features:

e Markov Transition Matrix: First-order token transitions encoding local behavioral patterns.
e Entropy-Guided Attention Biasing: Downweights tokens with entropy H > 0.5 to focus on stable semantics.
e Input View Fusion: Integrates lexical and Markov-derived embeddings via multi-view self-attention.

IV.2 RESULTS AND ANALYSIS

We now present the evaluation results of TMH compared to baseline models, followed by human evaluation, ablation studies, and
discussion.

1V.2.1 Quantitative Results

We compare TMH with ALSI-Transformer [8], SeTransformer [7], MarianCG [13] (adapted for summarization), and StructCoder
[20] (adapted for comment generation) on BLEU-4, METEOR, CodeBLEU, and BERTScore metrics. Table 7 shows TMH’s superior
performance, with all improvements statistically significant (paired t-test, p < 0.01). See Figure 1 for a visual comparison.

Table 7: Times measured on NVIDIA RTX 3090.

Model BLEU-4 (%) METEOR (%0) CodeBLEU (%) BERTScore (%) Time (hrs)
ALSI-Transformer 50.03 31.84 47.12 82.45 48.4
SeTransformer 49.41 30.40 46.78 81.92 58.5
MarianCG 46.20 29.15 44.50 80.10 45.2
StructCoder 48.95 30.82 46.20 81.67 50.1
TMH (ours) 51.94 33.21 49.30 84.12 44.7

Source: Authors, (2025).
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Figure 1: Performance comparison on Java dataset.
Source: Authors, (2025).
IV.2.2 Human Evaluation

Five professional Java developers (=3 years of experience) evaluated 100 randomly sampled outputs per model on a 5-point Likert
scale for fluency (grammatical correctness, readability) and relevance (alignment with code intent). Inter-rater agreement was substantial
(Fleiss’ k = 0.72). See Figure 2 for results.
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Figure 2: Human evaluation scores for fluency and relevance.
Source: Authors, (2025).
IV.2.3 Qualitative Analysis

In addition to automatic metrics and human ratings, we performed a qualitative error analysis to better illustrate TMH’s behavior
on representative code snippets. This analysis highlights both the model’s strengths in producing contextually appropriate comments and
its weaknesses in capturing subtle control-flow nuances. TMH often generated accurate and informative comments for non-trivial code.
For example, for while (retry < 10) delay (100); TMH produced “Retries up to 10 times with 100ms delay” (rated 4.5), correctly capturing
the iterative structure and timing. Similarly, for if (error) return null; the model generated “Returns null on error condition” (rated 4.3),
which aligns with the intended semantics.

Despite these successes, TMH occasionally produced overly generic or incomplete comments. For try process(); catch (Exception
e) log(e);, the model generated ‘“Handles exception” (rated 2.2), omitting the critical detail of logging. Likewise, for if (x > 0) return X;
else throw new Error;, TMH produced “Returns or throws” (rated 2.0), which lacks specificity. Control-flow constructs posed additional
challenges: for while (i < n) if (cond) break; i++;, TMH produced “Loops with condition” (rated 2.1), failing to reflect the break logic.
These examples suggest that TMH effectively models surface-level semantics and common programming idioms but struggles with
nuanced behaviors such as exception handling and early loop termination. This limitation motivates the need for integrating richer
semantic or execution-aware features in future work.

IV.2.4 Ablation Study

We assessed TMH’s component contributions by removing Markov transitions, entropy biasing, or both. Figure 3 summarizes the
results.
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Figure 3: Ablation study results.
Source: Authors, (2025).

Interpretation: The ablation results reveal that removing the Markov transition component primarily degrades structural
alignment, as reflected in lower CodeBLEU and BERT Score scores. In contrast, eliminating the entropy biasing mechanism has a stronger
effect on semantic fidelity, with a notable drop in METEOR. The combination of both removals produces the most significant performance
decline, highlighting the complementary role of these components. Human evaluation further supports these findings: removing Markov
transitions reduced relevance (from 4.2 to 3.9, p < 0.05), while removing entropy biasing led to a modest decrease in fluency (from 4.5
to 4.3, p < 0.05).

IV.3 THREATS TO VALIDITY

To ensure the reliability and generalizability of our findings, we discuss potential threats to validity along three dimensions: internal
validity, external validity, and construct validity. Internal Validity: Hyperparameters aligned with ALSI-Transformer [19] reduce bias.
Results averaged over three runs (seeds 42, 123, 256) ensure stability, with training time per epoch at 52 minutes supporting efficiency
(44.7 hours total vs. 48.4-58.5 hours for baselines). See Figure 4 for convergence trends.
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Figure 4: Learning curve data.
Source: Authors, (2025).

External Validity: We hypothesize TMH’s design generalizes better to structurally rich languages (e.g., C#) than to highly
dynamic ones (e.g., Python), but leave this to future work using datasets like CodeSearchNet [14]-[26].

Construct Validity: BLEU and METEOR may miss semantic fidelity [20]-[25]. We mitigated this with CodeBLEU, BERT Score,
and human evaluation. See Figure 5 and Table 10 for failure case distribution.

Table 8: Distribution of TMH Failure Cases with Examples

Category Percentage Example
Callbacks/Irregular Control Flows 80% For nested callbacks, TMH generated: “Handles callback logic” (rated 2.5).
Other 20% For edge cases, TMH produced: “Performs operation” (rated 2.0).

Source: Authors, (2025).
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Figure 5: Failure case distribution.
Source: Authors, (2025).

IV.4 DISCUSSION AND BROADER IMPACT

Why TMH Outperforms Baselines. The superior performance of TMH can be explained by the complementary strengths of its
hybrid architecture. Unlike ALSI-Transformer [19]-[8], which lacks entropy guidance, TMH incorporates entropy-aware attention to
down weight unstable tokens and improve semantic focus. Compared to SeTransformer, which compresses semantic information, TMH
better preserves contextual richness through multi-view fusion. Similarly, while MarianCG [22]-[13] overlooks runtime nuances, TMH
explicitly models execution patterns via Markov transitions. Finally, StructCoder [23]-[20] remains largely static in its representations,
whereas TMH adapts behaviorally to input variability. Together, these design choices enable TMH to capture both structural and semantic
aspects of source code more effectively than existing baselines.

Broader Impact: TMH’s robust summarization can enhance software maintenance and developer onboarding.

V. LIMITATIONS
TMH faces four main limitations:

Language Generalization: The Markov matrix is Java-specific, requiring retraining for other languages.

Sequence Length: Inputs exceeding 400 tokens are truncated, risking context loss.

Model Size: With 148M parameters, TMH may strain edge devices despite being smaller than SeTransformer (167M).
Multi-lingual Evaluation: We did not evaluate on multi-lingual datasets (e.g., Python, C#), which limits immediate
generalizability.

VI. CONCLUSIONS

This paper presented Transformer with Markov Modeling (TMH), a hybrid model for automatic code comment generation that
combines token-level representations with behavioral insights from execution patterns. On a large-scale Java dataset, TMH outperformed
competitive baselines by a clear margin: +1.91 BLEU-4, +1.37 METEOR, and +5.1 CodeBLEU over the best-performing alternative.
Human evaluation further confirmed gains in both fluency (+0.2) and relevance (+0.3, p < 0.05), showing that TMH produces not only
more accurate but also more natural comments. Ablation studies highlighted the complementary roles of Markov transitions and entropy-
guided attention, with performance drops of up to 10% when either component was removed. Nevertheless, TMH faces limitations. Its
reliance on first-order transitions constrains its ability to model complex behaviors such as deeply nested loops, recursion, or exception
propagation across multiple scopes. In such cases, generated comments sometimes oversimplify logic or omit critical details. Future work
could extend TMH with higher-order or neural transition models, or integrate static program analysis and unit-test feedback to capture
richer runtime semantics. Beyond empirical gains, TMH contributes to a broader shift in software engineering toward Al-driven developer
tools. By linking code structure with execution behavior, TMH provides a foundation for systems that not only document code but also
assist in tasks such as automated code review, debugging, and intelligent tutoring. In this way, TMH illustrates how hybrid architectures
can bridge the gap between program text and program behavior, advancing the state of Al-powered software development.
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