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ABSTRACT
The ability to automatically summarize or caption target
sequences has an extensive history within Natural Language
Processing (NLP) research. However, such applications to
computer programming languages within the Software Engineering field are less well studied. We approach the code
summarization problem by re-framing it into a translation
task. Doing so allows us to employ a mixture of techniques
developed in the neural machine translation (NMT) sub-field
to produce concise and accurate natural language outputs
for a given source code snippet as input. We call our codeto-caption approach Code2Cap and demonstrate its effectiveness on two benchmark data sets written in Java and
Python. Our code, data, and trained models are available at
https://github.com/vishwakaria/code-summarization.
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1

INTRODUCTION

Automated code captioning is the process of leveraging natural language processing to generate a brief text-based description for an input snippet of source code. Software developers
regularly perform this task while familiarizing themselves
with new code, performing code reviews, settling on a function name or generating documentation for their own code.
CS 230 project, June 2019,
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In a broader sense, any task that involves understanding
code necessarily entails an antecedent mental captioning
of its purpose. We view the automation of this first step as
an important time-saving contribution to the development
process.
Previous work in this area can be categorized into two
main paradigms: models that account for the differences between natural languages and programming languages and
those that do not. Most sequence-to-sequence (seq2seq) models, adopted from neural machine translation (NMT), frame
the code captioning task as a machine translation problem
and treat source code like any other natural language - as
a sequence of tokens. Such models were not specifically
designed for handling programming languages, but have
nonetheless been able to achieve state-of-the-art results. In
contrast, approaches that leverage the syntactic structure of
programming languages in the pre-processing and encoding
portions of their pipelines to speed up training and improve
the quality of the captions.
We present an alternative approach, Code2Cap that synthesizes elements of both paradigms to generate code captions that are both concise and reasonably accurate. We
demonstrate the effectiveness of our approach on a dataset of
the statically typed Java programming language [14] as well
as a dataset of the dynamically typed Python programming
language [2].
2

MOTIVATION

In general, there are at least four primary applications that
we expect will benefit from code captioning - code review,
documentation, method name suggestion, and code familiarization. Of these we elaborate on the particular challenges
related to code review as a motivating example for our work.
Code review is a common practice in software engineering, wherein the code written by one member in the team
is inspected for quality and correctness by one or more of
his colleagues [17] [16]. However, studies suggest that this
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is often a time-consuming process, as the colleagues performing the review have to first determine on their own
what each function in the code is intended for [18]. At the
time of code review, developers rely on in-line comments,
self-explanatory variable names as well as formal documentation to understand the working of different pieces of code
[15]. However, in practice it has been observed that the comprehensiveness, clarity and hence, the usefulness of both
in-line comments and variable names are heavily dependent
on the developer who wrote the code. For this reason, it
is not always practical to rely on them completely. Formal
documentation that is manually written by the team of developers is much more reliable in comparison to comments
and variable names. They often provide a more detailed explanation of what a piece of code intends to do. But, even
these documents may not be entirely reliable. They need
to be manually updated each time the code is changed or
a new version of a software is developed [4] [13]. Consequently, there is a possibility of inconsistencies between the
documentation and the code version. From this, we infer the
need for a real-time high-level summary of code snippets
that can overcome the aforementioned benefits of comments
and documentation. Real-time generation ensures that the
descriptions correspond exactly to the current code version.
Hence, we see strong motivation in building an intelligent
model that can automate the task of generating a high-level
understanding of code snippets. Such a model would be helpful not only to code reviewers but also for novice developers
attempting to understand a legacy code on their organization. With this regard, in this paper, we propose a system
that leverages natural language processing using ASTs and
transformers to achieve the task of automated code summarization. While we do not lay out any concrete plans for tools
that would implement our approach, We note that such a
tool could instrumental in software maintenance tasks like
those aforementioned.
3

LITERATURE SURVEY

Code summarization is an ongoing and active research topic
within the fields of software engineering and natural language processing. Recent breakthroughs in the study of artificial neural network design have inspired many to devote
their time and efforts towards this particular research application. In this section, we discuss some of the relevant prior
art and benchmarks.
As alluded to earlier, all previous work in this area can be
broadly categorized into two main paradigms: models that
account for the differences between natural languages and
programming languages, and those that do not. The latter
generally leverage the structural semantics of the code, e.g.
Control Flow Graphs (CFGs), Abstract Syntax Trees (ASTs),
etc.

First, we discuss those approaches that take into account
the syntactic structure of programming languages. Iyer et
al. [11] propose a model called CODE-NN that makes use
of Long Short Term Memory (LSTM) networks [7] with an
attention-based mechanism to achieve the code summarization task. Both LSTM and attention model ensure that the
syntax of the code is not ignored during both training and
testing. Additionally, Fowkes et al. [6] parses the AST generated from the source code, and introduces the concept of
“code-folding”- removing the less informative regions while
maintaining the constraint that no information is lost. On
the high-level, the underlying idea behind this work is the
same as extracting a meaningful, informative summary from
a document, and that might explain intuitively why the same
idea applies to code summarization.
The model DeepCom proposed by Hu et al. [9] attempts to
generate code comments automatically. The mechanism used
to achieve this is a combination of that proposed in [11] and
[6]. More specifically, it first generates ASTs to effectively
capture the structures and semantics of the input code. Then,
it uses an encoder-decoder based LSTM with attention mechanism to generate natural language sequences. On the other
hand, instead of using ASTs, Li et al. [8] represents them as
vector embeddings. This embedding is achieved through the
use of RNN as an encoder. Consequently, learning is carried
out as usual using the LSTM-based approach.
Lastly, the most similar approach to ours was that of Alon
et al. [1] in their work known as Code2Seq. In this approach,
the input code snippets are similarly first encoded into ASTs
to leverage their syntactic structure. However, they employ
standard bi-directional LSTM for the purposes of encoding the ASTs into their latent representation vectors. What
makes Code2Seq state-of-the-art is the fact that the encoding
process is followed by generating sub-token embeddings that
help capture the compositional nature of the AST's terminal's
values. Code2Seq model is known to outperform the benchmark NMT models. To sum up, this category of approaches
that leverage the syntactic structure of programming languages in the pre-processing and encoding portions of their
pipelines are known to speed up training and improve the
quality of the captions.
On the contrary, most sequence-to-sequence (Seq2Seq)
models, adopted from neural machine translation (NMT),
frame the code captioning task as a machine translation problem and treat source code like any other natural language as a sequence of tokens. Such models were not specifically
designed for handling programming languages, but have
nonetheless been able to achieve state-of-the-art results until recently. The works by Sutskever et al. [10], Cho et al.
[3] and Vaswani et al. [19] belong to this paradigm to yield
state-of-the-art performances.
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In this paper, we present an alternative approach that
synthesizes elements of both paradigms to generate code
summaries. The goal of this research is to check the effectiveness of such a hybrid approach in comparison to their
independent counterparts. We demonstrate the effectiveness
of our approach on a dataset of the statically typed Java programming language as well as a dataset of the dynamically
typed Python programming language.

replaced the method bodies with ASTs generated for them.
The raw code and ASTs produced contain a lot of information
in terms of the syntactic structure, so we decided to evaluate
their performance both with and without punctuation, leading to a total of 4 preprocessing variations. Moreover, all 4
variations were tested for both languages, Java and Python.
Thus, we tested 8 different variations of preprocessing in
total.

4

5

APPROACH

There have been various approaches for code summarization
in the past, some have leveraged ASTs in their input and
many others have chosen to feed in the function bodies
verbatim. However, a comparative study of the influence of
syntactic structure in the inputs, in the form of ASTs, has
not been conducted yet. Hence, in addition to evaluating the
results of code summarization for statically vs. dynamically
typed languages, we also evaluate the results when the input
consists of syntactic components vs. when it does not for
both the languages.
While using syntactic structures in the input, our first
step in accounting for the particularities of captioning code
snippets is to represent them as an AST. The root and leaves
of an AST usually refer to user-defined values that represent
identifiers and names from the code while the internal nodes
represent some operator of the language like for loops, if
statements, and var declarations. The first and last node of an
AST path are terminals whose values are tokenized as part
of preprocessing. Furthermore, we recognize that many userdefined nodes employ stylized naming conventions wherein
a small number of natural language words are concatenated
to name a code variable or method. Therefore, we perform
an additional ‘sub-tokenization’ step on all such nodes to
increase the degree of correspondence with natural language.
For example, the single token createNewFile would become
three separate tokens create, new, and file.
The next step is to embed the tokenized ASTs into a fixedlength vector which is suitably representative of the input
data. For our study, we elected to use a transformer model [8]
because of its strong performance on standard machine translation tasks. To our knowledge, we are the first to generate
and incorporate this model for the code summarization task
on any programming language. The transformer’s encoding
layers provide an opportunity to learn a deep representation
of the AST paths. During decoding, the transformer attends
over a different weighted average of the path embeddings to
produce each output token, much like NMT models attend
over token representations in the input sentence.
In order to evaluate the influence of ASTs on the performance of the model, we fed two versions of the input to our
model. In the first version, we used the method bodies and
declarations concatenated together. For the second one, we

MODEL ARCHITECTURE

Our project aims to leverage the syntactical structure of programming languages to generate more precise and accurate
descriptions. An effective way to do so is making use of the
Abstract Syntax Tree (AST) representations before training
the model. However, we want to check the effectiveness of
ASTs when it comes to model performance. Hence, each
model combination that we attempt will be tried out both
with as well as without AST encoding. Consequently, we report our inference about the efficacy of ASTs after observing
the results thus obtained.
We have used the Transformer model [19] as the main
architecture for our work. The standard encoder-decoder
architecture has served to perform well for many machine
translation tasks, hence the transformer architecture was
built on top of it. The success of transformers in most NLP
tasks has proven the fact that a simple architecture composed
of attention mechanisms alone, can outperform the complex
CNN and RNN architectures.
The basic encoder-decoder framework [3] converts the
entire input sequence into a fixed-length vector, called the
‘context vector’. This context vector is then fed to the decoder model. It uses the information ‘encoded’ in the context
vector to predict the output sequence of words. The main
drawback of this model is the use of a fixed-length representation of the input data. Generally, the input statements
fed to a network are of varying lengths. Encoding the longer
statements into a smaller representation can lead to loss of
information, causing our model to perform sub-optimally on
longer inputs.
This shortcoming was addressed by the attention mechanism [12] which uses variable length encoding for sentences,
achieving better results for especially those sentences which
are longer than the ones in our training corpus. As the name
suggests, attention tries to align the input and output, capturing information about which words in the input are relevant
to which ones in the output. Thus, for each output word, a
different context vector is produced.
A simple combination of encoder-decoder and attention
is the Transformer model shown in Figure 1. The encoder
consists of 6 identical layers, each consisting of a multi-head
self attention mechanism followed by a fully-connected feed
forward network. Self-attention associates different words in
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the input with each other, to encode dependencies between
them. ‘Multi-headed attention’ associates each layer with a
query and a set of key-value pairs, so that a word can focus on
multiple words in the input while computing self-attention.
The size of the input to each layer is 512, with the input
to the first layer being the word embeddings. The decoder
arrangement is similar, consisting of 6 layers stacked one
upon the other. However, each of these layers also have an
attention layer, allowing the decoder to focus on relevant
words in the input.
Since the model does not use convolutions and recurrences, a different mechanism was needed to account for
the word orderings. Hence, the model leverages positional
encodings which help to determine the distance between
different words in the sequence. On a high level, a vector,
composed of sine and cosine frequencies, is added to each
word embedding. Learning this vector during training provides sufficient information regarding the relative positions
of words.

6

DATASETS

Java
The Java dataset was obtained from [14]. In order to facilitate
comparison with others, we used the same train, validation,
and test splits provided by the dataset authors. The training
data has 1.9 million observations, the validation data has 120k
observations, and the testing data consists of approximately
125k observations.
Python
The Python source code [2], obtained from GitHub repositories, was preprocessed by removing the comments, semantically irrelevant spaces and new lines. For the initial
preprocessing, we follow the similar steps as in [2]. However
for AST generation, there were some conflicts due to the
fact that the source code is written in Python 2.7, and the
ast() module expects Python 3.x. Due to these conflicts in
some parts of the dataset, we have used a smaller version of
it which contains 72,000 methods. Out of this, 68,000 were
used for training, 2,000 for validation and 2,000 for testing.
An example of an extracted method is shown in Figure 2.
7

EVALUATION

In this exploration of the subject, we focus on a particular
type of captioning task known as source code summarization,
which aims at outputting a single, concise, and grammatically correct English sentence for a given source code input.
Another captioning task in this domain includes method
name prediction, which we view as a special, more narrow
kind of source code summarization where the output is generally limited to five (5) output tokens (English words). This
other task we leave to future work.
The nature of summarizations and assessments of their
quality rely on the semantics being well captured and conveyed in the summary. This makes it a task best suited for
qualitative analysis and so we personally review several
examples that deviate from the true label, but nonetheless
capture the semantic meaning of the source code input.
We also evaluate the results obtained from different models using the following quantitative metrics:
BLEU Score

Figure 1: The Transformer-model Architecture as presented
in [19]

Bilingual Evaluation Understudy(BLEU) is a score for comparing a candidate translation of text to one or more reference translations. It can be used to evaluate the text generated for a suite of natural language processing tasks to
a reference sentence. It is computed by counting matching
n-grams in the candidate translation to n-grams in the reference text where unigram would be each token and a bigram
comparison would be each word pair. The comparison made
does not consider the ordering of words. The counting of
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(a) An example Python method

(b) Extracted declaration

(c) Extracted function body after pre-processing
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ROUGE-L. : It measures the overlap of the longest common
sequence between the predicted and actual summaries. An
advantage of using the longest common sub-sequence is
that it does not require consecutive matches but in-sequence
matches that reflect sentence level word order. Since it automatically includes longest in-sequence common n-grams, a
predefined n-gram length is not needed.
BLEU and ROUGE are not fully representative of the quality of a code summarization. They are simply metrics that
compare a predicted summary to a select few human-defined
summaries which do not account for the many valid and possibly better alternatives to summarize the code. Thus, it could
be the case where our model finds an alternative summarization that is actually more suited than the one provided
by the dataset. However, still we use BLEU and ROUGE as
they are concrete quantitative metrics for the task given that
we want our model to generate code comments similar to
comments written by humans.
8

(d) Extracted function docstring

(e) Extracted AST represented as a list
Figure 2: A Python function with its extracted declaration,
body, docstring and AST

matching n-grams is modified to make sure that it takes the
occurrence of the words in the reference text into account
and does not reward a candidate translation that generates
an abundance of reasonable words.
ROUGE
Recall-Oriented Understudy for Gisting Evaluation (ROUGE)
is essentially used for evaluating automatic summarization of
texts as well as machine translation. It works by comparing
an automatically produced summary or translation against
a set of reference summaries.
ROUGE-1. : It measures the overlap of unigrams between
the predicted summary and true summary.
ROUGE-2. : It measures the overlap of bigrams between the
predicted and actual summaries.

RESULTS AND DISCUSSIONS

As can be seen from Tables 1 and 2, the pre-processing technique that consists solely of code tokenization achieved the
best performance for all the 4 evaluation metrics across both
Java and Python. However, we are reluctant to conclude that
it is therefore the best pre-processing technique. As observed
by Uri et al. [1], the process of encoding raw source code into
ASTs is strongly associated with the performance of their
Code2Seq model and we expected a similar effect in our efforts. We theorize that the curious result of ASTs harming
performance in our case while strengthening performance
in their case is attributable to the precise manner in which
ASTs were produced. In their case, only k = 3 branches of the
AST were sampled and only the contents of the AST nodes
were used as input. We can think of their pre-processing as
slim AST.
On the other hand, we kept all branches of the AST in
addition to keeping the metadata tags added by the ast conversion library, which describe the contents of each node. In
practice, this meant that our input was considerably more
verbose than the slim ASTs. This increased verbosity is theorized to have two distinct impacts that can explain the
degradation of performance. The first is that the tags acted
as distracting noise, competing with the actual code for attention within with translation process and diffusing focus
from relevant tokens. The second explanation is that the
metadata tags were repetitive and common across nearly
all code inputs, which served to homogenize the training
corpus and make it more difficult to detect useful patterns
in the data.
One other observation we make is that AST pre-processing
does indeed improve BLEU scores with respect to unmodified
(raw) versions of the source code. We theorize that this is
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Table 1: Java Evaluation Results

Model

BLEU

ROUGE-1 ROUGE-2 ROUGE-L

No. of methods evaluated

Raw*

10.38

10.87

11.83

9.55

54,360

Cleaned AST*

7.44

9.93

3.45

8.51

16,990

AST*

11.46

11.42

14.49

10.13

49,600

Tokenized

16.47

32.25

14.14

28.55

105,832

Table 2: Python Evaluation Results

Model

BLEU

ROUGE-1 ROUGE-2 ROUGE-L

Raw*

6.66

13.08

5.24

11.16

992

Cleaned AST*

5.05

6.61

1.75

5.23

1,110

AST*

10.46

14.86

12.07

12.30

1,260

Tokenized

14.46

22.18

12.52

19.09

2,000

because the ASTs provide the structural information of the
code to the model "for free", whereas the model must learn
how to interpret code syntax constructs like brackets and
parentheses from scratch.
One final note related to quantitative metrics is that higher
BLEU scores have been observed in other work, like that of
Uri et al. [1] achieving a score of 23.04. Unfortunately, due to
the lack of standardization in code captioning benchmarks,
we cannot determine that our datasets are of similar difficulty
or quality even if they both pertain to the same language.
Differences in constituent code extraction methods, projects
selection criteria, and data set splitting decisions all undermine attempts to draw direct comparisons with work not
done on the exact same datasets. Due to this, we focus primarily on comparison with the benchmarks provided by the
original dataset creators.
In the subsections below, we briefly report on the quantitative metrics and highlight some example summaries that
ccharacterize the concision and accuracy of our model even
when generated summary differs from the ground truth label.
In all cases, the ground truths were taken to be the documentation string extracted from the function. Since these
were produced by the original author of the function, we
believe that they will represent an accurate summary of the
intended behavior.
Please note that the evaluations marked with * indicate
that, in the midst of making predictions with these models,
the cloud GPUs / CPUs crashed. Hence a subset of what was
targeted was referred to without penalizing the remaining

No. of methods evaluated

unevaluated examples. Only the tokenized set managed to
process all given predictions.
Java
The best results were obtained for the model that was trained
on tokenized methods. The BLEU score for this model is 16.47
and the ROUGE-1, ROUGE-2 and ROUGE-L scores are 32.25,
14.14 and 28.55 respectively. The average benchmark BLEU
score from the original authors for this dataset was 17.41
[14]. This represents a net shortfall of 0.94 BLEU.

(1) Example 1
Ground truth summary: get members by name
Predicted summary: get the list of member options
(2) Example 2
Ground truth summary: gets the maximum value
for this ability score
Predicted summary: returns the maximum value

Python
The best results were obtained for the model that was trained
on tokenized methods. The BLEU score for this model is 14.46
and the ROUGE-1, ROUGE-2 and ROUGE-L scores are 22.18,
12.52 and 19.09 respectively. The benchmark BLEU score
from the original authors for this dataset was 13.84 [14]. [2].
This represents a net gain of 0.62 BLEU.
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An example of the predicted and the true summaries for
this model are shown below:
(1) Example 1
Ground truth summary: get the email addresses collected between startdate and enddate.
Predicted summary: return a dictionary of email address.
(2) Example 2
Ground truth summary: Requires that the user is
logged in.
Predicted summary: a view that is login protected.
Though the predicted and the corresponding true summaries for the two examples are not an exact match, it shows
that the model has been able to get a general idea of the what
the methods do. We believe that the model has the potential
to perform better using a larger data set.
The quantitative performance of the models does not look
particularly strong at the first glance. However, upon manual
inspection of the output generated, we assess the captions
to be reasonably accurate most of the time, showing a good
degree of correspondence between the target description
and our interpretation of the function bodies directly.
9

THREATS TO VALIDITY

External Validity
Although we have used a large dataset containing a wide
variety of function types, these datasets have not been extensively explored to ensure that they are comprehensive
in terms of the types of functions that they include. For example, some functions may throw exceptions, some may
attempt to connect to a remote server or try to access I/O.
It is quite possible that our dataset may not cover all kinds
of codes. Consequently, if a new function type that is not
originally present in the dataset is given as an input to these
models, the performance may differ.
Internal Validity
While the Java dataset [14] consists of more than 2,000,000
examples, the Python dataset [2] contains only 72,000 instances. This disparity in data set size threatens the validity
of a reasonable comparison between model performance
on Java and Python functions. Because of this, we cannot
conclude that the model works better with statically typed
programming languages like Java in comparison to their
dynamically typed counterparts like Python. However, theoretically, due to static typing, the model is, indeed, expected
to perform better for Java.
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Another internal threat to validity is the possibility of data
leakage within our Python data set. Code functions are organized at a macro-level into projects and each project contains
functions that are more likely to be similar to one another
than functions from other projects. Therefore, it’s important
to actually group code by project and prevent them from
spanning more than one split - either train, validation, or test
subsets. The Java data set explicitly structured its data splits
to contain constituent projects cleanly while our Python data
set did not provide any such guarantee. Therefore, all else
being equal, the Python data set theoretically has an unfair
advantage over the Java data set.
Construct Validity
It is possible that the doc strings extracted from the functions
is not a reliable or suitable caption of the function body to use
as a ground truth. Instead, it may reflect instructions on how
to use the function or some other miscellaneous information
that strictly speaking is not summarization-oriented. We did
not perform a broad analysis of the target sequences to conclusively determine that this evaluation construct was valid,
but from the dozens of functions reviewed during our quantitative analysis, no doc string stood out as being anything
but a faithful caption of the original function.
10

FUTURE WORK

One major goal of this effort that unfortunately did not materialize in time was the incorporation of BERT [5] to obtain
contextual embeddings of the code before feeding it to the
transformer model. To our knowledge, no other research has
produced a contextualized word embedding for a programming language and this would have been the most valuable
delta provided by this research. Ultimately, the newness of
BERT and our particular application idea contributed to a
lack of online resources to guide this branch of development
work. However, in consideration of the challenges unique
to source code we anticipate one particular challenge and
therefore also list it as future work areas.
This other challenge is the large size of programming
language vocabularies, which are required for recognizing
valid input tokens and for probability assignment during
softmax in the final layers of the transformer. Most programming languages offer a significantly reduced set of functional
keywords and should therefore be easier to work with than
natural languages. Unfortunately, the ability to freely name
function, variable, and other identifiers makes the vocabularies both incredibly volatile in form and volume. Add to that
the prevalence of different naming conventions (camelCase,
underscore_usage, etc) across different programming languages and the task of maintaining a reasonably vocabulary
quickly becomes unmanageable. For context, our Java data
set contained about 273k unique tokens, several times larger
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than an English vocabulary. Processing such a massive data
set would require incredibly powerful computation resources
unavailable save for a few privileged institutions. To address
this problem, future work must extend to the investigation
of new approaches to tokenize and subtokenize, as well as
means of abstracting away user-defined identifiers into a
smaller subset of manageable types that somehow preserve
the meaning of the code.
11 CONCLUSION
Various approaches for summarizing source code have been
explored in the past, however, a systematic study for understanding the influence of syntactic elements like ASTs on the
results has not been conducted. In this project, we evaluated
the effect of using 4 different kinds of source code inputs raw, tokenized, AST, and AST-clean - on our summarization
model, Code2Cap. The evaluation was carried out on both
Python as well as Java data sets. This helped us assess how
the same model performs on two completely different languages. More specifically, we analyzed how the same model
can have different performances for a statically-typed programming language and it’s dynamically-typed counterpart.
Based on the BLEU and ROUGE scores obtained, we were
able to conclude that the use of ASTs can actually deteriorate model performance. While best results did not make
use of AST encodings, we expect that the rationale behind
leveraging the internal structure of programming languages
will play an increasingly important role in providing models
with more easily interpretable inputs. We also observed that
the results were in general better for Java as compared to
Python. However, this can also be attributed to the fact that
the Java data set was significantly larger than its Python
counterpart.
To the best of our knowledge, we are also the first to use
a transformer model for the task of code summarization.
Transformers are better suited for encoding long-term dependencies in inputs as they use self-attention. Since codes
have more long-distance dependencies compared to simple
text inputs, transformers were expected to perform well. The
results support our claim as we obtained competitive results
for some input combinations in spite of the limited resources.
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