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Abstract
Automated code documentation has gained increasing importance
as AI-assisted software engineering tools become integrated into
the software lifecycle. However, most approaches rely solely on
static features of code, overlooking its dynamic behavior—particularly
in data-centric programming environments where code meaning
is deeply tied to its effect on data. This research explores how
execution-aware code documentation can be achieved by introduc-
ing semantic data differences, a structured symbolic representation
of how code execution transforms data. By capturing these runtime
semantics, this work aims to extend code understanding beyond
syntax and lexical features. I propose a multimodal modeling frame-
work that combines static code analysis with post-execution seman-
tics. In support of this framework, I design a data collection pipeline
that executes real-world data-centric notebooks, logs variable-level
changes, and abstracts them into a grammar of semantic data differ-
ences for training and evaluation. This ongoing doctoral research
aims to enable documentation systems that describe not only how
code is written, but also what code does to data—a step toward more
transparent, reproducible, and intelligent data-centric software.

CCS Concepts
• Software and its engineering→ Softwaremaintenance tools;
• Computing methodologies → Supervised learning; Natural
language generation.
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1 Introduction
The automation of software development has rapidly evolved with
the advent of generative AI, now capable of generating, refactor-
ing, and documenting code [2, 8]. Despite these advances, these
techniques remain largely syntax-bound, relying on surface repre-
sentations such as abstract syntax trees or token sequences [12].
While these models can describe what code looks like, they struggle
to explain what code does—especially in data-centric environments
where execution effects determine meaning.

This limitation is critical in contexts like computational note-
books, where data transformations (filtering, reshaping, feature
extraction) are central to the program’s intent [7]. A single state-
ment may alter a dataset’s structure or semantics without leaving
clear syntactic cues. For both software engineers and data scientists,
understanding such transformations is essential for reproducibil-
ity and collaboration, yet documentation in these environments
remains sparse and low-quality [5]. This limitation extends beyond
productivity: in research software, inadequate documentation hin-
ders reusability and reproducibility, impacting adherence to FAIR
principles that underpin sustainable research [9, 10].

My research investigates how execution-derived semantics can
improve the contextual understanding of code for documentation
purposes. By explicitly modeling runtime data transformations, I
aim to enable execution-aware comment generation, bridging the
gap between how code is written and what it accomplishes. To learn
these behaviors effectively, my research explores training strategies
that integrate execution signals directly into the model’s represen-
tation space. I am currently pursuing the following contributions:

• Defining a structured representation of data differences as a
source of semantic context for code summarization.

• Curating a novel dataset of executed Python notebooks en-
riched with tracked data transformations and corresponding
comments, to be openly released.

• Implementing a prototype encoder that integrates both code
and data-difference signals.

• Conducting an empirical evaluation of the generated com-
ments, using both automatic metrics and human judgments
to assess their quality and informativeness.

2 Proposed Approach
The core idea of this work is to enhance code understanding through
semantic data differences: structured, symbolic descriptions of
how code execution changes data structures. These differences
abstract away raw values and instead encode high-level operations
observed during execution, such as additions, removals, or modi-
fications of variables and dataframe columns. A formal grammar
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Figure 1: Model architecture

defines these operations, producing interpretable descriptors such
as: <modified> df <added_col> log_x <added> model. This
sequence captures that a dataframe was modified by adding a new
column, and a model object was initialized. For source code in-
stances that did not produce a detectable semantic data difference,
we assign a dedicated neutral token ⟨no_diff⟩.

The proposed architecture integrates these semantic descriptors
with source code using a multimodal encoder-decoder model, as
depicted in Figure 1. The architecture combines a CodeBERT-style
encoder for static source representations [3] with a transformer
encoder specialized for the symbolic data-difference grammar. Code
tokens are processed alongside data-difference tokens through a
co-attention mechanism, enabling the model to learn interactions
between both representations [6]. This allows the system to gener-
ate documentation that reflects both structure and behavior.

To operationalize these semantics, the research introduces a
novel two-stage training procedure that learns to align code and
execution signals, treating execution effects as a first-class sym-
bolic modality within the model. The code encoder is initialized
from CodeBERT, already pre-trained for code summarization, and
extended with a second encoder for data-difference sequences plus
co-attention layers. In a first stage, these two encoders are jointly
pretrained with a masked language modeling objective applied
over both code and data-diff tokens, so that each modality learns
to reconstruct masked tokens while attending to the other. I then
explore three variants of this pretraining: NoDiff-Omitted, where
all ⟨no_diff⟩ samples are excluded; 20% NoDiff, where both en-
coders are trained jointly while limiting 〈no diff〉 cases to 20% of
the pretraining data; and Masked-Data Boost, which doubles the
masking rate on data-diff tokens to emphasize execution semantics.
In the final stage, the fused encoders are paired with the CodeBERT
decoder and fine-tuned for the comment generation task.

While the approach is currently instantiated in the context of
automated comment generation, the broader research goal is to
establish a foundation for execution-aware models capable of under-
standing data-centric code. This paradigm may ultimately support
applications such as semantic debugging, dataflow summarization,
and reproducibility tracking in scientific software.

3 Dataset Construction and Evaluation Design
A key enabler of this research is a dataset specifically curated to link
code, its execution effects, and natural language comments. We col-
lected 4,869 executable Python notebooks from the Kaggle platform.
These notebooks are ideal for studying data-centric code because
they contain step-by-step transformations and often include inline
comments that describe the intent behind each operation.

Each notebook is executed in a controlled environment instru-
mented to capture variable-level changes, particularly those af-
fecting dataframes. These logs are abstracted into structured data-
difference descriptors following the defined grammar. In addition
to execution traces, the dataset includes corresponding code cells
and existing human-written comments. When comments exceed a
certain length, automatic summarization ensures conciseness while
retaining semantic relevance.

The resulting dataset, composed of 55k training and 14k val-
idation samples, supports multimodal learning by pairing code
and semantic data differences with explanatory text, though about
half lacked comments and were excluded from fine-tuning. This
resource also enables controlled evaluation of execution-awaremod-
els against traditional code-only baselines. Evaluation combines
automatic metrics with human assessment, focusing on whether
semantic data differences lead to comments that better capture data
transformations and intent.

4 Preliminary Results
I conducted an initial empirical study using the multimodal architec-
ture described in Section 2 and the Kaggle-based dataset in Section
3. The goal was to compare an execution-aware model against a
code-only baseline, and to analyze their behavior on two subsets
of a small, curated held-out test set of real notebooks: cells where
execution produced a non-trivial semantic data difference (Data-
Diff Present) and cells where no semantic change was detected
(Data-Diff Absent). Models were evaluated with standard automatic
metrics and a 3-point human rating by three experienced Python
users. Results of the experiment can be visualized in Table 1.

In the Data-Diff Present subset, the code-only baseline remains
slightly superior: it obtains the best automatic scores and the highest
average human rating, while execution-aware variants sometimes
degrade. This suggests that the current data-difference represen-
tation and training data are not yet strong enough to consistently
help on semantically rich transformations.

Conversely, in the Data-Diff Absent subset, execution-aware
models systematically outperform the baseline across both auto-
matic metrics and human scores. These gains arise even though
the execution modality collapses to a single ⟨no_diff⟩ token. Rather
than conveying semantic information, this constant token may
function as a stabilizing cross-modal input: during co-attention, it
offers an invariant anchor that helps normalize code representations
and reduce spurious attention patterns. We hypothesize that the
alignment pressure introduced during joint pretraining improves
the fused encoder’s robustness and consequently improves the de-
coder’s outputs. Investigating this effect is an important direction
for future work.

Overall, these preliminary results indicate that execution-derived
signals are already useful to enhance robustness and stability in
code regions that do not directly transform data, while their poten-
tial in semantically rich cases is not yet fully realized, likely due
to limited dataset size and residual noise in the extraction of data
differences.
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Model BLEU ROUGE METEOR H-Eval
Data-Diff present

Code-Only 14.4 34.0 29.6 2.23
NoDiff-Omitted 9.2 38.3 31.6 2.10
20% NoDiff 6.6 32.9 23.8 1.81

Masked-Data Boost 7.0 36.3 28.6 1.81

Data-Diff Absent
Code-Only 7.4 46.3 33.4 2.41

NoDiff-Omitted 8.0 42.2 32.2 2.36
20% NoDiff 12.2 49.9 38.9 2.55

Masked-Data Boost 15.3 49.7 40.0 2.50
Table 1: Evaluation metrics on the test set

5 Related Work
Research on automatic code documentation has primarily focused
on static features of source code. Neural summarizationmodels such
as sequence-to-sequence transformers or pretrained code-language
models learn from lexical and syntactic patterns but remain blind
to runtime semantics [7].

Other approaches have extended the input context to include
variable usage or notebook cell dependencies, improving local co-
herence but not capturing data transformations themselves [1, 4, 13].
Dynamic analysis tools, on the other hand, produce human-readable
summaries of data changes for visualization, but their output is not
used as modeling input [11].

This work positions itself at the intersection of these directions
by using execution-derived semantics not as explanatory output
but as a modeling signal. By formalizing runtime effects into a
symbolic modality compatible with deep learning architectures, it
extends the representational scope of code understanding beyond
syntax and static context.

6 Summary and Future Directions
My research explores execution-aware code documentation as a
new perspective on automated software understanding. By incor-
porating semantic data differences—structured signals derived from
code execution, my objective is to bridge the gap between static
code representation and runtime behavior.

Early results demonstrate that integrating even symbolic runtime
signals can improve model robustness and contextual awareness,
especially in semantically neutral code regions. Moving forward,
the research will expand in three directions:

• Refinement of semantic representations, by exploring do-
main specific grammars for different data modalities.

• Scaling the dataset and multimodal training, addressing data
sparsity and improving cross-modal alignment.

• Extending execution-aware modeling beyond comment gen-
eration to tasks such as semantic trace summarization and
reproducibility analysis.

Ultimately, this work aims to contribute toward a new generation
of AI-assisted development tools that understand both how code is
written and what code does, advancing explainability, transparency,
and collaboration in data-centric software engineering.
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