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CODE SUMMARIZATION

public String toString() {
final StringBuffer s = new StringBuffer();
final int size = size();
for (int 1 = 0; i < size; i++)
s.append(getInt(i));
return s.toString();

DL-Model v

Returns a string representation of this vector.
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LOW QUALITY INSTANCES

/* Returns the high-value
* for an item within a series.

y P returns the high value

/* <p> Builds the JASPIC application context. </p> */ P p builds the jaspic application context p

public void testConstructor() {
System TestResult str;
System TestID testIDl; P test the constructor
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ABSTRACT
Code summarization, the task of generating useful comments given
the code, has long been of interest. Most of the existi

marization models are trained and validated on widely-used code

comment benchmark datasets. However, little is known about the
quality of the benchmark datasets built from real-world projects.
Are the benchmark dataset

s good us expected? To bridge the gap.

we conduct a systematic re:

carch to asscss and improve the quality
of four benchmark datasets widely used for code summarization
tasks. First, we propos:
that can accurately detect noisy data c:

operations from existing benchmark datasets. Then,

an automated code-comm

preprocess

we apply the tool to further assess the data quality of the four bench

mark datasets, based on the detected noises. Finally, we conduct

comparative experiments to investigate the impact of noisy data
on the performance of code summarization models. The results

show that these d: oises widely exist in all four

a preprocessi

benchmark datasets,

ind removing these noisy data leads to a sig:
nificant on the of code
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We believe that the findings and insights will enable a better un-
derstanding of data quality in code summarization tasks, and pave
the way for relevant research and practice.
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1 INTRODUCTION

Code concerns the prod ana

description of source code that facilitates software developm

g developers to comprehend

and document code effectively
widely leveraged for the advantages in semantic modeling and

ning-based models have be

code summarization models require
training datasets. To that end, multiple
code summarization tasks have been constructed from real-world

ch

project repositories, ¢.g., GitHub,

code summarization studies. For example, Funcon

with over 2.1M code-comment pairs from over 29K Jav

Propose CAT (Code-comment cleAning Tool),
a rule-based filtering tool for automatically
scanning and detecting the occurrences and
distribution of data noises for a given dataset.
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public HashSet getCommandResultsRootFeatureq) {
HashSet rootFeatureSet = new HashSet();
Feature belowSplitRoot =null;
Feature aboveSplitRoot =null;
if (belowSplitTranscript !=null) {
belowSplitRoot = belowSplitTranscriptgetRootFeature();
rootFeatureSet.add(belowSplitRoot) ;

}

if (aboveSplitTranscript != null) {
aboveSplitRoot = aboveSplitTranscriptgetRootFeature();
if (aboveSplitRoot != belowSplitRoot)

rootFeatureSet.add (aboveSplitRoot) ;
}

return rootFeatureSet;

> Invoked AFTER the command is executed.
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ABSTRACT

Several code summarization techniques have been proposed in
the literature to automatically document a code snippet or a func
tion. Ideally, software developers should be involved in assessing
the quality of the generated summaries. However, in most cases,
researchers rely on automatic evaluation metrics such as BLEU,
ROUGE, and METEOR. These metrics are all based on the same
assumption: The higher the textual similarity between the gener
ated summary and a reference summary written by developers,
the higher its quality. However, there are two reasons for which
this assumption falls short: (i) reference summaries, ¢.g., code com:
ments collected by mining software repositories, may be of low
quality or even outdated: (ii) generated summaries, while using

a different wording than a reference one, could be semantically
equivalent to it, thus still being suitable to document the code snipr
pet. In this paper, we perform a thorough empirical investigation
on the complementarity of different types of metrics in capturing
the quality of a generated summary. Also, we propose to address
the limitations of existing metrics by considering a new dimension
capturing the extent to which the generated summary aligns with
the semantics of the documented code snippet, independently from
the reference summary. To this end, we present a new metric based
on contrastive learning to capture said aspect. We empirically show
that the inclusion of this novel dimension enables a more effective
representation of developers’ evaluations regarding the quality of

automatically generated summaries.
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1 INTRODUCTION

Program comprehension can take up to 58% of developers® time
[90]. Code comments are considered the most important form of
documentation in this activity [16]. Despite the undisputed im-
portance of code comments, developers do not always carefully
comment code, or update existing comments in response to code
changes [75]. This may result in a lack of documentation [16, 72]
and/or in outdated code comments [18, 19, 46, 86]. To support de
velopers in such a task, researchers proposed code summarization
techniques [4, 6, 26, 29, 32, 37, 41, 52, 53, 64, 67, 73, 73, 87, 88, 93]

These approaches take as input a code component to document (e.g.
a code function, or an entire class) and provide as output a natural
language summary describing the code. The underlying technique
can range from pre-defined templates properly filled via code anal

nodels

ysis to the most recent techniques exploiting deep learning
trained on (C,S) pairs mined from software repositories, where
C represents the code to document and S the original summary
(comment) written by developers

Empirically evaluating the quality of code summaries generated
by these approaches is far from trivial. Indeed, assessing the extent

to which a natural language text represents a good summary for

1 code component would require human (developers) judgment

Given the difficulties of runni

arge-scale evaluations with devel
opers, the software engineering community borrowed evaluation
metrics from the Natural Language Processing (NLP) field. These in
clude (but are not limited to) BLEU [58), ROUGE [45], and METEOR
[8). These metrics have been originally designed to act as a proxy
for the quality of automatically generated text (e, a translation)
by comparing it with a reference (expected) text: The higher the
words’ overlap between the generated and the reference text, the
higher the assessed quality

They propose SIDE (Summary allgnment to
coDe sEmantics), a new metric leveraging
contrastive learning to model the
characteristics of suitable and unsuitable
code summaries for a given code.
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METHOD

public Element asElement() {
return this.component.createCopy();

}
REFERENCE SUMMARY

not yet documented
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GENERATED SUMMARY
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OUR T
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0.00 0.00

091 |88 4 4

5

“SIDE is the metric that better
describes humans’
assessment of summary
quality.”
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return this.component.createCopy();
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METHOD

public Element asElement() {
return this.component.createCopy();

}
RE GENERATED SUMMARY « . .
no returns a copy of this component as SIDE IS the metrlc that better
ol et describes humans’
A assgssTent of summary
SOTA l OURT HUMAN T quality.
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\/

“Provides a continuous score ranging between [-1, 1]”
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public Element asElement() {
return this.component.createCopy() ;

—> SIDE [ -0.19

not yet documented

public Element asElement() {
return this.component.createCopy() ;

—> SIDE > 0.91

returns a copy of this component as an
element
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public Element asElement() {
return this.component.createCopy() ;

}

—> SIDE —> -0.19 —»>| Incoherent

not yet documented

public Element asElement() {
return this.component.createCopy() ;

}

—> SIDE —>> 0.91 —»| Coherent

returns a copy of this component as an
element




QUESTION

Can filtering out incoherent code-comment pairs
serve as an effective strategy for

optimizing code-summarization datasets?
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Training Sets Golden Sets
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Funcom TI-CodeSum CoderEval Mastropaolo et al.
~200 manually validated ~900 manually validated

Java <code, summary> pairs Java <code, summary> pairs
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Training Sets Golden Sets “

=] =JJS S

Funcom TI-CodeSum CoderEval Mastropaolo et al. SIDE

|

Used as fine-grained filter based on returned score
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RQO

How do code summarization datasets measure
up in terms of code-comment coherence?
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More than 50% of the instances
have sub-optimal SIDE scores below 0.9.




RQ1

How does a coherence-aware strategy
R Q 1 selection impact the performance of neural

code summarization models?
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Models performances are
comparable to those
obtained when fine-tuning
the model on the full
training sets.
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o

Models performances are
comparable to those
obtained when fine-tuning
the model on the full
training sets.

This happens using only
50% of the training set.




RQ2

How does the coherence-aware strategy
selection compare with a random baseline?

RQ2
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RQ2

u

Filtering by code-comment coherence
provides models with comparable
effectiveness to those trained on
randomly selected instances.
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The results clearly indicate
that state-of-the-art datasets
contain instances that do
not contribute to improving
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Models performances are
comparable to those
obtained when fine-tuning
the model on the full

This happens using only
50% of the training set.
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Filtering by code-comment coherence
provides models with comparable
effectiveness to those trained on
randomly selected instances.

Code-comment coherence
might not be a problem in
state-of-the-art datasets.

The results clearly indicate
that state-of-the-art datasets
contain instances that do
not contribute to improving
the models’ effectiveness.

Other quality aspects of
code and comments that
have not been explored yet
(such as readability) may be
important for smartly
selecting
the training instances.

Future work could explore

different criteria for data

selection that identify the
most informative
subsets for training.




