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Abstract: Raw text is the most prevalent form of human language in digital and electronic formats. This research proposes a comprehensive Bangla language processing framework that transitions raw data into structured data and value-added information through clearly defined annotation guidelines. Unlike existing fragmented approaches, this work offers a unified treatment of corpus development and annotation. It specifically detailed each processing phase and its input-output specifications. The pipeline focuses primarily on the text-understanding components and integrated essential tasks such as Parts of Speech (PoS) tagging, parsing and Named Entity Recognition (NER) etc. Moreover, to establish the semantic state of their linguistic inputs, the framework includes coreference resolution and word sense disambiguation. This end-to-end pipeline is designed for several different uses, including high-precision sentiment analysis, automated content moderation, and developing gold standard datasets that can be used in advanced Bangla NLP research.
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1. Introduction: 
Language processing is mainly used to understand language and build practical, data-based applications. It works through several steps that are connected in a flexible, non-linear pipeline. For English, clear standards and benchmarks already exist. However, Bangla still lacks such well-defined benchmarks and is often described as a low-resource language. The main reason for this is the limited availability of linguistic data. In recent years, some neural language models have played a crucial role in advancing Bangla NLP. Transformer-based models such as BanglaBERT (Bhattacharjee et al., 2022) have shown better performance in handling complex linguistic features than previous rule-based or statistical approaches. Also, recent enhancement in Indic language processing, such as IndicTrans2 (Gala et al., 2023), show progress in machine translation, but there is still a significant need for a dedicated annotation pipeline for Bangla text understanding. Although these models provide strong linguistic representations, this study emphasizes the necessity of a clear and structured end-to-end processing pipeline. Such a pipeline helps connect raw textual data with meaningful neural interpretations, especially in low-resource Bangla language settings. This underscores that the absence of a widely accepted standard framework for the scientific analysis of Bangla clearly emphasizes the necessity of the proposed processing pipeline.
2. Literature Review:
Over the past several years, many research papers have been published on different aspects of Bangla language processing. Most of these studies focus on solving a single NLP problem rather than explaining the full processing pipeline. However, language processing does not work in isolated steps; it is a complete and connected pipeline. In high-resource languages, the idea of a processing pipeline is clearly explained in the documentation of many NLP tools and libraries. This is not the case for Bangla. Since text processing cannot be done through separate or fragmented steps, it must follow a continuous process. In this study, text collection, annotation, and distribution are treated as parts of this pipeline. Therefore, the discussion mainly focuses on research related to language processing as a whole.
In the context of corpus development, Martin Wynne’s edited book (Wynne, 2005) is a helpful and relevant reference. His theoretical discussions provide useful guidance for maintaining corpus quality. The idea of a processing pipeline is also clearly explained in the book by Jurafsky and Martin (2009), which is widely recognized for introducing the basic concepts of natural language processing. The book describes different stages of processing, from data cleaning to semantic annotation, including an understanding of word embeddings. In addition, several NLP tools such as Stanford OpenNLP and NLTK follow and apply the pipeline approach in practice. Therefore, the guidelines used in these tools can be considered reliable standards for language processing.
After the corpus is developed, the main focus becomes annotation. In this field, the book by Pustejovsky and Stubbs (Pustejovsky and Stubbs, 2012) is widely regarded as the Bible of annotations. The book explains the theoretical aspects of annotation in a systematic way and discusses its major complexities in detail. On the other hand, the applied side of annotation is clearly presented in the documentation (Language Processing Pipelines: n.d.) of Spacy and Prodigy (Annotation interfaces: n.d.). Their guidelines are practical and focus on real-world implementation. At the same time, these tools also provide strong theoretical support. Documentation of other tools like Doccano (Text Annotation for Human: n.d.) also helps to understand annotation from a practical perspective. In studies related to different processing phases of the Bangla language, many discussions are data-driven. Most researchers have focused on POS tagging (Sarkar & Basu, 2007; Parts of Speech Tagset: Bengali, 2009; Ekbal, Hasanuzzaman & Bandyopadhyay, 2009; Bali & Choudhury, 2010; Dash, 2013; Paul & Mumin, 2014). Along with Parts of Speech (PoS) tagging, a limited number of studies have discussed Lemmatization and Named Entity Recognition (NER) (Chakrabarty, Chaturvedi, & Garain, 2016; Ekbal & Bandyopadhyay, 2009; Banerjee, Naskar & Bandyopadhyay, 2014). Also a few studies has been done on the structure of Bangla sentences (Chatterji, Dhar, Sarkar & Basu. 2012). However, research on phrase-based parsers or dependency parsers from a computational perspective is still rare. Similarly, there are very few theoretical discussions on coreference resolution and word sense disambiguation, even though these areas are important for representing the structure of Bangla. Moreover, most of the existing studies did not develop a gold standard dataset, nor did they use large annotated datasets. Therefore, this study proposes a data-driven processing pipeline to develop a gold standard dataset and to support a scientific understanding of the Bangla language.
Holistic language processing usually depends on a number of well-known tools and pipelines. Over the years, several libraries have been used regularly in this area. These include NLTK by Loper and Bird (2002), Stanford CoreNLP by Manning et al. (2014), Spacy by Honnibal and Montani (2017), AllenNLP by Gardner et al. (2018), Flair by Akbik et al. (2019), Stanza by Qi et al. (2020) and Huggingface Transformers by Wolf et al. Many researchers rely on these tools for common natural language processing tasks. Among these libraries, Stanza is designed around a neural-based processing pipeline. It handles text step by step. Among them, Stanza uses a neural pipeline for text engineering, including tokenization, multi-word token expansion, lemmatization, part-of-speech and morphological feature tagging, dependency parsing, and named entity recognition. Similar multi-step pipelines can also be seen in other libraries. Most of them use probabilistic models. In general, their performance is stable and acceptable for practical use. Some tools are especially useful for languages with limited resources. One example is the Indic NLP Library (Kunchukuttan, 2020). This library applies several feature engineering steps in its pipeline. These steps include text normalization, handling script information, tokenization, word segmentation, script conversion, romanization, indicization, transliteration, and translation. Such steps help in processing Indic languages more effectively. The iNLKT (Arora, 2020) uses tokenization, NER, POS, and Text entailment though it emphasizes embedding vectors and language models.
Well-known NLP models such as spaCy (Honnibal & Montani, 2017) and Stanza (Qi et al., 2020) provide efficient processing pipelines for many languages. However, when they are applied to Bangla, the internal processing often functions as a 'black-box'. These systems rely heavily on pre-trained models and mainly produce automatic outputs, which do not always reflect the morphological and syntactic properties of Bangla in detail. In this study, we take a different approach by focusing on a transparent and data-driven annotation framework, rather than relying only on automated computation, to support linguistic analysis more effectively. By offering a unified treatment of corpus development and multi-layer annotation guidelines, this study serves as a crucial complement to existing neural pipelines, enabling researchers to build high-quality gold-standard datasets that these automated tools can eventually learn from. Recent studies on Large Language Models (LLMs) for Bangla, such as BanglaBERT (Bhattacharjee et al., 2022) and Llama-based fine-tuning (Islam et al., 2024), demonstrate that despite the power of automated systems, the lack of human-verified 'gold standard' data remains a bottleneck for achieving high linguistic accuracy.
Recent advances in NLP have been strongly influenced by multilingual models such as XLM-RoBERTa (Conneau et al., 2020). These models offer powerful contextual representations for many languages. However, their successful application in low-resource language settings such as Bangla is still limited. Existing research on Bangla text classification (Roy et al., 2023) primarily focuses on improving performance through pre-trained neural embedding. As a result, explicit linguistic preprocessing of raw textual data is often overlooked. While transformer-based models successfully capture abstract semantic information, they do not naturally perform linguistic decomposition; therefore, tasks such as Parts of Speech (Pos) tagging and Named Entity Recognition (NER) remain underexplored within these automated frameworks. Furthermore, recent explorations into automated content moderation and complex syntactic parsing (Hossain et al., 2024) highlight a growing demand for structured linguistic frameworks. These models are limited because they rely on noisy datasets without providing a clear methodology for systematic data preparation
To overcome these limitation, this research proposes a dedicated end-to-end processing pipeline which is designed specifically for Bangla linguistic data. The proposed NLP pipeline converts unstructured raw text into structured linguistic data and provides a crucial bridge between modern advanced NLP applications and domain-specific academic research.

3.0. Why Processing 
In the current era of unsupervised machine learning, a common question often arises: why does a corpus need to be processed at all? These are due to several reasons. One important reason is that raw text often contains different types of markup tags. It may also include page-related information or unnecessary words from other scripts. Such elements do not help analysis and therefore need to be removed or treated as noise. Another reason is related to language understanding. In order to analyze a language properly, the data must be processed based on a specific goal. Raw text alone is not sufficient for meaningful analysis. Processing helps make the structure and patterns of the language clearer. A third reason is dataset preparation for machine learning models. To build effective models, different feature engineering tasks are required. These tasks cannot be performed without processing the data first. Because of this, text processing demands a good understanding of the language itself. It also requires knowledge of areas such as descriptive linguistics and corpus linguistics. In a general sense, there are two simple reasons for processing textual data. The first is to understand the language. The second is to solve problems based on machine learning. 
3.1 How natural language functions
One of the main purposes of linguistic data processing is to understand language in a scientific way. Language is complex, and data helps us study language clearly. For example, only big data processing can show how many verbs a specific language has and what types of verbs they are. In the same way, data processing can easily explain the ratio of content words to functional words in a corpus. It can also help us find how many words from different languages exist in a corpus. Moreover, it allows us to identify the least used words and the most frequent words in a language. For all these purposes, data processing is necessary at every step.
The traditional grammar system commonly presents the rules of a particular language from references to past literatures or from the intuition of the linguists. The processing of languages happens in a different manner altogether. In corpus linguistics, the rules and processes associated with a particular language are obtained from analysis. The traditional grammar systems, which have been going on for quite a number of years, are the forerunner of corpus linguistics. However, human languages are highly diverse. Because of this diversity, the grammar or rules obtained from large-scale machine analysis of big linguistic data are often different from traditional grammar systems. Many limitations of traditional grammar could not be fully addressed by human linguists alone. These gaps can be filled through scientific analysis of big linguistic data. Traditional grammar systems, including the descriptive linguistics model, do not cover all aspects of language use. For specific linguistic problems, these uncovered areas can be addressed by corpus linguistics. The descriptive linguistics model mainly focuses on core text analysis, such as constituency parsing and word sense disambiguation. In contrast, corpus linguistics examines every process related to language data in a broader and more detailed way. At the same time, corpus linguistics also plays an important role in fulfilling the needs of lexicography.
As a result, language needs to be processed with the help of technology for proper analysis. Some processes can be identified directly through quantitative analysis. However, some types of analysis still require human intelligence and careful effort. Basic data and initial findings can be obtained through direct quantitative analysis of a corpus. For example, it can show character frequency in the corpus; corpus token and type number; type-token ratio; most frequent and least occurred tokens; total number of sentences; sentence numbers based on word count; and the longest and shortest sentences.
More quantitative analysis can be done when metadata is available. Metadata provides extra information about the corpus. For example, it can show how many sources are used and how many topics or domains are covered. It also helps to understand how much data exists at a certain time, based on the time of creation. In addition, metadata can indicate the rate of copyright-free content in the corpus. It can also show the ratio of oral data to transcribed corpus and return corpus.
Some steps can be handled using simple formulas, such as regular expressions. These are often used for noise removal or data cleaning. They are also useful for normalization and stop word removal. In many cases, morphological analysis can be done by extracting the stem or lemma with the help of such formulas.
The internal structure of a language can be identified through annotations. However, annotation is a highly laborious and expensive process. It also requires computational knowledge to prepare proper guidelines. This means the annotator must clearly understand how the data will be analyzed. Therefore, data needs to be processed and annotated based on the goals of the data scientist. As a result, many basic language problems can be addressed through annotations. These include Parts of Speech Recognition, STT Recognition, Shallow Parsing or chunking, Dependency Parsing, Correlation Resolution, and Word Sense Disambiguation.
3.2 Solving ML problems for real life applications
What is the benefit of identifying language features through technology? This question can be explained through Alan Turing’s idea in Can Machine Think (Turing, 1950: 433–460). The philosophy behind Turing’s question brought a major change in information science, especially in the field of NLP. It introduced the idea that machines can store and process linguistic knowledge in the form of an artificial knowledge graph. Such a system can manage different features of human language. This shows that linguistic data and its processing are essential for building language-centered artificial intelligence. In real life, these applications are often called artificial intelligence. In technical terms, they are known as machine learning or ML. Although the idea is revolutionary, the working process is quite simple. In traditional software systems, input data is processed strictly according to fixed rules or instructions. These systems can only produce output based on predefined formulas. They cannot solve problems beyond those rules or previous inputs. Machine learning works differently. It analyzes input and output data and removes the fixed middle rules. As a result, the system learns patterns on its own by extracting rules from the data. This allows it to handle new problems beyond earlier inputs. That is why input and output data are extremely important in any AI application.
4.0 How to process:
In NLP applications, a dataset or corpus is the main raw material for developing any system. Therefore, the process usually starts with corpus collection. However, collecting a dataset alone is not enough. Researchers must also ensure both the quality and quantity of the corpus.
To maintain quality, certain parameters need to be justified, such as balance and representation. For quantity, several criteria must be checked, including deduplication and the type-token ratio. Along with quality and quantity, other important issues must be considered for proper corpus management. These include interoperability and long-term sustainability of the corpus. e.g., source, metadata, and storing and distribution. No electronic corpus can represent the complete nature of human language. This is because corpus collection and enrichment is a continuous and never-ending process, and it requires constant updating. As a result, developing a fully complete and perfectly functional corpus is a very complex and almost impossible task. Still, when creating nationally tagged corpora, significant attention is given to both qualitative and quantitative standards so that they can reasonably represent a language. Analysis of such corpora provides an almost accurate understanding of the language and is also highly useful for real-life application development.
There is no fixed limit or standard regarding how large a corpus should be in terms of quantity. However, a comparative discussion of several internationally recognized corpus collections (The most widely used online corpora, n.d.; Leipzig Corpora Collection, 2017; Mumin, Seddiqui, Iqbal & Islam, 2018; bnWaC: Bengali corpus from the web, n.d.) suggests that the size needs to be very large in order to properly understand the nature of a language.
	              Corpus name 
	# words in million
	Time period

	Google Books: American English
	155000
	1500-2000

	Google Books: British English
	34000
	1500-2000

	Global Web-Based English (GloWbE)
	1900
	2012-2013

	Wikipedia Corpus
	1900
	2000-2014

	Hansard Corpus
	1600
	1803-2005

	Early English Books Online
	755
	1470s-1690

	Corpus of Contemporary American English (COCA)
	560
	1990-2017

	Corpus of Historical American English (COHA)
	400
	1810-2009

	Corpus of US Supreme Court Opinions
	130
	1790-2020

	TIME Magazine Corpus
	100
	1923-2006

	Corpus of American Soap Operas
	100
	2001-2012

	British National Corpus (BYU-BNC)
	100
	1980-1993

	iWeb: The Intelligent Web-based Corpus
	14000
	2017-2020

	News on the Web (NOW)
	6040
	2010-2018

	bnWaC
	11.5
	-

	SUMono 
	27
	-

	CIIL Bengali Corpus
	03
	-

	SUPara
	.8
	-

	Lipzip Bengali Community
	16
	2017-2020



Table 01: Token amount of well-accepted Corpus (The most widely used online corpora, n.d.)
A data repository that mainly contains general language features is known as a General Corpus. There are several other types of corpora, each designed for a specific purpose. These include Purposive Corpus, Monolingual Corpus, Parallel Corpus, Multimedia Corpus, Learner Corpus, Diachronic Corpus, and Specialized Corpus. A corpus is usually created for a particular application or research goal. For example, an erroneous corpus is developed for spell checker software. It contains collections of correct spellings and common misspellings. On the other hand, a parallel corpus aligns two or more corresponding units of text across different languages or forms. i.e. machine translation corpus.

Corpus can be collected in different ways. In the past, corpora were mainly created for lexicographical purposes. At that time, the main sources were printed materials such as newspapers, magazines, and books. Today, with the growth of electronic texts on the web, large amounts of data can be collected using scrapers and crawlers. However, corpora collected in this way are not always well diversified. Even so, this method makes it possible to build very large corpora, sometimes containing billions of tokens, with minimal effort. In many cases, newspaper websites provide structured metadata, topics, tags, and menu links. These features help cover relevant and contemporary domains of language use. Still, to ensure usefulness, a corpus must be evaluated in terms of its quality.
	1. When setting balance or representation based on domain or topic, the first step is to verify the authenticity of the source. Next, each mother-child domain should be checked to see whether it matches well with related sister domains, based on the assigned tags. Finally, it is important to ensure that the same document is not counted repeatedly across different domains, as single document can usually cover more than one topic.
 2. Since a corpus is built from real-life data created by others, all copyright issues must be carefully addressed before publication and further use. A closed corpus without proper copyright clearance is both a poor and unethical investment.
3. Not only the variety of topics or domains, but also a general corpus must be balanced and representative in terms of text types. To ensure the natural diversity of a corpus, some mandatory categories need to be considered, which are listed below:
Structured, non-running vs Unstructured, running text: A text corpus is usually unstructured in nature. However, a small part of the corpus may include structured or tabular data.
Imaginative vs Informative text: A corpus should include imaginative texts taken from literary sources, which are rich in creativity, rhetoric, and critical thinking. At the same time, easily available sources such as web news mostly contain informative texts. Therefore, the ratio between imaginative and informative texts should be balanced according to the purpose of the corpus.
Formal vs Informal text: If a corpus only represents formal or classical language, it becomes difficult to use it for real-life applications. To understand everyday language use, data must also be collected from informal and real-life contexts.
Scripted vs Non-scripted: There is a clear difference between written text corpora and transcribed oral corpora. Written texts usually reflect standard language, while non-scripted oral data represents how people actually speak in real life.
Subjective vs Objective: Texts written from a personal or autobiographical point of view differ from objective or neutral writing. A balanced corpus should include both types.
Narration vs Conversation: A corpus must contain a significant amount of conversational data used in daily communication and services. Many applications, such as question answering systems, virtual assistants, and chatbots, mainly depend on conversational datasets.
Source: Print, web, and speech: Although web-based corpora are the most common because they are electronic, data from printed sources should also be included. In addition, transcribed speech or oral data must be part of the corpus to ensure completeness.
	4. The corpus dataset should support the GIF curve. It should also be checked against another established corpus to ensure similarity and homogeneity of linguistic features.
	5. The composition period and publication time of the corpus are important factors. A corpus may be used for a specific application, but it can also help visualize how a language changes over time.
	6. At every stage of corpus development and use, common encoding standards must be supported. In particular, utf-8 and utf-16 should be used to properly recognize local languages.
	7. The corpus should include granular-level metadata that covers all the conditions discussed earlier. However, a brief metadata format is provided in Appendix A.

 4.1 Annotation and human-in-the-loop
Annotations are one of the most complex and time-consuming steps in data processing. Annotations are also known as labeling or tagging. In supervised machine learning, raw input data cannot be used directly for training. Instead, the data is annotated so that the machine clearly understands the desired result. For this reason, data is processed based on the expected output.
In contrast, unsupervised learning creates end-to-end models using only input and output, without annotations. However, most modern AI systems do not learn independently. As noted, “Unlike robots in the movies, most of today’s Artificial Intelligence (AI) cannot learn by itself: it relies on intensive human feedback. Probably 90% of Machine Learning applications today are powered by Supervised Machine Learning” (Munro, 2019: para. 01).
Unsupervised learning requires a huge amount of data and high computational resources. As a result, it is neither cost-effective nor practical for projects with limited or no funding. It is true that un-labeled end-to-end models can perform well for very simple problems if sufficient computing power is used. However, complex problems require carefully annotated data to create a gold standard dataset.
Many AI systems fail to achieve good accuracy because the annotation process and the validation of gold standard data are often ignored. In many cases, subtle annotation details are sacrificed in the name of optimization through hand engineering. This creates errors at the level of human intelligence itself, which later affect machine intelligence. To address this issue, the direct involvement of human intelligence in machine learning has become known as Human-in-the-Loop. It is defined as “the process of leveraging the power of the machine and human intelligence to create machine learning-based AI models” (Vikram Singh Bisen, 2020: para. 03). This idea is widely supported in human–machine interaction studies: “To change the limitations of present-day technology, machines must be engaged implicitly and indirectly in a world of humans, or: We must put Computers in the Human Interaction Loop” (Waibel and Stiefelhagen, 2009: 03).
There are at least three key reasons why Human-in-the-Loop is essential: “1.There is not a labeled set of data. 2. The data set evolves rapidly. 3. The data is hard to label through automated means.’’ (Johnson, 2020: para. 07). Therefore, humans cannot be excluded from the process of building AI systems. Human input remains a fundamental requirement for creating effective artificial intelligence.
4.2 Type of annotation 
There are different types of annotations, such as image labeling, document classification, linguistic annotations, and speech labeling. However, the annotation process mainly depends on the target task of the dataset used for application development. For example, a dataset for a spell or grammar checker requires a different type of annotation than a text summarizer dataset.
In the same way, annotation also depends on the type of natural language problem involved, such as NER or PoS tagging. Therefore, based on application needs, annotation or labeling can be divided into several categories. These include categorization or classification, sequence labeling and sequence-to-sequence labeling, and entity linking or relation extraction (Pustejovsky, 2012: 88–103; Ambalina, 2019; Infographic – 4 Types of Data Annotation, n.d.).
Classification-based annotation can be either binary (such as yes or no) or multi-class. Sequence labeling is another common type, where elements or words in a sentence are labeled in order. In this method, positional and collocational information is stored to capture context. Sequence-to-sequence labeling is mainly used to map two related sequences, especially parallel or corresponding sequences. Relation labeling is another form of annotation, where relationships between two or more entities are identified and extracted.
Therefore, for NLP problems, four types of labeling methods can be used depending on the use case. If the text processing task involves classification or categorization, annotation is done in the same way. Spam filtering is a simple example of binary class-based text classification, where an email text is checked to determine whether it is spam or not. In this case, only two labels are used, such as yes or no, each document is assigned a single and unique label. However, such annotations can also be described as metadata-type annotations because they identify the overall nature of a document or paragraph. If the task involves analyzing product reviews from the comment sections of an e-commerce website, it becomes a multiclass classification problem. For example, if a review task has three categories, the labels can be positive, negative, and neutral. Each review is then classified using one of these tags. The data can be stored in the same file, either in different columns or in the same line with separate labels. In multiclass classification, a document may receive a single label or more than one label. For instance, when extracting movie categories from a movie summary dataset, a movie may initially receive one label i.e. thriller. At the same time, the same movie can get more labels like comedy or drama. So, the movie will get a thriller tag with additional tag comedy or drama. Such representation can be called multiclass multilevel annotation. Sequence labeling is another significant method, means assigning a label to each element of a sequence. A sentence is treated as a sequence in text processing, and each word works as an element within that sequence. Sequence labeling can be done in two main ways: token labeling and span labeling. In token labeling, each word is treated as a token and assigned a label, such as PoS tagging in English, where tokens are easily identified using whitespace. Span labeling, on the other hand, involves marking a specific part or multiple parts of a sentence for labeling. This is commonly used in named entity recognition and phrase chunking, where a group of words is selected as a single unit. It is also related to segmentation, as a sequence can be divided into meaningful parts. Sequence-to-sequence labeling or mapping usually involves two aligned sequences, where an entire sentence or sequence is treated as a label, such as the target language sentence in machine translation. In some cases, even a full paragraph can act as a sequence, for example when a large paragraph is used as input for text summarization instead of a few short sentences. Another type of annotation focuses on linking or identifying relationships between words, where the relation between one or more words is annotated. This type of annotation is mainly used to extract syntactic and semantic relationships and plays an important role in dependency parsing, coreference resolution, and discourse analysis.

4.3 Structure and storing 
Annotation structures for data arrangement and storage can follow different methods, such as inline and stand-off (Pustejovsky, 2012: 94–99). In inline annotation, labels and structural marks are stored directly within the sentence. In contrast, stand-off annotation keeps labels and structural information separate from the input sentence. In this process, annotations are usually stored in a separate column by marking the token or character positions within the sentence or paragraph. One major advantage of storing annotations based on character positions is that the original text can be easily reconstructed. This method also helps preserve word collocation and contextual information within a sentence, making it an efficient way to measure relationships between words in a corpus. Our recommendation is to use a hybrid approach. Since linguistic data processing pipelines mainly work with running text, inline annotation is very effective for visual inspection during the annotation stage. Therefore, inline annotations should be used at the initial stage. However, for long-term storage and data export, stand-off annotation is more suitable. It is important to adopt a format that is interoperable with common data formats, starting from tab-separated values, and that can support multilevel annotations. Considering all these factors, SpaCy has proposed a compatible format with an example structure (JSON input format for training, n.d.) that supports efficient annotation and storage. Therefore, we propose adapting a similar format, as shown in Appendix B, with minimal modification for the Bangla dataset processing pipeline.
5.0 Processing Pipeline 
The Bangla linguistic data processing pipeline begins with the reception of raw text as input (Appendix C). It is assumed that the raw text will already be clean and follow a common encoding standard, although it may or may not be normalized. This means that basic preprocessing is expected to be done beforehand. In the current pipeline, processing begins from the tokenization stage, where the text is tokenized following the BILUO scheme. After tokenization, lemmas are extracted from the text, and the main processing step, PoS tagging, is applied to identify grammatical categories. Next, the parsing phase is carried out. Among different parsing approaches, chunking or shallow parsing is used for phrase structure analysis, while dependency parsing is used for deeper analysis. Relationships between phrases are identified in chunking, whereas dependency parsing focuses on relationships between individual words. To add semantic information, named entity chunking, coreference resolution, and word sense disambiguation are performed within the same pipeline . It is important to note that the pipeline is not always linear. Each step functions independently. Users may skip, combine, or adjust steps based on their specific needs.
5.1 Tokenization 
From running text, white-space–based tokenization is one of the basic steps in an NLP pipeline. Tokenization refers to the process of breaking a long text into smaller units called tokens. Usually, a text is first segmented into sentences, and then sentences are further split into words. By using a tokenizer, a paragraph can be divided into sentences , and each sentence can be divided into words. In the current pipeline, both sentence-level and word-level tokenization are applied, although word tokenization is the primary focus. In Bangla text, sentence boundaries are often marked by question marks, exclamation marks, and the Dari symbol used as a full stop. However, sentences may also appear in lists or tables without clear punctuation. Word tokenization in Bangla is more complex than simply splitting by white spaces. In our approach, hyphenated words are treated as a single token to preserve their linguistic meaning. i.e. নৃ-গোষ্ঠী, ভালো-মন্দ, নামে-বেনামে, এসডিজি-১৭. Moreover, the system could be able to detect interdependent words which are not visibly joined by a hyphen i.e. নির্বাহী কর্মকর্তা, ধানমণ্ডি ৩২, খাদ্য অধিদপ্তর, সিটি কর্পোরেশন। Additionally, tokenization as entity recognition (though a separate stand-alone process) could be a better and useful task for any ML problem.
Input: 	ব্যবসায়ী	 মালিক	 সমিতির 	সূত্রে	 জানা 	গেছে	 যে, 	ভারতের	 পাশাপাশি 	এ 	মুহুর্তে 	মায়ানমার,	 চীন, 	ও 	নেপাল	 থেকে	 চাল 	আমদানি 	করতে	 চাইছেন 	ব্যবসায়ীরা।	 সন্ত্রাস 	দমন 	আইনের	 দাঁড়ি-কমাও 	পরিবর্তন 	হয়নি:	 স্বরাষ্ট্র 	মন্ত্রী।	হাসান 	মাহমুদের		 নামে-বেনামে	হাজার 	কোটি 	টাকার 	সম্পদ, 	নিশ্চিত 	হয়েছে 	দুদক।	জীবনমান 	উন্নয়ন	 সূচকে	 বাংলাদেশ 	তলানির	 দিকে।	বৈশ্বিক	 অর্থনীতির 	সূচকে	 বাংলাদেশ	 তলার	 দিকে।	বাগেরহাটে	 আ. 	লীগের 	দুই 	পক্ষের 	সংঘর্ষে 	আহত 	১৫।
Output:  ['বাংলাদেশ',	 'দুদক', 	'মায়ানমার',		'দুই',	 'মুহুর্তে',	 'হয়েছে',	 'চাইছেন', 	 'তলার',	 'সন্ত্রাস', 'পাশাপাশি',	 'বৈশ্বিক', 	'সম্পদ', 	'মালিক',	  'নেপাল',	 'নামে'	'বেনামে',	 'আহত',	 'ও', 	'সমিতির', 'সংঘর্ষে', 	 'স্বরাষ্ট্র', 	'উন্নয়ন',	 'সূত্রে',	 'ভারতের',	 	'আ.', 	'তলানির', 	 'দমন', 	'মন্ত্রী।',	 'জীবনমান',	 'ব্যবসায়ীরা',	 'দাঁড়ি',	'কমাও', 	 'সূচকে', 	'বাগেরহাটে', 	'কোটি',	 'গেছে', 'আইনের',	 'হাসান',  'দিকে', 	'টাকার',	 'থেকে', 	'বাহিরে',	 'সূচকে', 	'চাল',      'লীগের', 	'জানা', 'করতে',	 'অর্থনীতির',		 'হয়নি',	 'চীন,'	 'ব্যবসায়ী',	 'পক্ষের',	 'বাংলাদেশ', 	'মাহমুদের',	 'এ',	 'আমদানি', 	 '১৫'] 

5.2 BILUO notion for MWE 
White-space–based tokenization has several limitations, as it often fails to preserve joint, collocated, and dependent tokens. As a result, conjunct or compound tokens may lose their association with their collocated elements. In some cases, a white-space tokenizer also incorrectly splits hyphenated words. To address these issues, this pipeline proposes the use of the BILUO notion to handle multi-token and multi-word expressions (MWEs) as a single unit. This approach allows the tokenizer to better capture the inherent linguistic behavior of the Bangla language. In the BILUO scheme, ‘B’, ‘I’, and ‘L’ denote the beginning, inner, and last tokens of a multi-token chunk, while ‘U’ is used for a unique or single-token unit and ‘O’ represents tokens outside the scope of annotation. Assigning appropriate labels to each token (Ratinov & Roth, 2009) is crucial for accurate entity chunking. Since not all linguistic units consist of single tokens, the system must be capable of handling multi-token structures. The BILUO scheme is considered one of the most effective methods for multi-token labeling in such cases (Named Entity Recognition, n.d.). Although it introduces a compound labeling structure, it significantly enriches the text with added linguistic value.

Input:	 সন্ত্রাস 	দমন 	আইনের	 দাঁড়ি-কমাও	 পরিবর্তন 	হয়নি:	 স্বরাষ্ট্র 	মন্ত্রী। 	হাসান	 মাহমুদের নামে-বেনামে	 হাজার 	কোটি 	টাকার 	সম্পদ,	 নিশ্চিত 	হয়েছে	 দুদক।	 জীবনমান উন্নয়ন	 সূচকে	 বাংলাদেশ	 তলানির	 দিকে। 	বাগেরহাটে		 আ.লীগের		 দুই পক্ষের সংঘর্ষে	আহত	 ১৫।
Output:     [(সন্ত্রাস, 'B'),     (দমন,‘L’),    (আইনের,‘U’),    (দাঁড়ি-কমাও, ‘U’),	 (পরিবর্তন, ‘U’),    (হয়নি,‘U’), (:,'O'),    (স্বরাষ্ট্র,'B'),    (মন্ত্রী,'B'),    (।,'O'),    (হাসান,'B')    (মাহমুদের,'L'),    (নামে-বেনামে,'L'),    (শত,'B'),    (কোটি,'L'),   (টাকার,'U'),    (সম্পদ,'U'),    (নিশ্চিত,'U'),    (হয়েছে,'U'),     (দুদক,'U'),    (।,'O'),    (জীবনমান,' U '),    (উন্নয়ন,' U '),    (সূচকে,' U '),    (বাংলাদেশ,' U '),    (তলানির,' U '),	 (দিকে,' U '),    (।,'O'),    (বাগেরহাটে,' U '),    (আ.লীগের,' U '), 	 (দুই,' U '),	   (পক্ষের,' U '), (সংঘর্ষে,' U '),    (আহত,' U '),    (১৫,'O'),    (।,'O'),
5.3 Lemmatization
Reducing vocabulary size through stemming is a common NLP task . Since Bangla is both an inflectional and fusional language, the use of a stemmer can reduce dataset size; however, removing prefixes or suffixes through stemming may compromise grammatical information. In real-world Bangla usage, both input and output texts are naturally inflected, and stripping inflectional markers can disrupt grammatical relationships within the text. For this reason, stemming is avoided in this pipeline, despite its usefulness in morphological analysis and certain machine learning tasks.
On the other hand, lemmatization is more suitable for text processing. It keeps the grammatical integrity of each word. It returns the lemma as a linguistic unit, which represents the root form without discarding essential inflectional features. As a result, it reduces unnecessary computational costs while maintaining linguistic accuracy. This step also helps minimize ambiguity, making it easier to handle homonyms and homographs. Therefore, lemmatization is preferred as a more intelligent and linguistically informed operation. However, lemma detection remains a challenging task, as some words may appear to be inflected forms even though they are not inflected in reality. i.e. the token নামে-বেনামে looks inflected but it is not.
 Input: ব্যবসায়ী	 মালিক	 সমিতির 	সূত্রে	 জানা 	গেছে	 যে, 	ভারতের	 পাশাপাশি 	এ 	মুহুর্তে 	মায়ানমার,	 চীন, 	ও 	নেপাল	 থেকে	 চাল 	আমদানি 	করতে	 চাইছেন 	ব্যবসায়ীরা।	 সন্ত্রাস 	দমন 	আইনের	 দাঁড়ি-কমাও 	পরিবর্তন 	হয়নি:	 স্বরাষ্ট্র 	মন্ত্রী।	হাসান 	মাহমুদের		 নামে-বেনামে	হাজার 	কোটি 	টাকার 	সম্পদ, 	নিশ্চিত 	হয়েছে 	দুদক।	জীবনমান 	উন্নয়ন	 সূচকে	 বাংলাদেশ 	তলানির	 দিকে।	বৈশ্বিক	 অর্থনীতির 	সূচকে	 বাংলাদেশ	 তলার	 দিকে।	বাগেরহাটে	 আ. 	লীগের 	দুই 	পক্ষের 	সংঘর্ষে 	আহত 	১৫।
Output: ['১৫', 'আইন', 'আমদানি','আ.লীগ', 'আহত', 'এ', 'ও', 'করতে', 'চাওয়া', 'চীন', 'জানা', 'টাকা', 'তলা', 'মায়ানমার', 'থেকে', 'দাঁড়ি-কমা', 'দিক', 'দুই পক্ষ', 'দুদক', 'নামে-বেনামে', 'জীবনমান', 'নিশ্চিত', 'পরিবর্তন', 'পাশাপাশি', 'পেঁয়াজ', 'ব্যবসায়ী', 'বাংলাদেশ', 'নেপাল', 'মুহূর্ত', 'বাগেরহাট', 'শত কোটি', 'জীবনমান', 'সম্পদ', 'মন্ত্রী', 'স্বরাষ্ট্র', 'হাসান মাহমুদ', 'সূচক', 'সূত্র', 'সংঘর্ষ', 'হওয়া'] 
5.4 Parts of Speech Tagging 
PoS tagging is the process of assigning grammatical category labels to words in a sentence. It is one of the most important feature-engineering steps for real-life text-based applications, as it provides machines with a structural understanding of how linguistic elements are organized within a sequence. Through PoS tags, a machine constructs an abstract grammatical mapping of a given language. It is worthy to note that, PoS tagging is highly tag-set dependent, which means, the number and the format (i.e. flat or hierarchical; with or without attribute) can control both annotation and trained model performance. Rich tag-set means granular label representation of language, but it means more classes or categories for the model as well as a long learning curve for the annotator too. For this reason, the universal tag-set (Universal POS tags, n.d.) is more acceptable than the Penn tag-set (Penn Treebank, n.d.). However, in this work, we propose a sample representation of Bangla PoS tagging that is adapted from the Penn POS tag framework.
Input: [হাসান 	সোহেলকে	 হাট 	থেকে	 ভালো	মানের	 মাছ	 মুরগি 	ও 	সবজি 	কিনতে	বলল। 	দুপুর 	থেকে 	রাত	 পর্যন্ত 	চৌকিদার	 ও 	এলাকার 	সচেতন	 মানুষ 	ডাকাতদের	 ধরার 	চেষ্টা	 করল, 	কিন্তু 	ব্যর্থ	 হয়ে	 ফিরে 	আসল।]
Output: [('হাসান', 'NNP'), ('সোহেলকে', 'NNP'), ('হাট', 'NNC'), ('থেকে', 'PP'), ('ভালো', 'AJ') ),   ('মানের', 'NNC') ('মাছ', 'NNC'), ('মুরগি', 'NNC'), ('ও', 'CC'), ('সবজি', 'NNC'), ('কিনতে', 'VBIF'), ('বলল', 'VB3') , ('।', '.')]				 [('দুপুর', 'NNC'), (' থেকে', 'PP'), ('রাত', 'NNC'), ('পর্যন্ত', 'PP'), ('চৌকিদার', 'NNC'), ('ও', 'CC'), ('এলাকার', 'NNC'), ('সচেতন', 'AJ'), ('মানুষ', 'NNC'), ('ডাকাতদের', 'NNC'), ('ধরার', 'VBIF'), ('চেষ্টা', 'NNV'), ('করল', 'VB3'), ('কিন্ত', 'CC') , ('ব্যর্থ', 'AJ')] (হয়ে', 'VVIF'), ('ফিরে ', 'VVIF'), ('আসল', 'VV3'), ('।', '.')]
 5.5 Shallow Parsing/ Chunking 
Shallow parsing is the process of extracting phrases from unstructured text. It also known as chunking. A chunk is a group of relevant words that form a meaningful part of a sentence. Noun phrases, verb phrases, and prepositional phrases are some well-known and commonly used chunks. A noun phrase is a phrase in which a noun functions as the head. It may also contain other word types, such as adjectives, ordinals, or determiners. A verb phrase is a syntactic unit that consists of at least one verb and may include additional elements related to that verb. In this phase, the phrases of a sentence are identified and chunked by following a set of predefined steps.
 Input: "হাসান 	সোহেলকে	 হাট 	থেকে	 ভালো	মানের	 মাছ	 মুরগি 	ও 	সবজি 	কিনতে	বলল।"
 Output after Split as token with PoS tag: [('হাসান', 'NNP'), ('সোহেলকে', 'NNP'), ('হাট', 'NNC'), ('থেকে', 'PP')), ( ('ভালো', 'AJ'), ('মানের', 'NNC') ('মাছ', 'NNC'), ('মুরগি', 'NNC'), ('ও', 'CC'), ('সবজি', 'NNC'), ('কিনতে', 'VBIF'), ('বলল', 'VB3') , ('।', '.') 
Chunking Graph as output after Chunking: (S (NP হাসান/ NNP সোহেলকে/NNC) (হাট/'NNC থেকে/PP) (ভালো/AJ মানের/NNC মাছ /NNC মুরগি /NNC ও/CC সবজি /NNC) (VP কিনতে/VBIF বলল/VV3))
 Output for VP: "কিনতে বলল"
 Output for NP: "হাসান সোহেলকে হাট থেকে", "ভালো মানের মাছ মুরগি ও সবজি" 
5.6 Dependency Parsing
In dependency parsing, a link is found between the elements of a sequence or a poem. Such parsing easily reveals the complex relationship of language formation. There are acceptable tag sets for this which are known as Universal Dependencies. “The general philosophy is to provide a universal inventory of categories and 153 guidelines to facilitate consistent annotation of similar constructions across languages while allowing language-specific extensions when necessary” (Universal Dependencies, n.d.: para. 01). The main idea is any sentence of a specific language, all elements like words, have some relationship or dependency on other words in the sentence, except one. Generally, the word without dependency is considered as root, most of the time, the verb is declared as root. The rest of the dependent of a sentence are directly or indirectly related to the root. So, it’s a structure with try-part. It has a head, relation, and dependent. Usually, a dependent depends on a head according to a certain relation, and more than one dependent can depend on the same head. but, one dependent can only have one head. In this phase, the raw text will act as input and word should be recognized as head or dependent with grammatical relation as output shown below:
 [পাখি সব করে রব] 
Text 	Dep	 head text 	head pos 	child	
পাখি	nusbj	করে		verb		সব
সব	amod	পাখি		adjective		
করে 	dobj	করে		verb		পাখি, রব
রব	root	করে		verb

5.7 Entity Chunking 
Entity chunking is the process of identifying meaningful entities from unstructured text. One of its most important applications is Named Entity Recognition (NER). In this process, entities are detected and classified into predefined categories or classes.
At a minimum, entity recognition systems usually follow a three-class model. However, depending on the design of the tag-set, the number of classes can be extended, sometimes up to 18 classes. In this work, we propose a seven-class entity tagging system. This system is a modified and extended version of commonly used entity categories such as person names, organizations, and locations.
The proposed labels are defined as follows.
PER is used for person names and social groups.
ORG represents organizations, companies, and institutions.
LOC is used for all types of locations. This includes geo-political entities such as country and city names, as well as non-geo-political entities such as rivers and mountains.
OBJ are used to represent object names and EVN are used to represent event names.
TIT is introduced to identify titles, such as book titles and song titles.
Finally, IDN is used to represent identity-related names, including religious and linguistic identities.
A sample sentence annotated using the BILUO scheme is presented below to demonstrate this entity chunking approach:
Input: "গতকাল বুধবার সন্ধ্যায় ঢাকার যমুনা আন্তর্জাতিক কনফারেন্স সেন্টারের যমুনা মহাল হলে অ্যাশেজের ১০ বছর পূর্তি উদযাপনের সমাপনী অনুষ্ঠানে অ্যাশেজের গানে গানে মেতে ওঠেন নানা বয়সের শ্রোতারা।"
Output: [(গতকাল, 'B'), (বুধবার, 'O'), (সন্ধ্যায়, 'O'), (ঢাকার, 'U-LOC'), (যমুনা, 'B-LOC'), (আন্তর্জাতিক 'I-LOC'), (কনফারেন্স, 'I-LOC'), (সেন্টারের, 'L-LOC'), (যমুনা, 'B-LOC'), (মহাল, 'I-LOC'), (হলে, 'L-LOC'), (অ্যাশেজের, 'U-ORG'), (১০, 'O'), (বছর, 'O'), (পূর্তি 'O'), (উদযাপনের, 'O'), (সমাপনী, 'O'), (অনুষ্ঠানে, 'O'), (অ্যাশেজের, 'U', 'ORG'), (গানে, 'O'), (গানে, 'O'), (মেতে, 'O'), (ওঠেন, 'O'), (নানা, 'O'), (বয়সের, 'O'), (শ্রোতারা, 'O'), (।, 'O')] 
5.8 Coreference Resolution
Coreference resolution is the task of identifying references about relationships between related words or phrases. It mainly captures pronoun–noun links within a sentence and across sentences. These links may include different types of references, such as anaphoric reference, cataphoric reference, split antecedents, and noun phrase referencing. All these forms aim to identify pronouns and connect them to their correct referents. A complex sentence is constructed to demonstrate these processes below-
 +------------------------------------------------------------------+ 					
। 						।

আমি নিজে গিয়ে তাকে বাসে  উঠিয়ে  দিয়েছি   কারণ  সে এই এলাকায় নতুন, ছেলেটি বলল ।
	       ।			    ।
  +---------------------------+

	




In the above-mentioned sentence, the word ‘ছেলেটি’ functions as the reference entity. Its coreferent expressions are ‘তাকে’ and ‘সে’. In contrast, the word ‘আমি’ represents the narrator and refers to a different entity. When a referring word points to an entity mentioned earlier in the text, it is called an anaphoric reference. If the entity is mentioned later, the reference is known as a cataphoric reference. The input–output behavior of these coreference types is illustrated below.



Anaphora:
Input: 
আমার ছোটভাই এলাকার ছেলেদের সাথে ভলিবল খেলছে। এরা ভালো কিন্তু ওর চেয়ে ওদের বয়স বেশি। এ নিয়ে আমি উদ্বিগ্ন থাকি।
Anaphora: 
Input:
 সুমেল গতকাল কনসার্ট দেখতে গিয়েছিল। সে বলল, এটা অসাধারণ।

Output: [:আমার	 [আমার, আমি]], [ছোটভাই:  [ছোটভাই, ওর]], 	 	Output [সুমেল: [সুমেল, সে]]
[এলাকার ছেলে: [এলাকার ছেলে, এরা, ওদের]], [খেলা: [খেলছে, এ]]	

Catephora:
Input:							Split Antecedents: 
Input:
তার কথা কেউ বলেনা, সে প্রথম প্রেম আমার নীলাঞ্জনা।			হাসান ও মাসুদ কাজ করতে চট্টগ্রাম গেল। তারা দুজনেই 							ভালো টাকা পাচ্ছে।
	
Output: [তার: [তার, সে, নীলাঞ্জনা]]
	Output:[হাসান মাসুদ: [হাসান মাসুদ, তারা]]		
Noun phrase refereeing: 
Input:
দেশের সবচেয়ে মেধাবীরা বিদেশে ডিগ্রি করতে যায়। কিন্তু এই শ্রেণির লোকজন কমই ফেরে।
Output: [দেশের সবচেয়ে মেধাবীরা: [দেশের সবচেয়ে মেধাবীরা, এই শ্রেণির লোকজন]] 

6.0 Representation of pipeline as Result: 
The processing pipeline shown in Table 02 begins with receiving raw Bangla text as input. The pipeline then proceeds through several well-defined phases. It is assumed that all input text is noise-free and follows a common encoding standard. After processing, the data is represented in both inline and stand-off formats. Finally, the data is exported using the previously defined structure to ensure interoperability.



	Pipeline phase
	Annotation type
	Annotation format 

	Raw text
	N/A
	[পাখি সব করে রব] 
[হাসান সাহেব তার ছেলে সাজিদকে নিউ মার্কেট থেকে ১০ টার মধ্যে গরম গরম খিচুড়ি বা তেহারি কিনতে বললেন। কিন্তু সে রহমতগঞ্জ থেকে বাসি বিরিয়ানি কিনল। তা দেখে তার মেজাজ গরম হয়ে গেল]


	Tokenization (white Space)
	Regular expression
	[পাখি,  সব,  করে,  রব] 
[হাসান,  সাহেব,  তার,  ছেলে,  সাজিদকে,  নিউ,  মার্কেট,   থেকে,  ১০ টার,  মধ্যে,  গরম,  খিচুড়ি,  বা,  তেহারি,  কিনতে,  বললেন,  কিন্তু,    সে,  রহমতগঞ্জ,   থেকে,    বাসি,    বিরিয়ানি,   কিনল,  তা,   দেখে,    মেজাজ,   গরম,   হয়ে,   গেল।]


	BILUO notion for MWE
	Sequence labeling, Inline, Stand-off storing
	[('পাখি', 'O'), ('সব', 'L'), ('করে', 'O'), ('রব', 'O')] 
[('হাসান', 'B'), ('সাহেব', 'L'), ('তার', 'O'), ('ছেলে', 'O'), ('সাজিদকে', 'U'), ('নিউ', 'B'), ('মার্কেট', 'L'), ('থেকে', 'O'), ('১০ টার', 'U'), ('মধ্যে', 'O'), (গরম, 'O') ), (গরম, 'O') (' খিচুড়ি', 'O') ('বা', ' O '), ('তেহারি', 'B'), ('কিনতে', 'O'), ('বললেন', 'O') , ('।'), ('কিন্তু', 'O'), ('সে', 'O'), ('রহমতগঞ্জ', 'U') ('থেকে', 'O'), ('বাসি', 'O'), ('বিরিয়ানি', ' U' ('কিনল', 'O'), ('।'), ('তা', 'O'), ('দেখে', 'O') , ('তার', 'O'), ('মেজাজ', 'O'), ('গরম', 'O') ('হয়ে', 'O'), ('গেল', 'O') ('।')]

	Lemmatization
	Rule based
	[পাখি,  সব,  করে,  রব] 
[হাসান সাহেব,  তার,  ছেলে,  সাজিদ,  নিউ মার্কেট,   থেকে,  ১০টা,  মধ্যে,  গরম গরম,  খিচুড়ি,  বা,  তেহারি,  কিনতে,  বললেন,  কিন্তু,    সে,  রহমতগঞ্জ,   থেকে,    বাসি,    বিরিয়ানি,   কিনল,  তা,   দেখে,    মেজাজ,   গরম,   হয়ে,   গেল।]


	Parts of Speech Tagging
	Sequence labeling, Inline, Stand-off storing
	[('পাখি', 'NNC'), ('সব', 'AJ'), ('করে', 'VB1'), ('রব', 'NNP'), 
[('হাসান_ সাহেব ', 'NNP'), ('তার', 'PRS'), ('ছেলে', 'NNP'), ('সাজিদকে', 'NNP'), (' ,  নিউ_  মার্কেট ', 'NNC'), ('থেকে', 'PP'), ('১০ টার', 'NNT'), ('মধ্যে', 'PP'), (' গরম_  গরম  ', 'AJ') ), ('খিচুড়ি', 'NNC'), (' বা', 'CC'), ('তেহারি', 'NNC'), ('কিনতে', 'VBIF'), ('বললেন', 'VB3') , ('।'), ('কিন্তু', 'CC'), ('সে', PR3), ('রহমতগঞ্জ', 'NNC') ('থেকে', 'PP'), ('বাসি', 'AJ'), ('বিরিয়ানি', 'NNC'),  ('কিনল', 'VB3'), ('।'), ('তা', 'PRN') , ('দেখে', 'VBN'), ('তার', 'PR$'), ('মেজাজ', 'NNC') ('গরম', 'AJ'), ('হয়ে', 'VBIF'), ('গেল', 'VB3') ('।')]

	Shallow Parsing/ Chunking
	Sequence labeling, Span, Inline, Stand-off storing, inline storing
	[(S (NP পাখি/NNC সব/ AJ) (VP করে /VB1 রব/NNP)) 

[(S (NP হাসান_সাহেব /NNP তার /NP ছেলে/NNP সাজিদকে /NNP) (NP নিউ_  মার্কেট /NNC থেকে/PP ১০ টার/NNT মধ্যে/PP) (NP গরম_গরম/AJ খিচুড়ি /NNC  বা/CC  তেহারি  /NNC) (VP কিনতে /VBIF  বললেন/VV3))। (S (NP  কিন্তু/CC  সে/PR3  রহমতগঞ্জ/NNC  থেকে/PP বাসি/AJ  বিরিয়ানি/NNC ) (VP কিনল/VB3))। (S  (NP  তা  /PRN  দেখে/VBN তার/PR$  মেজাজ/NNC) (VP  গরম/AJ  হয়ে/VBIF  গেল/VB3)]

	Dependency Parsing
	Entity linking labeling, Inline, Stand-off storing, inline visualizing
	Text 	Dep	 head text 	     head       pos 		
                          
             child
পাখি	nusbj	করে		        verb
সব	amod	পাখি	সব	    adjective	
করে            root            করে
				        verb		পাখি, রব
রব	dobj	করে		         verb


	Entity Chunking
	Sequence labeling, Inline, Stand-off storing
	['হাসান', 'B-PER'), ('সাহেব', 'L-PER'), ('তার', 'O'), ('ছেলে', 'O'), ('সাজিদকে', 'U-PER'), ('নিউ', 'BLOC'), ('মার্কেট', 'L-LOC'), ('থেকে', 'O'), ('১০টার', 'U-DNT'), ('মধ্যে', 'O'), (গরম, 'O') ), (গরম, 'O')  ('খিচুড়ি', 'U') ('বা', ' O '), ('তেহারি', 'B-OBJ'), ('কিনতে', 'O'), ('বললেন', 'O') , ('।'), ('কিন্তু', 'O'), ('সে', 'O'), ('রহমতগঞ্জ', 'UGPE') ('থেকে', 'O'), ('বাসি', 'O'), ('বিরিয়ানি', 'U-OBJ') ('কিনল', 'O'), ('।'), ('তা', 'O'), ('দেখে', 'O') , ('তার', 'O'), ('মাথা', 'O'), ('গরম', 'O') ('হয়ে', 'O'), ('গেল', 'O') ('।'),]

	Coreference Resolution
	Entity linking labeling, Inline, Stand-off storing
	[পাখি : [সব]] 
[হাসান সাহেব: [তার]],  [সাজিদ: [সে]], [বাসি তেহারি: [তা]]

	Word Sense Disambiguation
	Sequence labeling, span, Inline, Stand-off storing
	[রব : [sense 1: chirping] [গরম: [sense 1: warm ], [গরম [sense 2: hot tempered]


Table 02: Representation of Processing Pipelines with Sample data
 7.0 Limitation and future researches: Each step of this study requires detailed discussion. In this ongoing research, only a brief overview of the processing phases is presented. Some sample sentences or paragraphs are included only to illustrate the annotation format. In particular, phases such as POS tagging, named entity recognition, and dependency parsing are highly dependent on the tag-set. Although several tag-sets are internationally accepted for these tasks, their compatibility with the Bangla language remains an open question. The processing pipeline cannot be considered complete unless these tag-sets are properly tested and validated for Bangla. As a continuation of this research, each of these phases will be examined in detail, as this is an essential requirement for building a reliable processing pipeline.
There are several real-life constraints in the proposed method. The main challenge is annotating large-scale data while maintaining quality and standard. Linguistic data annotation requires intensive effort from intellectually skilled human annotators. For Bangla, a clear and deep understanding of the language is a mandatory prerequisite for this task. However, finding such dedicated and well-trained individuals, even among native speakers or linguists, is quite rare. As a result, selecting and deploying the right annotators becomes the primary non-technical challenge in supervised machine learning (ML) for language processing.
In addition, annotating large datasets is inherently complex and vast in scale. Therefore, issues related to funding, time, and project management are unavoidable and must be carefully addressed.
8.0 Conclusion: This processing pipeline can play an vital role in developing a Bangla corpus and  processing it effectively. The study serves as a general guideline, especially for annotating running Bangla text. Through human annotation and validation using the human-in-the-loop approach, a set of gold standard datasets can be created. These datasets can be used to build a robust knowledge graph. Based on this knowledge graph, one or more language models can be developed. Such models will help create artificial representations of the Bangla language in computers and intelligent systems.
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Appendix 
A. Brief Metadata format


{
 "Corpus": {
 "items": [{ 
"Doc_title": "A Special Event", 
 "Author/s": "Single or more authors", 
 "wrote": "2011", 
  	 "published": "2012",
 "Source_type": "Newspaper/Textbook/Youtube", 
 "Source_medium": "Web/Transcribed/Printed", 
 "Link": "http://www.yourdomain.com/events.htm", 
 "Topic": "Politics/Autobiography/feedback", 
 "Formality": "Casual/Formal", 
 "Essay_style": "Narration/Conversation", 
 "Essay_PoV": "First/Second/Third", 
 "Genre": "Informative/Imaginative", 
 "Copyright": "Free/restricted", 
 "Annotator": "name"
},{ 
  "Doc_title": "পোস্টমাস্টার", 
  "Author/s": "রবীন্দ্রনাথ ঠাকুর",
   "wrote": "1298", 
"published": "1298", 
"Source_type": "Textbook", 
"Source_medium": "Web", 
"Link":	"https://www.tagoreweb.in/Stories/galpoguchchho84/postmastar-1700", 
"Topic": "Creative writings", 
"Formality": "Formal",
 "Essay_style": "Both", 
"Essay_PoV": "Third", 
"Genre": "Imaginative", "Copyright": "Free",
 "Annotator": "name"
 }] 
} 
}

B. Structure of annotated data 
[{ 
"doc_id": int, 		# ID of the document within the corpus
 "paragraphs": [{ 		# list of paragraphs in the corpus 
"raw": string,		# raw text of the paragraph 
 "sentences": [{ 		# list of sentences in the paragraph 
"tokens": [{ 		# list of tokens in the sentence 
 "BILUO": string, 	# BILUO label, e.g."O" or "U"
 "token_id": int,		# index of the token in the document 
"dep": string, 	# dependency label 
"head": int, 		# offset of token head relative to token index 
"tag": string, 	# part-of-speech tag 
"orth": string, 	# verbatim text of the token 
"ner": string 		# Named entity label, e.g."PER" or "ORG"
 }], 
 "brackets": [{ 	# phrase structure 
"first": int, 	# index of first token 
"last": int, 	# index of last token 
"label":string # phrase label
 }]
       }], 
"cats": [{ 			# categories for text classifier
   "label": string, 		# text category label 
  "value": float / bool 		# label applies (1.0/true) or not (0.0/false) 
}] 
   }]
}] 

	 C. Visual Representation of Annotation with sample data 																 HTML tags									           		  <p dir=“ltr”>ব্যবসায়ী মালিক সমিতির সূত্রে জানা গেছে , ভারতের পাশাপাশি এ মুহুর্তে মায়ানমার, চীন, ও নেপাল থেকে চাল আমদানি করতে চাইছেন ব্যবসায়ীরা।</p></noscript>, <h1 class=“title mb10”>চালের সংকট শিগগির কাটছে না</h1>	  					HTML tagsNoise Removal



[(সন্ত্রাস, 'B'),     (দমন,‘L’),    (আইনের,‘U’),    (দাঁড়ি-কমাও, ‘U’),	 (পরিবর্তন, ‘U’),    (হয়নি,‘U’), (:,'O'),    (স্বরাষ্ট্র,'B'),    (মন্ত্রী,'B'),    (।,'O'),    (হাসান,'B')    (মাহমুদের,'L'),    (নামে-বেনামে,'L'),    (শত,'B'),    (কোটি,'L'),   (টাকার,'U'),    (সম্পদ,'U'),    (নিশ্চিত,'U'),    (হয়েছে,'U'),     (দুদক,'U'),    (।,'O'),    (জীবনমান,'U'),    (উন্নয়ন,'B'),    (সূচকে,'L'),    (বাংলাদেশ,' U '),    (তলানির,' U '),	 (দিকে,' U '),    (।,'O'),    (বাগেরহাটে,' U '),    (আ.লীগের,' U '), 	 (দুই,' U '),	   (পক্ষের,' U '), (সংঘর্ষে,' U '),    (আহত,' U '),    (১৫,'O'),    (।,'O'),										BLUE notion

Normalization 

		ASCII Code	   Basic Latin 	 Arabic Script		            
ব্যবসায়ী মালিক সমিতির সূত্রে জানা গেছে, wgqvbgv#ii পাশাপাশি এ মুহুর্তে Myanmar, ও নেপাল (ميانمار نيبال) থেকে চাল আমদানি করতে চাইছেন ব্যবসায়ীরা। এ সময় ভারত থেকে ১২ হাজার ৮৪৯ টন চাল আমদানি হয়										     	Cardinal Number


 MWE	         Hyphanated Compound MWE MWE   Hyphanated   MWE 	     MWEMWE Tokenization

সন্ত্রাস দমন আইনের দাঁড়ি-কমাও পরিবর্তন হয়নি: স্বরাষ্ট্র মন্ত্রী। হাসান মাহমুদের নামে-বেনামে হাজার কোটি টাকার সম্পদ, নিশ্চিত হয়েছে দুদক। 
জীবনমান উন্নয়ন সূচকে বাংলাদেশ তলানির দিকে। বৈশ্বিক অর্থনীতির সূচকে বাংলাদেশ তলার দিকে।বাগেরহাটে আ.লীগের দুই পক্ষের সংঘর্ষে আহত ১৫।				MWE		          				           Abbreviation
	


		Inflected		Inflected		        Inflected		Inflected		       Lemmatization

প্রায় ১ বছর পর ওয়ানডেতে জয়ের স্বাদ পেল বাংলাদেশ। ২০২৪ সালে ৪ ডিসেম্বর এই শেরে বাংলা স্টেডিয়ামেই ওয়েস্ট ইন্ডিজের বিপক্ষে সর্বশেষ জয়ের দেখা পেয়েছিল বাংলাদেশ। এরপর দশটি ওয়ানডেতে হারতে হয়েছে। বাংলাদেশের ওয়ানডে  ইতিহাসে এটি দ্বিতীয় বড় ব্যবধানে জয় 							Inflected			   Inflected	 Inflected


[(‘হাসান’ ‘NNP’, 0, 2), (‘সোহেলকে’, ‘NNP’, 4, 7),	(‘হাট’, ‘NNC’, 9, 11), (‘থেকে’, ‘PP’, 13, 14), (‘ভালো’, ‘AJ’, 16, 17),	(‘মানের’, ‘NNC’, 19, 21),	(‘মাছ’, ‘NNC’, 23, 24),   (‘মুরগি’ ‘NNC’, 26, 27),	(‘ও’, ‘CC’, 29, 29 ), (‘সবজি’, ‘NNC’, 31, 32),  (‘কিনতে’, ‘VBIF’, 34, 36), (‘বলল’, ‘VB3’, 34, 40), (‘।’, ‘.’)]PoS Tagging 





											  	    GPE		LOC		 ORG				ORGNER Recognition

“গতকাল বুধবার সন্ধ্যায় ঢাকার যমুনা আন্তর্জাতিক কনফারেন্স সেন্টারে অ্যাশেজের ১০ বছর পূর্তি উদযাপনের সমাপনী অনুষ্ঠানে অ্যাশেজের গানে গানে মেতে ওঠেন নানা বয়সের শ্রোতারা। এ বিষয়ে জুনায়েদ ইভান বলেন, আজকে আমার স্মরণীয় দিন”									   		  		PER



NP(ভালো/AJ মানের/NNC মাছ/NNC মুরগি/NNC ও/CC সবজি/NNC
(NP হাসান/ NNP সোহেলকে/NNP	 (হাট/NNC	থেকে/PP

								         S			 ভালো	মানে														Chunking

			 VP কিনতে/VBIF	বলল/VV3
কিনতে	বলল।
কিনতে	বলল।






Reference

		coreference
আমি নিজে গিয়ে তাকে রাস্তা চিনিয়ে দিয়েছি, সে এই এলাকায় নতুন, ছেলেটি বললো।											       pronoun	 pronoun	 	pronoun	     	 narratorCoreference



সোহেল ও হাসান চাকুরি করতে শহরে গেল। তারা দুজনেই ভালো বেতন পাচ্ছে									 	noun 	noun		 pronoun
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