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Abstract
Natural Language Inference (NLI) is one of the basic tasks of Natural Language Processing
(NLP) that measures the logical implication of a premise and a hypothesis. English and
other numerous languages possess highly standardized, high-quality resources such as SNLI
and MultiNLI. Bangla, with more than 200 million native speakers, is an under-resourced
language, and existing NLI corpora mostly depend on machine translation, such as that
used in BanglaBERT. These translated datasets are riddled with errors, biases, and se-
mantic inconsistencies and are not as useful in training models. To address this gap, we
present BanglaNLI, a high-quality Bangla Natural Language Inference dataset with ex-
pert annotations. The dataset was constructed from scratch based on the SNLI corpus
methodology. We initiated this process with 4,200 image captions from the BanglaLekha-
ImageCaption dataset written by native Bangla speakers. We took every caption as a
premise and generated three hypotheses for every premise to address the three inference
categories: entailment, contradiction, and neutral. This created 12,600 sentence pairs care-
fully annotated. In order to minimize annotation artifacts, annotators were asked to avoid
simple heuristics such as negation-only contradictions or word-for-word overlap. Counterex-
amples were included intentionally to ensure robustness in the dataset. All annotators were
native Bangla speakers, and the data was validated using Cohen’s Kappa score, wherein
high inter-annotator agreement (≥0.88) was found.
Keywords: Low-resource Language; Semantic Relations; Sentence pair Classification; En-
tailment Detection; Contradiction Analysis

1. Introduction
Natural Language Inference (NLI) is one of the central Natural Language Processing (NLP)
tasks in which a hypothesis is created using a premise. Then the hypothesis is classified as
entailment, neutral, or contradiction. Although it may seem like a simple process it has a
wide range of issues that are still being solved to this day.

Bangla is an Indo-Aryan language with over 200 million speakers, making it the sixth
most spoken language globally, yet it remains under-resourced in the NLP landscape. Its
complex script and morphological richness present unique challenges for NLI, similar to
those faced by many African languages. By introducing a native-authored benchmark, we
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provide a template for other low-resource communities to move beyond machine translation
and build culturally and linguistically grounded datasets.

The challenging process of inference classification is understanding the semantic features
of the text and defining them for our model, which requires background knowledge and
common sense Schuster et al. (2022). Large-scale NLI corpora such as SNLI (Bowman et al.,
2015) and MultiNLI (Williams et al., 2018) have driven the majority of research in English
and other high-resource languages. However, Bangla is spoken by over 200 million people
worldwide but lacks high-quality, expert-annotated NLI corpora. There are existing Bangla
resources that were created using machine translation from English corpora (Hasan et al.,
2020), but they have semantic inconsistencies, mistranslations, and annotation artifacts.
Translation models are prone to adding artifacts into the dataset (Artetxe et al., 2020).

Automated transformation from question-answering pairs Demszky et al. (2018) is an-
other common method for scaling NLI resources. However, they also introduce artifacts
or semantic inconsistencies. Our work, by contrast, focuses on a manually curated, native
approach to ensure higher data quality for the Bangla language.

To address this gap, we compiled the BanglaNLI dataset by adapting the methodol-
ogy used in SNLI but applying it directly to Bangla text. Premises were derived from the
BanglaLekha-ImageCaption dataset (Mansoor et al., 2019), and hypotheses were manually
written by native Bangla speakers to cover all inference categories. Inter-annotator agree-
ment was validated using Cohen’s Kappa scores, ensuring reliability of the annotations.
This dataset provides a structured, high-quality dataset, enabling reproducibility of exper-
iments and supporting further exploration of Bangla-specific language inference challenges.
Through this research:

• We introduce BanglaNLI, a 100% human-authored Bangla Natural Language Infer-
ence dataset constructed directly in Bangla, addressing the lack of high-quality native
NLI resources for the language.

• We adapt the SNLI-style data collection methodology to Bangla by generating premise–
hypothesis pairs from the BanglaLekha-ImageCaption dataset, covering the entail-
ment, contradiction, and neutral inference categories.

• We validate the dataset through inter-annotator agreement using Cohen’s Kappa,
achieving a high agreement score (≥ 0.88), showing the reliability of the annotations.

2. Related Work
2.1. SNLI
The Stanford Natural Language Inference (SNLI) (Bowman et al., 2015) consists of little
over 570,000 sentence pairs labeled as “entailment”, “neutral”, or “contradiction”. This
dataset is notable for several reasons. The dataset consists of 570,152 sentence pairs, which
was two orders of magnitude larger than other resources of its type during its time of release.
Additionally, the sentences in this dataset were written and labeled by human annotators
as opposed to being algorithmically generated and automatically or semi-automatically
labeled.

265



Mahtab Ronan Rahman Sajid Tasnim Sadeque

This inspired us to create our own Bengali NLI dataset. To construct the dataset,
annotators were provided with image captions from the Flickr30k corpus without the images
themselves. For each caption, annotators were asked to write an alternate caption that is
definitely true for the original caption, another alternate caption that might be true for the
picture, and also a definitely false caption of the photo.

This approach had two advantages. First, it solved the indeterminacy problem caused
by event and entity coreference problems. These problems are caused by the decision to
label the logical relationship of two sentences, which is greatly affected by our assumption
as to whether the sentences are referring to the same sentence or entity. Both of these
problems are solved as photo captions restrict the context of the photo to a specific event
and entity, and thereby prevent any such ambiguity.

Secondly, this method creates a richer set of sentences as opposed to algorithmically
generated ones, as the sentences are written by humans in a natural context, which is
far superior to creating entailment and contradiction statements by using string editing
methods. While datasets like SNLI provide a foundation for generic inference, other research
has explored end-task oriented entailment. For instance,the SciTail dataset (Khot et al.,
2018), which focuses on inter-sentence interactions within the context of scientific question
answering, demonstrating that domain-specific NLI requires deeper exploration of word-to-
word relationships between the premise and hypothesis.

2.2. AfriXNLI
(Adelani et al., 2025) introduced AfriXNLI, a natural language inference dataset that in-
cludes 15 diverse and low-resource African languages. They created this dataset by having
professional translators, fluent in the target languages, translate a subset of the English
XNLI dataset. The authors saw a need for more NLI resources for African languages. Most
multilingual benchmarks either ignore African languages or only include Swahili, which is
better resourced and does not show the continent’s full language diversity. Instead of us-
ing machine translation, which can lead to mistakes and cultural mismatches, the authors
worked with human translators to make the data more accurate and culturally relevant,
especially for languages that machine translation does not handle well.

2.3. XNLI_BN
The only other Bengali NLI dataset we found was introduced by BanglaBERT (Hasan et al.,
2020). It is a large dataset consisting of 388,763 pairs of sentences. The dataset was made
by translating the MultiNLI (Williams et al., 2018) training data from English to Bangla
using the translation model introduced in BanglaBERT (Hasan et al., 2020). This has posed
a problem, as this dataset was found to be riddled with translation errors and biases, which
models have exploited. Some of the translation errors result in the meaning of the sentence
being changed completely, which in turn has an adverse effect on the patterns learned by
the NLI models. While this dataset can be a valuable source of data, we believe there is
scope for improvement in the quality of training data, as these data do not come from a
naturalized context.
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2.4. Artifacts
An NLI dataset has many problems, and one notable problem is the presence of some heuris-
tic bias, otherwise known as artifacts. Annotators use simple heuristics to annotate faster
and more efficiently, which introduces artifacts that the model could exploit (Gururangan
et al., 2018). For example, in case of contradiction, the annotator could simply negate the
statement, so the model will look for any negation word to determine if it’s a contradiction
or not. If a particular word is always present in the data under the entailment category,
then the model can simply look at that word and predict the sentence as entailment with-
out reviewing the other relevant information. These heuristic patterns are picked up by the
models as they are trained and then use them to predict and produce false results.

To test whether a dataset contains said artifacts, the dataset can be tested with models
trained only using the hypothesis (Poliak et al., 2018). Using a hypothesis-only model,
Poliak et al. (2018) tested 10 datasets and found 6 of the datasets had this problem, including
SNLI. To combat this problem, datasets have to have a lot of examples that break these
heuristics, so HANS dataset (McCoy et al., 2019) was created. McCoy et al. (2019) found
that most NLI models fail to pass the HANS dataset. However, they found NLI models to
do well when the datasets they were trained on were augmented with HANS-like examples.
Hence, any model that crowdsources must be aware of such artifacts and find ways to make
examples that do not follow these heuristics.

3. Methodology
3.1. Dataset Creation
The dataset was manually authored (without the use of generative AI tools) by a team of
four native Bengali researchers with academic expertise in Natural Language Processing.
Unlike traditional crowdsourced datasets that rely on non-expert workers, our annotators
were specifically trained on the formal logical requirements of NLI. This expert-led ap-
proach allowed for the deliberate mitigation of common artifacts, such as negation-bias and
sentence-length heuristics, ensuring a higher level of semantic rigor. We generated over
4200 captions from the BanglaLekha-ImageCaption dataset (Mansoor et al., 2019); these
served as our Premise. For each premise, we wrote three alternative sentences that served
as our Hypotheses, as shown in 1.

In total, we typed over 12,600 sentences, and each sentence is labeled under the following
categories such as entailment, neutral, and contradiction.

• Entailment: if the premise is true, then the hypothesis is also true

• Neutral: if the premise is true, then the hypothesis could be true or false

• Contradiction: if the premise is true, then the hypothesis is false

Some samples for each class are presented in Table 1, along with their translations.
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Premise Hypothesis Gold label

িতন জন েমেয় মানুষ আেছ। এক জন দাঁিড়েয়
আেছ আর দুইজন বেস আেছ
Translation: There are three girls. One is
standing and two are sitting.

িকছু মানুষ দাঁিড়েয় আেছ আর িকছু মানুষ বেস
আেছ।
Translation: Some people are standing and
some people are sitting.

Entailment

আচােরর েদাকােনর সামেন দাঁিড়েয় আেছ একিট
েছাট েছেল
Translation: A little boy is standing in front
of the pickle shop

আচােরর েদাকােনর বাইের একিট েছেল দাঁিড়েয়
ছিব তুলেছ
Translation: A boy is standing outside the
pickle shop taking a photo.

Neutral

একজন মানুষ আেরকজন মানুেষর ছিব তুলেছ
েমাবাইল িদেয়। পােশ দুইজন বেস আেছ।
Translation: One person is taking a picture
of another person with a mobile phone.

একিট েছেল কয্ােমরা িদেয় ছিব তুলেছ
Translation: A boy is taking a photo with a
camera

Contradiction

একিট সাদা শাটর্ পরা েছেল বািদেক েচেয়
তািকেয় আেছ যার চুল কােলা েছাট।
Translation: A boy wearing a white shirt is
looking to the left.

সাদা শাটর্ পড়া একজন েছেল আেছ
Translation: There is a boy wearing a white
shirt.

Entailment

পুরুষিটর েচাখ িচŵকেমর্র উপর
Translation: The man's eyes are on the paint-
ing

একিট পুরুষ ņােমর িচŵকমর্ েদখেছ
Translation: A man is looking at a painting
of a village.

Neutral

Table 1: Examples of Premise, Hypothesis and its Classification from the dataset

Figure 1: Methodological flowchart for the NLI Dataset Creation. The dataset is sourced
from BanglaLekhaCaptions, annotated, and classified into three inference classes.

3.2. Indeterminacy
Disagreement about event and entity coreference can cause problems with labeling data.
Coreference is the relationship between two words or phrases in which both refer to the
same person or thing, and one stands as a linguistic antecedent of the other, as the two
pronouns in “She taught herself” but not in “She taught her”.
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Take the example pair: “A man is in Dhaka” and “A man is in Chittagong”. If it is
assumed that the pairs refer to different entities, then the pair can be labeled as neutral.
However, if it is assumed that they refer to the same entity, then it is a contradiction.
Hence, one option must be chosen.

However, if events and entities are assumed not to be coreferent, then most claims will
be neutral. For example, take the pair: “A man lives in Manhattan” and “A man lives in
Dhaka”. Since we are assuming them not to be coreferent, they both could be true at the
same time or not true. Thus, like this, most pairs will be neutral. Moreover, only broad
universal generalizations can contradict. Take, for example, the pair: ”All boats sink in the
Pacific Ocean” and ”No boats sink in the Pacific Ocean”. Only in sentences like this can
we find contradictions.

On the other hand, taking the opposite assumption also has problems. For example,
the pair “Aleef is bartending” and “I am walking” will be labeled as a contradiction instead
of neutral, since the second sentence’s “I” is forced to refer to “Aleef”.

To solve this, we followed the same approach as in SNLI, ensuring that each hypothesis
was about a specific scenario and that hypothesis annotators wrote about the same scenario.
This was done by using image captions that restricted the scenario to the specific image.
Thus, the premise simply describes the image. Entailment is an alternate caption describing
the image. Neutral might be a true description of the image. Lastly, contradiction is a false
description of the image.

Furthermore, only the captions were used by the annotators (they did not see any of
the images during annotation). This ensures that sentence pairs can be labeled using only
the sentences.

3.3. Artifacts
When making datasets, consciously or unconsciously, annotators use heuristics (Gururangan
et al., 2018)(Glockner et al., 2018). These heuristics cause different patterns in the dataset
that models can exploit.

Premise Hypothesis Gold label

অেনকগুেলা বািলকা পাশাপািশ বেস আেছ।
Translation: Many girls are sitting side by
side.

অেনক বািলকা বেস আেছ।
Translation: Many girls are sitting.

Entailment

একিট িশশু বই েদখেছ।
Translation: A child is looking at a book.

একিট িশশু বই েদখেছ না।
Translation: A child is not looking at a
book.

Contradiction

Table 2: Conscious or unconscious use of heuristic by annotators

Table 2 shows examples of Heuristics used by annotators. In the First example, the
annotator used all the words present in the premise. The models can see this as a pattern
that they can exploit if they find a hypothesis containing words that are all present in the
premise and predict it as entailment. In the Second row, the hypothesis is a simple negation
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of the premise, a very common heuristic that machine learning models exploit. Thus,
whenever the model finds a hypothesis that contains negation words, it will automatically
predict it as a contradiction.

Table 3 shows counterexamples for mitigating artifacts. For example, in the first row,
a neutral sentence is created using negation words. In the second row, a short sentence for
neutral was made since neutral generally tends to have longer sentences as information, in
general, is added to it. For the third example, a contradiction sentence is made similar to
the hypothesis since there are examples of entailments that are very similar to the premise.

Premise Hypothesis Gold label

একিট িশশু রাǌায় চাকা িনেয় েখলেছ।
Translation: A child is playing with a
wheel on the road.

রাǌায় েকান গািড় নাই
Translation: There are no cars on the
road

Neutral

সামেনর সািরেত কেয়কজন মানুষ বেস আেছ।
Translation: Several people are sitting in
the front row.

মানুষ ছিব তুলেছ
Translation: A person is taking a picture

Neutral

একিট অনুǂান িশĺক, িশĺাথর্ী একসােথ
দাঁিড়েয় বেস ছিব তুলেছ।
Translation: At an event, teachers and
students are taking pictures together,
standing and sitting.

িশĺক ও িশĺাথর্ী সবাই দাঁিড়েয় ছিব তুলেছ
Translation: Both the teacher and the stu-
dents are standing and taking a photo.

Contradiction

Table 3: Counter examples created to ensure that the model does not memorize heuristics.

3.4. Validation
The four annotators were split into two pairs. Annotators in each pair shared 10% of their
data without the label. Each annotator then relabelled them. To measure the degree of
agreement between the two annotators, Cohen’s Kappa score was used. Since all Cohen’s
Kappa scores presented in Table 4 are above 0.88, this indicates strong agreement between
all annotators.

Original Annotator Annotator Relabelling Cohen’s Kappa Score

Annotator 1 Annotator 2 0.88

Annotator 2 Annotator 1 0.96

Annotator 3 Annotator 4 0.95

Annotator 4 Annotator 3 0.91

Table 4: Cohen’s Kappa scores for each pair of annotators
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4. Pre-trained Models

Model Accuracy Macro F1 Macro Precision Macro Recall

Bangla BERT Base 0.36 0.28 0.40 0.36

Table 5: Bangla BERT Base performance without training on Bangla NLI dataset.

To evaluate the dataset’s difficulty, BanglaBERT Base was tested without any fine-tuning,
achieving a near-random accuracy of 0.36 (Macro F1: 0.28), as shown in Table 5. The
model failed almost entirely on the Neutral class (Recall = 0.00), defaulting instead toward
Contradiction predictions. This near-random performance, compared to 0.77 accuracy after
fine-tuning, confirms that BanglaNLI cannot be solved without task-specific training.

We tested several different pre-trained models on our dataset: Bangla Bert Base,
ELECTRA-based Bangla Bert Base (Bhattacharjee et al., 2022), mBERT uncased (Devlin
et al., 2019), ELECTRA-based Bangla Bert Large, and XLM RoBERTa base (Conneau
et al., 2020). We used an 80%-20% train-test split and fine-tuned the hyperparameters with
grid search using combinations of values of [16, 32, 64] for batch size and [1e−3, 1e−5,
1e−7] for learning rates for all models except XLM-RoBERTa-base. To prevent overfitting,
we used early stopping during training for all models. In Table 7, the hyperparameters
that gave the best performance in terms of macro F1 score for each model are given. These
models, trained on their corresponding set of hyperparameters listed in Table 7, were used
for all subsequent tests in this paper.

Model Accuracy Macro F1 Macro Precision Macro Recall

mBERT uncased 0.79 0.77 0.79 0.80

XLM-RoBERTa-base 0.81 0.80 0.79 0.80

ELECTRA-based
Bangla BERT Base

0.86 0.84 0.86 0.86

Bangla BERT Base 0.77 0.74 0.76 0.76

ELECTRA-based
Bangla BERT Large

0.86 0.85 0.86 0.87

Model ensemble 0.87 0.85 0.86 0.87

Table 6: Validation metrics for each model using the hyperparameters listed in Table 7
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Model Batch size Optimizer Epsilon Learning Rate Epochs

mBERT uncased 32 Adam 1e−6 1e−5 16

XLM-RoBERTa-
base

8 Adam 1e−6 1e−5 12

ELECTRA-based
Bangla BERT
Base

32 Adam 1e−6 1e−5 15

Bangla BERT
Base

64 Adam 1e−6 1e−5 14

ELECTRA-based
Bangla BERT
Large

32 Adam 1e−6 1e−5 10

Model ensemble 32 Adam 1e−6 1e−3 10

Table 7: Hyperparameters that gave the best macro-F1 score for each model

From Table 6, we can see that ELECTRA-based Bangla BERT base, ELECTRA-based
Bangla BERT large are the best performing models. The ensemble model concatenated the
results of ELECTRA-based Bangla BERT base, ELECTRA-based Bangla BERT large, and
Bangla BERT base, and a linear layer afterwards to predict the labels.

4.1. Cross dataset Validation

Model Accuracy Macro F1 Macro Precision Macro Recall
ELECTRA-based
Bangla BERT Large

0.69 0.69 0.69 0.70

Table 8: ELECTRA-based Bangla BERT Large performance on XNLI_BN

We have trained ELECTRA-based Bangla BERT on our dataset and tested it on XNLI_BN
to check its robustness.

4.2. Hypothesis-only Model
Following the methodology in Poliak et al. (2018), we evaluated our models using the
hyperparameters in Table 7 on a hypothesis-only dataset to determine the prevalence of
artifacts in the dataset. To do this, we only input the hypotheses into the model instead of
premise-hypothesis pairing. The expected accuracy if there were no artifacts is 33.3% since
the model should not be able to come to any conclusions without the premises, it has to
guess randomly from three choices.

As shown in Table 9, accuracy scores range from 48.7% (ELECTRA-based Bangla BERT
large) to 60.2% (XLM-RoBERTa). While these results indicate that some spurious patterns,
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common to crowdsourced NLI data, have been introduced, they represent a significant im-
provement over standard English benchmarks. For comparison, the hypothesis-only baseline
for the SNLI dataset is reported at approximately 69% Poliak et al. (2018).

Crucially, there is a substantial Inference Gap of 31% for our ensemble model (87%
vs 55.8%), and an even larger gap of 37.3% for our native ELECTRA-based large model
(86% vs 48.7%). This suggests that while models can exploit some linguistic cues in the
hypothesis, the premise remains essential for accurate logical inference. Notably, our native-
trained models (ELECTRA-based) demonstrated higher resistance to artifacts than the
multilingual models, which further validates the choice of using native Bangla architectures
for this task.

Model Accuracy Macro F1 Macro F1
mBERT uncased 0.597 0.57 0.60
XLM-Roberta 0.602 0.59 0.60
ELECTRA-based
Bangla BERT base 0.537 0.51 0.54

ELECTRA-based
Bangla BERT large 0.487 0.46 0.49

Bangla BERT base 0.536 0.51 0.54
Model ensemble 0.558 0.53 0.56

Table 9: Model Metrics when only hypotheses without premises were given

4.3. Error Analysis
Simple statistical tools were used to analyze possible reasons for models failing to label
properly. The ensemble model performed the best; thus, its test cases were separated into
two groups: correctly labeled and incorrectly labeled. Then the two groups were compared
to find possible reasons for mislabeling, as shown in Table 10.

Category Correct Labels Incorrect Labels %Difference

Number of cases 2176 342 -

Mean Premise Length 53.69 56.38 4.89%

Mean Hypothesis Length 38.14 39.33 3.07%

Mean number of Unknown
words in the Premise

1.40 1.72 20.51%

Mean number of Unknown
words in the Hypothesis

0.69 0.83 18.42%

Table 10: Comparison of Correctly and Incorrectly Labeled Cases.
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There is not much difference in the premise and hypothesis length between the two
groups. However, there is a significant difference in the average number of unknown words
in the Premise and the Hypothesis between the groups. Hence, a possible reason the model
struggles is because of the words that the model could not tokenize properly.

Moreover, as can be seen from Figure 2, the model struggles most with Contradiction.
The most frequent error is Contradictions being labeled as Neutral. To further deter-
mine whether there is a significant difference in length and number of unknown tokens in
premises and hypotheses between correctly and incorrectly labeled samples, we performed
independent two-tailed t-tests.

Figure 2: Count of labels given by our ensemble models for misclassified data points

Factor T-statistic Reject null-hypothesis
Hypothesis Length 0.077 No
Premise Length 0.069 No
Unknown token count in hypothesis 3.055 Yes
Unknown token count in premise 2.653 Yes

Table 11: Independent two-tailed t-test analysis result.

The results demonstrate that unknown tokens appear significantly more in the premises
and hypotheses of incorrectly labeled samples than in correctly labeled samples. However,
there is no statistically significant difference between the lengths of premises and hypotheses
between correctly and incorrectly labeled samples, as shown in Table 11. This suggests that
unknown tokens are a statistically significant reason behind mislabeling.

We also tested to check if the errors in the contradictions class are due to implicit
contradiction as shown in 12. We checked the mislabelled contradictions without [UNK]
tokens (54 sentences), which turned out to be 100% implicit. Then we took 50 random
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correctly labelled contradictions and checked if they are implicit or not. 90% of them are
implicit contradictions, implying the error is not due to artefact removal techniques.

Factor Mislabelled (as Neutral) Labelled correctly
Sentences without [UNK] 54 50
Implicit Contradictions 54 44
Percentage 100 90

Table 12: Implicit contradiction test

5. Conclusion
NLI is a crucial subfield in the field of NLP, through which we can determine whether a
sentence is related to another sentence. And with the introduction of rich NLI datasets
such as Stanford Natural Language Inference (SNLI) and advancements in models such as
Transformer, BERT, RoBERTa, etc., this subfield has achieved tremendous progress. How-
ever, because of a scarcity of high-quality Bangla datasets, major discoveries of possible NLI
applications in Bangla have yet to be made. Hence, through this research, we introduced a
new Bengali dataset for NLI that has been made by inputting the texts using the everyday
Bengali words and sentences everyone speaks. Our dataset’s validity is also something we
needed to consider as this is a new dataset it needs to be thoroughly checked for issues.
Our main issue was the presence of many unknown words in our dataset. The pre-trained
models are unable to grasp the semantics because of this and as such are not able to gen-
eralize properly thereby losing performance while training. The other issue we came across
was the lack of diversity in the data. We also believe that adding more diverse data to the
model can enhance its generalizing performance and mitigate any biases present. Above all,
the dataset’s creation has contributed a significant step towards Bangla NLP. Additionally,
this has also laid a lot of groundwork for improvement in the dataset which we believe will
bring out the best in this dataset.

6. Dataset Availability
The BanglaNLI dataset is publicly available on Kaggle at https://www.kaggle.com/datasets/
ajmainmahtab/bangla-natural-language-inference-dataset/data (Mahtab et al., 2026).
The dataset is released under [Attribution 4.0 International (CC BY 4.0)] for research pur-
poses.
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