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Abstract. Prompt Engineering (PE) and Large
Language Models (LLM) are important developments
in Natural Language Processing (NLP) research. This
technique is key for crafting effective prompts that
shape how the language model behaves. It is widely
applied across various NLP tasks. Research has
mainly focused on creating efficient prompts to boost
performance in different applications, including chatbots,
sentiment analysis, and text summarization. However,
some fundamental questions remain unanswered, such
as whether this work supports basic NLP or linguistic
research in the context of PE and LLM. In traditional
NLP, basic tools and techniques, such as part-of-speech
taggers, named entity recognition, and morphological
analyzers, are crucial for understanding language.
Developing such tools remains a challenging issue,
particularly for resource-scarce languages. In this paper,
we are try to address this question. We have chosen
Bengali as the language and have employed language
models such as ChatGPT to tackle these challenges. For
our experiments, we used publicly available datasets and
the results were surprising when compared with the latest
state-of-the-art models. We also identified the need to
develop new prompts to fulfill basic requirements.

Keywords. Prompt engineering, natural language
processing, Bengali, large language model.

1 Introduction

Natural language processing is part of artificial
intelligence that concentrates on developing ma-
chines which can understand, interpret, and gen-
erate human language. Massive amounts of text
or audio are subjected to operations and analysis
with the help of machine learning, linguistics, and
computer science concepts. Through the interface
between human and machine languages, NLP

seeks to make machines able to perform tasks,
for example, sentiment analysis, translation, and
summarization. A language can be characterized
as a collection of a framework of guidelines that
conveys information.
Natural Language Processing assists users who

do not have the time to learn new languages,
although not all users may be capable in machine-
specific languages. It focuses on learning com-
puters to understand words or phrases in human
languages and sits at the interrelation of linguistics
and artificial intelligence. It can be divided into two
categories. One is natural language generation
which enhances natural language understanding.
Another is natural language understanding which
designed to help users in their work and satisfy
the desire to communicate with computers in
natural language. Various concepts and methods
that address the problem of natural language
processing in the field of computer-mediated
communication using natural language. Some of
the NLP tasks that have been studied include
morphological segmentation, which is the process
of dissecting words into discrete morphemes that
carry meaning. By determining its nouns, verbs,
adjectives, etc.
Named Entity Recognition [29] analyzes a

sentence and then connecting them to higher-order
units with distinct grammatical meanings (verb
groups, noun groups or phrases, etc.). Information
is obtained using Named Entity Recognition, which
identifies name entities and assigns them to various
classes. Part-of-Speech Tagging [27] is a method
for describing sentences that determines the part
of speech for each word. The large language
models [42] has increased dramatically at present
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Fig. 1. NLP approach for different tasks

Fig. 2. Language Models timeline

time in a variety of contexts. These LLMs can carry
out activities like language translation, content
creation, conversational AI, etc. because they
are made to process and produce languages
that are equivalent to those of humans. As
seen in Figure 1 [32], rule-based methods,
machine learning algorithms, deep learning, hybrid
approaches have been developed over time for
handling limitations of NLP.

According to Hochreiter and Schmidhuber [18],
the deep learning architectures (Short-Term Mem-
ory networks, and Gated Recurrent Units etc.)
that have specifically introduced novel techniques
across various NLP applications, as shown in Fig-
ure 3 . However, issues like lengthy training periods
and the need for sizable datasets frequently make
it difficult for RNN and LSTM models to capture
important contextual information inside sequences.

Researchers used unsupervised neural net-
works to generate unique vector representations for
words through embeddings in order to overcome
the limitations in obtaining contextual information.
In the beginning, methods such as Word2Vec,
GloVe, and FastText ( [32], [28]) produced word
vectors, but they were unable to represent words
without taking into consideration the context of the
surrounding words or phrases.

NLP frameworks have developed to use con-
textual embeddings generated by extensive, pre-
trained language models in order to get around
this. Since its introduction by [39], the Transformer
model has developed as a key component of
natural language processing, surpassing more
established models such as CNNs and RNNs in
tasks that require both language generation and
understanding. For a variety of NLP tasks, such
as text classification, language understanding,
co-reference resolution, common-sense reason-
ing, and machine translation, its architecture is
especially useful for pretraining on large text
datasets, resulting in notable accuracy gains
( [41], [25]). The capacity of NLP to comprehend
context has greatly increased over time. More
sophisticated models like GPT and BERT have
significantly improved in overcoming pretraining
difficulties for contextual comprehension, while
earlier models like Word2Vec only moderately
accurately captured word meanings.
An important turning point in the development

of NLP was the switch from BERT to GPT-4. As
shown in Figure 2, BERT’s bidirectional approach
transformed contextual comprehension, while the
creativity and adaptability of GPT models such
as GPT-1, GPT-3, and GPT-4 further advanced
the field. This concept is enhancing AI’s use in
real-world scenarios.
While these advancements have driven remark-

able progress in many widely studied languages,
their impact on low-resource languages, such
as Bengali, remains comparatively underexplored.
Bengali (Bangla) is one of the Indo-Aryan lan-
guages spoken by over a million people. The
basic Bangla alphabet consists of eleven vowels
and forty-nine consonants, along with additional
compound and numeric characters. These
composite symbols are formed by combining
consonants and vowels or consonants with one
another. Bengali is an inflectional language
that does not distinguish grammatical gender and
relies heavily on prefixes and suffixes to express
syntactic and semantic relationships.
While computational linguistics research for

Bengali historically lagged behind high-resource
languages like English, recent years have seen
significant progress, with the development of
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Fig. 3. Deep Tearning Approaches for NLP tasks: RNN
to Transformer

various NLP tools, datasets, and models. As
a result, Bengali is now considered a relatively
well-resourced language in the South Asian
context, with growing support for tasks such as
part-of-speech tagging, named entity recognition
and sentiment analysis.
However, despite these advancements, Bengali

like many other languages still presents unique
challenges for Large Language Models. Although
LLMs exhibit extraordinary abilities in under-
standing and producing human language, their
performance often skews toward high-resource
languages, leaving gaps in accuracy, reasoning,
and cultural nuance for languages such as
Bengali. These challenges highlight the need
for targeted evaluation and prompt-engineering
strategies to fully harness LLMs for Bengali NLP
tasks. Large LanguageModels continue to struggle
with many of the world’s languages, despite their
remarkable progress in comprehending human
language. This affects actual individuals; it’s not
just a technical glitch. Millions of speakers are
deprived of the same level of machine translation,
emotion analysis, and AI chatbots that English
speakers take for granted when AI systems have
trouble understanding these languages.Prompt
engineering can help with it. We can contribute to
closing this gap by properly crafting our prompts.
The problem, though, is how to create prompts

that work for languages for which the AI initially
has little training data. Teams from all around the
world have been working on this problem and have

developed innovative solutions that have a lot of
potential.
Prompt Engineering [35] and Large Language

Models have emerged as transformative ap-
proaches in Natural Language Processing, en-
abling significant advancements in tasks such
as sentiment analysis, text summarization, and
conversational agents.
However, most existing studies have primar-

ily focused on high-resource languages and
downstream tasks, leaving a critical gap in
understanding whether LLMs and prompt-based
techniques can effectively support foundational
NLP tasks like Part-of-Speech tagging, Named
Entity Recognition, and Morphological Analysis,
especially in low-resource language contexts.
This paper addresses the underexplored ques-

tion: Can prompt engineering with LLMs replace
traditional tools for foundational NLP tasks in
low-resource languages like Bengali? Our work
focuses on the Bengali language, which lacks
mature NLP resources, and investigates how well
general-purpose LLMs like GPT model perform on
core linguistic tasks.
To this end, we:

(A) Design and evaluate tailored prompts for basic
NLP tasks in Bengali.
(B) Evaluate the performance of LLM-generated
outputs with existing state-of-the-art models using
publicly available Bengali datasets.
(C) We analyze existing limitations and introduce
prompting strategies like zero-shot and chain-of-
thought to enhance efficiency in core NLP tasks.

2 Background

2.1 Basic NLP tools

Computational analysis and comprehension of
human language depend on Natural Language
Processing techniques. In order to process
languages, including Bengali, three essential NLP
techniques are required: Named Entity Recogni-
tion, Morphological Analysis, and Parts-of-Speech
tagging. A explanation of each tool is provided
below, along with Bengali examples:
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2.1.1 Named Entity Recognition

The recognizing various informational segments
mentioned in a text and then categorizing them
into pre-established groups is known as named
entity recognition. In a text, NER recognizes proper
names, locations, organizations, and other named
entities. It classifies words into predetermined
categories, including names of people, places,
organizations, and dates. The lack of capitalization
hints and spelling changes in Bengali make NER
especially difficult.
Let us consider an example.
Sentence: "রবীĨনাথ ঠাকুর শািġিনেকতেন বসবাস

করেতন।
(Translation: ”Rabindranath Tagore lived in San-
tiniketan.”)
NER Output is the following:

রবীĨনাথ ঠাকুর (Rabindranath Tagore) → PERSON,
শািġিনেকতন (Santiniketan) → LOCATION.

2.1.2 Part-of-Speech Tagging

These types of tasks assign an appropriate gram-
matical category to each and every word in a text.
POS tags are also referred to as morphological
classes and lexical tags. They all play a crucial role
in language processing by representing the word
and its environment [21, 31]. This technique is
widely utilized in applications such as information
retrieval, Text-to-Speech systems, shallow parsing,
and information extraction.
Moreover, POS tagging helps linguistic research

on corpora. It serves as a foundational step for
more advanced NLP tasks like semantic analysis,
parsing and machine translation [16]. Therefore,
for complex NLP applications in Bangali and other
languages, POS tagging serves as an essential
resource.
Let us consider an example.
Sentence: "েস সħুর ফুল েদখেলা।" (Translation:

”He/She saw a beautiful flower.”)
POS Tagging Output is the following:

েস (Se) → PRON (Pronoun),
সħুর (Sundor) → ADJ (Adjective),
ফুল (Phul) → NOUN (Noun),
েদখেলা (Dekhlō) → VERB (Verb - Past Tense).

2.1.3 Morphological Analysis

Morphology is the approach which tells how words
are formed by concentrating on their inherent
structure. The two classes of morphology are
derivational morphology and inflectional morphol-
ogy. When a word stem and a morpheme are
united in inflectional morphology, the resulting
word has the same class as the word stem; in
derivational morphology, however, the resulting
word has a different class than the word stem [24].
Let us consider an example.
Word: "েখলিছলাম" (khelchilam - ”was playing”)
Morphological Analysis Output is as follows:

Root: েখলা (khela - ”play”),
Suffixes: িছল (chil - past tense marker) + আম (am
- first-person singular marker).

2.2 Large Language Model

An artificial intelligence model builds on extensive
data to understand and produce human-like
language is known as a Large Language Model.
Similar models, including GPT series, learn to
understand and predict language patterns through
deep learning methods, especially transformer
architectures. LLMs are capable of effectively
doing many things, answering a question, sum-
marizing a text, translating a language, writing a
creative paragraph, or some code.These models
use billions of parameters to understand contextual
meanings, subtle nuances, and word relationships.
This helps them create coherent and contextually

appropriate responses. Over time, as they become
more capable, LLMs are applied in various areas,
changing fields like customer service, education,
and content creation. While these systems assist
us in many ways, they also raise ethical concerns
related to bias, misinformation, and responsible
use. This means we need careful development and
oversight in how we use them.
These powerful language models, which have

large parameter sizes, are specifically trained to
learn a great deal [6, 23, 42]. The architecture be-
hind many LLMs includes models like GPT-3 [14],
InstructGPT [30], and GPT-4 [1].
These models use self-attention as the main

method for language modeling. Transformers [2]
have changed natural language processing by
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Fig. 4. Trends in LLMs using prompt engineering
evaluation papers from 2020 to February 2025

effectively handling sequential data, enabling
parallel processing, and capturing long-range
relationships within text.
In-context learning [5] is one of the most

important abilities of LLMs. It allows a model
to create text step-by-step based on earlier
prompts or context that is improving coherence and
relevance. This feature is especially useful for
interactive tasks and conversations.
Reinforcement learning with human input [7, 43]

is crucial for enhancing LLMs. The model has
been trained using data from October 2023 to learn
how to improve itself based on human responses
received as rewards. It adjusts one layer at a time,
following a natural learning cycle where mistakes
become valuable.
Prompt engineering is basically instructions for

Large Language Models that organize and improve
interactions with LLMs. This is done through
effective input prompts that guide the model’s
responses. LLMs like GPT model use in-context
learning for further text generation. This makes
the training prompt crucial for their performance
[5]. By designing specific prompts, users can
shape LLM behavior without needing to fine-tune
the model. As a result, this method serves as
a powerful tool for many applications, including
text generation, question answering, and even
automated reasoning [34]. In addition, prompt
engineering plays an important role in reducing bias
and increasing task-level accuracy through their
ability to fine-tune performance through few- and

zero-shot learning, which requires fewer examples
to produce high-quality outputs [15].

2.3 Prompt Engineering

Here we provide a concise overview of different
prompting techniques and their growing benefits
towards improvement of the model performance.
Most of these prompting strategies were evaluated
on at least two main techniques — zero-shot and
few-shot.

Certain techniques specifically lend themselves
to zero-shot versus few-shot applications (or
vice versa), with no other reasonable options.
According to [33, 35], the language model in the
zero-shot technique is given no training data and
must rely only on its prior knowledge to finish tasks
when given explicit instructions.

As mentioned by [5], the few-shot setting aims
to enhance the model’s understanding by offering
it task-specific prompts along with a limited number
of training instances. Although studies have
demonstrated that few-shot prompting frequently
results in better performance, it also presents
difficulties, such as possible biases toward the
chosen few-shot examples, requiring thorough
data preparation.

2.3.1 Zero-shot Prompting Technique

Zero-shot prompting represents a transformative
approach to utilizing large LLMs. Rather than
requiring extensive training data, this technique
relies on well-designed prompts to direct the model
toward performing new tasks [33].

This method involves providing the model a task
description in the prompt, but it does not include
labeled data for training on specific input-output
relationships. Instead, it utilizes its pre-trained
knowledge to generate predictions specifically
based on the given prompt, enabling it to handle
new tasks effectively.
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2.3.2 Few-shot Prompting Technique

Zero-shot prompting gives models no examples.
But few-shot prompting gives models a small
number of input-output examples to help them
comprehend a particular task [5]. When it comes
to challenging tasks, having even a limited quantity
of high-quality examples is valuable for model
performance in comparison to the absence of
demonstrations. To accommodate the examples,
this method necessitates extra tokens, which may
not be feasible for larger text inputs.
Furthermore, model behavior is greatly in-

fluenced by the selection and organization of
prompt instances, and biases—like a predilection
for frequent words—may still affect outcomes.
Effective prompt engineering is crucial to maximize
results and minimize unintentional biases, even
while few-shot prompting enhances performance
on challenging tasks, especially for big pre-trained
models like GPT-3.

2.3.3 Chain-Of-Thought Technique

Wei et al. [40] focus on the idea that people
inherently divide difficult problems into smaller and
easier-to-manage subproblems before arriving up
with a final solution in their prompting approach.
In a similar way, the authors investigate how
producing a organized series of intermediate
reasoning steps that can greatly enhance LLMs’
reasoning ability. Their results show a significant
improvement over simple prompting, with the
largest performance difference for mathematical
problem-solving tests being about 38 percentage
and for commonsense reasoning tasks being about
26 percentage.

3 Early Work

An open-source finite-state morphological analyzer
was developed for Bengali language that is
described in the paper [13]. The authors create
a system using the open-source finite-state toolkit
lttoolbox in order to overcome these difficulties.
They then test the system’s ability to accurately
interpret Bengali morphology in order to assess its
effectiveness. Lastly, they offer possible upgrades

to improve the analyzer’s coverage and efficacy. In
this paper, the problem is that the analyzer requires
a lot of work and is still in the early stages. Its
coverage is restricted, requiring the human tagging
of many additional phrases. It has trouble with
multi-word verbs, particularly when the negative
particles are positioned differently. The complex
structure of Bengali verb negation makes it difficult
to distinguish the negative forms of verbs.
A better, more effective method is required be-

cause trying to handle this with layered paradigms
slows down the analyzer [38].
To enhance Named Entity Recognition (NER)

in Bengali, the researchers [37] tested with
several characteristics, including POS tags, word
suffixes and word embeddings. After optimizing
the BanglaBERT (large) model for this task, they
found that deep learning models are capable of
capturing intricate patterns that are difficult for
humans to recognize. Their optimized model
produced satisfactory performance, reaching an F1
score of 0.79. The significance of Bengali Complex
Named Entity Recognition (CNER) is emphasized
in the study, particularly when synthetic datasets
are used. All things considered, it shows how well
deep learning techniques like BanglaBERTwork for
Bengali NER problems. According to the paper,
deep learning models outperformed conventional
techniques like CRF on Bengali CNER. It also
implies that in order to attain high accuracy, deep
learning techniques need additional resources and
fine-tuning. Furthermore, because the data may
not accurately reflect authentic language use,
relying solely on a synthetic dataset may restrict
real-world applicability. Lastly, the field’s low
representation in NLP research suggests that
there aren’t many tools and resources available
for Bengali.
Bengali NLP research primarily concentrates on

specific areas such as optical character recogni-
tion, sentiment analysis, speech recognition and
text summarization. Nonetheless, comprehensive
resources that evaluate the latest BNLP tools and
techniques are noticeably lacking [36]. This
paper categorized into 11 groups such as POS
tagging, Information Extraction, Machine Transla-
tion, Sentiment Analysis and Speech Processing.
Using a variety of datasets, they examine traditional
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approaches including machine learning and deep
learning methods. While discussing the constraints
and new developments in BNLP.The field of BNLP
offers several advantages such as its growing
importance due to the widespread use of Bangla
and making it increasingly relevant on a global
scale. The paper provides a thorough review that
covering various preprocessing techniques and
classical as well as machine learning methods.
It is offering valuable insights into commonly

used approaches and identifying new areas that
remain unexplored. It also discusses the limitations
in the development of BNLP systems and presents
future research possibilities. Furthermore, it
highlights the complexities of BNLP and the ne-
cessity of understanding language characteristics
in modern challenges. On the downside, during
the development of BNLP systems the paper
acknowledges the significant limitation faced. The
complexities involved along with some areas that
still need more exploration. It suggests that BNLP
requires focused research and improvement to fully
unlock its potential.
The authors [8] define how a morphological

analyzer can be more successful by combining
contextual information such as surrounding words
or syntactic context. This process also includes
character-level properties like individual letters or
character sequences in the Bengali language.
This method helps the system’s understanding
and process out-of-vocabulary words. These are
words that it did not encounter during training.
It also increases accuracy when handling words
with several morphological forms (e.g., distinct
derivations or inflections). The program can
produce more accurate predictions by utilizing both
comprehensive character data and more extensive
sentence context. Lower performance and
irregularities in morphological feature agreement
may result from the existing system’s inadequate
integration of Bengali-specific linguistic features.
The paper [20] aims to develop and compare

supervised traditional approaches for Bangla part-
of-speech tagging. Utilizing a large dataset, the
research evaluates tagging accuracy to identify
the most effective method for enhancing POS
tagging performance in BNLP applications. Among
the models tested, the Long Short-Term Memory

network is achieved the highest accuracy is 95.60
percentage. However, the study is limited in scope,
as it evaluates individual tagging techniques in
isolation, without investigating hybrid or ensemble
models. Additionally, it focuses exclusively on
POS tagging in the Bangla language, without
extending to multilingual contexts. Future research
could address the challenge of improving tagging
accuracy for rare or ambiguous words.
The paper [38] aims to conduct a morphological

comparison between English and Bangla from
synchronic and grammatical perspectives. The
primary objective is to assist second language
learners in understanding the structural differences
between the two languages and overcoming
challenges in second language acquisition. The
study emphasizes that learning English as an
L2 is essential yet often difficult due to factors
such as mother tongue interference, age, and
motivation. Through its comparative analysis, the
research provides valuable insights into addressing
these challenges. By examining English and
Bangla across multiple linguistic dimensions, the
study contributes to improved comprehension and
acquisition for L2 learners. However, the study
is constrained by its small scale, exploratory
nature, limited financial and temporal resources,
and a lack of comprehensive study materials—
particularly concerning Bangla morphology and
syntax—highlighting the need for more extensive
and rigorous future research.
The paper [22] aims to develop an efficient

and accurate Part of Speech (POS) tagger for the
Bengali language using deep learning techniques
that leveraging morphological and contextual in-
formation to address linguistic ambiguities and
improve tagging accuracy for natural language
processing applications. This paper uses Deep
Belief Network (deep learning-based model) and
the model gives 93.33 Percentage accuracy. The
study is limited by data sparsity, with some POS
tag classes underrepresented in the corpus, and
by class imbalance, leading to potential bias toward
frequent tags. Additionally, the lack of availability of
comparable corpora prevented direct comparison
with previous POS tagging methods.
The paper [19] aims to develop an automated

Part-of-Speech tagging system for low-resource
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Bangla that utilizing a suffix-based approach
combined with a custom stemming technique. It
uses an extensive vocabulary database, and verb
pattern datasets. This model which is based
on rules that aims to enhance the precision and
speed of tagging in Natural Language Processing
tasks. It achieves an accuracy rate that is
93.7 percent. However, the system is limited
in scope, supporting only eight fundamental
POS tags without addressing subcategories or
punctuation—both of which are critical for more
nuanced NLP tasks. Additionally, the approach
does not incorporate probabilistic models, which
could potentially improve overall tagging accuracy.

The paper [9] focuses on developing a Bengali
Noun Morphological Analyzer using a linguistic
approach grounded in finite-state transducer gram-
mar. The objective is to analyze nominal suffixes
and enhance the morphological analysis of Bengali
nouns by expanding linguistic resources. The
analyzer is based on a set of FST grammar
rules and achieved an accuracy of 44 percentage.
However, the tool has several limitations. It relies
on a fixed set of transducer grammar rules and is
restricted to noun morphology, without extending
to other parts of speech. Additionally, it lacks the
ability to analyze named entities or complex noun
group structures.

The system does not yet support broader basic
NLP tasks for Bengali that indicating significant
scope for future development. The paper [10] is
to develop an unsupervised morphological analysis
algorithm for Bengali that effectively segments
words into prefixes, suffixes, and stems without
prior linguistic knowledge. The goal is to for
highly inflectional languages such as Bengali. The
approach focuses on morpheme induction and
word segmentation, achieving an accuracy of 64.62
percentage. However, the study has several
limitations. It struggles to handle highly irregular
word forms and does not incorporate semantic
information, which leads to attachment errors.
Furthermore, the approach is constrained by the
limited availability of annotated corpora for Bengali,
which restricts comprehensive empirical evaluation
and hampers the scalability and robustness of the
system.

The paper [26] is to develop and evaluate
a Grammatical Error Explanation system for
Bengali that not only corrects grammatical errors
but also provides meaningful natural language
explanations. To support this goal, the researchers
introduced a multi-domain dataset and bench-
marked various large language models to enhance
language learning in low-resource settings. The
system achieved an accuracy of 74 percentage
with GPT model and other LLMs forming the
backbone of the evaluation. Despite this progress,
the study found that these models struggle with
nuanced Bengali grammatical errors, such as
Guruchondali dosh, incorrect case markers —
particularly in short sentences containing multiple
errors. This study [3] focuses on developing
and evaluating deep learning models for Named
Entity Recognition in Bangla. It uses BERT-based
contextual embeddings. To tackle the common
challenges in low-resource languages like Bengali,
the study employs a modified cost-sensitive loss
function.

It also experiments with Conditional Random
Fields and Focal Loss. The proposed approach
combines BERT, BiLSTM, CRF, and class weight-
ing, achieving an accuracy of 73 percent. While the
cost-sensitive learning strategy improves F1 Macro
scores and helps with class imbalance, the model
was mainly evaluated on limited datasets and task
scopes. Therefore, further validation with more
diverse datasets and languages is needed to prove
its broader applicability and generalizability.

The goal of this paper [17] is to create a Bangla
Named Entity Recognition (B-NER) dataset that
includes eight different entity types. This addresses
the limitations of earlier systems, which were
limited to just three types. The dataset is manually
labeled using real-world data and aims to support
more research in Bangla NER. The accuracy of
Bidirectional Long Short-Term Memory model is
86 percent. Despite its comprehensiveness, the
B-NER dataset faces challenges related to class
imbalance and limited size which may hinder the
generalizability of trained models. Future work
is directed toward expanding and balancing the
dataset to improve its utility for robust NER system
development.
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4 Experiment

This research aims to assess whether prompt
engineering with Large Language Models can
effectively replace traditional tools for foundational
NLP tasks in low-resource languages, with a
particular focus on Bengali. Although Bengali
has seen progress in NLP research, it is an
ideal test case for evaluating the adaptability of
general-purpose LLMs such as the GPT family.

In our experiments, we designed and evalu-
ated customized Bengali prompts for basic NLP
tasks. We then compared the performance
of LLM-generated outputs with that of existing
state-of-the-art models using publicly available
Bengali datasets. To address the inherent
limitations observed in baseline performance, we
further incorporated zero-shot and chain-of-thought
prompting strategies, to strengthen the model’s
reasoning ability and boost its effectiveness in
low-resource linguistic contexts.

4.1 Dataset

Bengali is one of the prominent languages of the
family of Eastern Indo-Aryan languages. We used
the BanglaBlend dataset [4] for our experiment.

This dataset contains basically 7,350 annotated
Bangla sentences and categorized sentences
between the Common (Cholito) and Saint (Sadhu)
forms.

The dataset provides information for developing
language technologies like POS taggers and NER
for studying Bengali language structures with
computational methods.

The structure of the dataset is defined in Table 1
as well as the structure of the sentence. Each
sentence is categorized with sadhu and cholito
classification.

Fig. 5. System architecture of our work

4.2 Experimental Setup

The experimental setup is designed to test how well
large language models, particularly GPT-4o-mini,
can perform basic NLP tasks for the Bengali
language using prompt engineering techniques.
Themodel architecture, shown in Figure 5, has four
main components. T
he components are input module, prompt

generator, model engine, and output handler. The
input module takes raw Bengali sentences from
the BanglaBlend dataset. This dataset contains
annotated samples in both Sadhu (formal) and
Cholito (colloquial) styles. The prompt generator
receives the inputted text. This module converts
them into structured prompts for POS tagging,
Named Entity Recognition, and Morphological
Analysis.
We use two prompting strategies: Zero-Shot

and Chain-of-Thought. These strategies guide the
model’s reasoning. The prompts will be processed
by the model engine using OpenAI’s GPT-4o-mini
model.
The LangChain framework is used to commu-

nicate with the language model. For evaluation,
the output handler module captures and interprets
the model’s responses. It extracts the structured
results. In low-resource language contexts,
using prompt-based NLP solutions, the modular
setup provides a flexible and scalable way to
experiment. The system mainly depends on
OpenAI’s GPT-4o-mini language model, which is
accessed through the OpenAI API.
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Table 1. Examples of the BanglaBlend Dataset. Dataset Attributes with Examples of Sadhu and Cholito
Sentence Classification

Attribute Description

Sentence: 1. ফুটবেল এিটেক বলা হয় িকলার বল বা ফাইনাল বল
2. সেÄ বাদয্ থােক তাহা হইেল বর কেন েদিখবার িনিমø পাŢীর িভতর দিৃƀপাত কের

Label: Each sentence is classified as Sadhu (সাধু ) and Cholito (চিলত) for
example:

1. ফুটবেল এিটেক বলা হয় িকলার বল বা ফাইনাল বল→ Cholito (চিলত)
2. সেÄ বাদয্ থােক তাহা হইেল বর কেন েদিখবার িনিমø পাŢীর িভতর দিৃƀপাত কের→

Sadhu (সাধু )

By using the LangChain framework, the prompt
construction and response handling would be
managed in a modular way. This framework helps
to make the interaction between the language
models and the external data sources. The system
is implemented with the help of Python 3.10 which
is supported by several libraries.

These included openai for API communication,
langchain for managing prompts, dotenv for secure
handling of API keys through a .env file, and
standard libraries like json and pandas for data
formatting and analysis. We set the temperature
in the experimental setup to 0.7, keeping other
decoding parameters, such as top-p, at their default
values. These settings maintained consistency
across experiments while allowing for detailed
control over the model’s creativity and response
diversity. All experiments took place in Google
Colab, providing a cloud-based and GPU-enabled
environment that supported rapid prototyping,
reproducibility, and effective resource use.

4.3 Evaluation Metrics

We use the bengali prompting techniques for
performing basic NLP tasks on Bengali language.
Precision, Recall, and F1-Score help us to examine
the model’s ability to perform basic tasks like
parts-of-speech tagging, morphological analysis,
and named entity recognition. They perform

Fig. 6. POS tagged analysis with the Zero-shot prompt

these tasks by generating acceptable and relevant
outputs.
1. Precision is the proportion of actually expected

positive calls to all those being classified as positive
predicted. This metric offers the following query:
What percentage of the objects to which the model
has applied a certain tag are in fact correct?
2. The percentage of positive examples in

the data that were accurately predicted is known
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Fig. 7. POS tagged analysis with the Chain-of-Thought
prompt

as recall. In simple terms, it asks: How many
items did the model identify correctly if we take
into consideration all the real items that should
have been assigned a particular label? Even
if some incorrect examples are included, a high
recall shows that the model is very responsive and
receives the majority of the appropriate instances.

3. A key measure that illustrates how effectively
the compromises balance out is the F1-score,
which is a harmonic mean of recall (Rn) and
precision (Pn). It is calculated by this formula:

F1 − score = 2× Pn×Rn

Pn+Rn
. (1)

Fig. 8. Morphology Analysis with the Zero-shot prompt

These metrics were calculated separately for
each task, including POS tagging, morpholog-
ical analysis, and NER, using both prompting
strategies. The results were compared with
those of traditional machine learning models
mentioned in previous studies. This comparison
helps us assess not only the overall performance
of GPT-4o-mini but also how it measures up
against domain-specific models developed through
conventional approaches.

5 Result

In this study, we describe how effectively LLMs,
specifically the GPT-4o model, using prompt
techniques can perform on basic natural language
processing tasks such as NER, POS tagging, and
Morphological Analysis for the Bengali language.
To help the LLM in completing tasks, we apply two
Bengali prompting techniques that are Zero-Shot
Prompting and CoT Prompting.
We use the publicly available BanglaBlend

dataset [4] which contains a huge range of Bengali
texts. The dataset is categorized into Sadhu
Bhasha (formal) and Cholit Bhasha (colloquial).
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Fig. 9. Morphology Analysis with the Chain-of-thought
prompt

5.1 POS Tagging

To analyze parts of speech tagging on the
GPT-4o-mini model, we work on two prompting
techniques that are zero shot and chain-of-thought
prompt. This helps us to understand how well the
model identifies grammatical categories of words
with different levels of prompt guidance.

5.1.1 Zero-Shot Prompt

This prompt is a direct instruction which is being
sent to the model without examples or intermediate
reasoning for analysis pos-tagging. In Figure 6,
we define Bengali the zero-shot prompt for POS
tagging analysis.

Fig. 10. NER Analysis with the Zero-shot prompt

5.1.2 Chain-of-Thought

We instruct the model using Chain-of-Thought
prompting to perform the step-by-step reasoning.
In Figure 7, the Bengali chain-of-thought prompt is
used for POS tagging analysis that has both the
input and the corresponding output.

5.1.3 Morphological Analysis

An important basic task of natural language pro-
cessing is morphological analysis, which aims to
decompose words into their fundamental meaning-
ful components that are called morphemes (roots,
prefixes, suffixes). This helps in understanding
the word structure, meaning, and its grammatical
function.
In this study, we utilize GPT-4o-mini to perform

morphological analysis developed by OpenAI.
We explore the model’s performance using two

different prompting strategies:
(a) Zero-shot prompting,
(b) Chain-of-Thought prompting.
The goal is to compare the effectiveness of

each technique in helping the GPT-4o-mini model
accurately perform morphological analysis.

5.1.4 Zero-Shot Prompt

In this setting, we provided a direct instruction
to the model without examples or intermediate
reasoning. Figure 8 presents the zero-shot prompt
for morphological analysis, detailing the input and
its corresponding output.
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Fig. 11. NER Analysis with the Chain-of-Thought prompt

5.1.5 Chain-of-Thought Prompt

we asked the model to perform a step-by-step
reasoning using Chain-of-Thought prompting. Fig-
ure 9 presents the chain-of-thought prompt for
morphological analysis, detailing the input and its
corresponding output.

5.2 NER Analysis

A basic task in Natural Language Processing
is Named Entity Recognition. This involves
recognizing and categorizing entities in the text
into established categories like personal names,
organizations, geographical locations, dates, etc.
Traditionally tackled using machine learning

or rule-based models, modern transformer-based
models like GPT-4o-mini developed by OpenAI
offer a new way to approach NER using prompting
techniques.
We explore the model’s performance using two

different prompting strategies:
(a) Zero-shot prompting,
(b) Chain-of-thought prompting.

5.2.1 Zero-Shot Prompt

In this setting, we provided a direct instruction to the
model without examples or intermediate reasoning.
Figure 10 presents the zero-shot prompt for NER
analysis, detailing the input and its corresponding
output.

5.2.2 Chain-of-Thought Prompt

We instructed the model to engage in step-by-step
reasoning using chain-of-Thought prompting. Fig-
ure 11 presents the chain-of-thought prompt for
morphological analysis, detailing the input and its
corresponding output.
Although all prompts in this study were originally

designed in Bengali, we also translated and tested
them in English. The results remained consistent
across both languages.
In Table 2, our results using Bengali prompting

techniques have been compared with the existing
state-of-the-art where the results for our system
are displayed in the first two rows, while the
results for one of the most advanced techniques
currently in use are displayed in the third row.
The evaluation covers three foundational natural
language processing tasks: Part-of-Speech Tag-
ging, Morphological Analysis, and Named Entity
Recognition for the Bengali language. Chain-
of-Thought prompting consistently outperforms
Zero-Shot prompting across all three tasks that
is showed in the result section and indicating
that step-by-step reasoning helps the model
generate more accurate and structured outputs.
For instance, in POS tagging and morphological
analysis, CoT prompts yield significantly higher
F1-scores, demonstrating their effectiveness in
handling grammatical and inflectional complexities
of Bengali.
Compared to traditional models, GPT-4o-mini

with CoT prompting performs competitively or even
better in several cases. Specifically, while SVM
and LSTMmodels have shown strong performance
in earlier benchmarks, the language model’s ability
to generalize through in-context learning and rich
language understanding allows it to surpass these
approaches in certain scenarios—particularly in
POS tagging and morphological segmentation.
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Table 2. Comparison of NLP Task Performance using Bengali Zero-Shot prompt and Chain-of-Thought Prompt with
GPT-4o model versus existing state-of-the-art

NLP Tools Methodologies Model Precision Recall F1-Score

POS-tagging Bengali prompt using Zero-
Shot

GPT-4o-mini 85.0 54.0 66.04

Bengali prompt using Chain-
of-Thought

GPT-4o-mini 91.4 74.5 82.08

Deep learning [20] LSTM 70.0 73.0 71.0

Morphology Bengali prompt using Zero-
Shot

GPT-4o-mini 84.0 64.6 73.03

Bengali prompt using Chain-
of-Thought

GPT-4o-mini 92.3 78.8 85.01

Morpheme Induction and
Word Segmentation [11]

UnDivide++ 86.64 80.02 83.19

NER Bengali prompt using Zero-
Shot

GPT-4o-mini 44.3 30.1 35.84

Bengali prompt using Chain-
of-Thought

GPT-4o-mini 76.0 35.8 48.67

Bengali Named Entity
Recognition using Support
Vector Machine [12]

Support vector ma-
chine

89.4 94.3 91.8

However, in case of NER, traditional models
like SVM still outperform GPT-4o-mini, suggesting
that LLMs may require more refined prompts or
additional linguistic signals for tasks involving entity
classification.

Overall, the comparison underscores the grow-
ing potential of prompt engineering with LLMs as
a flexible, resource-efficient alternative to conven-
tional NLP pipelines, especially in low-resource
languages.

MAP score is normally used to evaluate the per-
formance of morphological analysis. In this paper,
we have used precision, recall, and F1-score to
bring uniformity in performance measurement of
morphological analysis.

5.3 Error Analysis

This section presents our results on morphological
analysis, named entity recognition, and part-of-
speech tagging using zero-shot and chain-of-
thought prompting techniques, along with an error
analysis. We focus on evaluating common failure
patterns, linguistic challenges, and comparative
strengths/weaknesses of both approaches. Here,
we divide the errors into types. For each task,
look at what types of errors happen and provide
examples.

5.3.1 Named Entity Recognition

In Bengali, zero-shot prompting failed to recognize
even common named entities like geographic fea-
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tures, such as "সমđু". By encouraging the model to
think about the token’s meaning, even when direct
language support was limited, chain-of-thought
prompting improved recognition.

5.3.2 Zero-Shot Prompting Example

Let us consider an example:

Sentence: "েসখানকার জানালা িদেয় সমđু েদখা
যাইেতিছল"
Zero-shot Output: No entities were recognized.
Expected Output: সমđু is a Location (considered a
geographic entity).

The zero-shot model failed to identify "সমđু" as a
location or named entity. This indicates a lack of
support for Bengali or inability to handle non-Latin
script without additional prompt guidance.

5.3.3 Chain-of-Thought Prompting Output

The word 'সমđু' refers to a natural geographical
feature. It represents a large water body and is
typically treated as a location entity.

The expected output is: All tokens labeled as
”Other”.

Although "সমđু" can refer to a common noun, in
this context it acts as a geographic location. The
CoT prompt does not consider subtle meanings
and context especially in low-resource languages
like Bengali.

To improve named entity recognition (NER)
in Bengali, especially in cases with implicit or
context-based entities, a new prompting technique
is necessary. This prompt technique struggles to
capture detailed language patterns. Combining
CoT with contextual templates can steer the model
through organized reasoning. For effective NER,
it’s essential to include Bengali-specific language
features like word order and pronouns.

5.3.4 Morphological Analysis

The model struggles particularly in identifying
compound words and inflections. This issue stems
from the model’s existing dataset which does
not include the specialized training required for
Bengali’s complex morphology. That is why it
misclassified words and fails to identify root forms
accurately.
Zero-shot prompting, which relies on generalized

patterns, does not capture the specific nuances of
the language. This situation highlights the need
for tailored instruction in languages with complex
morphology, like Bengali.

5.3.5 Zero-shot Prompting Output

Let us consider an example.
Sentence: "েসখানকার জানালা িদেয় সমđু েদখা

যাইেতিছল"
Output:

1. েসখানকার - েসখােন - Pronoun/Determiner -
Genitive case,
2. জানালা - জানালা - Noun - Singular, feminine,
3. িদেয় - েদওয়া - Verb - Postposition (Instrumental
Case),
4. সমđু - সমđু - Noun - Singular, masculine,
5. েদখা - েদখা - Verb - Infinitive,
6. যাইেতিছল - যাইেত - Verb - Past continuous tense.
Expected Output: িদেয় - েদওয়া is not Postposi-

tion (Instrumental Case), it will be Verb - Present
participle.

5.3.6 Chain-of-Thought Prompting Output

The results produced by Bengali Chain-of-Thought
prompt gives better result than the zero-shot
prompt.
Our experiments indicated that CoT prompt

techniques usually improve performance by de-
composing reasoning into intermediate steps.
Here, CoT did not significantly outperform

the zero-shot prompting techniques for Bengali
morphological analysis. Specifically, even af-
ter adding reasoning steps, some words with
complex morphological structure continued to be
wrongly evaluated.
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5.3.7 POS-tagging Analysis

Here, we analyze the POS tagging output for a
Bengali sentence "সকেলরই অনাবতৃ েদহ সকেলর েসই
অনাবতৃ বেক্ষ আরিশর ধকুধিুক চĨিকরেণ এক একবার
Øিলয়া উিঠেতেছ" using zero-shot and Chain-of-
Thought prompting techniques both.
Although most of the tokens were correctly

tagged, an error was observed in the classification
of the word “একবার”, which was incorrectly
identified as a noun.
Identified POS Tagging Error:

Word: একবার,
Expected Tag: Adverb (Temporal – meaning
”once”),
Model Output: Noun,
Error Type: POS Misclassification.

While the POS tagging performance was mostly
accurate, "একবার" was wrongly treated as a noun
by both zero-shot and CoT prompting, which failed
to categorize it as an adverb. This shows a
more general problem: when the model lacks a
strong linguistic basis, particularly in low-resource
or morphologically rich languages like Bengali,
even CoT reasoning does not always increase
accuracy.
So, to improve the accuracy of POS tagging,

a new prompt is required that specifically ad-
dresses the challenges of Bengali morphological
nuances. The current zero-shot and Chain-of-
thought prompts fail to accurately classify certain
words, such as “একবার”, due to their syntactic
ambiguity. A more tailored approach is needed
the incorporation of contextual rules or explicit
instructions to handle adverbs, noun forms, and
case markers.

6 Conclusion

This paper demonstrates the applicability of large
languagemodels such asGPT-4o-mini for address-
ing significant NLP challenges, including named
entity recognition, morphological analysis, and
part-of-speech tagging, in low-resource languages
such as Bengali. The models showed competitive
performance, frequently outperforming traditional

techniques by using well-crafted prompts, espe-
cially the chain-of-thought prompting methodology.
Particularly with chain-of-thought prompting, which
outperformed zero-shot methods, the highest
F1-scores were obtained for POS tagging, morpho-
logical analysis, and NER analysis.
The study also identifies shortcomings in LLMs’

ability to handle language-specific complications,
despite these encouraging findings. The difficulties
encountered in NER and morphological analysis
tasks highlight the need for more sophisticated,
language-specific prompts that take context and
morphological nuances into consideration. These
nuances were not well captured by zero-shot
and chain-of-thought prompting alone, especially
in languages with complex inflectional systems
and non-Latin scripts. More advancements are
required, such as the creation of more complex and
customized prompting strategies that incorporate
specialized linguistic knowledge and contextual
rules.
Overall, the results indicate that LLMs have a lot

of potential to improve NLP tasks in low-resource
languages with limited resources if they are
appropriately guided by prompt engineering. To
improve these models for more precise and reliable
performance in linguistic analysis, more study is
needed, especially for languages with complex
syntax and morphology.
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