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Abstract

Evaluating factual consistency is essen-
tial for reliable text summarization, par-
ticularly in high-stakes domains such as
healthcare and news. However, most ex-
isting evaluation metrics overlook Bangla,
a widely spoken yet under-resourced lan-
guage, and often depend on reference sum-
maries. We introduce BanglaSummEval,
a reference-free, question-answering-based
framework for evaluating factual consis-
tency in Bangla summarization. The pro-
posed method assesses both factual ac-
curacy and content coverage through au-
tomatically generated questions and an-
swers derived from the source document
and the summary. A single multilingual
instruction-tuned language model handles
question generation, question answering,
candidate answer extraction, and question
importance weighting. This unified de-
sign reduces system complexity and com-
putational cost. To capture semantic con-
sistency beyond surface-level overlap, we
use BERTScore-Recall for answer compar-
ison. We validate BanglaSummEval on
300 human-written summaries from educa-
tional and medical domains, demonstrat-
ing strong correlation with expert human
judgments (Pearson’s r = 0.694, Spear-
man’s p = 0.763). By providing in-
terpretable, step-wise diagnostics along-
side reliable evaluation scores, BanglaSum-
mEval offers a practical and transparent
solution for factual consistency evaluation
in low-resource language settings.

1 Introduction

The integration of Large Language Models
(LLMSs) into healthcare and other service sec-
tors is increasing rapidly. For example, there
is a growing use of LLMs for medical report

*These authors contributed equally to this work.

summarization (Zhang et al., 2025). Profes-
sionals often have to deal with large volumes of
data, where relevant information is frequently
buried under irrelevant statements. LLMs can
assist by summarizing reports and filtering
out important information (Khan et al., 2023).
Therefore, it is essential that LLM-generated
summaries retain important information while
remaining factually consistent with the source
text.

Consequently, an evaluation metric that
can precisely measure factual consistency be-
tween a source document and its summary
is crucial for comparing LLM performance
in terms of generating summaries. We ex-
plored several factual evaluation metrics and
found that QuestEval (Scialom et al., 2021)
provides a robust evaluation framework with-
out requiring human-annotated reference sum-
maries. QuestEval addresses key limitations
of traditional metrics through its reference-
free, question-answering-based approach, eval-
uating both factual consistency and content
relevance.

However, none of the existing evaluation
metrics support Bangla, the seventh most spo-
ken language in the world, with over 240 mil-
lion speakers. While traditional lexical over-
lap metrics such as ROUGE and BLEU are
widely used for summary evaluation, they are
fundamentally limited for factual consistency
assessment, as they rely on surface-level sim-
ilarity rather than semantic accuracy. These
limitations are particularly severe for morpho-
logically rich languages like Bangla, where
paraphrasing and flexible word order are com-
mon. A factual consistency evaluation metric
for Bangla would facilitate the development
of more effective Bangla summarization mod-
els. In this paper, we present BanglaSummEval,
an adaptation of the QuestEval framework for
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Bangla. Beyond providing Bangla language
support, our adaptation improves the trans-
parency of LLM evaluation by enabling step-
wise analysis of the evaluation process. This
allows researchers to explicitly identify where
LLMs fail and pinpoint instances of factual in-
consistency or hallucination. Such diagnostic
capability facilitates targeted model improve-
ments rather than treating factual evaluation
as an end-to-end score. Our major contribu-
tions are as follows:

1. We introduce BanglaSummEval, the first
factual consistency evaluation metric that
supports Bangla.

2. We evaluate BanglaSummEval, demon-
strating its strong correlation with human
judgments on factual consistency.

3. We enhance the transparency of LLM-
based evaluation by incorporating step-
wise analysis and explicit error localiza-
tion.This enables precise identification of
factual failure points.

Figure 1 illustrates the architecture of
BanglaSummEval.

2 Related Work

Domains like healthcare, education, news are
highly sensitive to factual errors, where relia-
bility is the priority. Some of the key influ-
ential metrics currently available for such crit-
ical evaluation are QAGS (Tam et al., 2023),
SummaC (Laban et al., 2022), FactScore (Min
et al., 2023), QuestEval (Scialom et al., 2021)
, QAFactEval (Fabbri et al., 2022) which il-
lustrate the core approaches currently in this
field.

QuestEval is an advanced metric that eval-
uates factuality in summaries and text genera-
tion by generating and answering questions us-
ing both the generated output and the source.
Unlike many metrics, QuestEval does not need
gold-reference annotations and assesses both
recall and precision by generating questions
from each side. It delivers robust correla-
tion with human assessments and facilitates
explainable diagnostics, highlighting gaps in
specific information coverage.

SummaC decomposes a machine-generated
summary into individual factual claims or sen-
tences, then formulates the natural language

inference (NLI) (Bowman et al., 2015) model
to predict if the source supports, refutes, or
is neutral towards each claim. FactScore ex-
tracts atomic factual statements from gener-
ated outputs and validates them against the
source using retrieval and inference. QAFactE-
val is a question-answering-centric metric
which creates a large pool of QA pairs derived
from the candidate text and answers them
using the source, then compares the answers
with reference-ground-truth answers or using
confidence scores.

None of the aforementioned highly cited
have out-of-the-box support for
Bangla. In fact there are no established factual
consistency metrics designed specifically for
Bangla, nor major open-source tools or bench-
marks tailored to this language. This lack of
coverage presents a significant research oppor-
tunity considering the growing use of LLMs
and the distinct linguistic characteristics in
Bangla.

Our proposed metric BanglaSummEval
works to fill this gap using an approach
similar to QuestEval (QA- based and
referenceless).  Prior studies have shown
QuestEval’s superior correlation with human
judgment in factual consistency assessments
compared to metrics like BERTScore and
ROUGE. Thus our metric does not require
human-written reference summaries or labels,
making it more scalable for low-resource lan-
guages like Bangla. It produces interpretable,
question-based outputs, facilitating deeper
analysis of model errors.

metrics

3 Methodology

In this section, we describe our adaptation
of the QuestEval framework for evaluating
Bangla summarization. While we retain the
core mathematical formulation of precision
and recall defined in QuestEval, our method,
BanglaSummEval (see Figure 1), introduces
a unified model architecture with model spe-
cific answer confidence calculation and seman-
tic scoring to suit low-resource Bangla eval-
uation.Though we largely retain the archi-
tecture and core pipeline of QuestEval, our
major contributions lie in the extensions re-
quired to make the framework effective and
reliable for Bangla.This includes identifying
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Figure 1: Overview of the proposed BanglaSummEval architecture.

pre-trained and fine-tuned models suitable for
this architecture in Bangla and evaluating
their performance using task-specific datasets.
BanglaSummEval, instantiates four key com-
ponents: question answering (QA), question
generation (QG), candidate answer extraction
(NER) and the query weighter. It uses a single
unified large language model (LLM). This uni-
fied approach reduces deployment complexity
and computational overhead.

3.1 Unified Model Architecture

We employ a 4-bit quantized version of the
Qwen3-14B-Instruct model (Yang et al., 2025)
provided by Unsloth named Qwen3-14B-bnb-
4bit as the backbone for all four components
(QA, QG, NER and query weighter).

For selecting the best backbone, a sys-
tematic benchmarking was conducted on the
four large language models: BanglaT5, mT5-
Base, Qwen3-8B-bnb-4bit, and Qwen3-14B-
bnb-4bit. These models have been evalu-
ated on the BanglaRQA (Ekram et al., 2022)
corpus. We evaluated each model’s ques-
tion answering (QA) and question generation
(QG) capabilities using 150 passages from the
dataset. For QA evaluation, we prompted
each model to answer two ground-truth ques-
tions per passage and measured answer simi-
larity using BERTScore (Precision/Recall/F1)
and semantic similarity. For QG evaluation,

Semantic similarity BERT-P BERT-R BERT-F1
BanglaT5
QA 0.55 0.55 0.65 0.59
QG 0.61 0.61 0.68 0.64
mT5-Base
QA 0.59 0.59 0.64 0.61
QG 0.61 0.61 0.64 0.62
Qwen3-8B-bnb-4bit
QA 0.62 0.62 0.73 0.67
QG 0.75 0.75 0.79 0.77
Qwen3-14B-bnb-4bit
QA 0.63 0.63 0.72 0.67
QG 0.76 0.76 0.82 0.79

Table 1: Evaluation Metrics Comparison for
BanglaT5, mT5-Base, Qwen3-8B-bnb-4bit, and
Qwen3-14B-bnb-4bit on QA and QG Tasks
(BanglaRQA Dataset)

we prompted each model to generate two ques-
tions per passage and compared the generated
questions against ground-truth questions us-
ing the same metrics. This yielded 300 QA
pairs and 300 QG pairs for comprehensive as-
sessment of both capabilities.

As shown in Table 1, the model with
the best performance for all evaluation met-
rics (BERTScore-F1: 0.67 QA, 0.79 QG)
was Qwen3-14B-bnb-4bit. Qwen3-8B-bnb-
4bit was a close competitor to Qwen3-14B-
bnb-4bit, and the performance of BanglaT5h
and mTh was quite low which makes the ef-
fectiveness of instruction tuning in multiple

597



languages highly evident. Qwen3-14B-bnb-
4bit was therefore chosen based on excellent
multi-lingual ability in low-resource environ-
ments, the ability to follow the Bangla instruc-
tion set and resource efficiency. Through our
single model paradigm based on task-specific
statements shown in Appendix A.l, it is en-
sured that our entire evaluation framework
is lightweight and can be executed on a low-
resource environment such as a free tier cloud
GPU environment (Kaggle/Colab).

3.2 Candidate Answer Extraction

Reference-less evaluation requires extracting
information or facts from the text to serve as
ground-truth answers for generating questions.
Following previous work (Wang et al., 2020),
we focus on named entities and nouns as can-
didate answers.

Large language models have been shown to
perform comparably to supervised baselines
on NER tasks, with particularly strong per-
formance in low-resource settings (Dai et al.,
2023), and Qwen3’s extensive multilingual pre-
training across 119 languages (Yang et al.,
2025) makes it well-suited for Bengali named
entity extraction. Thus, to keep our frame-
work light, we reused Qwen3-14B-bnb-4bit as
a Bangla named entity and noun extractor us-
ing specific prompts (Appendix A.1.3) , which
aligns with our unified model approach and
removes the necessity of using any external
NER models which would consume additional
resources in an already resource constrained
setup.

The NER component takes a context C and
produces a set of unique candidate answers
G(C), consisting of named entities and nouns
present in C.

3.3 Constructing Answer-Conditioned
Question Sets

Both precision and recall metrics in our frame-
work rely on a set of high-quality question-
answer pairs derived from a source text. For a
given context C' (either the source document
D or the summary S), we construct a filtered
set of pairs P(C) through a similarity based
filtering process. First, for each candidate an-
swer r € G(C), we generate a corresponding

question ¢ using the QG prompt:
q=QG(C,r) (1)

To ensure the generated question is valid
and answerable we feed the generated question
q back into the QA component with context
C' to obtain a predicted answer a = QA(C, q).
The pair (g,r) is accepted if and only if the
semantic similarity between the predicted an-
swer a and the original candidate r is equal to
or greater than a threshold 7 (see Appendix
A3):

(qg,r) € P(C) < sim(a,r) > 7 (2)

where sim(-, -) is a semantic similarity func-
tion described below.

3.4 Semantic Similarity Metric

Unlike the original QuestEval, which uses
token-level F1 score for answer comparison,
we employ BERTScore Recall (Zhang et al.,
2020) to capture semantic similarity in Bangla.
Semantic similarity is used only for compari-
son between ground truths and answer gener-
ated on questions asked since document-level
similarity metrics are fundamentally limited
for factuality evaluation. As Ye et al. ob-
serve, “similarity-based metrics are insufficient
for precisely detecting factual errors, because
high similarity cannot guarantee factual con-
sistency” (Ye et al., 2024). By decompos-
ing evaluation into atomic QA pairs, we over-
come this limitation by isolating specific fac-
tual claims for targeted comparison.
The similarity function is defined as:

sim(z,y) = BERTScoreg(y, x) (3)

where z is the reference answer and y is the
candidate answer.

For the document-level summary evalua-
tion, the traditional similarity metrics such
as ROUGE or BLEU underperform since
they are based on surface-level lexical over-
lap, which cannot effectively handle the mor-
phological richness of the Bangla language or
paraphrasing. Contrastively, BERTScore is
appropriate for answer-level comparison in our
QA framework. The key distinction lies in
granularity: our decomposition into atomic
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Metric Pearson_r Pearson_p MAE RMSE
Semantic Metrics

BERTScore-Recall 0.673 6.12E-41 29.317  43.194
BERTScore-F1 0.624 1.02E-33 29.896  42.975
Cosine Similarity 0.592 1.04E-29 26.511 33.845
Lezical Metrics

chrF 0.666 8.88E-40 27.273  37.215
Token-F1 0.496 4.61E-20 41.343 55.217
BLEU 0.249 1.30E-05 60.761  72.391
Exact Match 0.296 1.91E-07 54.433  69.831
Character-level Metrics

CER Similarity 0.470 7.43E-18 39.744  54.495
WER Similarity 0.366 5.69E-11 50.266  65.489

Table 2: Correlation of automatic metrics with hu-
man judgments on Bangla.

QA pairs transforms the problem from holis-
tic document similarity to targeted verifica-
tion of individual factual claims. For answer-
level comparison, the answer is typically a
short entity mention or noun phrase, for which
BERTScore’s semantic embeddings excel at
capturing meaning despite morphological vari-
ation between different expressions of the same
fact. Unlike document-level metrics that con-
flate multiple quality dimensions, answer-level
BERTScore focuses exclusively on the seman-
tic equivalence of specific facts, which directly
addresses factual consistency verification. By
utilizing contextualized embeddings from mul-
tilingual models such as XLM-RoBERTa-base
(Conneau et al., 2019), BERTScore-Recall can
robustly capture semantic meaning across lex-
ically different but factually equivalent expres-
sions, making it highly suitable for factual ver-
ification in our decomposed abstractive sum-
marization evaluation framework.

To empirically validate this choice, we
benchmarked lexical, semantic, and hybrid
metrics against human-annotated scores using
300 stratified samples from the BanglaRQA
dataset (Ekram et al., 2022). Answers were
generated using TigerLLM-1B-it (Raihan and
Zampieri, 2025) and evaluated by human an-
notators (the annotation guideline is provided
in Appendix C), each with over 14 years of ex-
perience in the Bangla language. Annotators
rated factual accuracy on a continuous scale
from 0.0 to 1.0. Correlation with human judg-
ments was measured using Pearson’s correla-
tion coefficient (r) and Spearman’s rank corre-
lation coefficient (p), along with MAE, RMSE,
and L2-norm deviation.

As shown in Table 2, semantic metrics ex-

hibit stronger correlation with human judg-
ments than lexical and character-level alter-
natives. BERTScore-Recall, computed us-
ing XLM-RoBERTa-base, achieves the highest
Pearson correlation (r = 0.673) and the low-
est p-value, indicating a strong and statisti-
cally significant alignment with human judg-
ments. This is followed by BERTScore-F1
(r = 0.624) and cosine similarity (r = 0.592),
both showing moderate-to-strong correlations.
These results confirm that semantic similar-
ity metrics are more robust for evaluating fac-
tual consistency in Bangla, as they capture
meaning beyond surface-level lexical overlap.
Consequently, we select BERTScore-Recall for
BanglaSummEval, as it enables accurate com-
parison even when answers are phrased differ-
ently but convey equivalent meaning.

3.5 Precision: Verification against
Source

Precision measures the extent to which infor-
mation in the summary S is supported by the
source document D. We first generate the
set of self-validated question-answer pairs from
the summary, P(S). We then attempt to an-
swer these questions using the source docu-
ment D as context. The precision score is cal-
culated as the average semantic similarity be-
tween the summary-derived answers and the
source-derived answers:

1
Prec(D, S) =

(4)

A high precision score indicates that the
claims made in the summary (represented by
) are consistent with the information retriev-
able from the source document.

3.6 Recall: Coverage of Important
Information

Recall measures how much of the key infor-
mation from the source document D is pre-
served in the summary S. We generate the
set of question-answer pairs from the source,
P(D). Following QuestEval, instead of strictly
comparing answer strings, we measure the an-
swerability of each source question given the
summary. We define an answerability score
Ans(S,q) based on the model’s confidence
in generating an answer versus producing an
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Table 3: Example evaluation samples from BanglaSummEval (see Appendix B for English translation)

unanswerable token. Let a be the answer gen-
erated by the model for question ¢ given sum-
mary S, and let € be a representative unan-
swerable string (e.g., “unanswerable”). We
compute the length-normalized log-probability
for a sequence y as:

|yl

() = 7Y logPly | S.q.0<)  (5)
lyl =

The answerability score is then defined as the
normalized probability of the candidate an-
swer relative to the unanswerable candidate:

exp(£(a)) (6)
exp((a)) + exp(£(e))
To account for the relative importance of dif-
ferent facts, we employ a query weighting
function W(q, D) € [0,1], which predicts the
importance of a question ¢ given the source
D (more details in the next section). The
weighted recall is computed as:

Z(q,r)G'P(D) W((L D) ’ AHS(S, Q)
> (gmyerp) Wig, D)

Ans(S,q) =

Rec(D, S) =

(7)
3.7 Query Weighter: Importance
Weighted Evaluation

The NER module, responsible for generating
candidate answers, extracts named entities

and nouns but not all of these named enti-
ties carry important facts about the source
D. Thus, questions generated from them do
not contribute equally to the factual evalua-
tion of a summary. Some questions capture
central facts or entities critical to the docu-
ment’s meaning (e.g., “Who performed the ac-
tion?” or “What was the main outcome?”),
while others correspond to peripheral details.
To account for this variance in informational
importance, we used a query weighter compo-
nent. The predicted query weights are used to
compute the weighted recall score in Eq. 7.

The weighting mechanism is implemented
using the same unified Qwen3-14B-bnb-4bit
model through a lightweight scoring prompt
(see Appendix A.1.4). This model was selected
based on preliminary human evaluation, which
demonstrated its ability to produce reliable
and consistent weighting judgments. Reusing
the same model across components also helps
keep the overall framework lightweight and
avoids introducing additional model dependen-
cies.

Given a question and its source context, the
model is asked to numerically rate the ques-
tion’s importance on a continuous scale from
0.0 (trivial or irrelevant) to 1.0 (highly central).
The prompt explicitly distinguishes between
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high-importance questions which contain core
entities, events, or relationships as well as low-
importance ones related to minor or absent de-
tails. The final recall computation therefore
becomes a weighted aggregation where each
question contributes proportionally to its esti-
mated informativeness. This ensures that fac-
tual consistency evaluation remains sensitive
to the relative importance of information units
rather than treating all factual elements uni-
formly.

3.8 Final Metric

The final BanglaSummEval score is the har-
monic mean of the precision and recall scores,
providing a balanced measure of factual con-
sistency and important content coverage:

2 - Prec(D, S) - Rec(D, S)

Score(D, 8) = 512D 8) + Ree(D, 5)

4 Results Analysis
4.1 Computational Efficiency

We evaluate BanglaSummEval’s computa-
tional cost on a single NVIDIA T4 GPU
(16GB VRAM) available on Kaggle’s or
Google Colab’s free tier. Table 4 reports av-
erage execution times and memory (VRAM)
usage across different document lengths.

Document Length Time (Min) Memory (GB) QA Pairs

Short (~10 entities) 10 12.7 8-12
Medium (~20 entities) 25 12.7 16-22
Long (~30+ entities) 55 12.7 28-35

Table 4: Execution time and memory usage for
BanglaSummEval on varying document lengths.

The evaluation pipeline processes an aver-
age document-summary pair in approximately
25 minutes, with linear scaling based on the
number of extracted entities. The 4-bit quan-
tization keeps peak memory (VRAM) under
13GB, enabling deployment on free-tier cloud
GPUs.

4.2 Correlation Analysis

We validated BanglaSummEval against ex-
pert annotations on randomly sampled a to-
tal of 300 source-summary pairs both from
NCTB dataset (Chowdhury et al., 2021) and
BanglaCHQ-Summ (Khan et al., 2023) (see
Table 3).

To ensure our evaluation is not

biased toward Qwen3-generated content, we
deliberately selected summaries from diverse
the NCTB dataset,
written by professional human writers and
edited for curriculum relevance, and from
BanglaCHQ-Summ, which were created by six
medical informatics experts (four experts in
medical informatics and two experts in both
medical informatics and medicine) following
standardized annotation guidelines. All 300
summaries in our evaluation set are human-
written which eliminates any potential eval-
uator bias that could arise from preferential
scoring of Qwen3-generated content. Three
native Bangla speakers with 14+ years of ex-
perience rated each summary’s factual con-
sistency on a 0-1 scale. Table 5 shows
strong correlation across all metrics. Pear-
son’s r, which measures linear relationship
between BanglaSummEval scores and human
judgements shows a value of 0.694, indicating
a moderately strong positive correlation be-
tween human judgement and our framework
whilst the extremely low p-value (3.84 x 10~11)
confirms that the correlation is highly statisti-
cally significant.

Spearman’s p which measures the mono-
tonic relationship using rank-based correla-
tion shows a value of 0.763, suggesting that
BanglaSummEval ranks summaries in a very
similar order to human evaluations with the p-
value showing extreme statistical significance.
Kendall’s 7 value of 0.644 also indicates strong
agreement between our framework and human
judgement. The coefficient of determination
R? of 0.481 indicates that BanglaSummEval
scores explain 48.1% of the variance in hu-
man judgments. While not perfect, owing
to the fact that human judgments inherently
contain subjective variations this evaluation
score is a reasonable fit. Mean Absolute Er-
ror (MAE) of 0.020 indicates that on average,
BanglaSummEval scores deviate by only 2 per-
centage points from human scores, suggesting
high practical accuracy in score prediction.

Since no prior factual consistency evalua-
tion metric specifically designed or adapted
for the Bangla language exists in the liter-
ature, we could not perform direct compar-
isons with equivalent baselines. This positions
BanglaSummEval as the first such metric for
Bangla summarization, and the reported cor-

sources: which were
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Metric Value p-value
Pearson’s r 0.694 3.84 x 107
Spearman’s p  0.763  2.54 x 10~
Kendall's 7 0.644 9.04 x 107"
R? 0.481 —
MAE 0.020 —
Table 5: Correlation  analysis  between
BanglaSummEval F1 scores and human judg-

ments (n=300).

relations with human judgments serve as the
primary benchmark for its effectiveness in this
low-resource setting.

While BanglaSummEval does not claim to
fundamentally improve LLM hallucination de-
tection rates compared to end-to-end evalua-
tion approaches, it provides a critical advan-
tage by removing the black-box abstraction
inherent in holistic metrics. By decompos-
ing the evaluation process into interpretable
steps such as question and answer generation,
semantic matching, and question importance
weighting, our framework enables researchers
to identify exactly where and why an LLM
fails to detect factual inconsistencies. This
step-by-step breakdown facilitates targeted di-
agnosis of model weaknesses, whether in entity
recognition, question formulation, or answer
generation, thereby supporting more informed
model development and refinement.

These results validate BanglaSummEval as
an effective automated proxy for human eval-
uation in Bangla summarization, particularly
for applications requiring transparent, inter-
pretable quality assessment.

5 Implications for Low-Resource
NLP Research

This study advances linguistic fairness by en-
abling factual consistency evaluation for an un-
derrepresented language. The reference-free
nature of the proposed framework removes re-
liance on human-annotated summaries, facili-
tating faster and lower-cost evaluation. In ad-
dition, the framework provides diagnostic in-
sights into LLM behavior, allowing researchers
to identify specific failure modes in Bangla,
such as hallucinations and stages where mod-
els struggle to preserve factual information.
Despite these advantages, instruction-tuned

models such as Qwen3-14B-bnb-4bit may still
inherit biases originating from high-resource
training data. Future work should therefore
investigate bias mitigation strategies, includ-
ing adversarial evaluation and systematic feed-
back from native Bangla speakers.

6 Conclusion

This paper introduced BanglaSummEval, a
reference-free framework for evaluating factual
consistency in Bangla summarization. The
method combines question generation, ques-
tion answering, semantic comparison, and im-
portance weighting within a single multilin-
gual instruction-tuned language model. This
design enables interpretable evaluation with-
out relying on gold-standard reference sum-
maries. Experiments on multiple Bangla sum-
marization datasets show strong correlation
with expert human judgments. These results
validate BanglaSummEval as a reliable auto-
mated proxy for factual consistency assess-
ment.

Beyond overall scores, BanglaSummEval
provides step-wise diagnostic signals. These
signals help identify where factual inconsisten-
cies occur. This supports more targeted anal-
ysis of model behavior. By addressing the
lack of evaluation tools for Bangla, this work
contributes to more reliable evaluation in low-
resource language settings. Future work will
explore domain-specific adaptation, improved
semantic encoders, and extensions to other un-
derrepresented languages.

Limitations

There are several practical constraints that in-
fluenced our framework’s design as well its per-
formance. First, we relied on lightweight mod-
els due to limited computational resources,
ensuring compatibility with freely available
GPUs on platforms such as Google Colab
and Kaggle. To minimize memory require-
ments, we used a single shared model instance
(Qwen3-14B-bnb-4bit) for multiple compo-
nents, e.g. question generation, question an-
swering, and entity extraction, rather than
deploying separate specialized models. To
further reduce memory usage and enable de-
ployment on limited VRAM environments, we
adopted 4-bit quantization, which can lead to
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minor degradation in model precision.

Second, for semantic similarity scoring, we
employed BERTScore using XLM-RoBERTa-
base, which, while efficient, may not fully cap-
ture subtle semantic nuances in Bangla com-
pared to larger encoders.

Lastly, the overall scoring performance
is not substantially stronger than directly
prompting a general-purpose LLM to assess
summary quality. Our unified architecture,
while computationally efficient, introduces the
risk of self-reinforcing evaluation loops. Since
the same model performs extraction, question
generation, answering, and weighting, system-
atic misunderstandings of the source text may
propagate through all pipeline stages, result-
ing in internally consistent but factually in-
The model may prefer-
entially generate questions that it can confi-
dently answer, potentially missing more dis-
criminative questions that would better test
factual consistency.

This limitation largely reflects the restricted
ability of existing LLMs to understand and
generate Bangla, rather than shortcomings of
the framework itself. As more capable Bangla-
oriented or multilingual models become avail-
able, the framework can be readily adapted
without architectural modification.

These trade-offs were necessary to preserve
accessibility and scalability for researchers
working in low-resource settings. However, fu-
ture versions of the framework could investi-
gate mixed-precision or low-rank adaptation
techniques, as well as multi-model approaches
to address circular bias and better balance ef-
ficiency with performance.

While BanglaSummEval effectively detects
entity errors (incorrect names, numbers,
dates), it has inherent limitations in captur-
ing complex relational errors. QuestEval, the
framework we adapted, like most QA-based
approaches is optimized for atomic fact ex-
traction and comparison. Sophisticated rela-
tional errors such as complex causal chains,
implicit role reversals, or multi-hop tempo-
ral dependencies may be missed if the NER
and QG components do not explicitly identify
these relationships as important facts. Future
work could enhance relational error detection
through explicit relation extraction modules or
knowledge graph-based approaches.

correct evaluations.
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A Implementation Details

A.1 System Prompts for Unified
Model Components

We present the exact prompts used to in-
stantiate the QA, QG, and NER compo-
nents from the single Qwen3-14B-bnb-4bit
backbone model. All prompts are format-
ted using the Qwen3 chat template with
enable_thinking=False to disable internal
reasoning tokens.

A.1.1 Question Answering (QA)
Prompt

The QA component is prompted to generate
a short, factual answer (1-2 words) given a
context and question in Bangla.

QA System Prompt

System:
2% Q3 ATRT ST fefe FF Ted e
BN A Teq e (93 1 93 =) |

User:
9% {context}
&9 {question}

English Translation:

e System: Answer the question based on
the context and question. Provide only
a short answer (one or two words).

o User: Context: {context}
Question: {question}

A.1.2 Question Generation (QG)
Prompt

The QG component generates a short, contex-
tually grounded question conditioned on a pro-
vided answer span.
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QG System Prompt

System:
% e TEEd O fofs @ @ e-
e o tofq e |

2¥f5 @I 20e 2@ @ L feretT F 41 20,
TEY 7 ane Ted 27 |

User:
a9 {context}
Ted: {answer}

English Translation:

o System: Generate a short question based
on the context and answer. The question
must be such that when asked in the con-
text, the response is the provided answer.

o User: Context: {context}
Answer: {answer}

A.1.3 Named Entity and Noun
Extraction (NER) Prompt

The NER component extracts named entities
and nouns from Bangla text and returns them
as a comma-separated list.

NER System Prompt

System:

A @3B ToTe T qE S qWE Ay
(AT TIPS TGl @2 eIy fgie w7 9=
el «afh epefre sifem 2@ awiw
6, I A AT (VT TS & @
RO et Tad 99 AT (73) |
(P Gfefe I RTR AL ST ATH-
b e e |

User:

&% {context}

English Translation:

e System: You are a model that extracts
named entities and nouns from texts pro-
vided in Bangla and provides them as an
unnumbered list, separated by commas
(no need to mention the total number of
named entities and nouns). Return the
output in Bangla language without any
additional explanations.

o User: Context: {context}

A.1.4 Question Weighting
(Importance Scorer) Prompt

The question weighter component scores each
question’s importance for a given source docu-
ment on a scale from 0.0 to 1.0.

Question Weighter Prompt

System:

O GG A FHIARIE | 2WS 2Pt g3
oy e 9, 2N Fob! e o -
ORI A
gl e (T CFR):

0 W1 o T faeeri @ (6, ),
49, (F1AR)

0 2PTed (e s Tt

0 a4« e, B, 961 T4
g e (TN F):

0 g5 f@ae o

0 2% SEe (72 ¥ Ry s7ofc

0 S o2

B GHB F2 (0.0 (A 1.0) M Tex
TS | (I g |

User:

&% {context}
2 {question}
&g (FE (0.0-1.0):

English Translation:

e System: You are a question evaluator.
Considering the given context and ques-
tion, evaluate how important the question
is.

Important Questions (High Score):

— Asks about key information (who,
what, when, where)

— About the central theme of the con-
text

— About main persons, places, events
Unimportant Questions (Low Score):

— About trivial details

— About topics not mentioned in con-
text
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— Irrelevant information

Answer with only a number (0.0 to 1.0).
No explanation.

o User: Context: {context}
Question: {question}
Importance Score (0.0-1.0):

A.2 Hyperparameters

Table 6: Generation hyperparameters for all model
components.

Parameter QA / QG / NER ‘Weighter
Model Qwen3-14B-bnb-4bit
Temperature 0.0 0.0
Sampling Greedy Greedy
Max New Tokens 256 (QA), 150 (QG), 512 (NER) 10
Repetition Penalty 1.1 1.0
Max Sequence Length 2048 2048

A.3 Filtering Threshold

We set the semantic similarity threshold 7 =
0.60 for filtering question-answer pairs dur-
ing the construction of P(C'). This threshold
was chosen empirically to balance precision (re-
moving ill-formed QA pairs) and recall (retain-
ing valid pairs with paraphrased answers).

A.4 BERTScore Configuration

We use the bert-score Python library with
the following configuration:

e Model: xlm-roberta-base (multilin-
gual)

o Language code: bn (Bengali)
o Metric: Recall component only (R)
o Device: CUDA (GPU) when available
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B English Translated Result Table

Source (English) Summary (English) HSI::rOI;%;n BanglaSummEval
I did not find joy in seeing a Outer beauty is not important; 0.73 0.76
beautiful face. In character, the inner character is the true

person is not beautiful; even if measure. People with bad

visually attractive, people hate character can still be outwardly

their behavior, touch, and attractive. Even those with bad

manners. Ill-tempered people hurt character appreciate those with

others’ hearts. One does not feel good character. Hence, one must

satisfaction from their handsome strive and work hard to cultivate

face. Naive people get dazzled by good character.

appearances and suffer

consequences. Those with bad

character also despise misdeeds

and lies. Even if a person is not

naturally good-looking, they love

virtuous character. Building good

character requires hard work and

practice.

Since 10.09.19 I have had dengue From 10.09.19 I have had dengue 0.77 0.77

fever, today makes 10 days. NS1
is positive. Platelets were
decreasing, but for the last 3 days
they are increasing. Today’s
report shows 150,000. My body is
somewhat weak. There is no other
major problem. When will I know
my dengue is cured?

fever. Today is day 10. NS1 is
positive. Previously, platelets
were decreasing; in the last 3 days
they have increased. Latest report
shows 150,000. My body feels
somewhat weak.

Table 7: English translation of example evaluation samples.
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C Human Evaluation Guidelines for
Factual Consistency

Objective

Annotators evaluate whether generated sum-
maries are factually consistent with source doc-
uments by identifying hallucinations, contra-
dictions and unsupported claims on a 0.0-1.0
scale.

Core Question

“Does the source document explicitly state or
strongly imply this information?”

Scoring Rubric

Level
Perfect

Score
0.8-1.0

Description

All information fully sup-
ported; mno hallucinations,
contradictions, or mislead-
ing inferences

Main facts correct; minor in-
accuracies or subtle unsup-
ported details that do not al-
ter meaning

Equal mix of supported and
unsupported claims; approx-
imately half hallucinated or
contradictory

Mostly unsupported or con-
tradictory; invented details,
quotes, or events

0.5-0.8 Good

0.2 -0.5 | Mixed

Poor

Evaluation Procedure

1. Read the source document carefully
to identify core facts, entities (names,
dates, places), and narrative.

2. Analyze the summary sentence-by-
sentence rather than holistically.

3. Verify each claim against the source:

¢ Found in source — Correct
¢ Not found in source — Hallucination
penalty

¢ Differs from source — Contradiction
penalty

4. Detect entity errors (incorrect names,
numbers, dates, or relationships between
entities).

5. Assign score based on proportion of ac-
curate vs. inaccurate claims.

Error Categories and Penalties

Intrinsic Hallucination: Direct contradic-
tion (e.g., “black” vs. “white”) — Heavy
penalty

Extrinsic Hallucination: Unsupported ad-
ditions (e.g., adding reasons not in source)
— Moderate-heavy penalty

Entity Error: Incorrect names, numbers, or
dates — Moderate penalty

Relation Error: Wrong relationships be-
tween entities — Heavy penalty

Special Cases

e Simplification vs. Distortion: Correct
simplification of complex ideas scores 1.0;
oversimplification that changes meaning
scores 0.9.

e Omissions: Missing information affects
recall, not consistency; only penalize if
omission makes remaining information
misleading.
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