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Documenting code is crucially important.

It allows developers to better understand code.

Documenting code is both labor-intensive and 
frequently neglected.

Automated code summarization has emerged 
as a promising solution.



CODE SUMMARIZATION

public String toString() {
final StringBuffer s = new StringBuffer();
final int size = size();
for (int i = 0; i < size; i++)

        s.append(getInt(i));
return s.toString();

}

Returns a string representation of this vector.

DL-Model
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public void testConstructor() {
System TestResult str;
System TestID testID1;
...

}

LOW QUALITY INSTANCES

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

returns the high value

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

test the constructor



FSE 22’

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.

LOW QUALITY INSTANCES



public HashSet getCommandResultsRootFeatures() {
HashSet rootFeatureSet = new HashSet();
Feature belowSplitRoot = null;
Feature aboveSplitRoot = null;
if (belowSplitTranscript != null) {

        belowSplitRoot = belowSplitTranscript.getRootFeature();
        rootFeatureSet.add(belowSplitRoot);

}
if (aboveSplitTranscript != null) {

    aboveSplitRoot = aboveSplitTranscript.getRootFeature();
    if (aboveSplitRoot != belowSplitRoot)
        rootFeatureSet.add(aboveSplitRoot);

}
return rootFeatureSet;

}

Invoked AFTER the command is executed.

LOW QUALITY INSTANCES



ICSE 24’

They propose SIDE (Summary alIgnment 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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public Element asElement() {
    return this.component.createCopy();
}

SIDE
not yet documented

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

SIDE
returns a copy of this component as an 
element

0.91

-0.19 Incoherent

Coherent

LOW QUALITY INSTANCES



QUESTION

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

optimizing code-summarization datasets?
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EMPIRICAL STUDY

CoderEval Mastropaolo et al.Funcom Tl-CodeSum SIDE

Used as fine-grained filter based on returned score

Golden SetsTraining Sets Filter



EMPIRICAL STUDY

Golden Sets

CoderEval Mastropaolo et al.Funcom Tl-CodeSum

Training Sets

CodeT5+

ModelFilter

SIDE

Representative encoder-decoder model



RQ0

How do code summarization datasets measure 
up in terms of code-comment coherence?RQ0
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0.81 mean SIDE score 0.83 mean SIDE score

More than 50% of the instances
have sub-optimal SIDE scores below 0.9.

FUNCOM TL-CODESUM



RQ1

How does a coherence-aware strategy 
selection impact the performance of neural 
code summarization models?RQ1
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RQ2

How does the coherence-aware strategy 
selection compare with a random baseline?RQ2
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RQ2

Filtering by code-comment coherence 
provides models with comparable 
effectiveness to those trained on 
randomly selected instances.
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SUMMARY: FIXING


