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Abstract

An experiment was conducted to investigate how
different types of modularization and comments are
related to programmers' ability to understand
programs. Forty-eight experienced programmers were
given eight different versions of the same program and
asked to answer a twenty question quiz used to measure
comprehension. These eight different versions were the
result of the program being constructed with four types
of modularization (monolithic, functional, super, and
abstract data type), each with and without comments.
Those subjects whose programs contained comments
were able to answer more questions than those without
comments. Also, those subjects who were given the
abstract data type version of the program were able to
do significantly better than those with any other type of
modularization.

Introduction

One software feature common to almost all large
programs is the use of modularization. At first,
modularization was motivated by the desire to conserve
computer memory. A program was considered properly
modularized if it was possible to execute the program
using the available memory. Later, as memory became
larger, code was modularized to make it easier for
people to work with programs. Now, considering the
human factors of programming, it has become more
difficult to determine or describe proper modularization.
Today almost everyone agrees that modularity is an
important aspect of reducing the cost of developing
software systems. Yet, there remain many questions
such as "How large should a module should be?" or "How
should modules interface with each other?".

This paper reports on an empirical study of several
modularization methodologies to see how different
approaches affect the ability of programmers to
understand programs. The Yourdon and Constantine [1]
methodology attempts to divide a program into
functional units, one function per physical module. (A
physical module is a section of code whose boundaries
are defined by the syntax of the language such as a
subroutine in Fortran or a procedure in Pascal). A
routine implementing only one function should be easy
to understand since all the code is related to that one
function. Furthermore, the function (module) is

CH1627-9/81/0000/0215%00.75 © 1981 IEEE

Woodfield and Dunsmore

215

constructed only once and is invoked in other parts of
the program where that function is needed. Since only
one function resides in a physical module, the
identification of the function’s boundaries is simple.

The abstract data type approach to modularization
may include several functions in one physical module

[2,3]. The module brings together all operations that
manipulate a single data type. This abstract data type
approach is a special case of physical modules

containing several logical modules. (A logical module is a
section of code which implements only one function. A
logical module need not correspond one-to-one with
physical modules).

This paper reports on research conducted to heip
determine how best to modularize programs to aid in
comprehension. As described above, possibilities include
physical modules containing exactly one logical module
or more than one logical module. It is possible that
more than one logical module in a physical module is
acceptable if the logical modules are easily identified
and easily understood.

To facilitate understanding one means of separating
the logical modules in a physical module is to insert a
brief comment at the beginning of each logical module.
Comments used in this research were designed to
describe a logical module’s contents. If there were more
than one logical module per physical module, the
inserted comments were intended to help define the
boundaries of the logical modules. Previous work has
shown that comment statements in a program are not
harmful, but may not be very useful either [4,5]. Such
studies were conducted primarily to decide if the prolific
use of comments aids in the general comprehension of a
program. Our research attempts to determine whether
comments used more judiciously (i.e., in the right
locations) might be a better approach. Specifically, this
research attempts to determine if short comments,
inserted just before a logical module, can aid
comprehension by briefly describing the function of the
logical module and helping to define the logical module’s
boundaries.

We considered four types of modularization:

(1)

monolithic - (i.e., non-modularization) a
program with one physical module.

ICSE’81




Quality Analysis of Source Code Comments

Daniela Steidl

Benjamin Hummel

Elmar Juergens

CQSE GmbH, Garching b. Miinchen, Germany

ICPC’13

Abstract—A significant amount of source code in software
systems consists of comments, i. e., parts of the code which are
ignored by the compiler. Comments in code represent a main
source for system documentation and are hence key for source
code understanding with respect to development and mainte-
nance. Although many software developers consider comments
to be crucial for program understanding, existing approaches
for software quality analysis ignore system commenting or make
only quantitative claims. Hence, current quality analyzes do not
take a significant part of the software into account. In this work,
we present a first detailed approach for quality analysis and
assessment of code comments. The approach provides a model for
comment quality which is based on different comment categories.
To categorize comments, we use machine learning on Java and
C/C++ programs. The model comprises different quality aspects:
by providing metrics tailored to suit specific categories, we show
how quality aspects of the model can be assessed. The validity
of the metrics is evaluated with a survey among 16 experienced
software developers, a case study demonstrates the relevance of
the metrics in practice.

I. INTRODUCTION

A significant amount of source code in software systems
consists of comments, which document the implementation
and help developers to understand the code, e. g., for later
modification or reuse: Several researchers have conducted
experiments showing that commented code is easier to un-
derstand than code without comments [1], [2]. Comments are
the second most-used documentary artifact for code under-
standing, behind only the code itself [3]. In addition, source
code documentation is also vital in maintenance and forms an
important part of the general documentation of a system. In
contrast to external documentation, comments in source code
are a convenient way for developers to keep documentation
and code consistently up to date. Developers widely agree
that poor general documentation leads to misunderstandings
[4], and studies have shown that poor documentation signif-
icantly lowers the maintainability of software [5]. Although
developers commonly agree on the importance of software
documentation [3], commenting code is often neglected due to
release deadlines and other time pressure during development.

Previous approaches to analyzing software quality ignore
comments, or make only quantitative claims: they evaluate the
comment ratio of a system to measure documentation quality
[6], [7]. However, this metric is not sufficient: Several com-
ments (copyrights or commented out code) should be excluded
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as they do not enhance system understanding and quantitative
measures cannot detect outdated/ useless comments.

Furthermore, a complete model of comment quality does
not exist. Coding conventions, e. g., marginally touch on the
topic of commenting code but mostly lack depth and precision
[8]. So far, (semi-) automatic methods for comment quality
assessment have not been developed as comment analysis is a
difficult task: Comments comprise natural language and have
no mandatory format aside from syntactic delimiters. Hence,
algorithmic solutions will be heuristic in nature.

Problem Statement. Current quality analysis approaches ig-
nore system commenting or are restricted to the comment ratio
metric only. Hence, a major part of source code documentation
is ignored during software quality assessment.

Contribution. Based on comment classification, we provide
a semi-automatic approach for quantitative and qualitative
evaluation of comment quality.

We present a semi-automatic approach for comment quality
analysis and assessment. First, we perform comment cat-
egorization both for Java and C/C++ programs based on
machine learning to differentiate between different comment
types. Comment categorization enables a detailed quantitative
analysis of a system’s comment ratio and a qualitative analysis
tailored to suit each single category. Comment categorization
is the underlying basis of our comprehensive quality model.
The model comprises quality attributes for each comment cate-
gory based on four criteria: consistency throughout the project,
completeness of system documentation, coherence with source
code, and usefulness to the reader. To assess quality attributes,
we provide metrics detecting quality defects in comments
of specific categories. We evaluate the metrics’ validity and
relevance separately: Validity is evaluated with a survey among
experienced software developers. The survey shows that the
metrics can additionally give refactoring recommendations. A
case study of five open source projects evaluates the relevance
of our approach showing that comment classification provides
better insights of the system documentation quality than the
simple comment ratio metric and that our metrics reveal
quality defects in practice.

II. RELATED WORK

We group the related work into categories of general
comment analysis, information retrieval techniques, comment
evolution studies, and code recognition approaches.
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Developers do not always carefully
comment code, or update existing
comments In response to code
changes
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Abstract

Comments are valuable especially for program under-
standing and maintenance, but do developers comment their
code? To which extent do they add comments or adapt
them when they evolve the code? We examine the question
whether source code and associated comments are really
changed together along the evolutionary history of a soft-
ware system. In this paper, we describe an approach to map
code and comments to observe their co-evolution over mul-
tiple versions. We investigated three open source systems
(i.e., ArgoUML, Azureus, and JDT Core) and describe how
comments and code co-evolved over time. Some of our find-
ings show that: 1) newly added code—despite its growth
rate—barely gets commented; 2) class and method decla-
rations are commented most frequently but far less, for ex-
ample, method calls; and 3) that 97% of comment changes
are done in the same revision as the associated source code
change.

1. Introduction

“Comment your code!” The task of commenting one’s
source code is often neglected; even though everybody who
is writing software knows the value of good comments [20].
Reading code is a fundamental task during software engi-
neering [10]—and code is read more often than it is writ-
ten. Even books covering best-practices in commenting
exist, e.g., The Elements of Java Style by Vermeulen et
al. [21]. Comments allow one to understand the code faster
and deeper and to improve its readability [18, 19]. Espe-
cially, they are crucial to sustain software maintainability
and aid in reverse engineering, for example when apply-
ing the Read All the Code in One Hour reengineering pat-
tern [5]. Elshoff and Marcotty already stated in the early
eighties that comments as well as the structure of the source

code aid in program understanding and therefore reduce
maintenance costs [6]. This finding was confirmed by the
studies of Ted Tenny [19]. But as the example of Lakhotia
shows, sometimes programmers do not care that someone
else might want to understand the source code [13].

For maintenance and reverse engineering tasks both,
the lack of comments as well as outdated comments are
counter-productive. To understand whether the comments
are a reason for decreasing maintainability in software
projects we address the following research questions in this
paper:

1. Does the ratio between comment and source code re-
main stable over the history of a software project (i.e.,

is there a recognizable effort made to comment the
source code)?

2. Which source code entities are most likely to be com-
mented?

3. Are comments adapted when source code is changed
(i.e., are comments kept up-to-date) and when does the
adaptation take place—while changing the source code
or afterwards?

The contribution of this paper is an approach to map
source code entities to comments in the code and a tech-
nique to extract comment changes over the history of a
software project. We have conducted three experiments
on three different open source software systems to an-
swer our research questions: ArgoUML, Azureus, and JDT
Core. We describe how comments and code co-evolved
over time. Some of our findings show that: 1) newly added
code—despite its growth rate—barely gets commented; 2)
class and method declarations are commented most fre-
quently but far less, for example, method calls; and 3) that
97% of comment changes are done in the same revision as
the associated source code change.

The remainder of the paper is structured as follows. In
Section 2 we present our approach to investigate the relation
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Abstract—Code comments are a primary means to document
source code. Keeping comments up-to-date during code change
activities requires substantial time and attention. For this reason,
researchers have proposed methods to detect code-comment
inconsistencies (i.e., comments that are not kept in sync with the
code they document) and studies have been conducted to inves-
tigate this phenomenon. However, these studies were performed
at a small scale, relying on quantitative analysis, thus limiting
the empirical knowledge about code-comment inconsistencies.
We present the largest study at date investigating how code
and comments co-evolve. The study has been performed by
mining 1.3 Billion AST-level changes from the complete history
of 1,500 systems. Moreover, we manually analyzed 500 commits
to define a taxonomy of code-comment inconsistencies fixed by
developers. Our analysis discloses the extent to which different
types of code changes (e.g., change of selection statements) trigger
updates to the related comments, identifying cases in which code-
comment inconsistencies are more likely to be introduced. The
defined taxonomy categorizes the types of inconsistencies fixed
by developers. Our results can guide the development of tools
aimed at detecting and fixing code-comment inconsistencies.

Index Terms—Software Evolution, Code Comments

[. INTRODUCTION

Any code-related activity lays its foundations in program
comprehension: before fixing a bug, refactoring a class, or
writing new tests, developers first need to acquire knowledge
about the involved code components. As recently shown by
Xia et al. [1], this results in 58% of developers’ time spent
comprehending code. Besides the code itself, code comments
are considered as the most important form of documenta-
tion for program comprehension [2]. Indeed, not surprisingly,
studies showed that commented code is easier to comprehend
than uncommented code [3], [4]. This empirical evidence also
pushed researchers to consider code comments as a pivotal
factor to study technical debt [5]-[7], or to assess code quality
(8], [9].

While the importance of code comments is undisputed,
developers do not always have the chance to carefully com-
ment new code and/or to update comments as consequence
of code changes [10]. This latter scenario might result in
the introduction of code-comment inconsistencies, manifesting
when the source code does not co-evolve with the related
comments. For example, if a method comment is not updated
after major changes to the method’s application logic, the
comment might provide misleading information to developers
comprehending the method, hindering program comprehension
rather than fostering it.

DOI 10.1109/ICPC.2019.00019

Given the potential harmfulness of code-comment inconsis-
tencies, several researchers studied the co-evolution of code
and comments [11]-[14], while others proposed techniques
and tools able to detect code-comment inconsistencies au-
tomatically [15]-[18]. These techniques are able to identify
specific types of code-comment inconsistencies. For example,
@TCOMMENT [17] detects inconsistencies between Javadoc
comments related to null values and exceptions with the
behavior implemented in the related method’s body, while
Fraco [18] focuses on inconsistencies introduced as result of
rename refactoring operations. Still, more research is needed
in this area to increase the types of code-comment inconsisten-
cies that can be automatically identified. Also, the empirical
evidence provided by studies that pioneered the investigation
of code-comment evolution [11]-[14] is limited to the analysis
of the change history of a few software systems (less than 10).

To raise the knowledge about the co-evolution of code
and comments and the introduction/fixing of code-comment
inconsistencies, we present a large-scale empirical study quan-
titatively and qualitatively analyzing these phenomena. We
mine the complete change history of 1,500 Java projects hosted
on GitHub for a total of 3,323,198 analyzed commits. For
each commit, we use GUMTREEDIFF [19] to extract AST
operations performed on the files modified in it. In this way, we
captured fine-grained changes performed in code (e.g., change
of a selection statement) as well as update, delete, and insert
operations performed in the related comments. Overall, this
process resulted in a database of ~476 GB containing ~1.3
Billion AST-level operations impacting code or comments.
Using this data, we study the extent to which code changes
impacting different code constructs (e.g., literals, iteration
statements) trigger the update of the related code comments
(e.g., the developer adds a try statement and updates the
method comment to “document” the changed code behavior).

Then, we manually analyze 500 commits identified, via a
keywords-matching mechanism, as likely related to the fixing
of code-comment inconsistencies. The output of this analysis
is a taxonomy of code comment-related changes implemented
by developers, from which we present relevant cases related
to code-comment inconsistencies, and discuss implications for
researchers and practitioners.

As a contribution to the research community, we make the
database of fine-grained code changes publicly available. This
enables the replication of this work, making also other types
of investigations possible.
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DL-Model Training

MPNet: Masked and permuted pre-training for language understanding




Create a connection to the consumer.

ConnectionConsumer
createConnectionConsumer

ot
(LOGGER. isTraceEnabled())

{

ActiveMQRALogger.LOGGER.
trace(“Create
connectionConsumer”):

SIDE

MPNet

—

_ PREDICTION
0.81

MPNet: Masked and permuted pre-training for language understanding
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ABSTRACT

In recent years, research in the domain of source code summa-
rization has adopted data-driven techniques pioneered in machine
translation (MT). Automatic evaluation metrics such as BLEU, ME-
TEOR, and ROUGE, are fundamental to the evaluation of MT sys-
tems and have been adopted as proxies of human evaluation in the
code summarization domain. However, the extent to which auto-
matic metrics agree with the gold standard of human evaluation has
not been evaluated on code summarization tasks. Despite this, mar-
ginal improvements in metric scores are often used to discriminate
between the performance of competing summarization models.

In this paper, we present a critical exploration of the applicability
and interpretation of automatic metrics as evaluation techniques
for code summarization tasks. We conduct an empirical study with
226 human annotators to assess the degree to which automatic
metrics reflect human evaluation. Results indicate that metric im-
provements of less than 2 points do not guarantee systematic im-
provements in summarization quality, and are unreliable as proxies
of human evaluation. When the difference between metric scores
for two summarization approaches increases but remains within
5 points, some metrics such as METEOR and chrF become highly
reliable proxies, whereas others, such as corpus BLEU, remain unre-
liable. Based on these findings, we make several recommendations
for the use of automatic metrics to discriminate model performance
in code summarization.
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1 INTRODUCTION

Useful source code comments play a vital role in program compre-
hension and other software maintenance activities [45, 58]. How-
ever, proper documentation comes at a cost and producing well-
written comments requires a substantial amount of effort on the
part of software developers. This is one of the motivating factors
behind why source code summarization is a rapidly growing re-
search area—at least 18 papers proposing or evaluating automated
summarization approaches are published in 2020 [1, 2, 10, 16, 18,
20, 22, 24, 27, 32, 47, 52, 55, 56, 60, 61, 63, 66].

The earliest code summarization approaches are based on strong
syntactic theories of comment structure, information retrieval, and
textual templates. These approaches typically evaluate the quality of
a generated summary using human annotators who rate summaries
on metrics such as as: content adequacy [36], conciseness [23, 37],
and fluency [37, 38, 50].

In the last 5 years, the solution space for code summarization
has significantly shifted towards the widespread adoption of tech-
niques and evaluation metrics from the Machine Translation (MT)
domain. Prior to 2015, virtually all summarization approaches in-
volved template or information retrieval based techniques. In 2015,
the first paper using an MT approach was published at an SE con-
ference [39], and, to the best of our knowledge, there are 35 pa-
pers thus far that propose an approach, an evaluation, or a cri-
tique of MT summarization approaches [2-5, 8-10, 12, 16-21, 23—
25, 27, 28, 31, 35, 39, 47, 48, 53-57, 59-62, 65, 66]. Note that 7 of
those are published in 2019 and 13 in 2020 alone.

One of the primary reasons for this shift is the idea that trans-
lating source code to its natural language equivalent holds many
parallels with the concept of translating one natural language to
another [23]. A side effect of this shift is a substantial change in
the amount of data needed to evaluate code summarization ap-
proaches; training generative models requires a large amount of
data. Naturally, the evaluation techniques used must also scale, and
automated metrics provide an efficient way to evaluate the quality
of generated summaries en mass.

Automated metrics designed to evaluate natural language transla-
tion approaches, such as BLEU [40], METEOR [6], and ROUGE [30],
have been adopted by code summarization researchers where a
generated summary is compared to a ‘gold standard’ or ‘reference’
summary. In the context of leading comment summaries, the refer-
ence summary is often the original accompanying comment written
by a developer.

In the MT domain, BLEU has long been accepted as a de-facto
best-practice metric. Recently, however, prominent machine trans-
lation researchers have raised concern over the use of BLEU [34,
42, 43], warning the MT community that the way BLEU is used

FSE2021

1105

Roy et al.



Evaluation of SIDE

Reassessing Automatic Evaluation Metrics for Code
Summarization Tasks

Devjeet Roy
devjeet.roy@wsu.edu
Washington State University
Pullman, WA, USA

ABSTRACT

In recent years, research in the domain of source code summa-
rization has adopted data-driven techniques pioneered in machine
translation (MT). Automatic evaluation metrics such as BLEU, ME-
TEOR, and ROUGE, are fundamental to the evaluation of MT sys-
tems and have been adopted as proxies of human evaluation in the
code summarization domain. However, the extent to which auto-
matic metrics agree with the gold standard of human evaluation has
not been evaluated on code summarization tasks. Despite this, mar-
ginal improvements in metric scores are often used to discriminate
between the performance of competing summarization models.

In this paper, we present a critical exploration of the applicability
and interpretation of automatic metrics as evaluation techniques
for code summarization tasks. We conduct an empirical study with
226 human annotators to assess the degree to which automatic
metrics reflect human evaluation. Results indicate that metric im-
provements of less than 2 points do not guarantee systematic im-
provements in summarization quality, and are unreliable as proxies
of human evaluation. When the difference between metric scores
for two summarization approaches increases but remains within
5 points, some metrics such as METEOR and chrF become highly
reliable proxies, whereas others, such as corpus BLEU, remain unre-
liable. Based on these findings, we make several recommendations
for the use of automatic metrics to discriminate model performance
in code summarization.

CCS CONCEPTS

« Software and its engineering — Software maintenance tools;
« General and reference — Metrics; Evaluation.

KEYWORDS

automatic evaluation metrics, code summarization, machine trans-
lation

ACM Reference Format:

Devjeet Roy, Sarah Fakhoury, and Venera Arnaoudova. 2021. Reassess-
ing Automatic Evaluation Metrics for Code Summarization Tasks. In Pro-
ceedings of the 29th ACM Joint European Software Engineering Conference
and Symposium on the Foundations of Software Engineering (ESEC/FSE °21),
August 23-28, 2021, Athens, Greece. ACM, New York, NY, USA, 12 pages.
https://doi.org/10.1145/3468264.3468588

This work is licensed under a Creative Commons Attribution International 4.0 License.

ESEC/FSE °21, August 23-28, 2021, Athens, Greece
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8562-6/21/08.
https://doi.org/10.1145/3468264.3468588

Sarah Fakhoury
sarah.fakhoury@wsu.edu
Washington State University
Pullman, WA, USA

Venera Arnaoudova
venera.arnaoudova@wsu.edu
Washington State University

Pullman, WA, USA

1 INTRODUCTION

Useful source code comments play a vital role in program compre-
hension and other software maintenance activities [45, 58]. How-
ever, proper documentation comes at a cost and producing well-
written comments requires a substantial amount of effort on the
part of software developers. This is one of the motivating factors
behind why source code summarization is a rapidly growing re-
search area—at least 18 papers proposing or evaluating automated
summarization approaches are published in 2020 [1, 2, 10, 16, 18,
20, 22, 24, 27, 32, 47, 52, 55, 56, 60, 61, 63, 66].

The earliest code summarization approaches are based on strong
syntactic theories of comment structure, information retrieval, and
textual templates. These approaches typically evaluate the quality of
a generated summary using human annotators who rate summaries
on metrics such as as: content adequacy [36], conciseness [23, 37],
and fluency [37, 38, 50].

In the last 5 years, the solution space for code summarization
has significantly shifted towards the widespread adoption of tech-
niques and evaluation metrics from the Machine Translation (MT)
domain. Prior to 2015, virtually all summarization approaches in-
volved template or information retrieval based techniques. In 2015,
the first paper using an MT approach was published at an SE con-
ference [39], and, to the best of our knowledge, there are 35 pa-
pers thus far that propose an approach, an evaluation, or a cri-
tique of MT summarization approaches [2-5, 8-10, 12, 16-21, 23—
25, 27, 28, 31, 35, 39, 47, 48, 53-57, 59-62, 65, 66]. Note that 7 of
those are published in 2019 and 13 in 2020 alone.

One of the primary reasons for this shift is the idea that trans-
lating source code to its natural language equivalent holds many
parallels with the concept of translating one natural language to
another [23]. A side effect of this shift is a substantial change in
the amount of data needed to evaluate code summarization ap-
proaches; training generative models requires a large amount of
data. Naturally, the evaluation techniques used must also scale, and
automated metrics provide an efficient way to evaluate the quality
of generated summaries en mass.

Automated metrics designed to evaluate natural language transla-
tion approaches, such as BLEU [40], METEOR [6], and ROUGE [30],
have been adopted by code summarization researchers where a
generated summary is compared to a ‘gold standard’ or ‘reference’
summary. In the context of leading comment summaries, the refer-
ence summary is often the original accompanying comment written
by a developer.

In the MT domain, BLEU has long been accepted as a de-facto
best-practice metric. Recently, however, prominent machine trans-
lation researchers have raised concern over the use of BLEU [34,
42, 43], warning the MT community that the way BLEU is used

onciseness: Assesses the degree to which the
summary contains unnecessary information

FSE2021

1105

Roy et al.



Evaluation of SIDE

Reassessing Automatic Evaluation Metrics for Code
Summarization Tasks

Devjeet Roy
devjeet.roy@wsu.edu
Washington State University
Pullman, WA, USA

ABSTRACT

In recent years, research in the domain of source code summa-
rization has adopted data-driven techniques pioneered in machine
translation (MT). Automatic evaluation metrics such as BLEU, ME-
TEOR, and ROUGE, are fundamental to the evaluation of MT sys-
tems and have been adopted as proxies of human evaluation in the
code summarization domain. However, the extent to which auto-
matic metrics agree with the gold standard of human evaluation has
not been evaluated on code summarization tasks. Despite this, mar-
ginal improvements in metric scores are often used to discriminate
between the performance of competing summarization models.

In this paper, we present a critical exploration of the applicability
and interpretation of automatic metrics as evaluation techniques
for code summarization tasks. We conduct an empirical study with
226 human annotators to assess the degree to which automatic
metrics reflect human evaluation. Results indicate that metric im-
provements of less than 2 points do not guarantee systematic im-
provements in summarization quality, and are unreliable as proxies
of human evaluation. When the difference between metric scores
for two summarization approaches increases but remains within
5 points, some metrics such as METEOR and chrF become highly
reliable proxies, whereas others, such as corpus BLEU, remain unre-
liable. Based on these findings, we make several recommendations
for the use of automatic metrics to discriminate model performance
in code summarization.

CCS CONCEPTS

« Software and its engineering — Software maintenance tools;
« General and reference — Metrics; Evaluation.

KEYWORDS

automatic evaluation metrics, code summarization, machine trans-
lation

ACM Reference Format:

Devjeet Roy, Sarah Fakhoury, and Venera Arnaoudova. 2021. Reassess-
ing Automatic Evaluation Metrics for Code Summarization Tasks. In Pro-
ceedings of the 29th ACM Joint European Software Engineering Conference
and Symposium on the Foundations of Software Engineering (ESEC/FSE °21),
August 23-28, 2021, Athens, Greece. ACM, New York, NY, USA, 12 pages.
https://doi.org/10.1145/3468264.3468588

This work is licensed under a Creative Commons Attribution International 4.0 License.

ESEC/FSE °21, August 23-28, 2021, Athens, Greece
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8562-6/21/08.
https://doi.org/10.1145/3468264.3468588

Sarah Fakhoury
sarah.fakhoury@wsu.edu
Washington State University
Pullman, WA, USA

Venera Arnaoudova
venera.arnaoudova@wsu.edu
Washington State University

Pullman, WA, USA

1 INTRODUCTION

Useful source code comments play a vital role in program compre-
hension and other software maintenance activities [45, 58]. How-
ever, proper documentation comes at a cost and producing well-
written comments requires a substantial amount of effort on the
part of software developers. This is one of the motivating factors
behind why source code summarization is a rapidly growing re-
search area—at least 18 papers proposing or evaluating automated
summarization approaches are published in 2020 [1, 2, 10, 16, 18,
20, 22, 24, 27, 32, 47, 52, 55, 56, 60, 61, 63, 66].

The earliest code summarization approaches are based on strong
syntactic theories of comment structure, information retrieval, and
textual templates. These approaches typically evaluate the quality of
a generated summary using human annotators who rate summaries
on metrics such as as: content adequacy [36], conciseness [23, 37],
and fluency [37, 38, 50].

In the last 5 years, the solution space for code summarization
has significantly shifted towards the widespread adoption of tech-
niques and evaluation metrics from the Machine Translation (MT)
domain. Prior to 2015, virtually all summarization approaches in-
volved template or information retrieval based techniques. In 2015,
the first paper using an MT approach was published at an SE con-
ference [39], and, to the best of our knowledge, there are 35 pa-
pers thus far that propose an approach, an evaluation, or a cri-
tique of MT summarization approaches [2-5, 8-10, 12, 16-21, 23—
25, 27, 28, 31, 35, 39, 47, 48, 53-57, 59-62, 65, 66]. Note that 7 of
those are published in 2019 and 13 in 2020 alone.

One of the primary reasons for this shift is the idea that trans-
lating source code to its natural language equivalent holds many
parallels with the concept of translating one natural language to
another [23]. A side effect of this shift is a substantial change in
the amount of data needed to evaluate code summarization ap-
proaches; training generative models requires a large amount of
data. Naturally, the evaluation techniques used must also scale, and
automated metrics provide an efficient way to evaluate the quality
of generated summaries en mass.

Automated metrics designed to evaluate natural language transla-
tion approaches, such as BLEU [40], METEOR [6], and ROUGE [30],
have been adopted by code summarization researchers where a
generated summary is compared to a ‘gold standard’ or ‘reference’
summary. In the context of leading comment summaries, the refer-
ence summary is often the original accompanying comment written
by a developer.

In the MT domain, BLEU has long been accepted as a de-facto
best-practice metric. Recently, however, prominent machine trans-
lation researchers have raised concern over the use of BLEU [34,
42, 43], warning the MT community that the way BLEU is used

Conciseness: Assesses the degree to which
summary contains unnecessary information

Fluency:. Evaluates the “smoothness” rate In
generated summary

e

e

FSE2021

1105

Roy et al.



Evaluation of SIDE

Reassessing Automatic Evaluation Metrics for Code
Summarization Tasks

Devjeet Roy
devjeet.roy@wsu.edu
Washington State University
Pullman, WA, USA

ABSTRACT

In recent years, research in the domain of source code summa-
rization has adopted data-driven techniques pioneered in machine
translation (MT). Automatic evaluation metrics such as BLEU, ME-
TEOR, and ROUGE, are fundamental to the evaluation of MT sys-
tems and have been adopted as proxies of human evaluation in the
code summarization domain. However, the extent to which auto-
matic metrics agree with the gold standard of human evaluation has
not been evaluated on code summarization tasks. Despite this, mar-
ginal improvements in metric scores are often used to discriminate
between the performance of competing summarization models.

In this paper, we present a critical exploration of the applicability
and interpretation of automatic metrics as evaluation techniques
for code summarization tasks. We conduct an empirical study with
226 human annotators to assess the degree to which automatic
metrics reflect human evaluation. Results indicate that metric im-
provements of less than 2 points do not guarantee systematic im-
provements in summarization quality, and are unreliable as proxies
of human evaluation. When the difference between metric scores
for two summarization approaches increases but remains within
5 points, some metrics such as METEOR and chrF become highly
reliable proxies, whereas others, such as corpus BLEU, remain unre-
liable. Based on these findings, we make several recommendations
for the use of automatic metrics to discriminate model performance
in code summarization.

CCS CONCEPTS

« Software and its engineering — Software maintenance tools;
« General and reference — Metrics; Evaluation.

KEYWORDS

automatic evaluation metrics, code summarization, machine trans-
lation

ACM Reference Format:

Devjeet Roy, Sarah Fakhoury, and Venera Arnaoudova. 2021. Reassess-
ing Automatic Evaluation Metrics for Code Summarization Tasks. In Pro-
ceedings of the 29th ACM Joint European Software Engineering Conference
and Symposium on the Foundations of Software Engineering (ESEC/FSE °21),
August 23-28, 2021, Athens, Greece. ACM, New York, NY, USA, 12 pages.
https://doi.org/10.1145/3468264.3468588

This work is licensed under a Creative Commons Attribution International 4.0 License.

ESEC/FSE °21, August 23-28, 2021, Athens, Greece
© 2021 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8562-6/21/08.
https://doi.org/10.1145/3468264.3468588

Sarah Fakhoury
sarah.fakhoury@wsu.edu
Washington State University
Pullman, WA, USA

Venera Arnaoudova
venera.arnaoudova@wsu.edu
Washington State University

Pullman, WA, USA

1 INTRODUCTION

Useful source code comments play a vital role in program compre-
hension and other software maintenance activities [45, 58]. How-
ever, proper documentation comes at a cost and producing well-
written comments requires a substantial amount of effort on the
part of software developers. This is one of the motivating factors
behind why source code summarization is a rapidly growing re-
search area—at least 18 papers proposing or evaluating automated
summarization approaches are published in 2020 [1, 2, 10, 16, 18,
20, 22, 24, 27, 32, 47, 52, 55, 56, 60, 61, 63, 66].

The earliest code summarization approaches are based on strong
syntactic theories of comment structure, information retrieval, and
textual templates. These approaches typically evaluate the quality of
a generated summary using human annotators who rate summaries
on metrics such as as: content adequacy [36], conciseness [23, 37],
and fluency [37, 38, 50].

In the last 5 years, the solution space for code summarization
has significantly shifted towards the widespread adoption of tech-
niques and evaluation metrics from the Machine Translation (MT)
domain. Prior to 2015, virtually all summarization approaches in-
volved template or information retrieval based techniques. In 2015,
the first paper using an MT approach was published at an SE con-
ference [39], and, to the best of our knowledge, there are 35 pa-
pers thus far that propose an approach, an evaluation, or a cri-
tique of MT summarization approaches [2-5, 8-10, 12, 16-21, 23—
25, 27, 28, 31, 35, 39, 47, 48, 53-57, 59-62, 65, 66]. Note that 7 of
those are published in 2019 and 13 in 2020 alone.

One of the primary reasons for this shift is the idea that trans-
lating source code to its natural language equivalent holds many
parallels with the concept of translating one natural language to
another [23]. A side effect of this shift is a substantial change in
the amount of data needed to evaluate code summarization ap-
proaches; training generative models requires a large amount of
data. Naturally, the evaluation techniques used must also scale, and
automated metrics provide an efficient way to evaluate the quality
of generated summaries en mass.

Automated metrics designed to evaluate natural language transla-
tion approaches, such as BLEU [40], METEOR [6], and ROUGE [30],
have been adopted by code summarization researchers where a
generated summary is compared to a ‘gold standard’ or ‘reference’
summary. In the context of leading comment summaries, the refer-
ence summary is often the original accompanying comment written
by a developer.

In the MT domain, BLEU has long been accepted as a de-facto
best-practice metric. Recently, however, prominent machine trans-
lation researchers have raised concern over the use of BLEU [34,
42, 43], warning the MT community that the way BLEU is used

Conciseness: Assesses the degree to which the
summary contains unnecessary information

Fluency: Evaluates the “smoothness” rate in the
generated summary

Content Adequacy: Assess the extent to which the
summary lacks information needed to understand
the code

FSE2021

1105

Roy et al.



Evaluation of SIDE

Reassessing Automatic Evaluation Metrics for Code
Summarization Tasks

Devjeet Roy
devjeet.roy@wsu.edu
Washington State University
Pullman, WA, USA

ABSTRACT

In recent years, research in the domain of source code summa-
rization has adopted data-driven techniques pioneered in machine
translation (MT). Automatic evaluation metrics such as BLEU, ME-
TEOR, and ROUGE, are fundamental to the evaluation of MT sys-
tems and have been adopted as proxies of human evaluation in the
code summarization domain. However, the extent to which auto-
matic metrics agree with the gold standard of human evaluation has
not been evaluated on code summarization tasks. Despite this, mar-
ginal improvements in metric scores are often used to discriminate
between the performance of competing summarization models.

In this paper, we present a critical exploration of the applicability
and interpretation of automatic metrics as evaluation techniques
for code summarization tasks. We conduct an empirical study with
226 human annotators to assess the degree to which automatic
metrics reflect human evaluation. Results indicate that metric im-
provements of less than 2 points do not guarantee systematic im-
provements in summarization quality, and are unreliable as proxies
of human evaluation. When the difference between metric scores
for two summarization approaches increases but remains within
5 points, some metrics such as METEOR and chrF become highly
reliable proxies, whereas others, such as corpus BLEU, remain unre-
liable. Based on these findings, we make several recommendations
for the use of automatic metrics to discriminate model performance
in code summarization.
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1 INTRODUCTION

Useful source code comments play a vital role in program compre-
hension and other software maintenance activities [45, 58]. How-
ever, proper documentation comes at a cost and producing well-
written comments requires a substantial amount of effort on the
part of software developers. This is one of the motivating factors
behind why source code summarization is a rapidly growing re-
search area—at least 18 papers proposing or evaluating automated
summarization approaches are published in 2020 [1, 2, 10, 16, 18,
20, 22, 24, 27, 32, 47, 52, 55, 56, 60, 61, 63, 66].

The earliest code summarization approaches are based on strong
syntactic theories of comment structure, information retrieval, and
textual templates. These approaches typically evaluate the quality of
a generated summary using human annotators who rate summaries
on metrics such as as: content adequacy [36], conciseness [23, 37],
and fluency [37, 38, 50].

In the last 5 years, the solution space for code summarization
has significantly shifted towards the widespread adoption of tech-
niques and evaluation metrics from the Machine Translation (MT)
domain. Prior to 2015, virtually all summarization approaches in-
volved template or information retrieval based techniques. In 2015,
the first paper using an MT approach was published at an SE con-
ference [39], and, to the best of our knowledge, there are 35 pa-
pers thus far that propose an approach, an evaluation, or a cri-
tique of MT summarization approaches [2-5, 8-10, 12, 16-21, 23—
25, 27, 28, 31, 35, 39, 47, 48, 53-57, 59-62, 65, 66]. Note that 7 of
those are published in 2019 and 13 in 2020 alone.

One of the primary reasons for this shift is the idea that trans-
lating source code to its natural language equivalent holds many
parallels with the concept of translating one natural language to
another [23]. A side effect of this shift is a substantial change in
the amount of data needed to evaluate code summarization ap-
proaches; training generative models requires a large amount of
data. Naturally, the evaluation techniques used must also scale, and
automated metrics provide an efficient way to evaluate the quality
of generated summaries en mass.

Automated metrics designed to evaluate natural language transla-
tion approaches, such as BLEU [40], METEOR [6], and ROUGE [30],
have been adopted by code summarization researchers where a
generated summary is compared to a ‘gold standard’ or ‘reference’
summary. In the context of leading comment summaries, the refer-
ence summary is often the original accompanying comment written
by a developer.

In the MT domain, BLEU has long been accepted as a de-facto
best-practice metric. Recently, however, prominent machine trans-
lation researchers have raised concern over the use of BLEU [34,
42, 43], warning the MT community that the way BLEU is used

Conciseness: Assesses the degree to which the
summary contains unnecessary information

Fluency: Evaluates the “smoothness” rate in the
generated summary

Content Adequacy: Assess the extent to which the
summary lacks information needed to understand
the code
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