Ambiguity resolution in low resourced languages for NLP applications




—The purpose of this study is to explore ambiguity in two low resourced languages, Nagamese and Sambalpuri, the result of which can be used for various NLP applications. Ambiguity refers to the phenomenon of a word or expression having more than one interpretation. The study focuses primarily on lexical and syntactic ambiguity, which occurs when a single word conveys multiple meanings. Like in many other languages, lexical ambiguity is prevalent in Nagamese and Sambalpuri. The aim of the experiments was also to figure out certain, possibly patterned, trends in sentential selection through a grammatical perspective – more specifically the rate of occurrence of errors, in the native speakers Nagamese and Sambalpuri, so that predictive analysis is aided for different ambiguities occurring in NLP applications.
In order to observe these apparent trends, an excellent display system is used, namely DMDX, for framing the test, in recording the RTs, or Reaction Times, as well as the correctness of the responses that are provided to us by the test subjects. The two brief DMDX based experiments on sentence processing also provides a perspective on how the human brain and speech perception processes interpret ambiguous stimuli
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I. [bookmark: I. Introduction]INTRODUCTION
Ambiguity, in linguistics, refers to the capacity of an expression to be interpreted in multiple ways. There are two main types: lexical ambiguity and structural ambiguity. This paper primarily deals with lexical ambiguity in Nagamese and Sambalpuri, highlighting its occurrence and implications in human sentence processing. Ambiguity is a quality of language that makes speech or written text open to multiple interpretations. That quality makes the meaning difficult or impossible for a person or artificial intelligence (AI) program to reliably decode without some additional information. Figurative language can also be a problem for the interpretation of speech or writing, particularly for non-native speakers and natural language processing (NLP) software. Figurative language includes figures of speech such as metaphor, irony, idioms and puns, as well as imagery and sound-based devices, many of which pose their own particular challenges for comprehension. The use of multi-defined words requires the author or speaker to clarify their context and sometimes elaborate on their specific intended meaning. The goal of clear concise communication is that the receiver has no misunderstanding about what was meant to be conveyed.

Talking of the two languages, Nagamese is a creole language that emerged as a lingua franca among the various Naga tribes rather than as a distinct tribal language. It primarily

evolved for oral communication in marketplaces and inter-tribal interactions, rather than for formal or literary use. Traditionally, Nagamese did not possess its own writing system. The adoption of the Roman script is a relatively recent development, which has restricted the growth of standardized written materials and formal documentation.

Compared to widely spoken languages, Nagamese remains a low-resource language with limited linguistic and digital resources. This scarcity makes it difficult to compile, process, or analyze large-scale linguistic data for research or technological applications.

Also called Sambalpuri Odia, Sambalpuri is an Indo-Aryan language spoken mainly in western Odisha districts like Sambalpur, Balangir, Bargarh, and Jharsuguda. Though often classified as a dialect of Odia, it has distinct phonetic, grammatical, and lexical features influenced by tribal and Dravidian languages. Sambalpuri is written in the Odia script and has a rich oral tradition of folk songs, poetry, and storytelling. Prominent poets like Haldhar Nag have played a key role in promoting Sambalpuri literature.

While not yet officially recognized as a separate language, there is an active movement to include Sambalpuri in the Eighth Schedule of the Indian Constitution. Media, local organizations, and scholars are working to preserve and standardize it through literature, education, and digital platforms.
II. [bookmark: II. Literature Review]LITERATURE REVIEW
One of the earliest linguistic descriptions of Nagamese, analyzing its structure, vocabulary, and function as a contact language among Naga tribes is Govind Choudhury (1973) – “Nagamese: The Lingua Franca of Nagaland”. J. R. Grimes (1989) – Ethnologue: Languages of the World describes Nagamese as an Assamese-based pidgin that evolved into a creole serving as a trade and intertribal communication medium. A detailed analysis of the creolization process, showing how Nagamese stabilized and developed distinct syntactic patterns was by Sreedhar, M. V. (1985) – “Nagamese: A Pidgin Creole”. Arokianathan, S. (1998) – “Language Use and Identity in Nagaland” discusses Nagamese as a unifying medium across ethnic boundaries, contrasting it with English and mother tongues in education and administration. Kumar, Rajesh (2009) – Sociolinguistic Aspects of Nagamese focuses on how Nagamese functions in urban and rural Nagaland, examining code-switching and diglossia with English and tribal languages.

More recent studies (2010–2023) explore language attitudes, urbanization effects, and the growing presence of Nagamese in digital communication, noting both opportunities and challenges for its standardization and formal recognition. Collectively, the literature presents Nagamese as a functional and adaptive language that bridges linguistic diversity in Nagaland. Its evolution from a pidgin to a stabilized creole demonstrates the interplay between language contact, social necessity, and community identity. Despite its limited formal recognition, Nagamese continues to thrive as a practical medium of communication and as a marker of regional identity, with ongoing research emphasizing the need for documentation, preservation, and potential standardization (Govind Choudhury, 1973; Sreedhar, 1985; Kumar, 2009).

Sambalpuri on the other hand is an Indo-Aryan language spoken in western Odisha, India. It is often considered a dialect of Odia but exhibits distinct phonological, morphological, and syntactic features. For instance, vowel deletion is prevalent in Sambalpuri, distinguishing it from Standard Odia. A study by Kushal (2023) provides a typological analysis of negation in Sambalpuri, highlighting its use of multiple negative markers and preverbal negation position, which differ from standard Sambalpuri serves as a lingua franca among diverse tribal communities in western Odisha. A sociolinguistic survey by Mathai & Kelsall (2013) assesses the need for further development in Sambalpuri language and literature, emphasizing its role in regional identity. The debate over Sambalpuri's status—whether as a dialect of Odia or a separate language—has implications for its recognition and preservation. Some researchers advocate for its inclusion in the Eighth Schedule of the Indian Constitution to ensure its survival and development

Sambalpuri has a rich literary tradition, with significant contributions from poets and writers. Satya Narayan Bohidar (1913–1980) was a pioneer in Sambalpuri literature, authoring a dictionary and grammar that provided a significant identity to the language. Narasingha Prasad Guru, a prominent figure, has composed over 500 songs and authored more than 10 books in Sambalpuri, promoting the language for over five decades.

Recent efforts focus on documenting and preserving Sambalpuri. An online dictionary project aims to provide resources for technological advancement and future research into the language. However, challenges persist, including the lack of standardized orthography and limited digital resources, hindering the development of tools like statistical parts-of-speech taggers for the language.

In summary, Sambalpuri has a vibrant literary tradition as compared to Nagamese. While it faces challenges in standardization and recognition, ongoing efforts in documentation and advocacy continue to support its preservation and development.

Natural Language Processing (NLP) aims to enable computational systems to analyze and interpret human language, with sentence processing forming a central component of this goal. Early NLP systems were primarily rule-based, relying on formal grammars and symbolic parsing techniques to model sentence structure. While these approaches provided clear linguistic representations, they were limited in handling ambiguity and linguistic variability.

The shift to statistical NLP introduced probabilistic models such as n-gram language models and probabilistic parsers, allowing sentence interpretation to be modeled as a process influenced by frequency and likelihood. These developments aligned NLP more closely with psycholinguistic research, which has long demonstrated that human sentence processing is incremental, probabilistic, and sensitive to multiple interacting constraints, including lexical frequency, syntactic expectations, and semantic plausibility.

Recent advances in neural NLP, particularly the adoption of transformer-based architectures, have significantly improved sentence-level tasks such as parsing, machine translation, and semantic understanding. Contextualized representations enable models to capture syntactic and semantic dependencies across entire sentences, facilitating more robust handling of ambiguity. However, despite their success, these models often lack transparency and do not consistently mirror human cognitive strategies in sentence comprehension.

In psycholinguistics, sentence processing research emphasizes real-time comprehension and ambiguity resolution. Constraint-based and predictive models suggest that humans activate multiple interpretations during processing and resolve them using probabilistic cues derived from linguistic experience and context. Experimental measures such as reading times and eye-tracking provide empirical evidence for these mechanisms.

An emerging body of interdisciplinary work seeks to connect NLP models with human sentence processing by evaluating computational predictions against human behavioral data. Metrics such as surprisal, derived from language models, have been shown to correlate with human processing difficulty, suggesting partial cognitive plausibility. Nevertheless, discrepancies remain, particularly in pragmatic inference and discourse-level interpretation.

Overall, existing literature indicates that while modern NLP systems achieve high performance in sentence-level tasks, integrating insights from human sentence processing remains crucial. Such integration is especially important for developing cognitively informed and robust NLP models, particularly for low-resource and linguistically diverse languages.

NLP traditions in both the languages are very limited. There needs to be creation of a proper digital database and annotation by the community and for the community. Low-resource languages, typically spoken by smaller or marginalized communities like these two languages, face significant barriers in advancing NLP applications. The main challenges include the lack of large, annotated datasets, standardized tools, and linguistic resources, which limits the effectiveness of data-driven methods. These languages often have complex grammar, diverse vocabularies, and unique sociocultural contexts, making standard NLP techniques less effective. To overcome these issues, researchers are developing innovative strategies such as community-driven data collection, resource sharing, and collaborative dataset creation to strengthen NLP support for low-resource languages. Developing NLP applications for low-resource languages is vital for preserving linguistic diversity, promoting digital inclusion, and deepening our understanding of human language. Despite ongoing challenges, current strategies show steady progress and reveal the potential of NLP to empower low-resource language communities, fostering a more equitable and inclusive language technology landscape. This study is an attempt to contribute to the ongoing efforts.
III. [bookmark: III. Ambiguity in NLP]AMBIGUITY IN NLP
Ambiguity in NLP occurs when words or sentences have multiple interpretations based on context, structure, or intent. Lexical ambiguity arises when a word has several meanings, such as “ball,” which may refer to a dance or sports equipment. Syntactic ambiguity occurs when sentence structure allows different interpretations, as in “The boy kicked the ball in his jeans.” Semantic ambiguity appears when a sentence conveys more than one idea, like “flying planes can be dangerous.” Pragmatic ambiguity depends on context or speaker intent, for example, “Can you open the door?” may be a request or a literal question. Referential ambiguity happens when pronouns have unclear references, such as “Ana told Mary that she would win.” Lastly, Ellipsis ambiguity arises when omitted words lead to confusion, as in “Ram likes cakes, and Mini does too.”
A. [bookmark: A. Addressing Ambiguity in NLP]Addressing Ambiguity in NLP
Ambiguity in NLP is handled through Contextual analysis – using surrounding words to find meaning, Word Sense Disambiguation (WSD) – identifying correct word meanings from context, Syntactic parsing – analyzing grammar to resolve structure-based ambiguity, Coreference resolution – linking pronouns or phrases to their references, Pragmatic modeling – interpreting speaker intent and context, Deep learning models (BERT, GPT) – learning context patterns to improve disambiguation.
B. [bookmark: B. Role of Sentence Processing Experimen]Role of Sentence Processing Experiments in Addressing Ambiguity in NLP
Sentence processing experiments are fundamental in understanding how humans interpret and disambiguate language in real time. These experiments, often conducted in the fields of psycholinguistics and cognitive science, investigate how readers or listeners process sentences that contain ambiguous structures, words, or meanings. By examining how the human brain resolves ambiguity, these

studies provide valuable insights that can be incorporated into Natural Language Processing (NLP) models to enhance language understanding.

In such experiments, participants are typically exposed to sentences with lexical, syntactic, or semantic ambiguity, and their comprehension processes are measured using methods like eye-tracking, reaction time analysis, self-paced reading, and neuroimaging techniques (e.g., EEG or fMRI). These tools help identify how humans use context, word order, and prior knowledge to determine the most plausible interpretation of a sentence. For example, when processing a syntactically ambiguous sentence like “The old man the boats,” humans use contextual and grammatical cues to resolve the confusion that might initially arise.

The results of these experiments contribute to NLP in several keyways. NLP systems can leverage insights from human sentence processing to better handle ambiguity. By modeling how humans prioritize cues such as word frequency, syntax, and semantics, algorithms can improve word sense disambiguation, select correct meanings for polysemous words, and enhance tasks like translation, search, and sentiment analysis. Human strategies for interpreting complex or ambiguous grammatical structures inform syntactic parser training, while contextual cue integration helps deep learning models like BERT and GPT interpret expressions within broader discourse. Additionally, understanding prior discourse, tone, and world knowledge allows NLP systems to resolve pragmatic and referential ambiguities, enhancing dialogue systems, chatbots, and machine translation. Sentence processing experiments provide a cognitive foundation for computational models by revealing the strategies humans use to resolve linguistic ambiguity. Integrating these human-inspired mechanisms allows NLP systems to interpret language with greater accuracy, fluency, and contextual awareness, bridging the gap between human and machine understanding.
IV. [bookmark: IV. Methodology]METHODOLOGY
Self-paced Reading Time experiments were conducted using both structured and unstructured approaches with the DMDX software. DMDX is developed by Jonathan Forster and Ken Forster at the University of Arizona. Participants for both the experiments were presented with 20 ambiguous sentences and some fillers and instructed to indicate their preferred interpretation by pressing designated keys. The goal was to determine which interpretations were most frequently preferred.
A. [bookmark: A. Experimental Setup]Experimental Setup
DMDX is a Win32 DirectX-based version of DMASTR, widely used in psychological and linguistic labs to measure reaction times to visual and auditory stimuli. It primarily uses a binary response paradigm, with the shift keys as default responses and the space bar for proceeding to the next trial. DMDX is controlled via an item file, a simple Rich Text Format (.rtf) script that specifies the experiment. Each item file has a header line defining global parameters, such as background

color, trial intervals, and response keys, followed by item lines indicating the stimuli to present. Stimulus files can include speech (.wav), images (.bmp), or videos (.mov), while written words are entered directly in the item file. The current experiments are completely text based, as intonation of any form would cause a change in preference of the reader to a particular disambiguation of the sentence.
B. [bookmark: B. Participants]Participants
For Nagamese, the participants were 15 multilingual individuals aged between 23 and 31 years, from Nagaland and Assam. Their first languages included Assamese, Ao, Angami, Chakhesang, Mao, Tangkhul, and Kuki, among others. They were proficient in multiple languages including Hindi, English, Assamese, and Nagamese. They were all educated at least till the 12th grade in English medium.

The 15 Sambalpuri Participants were mostly residents from Bhubaneshwar, Sambalpur, Sundargarh and Kalahandi, aged between 23-39 years. Their first languages included Sambalpuri, Odia and Bengali. They are all graduates and proficient in Hindi, English and Odia apart from Sambalpuri.
C. [bookmark: C. Test Sentences]Test Sentences
1) [bookmark: 1) “Tendulkar bahar teh kheli ahse.” – c]“Tendulkar bahar teh kheli ahse.” – can mean either ‘Tendulkar is playing abroad’ or ‘Tendulkar is playing outside.’

2) [bookmark: 2) “Taidoh hudai dawai khan khai.” – can]“Taidoh hudai dawai khan khai.” – can mean either ‘He takes medicine every day’ or ‘He takes drugs every day.’

3) [bookmark: 3) “Gari teh sob manu jabo.” – can mean ]“Gari teh sob manu jabo.” – can mean either ‘Everyone will go by car’ or ‘Everyone will fit in the car.’

4) [bookmark: 4) “Tony laga chuku bishi bhal ahse.”- c]“Tony laga chuku bishi bhal ahse.”- can mean either ‘Tommy has very beautiful eyes.” or “Tommy has very good preference.”

Such ambiguity illustrates the interpretative flexibility within Nagamese lexical structures.
[bookmark: 5) Jagga eeta kaali raati saara cheti ch]Two sets of test sentences from Sambalpuri:
5) Jagga eeta kaali raati saara cheti che. Jagga this yesterday night all stay awake “Jagga has stayed awake all night yesterday.”

a) [bookmark: a) Jagga cheti thila]Jagga cheti thila
Jagga stay awake-PST “Jagga was awake.”

b) [bookmark: b) Jagga roz raati cheti thisi.][bookmark: Jagga daily night stay awake]Jagga roz raati cheti thisi.
Jagga daily night stay awake
[bookmark: “Jagga stays awake every night.”]“Jagga stays awake every night.”

c) [bookmark: c) Cheti kina pher sakhalu sui jaysi]Cheti kina pher sakhalu sui jaysi
[bookmark: stay awake finish then morning sleep go]stay awake finish then morning sleep go
[bookmark: “(He) stays awake, then goes to sleep in]“(He) stays awake, then goes to sleep in the morning.”
6) [bookmark: 6) Rajesh cricket khelbar ke bhal paesi.]
Rajesh cricket khelbar ke bhal paesi.
[bookmark: Rajesh cricket to play like]Rajesh cricket to play like
[bookmark: “Rajesh likes to play cricket.”.]“Rajesh likes to play cricket.”.

a) [bookmark: a) Rajesh ekla khelbar chaesi]Rajesh ekla khelbar chaesi Rajesh alone to play wish “Rajesh wishes to play alone.”
b) [bookmark: b) Khelbar ta gute bhal katha aai]Khelbar ta gute bhal katha aai
to play-CLA one good thing PRST “Playing is good. (a good thing)”

c) [bookmark: c) Cricket khelbar lagir jaysi]Cricket khelbar lagir jaysi
Cricket to play for	go
“(He/she) goes for playing cricket.”
V. [bookmark: V. Results and Analysis]RESULTS AND ANALYSIS
Getting back to the core concern of this research, human brain responds illogically when forced to take decision based on little or conflicting evidence. In terms of ambiguous judgements, our mind is always in a rush, hence based on some observations we will discuss in detail a few important points.
For all test sentences in Nagamese, which one is More Preferred (+ve assumption) or which one is Less Preferred (-ve assumption) is given below,

[image: ]

Scatter Graph: Nagamese data
The scatter graph shows a sizeable difference in the average RT taken for +ve assumption(in ms) and average RT taken for - ve assumption(in ms) for question 1000 . We can assume that since 1000 was the first ambiguously styled sentence that participants came across in the experiment, they were confused about the response style which led to the difference in RT. Question 1001 also grabs attention as it is the question with the least RT difference, it’s RT difference being a mere 112.54 ms. For the remainder of the sentences, the RT are in the same range. This indicates that the subjects had adapted to the questions and were not startled or confused in their choices of interpretations.
The results of the experiment on Nagamese language showed that the frequency of various meanings and its everyday usage is what determines the dominant meaning and less dominant meaning, context no doubt also plays a determining factor. However one’s mental lexicon is what determines how one will

decipher an ambiguous sentence. Another observation was that ambiguous words or sentences take longer time to process than unambiguous ones or non-biased words. Also, when given two sets of ambiguous sentences the responsive rate is much quicker in most cases since the mental lexicon has already presumed the preferred one. Most of the time taken in first process is rather slower than in comparison with the second. Furthermore, as mentioned above we tend to rely on our intuition in those which we are familiar with also once our mind has something in its recent memory, it always gets easier to choose that.

	Sentence number
	Percentage of subjects that chose 1st  interpretation
%
	Percentage of subjects that chose 2nd interpretation
%

	2000
	92
	50

	2001
	50
	83

	2002
	67
	67

	2003
	67
	67

	2004
	75
	42

	2005
	83
	50

	2006
	75
	42

	2007
	93
	42

	2008
	97
	40


Table 2: Sambalpuri data results
Sentences 2007 and 2000 indicate the most contrast in the choice of interpretations with a similar marginal difference. Sentences 2002 and 2003 have zero difference, while sentences 2001, 2004, 2005, and 2006 have the same marginal difference. None of the subjects reported choosing a wrong option. Many of the subjects chose one interpretation to be correct, some chose both and one chose both options to be wrong for one sentence. A noticeable trend is that only in sentence 2001 was there a significant preference for the second interpretation despite the fact that the sentence styles were mixed throughout the experiment.
So for Sambalpuri, on comparing the results with all the participants, certain observable trends were noticed. Almost all participants correctly identified the first or test sentence, and the majority accurately marked blatant or obvious tense errors. However, they struggled to detect subtle grammatical mistakes. Filler sentences were generally recognized correctly, and the presence of contextual information significantly improved test scores. Overall, participants read through the sentences smoothly and rapidly, indicating ease of comprehension during the task. The change in context acted as a cue for participants, helping them focus their attention and quickly accept the case sentences as correct, highlighting the role of context. Despite having limited formal grammatical knowledge, participants were able to identify major errors, though they often missed subtle grammatical mistakes. Context again played a crucial role, enabling participants to easily spot filler sentences that were out of place. The presence of contextual cues also contributed to the high accuracy of responses. Additionally, the

low average reaction times indicated the participants’ native fluency, as they processed the test sentences rapidly and efficiently.
VI. [bookmark: VI. Conclusion]CONCLUSION
Psycholinguistic studies reveal that human cognition processes ambiguous stimuli differently depending on frequency, familiarity, and context. Ambiguous sentences generally take longer to process than unambiguous ones. Response time decreases with repeated exposure, suggesting that mental lexicon familiarity influences comprehension. Contextual cues play a crucial role in resolving ambiguity. Future work will focus on several key areas to enhance the study’s scope and precision. First, lexical ambiguities can be categorized based on word class to enable more accurate classification and analysis. Second, measuring the total processing time for preferred versus non-preferred readings will provide deeper insights into cognitive processing patterns. Finally, conducting additional experiments with a larger and more diverse group of participants will help validate the findings and strengthen the overall reliability of the research to be useful and applicable for NLP research and tool building. Future work will focus on several key areas to enhance the study’s scope and precision. First, lexical ambiguities can be categorized based on word class to enable more accurate classification and analysis. Second, measuring the total processing time for preferred versus non-preferred readings will provide deeper insights into cognitive processing patterns. Finally, conducting additional experiments with a larger and more diverse group of participants will help validate the findings and strengthen the overall reliability of the research. Leveraging low-resource languages like Nagamese and Sambalpuri, is vital for preserving cultural heritage and enabling communication among diverse communities. NLP can help document, preserve, and share traditional knowledge, provide educational resources, and support effective communication during emergencies. Developing NLP tools for these languages requires resources to model them at lexical, syntactic, and semantic levels. Hence this work.
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