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Abstract—Computational notebooks have become the go-to
way for solving data-science problems. While they are designed
to combine code and documentation, prior work shows that
documentation is largely ignored by the developers because of the
manual effort. Automated documentation generation can help,
but existing techniques fail to capture algorithmic details and
developers often end up editing the generated text to provide
more explanation and sub-steps.

This paper proposes a novel machine-learning pipeline,
Cell2Doc, for code cell documentation in Python data science
notebooks. Our approach works by identifying different logi-
cal contexts within a code cell, generating documentation for
them separately, and finally combining them to arrive at the
documentation for the entire code cell. Cell2Doc takes advantage
of the capabilities of existing pre-trained language models and
improves their efficiency for code cell documentation. We also
provide a new benchmark dataset for this task, along with a data-
preprocessing pipeline that can be used to create new datasets.
We also investigate an appropriate input representation for this
task. Our automated evaluation suggests that our best input
representation improves the pre-trained model’s performance by
2.5x on average. Further, Cell2Doc achieves 1.33x improvement
during human evaluation in terms of correctness, informative-
ness, and readability against the corresponding standalone pre-
trained model.

I. INTRODUCTION

Computational notebooks enable literate programming [23]
by interweaving code, documentation, results, and visualiza-
tions into a single file. Notebooks are used by scientists and
programmers to communicate insights from data and to create
prototypes. Despite their wide adoption, notebooks suffer
from poor documentation practices [21], [36], [41]. Notebooks
frequently lack explanatory text and one requires access to
other information sources such as emails, README files, and
presentation slides in order to understand them [36].

Recent advances in deep learning for documentation gener-
ation are a promising approach for notebooks to improve their
reusability and increase productivity [42]. However, in a study
by Wang et al. [31] on these dedicated documentation gener-
ation models [29], [42], participants edited the generated text
in 41% of cases, often adding more explanation and specific
algorithmic details to the machine-generated documentation,
sometimes breaking down steps into substeps. Further, training
such bespoke models for documenting notebooks is wasteful
as pre-trained models are not reused, thus requiring extensive
computing and data preparation to replicate.

parameters = {
’application’: ’binary’, ’objective’: ’binary’,
’metric’: ’auc’, ’is_unbalance’: ’true’,
’boosting’: ’gbdt’, ’num_leaves’: 31,
’feature_fraction’: 0.5, ’bagging_fraction’: 0.5,
’bagging_freq’: 20, ’learning_rate’: 0.05,
’verbose’: 0

}
train_data = lightgbm.Dataset(X_train,

label=y_train, categorical_feature=cat_cols)
val_data = lightgbm.Dataset(X_val, label=y_val)
model = lightgbm.train(parameters,

train_data, valid_sets=val_data,
num_boost_round=5000, early_stopping_rounds=100)

Fig. 1. Code cell from a notebook on kaggle.com

One solution is to use a pre-trained open-source model that
can be fine-tuned for this downstream task. We find (in line
with our human study) that existing pre-trained models [6],
[11], [14]–[16], [20], [43], even when fine-tuned for docu-
menting notebooks, (1) perform poorly on long code snippets,
and (2) suffer information loss due to the structural limitations
of their architecture. Consider the code snippet shown in
Figure 1. It performs a training task where it first initializes
several parameters, loads the training and validation data, and
then trains a model. Figure 2 shows the output documentation
for this code snippet from CodeT5 [43], PLBART [6], Code-
BERT [14], GraphCodeBERT [16] and UniXcoder [15]. The
generated text does not capture complete information about
the code.

Another solution is to use large language models with code
understanding such as GPT-4 [5] to document notebooks.
However, these models are closed-source and require extensive
resources to operate, preventing wide adoption.

To address these issues, we propose a novel solution called
Cell2Doc. Instead of building new models dedicated to the
documentation generation task (like [29], [42]), Cell2Doc
introduces a new ML pipeline that takes advantage of the capa-
bilities of existing models and enhances it for documentation
generation. The results of Cell2Doc, when plugged in with
CodeT5, CodeBERT, and UnixCoder, are shown in Figure 2.
They capture much more information related to all the tasks
in the code snippet compared to directly using the pre-trained
models (confirmed by our evaluation).

Cell2Doc is based on the key idea of separating a code



Model Generated Documentation
CodeT5 Now we will train the lightgbm model
PLBART Train the model
CodeBERT Light GBM Model
GraphCodeBERT Train the model
UniXcoder Train the model

Cell2Doc
(with CodeT5)

STEP 1: Create the parameters for LGBM
STEP 2: Create the training and validation
data containers
STEP 3: Train the model

Cell2Doc
(with CodeBERT)

STEP 1: Create the parameters for the model
STEP 2: Creating the data structures
STEP 3: Train the model with early stopping

Cell2Doc
(with UnixCoder)

STEP 1: parameters for LGBM model
STEP 2: Light GBM data generator
STEP 3: Train the model

Fig. 2. Documentation generated by various models for the code in Figure 1

cell into logically separable segments and documenting them
independently to capture multiple operations and algorithmic
details in a code cell. Our user study found that 60% of the
participants preferred our algorithmic documentation format.
Figure 3 shows the working of our Cell2Doc pipeline on
the code in Figure 1. The first stage uses a novel Code
Segmentation Model (CoSEG) to split the input code into
logically separable segments. The second stage uses a Code
Documentation Model (CoDoc) that generates documentation
for each code segment separately, and the generated texts are
then combined to get the complete documentation.

CoSEG is a classification model that predicts whether a new
context starts at a given code line and is designed to address
the problem of short document generation that was faced
by previous models. CoSEG produces relatively smaller code
snippets for the CoDoc stage that helps mitigate the problem of
capturing longer code dependencies. It also helps to deal with
the risk of input truncation and subsequent information loss
when CoDoc only takes a fixed-length input. CoDoc can be
any pre-trained model that had been fine-tuned for document
generation. For best performance, we created a good-quality
dataset using notebooks extracted from the Kaggle repository.
For precise ground-truth documentation labels in the dataset,
we use text summarization techniques [27], [38], in contrast
to previous efforts that relied on heuristics for ground truth;
these heuristics fail in many cases on real notebooks.

The key contributions of this work are as follows:

• A novel machine learning pipeline for code cell documen-
tation in Python data-science notebooks that enhances the
capabilities of large pre-trained models.1

• A novel code segmentation approach that splits input code
into multiple logical contexts.

• A dataset (18,378 data points consisting of a pair of
Python code and precise documentation) for document
generation task in Python notebooks.

1All the codes and data are available at https://github.com/jyothivedurada/
KaggleDocGen

• An extensive empirical evaluation of our approach with
different input representations. For the code documenta-
tion task, our best input representation achieves BLEU
scores of 32.82 (with CodeT5), 31.82 (with PLBART),
31.31 (with CodeBERT), 30.7 (with GraphCodeBERT)
and 31.97 (with UnixCoder) compared to raw code-
markdown pairs that achieve 13.21, 12.5, 12.11, 11.39,
and 13.14, respectively.

• A user study evaluating the developer preferences for
the generated documentation. The qualitative evaluation
shows that the Cell2Doc pipeline achieves significantly
better scores in terms of correctness, informativeness, and
readability with respect to standalone pre-trained models.

II. BACKGROUND

Existing pre-trained models vary in their architecture, in-
put representation, and pre-training objective. “Encoder-only”
models provide embedding representations of input, which are
used for code understanding, and “Decoder-only” models de-
code embedding representations to target sequences. “Encoder-
Decoder” models can do both and are typically used for
generation tasks like code translation.

CodeBERT [14] is a bimodal pre-trained model that accepts
both programming language (PL) and natural language (NL) as
input. GraphCodeBERT [16] is similar but takes the data flow
of the code into account, emphasizing the semantic structure
in the code rather than its syntax. CodeBERT and GraphCode-
BERT are encoder-only models, and even though these models
work well for code understanding and generation tasks with
respect to previous works, they work suboptimally, especially
for generation tasks like code summarization because they do
not have a pre-trained decoder. Encoder-decoder models like
CodeT5 [43], PLBART [6], and UniXCoder [15] are able to
support both understanding and generation tasks well because
of their unified pre-training.

Fine-tuning involves further training on a task-specific
dataset. As the pre-trained models already understand pro-
gramming language and the natural language, the time and
dataset size requirements for fine-tuning are relatively small
compared to training from scratch. Depending on the down-
stream task, pre-trained models can be fine-tuned in multiple
ways. For tasks like classification (e.g., bug detection), where
one requires the overall representation of the input, the output
embedding of [CLS] or <s> token (a special token added
at the beginning of the input code for classification) is used
by a neural network for classification. When using encoder-
only models (like CodeBERT and GraphCodeBERT) for a
generative task like code documentation, the output embedding
of each input token can be used by a decoder for generation in
a sequence-to-sequence manner. Encoder-decoder models (like
CodeT5, PLBART, and UniXcoder) do not need a separate
decoder and can be directly fine-tuned for the generative tasks.

III. DATASET FOR DOCUMENTATION IN NOTEBOOKS

To the best of our knowledge, there is no prior open-
source code-documentation dataset for Python data-science
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         parameters = {'application': 'binary',
                                 'objective': 'binary',
                                 'metric': 'auc',
                                 'is_unbalance': 'true',
                                 'boosting': 'gbdt',
                                 'num_leaves': 31,
                                 'feature_fraction': 0.5,
                                 'bagging_fraction': 0.5,
                                 'bagging_freq': 20,
                                 'learning_rate': 0.05,
                                 'verbose': 0}

       train_data = lightgbm.Dataset(X_train,
                                                label=y_train,
                             categorical_feature=cat_cols)
       val_data = lightgbm.Dataset(X_val, label=y_val)

        model = lightgbm.train(parameters,
                                    train_data,
                                    valid_sets=val_data,
                                    num_boost_round=5000,
                                  early_stopping_rounds=100)

Create the parameters for
LGBM

Create the training and
validation data containers

Train the model

      STEP 1: Create the parameters for LGBM
      STEP 2: Create the training and validation data containers
      STEP 3: Train the model

Text

1st code segment

2nd code segment

3rd code segment

1st generated text

2nd generated text

3rd generated text

Final documentation

Fig. 3. Example illustrating our Cell2Doc (with CodeT5) pipeline using the code snippet shown in Figure 1

notebooks.2 We provide a good-quality dataset for this task.

A. Data Collection
We collect the notebooks in our dataset from the Kaggle

platform. Kaggle is an online community of data scientists
and machine-learning practitioners that hosts machine-learning
competitions and offers the infrastructure for solving data-
science problems. While GitHub is another source, previous
studies have suggested that the quality of notebooks on GitHub
is poor in terms of code description or the number of mark-
down cells present in those notebooks [36]. Kaggle users can
“upvote” a notebook if they find it useful; ones with a good
number of upvotes can be considered well-documented [41].

We collected the raw notebooks from KGTorrent [35] that
has a corpus of around 250K notebooks downloaded from
Kaggle on 27th Oct, 2020. We applied two filters to this
corpus. First, we only considered notebooks with ten or
more upvotes. Second, we restricted focus to coding-related
notebooks, as opposed to ones intended for tutorials or blogs,
by only considering notebooks from Kaggle competitions.

The above filters resulted in 5428 notebooks, from which
we extracted code and markdown cells. For every code cell,
we consider its immediately previous markdown cell as its
documentation. Inline comments in code also serve as docu-
mentation, thus, we collected comments and their immediately
following code snippet as additional data points. In total,
we get roughly 15K and 21K code-markdown and code-
comment pairs, respectively. Furthermore, as suggested by
previous work [18], [25], we only consider data points where
the documentation length was at least three tokens and the
code length was at least three lines and at most 100 tokens.
Figure 4 summarizes the statistics of our collected dataset.

B. Dataset Preprocessing
Markdown cells cannot directly be used as the ground-

truth documentation because their contents do more than

2The dataset in [29] is not usable because it does not contain actual code-
documentation pairs or preprocessed data or preprocessing steps.

Property Max Avg Min 75%
Code tokens for code-markdown pairs 99 53 2 72
Documentation tokens for code-
markdown pairs 1131 28 3 32

Code tokens for code-comment pairs 99 52 3 69
Documentation tokens for code-
comment pairs 810 10 3 11

Fig. 4. Distribution of code and documentation token lengths

summarizing the following code; they may cover background,
theory, reasoning, etc. (see examples in Figure 5). To mitigate
this issue, we use NLP-based automatic text summarization
solutions to get short and less noisy documentation.

Text summarization is the process of reducing a large piece
of text to a shorter one by extracting important information
from it. Text summarization techniques can be classified into
two types: Extractive and Abstractive. In extractive summa-
rization, the summarized text contains words and sentences
that are part of the original text, whereas, in abstractive
summarization, new words and sentences may be added to
the summarized text. We tried both kinds of summarization
techniques. For extractive summarization, we used Spacy [38],
a popular, open-source NLP library used for the production-
ready development of NLP tasks. Text summarization using
Spacy is based on word frequencies. For abstractive summa-
rization, we used BART [27], which is a transformer-based
Seq2Seq model that uses deep learning. (We have directly used
the BART checkpoint [17] that was pre-trained and fine-tuned
on the CNN Daily Mail dataset for the text summarization
task.) Figure 5 shows some examples of Spacy and BART
summarization from our dataset. As shown in Example 1 (first
row), both Spacy and BART extract important information
from the original text and significantly reduce the documen-
tation length. Furthermore, Example 1 shows that taking only
the first line (as done in previous work [29]) does not convey
the correct information. In the case of Examples 2 and 3, even
though the length reduction is not much, summarization still
removes the noise in the original documentation. Using both



Ex. Code Snippet Original Documentation Spacy Summarization BART Summarization

1

def objective(values):
params = {
’max_depth’: values[0],
’num_leaves’: values[1],
’min_child_samples’: values[2],
’scale_pos_weight’: values[3],
’subsample’: values[4],
’colsample_bytree’: values[5],
’metric’:’auc’,
’nthread’: 8,
’boosting_type’: ’gbdt’,
’objective’: ’binary’,
’learning_rate’:0.15,

...

Below is the fun part. The func-
tion gp minimize requires an ob-
jective function and what the func-
tion all needs is basically a metric
we want to minimize. Of course,
we can just use whatever training
setup we have been using but
just tweak it to return a AUC
to minimize..(negative AUC)

The function gp minimize re-
quires an objective function and
what the function all needs is
basically a metric we want to
minimize.

The function gp minimize re-
quires an objective function.
What the function all needs is
basically a metric we want to
minimize.

2

target = train[’trip_duration’]
print("Longest trip duration {} or {} minutes:

" .format(np.max(target.values), np.max(
target.values)//60))

print("Smallest trip duration {} or {} minutes:
".format(np.min(target.values),np.min(

target.values)//60))
print("Average trip duration : {} or {} minutes

".format(np.mean(target.values), np.mean
(target.values)//60))

No overlap in train and test ids.
Hence we can drop the id column
for now until unless we figure out
that there actually was some over-
lap(by some magic of course!)

Hence we can drop the id
column for now until unless
we figure out that there actu-
ally was some overlap(by some
magic of course!)

No overlap in train and test
ids. Hence we can drop the id
column for now until we figure
out that there actually was some
overlap.

3

from matplotlib import pyplot
from keras.preprocessing.image import

ImageDataGenerator
from keras.models import Sequential
from keras.layers import Conv2D, MaxPooling2D,

Dense, Dropout, Input, Flatten,
Activation

...

Get back to building a CNN using
Keras. Much better frameworks
then others. You will enjoy for
sure.

Get back to building a CNN
using Keras.

Get back to building a CNN us-
ing Keras. Much better frame-
works then others.

Fig. 5. Summarization examples using Spacy and BART

Spacy and BART summarized text as ground truth, we got
similar accuracy numbers for the code documentation task,
and so for all our experiments mentioned in the paper, we
used Spacy summarization because it takes significantly less
time to process than BART.

Markdown sometimes contains a header that describes the
rest of the text in 3-5 words. It is also possible to retrieve
concise documentation through headers, just like text summa-
rization. Hence, in our dataset creation, we considered only the
header as the documentation whenever the header was present.
Further, from the documentation, we removed unnecessary
parts such as URLs, HTML tags, escape characters, multiple
spaces, etc., as part of the preprocessing.

Processing of code is much simpler than processing of
documentation: we just removed the single-line and multi-line
comments that were present in the code.

We divided the notebooks into training, test, and validation
data in an 8:1:1 ratio. We split the dataset at the notebook
level; previous studies have suggested that one project should
only be included in one set of the split to avoid informa-
tion leakage [26]. Figure 6 summarizes the statistics of our
final processed dataset for the code documentation task. Our
preprocessing does not rely on manual effort and is able
to significantly reduce the number of tokens in ground-truth
documentation (see Figures 4 and 6).

IV. CELL2DOC

A. Cell2Doc Pipeline
Figure 3 illustrates the Cell2Doc pipeline. It accepts a

code snippet as input (from a notebook code cell). In the
first stage, Cell2Doc splits the input into multiple logical
segments using a Code Segmentation Model (CoSEG). In the
second stage, documentation is generated separately for each

Property Training Validation Test
Number of notebooks 3073 357 377
Code-Documentation pairs 14802 1821 1755
Min. # tokens in Documentation 3 3 3
Avg. # tokens in Documentation 6 6 3
Max. # tokens in Documentation 13 13 13
Min. # tokens in Code 3 5 3
Avg. # tokens in Code 52 51 52
Max. # tokens in Code 99 99 99

Fig. 6. Statistics of code documentation dataset

segment using a Code Documentation Model (CoDoc), and the
output is combined in the form of a step-wise algorithm to get
the complete documentation. We observed that the multiple
segments describe various tasks in a code cell and are suitable
to be displayed as independent steps; our human evaluation
(in section V-B and VI-0a) further supports this observation.

B. Code Segmentation Model
This section explores an important question: Can an au-

tomatic system identify different tasks/operations in a given
code snippet? We show that: with a well-constructed dataset,
a machine-learning model can learn this information from the
locations of real in-line comments added by developers and
from Abstract Syntax Tree (AST) code structures present in
notebook code cells. We refer to such a model as the Code
Segmentation Model (CoSEG).

a) CoSEG Construction: We build CoSEG, a binary
classification model, by fine-tuning a pre-trained CodeBERT
model to determine if the context changes at a particular line
(the line of interest), given its prefix code. We provide the
input in the following form: [CLS]pc1, pc2, pc3, · · ·[EOS]
[CLS]c1, c2, c3, · · ·[EOS], where [CLS] and [EOS] marks



CodeBERTNext code
line

[CLS] token's
embedding(2-by-768)

Probability of
class 1

Probability of
class 0

Prefix code

Fig. 7. CodeBERT fine-tuning for code segmentation task

the beginning and the end of a code-snippet, the pci represent
the tokens of the prefix code and the ci represent the tokens
in the line of interest. These tokens are collectively referred
to as input tokens. The model outputs 1 if a new context
begins at the line of interest, 0 otherwise.

Figure 7 shows the fine-tuning of the CodeBERT model for
this task. CodeBERT provides embeddings of length 768 for
each of the input code tokens as follows:

[Hcls1, Hpc1, · · · , Heos1, Hcls2, Hc1, · · · , Heos2]

= CodeBERT (input tokens)
(1)

From the CodeBERT output, we consider the embedding
of the two [CLS] tokens (Hcls1 and Hcls2) that provide
the representation of the prefix code and the line of interest,
respectively. To get the combined representation, we merge
the two embeddings as: H = Hcls1 +Hcls2.

A 2-layer neural network classifies this combined represen-
tation by using softmax activation to determine the probabil-
ities for each class in the last layer. We compute the binary
cross-entropy loss using the predicted probabilities and ground
truth labels as follows:

Loss = − 1

M

M∑
i=1

(yi log(p(yi))+(1−yi) log(1−p(yi))) (2)

In this equation, M is the number of input data points, yi is
the label for the ith input, and p(yi) is the predicted probability
for the datapoint having label yi. The loss is back-propagated
to CodeBERT and the neural network.

b) Segmentation Algorithm: CoSEG outputs 1 if a new
context begins at the line of interest. Starting from the second
line of the input code, the segmentation algorithm, shown in
Figure 8, iteratively queries CoSEG on each line to determine
whether a code line belongs to the prefix code context or a
new context. Note that the last segment is used as the context
when querying CoSEG (Line 4).

c) Dataset for CoSEG: There are no existing labels for
code segmentation, so we needed to create one for training.
The challenge is to identify the code lines that divide two
different contexts for documentation in a code snippet. We
considered two criteria for obtaining such code lines. The first
criterion is to identify locations of in-line comments added
by developers in notebook code cells. An in-line comment
typically explains the code below it and separates the code

Input: C: Code as [c1, c2, . . . , cn], where ci is a code
line; M: Code segmentation model

Output: S: Segmented code as [s1, s2, . . . , sm], where
sj is a code segment

1 Procedure segmentation(C,M)
2 S ← [[c1]];
3 for i← 2 to n do
4 prediction←M(S.last, ci);
5 if prediction = 1 then
6 S = S ⊕ [[ci]] ; // Start a new segment
7 else
8 S.last = S.last⊕ [ci] ; // Add to prev. segment

Fig. 8. Code Segmentation Algorithm

segments present above and below it, which can be regarded
as splitting two different logical contexts. The second criterion
is to identify contexts based on Abstract Syntax Tree (AST)
code structures. Different AST structural elements such as
definitions (def), control-flow statements (for/while/if),
classes (class), exception handlers (try) etc. (compound
statements [3] in python) are logical segments that can rep-
resent individual contexts for documentation. In our dataset
creation process, we first collected these logical contexts
(referred to as segments) from notebook code cells and then
constructed positive and negative data examples using them.

The algorithm in Figure 9 describes how we
create the code segmentation dataset. The procedure
generateDataPoints() invokes two functions
splitCodeByComment() and splitCodeByAST()
to create logical segments using in-line code comments (at
Line 16) and AST structures (at Line 28), respectively. To
identify code structures, splitCodeByAST() recursively
traverses the AST of the input code cell using the Python
AST parser [34].

After we get the segments using the two criteria
on each code snippet, we collect positive and negative
data points. Each data point is a triple of the form
(prefix code, the line of interest, label). The first line in
each segment creates a positive example with the code from
the previous segment as its prefix code (at Line 7). To create
a negative example, we randomly select a line from a segment
and use the code lines before it in the same segment as
its prefix code (at Line 11). We use the same set of 5428
notebooks and like the code documentation dataset, we have
split the dataset at the notebook level to create training, test,
and validation data. Figure 10 summarizes the statistics for
this dataset. With a total of 340K data points, this large dataset
allows the CoSEG model to be more accurate (Section V-A).

d) Discussion: Given the AST structures in a code
can be found statically, the question arises whether code
segmentation could be algorithmically addressed, eliminating
the need for a machine learning model. As described in the
Algorithm (Figure 9), the CoSEG learns two (not one) aspects:



Input: C: Code as [c1, c2, . . . , cn], ci is a code line
Output: E: Set of data points in the form of (prefix

code, line, label)
1 Procedure generateDataPoints(C)
2 S′ ← splitCodeByComment(C);
3 N ← parse(C); // Get Abstract Syntax Tree node(s)

‘N ’ from the input code ‘C’
4 S′′ ← splitCodeByAST(N);
5 [s1, s2, · · · , sn]← S′ ⊕ S′′ ;
6 for i← 2 to n do
7 E ← E ∪ {(si−1, si.first, 1)} ; // Positive

example: (prefix, code line at breakpoint, True label)

8 for i← 1 to n do
9 [c1, c2, · · · , cm]← si;

10 l← random(2, m) ; // Get a random line
11 E ← E ∪ {([c1, c2, · · · , c(l−1)], cl, 0)} ;

// Negative: (prefix, line not at breakpoint, False label)

12 Function splitCodeByComment(C)
13 S ← (c1 is a comment) ? [[]] : [[c1]] ; // Initialize S,

where C is [c1, c2, · · · cn]
14 for i← 2 to n do
15 if ci is a comment then
16 S ← S ⊕ [[]] ; // Starts a new segment
17 else
18 S.last = S.last⊕ [ci] ; // Add to prev. segment

19 return S;

20 Function splitCodeByAST(N)
21 S ← [[]];
22 Structs← [“def”, “for”, “while”, “if”, “try”, ..]

; // Compound statement types
23 for i← 1 to n do
24 if Ni.stmtType ∈ Structs then
25 N ′ ← child nodes of Ni;
26 S′ ← splitCodeByAST(N ′) ;

// Recursively get segments for child nodes
27 S ← S ⊕ S′;
28 S ← S ⊕ [[]] ; // Start a new segment because Ni

is a compound statement
29 else
30 S.last← S.last⊕ unparse(Ni) ; // Add

to the previous segment

31 return S;

Fig. 9. Algorithm for code segmentation data creation

(1) AST code structures and (2) locations of in-line comments
in real-world notebook code cells. Learning these aspects is
necessary because, during testing, input code snippets might
lack compound statements or in-line comments, as shown in
Figure 11. As our CoSEG model effectively learns breakpoint
placement from extensive data, it accurately generates two
segments for this code: the first code segment is for result

Split Notebooks Total data points Class 1 Class 0
Training set 4309 275106 116511 158595
Validation set 539 34319 14428 19891
Test set 536 31032 12880 18152

Fig. 10. Statistics of the code segmentation dataset

Original Code Cell

1 result = pd.DataFrame(mpred, columns=[’target’])
2 result[’id’] = te_ids
3 result = result.set_index(’id’)
4 print(’\\n First 10 lines of your 5-fold average

prediction:\\n’)
5 print(result.head(10))
6 sub_file = ’submission_5fold-average-keras-run-01-v1_

’ + str(score) + ’_’ + str(now.strftime(’%Y-%m-%
d-%H-%M’)) + ’.csv’

7 print(’\\n Writing submission: %s’ % sub_file)
8 result.to_csv(sub_file, index=True, index_label=’id’)

Segment 1

1 result = pd.DataFrame(mpred, columns=[’target’])
2 result[’id’] = te_ids
3 result = result.set_index(’id’)
4 print(’\\n First 10 lines of your 5-fold average

prediction:\\n’)
5 print(result.head(10))

Segment 2

1 sub_file = ’submission_5fold-average-keras-run-01-v1_
’ + str(score) + ’_’ + str(now.strftime(’%Y-%m-%
d-%H-%M’)) + ’.csv’

2 print(’\\n Writing submission: %s’ % sub_file)
3 result.to_csv(sub_file, index=True, index_label=’id’)

Fig. 11. Code segmentation example

creation, and the second one is to save the result. If we do not
have a learned CoSEG model, the user may have to provide
breakpoints to create segments concerning different operations,
which is not desirable. Further, rather than having two separate
systems (AST and comments based), we have combined them
into the CoSEG model.

C. Code Documentation Model
The Cell2Doc pipeline allows the Code Documentation

Model (CoDoc) to be any pre-trained model that is fine-tuned
for document generation task. We integrate our pipeline with
five such models, CodeT5 [43], PLBART [6], CodeBERT
[14], GraphCodeBERT [16] and UniXcoder [15], separately.
We chose these models because they are recent, open-source,
and have different types of architectures with various input
representations and pre-training objective functions (see Sec-
tion II). We fine-tuned these five models using our domain-
specific dataset, as described in Section III-B. Note that we
utilized the checkpoints of these five models after first fine-
tuning them for the code summarization task on the Code-
SearchNet [18] dataset (results in better performance since
there were more than 250K Python code-comment pairs in
CodeSearchNet).

Since code documentation is a generative task, CoDoc relies
on an encoder-decoder architecture to generate documentation,
where the encoder embeds the input, and the decoder decodes
it into the target sequence. As CodeBERT and GraphCode-
BERT are encoder-only models, we use a transformer-based



six-layer decoder to construct CoDoc for both models. On
the other hand, we have fine-tuned CodeT5, PLBART, and
UnixCoder (using encoder-decoder mode) directly on our code
documentation dataset for the documentation task, as these
models do not require a separate decoder.

D. Input Representations
CoDoc accepts code-documentation pairs as input and needs

a suitable input representation to generate good-quality doc-
umentation. We explored four different input representations
for CoDoc to find the best fit in our Cell2Doc pipeline.

First, we consider the basic input representation, where
the input code remains in its original form, and the label
contains the entire content of the preceding markdown cell
(as shown in the second column of Figure 12). We refer to
this representation as Code - Markdown (CM).

Second, we consider an improved input representation with
a summarized version of the markdown cell, as the label and
input code remains the same. As illustrated in Section III-B,
summarizing markdown cells leads to shorter, meaningful
documentation (see the third column of Figure 12). We call
this representation as Code - Summarized Markdown (CSM).

Third, we consider only code tokens that consist of English
characters, not the complete input code. We remove non-letter
tokens such as brackets and numbers resulting in smaller in-
puts (fourth column of Figure 12). These shorter inputs address
the fixed-length constraint of pre-trained models but cannot
adequately represent structural aspects of the code. The labels
are summarized markdown cells. This representation explains
how much the naming of different code tokens matters for
document generation in Python data-science notebooks rather
than the structure of the code. We refer to this case as English
Code tokens - Summarized Markdown (ECSM).

Fourth, along with considering complete code and summa-
rized markdown as in the CSM case, we consider inline com-
ments as separate data points, where the label is the comment
within a code cell (summarized if longer), and the immediate
code following the comment is considered input code. For
example, in Figure 12, along with the complete code in the
code cell, comment lines 3 and 11 also create two additional
data points. These smaller input codes increase the dataset
size and help the model generate better documentation for
smaller code snippets. Moreover, in-lined comments provide
explanations of the immediate code, which aids in retrieving
good-quality labels. This representation is called Split Code -
Summarized Comment and Markdown (SCSCM).

V. EVALUATION

We evaluate the following research questions for Cell2Doc.
RQ1. How effective is the code segmentation model (CoSEG)
in identifying different contexts within a code cell?
RQ2. How do human participants assess Cell2Doc’s output?
RQ3. How effective is the code documentation model (CoDoc)
for various input representations?
RQ4. How does the Cell2Doc pipeline generalize to different
pre-trained models?

RQ5. Can we use the generative (decoder-only) models as
CoDoc?

We could not include some of the prior work on notebook
documentation model, namely HAConvGNN [29], [42], in our
evaluation because although its code is open source, no pre-
processing steps are available to run it on our data; the authors
of this work have also not responded to our attempts to contact
them in this regard.

a) Experimental setup: We conducted all our quantita-
tive experiments on an Nvidia DGX-2 server having two Intel
Xeon Platinum 2.7 GHz CPUs and 16 Nvidia Tesla V100
GPUs, each with 32 GB memory. Our experiments made
use of a maximum of four GPUs. We trained CoSEG for
two epochs (the training dataset was quite large and there
was no significant improvement in classification scores after
two epochs), with a learning rate 5e−5 and batch size 16.
We trained CoDoc using learning rate 5e−5 and batch size
eight until there was no improvement in the BLEU score [33]
on validation data for three consecutive epochs. We trained
both CoSEG and CoDoc models using Adam (ϵ = 1e−8)
optimizer [22]. We implemented the Cell2Doc pipeline in
Python 3.6.9 using PyTorch. For all the models, pre-trained
weights were taken from Huggingface [4].

b) Metrics Used: Several studies have examined the
challenges of quantitatively evaluating machine-generated
text [8], [37]. To help mitigate these challenges we report
multiple metrics. First, we report commonly used metrics for
evaluating generated text: Bilingual Evaluation Understudy
(BLEU) [33] and Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) [28]. BLEU calculates a score based
on n-gram precision, whereas ROUGE captures n-gram recall.
The issue with both approaches is that they focus on token
overlap without considering token order or meaning. Finally,
we report the BERT score [46] that is calculated as the
cosine similarity of the contextual embeddings computed by
BERT on the candidate and reference sentences. In the case
of the ROUGE score, we report the F1 scores for Rouge-1,
Rouge-2, and Rouge-LCS. As we have formulated the code
segmentation problem as a binary classification problem, we
report precision, recall, and F1 score.

A. RQ1: Effectiveness of the Code Segmentation Model

Figure 13 summarizes the precision, recall, and F1 score
of CoSEG. Further, on the test data, we found that the ROC
curve for the code segmentation model had an Area Under
The Curve (AUC) of 0.964, indicating its effectiveness.

The classification accuracy numbers, along with the ROC
curve, indicate that the classifier is effective in understanding
the similarity in context (see Section IV-B) between the prefix-
code and a given code-line while making the prediction.

B. RQ2: Human Evaluation of Cell2Doc Output

Automated evaluation of Cell2Doc output is challenging
because it generates documentation as algorithmic steps that
is different in structure from the ground truth labels. Hence,
we use a human evaluation to understand its effectiveness.



Code Markdown Summarized
Markdown English Code Tokens

1 TRAINING_SIZE = 300000
2 TEST_SIZE = 50000
3 # Load data
4 train = pd.read_csv(’../input/train.csv’,
5 skiprows=range(1,184903891-

TRAINING_SIZE-TEST_SIZE),
nrows=TRAINING_SIZE,

6 parse_dates=[’click_time’])
7 val = pd.read_csv(’../input/train.csv’,
8 skiprows=range(1,184903891-TEST_SIZE),
9 nrows=TEST_SIZE,

10 parse_dates=[’click_time’])
11 # Split into X and y
12 y_train = train[’is_attributed’]
13 y_val = val[’is_attributed’]

Instead of doing
cross-validation,
in this notebook
I’m going to
use a simple
fixed training and
testing set. Just for
illustration purpose.

Instead of doing
cross-validation,
in this notebook
I’m going to use
a simple fixed
training and testing
set.

[’TRAINING SIZE’, ’TEST SIZE’, ’train’, ’pd’, ’read csv’,
”’../input/train.csv’”, ’skiprows’, ’range’, ’TRAINING SIZE’,
’TEST SIZE’, ’nrows’, ’TRAINING SIZE’, ’parse dates’,
”’click time’”, ’val’, ’pd’, ’read csv’, ”’../input/train.csv’”,
’skiprows’, ’range’, ’TEST SIZE’, ’nrows’, ’TEST SIZE’,
’parse dates’, ”’click time’”, ’y train’, ’train’, ”’is attributed’”,
’y val’, ’val’, ”’is attributed’”]

Fig. 12. Different components of a datapoint

Split Precision Recall F1 score
Training data 87.94 92.82 90.31

Validation data 84.89 88.42 86.62
Testing data 85.88 89.39 87.6

Fig. 13. Precision, Recall and F1 score of Code Segmentation Model

For this experiment, we used a pre-trained CodeT5 model as
CoDoc since it is state-of-the-art for code-summarization task
(supported by our automatic evaluation results, see Figures 15
and 16).

a) Participants: The setup of our evaluation is inspired
by previous studies [29]. A total of 21 participants took part in
our evaluation, including 11 postgraduate, six undergraduate,
and four Ph.D. students. All of them used computational
notebooks regularly in their day-to-day work and had different
levels of data science and machine learning experience.

b) Task: We randomly sampled 42 code snippets (each
is one entire code cell, excluding comments if there are any)
from notebooks not used during training. We generated five
code documentation texts for each code snippet; four of them
are outputs of CodeT5 models trained on data with the four
different input representations (Section IV-D), whereas one is
an output of Cell2Doc with CodeT5 (fine-tuned on SCSCM) as
the CoDoc. When the original ground truth from the notebook
is also taken into account, a total of six documentation texts
must be assessed per code snippet. (Note: while we get six
human ratings for each example, this section presents an
assessment of the Cell2Doc pipeline’s output, not compare
input representations, which is done in the RQ3 section.) We
randomly split the 42 samples into seven sets, each with six
samples. Three participants evaluated each set independently.
The task involved understanding the code on their own and
then assessing the quality of the documentation texts. We gave
the participants a week to complete the human evaluation at
their convenience. Note that the participants did not know
which documentation came from what model.

c) Dimensions and Scale: We used Correctness, Infor-
mativeness, and Readability as the dimensions for evaluation,
following prior work [29]. Participants rated each code docu-
mentation on each of these dimensions with a five-point Likert
scale, where one and five indicate the lowest and highest qual-
ity, respectively. Correctness measures if the documentation
explains the code snippet correctly. Informativeness measures

if the documentation captures all the information about the
working of the code snippet. Readability measures if the
documentation is easy to read and understand.

d) Results: Figure 14 summarizes the results of the
human evaluation. We report the mean and standard deviation
of the ratings that the participants gave for the five models
and the ground truth across the three dimensions. We can see
that Cell2Doc has higher scores than the baselines across all
three dimensions. Additionally, while Cell2Doc uses the same
code documentation model as CodeT5 (SCSCM), Cell2Doc
has better scores than standalone CodeT5, which indicates the
benefit of using code segmentation.

The ground truth, surprisingly, did not receive the best
score, suggesting that the description was inadequate. By
documenting individual contexts separately, Cell2Doc achieves
the highest score. Further, we requested the participants for
more detailed feedback; we discuss our findings in Section VI.

e) Statistical Significance: We have used a one-way
ANOVA (α = 0.05) test to understand if the human evaluation
results are significant. For the correctness dimension, ANOVA
shows that F = 16.33 > Fcrit = 2.22 with p ≈ 2.55E−15(<
0.05), indicating strong statistical significance. Similarly, for
informativeness, F = 22.91 with p ≈ 9.26E−28 and for
readability, F = 6.35 with p ≈ 8.63E−06. A follow-up
Tukey’s test (p < 0.05) indicates that Cell2Doc’s scores
significantly differ from those of the other five cases in all
three dimensions as it assigns a different group for Cell2Doc.
Overall, the results indicate that Cell2Doc has improved the
effectiveness of the pre-trained CodeT5 model.

C. RQ3: Evaluation of Code Documentation Model on Dif-
ferent Input Representations

Each row in Figure 15 shows the performance of CodeT5
when fine-tuned on data with CM, CSM, ECSM, and SCSCM
representations (from Section IV-D), respectively. Figure 14
(row index 2-5), illustrates how humans rated the output of
these four fine-tuned models against sample code examples.
Different rows in Figure 15 cannot be directly compared
because their test inputs and ground truths differ depending
on the input representation, however, since the base model is
the same (CodeT5), we can still examine the effectiveness of
each fine-tuned model relative to the others.



Index Model Correctness Informativeness Readability
1 Ground-truth µ = 2.88, σ = 1.231 µ = 2.825, σ = 1.106 µ = 3.769, σ = 1.113

2 CodeT5 (CM) µ = 2.92, σ = 1.165 µ = 2.738, σ = 1.113 µ = 3.595, σ = 1.099

3 CodeT5 (CSM) µ = 2.825, σ = 1.175 µ = 2.587, σ = 1.033 µ = 3.619, σ = 1.075

4 CodeT5 (ECSM) µ = 3.007, σ = 1.101 µ =, 2.841σ = 0.987 µ = 3.69, σ = 1.108

5 CodeT5 (SCSCM) µ = 3.166, σ = 1.219 µ = 2.92, σ = 1.116 µ = 3.785, σ = 1.131

6 CodeT5 (Cell2Doc) µ = 3.944, σ = 1.048 µ = 4.023, σ = 1.003 µ = 4.253, σ = 0.89

Fig. 14. Results of the human evaluation on Cell2Doc output and CoDoc outputs

Input Rep- Evaluation on Test data
resentation BLEU ROUGE-1(F1) ROUGE-2(F1) ROUGE-l(F1) BERT

CM 13.21 22.75 10.89 24.88 10.003
CSM 21.64 27.89 13.12 30.13 18.199

ECSM 18.94 24.57 11.49 26.86 15.807
SCSCM 32.82 38.88 25.95 40.99 31.151

Fig. 15. Quantitative evaluation of CoDoc (with CodeT5) on various input
representations

Fine-tuning on both summarized comments and markdown
as labels (SCSCM) got the best human ratings in all three
dimensions and is effective with high accuracy in terms of
all three metrics (BLEU, ROUGE, and BERT scores). The
results indicate that comments act as good-quality labels, and
training the model becomes more effective as the dataset size
increases.

With text summarization applied to input markdown cells,
the code documentation model is effective (rows 3-5 in Fig-
ure 15). The human evaluation (Figure 14) shows that CSM
has a comparable score to CM, unlike automatic evaluation
in which CSM outperforms CM. Although CM usually has
longer documentation, it sometimes outputs erroneous docu-
mentation, as explained in section IV-C, and we attribute the
similarity in scores to the limited number of random code
snippets used in the human evaluation.

The performance scores are relatively low when using only
English code tokens in input code (ECSM), indicating that
addressing the fixed-length constraints of pre-trained models
with shorter inputs (at the expense of losing structural infor-
mation) does not improve performance.

Given these results, we use SCSCM input representation for
fine-tuning the CoDoc model used by Cell2Doc.

D. RQ4: Understanding the Generalizability of Cell2Doc

We evaluated the generalizability by replacing the CodeT5
model with other pre-trained models: PLBART [6], Code-
BERT [14], UnixCoder [15] and GraphCodeBERT [16]. We
fine-tuned UnixCoder on our code documentation dataset
using the encoder-decoder mode for the documentation task.
In the case of CodeBERT and GraphCodeBERT, we use a
six-layer decoder to construct CoDoc (see Section IV-C).
As discussed in Section II, CodeBERT and PLBART accept
input as raw code tokens, UnixCoder uses AST whereas
GraphCodeBERT uses both data-flow graph and code tokens.

Figure 16 shows the automated evaluation results of the four
pre-trained models for four of the input representations. Like

CodeT5, all these four models are effective with high accuracy
on SCSCM. Generated texts of the Cell2Doc pipeline with
the four pre-trained models on various sample examples are
provided in our GitHub repository [2].

E. RQ5: Using Generative (decoder-only) Models as CoDoc

Traditionally, decoder-only or generative models are ef-
fective in generation tasks such as code completion, code
refinement, etc., because these models are pre-trained with
the Next Token Prediction (NTP) objective. Even though
these models by nature are not optimal for tasks like code-
to-text translation, recently introduced very large language
models (LLMs) like GPT-3 [10], GPT-NeoX [9], GPT-J [12],
BLOOM [44], ChatGPT [32], pre-trained on massive and
diverse corpora, perform well on this task (that too in a task-
agnostic manner). The success of these GPT-style models
encouraged us to evaluate them on our notebook dataset to
study their suitability to be incorporated with Cell2Doc. The
open-source models in this space that are pre-trained with
some programming languages are GPT-Neo, GPT-J, BLOOM,
etc., whereas models like Codex [11] and ChatGPT are close-
sourced.

For evaluation, we have considered BLOOMZ [30], the
recently introduced enhanced version of the BLOOM model,
which is one of the largest open-source models available
in this space. BLOOMZ is available in different sizes, with
560M, 1.1B, 1.7B, 3B, 7B, and 176B parameters. We only
experimented with smaller 560M and 1.1B variants due to time
and resources (particularly, GPUs) constraints for fine-tuning.
Further, we have only fine-tuned these models for two epochs,
and that too with a batch size of two for similar reasons. For
the prompt during training, we add the “Code:” tag before
the code part and the “Documentation:” tag before the ground
truth label so the model can understand the structure of the
task. During testing, we only give the code with the “Code:”
tag in the prompt and keep the “Documentation:” part empty
so that the model generates documentation for the given code.

We evaluate the generality of Cell2Doc by replacing the
CodeT5 model with BLOOMZ as CoDoc. Figure 17 summa-
rizes the results. We can also query BLOOMZ for individual
segments suggested by CoSEG and evaluate the final Cell2Doc
output, however, this would require a human evaluation. Note
that the BERT score in Figure 17 does have negative scores
in a few places and that is due to rescaling done by BERT
score library [1] and the conclusion from the results still holds.
Like CodeT5, BLOOMZ is also effective with high accuracy



Input PLBART CodeBERT GraphCodeBERT UnixCoder
Representation BLEU ROUGE-1(F1) BERT BLEU ROUGE-1(F1) BERT BLEU ROUGE-1(F1) BERT BLEU ROUGE-1(F1) BERT

CM 12.5 21.76 5.733 12.11 19.50 5.015 11.39 17.31 3.109 13.14 20.86 6.940
CSM 19.58 25.92 15.742 19.07 24.26 16.299 18.11 21.83 13.363 21.42 27.21 17.756

ECSM 15.28 20.77 9.327 19.08 23.61 14.678 17.28 20.72 13.046 19.94 25.08 15.134
SCSCM 31.82 37.62 29.331 31.31 36.19 26.688 30.7 34.56 26.552 31.97 36.77 28.912

Fig. 16. Quantitative evaluation of various pre-trained models as CoDoc

Input Rep- BLOOMZ-1.1B BLOOMZ-560M
resentation BLEU ROUGE-1(F1) BERT BLEU ROUGE-1(F1) BERT

CM 8.28 17.23 -8.139 3.13 11.12 -29.018
CSM 19.07 26.30 16.084 11.15 18.45 -3.829

ECSM 19.96 26.86 16.929 5.31 10.96 -26.064
SCSCM 27.06 33.38 24.537 20.36 27.87 6.720

Fig. 17. Quantitative evaluation of BLOOMZ model as CoDoc

on SCSCM across all metrics. We believe that the relatively
lower numbers for BLOOMZ with respect to other models are
due to the smaller number of epochs during fine-tuning.

VI. DISCUSSION

a) Post-evaluation Interaction: As part of the human
evaluation, we asked the participants for their observations
and we now present their feedback (as-is).

The results of the post-evaluation questionnaire, summa-
rized in Figure 18, reveal that over 80% of the participants
believe that an automatic documentation tool would increase
their productivity, and over 75% expressed their interest in
using the tool in practice. Additionally, more than 60% of par-
ticipants preferred the algorithmic format over the paragraph
format for documentation. When asked for the reason behind
their preference, P8 mentioned that “A step-wise description is
faster and easier to understand than a paragraph explaining the
same thing. Additionally, algorithmic steps follow the logic of
code, unlike an explanation in a paragraph format.” Another
participant, P16, commented that “Documentation about what
code is meant for or its purpose can be in paragraphs while the
steps in implementation are better explained algorithmically.”

Few participants explicitly mentioned that the more ex-
tended and step-wise documentation from the Cell2Doc
pipeline is better than the baselines. For example, P10 said:
“The documentation that was in the form of steps, was
explaining the code properly in most cases”, and P11 said:
“The baselines are very weak and not competitive”.

According to P3, “The code snippets are not complete so
it is difficult to understand sometime without knowing the
previous code or complete context”. This comment reveals the
difficulty of documenting a single code cell without knowledge
of previous code cells (even for a human).

P13 mentioned, “If even one step in the generated docu-
mentation is wrong it breaks the flow and degrades the overall
quality of the documentation”. This comment emphasizes the
importance of getting each step correct in Cell2Doc to generate
efficient combined documentation.

P13 further mentioned that “Documenting each and every
step in the source code is not always necessary as some

0 10 20 30 40 50 60 70 80 90 100

Do you prefer algorithmic format 
more than paragraph for documentation?

Would you use such a tool 
in practice while working with notebooks?

Will such a tool save your 
time while working with notebooks?

Do you think that a tool that generates 
documentation from code automatically, 

will help to increase readability and 
maintainability of notebooks?

Do you document your code 
while using notebook?

No Maybe/Sometimes Yes

Fig. 18. Post-evaluation feedback

steps are obvious and everyone knows it” which indicates how
we are splitting the source code before documenting is very
crucial and producing more splits than needed and generating
longer documentation might not always help.

b) Threats to Validity: We use automatic text summa-
rization and usual cleaning steps to remove stories and other
irrelevant information from the ground truth documentation.
Even though we manually analyzed samples and found that,
in most cases, it creates relatively better ground truth, we did
not formally evaluate it. There are examples where the data
cleaning process does not remove the noise or only partially
removes the noise.

We test the effectiveness of the Cell2Doc pipeline via human
evaluation, which only qualitatively analyzes the generated
outputs. It is possible that another quantitative analysis will
provide slightly different accuracy numbers. We mitigate this
problem by selecting samples randomly for human evaluation
and having three participants evaluate each example.

We only used notebooks from the Kaggle platform, which
we considered as well-documented notebooks related to data
science. There might be other factors to consider when gen-
erating documentation for notebooks from other platforms or
for uses other than data science.

c) Limitations: The code segmentation model splits code
depending on how comments or compound statements appear
in the code. This approach may lead to suboptimal contexts
since the code segmentation model does not take into account
the quality of the generated documentation when learning the
contexts (as expressed by one human evaluator P13).



VII. RELATED WORK

a) Code Documentation for Python Notebooks: There
have been recent efforts to summarize computational note-
books automatically. HeaderGen [40] generates the header
(typically of 1-3 words in length) for a given code cell in
Jupyter notebooks by statically analyzing the library calls
made in the code. Because of their static mapping of different
Machine Learning libraries (such as matplotlib.pyplot)
to phases in a Machine Learning workflow (such as Visualiza-
tion), they cannot generate a header for any unknown library
without manually updating the mapping.

Themisto [42] is a deep-learning based automatic docu-
mentation generation tool for notebooks, providing users with
multiple types of documentation, including one based on deep
learning, another focused on queries, and one that allows users
to enter text. Its human evaluation reports that the tool made
it easier to document the notebooks, but in over 50% cases,
users created or edited the documentation themselves.

HAConvGNN [29] proposes that documentation relies on
more than one code cell. This work employs a combination of
Convolutional Graph Neural Network (CGNN) with GRU to
encode the AST representation of code and utilizes a hierar-
chical attention mechanism to combine the representation of
four code cells to generate documentation. The human study
by Wang et al. [31] included HAConvGNN and suggested
that in 41% of the cases, participants added more details to
the generated documentation, sometimes explaining steps into
substeps.

Themisto comes closest to our work because it generates
documentation for a single code cell. Even though HACon-
vGNN addresses the same problem, unlike us, it considers
multiple code cells at once. According to our observations,
each code cell contains more information than the current
models can extract, and Cell2Doc aims to extract all that
information using segmentation in order to generate longer
and more meaningful documentation. Furthermore, Cell2Doc
enhances the performance of existing pre-trained models to
generate effective code documentation.

b) Code Documentation: Several deep learning ap-
proaches generate plain language descriptions of code snippets
(not specific to notebooks). CODE-NN [19] uses Long Short
Term Memory (LSTM) based neural network with an attention
mechanism to generate documentation for C# code and SQL
queries. Graph2Seq [45] uses a Seq2Seq architecture where a
graph-based encoder first creates a node and graph embedding,
and then a sequence decoder uses this as input to generate the
sequence using attention. Code2Seq [7] uses a bag-of-paths
approach in which multiple AST paths are considered whose
representations are combined using attention to construct the
overall representation of the code. [24] also uses the AST
representation of the code, but rather than flattening the AST
or using some paths of the AST, they use Convolutional
Graph Neural Network (ConvGNN) to encode the AST along
with attention to learn important tokens from the AST. To
perform well in code documentation task, these models need

to be trained from scratch, which requires more training time,
good infrastructure, and a larger dataset. Transformer-based
pre-trained models [39] have provided state-of-the-art results
with very limited infrastructure and training, hence, we reuse
such models in our Cell2Doc pipeline to efficiently generate
documentation.

c) Pre-trained Models for Programming Languages:
Pre-trained models like GPT, BERT, and RoBERTa have
revolutionized NLP by achieving state-of-the-art results in
several NL tasks. The pre-trained models leverage the idea
of transfer learning, where the models are initially trained
on a large corpus in a self-supervised fashion and later fine-
tuned for specific tasks. A number of pre-trained models [6],
[11], [13]–[16], [20], [43] have recently been introduced for
programming language understanding and generation, similar
to the NLP domain and have performed well on tasks like
code-to-code translation, clone detection, code generation, etc.,
with very little additional training.

When using pre-trained models such as CodeT5 [43],
PLBART [6], CodeBERT [14], GraphCodeBERT [16] and
UniXcoder [15] directly for code documentation, the generated
descriptions are generally high-level and less informative in
nature. Cell2Doc reuses these models and improves their
effectiveness for documentation generation in the case of
computational notebooks.

Recently introduced GPT-style decoder-only language mod-
els such as GPT-3 [10], Codex [11], GPT-NeoX [9], GPT-
J [12], BLOOM [44], ChatGPT [32], GPT-4 [5] are pre-
trained on a massive corpus and have a very large number of
parameters. These pre-trained models also can be integrated
into our Cell2Doc pipeline as a CoDoc model and queried
with individual segments suggested by CoSEG. Since many
of these generative models are closed-source and consume
extensive resources to operate, we evaluated smaller versions
of BLOOMZ [30] model, an enhanced version of BLOOM
(one of the largest open-source models available).

VIII. CONCLUSION

Computational notebooks, while popular, suffer from lack
of documentation that makes them difficult to reuse. Existing
techniques for automated code documentation produce output
with low information content, particularly as the input code
gets longer. Cell2Doc presents a significant enhancement in
this space by effectively identifying different contexts in the
input code. This paper presents both a quantitative and a qual-
itative evaluation of Cell2Doc, supporting its effectiveness.
Additionally, we have integrated multiple pre-trained models
with Cell2Doc to show that it can improve the effectiveness
of existing models as well.
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