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Abstract

The task of Bengali text optimization demands
not only the generation of concise and coher-
ent summaries but also grammatical accuracy,
semantic appropriateness, and factual reliabil-
ity. This study presents a dual-phase optimiza-
tion framework for Bengali text summariza-
tion that integrates entity-preserving prepro-
cessing and abstractive generation with mTS5,
followed by refinement through sentence rank-
ing, entity consistency enforcement, and opti-
mization with instruction-tuned LLMs such as
mBART. Evaluations using ROUGE, BLEU,
BERTScore, and human ratings of fluency,
adequacy, coherence, and readability show
consistent gains over baseline summarizers.
By embedding grammatical and factual safe-
guards into the summarization pipeline, this
study establishes a robust and scalable bench-
mark for Bengali NLP, advancing text opti-
mization research. Our model achieves 0.54
ROUGE-1 and 0.88 BERTScore on BANS-
Data, outperforming recent multilingual base-
lines.

1 Introduction

In an era of information overload, producing clear,
concise, and contextually relevant text is crucial
for effective communication. Text optimization, re-
fining summaries for readability, semantic accu-
racy, and purpose alignment, is increasingly essen-
tial. This includes enforcing grammatical sound-
ness and precise meaning for diverse audiences in
the digital age.

For Bangla, a morphologically rich language
with a large speaker base yet limited NLP re-
sources, optimization addresses unique challenges
such as complex grammar (e.g., case markers,
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verb conjugations) to deliver high-quality, inclu-
sive content. Despite its widespread use, Bangla
lags behind high-resource languages in research
and tooling, necessitating specialized models and
pipelines (Haque et al., 2020).

This study tackles these issues by creating a
two-phase pipeline that processes Bangla text, cor-
rects errors (e.g., missing verbs, excessive conjunc-
tions), and evaluates summaries with tailored met-
rics. Advances in Bangla NLP include large-scale
resources such as a 100M-word corpus used for
high-accuracy spell/grammar checking (Hossain
et al., 2021) and XL-Sum’s multilingual bench-
mark with Bangla coverage (Hasan et al., 2021).

Bangla’s under-representation highlights the
need for integrated optimization, unlike English’s
advanced LLM ecosystems, especially for do-
mains such as news and healthcare. Early surveys
such as Haque et al. (2020) catalog 14 Bangla sum-
marization methods and emphasize resource gaps.
Rahman et al. (2024) improve extractive ranking
with Word2Vec embeddings but do not address
grammar or factuality. Hasib et al. (2023) cou-
ple an extractive BenSumm stage with (Bangla)T5
for news, yet lack explicit faithfulness optimiza-
tion. Miazee et al. (2025) explore neural abstrac-
tive pipelines but face scalability limits due to
small datasets. On the grammar side, Hossain et al.
(2024) (Panini) outperform BanglaT5 on a 7.7M-
pair GEC corpus, while Sultana et al. (2024) show
LLM potential for Bangla news summarization
alongside cross-lingual/cultural gaps. Rule-based
grammar pattern detection (Prapty et al., 2021)
complements these efforts.

Therefore, we introduce a two-phase hybrid
summarization—optimization model: Phase 1 per-
forms preprocessing, NER, BERT-style embed-

Proceedings of the Second Workshop on Bangla Language Processing (BLP-2025), pages 151-160
December 23, 2025 ©2025 Association for Computational Linguistics



dings, and uses mT5 to draft summaries; Phase 2
optimizes with entity-aware ranking, redundancy
reduction, and mBART-based refinement to im-
prove readability, reduce hallucination, and pre-
serve factual consistency.

We then combine automatic and human as-
sessments: ROUGE (recall), BLEU (precision),
and BERTScore (semantic similarity), plus human
judgments on fluency, adequacy, coherence, and
faithfulness. This research, based on the imple-
mented pipeline, pursues the following objectives:

» Text Optimization via Grammar Correction
(e.g., missing verbs, excessive conjunctions)
and ensuring entity accuracy; assess with
ROUGE, BLEU, and BERTScore.

» Two-Phase Hybrid Summarization Model
combining classical NLP (tokenization, NER,
stemming) with transformers (BERT embed-
dings, mT5 drafting, mBART refinement) to
enhance readability and reduce redundancy.

* Comprehensive Evaluation using automated
metrics (ROUGE, BLEU, BERTScore) and
human evaluations (fluency, adequacy, coher-
ence, faithfulness) to address prior Bangla
ATS limitations.

By filling gaps in integrated text optimization,
this work paves the way for future research in
Bangla NLP, with potential to transform auto-
mated digital content for Bangla-speaking commu-
nities worldwide.

2 Related Work

The task of Automatic Text Summarization (ATS)
for Bangla involves generating concise and coher-
ent summaries from textual or structured data in-
puts. Research has evolved from traditional ex-
tractive methods toward optimization-driven and
neural approaches, with growing interest in multi-
document inputs (Haque et al., 2020; Wahab et al.,
2024). Despite solid progress in Bangla NLP and
optimization techniques, challenges persist due to
limited datasets, linguistic complexity, and com-
putational constraints (Haque et al., 2020; Hasan
etal., 2021).

Several works have developed frameworks, sur-
veys, and benchmarks tailored to Bangla, under-
scoring the importance of resource creation and
evaluation (Haque et al., 2020; Hossain et al.,
2021; Hasan et al., 2023). While progress

is visible, Bangla remains under-represented in
large-scale multilingual corpora and lacks mature
optimization-driven pipelines—clear priorities for
future work (Hasan et al., 2021; Wahab et al.,,
2024).

Early Bangla efforts emphasized extractive tech-
niques for their simplicity and modest resource de-
mand. Haque et al. (2020) survey 14 Bangla sum-
marization methods and outline evaluation hur-
dles and resource scarcity. Rahman et al. (2024)
compare frequency/rule-based/Word2Vec extrac-
tive models and show embeddings better capture
semantics, though their scope remains ranking-
only without grammar or factual checks. Foysal
et al. (2021) introduce Bangla-ExtraSum, compar-
ing five extractive approaches (incl. transformer-
based and Word2Vec-assisted models) on 200
prior + 500 new articles with dual human ref-
erences; they report strong scores (e.g., F1 =~
0.68/0.63 on two sets) but stay strictly extractive.
Khan et al. (2023) present a hybrid extractive
model combining NER, keywords, POS, and sen-
tence cues over a curated 960-passage, 8-domain
dataset (2,880 human summaries), achieving com-
petitive precision/F1 yet still within extractive, tra-
ditional metrics.

To address multi-document needs, Hasan et al.
(2023) release BUSUM-BNLP, a 1,000-article
update-summarization corpus across six domains
with human references; simple TF-IDF baselines
outperform SentenceRank there, but the work re-
mains extractive and ranking-focused.

With neural architectures, Bangla abstraction
gains traction. Miazee et al. (2025) propose an
abstractive pipeline with neural modeling and pre-
processing; data scale and evaluation remain mod-
est. Hayat et al. (2023) benchmark multiple trans-
former variants (incl. fine-tuned BanglaT5) and re-
port best ROUGE-2 ~ 13.83 for BanglaT5. Ha-
sib et al. (2023) build a hybrid pipeline where an
extractive BenSumm stage feeds (Bangla)T5; the
hybrid beats direct T5 on news, though evaluation
is mostly ROUGE/BLEU. Beyond news, Barsha
and Uddin (2023) compare BanglaT5 vs. pointer-
generator networks for Tagore short-story sum-
marization; feature-augmented pointer-generator
wins on ROUGE, highlighting the value of linguis-
tically informed architectures for literary text.

Foundational resources for correctness run in
parallel. Hossain et al. (2021) develop large-scale
Bangla spell/grammar checking (100M-word cor-
pus; 1M-word lexicon) with strong accuracy but
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outside summarization. Prapty et al. (2021) ap-
ply CFG+CYK for Bangla grammar pattern detec-
tion, effective yet rule-dependent. Hossain et al.
(2024) introduce Panini, a transformer-based GEC
trained on a 7.7M parallel corpus, outperforming
BanglaT5; while not a summarizer, such GEC can
be integrated into summarization post-editing for
fluency and correctness.

Optimization methods underpin ATS from
heuristic selection to meta-heuristics. =~ Wahab
et al. (2024) review optimization-driven ATS (e.g.,
GA, PSO), stressing accuracy—cost trade-offs and
real-time constraints. Classical probabilistic ap-
proaches (e.g., Naive Bayes + topic words) illus-
trate optimization flavors in single-syllable lan-
guages (Thu, 2014), though mostly handcrafted
and extractive. At the training level, optimizer
choice (Adam, RMSProp, etc.) materially affects
ROUGE and convergence for abstractive news
summarization (Kumari et al., 2023).

Broader multilingual/cross-domain work in-
forms Bangla directions. Hasan et al. (2021)
release XL-Sum (44 languages incl. Bangla), a
key benchmark, though Bangla remains rela-
tively small/moisy. Semantic generalization with
deep models improves rare-word handling in En-
glish settings (Kouris et al., 2019). Domain-
specific Bangla evaluations with LLMs emerge
in health (Abrar et al., 2024) and question gen-
eration (Faieaz et al., 2025), while multimodal
chart-to-text for Bangla is newly explored in Chart-
Summ (Tanjila et al., 2025). For Bangla news,
comparative studies of LM/LLMs indicate poten-
tial but also gaps in faithfulness and robustness
(Sultana et al., 2024). Overall, recent LLM-
based summarization highlights controllability and
scale, yet Bangla still needs optimization-guided,
resource-aware adaptation and evaluation beyond
ROUGE (e.g., factuality, hallucination, and gram-
mar checks) (Wahab et al., 2024; Hasib et al., 2023;
Hayat et al., 2023). Recent multilingual models
such as BanglaT5, Qwen2.5-Instruct, and LLaMA-
3-Instruct demonstrate promising zero-shot sum-
marization capabilities.

3 Methodology

This study proposes a two-phase framework for
Bengali text summarization: summarization and
optimization (Figure 1).  The pipeline com-
bines classical NLP with transformer-based and
instruction-tuned LLMs. Preprocessing removes

noise (stopwords, URLs, digits), while a Named
Entity Recognition (NER) module preserves key
entities.
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Figure 1: Text Optimization Framework for Bengali

Text

3.1 Summarization Techniques

Bengali summarization methods fall into two main
categories: extractive, which select important sen-
tences from the source, and abstractive, which
generate new sentences that condense meaning.
Early work relied on rule-based heuristics (e.g.,
sentence position, keywords) or machine learning
models using features such as TF-IDF and en-
tity frequency. While these methods are efficient,
they often miss deeper semantics. Abstractive ap-
proaches, on the other hand, leverage neural archi-
tectures. Initial RNN+attention models struggled
with long sequences, but transformer-based mod-
els like mT5 and mBART have since improved flu-
ency and semantic coverage, producing more nat-
ural summaries.

3.2 Optimization with LLMs

Recent advances incorporate instruction-tuned
large language models (LLMs) to refine draft sum-
maries into coherent, concise, and entity-faithful
outputs. In our work, we employ mBART for inter-
mediate optimization. There are also larger mod-
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els such as LLaMA-3.1-8B-Instruct and Qwen2.5-
7B-Instruct for refining draft summaries while pre-
serving entities and handling complex structures,
removing redundancy, and producing concise out-
puts under strict length constraints.

3.3 Phase -1 : Summarization

3.3.1 Dataset and Preprocessing

We use the Bengali Abstractive News Summa-
rization Dataset (BANSData) (Bhattacharjee et al.,
2021), containing 19,096 articles and correspond-
ing human-written summaries across domains
such as politics, economy, sports, and culture. Ar-
ticles range from 5-76 words, with summaries
of 3-12 words, making the dataset well-suited
for abstractive summarization. A preprocessing
pipeline was applied to clean and normalize the
corpus by removing URLs, digits, hashtags, and
redundant punctuation. Tokenization was per-
formed using BNLP and NLTK tokenizers, stop-
words were removed via the BengaliCorpus list,
and BanglaStemmer was used for morphologi-
cal normalization. To ensure factual accuracy,
a Named Entity Recognition (NER) module pre-
served critical entities (persons, locations, organi-
zations) throughout the pipeline, yielding an entity-
aware dataset for embedding, summarization, and
optimization.

3.3.2 Named Entity Recognition (NER)

NER is central to the framework for preserving
factual reliability in low-resource Bengali summa-
rization. Using BNLP’s BengaliNER toolkit, en-
tities such as “JIAI*! FIRLF” (Bangladesh Bank)
and “DI<” (Dhaka) are detected and explicitly pro-
tected from stemming or removal. During opti-
mization, an additional verification step ensures
that all entities present in the source are retained
in the final summary. This integration minimizes
semantic drift and enhances the trustworthiness of
generated outputs.

3.3.3 Sentence Embeddings

To capture semantic depth, each preprocessed sen-
tence is encoded into dense vector representations
using BERT embeddings, which model both left
and right contexts. These embeddings serve three
purposes: (i) reduce redundancy by detecting se-
mantically overlapping sentences, (ii) strengthen
ranking by promoting diverse content coverage,
and (iii) enrich abstractive summarization with
contextualized features that complement entity

preservation. Combined with NER, this dual-
layered approach ensures factual reliability, coher-
ence, and a strong foundation for high-quality Ben-
gali summaries.

3.3.4 Summarization with mT5

The first stage employs the mT5 model, a mul-
tilingual sequence-to-sequence transformer pre-
trained on diverse languages, including Bengali.
Leveraging embeddings and preserved entities,
mT5 generates draft summaries that are fluent
and contextually meaningful. For instance, it can
condense “SHATCRR &LIFE| FIFCS SR TP
T B GFIO TS AL FCACR.... (“Japan’s
Prime Minister Shinzo Abe’s government has ap-
proved a new budget...”) into shorter, coherent
forms. However, drafts may still contain redun-
dancy, factual drift, or incomplete coverage, re-
quiring refinement in Phase 2.

3.4 Phase -2 : Optimization

3.4.1 Sentence Ranking and Selection

To refine mT5 drafts, a ranking module filters sen-
tences based on heuristic criteria. Sentences con-
taining named entities are prioritized through an
entity weight, while a length score penalizes those
that are overly short or verbose. Redundancy is re-
duced using BERT embeddings to remove seman-
tic overlaps, and semantic diversity is encouraged
to ensure broad coverage of different aspects. To-
gether, these steps yield summaries that are con-
cise, entity-aware, and semantically rich, forming
the basis for final optimization.

3.4.2 Entity Preservation Enforcement

Before final rewriting, BNLP’s BengaliNER
toolkit verifies entity consistency (e.g., “JILACTH*T
[P’ (Bangladesh Bank), “GI<6l” (Dhaka)). Miss-
ing or altered entities are corrected, preventing fac-
tual distortion and ensuring reliable summaries.

3.5 Optimizer/Rewriter (mBART)

The last stage uses mBART, a multilingual
sequence-to-sequence transformer pre-trained
with denoising objectives.  Given the source
article and entity-preserved draft, it:

* Enhances readability with fluent Bengali,

* Removes residual redundancy,

 Preserves named entities, and

* Improves semantic alignment with the source.
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3.6 Evaluation Metrics

Evaluation of system-generated summaries is per-
formed using both automatic metrics and human
judgment. To ensure robust assessment, we adopt
widely recognized metrics: ROUGE, BLEU, and
BERTScore. These metrics collectively capture
lexical overlap, n-gram precision, semantic sim-
ilarity, and character-level fluency, providing a
comprehensive evaluation of both raw summaries
and optimized summaries.

3.6.1 Automatic Evaluation Metrics

To ensure robust assessment, we employ these
complementary evaluation metrics:

* ROUGE-N measures recall by evaluating n-
gram overlaps (e.g., unigrams, bigrams) be-
tween system and reference summaries.

* BLEU measures precision of n-gram
matches, originally for machine translation,
with a brevity penalty to avoid overly short
outputs.

* BERTScore computes semantic similarity
using contextual embeddings (e.g., BERT,
BanglaBERT) and cosine similarity between
tokens.

Final optimized summaries, generated by the
LLM refinement stage (mBART), were assessed
using these four automatic metrics.

3.7 Human Evaluation

Three native Bengali linguists (each with > 3

years of experience in NLP or linguistics) inde-

pendently rated a stratified random sample of 200

summaries (balanced across domains) on a 5-point

Likert scale for fluency, adequacy, coherence, and

readability. The raters were blinded to system iden-

tity, and ties were allowed. Inter-annotator agree-

ment was measured using Krippendorff’s « (ordi-

nal) for each dimension; disagreements were re-

solved by majority vote. We report per-dimension

means £ 95% Cls and o«. Where:

* Fluency: grammatical correctness and sentence
naturalness.

» Adequacy: extent to which the draft captured es-
sential content.

* Coherence: logical progression and organiza-
tion.

» Readability: overall ease of comprehension.

The evaluation strategy was designed to assess the
effectiveness of both phases of the proposed frame-
work. Specifically, human evaluation was applied
after Phase 1 (Summarization) to assess draft sum-
maries generated by mT5 and refined by sentence
ranking, while automatic metrics were applied af-
ter Phase 2 (Optimization) to benchmark the final
optimized summaries against human-written refer-
ences.

4 Experimental Setup and Evaluation

The framework was meticulously tested on the
Bengali Abstractive News Summarization Dataset
(BANSData), a robust corpus comprising 19,096
article-summary pairs, utilizing models such as
mT5 and mBART. The dataset was initially split
into four parts, which underwent iterative refine-
ment. Performance was systematically assessed
using a suite of automatic metrics—ROUGE-1,
ROUGE-2, ROUGE-L, BLEU, and BERTScore—
alongside detailed human evaluations focusing
on fluency, adequacy, coherence, and readability,
scored on a 1-5 Likert scale by a panel of three
expert native Bangla linguists with linguistic expe-
rience.

4.1 Experimental Setup

Dataset. We employ the Bengali Abstractive
News Summarization Dataset (BANSData), a cu-
rated collection of Bengali news articles and their
corresponding human-written summaries obtained
from bangla.bdnews24.com. The corpus com-
prises 19,096 article—summary pairs across diverse
domains such as politics, economy, sports, cul-
ture, and social issues, and has been widely used
in prior Bangla summarization research. Key hy-
perparameters for both phases are summarized in
Table 1. Settings follow standard Hugging Face
Transformer defaults, with mixed-precision train-
ing on a single NVIDIA A100 GPU.

Baseline Model. The baseline system is based
on the sequence-to-sequence Long Short-Term
Memory (LSTM) network with attention pro-
posed by (Bhattacharjee et al., 2021). The model
employs an encoder—decoder architecture with
local attention to generate fluent and human-
like abstractive summaries from Bangla news
articles. The authors also released the Ben-
gali Abstractive News Summarization (BANS)
dataset, the largest publicly available Bangla
summarization corpus, comprising over 19,000
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Parameter mTS5 (Phase 1) mBART (Phase 2)
Optimizer AdamW (£1=0.9, AdamW (same)
£2=0.999, e=1 x
107%)
Learning rate 3x107* 1x107°

Warm-up / Decay Linear (5%) / Lin- Linear (same)

car

Weight decay 0.01 0.01
Label smoothing 0.1 0.1
Batch size 8 X 8 (accum.=64) 8 x 8 (accum.=64)
Epochs (max) 5 (early stop pa-2
tience 3)
Steps (approx.) ~35k ~10k
Token limits 512 (input), 100 512 (input), 100
(output) (output)
GPU A100 (40 GB) A100 (40 GB)
Seed 42 42
Dataset split 80/10/10 80/10/10

Table 1: Fine-tuning hyperparameters for mT5 (Phase
1) and mBART (Phase 2). Both configurations use
linear warm-up (5%), linear decay, and fixed seed
= 42. Experiments were conducted on BANSData
(train/dev/test = 80/10/10) using a single A100 GPU.

news articles and human-written summaries
collected from bangla.bdnews24.com and pub-
lished on Kaggle. Their system demonstrated
competitive performance in both quantitative
metrics (BLEU, ROUGE) and human eval-
uation, establishing a strong benchmark for
BANSData. For comparison, this work adopts
csebuetnlp/mT5_multilingual XLSum, a mul-
tilingual TS5 variant fine-tuned for abstractive
summarization. The model is configured with a
maximum input length of 512 tokens, maximum
output length of 100 tokens, a minimum output
of 30 tokens, a six-beam search, and a no-repeat
3-gram constraint to reduce redundancy. Sum-
maries are generated using a standardized pipeline
comprising tokenization, abstractive generation,
and post-processing, with outputs stored in CSV
format for subsequent evaluation.

Evaluation. Performance was assessed using
ROUGE-1, ROUGE-L, BLEU, and BERTScore.
In addition, three native Bengali linguists pro-
vided human ratings on fluency, adequacy, co-
herence, and readability using a five-point Likert
scale. This combination of automatic and human
evaluation established a robust baseline for the sub-
sequent optimization experiments.

4.2 Automated Metric Results

Figure 2 presents the quantitative evaluation re-
sults in terms of ROUGE-1, ROUGE-L, BLEU,

and BERTScore across the baseline, first-level,
and optimized summaries. The baseline system
yielded modest scores (ROUGE-1: 0.30, ROUGE-
L: 0.31, BLEU: 0.30, BERTScore: 0.52). First-
level summaries demonstrated consistent improve-
ments, with notable gains in BLEU (0.42) and
BERTScore (0.55), alongside moderate increases
in ROUGE metrics. The optimized summaries
achieved the best performance overall, reaching
ROUGE-1: 0.54, ROUGE-L: 0.36, BLEU: 0.50,
and BERTScore: 0.88. These findings indicate
that progressive optimization not only improves
lexical overlap but also substantially enhances
semantic fidelity, with BERTScore showing the
largest relative gain. Recent Bangla and multilin-
gual summarization baselines were also evaluated
for comparison, as summarized in Table 2.

Model
(Configura-
tion)

BanglaT5 0.41
(fine-tuned;
Hayat et al.
2023)
Qwen2.5-
7B-Instruct
(0-shot)
LLaMA-
3-Instruct
(0-shot)
mTS5 (Phase
1; ours)
mT5S —
mBART
(Phase 2;
ours)

ROUGE-1ROUGE-2 ROUGE-L BLEU BERTScore (F1)

0.14 0.39 0.32 0.82

0.44 0.16 0.40 0.35 0.84

0.43 0.15 0.39 0.34 0.83

0.46 0.17 0.33 0.42 0.55

0.54 0.20 0.36 0.50 0.88

Table 2: Comparison on BANSData between the pro-
posed dual-phase optimization framework and recent
Bangla/multilingual baselines.

As shown in Table 2, the proposed frame-
work delivers substantial gains over both Bangla-
specific and multilingual baselines. Compared
with BanglaT5, Phase 2 yields +0.13 ROUGE-1
and +-0.18 BLEU improvements, while surpassing
instruction-tuned LLaMA-3 and Qwen 2.5 models
across all metrics. These results highlight the effec-
tiveness of the two-phase optimization strategy in
achieving superior lexical precision, semantic con-
sistency, and factual reliability within Bengali ab-
stractive summarization.

4.3 Human Evaluation Results

Figure 3 reports average human ratings (1 to 5 Lik-
ert scale) across four dimensions: fluency, ade-
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Evaluation Metrics Across ization Stages

= ROUGE-1
= ROUGE-L
m— BLEU

m BERTSCOre

Baseline First-Level Summary

Optimized Summary

Figure 2: Automated metric results

quacy, coherence, and readability. The first-level
summaries received mid-scale ratings between 3.8
to 4.1 on average, indicating reasonable but im-
perfect quality. Optimized summaries consistently
outperformed them, scoring 4.3 to 4.5 across all
dimensions. Gains were most notable in fluency
and readability, suggesting that the optimization
stage effectively improved grammatical correct-
ness, sentence naturalness, and ease of comprehen-
sion. Adequacy and coherence also showed consis-
tent improvements, highlighting the benefit of en-
tity preservation and redundancy reduction in the
final optimization phase.

Human Evaluation Results

= irst-Level
= Optimized

Fluency Adequacy Coherence Readabilty

Figure 3: Human evaluation scores across fluency, ad-
equacy, coherence, and readability

The Figure 4 (radar chart) visualizes the ratings
for fluency, coherence, content preservation, and
relevance across different models. The proposed
model outperforms all baseline models, especially
in content preservation and relevance, which are
critical for generating useful and informative sum-
maries.

Taken together, human and automatic evalu-
ations demonstrate that the proposed two-phase
framework yields consistent improvements over
both the baseline and first-level drafts. Human
judges valued the readability and fluency gains,
while automatic scores highlighted advances in se-

Human Evaluation (Fluency, Adequacy, Coherence, Readability)

—— Baseline (mT5)

Adequacy — firstLevel

Cohererjce Fluency

Readability

Figure 4: Radar chart of human evaluation scores (1-
5) for Fluency, Adequacy, Coherence, and Readabil-
ity across Baseline (mT5), First-Level, and Optimized
models

mantic alignment and lexical coverage. This dual
evidence supports the effectiveness of combining
entity-aware draft generation with LLM-based op-
timization for Bangla summarization.

4.4 Text Sample Comparison

To illustrate the qualitative impact of the proposed
framework, sample outputs from the three stages
of summarization are compared against the human-
written reference summary. The examples high-
light how the system evolved from the baseline
through the first-level summarizer to the final op-
timized summary. To better understand the be-
havior of each stage, a stratified sample of 50
summaries from the baseline, Phase 1 (mT5), and
the final optimized system was manually exam-
ined. Three recurring error types were observed:
(i) entity omissions or substitutions, where key ac-
tors (e.g., organizations or locations) are missing
or replaced by generic phrases; (ii) hallucinated
details, where numbers, dates, or causal explana-
tions not supported by the source article are in-
troduced; and (iii) over-compression, where sum-
maries become too short and drop essential back-
ground information. The second-phase optimiza-
tion, which combines entity-aware ranking with
mBART refinement, substantially reduces the first
two categories (especially for named entities such
as banks and cities) and slightly increases sum-
mary length, thereby mitigating over-compression
while preserving the main event described in the
article.

The experimental findings clearly demonstrate
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Type Text

Source Text “IENTH [P R PR (T Ag SRR
PR TS AT AR AT TR | 97 T FA
FEOI el fNTS S 17 (Bangladesh Bank has an-
nounced that the amount of loans in the agricultural
sector will be increased in the new fiscal year. As
a result, farmers will be able to take loans at low
interest rates.)
“Qfﬁ TS Y JrBICI AT FIF |” (Bangladesh
(Human) Bank will increase loans in the agricultural sector.)
First-Level ~ Sum-  “JIEICH JRF TGl WL FI TS oY NI |
mary (Bangladesh Bank will increase agricultural loans
in the new fiscal year.)
Optimized ~ Sum-  “JENCTI ARF FIFE Tlf P1F A A ABITAR
mary carmell Freaeg 17 (Bangladesh Bank has announced
an increase in agricultural loans for farmers.)

Reference Summary

Table 3: Example of text sample comparison across
phases

the effectiveness of the proposed two-phase opti-
mization framework. Starting from the baseline
model, which produced modest results, the incor-
poration of entity-aware embeddings and heuris-
tic ranking in the first-level summarizer delivered
measurable improvements in informativeness and
coherence. The final optimization stage, lever-
aging NER reinforcement, redundancy filtering,
and mBART rewriting, achieved the strongest per-
formance across both automated metrics and hu-
man evaluation, substantially surpassing the base-
line and intermediate systems. Automated results
confirm notable gains in ROUGE, BLEU, and
BERTScore, while human assessments highlight
significant improvements in fluency, adequacy, co-
herence, and readability. These outcomes vali-
date the central claim of this study: that integrat-
ing classical preprocessing, semantic embeddings,
and instruction-tuned LLM refinement produces
Bangla summaries that are not only concise and
fluent but also factually reliable and stylistically
aligned with human-written references.

5 Conclusion

5.1 Our Findings

The framework was evaluated on the Bengali Ab-
stractive News Summarization Dataset (BANS-
Data). Performance was assessed using ROUGE-
1, ROUGE-L, BLEU, and BERTScore, comple-
mented by human evaluation from three expert na-
tive Bangla linguists who rated fluency, adequacy,
coherence, and readability on a five-point Likert
scale.

The baseline model achieved ROUGE-1 0.30,
ROUGE-L 0.31, BLEU 0.30, and BERTScore
0.52, with mean human ratings around 3.8. In-
corporating entity-aware embeddings and a rank-

ing mechanism in the first-level summarizer im-
proved all metrics, especially BLEU (from 0.30
to 0.42) and BERTScore (from 0.52 to 0.55); hu-
man ratings increased to about 4.0. The Phase 2
optimized system, enhanced through NER-based
entity preservation and mBART-driven semantic
refinement, achieved ROUGE-1 0.54, ROUGE-L
0.36, BLEU 0.50, and BERTScore 0.88. Mean hu-
man evaluation scores exceeded 4.4 across all di-
mensions, confirming the framework’s effective-
ness in improving both lexical overlap and seman-
tic fidelity.

Taken together, the automatic metrics and hu-
man evaluations confirm that the proposed two-
phase framework substantially outperforms both
the baseline and intermediate systems. Im-
provements averaged around +0.20 for ROUGE-
1 and ROUGE-L, +0.20 for BLEU, and +0.36 for
BERTScore. Human evaluation scores increased
by approximately 0.6 points on the five-point Lik-
ert scale, reflecting consistent gains in fluency, ad-
equacy, coherence, and readability. These find-
ings validate the effectiveness of combining entity-
aware draft generation with LLM-based optimiza-
tion for producing high-quality Bangla abstractive
summaries that achieve stronger lexical overlap
and semantic fidelity.

5.2 Future Prospects

Further fine-tuning of mBART on domain-
specific Bangla corpora could help mitigate
trade-offs between brevity and semantic richness.
Incorporating real-time data sources such as
bangla.bdnews24.com may enhance adapt-
ability to evolving news content. Expanding
collaboration with a broader panel of linguists
could also refine evaluation criteria and improve
the balance between fluency and adequacy.

Limitations. The proposed framework is trained
and evaluated on BANSData news articles, which
may limit generalization to conversational or lit-
erary Bangla without domain adaptation. Never-
theless, the two-phase architecture itself is model-
and domain-agnostic and can be extended to other
Bangla genres (e.g., healthcare, education, social
media) given appropriate training data and do-
main adaptation. Although entity preservation mit-
igates factual drift, no external fact-checking mod-
ule is applied, and errors in Named Entity Recog-
nition could propagate. Human evaluation is con-
ducted with a small group of expert linguists us-
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ing Likert-scale ratings, which, despite reporting
inter-annotator agreement, remains inherently sub-
jective. Furthermore, optimization with large lan-
guage models increases computational cost, and
efficiency-oriented techniques such as quantiza-
tion or distillation are not yet explored.
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