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ABSTRACT
Grammatical error correction (GEC) tools, powered by advanced
generative artificial intelligence (AI), competently correct linguis-
tic inaccuracies in user input. However, they often fall short in
providing essential natural language explanations, which are cru-
cial for learning languages and gaining a deeper understanding of
the grammatical rules. There is limited exploration of these tools in
low-resource languages such as Bengali. In such languages, gram-
matical error explanation (GEE) systems should not only correct
sentences but also provide explanations for errors. This compre-
hensive approach can help language learners in their quest for pro-
ficiency. Our work introduces a real-world, multi-domain dataset
sourced from Bengali speakers of varying proficiency levels and
linguistic complexities. This dataset serves as an evaluation bench-
mark for GEE systems, allowing them to use context information
to generate meaningful explanations and high-quality corrections.
Various generative pre-trained large language models (LLMs), in-
cluding GPT-4 Turbo, GPT-3.5 Turbo, Text-davinci-003, Text-babbage-
001, Text-curie-001, Text-ada-001, Llama-2-7b, Llama-2-13b, and
Llama-2-70b, are assessed against human experts for performance
comparison. Our research underscores the limitations in the auto-
matic deployment of current state-of-the-art generative pre-trained
LLMs for Bengali GEE. Advocating for human intervention, our
findings propose incorporating manual checks to address grammat-
ical errors and improve feedback quality. This approach presents a
more suitable strategy to refine the GEC tools in Bengali, empha-
sizing the educational aspect of language learning.
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1. INTRODUCTION
Generative artificial intelligence (AI) plays a pivotal role in gram-
matical error correction (GEC), a valuable application of natural
language processing [7]. GEC serves practical purposes in text
proofreading and supports language learning. Recent strides in
generative large language models (LLMs), as highlighted by [31,
7], have notably bolstered the capabilities of GEC systems. How-
ever, despite Bengali being the 7th most spoken language globally

Figure 1: A visual representation of the two-step pipeline of
Bengali Grammatical Error Explanation (GEE): Given an er-
roneous Bengali sentence, the GEE system first produces the
corrected sentence. Then, for each corrected error in the sen-
tence, it categorizes the error type and offers a brief explana-
tion. Glosses are provided in round brackets ’()’.

[3], current works [23, 27, 19, 18, 1] in Bengali GEC encounter a
significant challenge in providing comprehensive explanations for
errors in natural language alongside their corrections. The provi-
sion of error explanations is pivotal for effective language learn-
ing and teaching, as emphasized by [14]. Although corrections de-
liver implicit feedback, the impact of explicit feedback, which in-
volves identifying errors and offering meta-linguistic insights, such
as rules to craft well-structured sentences or phrases, is more sub-
stantial, as noted by [13, 15]. In this work, we explore grammati-
cal error explanation (GEE) specifically for the Bengali language.
This task requires a model to generate natural language error ex-
planations, aiming to assist language learners in acquiring and im-
proving their grammar knowledge. As shown in Figure 1, the GEE
system first generates a corrected sentence for a given erroneous
Bengali sentence. Subsequently, it categorizes each corrected er-
ror in the sentence, providing a brief explanation for each error
type. This task aims to address the challenge mentioned above
by focusing on the explicit communication of grammatical rules
and linguistic insights in the context of error correction. As we
have witnessed the versatility of generative LLMs in various tasks
[8], in this work, we aim to explore the capabilities of generative
pre-trained LLMs, including GPT-4 Turbo [22], GPT-3.5 Turbo,
Text-davinci-003, Text-babbage-001 [5], Text-curie-001, Text-ada-
001, Llama-2-7b [30], Llama-2-13b and Llama-2-70b, in GEE for
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low-resource languages like Bengali. The intricacies of the Ben-
gali language, marked by its complex morphology, diverse verb
forms, and intricate sentence structures, present formidable hur-
dles in Bengali natural language processing [26, 18]. Therefore,
the utilization of these LLMs in GEE for Bengali presents a unique
set of challenges and opportunities that we seek to investigate fur-
ther. In the realm of GEE, the exploration of GEC systems in Ben-
gali is scarce, posing an additional layer of complexity to an al-
ready challenging task. Limited work in this domain, especially
for low-resource languages like Bengali, reveals a critical gap [21].
This paper addresses this critical gap by proposing a multi-domain
dataset for GEE systems evaluation in Bengali. Unlike existing
synthetic datasets [18], our dataset spans proficiency levels and
diverse error types, incorporating real-world sentences from do-
mains such as Bengali essays, social media, and news. Each of
the 3402 sentences in the dataset features a single human-written
correction, offering holistic fluency rewrites, thereby establishing a
gold standard for the field to aspire to. The diversity in edits mir-
rors the challenges GEC systems encounter, emphasizing the need
for context-aware explanations. The code and proposed dataset
can be found at https://github.com/my625/bengali_gee. In
summary, our contributions encompass two main aspects. (i) We
present a real-world, multi-domain dataset of Bengali sentences
with several grammatical error types, providing a robust evaluation
framework. To the best of our knowledge, we are the first to cu-
rate such a real-world dataset where a single sentence may consist
of multiple grammatical errors. (ii) Utilizing a two-step Bengali
GEE pipeline, we assess the performance of various generative pre-
trained LLMs compared to human experts. Furthermore, we eval-
uate the quality of the grammatical corrections using automated
evaluation metrics such as precision, recall, F1 score, F0.5 score,
and exact match (see Section 7.1). We also assess the quality of the
explanations through human evaluation (see Section 7.2), shedding
light on the capabilities of these LLMs in generating meaningful
error explanations for the Bengali language.

2. DATASET
In the development of our dataset for GEE systems evaluation in
Bengali, our primary objective was to overcome existing limita-
tions, especially the absence of real-world, multi-error sentences.
Drawing inspiration from the methodology of [25] and recogniz-
ing the inadequacies of minimal edits to capture fluency improve-
ments, we curated a diverse corpus. Our dataset comprises 3402
Bengali sentences sourced from various domains, including essays
written by school students with different proficiency levels, as well
as content from social media and news (see Appendix A for dataset
sources).

We collected 187 essays from 187 students enrolled in high school-
level Bengali language courses in West Bengal, offering insight
into grammatical errors made by students with diverse proficiency
levels. The consent process for essay collection from students in-
cluded providing clear explanations regarding the purpose of the
data collection, the voluntary nature of participation, and the as-
surance of confidentiality and anonymity. The essays were col-
lected from students who voluntarily agreed, with parental consent
also obtained for those students. Subsequently, personal informa-
tion in the collected essays was anonymized to ensure the privacy
of the participants. Furthermore, to capture the dynamic nature
of online communication, we crawled posts and comments from
various public Bengali social media pages, including news outlets
and community-driven platforms. Subsequently, the personal in-
formation in the crawled posts and comments was anonymized.

Each Bengali sentence in the dataset is paired with a single human-
written correction, focusing on more comprehensive fluency revi-
sions rather than minimal edits. This approach aimed to create a
comprehensive dataset that authentically reflects the varied types of
changes necessary for Bengali language learners and users. The en-
tire annotation process has been carried out by three native Bengali
language teachers (L1), who were appointed through Surge AI1 and
possess expertise in Bengali language. To ensure the quality and
authenticity of the corrections, we engaged four other proficient
Bengali language experts native to West Bengal and Bangladesh.
They qualified through a correction task and contributed valuable
annotations2. A blind test set was created for community evalu-
ation by withdrawing half of the dataset from the analysis. The
mean levenshtein distance (LD) between the original and corrected
Bengali sentences was more than twice that of the existing corpora,
emphasizing the substantial edits made to enhance fluency. It was
observed that less grammatical Bengali sentences require more ex-
tensive changes and are inherently harder to correct. In addition,
expert Bengali language L1 teachers also examined all sentence
pairs in our dataset to categorize errors. The three cognitive lev-
els [16], namely single-word level errors, inter-word level errors,
and discourse level errors, contain various specific error categories.
These categories guided the labeling of our dataset, including the
corresponding types of correction applied. It is important to note
that our curated dataset consists of sentences in which a single sen-
tence may contain more than one type of error. This curated, multi-
domain dataset not only serves as a gold standard for evaluating
GEE systems but also addresses the crucial need for a real-world
benchmark in Bengali GEC.

3. ERROR CATEGORIES WITH DATASET
INSIGHTS

Following [16, 29, 28] and through consultation with human ex-
perts, we delineate the error categories within three cognitive lev-
els as outlined below (see Appendix B for error category defini-
tion): (i) Single-word level errors: Errors at the single-word level
occur in the initial and most basic cognitive stage, typically involv-
ing the improper use of spelling and orthography, often resulting
from misremembering. 28.89% of the errors in our dataset belong
to the single-word level error category. (ii) Inter-word level errors:
These types of errors occur at the second cognitive level and typ-
ically arise from a misunderstanding of the target language, Ben-
gali. This level is a common source of errors with evident man-
ifestations as it involves the interaction between words. Bengali
errors can be categorized into two linguistic classes: syntax and
morphology. In terms of syntax, error types include case markers,
participles, subject-verb agreement, auxiliary verb, pronoun, and
Guruchondali dosh. For morphology, error types include postposi-
tions. Our dataset contains 37.65% errors at the inter-word level.
(iii) Discourse level errors: These types of errors represent the
highest cognitive level, which requires a complete understanding
of the context. Bengali discourse errors encompass issues such as
punctuation, verb tense, word order, and sentence structure. In our
dataset, 33.46% of errors are classified under the discourse level
category. The dataset statistics, along with examples for a few dom-
inant Bengali grammatical error types in the proposed corpus, are
depicted in Table 1.

4. TASK FORMULATION
1Surge AI: https://www.surgehq.ai/faq
2We use Surge AI as our data annotation platform.



Table 1: Dataset statistics, including examples of a few dominant Bengali grammatical error types in the proposed corpus. Red text
indicates erroneous words. Red underlined text denotes the erroneous word(s) containing the corresponding error type. Blue text
indicates the corrected ones. Curly braces ’{}’ denotes a blank. Glosses of correct sentences are provided in round brackets ’()’.

Error Type Percentage (%) Examples
Spelling 15.56 [ধিন → ধনী]-দিরদৰ্, পিণ্ডত-[মুখর্ → মূখর্] , শতৰ্ু-িমতৰ্, সকলেক ভােলাবাসা দরকার।

(Gloss: Rich-poor, wise-foolish, enemy-friend, everyone love need.)

Orthography 13.33 শৰ্েদ্ধয় শৰ্ী [মিণ শঙ্কর → মিণশঙ্কর] [মুেখাপাধয্ায় েক → মুেখাপাধয্ায়েক] [জন্মিদেন → জন্মিদেনর] শৰ্দ্ধা ও পৰ্ণাম [{} → জানাই] ।
(Gloss: Respected to Mr. Manishankar Mukhopadhyay of birthday respect and reverence convey.)

Case-marker 7.51 [ছাতৰ্িট → ছাতৰ্িটর] [িকতর্ী → কীিতর্ ] [সবাই → সবাইেক ] অবাক কেরিছল।
(Gloss: Of the student achievement everyone amazed did.)

Subject-verb agreement 10.23 [তাঁরা → তারা] এখন [অনুষ্ঠান → অনুষ্ঠােন ] েযাগ িদেত [যািচ্ছ → যােচ্ছ]।
(Gloss: They now to the event participation to give are going.)

Auxiliary verbs 5.89 দৰ্ুতগিত সম্পন্ন েঘাড়ার িপেঠ ছুেট [{} → িগেয়] তারা চারিদক েথেক িঘের েফলেলা [পৰ্িতপখেক → পৰ্িতপক্ষেক] ।
(Gloss: Fast-paced equipped with of the horse on the back by running they from all directions surrounded the opponents.)

Pronoun 4.23 [তাঁরা → তারা] এখন [অনুষ্ঠান → অনুষ্ঠােন ] েযাগ িদেত [যািচ্ছ → যােচ্ছ]।
(Gloss: They now to the event participation to give are going.)

Guruchondali dosh 8.10 [সন্ধয্া → সন্ধয্ার] অন্ধকার নািময়া [এেসেছ → আিসয়ােছ] ।
(Gloss: Of the evening darkness having descended has come.)

Punctuation 10.91 আিম এই ক্লাস করেত চাই [{} → ,] সয্ার [{} → ।] িকভােব হেব [। → ?]
(Gloss: I this class want to do, Sir. How will be?)

Verb tense 9.15 আিম গতকাল বাজাের [যাই → িগেয়] সবিজ [িকিন → িকনলাম] ।
(Gloss: I yesterday to the market went vegetables bought.)

Word order 10.22 ছাতৰ্েদর [উিচত → বুঝেত ] েশখা [বুঝেত → উিচত] তােদর একটা কতর্বয্ আেছ ।
(Gloss: Students to understand to learn necessary their one duty is.)

Given the input to the GEE model (LLM) as an erroneous Bengali
sentence Serr = {w1, w2, w3, . . . , wn}, the task involves two main
components:

(1) Produce the corrected sentence (Scorr): Identify and rectify er-
rors in the provided sentence Serr to create a corrected sentence
Scorr = {w′

1, w
′
2, w

′
3, . . . , w

′
m} that is grammatically and contextu-

ally accurate in Bengali.

Scorr = LLM(Serr)

(2) Provide concise explanations for each error type: Categorize
each corrected error in Scorr into specific error types and offer a
brief explanation for each type of error. Clarify the grammatical,
syntactical, or semantic issues addressed, and present the rationale
behind each correction.

Etypes = LLM(Serr, Scorr)

where Etypes is a set of error types corresponding to each corrected
error in Scorr.

The goal of this task is to enhance understanding of the language
intricacies involved in error correction for Bengali sentences. The
corrected sentence Scorr and their associated error type explanations
Etypes serve as valuable resources to improve automatic error correc-
tion systems in the Bengali language.

5. METHODOLOGY
In conducting our GEE task, we prompt generative pre-trained LLMs
in one-shot mode, employing a comprehensive methodology that
leverages the capabilities of various LLMs. Specifically, we prompted
GPT-4 Turbo (GPT-4), GPT-3.5 Turbo (GPT-3.5), Text-davinci-003
(Davinci), Text-babbage-001 (Babbage), Text-curie-001 (Curie),
and Text-ada-001 (Ada) through the OpenAI API3, as well as Llama-
2-7b, Llama-2-13b, and Llama-2-70b via the Llama-2-Chat API4.
Our systematic experimental process involved both LLM and hu-
man experts, independently performing two crucial tasks. First,
they were tasked with producing the corrected sentence in Bengali
by identifying and rectifying errors in the provided sentences, en-
suring grammatical and contextual accuracy. Second, for every cor-
rected error, they were required to categorize the type of error and
3OpenAI: https://platform.openai.com/docs/models/
4Llama 2: https://huggingface.co/TheBloke

provide concise explanations on the grammatical, syntactical, or
semantic problems addressed. The one-shot prompt used for the
Bengali grammatical error explanation task is shown in Figure 2.
We also investigated various alternative few-shot prompting tech-
niques, elaborated further in Appendix C. By employing this mul-
tifaceted methodology, our objective was to holistically assess the
relative performance of each LLM, evaluating their proficiency in
generating the corrected sentence and providing concise explana-
tions for each error type. Furthermore, we compared the capabili-
ties of LLMs with human experts5 (baseline). Each LLM assessed
all sentences, while the human experts collectively assessed the en-
tire set of sentences. For the human experts, the entire set of erro-
neous sentences was divided into four parts, with each expert as-
sessing their assigned portion. It should be noted that to ensure a
fair and meaningful comparison, we present the same prompt for-
mat to both LLMs and human experts, as shown in Figure 2.

6. EVALUATION CRITERIA
Following [16], the automatic evaluation process encompasses scrutiny
at both the token level (precision, recall, F1, and F0.5) and the
sentence level (exact match). The exact match (EM) evaluates the
agreement between the predicted and gold standard sentences. As-
sessing the quality of explanations presents challenges due to the
potential for multiple ways of explaining errors. Achieving reliable
automatic evaluation in GEE for Bengali requires multi-reference
metrics such as METEOR [2] and benchmarks with multiple ref-
erences for each error; however, creating such datasets is resource-
intensive. We engaged three other experienced Bengali language
teachers, who have expertise in Bengali language, through UpWork6

to assess the explanations (i.e., human evaluation), as detailed in
Section 7.2. Given their expertise in teaching Bengali, they can
provide reliable judgments on the correctness and informativeness
of explanations while considering the identified error types.

7. EXPERIMENTAL RESULTS
This section presents the results of the automatic and human evalu-
ation of Bengali GEE.

5We hired four Bengali language teachers through the UpWork on-
line platform, each possessing extensive experience in teaching the
Bengali language.
6UpWork: https://www.upwork.com/



You have been given Bengali sentence(s) with errors. Your assignment has two main components:

(1) Produce the Corrected Sentence:
Identify and rectify the errors in the provided sentence, ensuring it is both grammatically and contextually accurate in Bengali.

(2) Provide Concise Explanations for Each Error Type:
For every error corrected in the sentence, categorize the error type and offer a brief explanation. Clarify the grammatical, syntactical, or semantic issues
addressed and present the rationale behind each correction. The goal is to enhance understanding of the language intricacies involved.

Example:

Incorrect Sentence:

আিম গতকাল বাজাের যাই সবিজ িকিন। (Gloss: I yesterday to the market go vegetables buy.)

Corrected Sentence:

আিম গতকাল বাজাের িগেয় সবিজ িকনলাম। (Gloss: I yesterday to the market went vegetables bought.)

Explanations:

1. যাই (Gloss: Go) → িগেয় (Gloss: Went)
Error Type: Verb Tense

Explanation: The verb "যাই" (Gloss: Go) implies the act of going, while the context of the sentence requires the past action of going to the market. There-

fore, the correct form is "িগেয়" (Gloss: Went), indicating that the speaker went to the market.

2. িকিন (Gloss: Buy) → িকনলাম (Gloss: Bought)
Error Type: Verb Tense

Explanation: The original sentence used the verb "িকিন" (Gloss: Buy), which is the present tense form. To match the past tense context of the sentence, the

correct form is "িকনলাম" (Gloss: Bought), indicating that the speaker bought vegetables in the past.

Sentence(s) for correction is/are provided below.

{Insert the Bengali sentence(s) here}

Figure 2: One-shot prompt used for the Bengali GEE task. Glosses are provided in round brackets ’()’.

7.1 Automatic Evaluation
In this section, we present a performance comparison for predict-
ing grammatically correct Bengali sentences, considering various
types of errors in the proposed corpus. The comparison is con-
ducted between human experts (baseline) and different generative
pre-trained LLMs. As shown in Table 2, GPT-4 Turbo consistently
demonstrates better agreement with human experts across different
error types compared to other LLMs, demonstrating its superior
performance. On the other hand, Text-ada-001 exhibits the most
substantial deviation from human experts, with consistently lower
metrics in precision, recall, F1 score, F0.5 score, and exact match
(EM) across all error levels (i.e., single-word level, inter-word level,
and discourse level). Following [9], to determine the alignment be-
tween the best-performing LLM (i.e., GPT-4 Turbo) and human ex-
perts in terms of various automated evaluation metrics, we calculate
the Pearson correlation coefficient (r) [17] between the two. Table
3 indicates that F0.5 achieves the highest correlation score. Addi-
tionally, precision demonstrates a stronger correlation with human
experts compared to recall. However, human experts consistently
outperform LLMs and achieve the best results in predicting gram-
matically correct Bengali sentences across all automated metrics
for various types of errors.

7.2 Human Evaluation
As shown in Table 2, GPT-4 Turbo exhibited better results in pre-
dicting grammatically correct Bengali sentences compared to other
LLMs. We compared various Bengali grammatical error explana-
tions provided by GPT-4 Turbo and human experts. For each erro-
neous sentence, we present the corrected sentence and explanations
generated by GPT-4 Turbo and a human expert to one of three teach-
ers (as discussed in Section 6). They are asked to check for two
types of mistakes7 in the explanations: wrong error type (an error
type that is not present in the erroneous sentence according to the
gold standard error type) and wrong error explanation (an error ex-
planation that is not present for the particular error type provided by
7We refer to grammatical errors in sentences as errors, and errors
made by LLMs are termed as mistakes.

human experts). Table 4 shows that GPT-4 Turbo generates 27.32%
wrong error type and 35.89% wrong error explanation.

As depicted in Table 5, during the assessment of the erroneous
Bengali sentence "সন্ধয্া অন্ধকার নািময়া এেসেছ।" (Gloss: Evening darkness having
descended has come.), GPT-4 Turbo offered corrections and explana-
tions. However, compared to the corrections made by a human
expert, several notable shortcomings in GPT-4 Turbo’s predictions
became evident. The primary discrepancy lies in GPT-4 Turbo’s
choice to correct "নািময়া" (Gloss: Having descended) to "নািমেয়" (Gloss: De-
scending). GPT-4 Turbo categorized this as a verb form error, in-
dicating that the original sentence had a spelling mistake. How-
ever, the human expert correctly identified that "নািময়া" (Gloss: Having
descended) was the accurate term. GPT-4 Turbo’s suggested term
"নািমেয়" (Gloss: Descending) does not accurately capture the intended ac-
tion and meaning of the original sentence. This highlights a limi-
tation in GPT-4 Turbo’s understanding of contextual nuances and
specific verb forms in Bengali. Furthermore, GPT-4 Turbo failed
to address the human expert’s correction regarding the case-marker
for "সন্ধয্া" (Gloss: Evening). The human expert rightly pointed out that
"সন্ধয্া" (Gloss: Evening) should be corrected to "সন্ধয্ার" ( Gloss: Of the evening),
adding the case-marker "র" (Gloss: Of ) to indicate possession or as-
sociation with the evening darkness. This detail was overlooked by
GPT-4 Turbo, indicating a lack of attention to grammatical nuances
and case-marking rules in Bengali. Furthermore, GPT-4 Turbo did
not consider the Guruchondali dosh in the verb form. It was not
able to identify the need for a change from "এেসেছ" (Gloss: Has come) to
"আিসয়ােছ" (Gloss: Has come), and thus the explanation did not address the
agreement between the verb form and the action of "নািময়া" (Gloss: Hav-
ing descended). On the other hand, the human expert accurately iden-
tified and addressed this linguistic nuance, ensuring a more contex-
tually appropriate correction. In summary, the human evaluation of
GPT-4 Turbo in correcting Bengali sentences revealed consistent
limitations. GPT-4 Turbo struggled with nuanced aspects such as
word order errors, Guruchondali dosh, case marker errors, spelling
errors, etc. In particular, GPT-4 Turbo fell short in capturing the
intricacies of Bengali language subtleties, hindering its ability to



Table 2: Performance comparison in predicting grammatically correct Bengali sentences for various error types and overall on the
proposed corpus between human experts (baseline) and LLMs. EM denotes exact match.

Metric Human GPT-4 GPT-3.5 Llama-2-70b Llama-2-13b Llama-2-7b Davinci Curie Babbage Ada
Single-word level errors

Precision 95.89 74.47 69.90 71.84 68.81 65.62 67.82 63.69 62.91 60.41
Recall 90.82 72.81 66.81 68.90 64.91 62.59 63.91 62.36 60.75 57.28

F1 92.47 73.39 67.35 69.32 66.72 63.49 65.11 62.89 61.29 58.95
F0.5 94.91 73.81 68.79 70.61 67.17 64.91 66.90 63.91 62.89 59.96
EM 73.56 48.69 39.62 45.30 43.74 41.29 46.72 42.89 40.91 37.53

Inter-word level errors
Precision 90.48 68.84 62.91 63.72 60.47 58.67 60.41 58.73 54.71 53.04

Recall 87.93 65.60 60.74 60.73 56.83 54.67 57.48 54.38 50.75 50.49
F1 88.20 66.39 61.35 61.49 58.72 56.43 58.18 56.82 52.73 51.06

F0.5 89.73 67.82 62.35 62.28 59.49 57.48 59.39 57.92 53.42 52.48
EM 69.46 46.70 43.91 45.80 42.85 40.91 43.79 41.84 39.90 38.61

Discourse level errors
Precision 94.52 70.57 67.88 65.84 63.74 62.72 63.71 60.15 58.27 56.41

Recall 89.82 67.75 65.81 62.83 61.56 60.48 60.92 56.41 55.75 54.28
F1 91.62 69.42 66.32 63.75 62.27 61.71 61.11 58.93 56.29 55.95

F0.5 92.47 70.47 66.74 64.11 63.19 62.31 62.90 59.74 57.73 55.99
EM 72.79 50.71 46.83 45.92 43.88 40.54 44.98 42.89 38.91 37.61

Overall
Precision 93.55 71.11 66.79 66.85 64.10 62.19 63.78 60.63 58.41 56.43

Recall 89.46 68.48 64.39 63.87 60.99 57.35 59.14 57.35 55.51 55.51
F1 90.74 69.54 64.94 64.59 62.36 61.03 60.45 59.36 56.53 55.87

F0.5 92.24 70.54 65.85 65.36 63.09 61.43 61.73 60.87 57.77 55.95
EM 70.60 49.04 43.89 45.69 43.44 40.89 45.03 42.49 39.95 37.95

Table 3: The Pearson correlation coefficient (r) between the
best-performing LLM (i.e., GPT-4 Turbo) and human experts
in terms of various automated evaluation metrics. EM denotes
exact match.

Precision Recall F1 F0.5 EM
0.485 0.434 0.471 0.497 0.456

Table 4: Results of human evaluation of different LLMs in Ben-
gali GEE. WET denotes wrong error type and WEE denotes
wrong error explanation.

Metric GPT-4 GPT-3.5 Llama-2-70b Llama-2-13b Llama-2-7b Davinci Curie Babbage Ada
WET (%) 27.32 30.37 33.19 35.20 37.84 32.05 35.35 39.51 42.92
WEE (%) 35.89 38.82 39.04 40.48 45.82 38.98 42.27 45.95 49.87

provide satisfactory explanations for error types. Furthermore, the
model demonstrated ineffectiveness even with short-length Bengali
sentences containing multiple grammatical errors (see Table 5). In
contrast, the human expert’s corrections and detailed explanations
consistently showcased a deeper understanding of these nuances.
This underscores the imperative for human oversight in explaining
Bengali grammatical errors, particularly when addressing complex
linguistic intricacies and context-specific meanings.

8. RELATED WORK
Despite the growing interest in GEC and the availability of GEC
datasets in high-resource languages such as English [11, 6, 20],
Chinese [32], German [4], Russian [24], Spanish [12], etc., there
is a noticeable scarcity of real-world GEC datasets specifically tai-
lored for low-resource languages such as Bengali. Although there
is existing GEC research for Bengali [23, 27, 19, 18, 1], no work
has been undertaken in the areas of feedback or explanation gen-
eration within this context. A notable effort by [10] in feedback
comment generation (FCG) introduces a typology for learning feed-
back, covering abstract types (e.g., tone and idiom) and grammat-
ical pattern types (e.g., comparative and causative) in the English
language. However, their work is in an early stage, lacking hu-
man or automatic evaluation of comment quality. Our GEE task
addresses this gap by emphasizing the explicit communication of
grammatical rules and linguistic insights in error correction, fol-
lowed by automatic and human evaluation for Bengali.

9. CONCLUSION
We explore GEE specifically for the Bengali language. The objec-
tive of GEE is to enhance user understanding and engagement with
error correction systems, providing comprehensive insight into lan-

Table 5: An example (containing case-marker error and
Guruchondali dosh) showcasing GPT-4 Turbo’s GEE output uti-
lizing a one-shot prompt and presenting a comparison with a
human expert. Glosses are provided in round brackets ’()’.

User Input: সন্ধয্া অন্ধকার নািময়া এেসেছ । (Gloss: Evening darkness having descended has come.)
GPT-4 Turbo

Corrected Sentence: সন্ধয্া অন্ধকার নািমেয় এেসেছ। (Gloss: Evening darkness descending has come.)

Explanations:

1. নািময়া (Gloss: Having descended) → নািমেয় (Gloss: Descending)

Error Type: Verb Form

Explanation: The original sentence had a spelling mistake. The correct form is "নািমেয়" (Gloss: Descending),

indicating the act of coming. The verb "এেসেছ" (Gloss: Has come) requires the addition of the appropriate verb

form, and "নািমেয়" (Gloss: Descending) complements it correctly in this context.
Human

Corrected Sentence: সন্ধয্ার অন্ধকার নািময়া আিসয়ােছ । (Gloss: Of the evening darkness having descended has

come.)

Explanations:

1. সন্ধয্া (Gloss: Evening) → সন্ধয্ার (Gloss: Of the evening)

Error Type: Case-marker

Explanation: In the original sentence, "সন্ধয্া" (Gloss: Evening), the word lacks the appropriate case-marker. Bengali

often uses case-markers to indicate possession or association. In this context, the correct form is "সন্ধয্ার" (Gloss:

Of the evening), where "র" (Gloss: Of ) is added as a case-marker to signify that it is the darkness of the evening.

Therefore, the corrected version is "সন্ধয্ার অন্ধকার" (Gloss: Of the evening darkness).

2. এেসেছ (Gloss: Has come) → আিসয়ােছ (Gloss: Has come)

Error Type: Guruchondali dosh

Explanation: The original sentence uses "এেসেছ" (Gloss: Has come) to convey the arrival of darkness. However, to

agree with the action indicated by the word "নািময়া" (Gloss: Having descended), the correct form for this context is

"আিসয়ােছ" (Gloss: Has come). The verb "আিসয়ােছ" (Gloss: Has come) is more appropriate to describe the evening

darkness descending or arriving. This correction specifically addresses the Guruchondali dosh, ensuring the use of

the appropriate verb form in agreement with the action of "নািময়া" (Gloss: Having descended).

guage nuances and opportunities for improvement. We present a
real-world multi-domain dataset for Bengali proficiency evaluation
in GEE systems, comprising 3402 sentences from various domains
such as Bengali essays, social media, and news. Through assess-
ing various generative pre-trained LLMs and comparing their per-
formance with human experts, we observe that GPT-4 Turbo per-
forms comparatively better than other LLMs but faces challenges
in nuanced aspects such as word-order error, spelling error, case-
marker error, Guruchondali dosh, etc. GPT-4 Turbo’s limitations
are evident even with short-length sentences containing multiple
errors. In contrast, human experts consistently surpass the LLMs,
highlighting the necessity of human oversight in the task of explain-
ing Bengali grammatical errors. In scaling this approach beyond
the confines of this paper, collaboration with Bengali language in-
structors and educators presents a promising avenue.
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APPENDIX
A. DATASET SOURCES
We curated the essay dataset from expert-verified erroneous Ben-
gali sentences. These were sourced from the answer scripts of the fi-
nal exams of the tenth-standard students from a high school in West
Bengal, totaling 1678 sentences. Furthermore, we collected 1724
expert-verified erroneous Bengali sentences from crawled posts and
comments on various public Bengali social media pages, including
news outlets and community-driven pages. Specifically, the dataset
includes content sourced from the Facebook pages such as:

- https://www.facebook.com/BanglaNEWJ/

- https://www.facebook.com/eisamay.com/

- https://www.facebook.com/livecalcuttanews

- https://www.facebook.com/News18Bangla

- https://www.facebook.com/abpananda

- https://www.facebook.com/RepublicBangla/

- https://www.facebook.com/BBCBengaliService/

- https://www.facebook.com/AnandabazarSocial

This multi-source approach ensures the inclusion of diverse lin-
guistic contexts. To guarantee the reliability of the dataset, we
employed proficient, experienced, and educated native Bengali lan-
guage teachers to filter out erroneous sentences, thus improving the
quality and authenticity of the dataset for the evaluation of the GEE
system.

B. CATEGORIES OF GRAMMATICAL ER-
RORS

The description for each grammatical error category in our pro-
posed dataset is presented as follows:

• Spelling: A spelling error in Bengali grammar is character-
ized by inaccuracies or deviations in the correct formation of
words or characters within the Bengali language. These errors
specifically pertain to incorrect arrangement of letters or char-
acters, resulting in discrepancies from established spelling
norms and accepted conventions in Bengali writing.

• Orthography: An orthographic error in Bengali grammar refers
to inaccuracies or deviations from the accepted conventions
of spelling and writing in the Bengali language. These errors
include misalignments in the arrangement and representation
of letters, words, or characters, leading to a departure from
the standard orthographic rules of Bengali. Unlike spelling
errors, orthographic errors extend beyond individual word for-
mations, addressing broader issues in the overall structure and
presentation of written Bengali text.

• Case marker: A case marker error in Bengali grammar oc-
curs when there are inaccuracies in applying the appropriate
case markers to nouns and pronouns. This can happen in vari-
ous instances, such as using non-standard markers like -ের (-re)
instead of the standard -েক (-ke) in certain dialects for the ob-
jective case. Genitive case errors may occur if the endings -এর
(-er) or -র (-r) are incorrectly applied based on the character-
istics of the noun. Similarly, locative case errors arise when
incorrect markers (ে-/-e, -েত/-te, or -য়/-y) are used, deviating
from the grammatical rules.

• Participles: In Bengali grammar, a participle error occurs
when there are inaccuracies in the usage of participles, which
can sometimes be confused with ordinary verbs like present
simple, past simple, or present continuous. Errors can also
arise in situations related to other participants, affecting the
overall structure and clarity of the sentence.

• Subject-verb agreement: This type of error occurs when there
is a discrepancy in person and number between the subject
and the verb. In Bengali grammar, person denotes the gram-
matical category indicating the speaker’s relationship with the
subject. Bengali grammar recognizes three persons: first per-
son, second person, and third person. To ensure proper gram-
mar in Bengali, the verb must align with the subject in both
person and number. For example, if the subject is singular,
the verb should also be singular, and if the subject is plural,



the verb should be plural. Likewise, if the subject is in the
first person, the verb should also be in the first person, and so
forth.

• Auxiliary verb: An auxiliary verb error in Bengali grammar
occurs when a sentence lacks the necessary auxiliary verb.
Auxiliary verbs are essential to convey a tense, mood, or voice.
Errors in the usage of auxiliary verbs can lead to incomplete
or unclear expressions, which can impact the overall gram-
matical structure and communicative effectiveness of the sen-
tence.

• Pronoun: Pronoun errors in Bengali can occur due to inac-
curacies in personal pronoun usage. Although Bengali pro-
nouns are similar to English, distinctions in addressing first,
second, and third persons, as well as singular and plural forms,
may lead to challenges. Issues can arise in using third-person
pronouns that accurately indicate proximity. Errors may also
arise when using second and third-person pronouns with vary-
ing forms for familiarity and politeness.

• Guruchondali dosh: Guruchondali dosh in Bengali grammar
signifies a linguistic error arising from the inappropriate blend-
ing of sadhu bhasha, the formal literary style, and cholito
bhasha, the informal colloquial style. This grammatical in-
fraction is considered when these two distinct styles are mixed
within a written document. Sadhu bhasha maintains a formal
and refined structure, while cholito bhasha represents the in-
formal spoken language. The error results in a lack of linguis-
tic coherence, making the text difficult for the reader to un-
derstand because of the conflicting nature of the formal and
informal elements.

• Postpositions: In Bengali grammar, there is a difference in
the use of prepositions compared to English. Although En-
glish employs prepositions that appear before their objects
(e.g., "beside him", "inside the house"), Bengali typically uses
postpositions that come after their objects (e.g., "or pashe",
"bair bhitore"). A postposition error in Bengali grammar oc-
curs when there are inaccuracies in the usage of postpositions,
which typically come after their objects. Some postpositions
in Bengali require that their object nouns take the genitive
case, while others require the objective case, and it is impor-
tant to memorize this distinction. The majority of postposi-
tions are created by taking nouns related to a location and
inflecting them for the locative case, and they can also be ap-
plied to verbal nouns.

• Punctuation: Punctuation symbols serve to elucidate the mean-
ing and structure of a sentence in writing. In Bengali, familiar
punctuation marks encompass the period (|), comma (,), semi-
colon (;), colon (:), question mark (?), and exclamation mark
(!). An error of this kind arises when these punctuation marks
are either omitted or used incorrectly within a sentence.

• Verb tense: A verb tense error in Bengali grammar occurs
when there is a discrepancy in the accurate expression of the
temporal relationship between the subject and the verb. Ben-
gali grammar encompasses various tenses, such as past, present,
and future, which convey the timing of actions or events. A
verb tense error arises when the chosen tense of the verb does
not correspond correctly with the intended time frame or when
there is inconsistency in the use of tenses within a sentence or
paragraph.

• Word order: A word order error in Bengali grammar occurs
when there are deviations from the standard arrangement of
words in a sentence. Bengali typically follows a subject-object-
verb (SOV) word order, where the subject precedes the object,

and the verb appears at the end of the sentence. Errors arise
when words are misplaced, disrupting the established struc-
ture.

• Sentence structure: This occurs when the structure of a sen-
tence is flawed, leading to grammatical inaccuracies that can
alter the intended meaning and make the sentence difficult to
comprehend.

C. FEW-SHOT PROMPTING
We also examined various other few-shot prompting methods, in-
cluding two-shot, four-shot, eight-shot, and sixteen-shot
examples. Our focus was on investigating the few-shot prompt-
ing approach using GPT-4 Turbo, given its superior performance
among LLMs. Despite our extensive exploration, the results of the
few-shot prompting experiments did not show significant improve-
ments across the evaluated criteria. Consequently, the outcomes
obtained from the few-shot prompting approach are not included in
this paper.


