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Abstract. Abstractive summarization remains challenging across lan-
guages, where linguistic quality and factual consistency may diverge,
particularly in low-resource settings. We present a standardized zero-shot
benchmark of eight closed-source and open-weight LLMs on size-matched
English and Bengali XL-Sum test sets. Our evaluation combines lexical
and semantic metrics with reference-free factuality verification and mul-
tidimensional LLM-as-a-Judge assessment, providing a comprehensive
analysis of both surface-level quality and factual reliability in multilin-
gual summarization. Results reveal substantial cross-lingual variation:
GPT-5.6 Luna leads several English lexical metrics but does not main-
tain the same advantage in Bengali, where LLaMA 3.3 70B achieves the
highest ROUGE and BLEU scores. Gemini 2.5 Flash obtains the highest
observed Bengali factuality score. Furthermore, evaluation methods pro-
duce different model rankings, highlighting the limitations of relying on a
single metric for multilingual summarization assessment. These findings
demonstrate that strong English summarization performance does not
necessarily transfer to Bengali and emphasize the need for comprehen-
sive evaluation frameworks for low-resource languages.

Keywords: Large Language Models - Abstractive Summarization - Mul-
tilingual Evaluation - Low-Resource Languages - Factual Consistency.

1 Introduction

Abstractive news summarization aims to turn long news articles into short sum-
maries while preserving important facts and meaning [9]. Recent advances in
Transformer-based sequence-to-sequence models have substantially improved ab-
stractive summarization. Models such as BART and PEGASUS demonstrated
strong performance on abstractive text generation and summarization tasks
[10420]. Modern closed-source and open-weight models have also demonstrated
strong zero-shot summarization capabilities, reducing the need for task-specific
training.

However, recent literature highlights important limitations in LLM-based
summarization, particularly for low-resource languages. Benchmark performance
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remains heavily concentrated on high-resource languages, predominantly En-
glish, while languages such as Bengali may be affected by tokenization inefficien-
cies, weaker linguistic representation, and reduced semantic coverage [I7I2/14].
At the same time, evaluating abstractive summaries remains challenging be-
cause widely used lexical metrics such as BLEU and ROUGE primarily measure
surface-level n-gram overlap and may penalize valid paraphrases. More impor-
tantly, these metrics do not reliably capture factual inconsistencies or hallu-
cinated information, which can substantially affect the reliability of generated
summaries [6].

To address these challenges, this paper presents a cross-lingual empirical eval-
uation of eight closed-source and open-weight LLMs on the English and Bengali
XL-Sum benchmark [9]. The study combines automatic evaluation metrics, fac-
tuality assessment, and LLM-as-a-Judge evaluation to examine summarization
quality across both languages. The main contributions of this work are:

(i) We establish a standardized zero-shot benchmark for evaluating eight con-
temporary LLMs on English and Bengali abstractive summarization.
(ii) We provide a multi-dimensional evaluation framework combining automatic
metrics, factuality assessment, and LLM-based qualitative evaluation.
(iii) We analyze cross-lingual differences in model performance to determine how
reliably English summarization performance transfers to Bengali.

2 Related Work

2.1 LLMs in Summarization

Instruction-tuned LLMs have shown strong zero-shot summarization capabilities
without task-specific fine-tuning. Goyal et al. [7] reported that human evalua-
tors strongly preferred GPT-3-generated summaries over those produced by fine-
tuned summarization models, while later work showed that summaries generated
by state-of-the-art LLMs can achieve quality comparable to those written by free-
lance writers [22]. However, most of this progress has been demonstrated primar-
ily in English. Bengali summarization remains comparatively under-resourced,
although multilingual datasets and benchmarks such as XL-Sum and BanglaNLG
have provided important resources for developing and evaluating Bengali text
generation systems [93].

2.2 Automatic Evaluation

Automatic summarization evaluation commonly relies on lexical overlap metrics
such as ROUGE [11], BLEU [13], and chrF [15], while BERTScore [21] provides a
semantic similarity-based alternative. However, such metrics do not reliably cap-
ture factual consistency and may correlate only weakly with human judgments of
summary quality [BJ12]. To address this limitation, QA-based evaluation meth-
ods such as QuestEval [I8] and QAFactEval [4] assess whether information in a
generated summary is supported by the source document. BanglaSummEval [16]
extends this approach to Bengali using a reference-free QG/QA framework, mak-
ing it suitable for factuality evaluation in Bengali summarization.



2.3 LLM-as-a-Judge for Evaluation

LLM-as-a-Judge has recently emerged as a scalable approach for evaluating
model-generated outputs across different tasks, including medical question an-
swering [I]. It uses capable LLMs to assess responses based on predefined criteria
and provides a flexible alternative to expensive human evaluation. Prior studies
have shown that LLM judges can achieve strong agreement with human prefer-
ences [23]. However, LLM-based evaluation may suffer from self-preference, bias,
and calibration issues [8], leading to proposals for more diverse judge panels [19].
Since most existing validation focuses on English, the reliability of LLM judges
for low-resource languages such as Bengali remains less explored.

3 Methodology

3.1 Dataset

We utilize the XL-Sum dataset [9], a large-scale multilingual abstractive sum-
marization corpus derived from BBC news articles across 44 languages. The
dataset provides document-summary pairs with professionally written reference
summaries. For cross-lingual evaluation, we use the complete Bengali test split
and randomly sample 1,012 examples from the English test partition using a
fixed seed (random_state=42) to match the number of Bengali test instances.
This size-matching strategy ensures that both languages are evaluated on an
equal number of samples.

3.2 Models

We evaluate eight LLMs, consisting of four closed-source models and four open-
weight models, as summarized in Table |1} The models were selected to provide a
balanced comparison between closed-source and open-weight systems while cov-
ering multiple model families and providers. This selection enables us to examine
whether summarization performance and cross-lingual behavior vary across dif-
ferent model ecosystems rather than being specific to a single provider. All mod-
els are evaluated in a zero-shot setting using standardized instruction prompts.
Across all models, generation was limited to max_tokens=2048 with a tempera-
ture of 0.3. Models were accessed through their respective API providers listed in
Table[I] Exact model identifiers and experimental configurations are available in
the public GitHub repository linked in the Data and Code Availability section.

Zero-Shot Summarization Prompt

Summarize the following news article accurately and concisely. Preserve
the key facts and important information. Do not include unnecessary
details or filler.



Table 1. Overview of the eight evaluated LLMs and their access providers.

Model Access Provider Type
GPT-5.6 Luna OpenAl Closed-source
GPT-40 Mini OpenAl Closed-source
Gemini 3.1 Flash Lite Google Al Studio Closed-source
Gemini 2.5 Flash Google Al Studio Closed-source
LLaMA 3.3 70B Groq Open-weight
DeepSeek V4 Flash OpenRouter Open-weight
Qwen 3.6 27B OpenRouter Open-weight
Qwen 3.5 Flash OpenRouter Open-weight

3.3 Evaluation Framework

Our evaluation framework combines three complementary approaches to assess
summarization quality from different perspectives: lexical and semantic similar-
ity, factual consistency, and qualitative assessment using an LLM judge.

Automatic Lexical and Semantic Metrics. We report ROUGE-1/2/L,
BLEU, chrF, and BERTScore-F1. Bengali ROUGE uses Indic-aware Unicode
tokenization, while English ROUGE uses Porter stemming. BERTScore uses
roberta-base for English and x1m-roberta-base for Bengali; therefore, scores
are interpreted only within each language. For consistent comparison, all re-
ported metrics are converted to a 0-100 scale.

For selected model comparisons, statistical uncertainty is assessed using 95%
bootstrap confidence intervals, paired t-tests, and bootstrap significance esti-
mates based on 5,000 paired resamples over the same test instances. The corre-
sponding statistical results are reported in Table

Reference-Free Factuality Evaluation. We use a reference-free QG/QA
factuality framework based on SummEval and BanglaSummEval [5I6]. The
pipeline first extracts salient entities and information from the generated sum-
mary and uses gpt-4o to generate corresponding factual questions. These ques-
tions are then answered using both the source document and the generated
summary. Generated answers are compared using BERTScore-based semantic
matching to assess whether information expressed in the generated summary
is supported by the source document. The individual question-level results are
aggregated into an F1 score, reported as SummEval F1 (SE-F1) for English and
BanglaSummEval F1 (BSE-F1) for Bengali.

LLM-as-a-Judge Evaluation. Following the LLM-as-a-Judge paradigm [23],
we use gpt-5.6-terra as an independent evaluator to assess generated sum-
maries on a subset of the test data. Due to the computational cost of judge-
based evaluation across eight models and two languages, we randomly selected



Table 2. English and Bengali XL-Sum benchmark results. R-1, R-2, and R-L denote
ROUGE-1, ROUGE-2, and ROUGE-L, respectively. BERTScore, SE, and BSE denote
BERTScore-F1, SummEval F1, and BanglaSummEval F1, respectively. All metrics are
reported on a 0-100 scale. A dash (—) indicates that the corresponding language-
specific factuality score is not applicable. Bold values indicate the best performance
within each language group.

Lang. Model R-1 R-2 R-L BLEU chrFF BERTScore SE BSE
GPT-5.6 Luna 24.12 5.87 15.96 2.06 31.51 86.75 58.05 —
Gemini 3.1 Flash Lite 22.94 5.89 15.32 2.14 30.39 87.01 52.28 —

= Gemini 2.5 Flash 22.13 5.43 14.72 1.90 29.62 86.57 59.44 —
= Qwen 3.5 Flash 21.99 4.93 14.48 1.66 29.46 86.69 58.52 —
=} Qwen 3.6 27B 21.47 4.85 13.99 1.68 28.96 86.57 56.58
e DeepSeek V4 Flash 21.46 5.28 14.13 1.82 29.36 86.30 63.45 —
GPT-40 Mini 21.16  5.03 13.95 1.70 28.78 86.45 59.76 —
LLaMA 3.3 70B 20.38  5.71 14.00 1.94 28.72 85.91 60.18 —
LLaMA 3.3 70B 16.23 5.29 12.44 1.90 33.30 85.92 — 58.28
GPT-40 Mini 15.63  4.53  11.83 1.74 33.74 85.97 — 56.73
= Gemini 2.5 Flash 15.05  4.32 11.27 1.64 33.11 85.60 — 58.43
&0 DeepSeek V4 Flash 15.03 4.20 11.24 1.58 33.43 85.58 — 57.34
5 Qwen 3.5 Flash 14.74  4.09 11.16 1.56 33.50 85.64 — 56.15
M Gemini 3.1 Flash Lite 14.04 3.88 10.93 1.42 32.15 85.63 — 49.73
GPT-5.6 Luna 14.01 3.71 10.65 1.27 32.53 85.22 — 54.84
Qwen 3.6 27B 13.82 3.65 10.34 1.37 32.40 85.28 — 57.02

100 samples for each language using a fixed seed (random_state=42) to bal-
ance evaluation coverage with computational feasibility. The same selected in-
stances were used across all eight models to ensure a consistent comparison. Each
summary was evaluated on a 1-5 Likert scale across six dimensions: Relevance,
Completeness, Faithfulness, Coherence, Conciseness, and Fluency.

4 Results and Analysis

4.1 Automatic Evaluation Metrics

Table [ presents the results based on lexical and semantic evaluation metrics, in-
cluding ROUGE, BLEU, chrF, and BERTScore-F1, for both English and Bengali
XL-Sum test sets. In English summarization, GPT-5.6 Luna achieves the high-
est ROUGE-1 (24.12%) and ROUGE-L (15.96%), while Gemini 3.1 Flash Lite
obtains the highest ROUGE-2 (5.89%), BERTScore-F1 (87.01%), and BLEU
(2.14). In Bengali, LLaMA 3.3 70B achieves the highest ROUGE-1 (16.23%),
ROUGE-2 (5.29%), ROUGE-L (12.44%), and BLEU (1.90), whereas GPT-40
Mini achieves the highest chrF (33.74) and BERTScore-F1 (85.97%). These re-
sults demonstrate substantial variation in model rankings across languages, in-
dicating that strong English summarization performance does not necessarily
transfer to Bengali.

To assess whether selected differences in automatic evaluation scores are sta-
tistically meaningful, we additionally perform paired significance testing over
the same test instances. Table [3| reports statistical comparisons for selected Ben-
gali ROUGE-1 results, including standard deviations, 95% bootstrap confidence



Table 3. Statistical comparison of selected model pairs on Bengali ROUGE-1 (N =
1,012). Bootstrap confidence intervals and bootstrap significance estimates are based
on 5,000 paired resamples.

Paired t-test p /

Comparison Mean £ SD 95% CI 13 Bootstrap p

LLaMA 3.3 70B  16.23 £+ 9.05 [15.69, 16.79]
GPT-40 Mini 15.63 + 8.27 [15.12, 16.13|

LLaMA 3.3 70B  16.23 + 9.05 [15.69, 16.79]
Gemini 2.5 Flash 15.05 + 7.86 [14.55, 15.52]

2.713  0.0067 / 0.0070

5.364 < 0.0001 / < 0.001

intervals, paired t-test statistics, and bootstrap significance estimates based on
5,000 paired resamples.

The difference between LLaMA 3.3 70B and GPT-40 Mini in Bengali ROUGE-
1 is statistically significant (paired t-test: p = 0.0067; bootstrap: p = 0.0070).
A larger difference is observed between LLaMA 3.3 70B and Gemini 2.5 Flash
(paired t-test: p < 0.0001; bootstrap: p < 0.001).

4.2 Reference-Free Factuality Evaluation

The factuality scores in Table [2 report reference-free QG/QA evaluation re-
sults using SummEval for English and BanglaSumm€Eval for Bengali. DeepSeek
V4 Flash achieves the highest observed English SummEval F1 score (63.45%).
For Bengali, Gemini 2.5 Flash obtains the highest observed BanglaSummEval
F1 score (58.43%), closely followed by LLaMA 3.3 70B (58.28%). Gemini 3.1
Flash Lite records the lowest factuality scores in both languages (English SE-
F1: 52.28%, Bengali BSE-F1: 49.73%). These results indicate that higher lexical
similarity does not necessarily correspond to stronger factual consistency.

4.3 LLM-as-a-Judge Results

We use gpt-5.6-terra as a judge to evaluate generated summaries across six
dimensions: Relevance, Completeness, Faithfulness, Coherence, Conciseness, and
Fluency. Each dimension is scored on a 1-5 Likert scale. Table [] presents the
judge-based evaluation results for English and Bengali summaries.

The evaluation reveals two key findings:

(i) Fluency versus Faithfulness: All models achieve high Fluency (4.78-
5.00) and Coherence (4.22-4.82) scores, while Faithfulness remains low (1.10-
1.34). This indicates that fluent summaries may still contain factual incon-
sistencies.

(ii) English-Bengali Quality Gap: English summaries receive numerically
higher LLM-judge scores than Bengali summaries in Relevance (2.84-3.16 vs.
2.36-2.60) and Completeness (3.26-3.54 vs. 2.40-2.73). This pattern aligns
with the cross-lingual differences observed in the automatic evaluation met-
rics.



Table 4. LLM-as-a-Judge (gpt-5.6-terra) evaluation using a 1-5 Likert scale. Rel:
Relevance; Comp: Completeness; Faith: Faithfulness; Coh: Coherence; Conc: Concise-
ness; Flue: Fluency. Bold values indicate the best performance within each language
group.

Lang. Model Rel Comp  Faith Coh Conc  Flue
GPT-5.6 Luna 3.16 3.54 1.24 4.76 3.36 5.00
Gemini 3.1 Flash Lite 3.04 3.48 1.34 4.82 3.14 5.00

= DeepSeek V4 Flash 2.92 3.38 1.30 4.78 3.06 5.00
%D Qwen 3.5 Flash 2.96 3.26 1.28 4.70 3.16  5.00
L;J: LLaMA 3.3 70B 3.02 3.36 1.24 4.78 2.80 5.00
Qwen 3.6 27B 2.86 3.26 1.24 4.76 3.10 5.00
Gemini 2.5 Flash 2.90 3.28 1.20 4.80 3.00 5.00
GPT-40 Mini 2.84 3.26 1.18 4.74 2.90 5.00
Gemini 3.1 Flash Lite 2.60 2.66 1.26 4.46 3.22 4.94
GPT-40 Mini 2.54 2.56 1.30 4.36 3.06 4.80
- Gemini 2.5 Flash 2.56 2.60 1.12 4.56 2.68 4.96
?go DeepSeek V4 Flash 2.46 2.50 1.10 4.46 3.00 4.94
Cg GPT-5.6 Luna 2.36 2.70 1.18 4.44 2.70 4.96
LLaMA 3.3 70B 2.52 2.42 1.24 4.26 2.96 4.78
Qwen 3.6 27B 2.51 2.73 1.14 4.38 2.61 4.79
Qwen 3.5 Flash 2.54 2.40 1.14 4.22 3.00 4.82

5 Discussion

Our results reveal that multilingual summarization ability is not uniformly dis-
tributed across languages. Although current LLMs achieve strong English sum-
marization performance, these capabilities do not consistently transfer to Ben-
gali, demonstrating that language-specific evaluation remains essential for low-
resource settings.

Cross-Lingual Performance Differences. The ranking differences be-
tween English and Bengali indicate that observed model performance varies
substantially across target languages. Models that perform best in English do
not necessarily maintain the same advantage in Bengali. This suggests that mul-
tilingual summarization quality may be influenced not only by general model
capacity but also by language representation, training exposure, and adaptation
to specific linguistic characteristics.

Mismatch Between Surface Similarity and Factuality. The disagree-
ment between lexical metrics and factuality evaluation highlights the limita-
tions of relying only on overlap-based measures. A summary may achieve strong
ROUGE or BERTScore by preserving similar wording while still omitting im-
portant entities or introducing unsupported information. Therefore, factuality-



oriented evaluation provides complementary evidence that cannot be captured
by conventional automatic metrics alone.

Challenges of LLM-Based Evaluation in Low-Resource Languages.
The LLM-as-a-Judge results show that fluent and coherent summaries do not al-
ways correspond to stronger factual reliability. In Bengali, judge-based scores and
factuality verification sometimes produce different rankings, suggesting that au-
tomated evaluation methods may require careful calibration for low-resource lan-
guages. Combining semantic metrics, reference-free factuality verification, and
judge-based assessment provides a more complete view of multilingual summa-
rization quality.

6 Conclusion

This paper presents a comprehensive zero-shot evaluation of eight closed-source
and open-weight LLMs for English and Bengali abstractive news summariza-
tion on the XL-Sum benchmark. We propose a multi-dimensional evaluation
framework combining automatic lexical and semantic metrics, reference-free fac-
tuality assessment, and LLM-as-a-Judge evaluation. Our findings show substan-
tial cross-lingual variation in model performance: different models lead different
evaluation metrics in English, while in Bengali, LLaMA 3.3 70B achieves the
highest ROUGE and BLEU scores and Gemini 2.5 Flash obtains the highest ob-
served factuality score. These results demonstrate that model rankings obtained
from English-centric evaluation do not necessarily generalize to low-resource lan-
guages.

This study has several limitations, including evaluation in a single zero-shot
setting, reliance on a single evaluator model within each automated evaluation
pipeline, and restriction to English and Bengali BBC news summarization. Fu-
ture work will explore repeated evaluations, broader language and domain cover-
age, multiple judge models, human assessment, and adaptation techniques such
as parameter-efficient and domain-specific tuning to improve multilingual sum-
marization reliability.

Data and Code Availability

All evaluation scripts and detailed metric results are available at: https://github.
com /khanmahijyoti/multilingual-1lm-summarization.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.

References

1. Adib, S.E.S., Sani, A.A., Esham, E.A., Abrar, A., Chowdhury, T.M.: Assessing
large language models for medical ga: Zero-shot and llm-as-a-judge evaluation.
In: 2025 28th International Conference on Computer and Information Technology
(ICCIT). pp. 3081-3086. IEEE (2025)


https://github.com/khanmahijyoti/multilingual-llm-summarization
https://github.com/khanmahijyoti/multilingual-llm-summarization

o

10.

11.

12.

13.

14.

15.

16.

17.

18.

. Ahia, O., et al.: Do all languages cost the same? tokenization in the era of com-

mercial language models. In: Proceedings of the 2023 Conference on Empirical
Methods in Natural Language Processing. pp. 9904-9923 (2023)

Bhattacharjee, A., Hasan, T., Ahmad, W.U., Shahriyar, R.: BanglaNLG and
BanglaTh: Benchmarks and resources for evaluating low-resource natural language
generation in bangla. In: Findings of the Association for Computational Linguis-
tics: EACL 2023. pp. 726-735 (2023)

Fabbri, A.R., Wu, C.S., Liu, W., Xiong, C.: QAFactEval: Improved QA-based
factual consistency evaluation for summarization. In: Proceedings of NAACL-HLT.
pp. 2587-2601 (2022)

Fabbri, A.R., et al.: SummEval: Re-evaluating summarization evaluation. Trans-
actions of the Association for Computational Linguistics 9, 391-409 (2021)
Farquhar, S., Kossen, J., Kuhn, L., Gal, Y.: Detecting hallucinations in large lan-
guage models using semantic entropy. Nature 630, 625-630 (2024)

Goyal, T., Li, J.J., Durrett, G.: News summarization and evaluation in the era of
GPT-3. arXiv preprint arXiv:2209.12356 (2022)

Gu, J., et al.: A survey on LLM-as-a-judge. arXiv preprint arXiv:2411.15594 (2024)
Hasan, T., et al.: XL-Sum: Large-scale multilingual abstractive summarization for
44 languages. In: Findings of the Association for Computational Linguistics: ACL-
IJCNLP 2021. pp. 4693-4703. Association for Computational Linguistics (2021)
Lewis, M., et al.: BART: Denoising sequence-to-sequence pre-training for natural
language generation, translation, and comprehension. In: Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics. pp. 7871-7880
(2020)

Lin, C.Y.: Rouge: A package for automatic evaluation of summaries. In: Text sum-
marization branches out. pp. 74-81 (2004)

Maynez, J., Narayan, S., Bohnet, B., McDonald, R.: On faithfulness and factuality
in abstractive summarization. In: Proceedings of the 58th annual meeting of the
association for computational linguistics. pp. 1906-1919 (2020)

Papineni, K., Roukos, S., Ward, T., Zhu, W.J.: Bleu: a method for automatic
evaluation of machine translation. In: Proceedings of the 40th annual meeting of
the Association for Computational Linguistics. pp. 311-318 (2002)

Petrov, A., La Malfa, E., Torr, P., Bibi, A.: Language model tokenizers introduce
unfairness between languages. Advances in neural information processing systems
36, 36963-36990 (2023)

Popovié, M.: chrf: character n-gram f-score for automatic mt evaluation. In: Pro-
ceedings of the tenth workshop on statistical machine translation. pp. 392-395
2015

%{aﬁd,) A., Adib, R., Ahmed, F., Abrar, A., Islam, M.S.: Banglasummeval:
Reference-free factual consistency evaluation for bangla summarization. In: Pro-
ceedings of the Second Workshop on Language Models for Low-Resource Languages
(LoResLM 2026). pp. 595-608 (2026)

Rust, P., Pfeiffer, J., Vuli¢, I., Ruder, S., Gurevych, I.: How good is your tokenizer?
on the monolingual performance of multilingual language models. In: Proceedings
of the 59th Annual Meeting of the Association for Computational Linguistics and
the 11th International Joint Conference on Natural Language Processing (Volume
1: Long Papers). pp. 3118-3135 (2021)

Scialom, T., Dray, P.A., Lamprier, S., Piwowarski, B., Staiano, J., Wang, A., Galli-
nari, P.: Questeval: Summarization asks for fact-based evaluation. In: Proceedings
of the 2021 conference on empirical methods in natural language processing. pp.
6594-6604 (2021)



19.

20.

21.

22.

23.

Verga, P., Hofstatter, S., Althammer, S., Su, Y., Piktus, A., Arkhangorodsky, A.,
Xu, M., White, N., Lewis, P.: Replacing judges with juries: Evaluating llm gener-
ations with a panel of diverse models. arXiv preprint arXiv:2404.18796 (2024)
Zhang, J., Zhao, Y., Saleh, M., Liu, P.J.: PEGASUS: Pre-training with extracted
gap-sentences for abstractive summarization. In: Proceedings of the 37th Interna-
tional Conference on Machine Learning. pp. 11328-11339 (2020)

Zhang, T., Kishore, V., Wu, F., Weinberger, K.Q., Artzi, Y.: Bertscore: Evaluating
text generation with bert. arXiv preprint arXiv:1904.09675 (2019)

Zhang, T., Ladhak, F., Durmus, E., Liang, P., McKeown, K., Hashimoto, T.B.:
Benchmarking large language models for news summarization. Transactions of the
Association for Computational Linguistics 12, 39-57 (2024)

Zheng, L., Chiang, W.L., Sheng, Y., Zhuang, S., Wu, Z., Zhuang, Y., Lin, Z., Li, Z.,
Li, D., Xing, E., et al.: Judging llm-as-a-judge with mt-bench and chatbot arena.
Advances in neural information processing systems 36, 46595-46623 (2023)



	Evaluating Large Language Models for Multilingual Abstractive Summarization: A Comprehensive Study of English and Bengali

