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ABSTRACT

Long documents pose challenges both for human readers, who may struggle to quickly
extract the main ideas, and for retrieval-augmented generation (RAG) systems, which face difficul-
ties in selecting and providing the most relevant context when processing entire texts. Extractive text
summarization represents a solution for this, but its usefulness depends on selecting the best possi-
ble summary considering, among other objectives, the essential information with minimal length.
This work addresses focuses on identifying high-quality summaries by treating sentence selection
as multi-objective optimization problem that must balance competing objectives: ensuring seman-
tic coverage, prioritizing relevant portions of the text, and maintaining the summary sufficiently
short. It compares two widely used optimization evolutionary algorithms, NSGA-II and NSGA-III,
on 462 CNN DailyMail news articles. The results indicate a superiority of NSGA-II when analyz-
ing quality alone, but NSGA-III presents an advantage when considering performance and solution
selectivity, which enriches the discussion on the benefits trade-offs.
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1. Introduction

Extractive text summarization has become a valuable technique for efficiently condens-
ing large documents by selecting and reassembling the most relevant sentences. Unlike abstractive
methods that attempt to generate new text, often relying on large language models (LLMs), ex-
tractive summarization preserves the original wording, ensuring factual consistency while being
computationally lighter and faster [Abo-Bakr and Mohamed, 2023]. In the current landscape, in
which LLMs are widely used for information synthesis, extractive summarization offers a comple-
mentary solution. LLMs can struggle with hallucinations, factual drift, or high computational costs,
especially when dealing with long documents [Lewis et al., 2020]. Extractive methods mitigate
these issues by pre-selecting informative, coherent sections of text and reducing the input size, or
even serving as a standalone summarization method without requiring heavy model inference.

This approach can be particularly beneficial for retrieval-augmented generation (RAG)
systems, which rely on efficiently retrieving and presenting relevant context to language models.
High-quality extractive summaries improve retrieval precision, reduce noise, and enhance the fac-
tual foundation of downstream tasks such as question answering, knowledge base construction, and
document comprehension. Recent studies, such as RAPTOR (Recursive Abstractive Processing
for Tree-Organized Retrieval) [Sarthi et al., 2024], demonstrated that organizing summaries hier-
archically within RAG pipelines can significantly enhance multi-step reasoning and long context
understanding, achieving state-of-the-art results on benchmark datasets. For example, in a RAG
pipeline, instead of feeding a 50-page document to an LLLM, a system can first build a focused 3-
page extractive summary that concentrates the most relevant passages, which lowers cost, reduces
noise, and often improves answer accuracy downstream.

Modern extractive summarization strategies leverage neural sentence embeddings, such
as those generated by sentence transformers, to capture semantic relationships without the need
for aggressive pre-processing like stop-word removal or punctuation filtering. By working directly
on dense vector representations, extractive summarization can identify semantically important sen-
tences, enabling more robust and domain-adaptable summarization pipelines.

Given the multi-faceted nature of summarization, balancing content coverage while min-
imizing the length of the text, multi-objective optimization (MOO) techniques provide a structured
framework to select the optimal combination of sentences, generating summaries that meet con-
flicting criteria simultaneously. Multi-objective optimization searches for a set of optimal trade-off
solutions, called a Pareto front, where improving one objective necessarily worsens at least one
other objective. This work aims to compare the performance of two prominent evolutionary al-
gorithms, Non-dominated Sorting Genetic Algorithm II (NSGA-II) and III (NSGA-III), to achieve
coherent but efficient text summaries.

This document is organized as follows: Section 2 provides a brief overview of MOO
theory and introduces the algorithms employed in this study. Section 3 defines the problem, the
analysis approach, and presents the objective functions used in the optimization process. Section 4
discusses the experimental results and highlights the key findings. Finally, Section 5 summarizes
the conclusions and offers suggestions for future research.

2. Background

Many problems and systems, particularly in computational intelligence, are fundamen-
tally optimization problems. They are often non-trivial, involving complex and potentially con-
flicting relationships among objective functions, or criteria, to be minimized or maximized. Once
it is not possible to achieve one unique solution that simultaneously meet all the criteria, multi-
objective optimization approaches can be used to generate the optimal solutions for specific prob-
lems [Reynoso-Meza et al., 2016].
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Among the optimization algorithms to solve these problems, population-based evolution-
ary algorithms offer several advantages over traditional optimization techniques and single-solution
metaheuristics. Unlike gradient-based approximation methods, which are sensitive to initial condi-
tions and often converge to local optima, evolutionary or genetic algorithms employ a population
of candidate solutions, enabling parallel and wide exploration of the solution space. These methods
reduce the probability to premature convergence and can also handle discrete and non-differentiable
functions, which make them powerful to be applied in many different problems.

NSGA-II and NSGA-III are two well-known and explored genetic algorithms due to their
simplicity and efficiency [Chaudhari et al., 2021]. Both maintain a population of candidate sum-
maries and iteratively evolve them via selection, recombination, and mutation, but differ in how
they preserve diversity along the Pareto front. In NSGA-II, elitism is achieved by merging parent
and offspring populations and preserving the best non-dominated fronts along generations, while
the crowding distance is used to manage diversity when truncation is required, promoting a well
spread set of solutions. NSGA-III uses reference directions to preserve diversity in the solution set
[Li et al., 2018], which is especially effective when the number of objectives is greater than three.

Once text summarization encompasses high computational cost and non-differentiable
behavior, it is important to apply an algorithm that balances performance and solution quality. In
order to compare and determine which of the methods better optimize a multi-objective optimization
(MOO) extractive text summarization task, it is possible to calculate the hypervolumes related to
each Pareto front, and compare their sizes based on a same reference point.

2.1. Non-dominated Sorting Genetic Algorithm IT

NSGA-II (Non-dominated Sorting Genetic Algorithm II) is one of the widely adopted
multi-objective evolutionary algorithms due to its effective balance of convergence and diversity
without requiring user-defined parameters for diversity control. By combining a fast non-dominated
sorting procedure with a crowding-distance metric, NSGA-II efficiently identifies Pareto-optimal
solutions and maintains a well-distributed front across competing objectives [Deb et al., 2002].
Its relatively low computational overhead and straightforward implementation make it a natural
baseline for multi-objective optimization in domains ranging from engineering design to text sum-
marization. The algorithm proceeds in two parts as follows:

1. Initialization: generate an initial population P, of size N generated by sampling binary
strings of length |D)|.

2. Non-dominated Sorting: partition P, into fronts F1, F5, ... in which F} contains all non-
dominated individuals, F5 those dominated only by members of F}, and so on.

3. Crowding Distance: for each front F}, compute a crowding distance for each individual by
summing normalized distances to its nearest neighbors in objective space.

4. Parent Selection: use binary tournament with the crowded comparison operator [Deb et al.,
2002]. First select all individuals from front F}, then front 5 and then on until Given two
candidates a and b, prefer the one with lower front rank. If the ranks are equal, prefer the one
with higher crowding distance. If both criteria are equal, select one at random.

5. Reproduction: apply crossover and mutation to create an offspring population (J; of size V.

6. Survivor Selection: form R; = P, U )y, sort R; into fronts, and fill the next generation P;
with size IV by adding entire fronts until capacity, then selecting by descending crowding
distance within the final partial front.
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2.2. Non-dominated Sorting Genetic Algorithm III

Non-dominated Sorting Genetic Algorithm III (NSGA-III) was introduced to address the
challenge of maintaining diversity in problems with more than three objectives by replacing the
crowding-distance mechanism with a reference-direction based diversity preservation strategy [Deb
and Jain, 2014]. While originally designed for many-objective optimization, NSGA-III’s structured
diversity control via a predefined set of direction vectors can also benefit three objective tasks by
ensuring an uniform spread of solutions along the Pareto front, thereby reducing gaps and improving
the overall quality of the approximation set. The algorithm is computed as the following:

1. Initialization & Non-dominated Sorting: identical to NSGA-II.

2. Normalization: within each front, normalize objective values using extreme points and in-
tercepts to account for scale differences.

3. Reference Directions: predefine a set of M evenly spaced unit vectors {di,...,dys} in
objective space.

4. Association: assign each normalized solution to its nearest reference direction by perpendic-
ular distance.

5. Diversity Preservation: when filling P, ,, prefer individuals in less-populated reference
niches to ensure a uniform spread across all directions.

6. Reproduction & Selection: identical to NSGA-II except that niche counts replace crowding
distances for tie-breaking in the final front.

2.3. Hypervolume Indicator

The hypervolume (HV) indicator measures the size of the objective space that is domi-
nated by a Pareto approximation set and bounded by a user-defined reference point r. For a set of
solutions P in a three-objective minimization problem, the reference pointr = (71, ro, r3) is usually
chosen beyond the worst observed solution, which is also known as nadir point. The hypervolume
is defined as in Equation 1.

HV(P) = Vol({J1f1 ra)  [fa. 7] x [fa. 73] o

fepr

There, f = (f1, f2, f3) is the triplet of objective values for a candidate solution, and Vol(-) denotes
the Lebesgue volume in R3. A larger hypervolume indicates better convergence toward the ideal
solution (closer to the origin of the space) and a more diverse spread of trade-off solutions, as
represented in Figure 1.

Regarding text summarization, comparing NSGA-II and NSGA-III via hypervolume en-
ables the capture of the combined effect of all objectives functions related in the problem - maxi-
mizing semantic coverage, favoring salient sentence positions, and enforcing concise length - within
a single scalar metric. Once summarization inherently involves trade-offs (e.g., adding sentences
to improve coverage may worsen brevity), the hypervolume reflects how effectively each algo-
rithm navigates these competing demands. An algorithm that consistently produces Pareto sets
with higher hypervolume is better suited to generate summaries that balance comprehensiveness,
coherence, and conciseness across a diverse range of acceptable summary lengths and styles.
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Figure 1: Representation of the hypervolume of a Pareto front

3. Methodology

To prepare the documents for multi-objective optimization, a natural language processing
pipeline is applied to represent the text in a structured and semantically meaningful manner. Unlike
other works that adopt classical preprocessing techniques such as punctuation removal, stop-word
elimination, and stemming [Sanchez-Gomez et al., 2020a], this study preserves the original sen-
tences in their entirety, maintaining the full richness and nuance of the text.

The document is first segmented into complete sentences using sentence tokenization
techniques. Each sentence is then embedded into a dense vector representation using a pre-trained
sentence transformer model (a11-MiniILM-L6-v2), which captures the semantic meaning of
each sentence within a shared embedding space. This process transforms the document into a ma-
trix of semantic vectors, allowing comparisons between sentences based on their meaning rather
than their surface form. Figure 2 illustrates this overall preparation process.

Text sentences Vector representation

Sentence
Transformer Embeddings

')

Text Document
sentence N | VN1, Ve, Vs, ooy VN"]I

Figure 2: NLP pipeline

Following the embedding step, a similarity matrix is computed using the cosine similarity
between each pair of sentence embeddings. This matrix reflects the semantic similarity between
sentences, enabling the system to identify redundancy and ensure broad coverage of the document’s
main topics.

Subsequently, extractive summarization is achieved by selecting a subset of sentences that
maximizes important summarization criteria. A MOO process is applied to find the best subset of
sentences that balances semantic coverage, redundancy reduction, and information density. The op-
timization seeks to generate a summary that is compact while maintaining the essential information
and semantic integrity of the original document.

3.1. Objective Functions
The extractive summarization task is formulated as a three-objective optimization prob-
lem, each of which quantifies a distinct trade-off: coverage, position, and length penalty. The
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following sections present their formal definitions and mathematical formulations. Table 1 presents
a concise overview of the three objectives and the optimization direction for each.

Table 1: Objective Functions

Objective Direction | Purpose

Coverage Maximize | Ensure selected sentences collectively cover the full
content of the document by maximizing the average
of the maximum cosine similarities between each
document sentence and the chosen summary sen-
tences.

Position Minimize | Encourage selection of sentences near the beginning
or end of the document, via a parabolic weighting
function, considering that sentences in these posi-
tions cover the most part of the information.

Length Penalty | Minimize | Penalize summaries whose length deviates from
a target range, using an asymmetric penalty that
penalizes overly long summaries while tolerating
shorter ones.

3.1.1. Coverage Objective

The first objective function defined in the optimization process is semantic coverage. Its
purpose is to ensure that the selected summary sentences adequately represent the overall content
of the original document. This objective is common in extractive summarization and rewards sum-
maries whose sentences collectively cover the source content [Saleh et al., 2015; Sanchez-Gomez
et al., 2018, 2020b].

Let the document be the sequence of sentences D = {s1, ..., s,}. A candidate extractive
summary is a subset S C D with |S| = k. To calculate coverage, a full similarity matrix is
constructed by computing the cosine similarity between all pairs of sentences in the document,
based on their dense vector embeddings. Using the precomputed similarity matrix sim(s;, s;), a
submatrix can be extracted on demand containing the similarities between each selected sentence
and all other sentences in the original document. This submatrix has dimensions [|.S| x | D[], where
|S| is the number of selected sentences and | D| is the total number of document sentences.

For each document sentence s; € D, the goal is to find the maximum similarity score with
any selected summary sentence s; € S. Then, the overall coverage score for a candidate summary
S is computed as the average of the maximum similarities across all document sentences and is
represented in Equation 2. There, & is the number of sentences in the summary evaluated and 7 is
the total length of the original document.

1 n
Coverage(S) = T E max sim(s;, ;) @)
i=1"’

Since the optimization problem is formulated as a minimization task, the coverage, orig-
inally a maximization objective, was inverted, as shown in Equation 3 to ensure that lower values
correspond to higher coverage, in which 0 is best and 1 is worst.

min 1.0 — Coverage(5) 3)
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This formulation encourages the summaries remain both comprehensive and aligned with
natural writing structures.

3.1.2. Position Objective

The second objective function is sentence position importance. Its purpose is to encourage
the selection of sentences that appear near the beginning or the end of the document, under the
assumption that these positions often carry the most relevant information for the understanding of
the original text.

Considering that each selected sentence s; € S has an original index i; related to its
position in the document of total length n, to calculate the position score for a candidate summary
S C D, one can follow the steps below.

* The indices are normalized in relation to the original text length:

(2]
M
n—1

pj = pj €10,1]
* A parabolic weighting w(p;) function assigns lower weights to sentences near the start (p; ~
0) and end (p; ~ 1), and higher weights to those near the middle (p; ~ 0.5).

w(p;) =1 — 4(pj—0.5)2

Here, 0.5 is subtracted from p;, centering the values around zero: sentences in the middle
tend to 0.0, while those at the edges reach -0.5 and 0.5. The result is then squared, form-
ing a positive parabola that equalizes the sign and emphasizes distance from the center, and
multiplied by 4 to scale the maximum to 1.0. Finally, once optimization algorithms usually
minimize objective functions, this value is subtracted from 1.0 to invert the parabola. As a
result, the weight function w(p;) equals 0.0 for edge sentences (p; = 0 or p; = 1) and 1.0
for central sentences (p; = 0.5).

* The overall position score of the candidate summary is the average of its sentence weights:

Position(S) = ’; > w(p;)

S;€ S
* Finally, the position objective is designed as a minimization problem, as in Equation 4.

in Position(S 4
min Posi ion(9) 4)

3.1.3. Length Penalty Objective

The third optimization objective penalizes summaries whose length deviates from a de-
sired range, prioritizing brevity while allowing some flexibility. Considering that the document
contains n sentences, it is first defined the limit allowable sizes for the summary:

Liin = max(3,[0.15n]), Lmax = min([0.5n], max(Lyin + 5, 15))

These values were heuristically defined since the length of the original document can
vary significantly. The goal is to keep the summary length proportional to the size of the original
document, adapting dynamically.
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e Ly ensures a minimum meaningful coverage, with a minimum of 3 sentences, or at least
15% of the document, whichever is larger.

* Lnax prevents overly long summaries by limiting them to at most 50% of the document
length, but with an upper cap that allows for some flexibility, especially in shorter documents.

These boundaries are not fixed by any theoretical requirement, but designed to balance
conciseness and informativeness across texts of varying sizes, avoiding excessively short or ver-
bose summaries regardless of the input length. A target length L, is set closer to the minimum to
encourage brevity:

Lt - Lmin + 0.3 (Lmax - Lmin)

A length penalty is then computed, in which £ is the length of the candidate solution:

k—L
7t, k> Lt7
Lmax - Lt
penalty (k) = Ik
:—
05x — 4+~ " k<L
Lt - Lmin !

In the end, the limits [0, 1] are set to grant that it does not extrapolate boundaries:

LengthPenalty(S) = min (1, max (0, penalty(]S])))

Since the goal is to minimize the length of the summary (in which O is best), the penalty
score for the objective function is in Equation 5.

min LengthPenalty (.5) 5)

3.2. Experimental Setup

All experiments are conducted on the CNN/DailyMail dataset. To obtain a representa-
tive sample with a 95% confidence level of a 5% margin of error, it was randomly selected 462
articles out of 287,113 from the train database. Each article is preprocessed by sentence-splitting
and embedding with the transformer model presented in Section 3. All experiments were run on a
MacBook Pro M4 Pro with 24 GB of RAM.

Both NSGA-II and NSGA-III are implemented using the pymoo framework and share
identical hyperparameters (settings that are standard for binary multi-objective evolutionary search
were adopted): a population size of 300, 150 generations, BinaryRandomSampling initialization (to
ensure a uniformly diverse starting population), TwoPointCrossover with probability 0.9 (to recom-
bine contiguous blocks of sentence selection bits while retaining high exploration), BitflipMutation
with probability 1/|D| (so that on average one sentence index is toggled per solution, enabling fine
grained local search), and duplicate elimination!. The three objectives are evaluated as defined in
Section 3.1.

"Each individual is a binary vector of length |D|, where 1 marks a selected sentence and 0 marks a non-selected
one. BinaryRandomSampling uniformly creates binary vectors for each individual p for the initial population, Two-
PointCrossover performs the recombination of two parents to create children by selecting two crossover points and
swapping only the middle part (between the two points), BitflipMutation mutates each bit of the individual p vector with
probability 1/|D|, and duplicate elimination removes identical individuals to preserve diversity.
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Figure 3: Comparison process

For each of the 462 articles, it was performed 11 independent runs of both NSGA-II and
NSGA-III, each initialized with a distinct random seed®. At the end of each run, the final Pareto front
is extracted and its hypervolume is computed against a common reference point, which bounds the
worst-case values for the three objectives, i.e., the nadir point of the set of solutions. The algorithm
with the highest median hypervolume over 11 runs for the majority of text articles is considered the
best for the problem, as represented in Figure 3.

4. Results

After executing the algorithms and computing the median hypervolume across 11 runs
for each article, it was observed that NSGA-II consistently outperforms NSGA-III. Specifically,
in 97% of the evaluated texts, NSGA-II achieved a higher hypervolume than NSGA-III. This is
illustrated in Figure 4, which shows the difference in hypervolumes between the two algorithms
(with positive values indicating an advantage for NSGA-II). Given that the hypervolume values and
their respective differences are of a small magnitude (on the order of 10~2), they were scaled by a
factor of 102 to enhance interpretability in the Figure 4.

However, NSGA-III consistently returned fewer Pareto-optimal solutions (Figure 5) than
NSGA-II but fairly equidistanced when compared to NSGA-II, which is a direct result of its refer-
ence direction mechanism. In this case specifically, it was used a fixed set of reference directions
(23 in each run). Nevertheless, the fact that NSGA-III achieves Pareto fronts with hypervolume
values differing from those of NSGA-II by only an order of 10~2, despite returning fewer solutions,
shows the algorithm’s effectiveness and precision in its trade-offs.

It was used an odd quantity of runs so the median is the single middle run, and eleven is a practical balance of
reliability and time.
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Figure 5: Number of solutions in the Pareto front, used to calculate the hypervolumes selected, from each
algorithm

Figures 6 and 7 present the Pareto fronts obtained by NSGA-II and NSGA-III for two
different news articles. In both cases, the general shape and distribution of solutions in the ob-
jective space are similar, indicating that both approaches converge toward comparable regions of
the Pareto-optimal space. As noted by [Chaudhari et al., 2021], both algorithms behave similarly
in the convergence of the solutions, however, NSGA-II’s optimal solutions cover the entire Pareto
front but are not equidistant, whereas NSGA-III presents a widespread front with almost equidistant
solutions.

a) NSGA-Il Pareto front b) NSGA-IIl Pareto front

Figure 6: Pareto front of a news article by NSGA-II and NSGA-III
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a) NSGA-II Pareto front b) NSGA-III Pareto front

Figure 7: Pareto front of a news article by NSGA-II and NSGA-IIT

5. Conclusion and future work
The findings of this work highlight the importance of evaluating multi-objective optimiza-

tion algorithms as a whole, rather than simply declaring a winner based on a single metric. While
hypervolume analysis alone often favors NSGA-II, incorporating additional diversity metrics, such
as spacing or spread, and performance reveals that NSGA-III tends to converge to a smaller set of
selective, equidistant, and diverse solutions.

In modern applications, particularly high-dimensional and computationally-intensive tasks,
being directionally correct and computationally efficient is often more valuable than achieving com-
plete, fine-grained trade-off exploration. So, although NSGA-II may offer advantages in scenarios
that require finer granularity in trade-off exploration, NSGA-III emerges as a more efficient and
lightweight alternative for high-dimensional and computationally-heavy applications, like text sum-
marization for feeding RAG systems. The relatively small difference in hypervolumes between the
algorithms suggests that NSGA-III offers a favorable cost-quality trade-off, while the reduced num-
ber of solutions simplifies decision-making by the problem designer.

For future works, several possibilities can be considered. First, considering the NSGA-III
performance and trade-off as previously discussed, and that it is a many-objective algorithm, it may
be interesting to incorporate additional objectives, such as readability scores (semantic coherence)
or redundancy. This could reveal how well the algorithm scales beyond three objectives and whether
it becomes clearly more advantageous than NSGA-II, e.g., in truly many-objective settings.

Second, extending the evaluation to larger and more diverse texts (e.g., scientific articles,
legal texts, multi-lingual datasets, long interviews or even patient reports in health industry), would
test the robustness of the application under varying document structures and lengths.

Third, alongside the hypervolume and diversity analyses, it is interesting to evaluate the
generated summaries using standard summarization metrics, like ROUGE for n-gram overlap and
BERTScore for semantic similarity. This will help correlate Pareto-front quality with human-
oriented measures of informativeness and fluency, ensuring that gains in multi-objective optimiza-
tion translate into real improvements in summary quality.
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