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Abstract

Despite the growing progress in Natural Language Inference (NLI) research, resources for the Bengali language
remain extremely limited. Existing Bengali NLI datasets exhibit several inconsistencies, including annotation errors,
ambiguous sentence pairs, and inadequate linguistic diversity, which hinder effective model training and evaluation.
To address these limitations, we introduce BNLI, a refined and linguistically curated Bengali NLI dataset designed to
support robust language understanding and inference modeling. The dataset was constructed through a rigorous
annotation pipeline emphasizing semantic clarity and balance across entailment, contradiction, and neutrality classes.
We benchmarked BNLI using a suite of state-of-the-art transformer-based architectures, including multilingual
and Bengali-specific models, to assess their ability to capture complex semantic relations in Bengali text. The
experimental findings highlight the improved reliability and interpretability achieved with BNLI, establishing it as a
strong foundation for advancing research in Bengali and other low-resource language inference tasks. The link to the
BNLI dataset: https://github.com/FarahHaque/BNLI-Dataset.git

Keywords: Natural Language Processing, Natural Language Inference, Bengali Language, Deep Learn-
ing

1. Introduction from severe shortcomings, including inaccurate
translations from English datasets (Aggarwal et al.,
Natural Language Inference (NLI), also referred ~ 2022; Bhattacharjee et al., 2022), inconsistent la-
to as Recognizing Textual Entailment (RTE), rep- beling, syntactic errors, and_a lack of semantic
resents a core task in natural language under- and contextual diversity (see Fig. 2). Consequently,
standing that requires determining whether a given models train.ed on the.se resources often exhibit lim-
hypothesis can be inferred from a corresponding  {téd generalization, biased performance, and poor
premise. Over the past decade, large-scale English mterpreta_blllty when exposed_ to real-world Bengali
NLI datasets such as SNLI (Bowman et al., 2015),  text (Kabir et al., 2024; Faria et al., 2024; Mah-
MultiNLI (Williams et al., 2018), and ANLI (Nie and ~ fuz et al., 2025). This persistent data deficiency
Bansal, 2017) have become foundational bench- ~ has impeded meaningful advancement in Bengali
marks for advancing deep language models includ- inference modeling and constrained cross-lingual
ing BERT, RoBERTa, and LLaMA. These resources  transfer research.
have substantially contributed to progress in seman- To bridge this critical gap, we present BNLI—a
tic reasoning and contextual understanding across  refined and linguistically curated Bengali Natural
diverse NLP applications (Bowman et al., 2015;  Language Inference dataset—specifically designed
Williams et al., 2018; Gururangan et al., 2018).  to facilitate robust evaluation and training of NLI
However, comparable resources for low-resource  models in Bengali. BNLI was developed through a
languages—particularly Bengali—remain strikingly ~ rigorous multi-stage pipeline that combines man-
underdeveloped. ual data curation, human validation, and linguistic

Although Bengali ranks among the top ten most ~ refinement to ensure both semantic consistency
spoken languages globally, Bengali Natural Lan- ~ @nd syntactic authenticity. Unlike earlier datasets,
guage Processing (BNLP) still suffers from a  BNLI emphasizes balanced representation across
scarcity of high-quality annotated corpora for com-  entailment, contradiction, and neutrality classes
plex tasks such as entailment recognition (Aggar-  @nd incorporates examples reflecting diverse lin-
wal et al., 2022; Bhattacharjee et al., 2022; Kabir ~ 9uistic structures and contextual nuances present
et al., 2024). Only a handful of preliminary ef-  in natural Bengali text.
forts have been made to construct Bengali NLI To establish baselines, we evaluated BNLI using
datasets; however, most existing corpora suffer  several transformer-based architectures, including
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https://github.com/FarahHaque/BNLI-Dataset.git

Table 1: List of existing NLI Datasets on diverse languages including Bangla.

Dataset Language Year Sample Size
SNLI (Bowman et al., 2015) English 2015 ~570k
MultiNLI (Williams et al., 2018) English 2017 ~433k
e-SNLI (Camburu et al., 2018) English 2018 ~570k
ANLI (Nie et al., 2020) English 2018 ~162k
SICK (Marelli et al., 2014) English 2019-2020 ~10k
SciTail (Khot et al., 2018) English 2014 ~27k
RTE (Castillo, 2010) English 2004-2013 Not Found
SCINLI (Sadat and Caragea, 2022) English 2022 ~107k
FEVER (Thorne et al., 2018) English 2018 ~185K
QNLI (Swayamdipta et al., 2020) English 2018 ~100K
ARABIC-XNLI (Abdelali et al., 2024) Arabic 2018 ~392k
ARBERT / MARBERT benchmarks (Abdul-Mageed et al., 2021) Arabic 2021 ~20k
Arabic Natural Language Inference Corpus (Obeidat et al., 2025) Arabic 2019 ~9k
SANA (Sentiment and NLI Arabic) (Abdul-Mageed and Diab, 2014) Arabic 2020 ~7k
OSIAN (Open Source International Arabic News) (Zeroual et al., 2019) Arabic 2019 ~1.1M
VINLI (Van Huynh et al., 2022) Vietnamese 2021 ~7.5k
ViHealthNLI (Nguyen et al., 2024) Vietnamese 2024 ~5k
VietNLI (Bui et al., 2025) Vietnamese 2023 ~25k
XNLI (Cross-lingual NLI) (Conneau et al., 2018) Multilingual 2018 ~112k
INDICXNLI (Aggarwal et al., 2022) Multilingual 2022 ~392k
Multilingual-NLI-26lang-2mil7 (He et al., 2020) Multilingual 2022 ~2.73M
Cross-Lingual NLI for Low-Resource Languages (MT-NLI) (Zhao, 2022)  Multilingual 2023 ~3.5M
SICK-NL (Wijnholds and Moortgat, 2021) Dutch 2021 ~10k
NLI-TR (Budur et al., 2020) Turkish 2020 ~393k
farsTail (Amirkhani et al., 2023) Persian 2020 ~10k
OCNLI (Original Chinese NLI) (Hu et al., 2020) Chinese 2020 ~56k
Polish NLI (Ziembicki et al., 2024) Polish 2022 ~10k
Bangla NLI (BanglaBERT benchmarks) (Bhattacharjee et al., 2022) Bangla 2022 ~381k

multilingual and Bengali-specific models. The ex-
perimental results demonstrate that transformer
models outperform recurrent approaches by ef-
fectively capturing contextual semantics and long-
range dependencies in Bengali. These findings
underscore the reliability of BNLI as a benchmark
and highlight its potential to accelerate progress in
Bengali and other low-resource language inference
research (Rashad Al Hasan Rony et al., 2024).

In summary, the main contributions of this study
are:

» We develop BNLI, a high-quality and linguisti-
cally refined Bengali NLI dataset addressing
critical flaws in previous resources.

» We provide comprehensive benchmark eval-
uations using multiple transformer-based ar-
chitectures to establish reliable baselines for
future research.

By making BNLI publicly available, we aim to
promote further exploration in Bengali semantic un-
derstanding, encourage resource development for
other low-resource languages, and foster inclusive
multilingual NLI research.

2. Literature Review

Table 1 presents an overview of major Natural Lan-
guage Inference (NLI) datasets developed across
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various languages over the past two decades. As
illustrated, extensive and well-curated resources
exist for high-resource languages such as En-
glish, Arabic, and Chinese, as well as for sev-
eral emerging multilingual benchmarks like XNLI,
INDICXNLI, and MT-based multilingual corpora.
These datasets—ranging from early collections
such as RTE and SNLI to large-scale multilingual re-
sources—have substantially driven progress in se-
mantic understanding and cross-lingual inference
modeling.

In contrast, Bengali remains severely underrep-
resented in this landscape. Only a limited number
of Bengali NLI datasets have been introduced, and
most of them are either small in scale or derived
from machine-translated versions of English bench-
marks. Moreover, many samples in these datasets
suffer from semantic inconsistencies, mistransla-
tions, and contextually incorrect entailment label-
ing, thereby limiting their reliability for model train-
ing and evaluation. This evident disparity under-
scores the urgent need for a linguistically consistent
and semantically validated Bengali NLI resource.
To address this gap, we introduce BNLI, a refined
and meticulously curated dataset aimed at ensur-
ing semantic integrity, syntactic correctness, and
balanced class representation for robust Bengali
inference modeling.
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Figure 1: Overall workflow of the proposed multi-stage pipeline adopted for constructing the BNLI dataset,
illustrating data collection, linguistic refinement, human validation, and final dataset compilation processes.

Premise Hypothesis Label
N SF0! (FIRA RIGT (0% WMole 0G| N #Ie0 (ols G 433 *5 Tkl entailment
(31T -
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(NP Wl R (A=) Ol YOG AT =1 contradiction
FIIN I FE00 BIftR (T Ao ST | SN (T4 A, NoPresiz Sid U 59
T4 9 51N =051 (5761 @ AqME| neutral

Figure 2: Sample entries from the Bangla NLI dataset, showing grammartically inconsistent premise-
hypothesis pairs with entailment, neutral, and contradiction labels.

3. Methodology

The BNLI dataset was constructed through a three-
stage data collection and refinement process to
ensure linguistic accuracy and semantic reliability.
The data collection process is illustrated in Fig. 1.

In the first stage, 8885 sentences were selected
as premises from the SNLI corpus (Bowman et al.,
2015). These sentences were translated into Ben-
gali with careful attention to preserving grammati-
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cal integrity and natural sentence flow. In the sec-
ond stage, we focused on constructing semanti-
cally aligned hypotheses for the collected Bengali
premises. To generate corresponding hypothe-
ses, 60 native Bengali-speaking students from a
reputed university participated in a structured data
collection process. Each participant was provided
with premise—scene descriptions and tasked with
composing hypothesis sentences through Google



Premise Hypothesis Label Similarity
a1 it 2T IEER e | Fodr abged WIEEd M | entailment | 0.923020
3G TG | SIS 21S TG |

P11 110 2TCo FIEER Mt | (=T SI819 02 ©f AT [$18$ | contradiction | 0.110095
20S JTGIfER | AR |

PG 10 TS PIATE P | PRI 9700 IPTCS (4T AR | neutral 0.622482
201G JTGIfER |

aApEd I 1B a6 @B AT Ja (<115 G 1=, | entailment 0.896547
IO DA G AT AR |

G9PO J& T QD6 @SAM | 2 W2ell QPG @SN "7 | contradiction | 0.182121
JCT AT G AT AR | QTR |

GPCH & TF 96 @AW | QPG TP aF0 I ST neutral 0.721758
0T AT G AT FREA | AT |

YR W AR QP WD | GG WRel QP OANCD | entailment | 0.927653
N5 DA | T3 DA |

13 FIEA qRAl At WA | 93 BONT 9N (A= | contradiction | 0.153298
SIS $ACE |

12 FNA TR A WA | [FONA q30d A WA neutral 0.684532
5T DA | A PAC |

Figure 3: Sample entries from the BNLI dataset, showing premise-hypothesis pairs with entailment,
neutral, and contradiction labels, along with estimated STS scores.

Algorithm 1 STS-Based Filtering

Require: Premise—hypothesis pair (p, k) and label
y € {Contr.,Neut., Ent.}

Ensure: Decision d € {Keep, Drop}

1: Translate (p, h) to English

2: Compute STS score s €
en_stsb_bert_large of Spacy

3: Set d + Drop

4: if (y = entailment and s > 0.70) or
(y = neutral and 0.30 < s < 0.75) or
(y = contradiction and s < 0.30) then

5: d < Keep

end if

7: return d

[0,1] using

o

Forms. This process resulted in 26655 sentence
pairs, evenly distributed across the three NLI labels:
entailment, contradiction, and neutral.

In the third stage, all collected sentence pairs un-
derwent a comprehensive validation process com-
bining Semantic Textual Similarity (STS) analysis
and human evaluation. Each premise—hypothesis
pair was translated into English using the Google
Translator Python package, and STS scores were
computed to assess semantic alignment with the as-
signed NLI labels using en_stsb_bert large model
of Spacy library to determine STS value within 0 to
1. The premise-hypothesis dropping criteria is as
described in Algorithm 1.

Pairs with inconsistent or outlier scores were
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flagged for manual inspection. Subsequently, five
native Bengali linguists reviewed these pairs to
verify grammatical correctness, semantic coher-
ence, and label validity, resolving discrepancies
through consensus. The final dataset contains to-
tal 23067 refined sentence pairs (Entailment: 7682
pairs, Contradiction: 7696 pairs, Neutral: 7661
pairs). This dual validation approach ensured that
the BNLI dataset maintained high linguistic fidelity,
semantic consistency, and balanced representation
across inference categories. Arbitrary samples of
the premise and hypothesis pairs from BNLI dataset
has been shown in Fig. 3.

4. Result Analysis

The results on the BNLI dataset (Table. 2) show
that transformer-based models substantially out-
perform traditional architectures. The LSTM base-
line performs poorly, reflecting its limited ability
to capture semantic nuances. BERT Base and
RoBERTa deliver strong and balanced results, with
RoBERTa slightly ahead due to improved contex-
tual representations. BanglaBERT shows incon-
sistent performance across classes, suggesting
limitations in domain coverage. MultiBERT per-
forms reasonably well, benefiting from multilingual
training. The LLaMA-2 model achieves the highest
overall F1-score (79.13%), demonstrating superior
cross-lingual reasoning and robust generalization
compared to all other models.



Table 2: Model-wise performance comparison on BNLI dataset.

Classwise Performance Average Performance

Model #Params(M) Contr. Neut. Ent. Acc. Prec. Rec. F1

LSTM ~10 45.12% 46.38% 41.57% |44.19% 45.06% 44.32% 44.68%
BERT Base 110 76.42% 73.19% 64.87% |70.90% 72.45% 71.66% 71.92%
BERT Large 340 83.18% 68.73% 53.24% | 67.5% 68.12% 68.44% 68.27%
BanglaBERT 168 32.46% 11.58% 88.12% | 45.4% 49.37% 48.73% 44.26%
RoBERTa 125 79.68% 74.91% 67.43% |69.66% 74.65% 73.92% 74.21%
MultiBERT 185 86.23% 75.62% 48.91% |68.75% 69.58% 70.34% 69.93%
LLaMA-2 7,000 84.76% 80.35% 72.41% |74.56% 79.51% 78.92% 79.13%

The strong performance of LLaMA-2, although
unexpected for NLI tasks on relatively small
datasets, can be attributed to several factors. Its
large-scale pretraining on diverse corpora enables
implicit learning of semantic and inference patterns,
while instruction-following and contextual reasoning
capabilities allow it to interpret premise—hypothesis
relationships effectively without extensive task-
specific fine-tuning. Additionally, our STS-based fil-
tering strategy produces semantically well-aligned
and less noisy pairs, which may favor models with
strong semantic similarity understanding, helping
LLaMA-2 outperform smaller, fine-tuned encoders
such as BERT variants. In contrast, BanglaBERT
exhibits substantially lower performance, particu-
larly for the neutral class, due to the inherent ambi-
guity of neutral samples, potential class imbalance,
and dataset-specific characteristics that differ from
prior benchmarks such as Bhattacharjee et al. This
discrepancy further suggests that domain differ-
ences and implementation-specific factors (e.g.,
fine-tuning strategy, preprocessing, or tokenization)
can significantly influence results, highlighting that
previously reported performance may not directly
generalize to the BNLI dataset.

5. Conclusion

In this work, we presented BNLI, a high-quality
Bengali NLI dataset addressing the limitations
of existing resources, including annotation incon-
sistencies and linguistic imbalance. Through a
careful curation and annotation process, BNLI en-
sures clear semantic distinctions across entail-
ment, contradiction, and neutral classes, making
it suitable for reliable model evaluation and train-
ing. Our extensive benchmarking with both mul-
tilingual and Bengali-specific transformer models
demonstrates the dataset’s effectiveness in reveal-
ing model strengths and weaknesses, as well as
the substantial performance gains achievable with
large-scale language models such as LLaMA-2.
Overall, Bengali NLI dataset serves as a founda-
tional resource for advancing natural language un-
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derstanding in a low-resource setting. A key future
direction is the development of a Bengali founda-
tion model, leveraging this dataset for large-scale
pretraining and downstream reasoning tasks. The
dataset supports applications in natural language
inference and can further be utilized to train LLMs
for meaningful sentence generation in the Bengali
language.

6. References

Ahmed Abdelali, Hamdy Mubarak, Shammur
Chowdhury, Maram Hasanain, Basel Mousi,
Sabri Boughorbel, Samir Abdaljalil, Yassine
El Kheir, Daniel Izham, Fahim Dalvi, et al. 2024.
Larabench: Benchmarking arabic ai with large
language models. In Proceedings of the 18th
Conference of the European Chapter of the As-
sociation for Computational Linguistics (Volume
1: Long Papers), pages 487-520.

Muhammad Abdul-Mageed and Mona T Diab. 2014.
Sana: A large scale multi-genre, multi-dialect
lexicon for arabic subjectivity and sentiment anal-
ysis. In LREC, pages 1162-1169.

Muhammad Abdul-Mageed, AbdelRahim El-
madany, et al. 2021. Arbert & marbert: Deep
bidirectional transformers for arabic. In Pro-
ceedings 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), pages 7088-7105.

Divyanshu Aggarwal, Vivek Gupta, and Anoop
Kunchukuttan. 2022. Indicxnli: Evaluating mul-
tilingual inference for indian languages. arXiv
preprint arXiv:2204.08776.

Hossein Amirkhani, Mohammad AzariJafari,
Soroush Faridan-Jahromi, Zeinab Kouhkan,
Zohreh Pourjafari, and Azadeh Amirak. 2023.



Farstail: A persian natural language inference
dataset. Soft Computing, pages 1-13.

Abhik Bhattacharjee, Tahmid Hasan, Wasi Ahmad,
Kazi Samin Mubasshir, Md Saiful Islam, Anindya
Igbal, M Sohel Rahman, and Rifat Shahriyar.
2022. Banglabert: Language model pretrain-
ing and benchmarks for low-resource language
understanding evaluation in bangla. In Findings
of the Association for Computational Linguistics:
NAACL 2022, pages 1318-1327.

Samuel Bowman, Gabor Angeli, Christopher Potts,
and Christopher D Manning. 2015. A large anno-
tated corpus for learning natural language infer-
ence. In Proceedings of the 2015 conference on
empirical methods in natural language process-
ing, pages 632—642.

Emrah Budur, Riza Ozgelik, Tunga Giingér, and
Christopher Potts. 2020. Data and representa-
tion for turkish natural language inference. arXiv
preprint arXiv:2004.14963.

Tran Bao Bui, Linh Thi-Thuy Nguyen, and Tin
Van Huynh. 2025. Vietx-nli: A cross-lingual natu-
ral language inference dataset with viethamese
as the source language. In 2025 International
Conference on Multimedia Analysis and Pattern
Recognition (MAPR), pages 1-6. IEEE.

Oana-Maria Camburu, Tim Rocktéschel, Thomas
Lukasiewicz, and Phil Blunsom. 2018. e-snli:
Natural language inference with natural language
explanations. Advances in Neural Information
Processing Systems, 31.

Julio J Castillo. 2010. Recognizing textual entail-
ment: experiments with machine learning algo-
rithms and rte corpora. Special issue: Natural
Language Processings and its Applications, Re-
search in Computing Science, 46:155-164.

Alexis Conneau, Ruty Rinott, Guillaume Lam-
ple, Adina Williams, Samuel Bowman, Holger
Schwenk, and Veselin Stoyanov. 2018. Xnli:
Evaluating cross-lingual sentence representa-
tions. In Proceedings of the 2018 conference
on empirical methods in natural language pro-
cessing, pages 2475-2485.

Fatema Tuj Johora Faria, Mukaffi Bin Moin,
Asif Iftekher Fahim, Pronay Debnath, and
Faisal Muhammad Shah. 2024. Unraveling the
dominance of large language models over trans-
former models for bangla natural language infer-
ence: A comprehensive study. In International
Conference on Computing and Communication
Networks, pages 13—-24. Springer.

Suchin Gururangan, Swabha Swayamdipta, Omer
Levy, Roy Schwartz, Samuel Bowman, and

90

Noah A Smith. 2018. Annotation artifacts in nat-
ural language inference data. In Proceedings
of the 2018 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, Vol-
ume 2 (Short Papers), pages 107-112.

Pengcheng He, Xiaodong Liu, Jianfeng Gao, and
Weizhu Chen. 2020. Deberta: Decoding-
enhanced bert with disentangled attention. arXiv
preprint arXiv:2006.03654.

Hai Hu, Kyle Richardson, Liang Xu, Lu Li, Sandra
Kibler, and Lawrence S Moss. 2020. Ocnli: Orig-
inal chinese natural language inference. arXiv
preprint arXiv:2010.05444.

Mohsinul Kabir, Mohammed Saidul Islam, Md Tah-
mid Rahman Laskar, Mir Tafseer Nayeem, M Sai-
ful Bari, and Enamul Hoque. 2024. Benlim-eval:
A comprehensive evaluation into the potentials
and pitfalls of large language models on ben-
gali nlp. In Proceedings of the 2024 Joint In-
ternational Conference on Computational Lin-
guistics, Language Resources and Evaluation
(LREC-COLING 2024), pages 2238—2252.

Tushar Khot, Ashish Sabharwal, and Peter Clark.
2018. Scitail: A textual entailment dataset from
science question answering. In Proceedings of
the AAAI conference on artificial intelligence, vol-
ume 32.

Tamzeed Mahfuz, Satak Kumar Dey, Ruwad
Naswan, Hasnaen Adil, Khondker Salman Say-
eed, and Haz Sameen Shahgir. 2025. Too late
to train, too early to use? a study on necessity
and viability of low-resource bengali llms. In Pro-
ceedings of the 31st International Conference on
Computational Linguistics, pages 1183—1200.

Marco Marelli, Luisa Bentivogli, Marco Baroni, Raf-
faella Bernardi, Stefano Menini, and Roberto
Zamparelli. 2014. Semeval-2014 task 1: Eval-
uation of compositional distributional semantic
models on full sentences through semantic relat-
edness and textual entailment. In Proceedings
of the 8th international workshop on semantic
evaluation (SemEval 2014), pages 1-8.

Huyen Nguyen, Thanh-Ha Do, Tuan-Anh Hoang,
et al. 2024. Vihealthnli: A dataset for vietnamese
natural language inference in healthcare. In Pro-
ceedings of the 3rd Annual Meeting of the Special
Interest Group on Under-resourced Languages@
LREC-COLING 2024, pages 404—409.

Yixin Nie and Mohit Bansal. 2017. Shortcut-stacked
sentence encoders for multi-domain inference.
arXiv preprint arXiv:1708.02312.



Yixin Nie, Adina Williams, Emily Dinan, Mohit
Bansal, Jason Weston, and Douwe Kiela. 2020.
Adversarial nli: A new benchmark for natural lan-
guage understanding. In Proceedings of the 58th
annual meeting of the association for computa-
tional linguistics, pages 4885-4901.

Rasha Obeidat, Yara Al-Harahsheh, Mahmoud Al-
Ayyoub, and Maram Gharaibeh. 2025. Arentail:
manually-curated arabic natural language infer-
ence dataset from news headlines. Language
Resources and Evaluation, 59(1):509-535.

Md Rashad Al Hasan Rony, Sudipto Kumar Shaha,
Rakib Al Hasan, Sumon Kanti Dey, Amzad Hos-
sain Rafi, Amzad Hossain Rafi, Ashraf Hasan Sir-
ajee, and Jens Lehmann. 2024. Banglaquad:
A bengali open-domain question answering
dataset. arXiv e-prints, pages arXiv—2410.

Mobashir Sadat and Cornelia Caragea. 2022.
Scinli: A corpus for natural language inference on
scientific text. arXiv preprint arXiv:2203.06728.

Swabha Swayamdipta, Roy Schwartz, Nicholas
Lourie, Yizhong Wang, Hannaneh Hajishirzi,
Noah A Smith, and Yejin Choi. 2020. Dataset
cartography: Mapping and diagnosing
datasets with training dynamics. arXiv preprint
arXiv:2009.10795.

James Thorne, Andreas Vlachos, Christos
Christodoulopoulos, and Arpit Mittal. 2018.
Fever: a large-scale dataset for fact extraction
and verification. arXiv preprint arXiv:1803.05355.

Tin Van Huynh, Kiet Van Nguyen, and Ngan Luu-
Thuy Nguyen. 2022. Vinli: A vietnamese corpus
for studies on open-domain natural language in-
ference. In Proceedings of the 29th International
Conference on Computational Linguistics, pages
3858-3872.

Gijs Wijnholds and Michael Moortgat. 2021. Sicknl:
A dataset for dutch natural language inference.
arXiv preprint arXiv:2101.05716.

Adina Williams, Nikita Nangia, and Samuel Bow-
man. 2018. A broad-coverage challenge corpus
for sentence understanding through inference. In
Proceedings of the 2018 conference of the North
American chapter of the association for computa-
tional linguistics: human language technologies,
volume 1 (long papers), pages 1112-1122.

Imad Zeroual, Dirk Goldhahn, Thomas Eckart, and
Abdelhak Lakhouaja. 2019. Osian: Open source
international arabic news corpus-preparation and
integration into the clarin-infrastructure. In Pro-
ceedings of the fourth arabic natural language
processing workshop, pages 175-182.

91

Jiawei Zhao. 2022. Cross-lingual learning in low-
resource: a thesis presented in partial fulfilment
of the requirements for the degree of Doctor of
Philosophy in Computer Science, School of Nat-
ural and Computational Sciences, Massey Uni-
versity, Auckland, New Zealand. Ph.D. thesis,
Massey University.

Daniel Ziembicki, Karolina Seweryn, and Anna
Wrdéblewska. 2024. Polish natural language in-
ference and factivity: An expert-based dataset
and benchmarks. Natural Language Engineering,
30(2):385-416.



	Introduction
	Literature Review
	Methodology
	Result Analysis
	Conclusion
	References

