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Abstract

PANER: A Paraphrase-Augmented Framework for Low-Resource Named Entity
Recognition

Nanda Kumar Rengarajan

Named Entity Recognition (NER) is a critical task that requires substantial annotated data,
making it challenging in low-resource scenarios where label acquisition is expensive. While zero-
shot and instruction-tuned approaches have made progress, they often fail to generalize to domain-
specific entities and do not effectively utilize the limited available data. We present a lightweight
few-shot NER framework that addresses these challenges through two key innovations: (1) a new
instruction tuning template with a simplified output format that combines principles from prior
IT approaches to leverage the large context window of recent state-of-the-art LLMs; (2) introduc-
ing a strategic data augmentation technique that preserves entity information while paraphrasing
the surrounding context, thereby expanding our training data without compromising semantic rela-
tionships. Experiments on benchmark datasets demonstrate that our method achieves performance
comparable to that of state-of-the-art models on few-shot and zero-shot tasks, with our few-shot
approach attaining an average F1 score of 80.1% on the CrossNER datasets. Models trained with
our instruction tuning approach exhibit consistent improvements in F1 scores of up to 17% points
over comparable baselines, providing a promising solution for groups with limited NER training

data and computational resources.
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Chapter 1

Introduction

Named Entity Recognition (NER) is a fundamental task in Natural Language Processing(NLP)
that involves identifying and classifying named entities such as persons, organizations, locations,
and domain-specific entities within unstructured text. NER serves as a critical foundation for nu-
merous downstream applications including knowledge graph construction, recommendation sys-
tems, and dialogue systems J. Li, Sun, Han, and Li (2020). In knowledge graph construction, NER
serves as the basis for extracting structured information from unstructured text, where recognized
entities function as nodes that enable the transformation of natural language into structured knowl-
edge that can be processed Al-Moslmi, Ocaia, Opdahl, and Veres (2020). In question answering
systems, NER functions as a core component that helps preselect answer candidates and improves
overall system performance Molld, Van Zaanen, and Smith (2006). For information retrieval and
extraction, NER has been widely applied to improve system accuracy and user intent understand-
ing J. Li et al. (2020).

Traditional NER systems rely heavily on supervised learning approaches that require extensive
manually annotated datasets for specific domains and predefined entity types. This dependency cre-
ates significant barriers for organizations operating in specialized domains where comprehensive
training datasets are either extremely expensive or unavailable. The emergence of Large Language
Models has introduced new paradigms for NER through instruction tuning, demonstrating promis-
ing zero-shot and few-shot capabilities that can potentially address these resource constraints.

Recent instruction-tuned approaches have made notable progress but face critical limitations in



practical deployment. GNER Y. Ding et al. (2024) emphasizes the importance of negative instances
in improving contextual understanding and entity boundary delineation by including non-entity text
in training examples. While this approach demonstrates improved boundary detection through a
modified BIO-like generation format, it struggles against the out-of-distribution entities. Addition-
ally, GNER is also a computationally demanding approach (both time and memory-wise) resources
which may not be available in resource-constrained environments.

SLIMER Zamai, Zugarini, Rigutini, Ernandes, and Maggini (2024) introduces enriched prompts
with entity definitions and annotation guidelines, demonstrating effective performance with minimal
training data on unseen entities. However, SLIMER employs a turn-by-turn conversational approach
that requires separate queries for each entity type within a given sentence. For instance, when
processing a sentence containing multiple entities, the system must pose individual questions such
as "What is the person in this sentence?” and "What is the organization in this sentence?” This
sequential querying mechanism becomes computationally expensive as the number of entity types
increases, with inference costs scaling linearly with the number of entities present.

Data augmentation strategies for NER face additional challenges in maintaining semantic con-
sistency while introducing meaningful variation. Existing methods often struggle to preserve entity
relationships when dealing with sentences containing multiple entities, where maintaining precise
entity relationships is crucial for accurate NER performance. Many approaches either risk corrupt-
ing entity information through aggressive modifications or fail to introduce sufficient variation to
enhance model generalization.

This thesis addresses these limitations by developing a novel framework that combines strate-
gic paraphrase-based data augmentation with simplified instruction tuning. Our approach aims to
reduce the complexity of existing tagging formats while preserving accuracy, implement controlled
paraphrasing techniques that maintain entity integrity while expanding diversity, and achieve com-
petitive performance through efficient fine-tuning strategies. By addressing the specific problems
identified in existing approaches, this work seeks to provide a practical solution for organizations
requiring effective NER capabilities without extensive computational resources or large annotated

datasets.



1.1 Objectives

Over the past few years, NER has become increasingly crucial in Natural Language Process-
ing (NLP), enabling advances in information extraction, question answering, and event detection.
While traditional supervised approaches have shown strong performance, they remain constrained
by their reliance on large annotated datasets and domain-specific training data. The emergence of
Large Language Models (LLMs) has introduced new paradigms for addressing NER challenges,
particularly in zero-shot and few-shot scenarios, but significant challenges remain in making these
approaches practical and accessible for real-world applications. This thesis seeks to address the
fundamental challenge of performing NER in low-resource settings by developing novel approaches
that combine the strengths of instruction tuning and data augmentation. We aim to bridge the gap
between the impressive capabilities of large language models and the practical constraints faced by
organizations with limited computational resources and annotated data.

To achieve this goal, we have developed PANER, a comprehensive framework that introduces
two key innovations: (1) a refined instruction tuning methodology that combines principles from
existing approaches while simplifying the output format, and (2) a strategic paraphrase-based data
augmentation technique that preserves entity information while expanding linguistic variety in the
training data.

Our research focuses particularly on domain adaptation and few-shot learning scenarios, where
we evaluate the effectiveness of our approach across diverse domains including scientific papers,
politics, music, and literature. We explore how paraphrase augmentation can enhance model perfor-
mance while maintaining computational efficiency through techniques like LoRA fine-tuning and
optimized prompt design.

This work contributes to the growing body of research in few-shot learning, data augmentation,
and instruction tuning, with broader implications for making advanced NLP capabilities more ac-
cessible to organizations with limited resources. By demonstrating that competitive performance
can be achieved with fewer computational resources and training data, we aim to provide practical
solutions for real-world NER applications across various domains and languages. The thesis eval-

uates our approach through extensive experimentation on multiple benchmark datasets, comparing



against state-of-the-art methods in both zero-shot and few-shot settings, while providing detailed
analysis of the factors contributing to improved performance. We also explore the limitations of our

approach and suggest future directions for research in low-resource NER.

1.2 Methodology

The methodology employed in this thesis involves two key components. First, we develop
a paraphrasing framework using LLAMA 3.3-70B Touvron et al. (2023), a state-of-the-art large
language model, to generate high-quality paraphrased training data. This controlled paraphrasing
approach preserves entity information while modifying surrounding context, effectively expanding
training data without compromising semantic relationships through a strict validation pipeline.

Second, we present fine-tuned versions of instruction-tuned Large Language Models Qwen-
2.5-Instruct (7B) Yang et al. (2024), LLAMA-3.1-Instruct (8§B) Touvron et al. (2023), and Falcon3-
Instruct (10B) Almazrouei et al. (2023) for NER with a simplified word/tag output format enriched
with entity definitions and guidelines, and optimized using LoRA E. J. Hu et al. (2022) fine-tuning
techniques for computational efficiency in both few-shot and zero-shot scenarios.

The complete framework is evaluated on benchmark datasets, including CrossNER, MIT, and
BUSTER, across diverse domains. All implementation code, including instruction tuning templates,

paraphrasing framework, and evaluation scripts, is available on GitHub. !

1.3 Contributions

This thesis makes several contributions to the field of NLP, particularly in the areas of NER,
few-shot learning, and data augmentation:

(1) Simplified Instruction Tuning for NER: We propose and evaluate a refined instruction
tuning methodology that combines principles from prior approaches while introducing a simpli-
fied word/tag output format. This approach leverages enriched prompts with entity definitions and

guidelines while avoiding the complexity of the traditional BIO tagging schema. Models using

!GitHub repository: https://github.com/parzivalll/masters—thesis-NER
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our format demonstrated significant improvements in F1 scores compared to traditional approaches,
achieving up to 17% improvement over baseline versions.

(2) Paraphrase-Based Data Augmentation: We introduce a strategic paraphrasing technique
that preserves entity information while expanding linguistic variety in the training data. Our tech-
nique consistently improved model performance across multiple domains and datasets, with our
few-shot approach attaining an average F1 score of 80.1 on the CrossNER datasets. The detailed
implementation and results of this work are provided in Chapter 4.

Overall, this research contributes to making advanced NER more accessible and effective, par-
ticularly in low-resource scenarios where traditional approaches requiring extensive training data

and computational resources may not be feasible.

1.4 Thesis Structure

This chapter has outlined the motivation, goals, and contributions of this thesis. Chapter 2 pro-
vides a comprehensive literature review covering the historical evolution of NER, from traditional
supervised approaches to modern Large Language Model-based methods, with particular focus on
challenges in low-resource scenarios and recent developments in instruction tuning and few-shot
learning. Chapter 3 details our proposed PANER framework, including the paraphrasing-based
data augmentation methodology, simplified instruction tuning template design in detail. Chapter
4 describes the experimental setup, covering benchmark datasets, baseline comparisons, and im-
plementation details for evaluating our approach across domains and showcases parameter-efficient
fine-tuning strategies that were used. Chapter 5 presents the results and analysis, examining the
effectiveness of our simplified tagging format, paraphrase-based augmentation strategies, and com-
parative performance against state-of-the-art methods in both zero-shot and few-shot scenarios and
extensive ablation studies justifying our choices. Chapter 6 discusses the broader implications of
our findings, the role of LLM-based paraphrasing in NER tasks, and limitations of the current ap-
proach. Finally, Chapter 7 summarizes the key contributions of this work and proposes potential

directions for future research in low-resource NER.



Chapter 2

Literature Review

This chapter provides a comprehensive review of the foundational approaches and recent de-
velopments in NER, with particular emphasis on techniques designed to address data scarcity
challenges. Section 2.1 traces the historical evolution of NER methodologies, examining the pro-
gression from traditional supervised approaches through neural network-based methods to contem-
porary transfer learning paradigms that leverage pre-trained language models. Each evolutionary
phase demonstrates how fundamental challenges in entity recognition have been addressed through
increasingly sophisticated computational techniques. Following this, Section 2.2 provides a de-
tailed analysis of the multifaceted challenges confronting low-resource NER systems. This section
categorizes the main obstacles into distinct categories and what has been done to address those
challenges (many of these challenges predate the emergence of large language models). Section
2.3 explores the emergence of instruction tuning and few-shot learning approaches, analyzing how
large language models have transformed the landscape of NER by enabling effective performance
with minimal training data. Next, Section 2.4 examines data augmentation strategies specifically
developed for NER tasks, including traditional methods such as back-translation and entity re-
placement, as well as recent innovations in synthetic data generation. The focus then shifts to
paraphrase-based augmentation techniques, exploring how contextual modifications can preserve

entity integrity while enhancing training data diversity.



2.1 Named Entity Recognition

Named Entity Recognition (NER) has evolved significantly since its introduction in the mid-
1990s. This section traces the development of NER techniques from traditional supervised ap-
proaches through neural network-based methods to the current state-of-the-art transfer learning
paradigms that leverage pre-trained language models. The progression of these approaches demon-
strates not only the technological evolution in computational linguistics but also how the fundamen-

tal challenges of entity recognition have been addressed with increasingly sophisticated methods.

2.1.1 Traditional Supervised Learning for NER

NER emerged as a distinct natural language processing task during the Sixth Message Under-
standing Conference (MUC-6) in 1995 Grishman and Sundheim (1995). This conference repre-
sented a significant milestone in NLP development, as it defined the classic entity categories that
would become foundational in the field: person, location, and organization. The articulation of
NER as a focused task, rather than merely a component of broader information extraction systems,
enabled researchers to concentrate specifically on the unique challenges of identifying and classify-
ing named entities in text.

In the years following MUC-6, statistical machine learning approaches began to replace the rule-
based systems that had dominated earlier information extraction tasks. A significant breakthrough
came with the introduction of Hidden Markov Models (HMMs) to NER. Bikel, Miller, Schwartz,
and Weischedel (1998) developed a system called “Nymble,” which utilized HMMs to model the
sequential nature of text and identify named entities without relying on hand-crafted rules. Their
approach demonstrated remarkable improvements over previous rule-based systems, particularly in
handling previously unseen entities. The probabilistic framework of HMMs allowed the system to
learn patterns from large corpora of annotated text, making it more adaptable to different domains
and languages.

However, HMMs faced limitations due to their strong independence assumptions, which failed
to capture the complex interdependencies between features in natural language. This limitation led

to the exploration of Maximum Entropy (MaxEnt) models for NER. Borthwick (1999) proposed a



MaxEnt approach that could incorporate diverse, overlapping features without assuming indepen-
dence between them. This flexibility allowed for the integration of lexical, syntactic, and semantic
features, as well as gazetteer information, resulting in more accurate entity recognition. The Max-
Ent framework was particularly effective in handling ambiguous cases where context was crucial
for correct entity classification.

An important advancement in statistical NER came with the introduction of Conditional Ran-
dom Fields (CRFs). Lafferty, McCallum, and Pereira (2001) developed CRFs as a framework for
building probabilistic models to segment and label sequence data. Unlike HMMs, CRFs are dis-
criminative models that directly model the conditional probability of the label sequence given the
observation sequence. This approach addressed the label bias problem that affected previous proba-
bilistic models. McCallum and Li (2003) applied CRFs to NER tasks and demonstrated their supe-
riority over both HMMs and MaxEnt models. Their work incorporated feature induction techniques
and web-enhanced lexicons, showcasing how CRFs could effectively leverage diverse sources of in-
formation. The success of CRFs established them as the dominant architecture for NER for nearly
a decade, and many subsequent studies built upon this foundation.

As NER techniques matured, researchers began to extend their applications beyond English to
other languages. The Conference on Computational Natural Language Learning (CoNLL) played a
crucial role in this internationalization by organizing shared tasks focused on language-independent
NER. Tjong Kim Sang (2002) introduced the CoNLL-2002 shared task, which focused on NER
for Spanish and Dutch, establishing benchmarks for non-English NER systems. This initiative was
followed by similar efforts for German and other languages, highlighting the universal challenges
and language-specific nuances in NER.

The traditional supervised approaches to NER established fundamental techniques and evalu-
ation metrics that continue to influence the field. They demonstrated the importance of sequen-
tial modelling, feature engineering, and the integration of linguistic knowledge. However, these
approaches also highlighted the limitations of manual feature engineering and the challenges of
adapting models to new domains or languages without substantial annotated data. These limita-
tions would eventually drive the shift toward neural network-based approaches, which offered the

potential for more flexible and adaptable NER systems.



2.1.2 Neural Network-Based NER

The transition from traditional supervised methods to neural network approaches marked a
paradigm shift in NER research. This evolution was catalyzed by Collobert et al. (2011), who
demonstrated that neural networks could learn word representations directly from data, reducing
the need for hand-engineered features. Their system, which approached NLP tasks “almost from
scratch,” represented a significant departure from previous methodologies. By learning continuous
vector representations of words, their neural architecture could capture semantic similarities and
relationships between words that were difficult to express through discrete features. This approach
achieved competitive performance on multiple NLP tasks, including NER, while substantially re-
ducing the effort required for feature engineering.

The revolution in word representation was further advanced by Mikolov, Sutskever, Chen, Cor-
rado, and Dean (2013), who introduced the Word2Vec model for learning distributed representations
of words and phrases. Although not specifically designed for NER, Word2Vec’s ability to capture
semantic relationships between words in a low-dimensional vector space proved invaluable for en-
tity recognition tasks. These pre-trained word embeddings provided a richer starting point for neural
NER models, allowing them to leverage semantic information learned from large, unannotated cor-
pora. The incorporation of these word embeddings into NER systems demonstrated how advances
in representation learning could benefit specialized NLP tasks.

While word-level representations provided valuable semantic information, they often struggled
with morphologically rich languages and out-of-vocabulary words. To address these limitations,
Santos and Guimaraes (2015) introduced character-level convolutional neural networks (CNNs) for
NER. Their system, CharWNN, combined character-level and word-level representations to better
handle morphological variations and rare words. By processing character sequences through convo-
lutional layers, the model could learn to recognize patterns in word formation that were relevant for
entity identification. This character-level approach was particularly beneficial for languages with
complex morphology and for technical domains with specialized vocabulary.

The most significant architectural innovation in neural NER came with the introduction of



Bidirectional Long Short-Term Memory networks combined with Conditional Random Fields (Bi-
LSTM-CRF). Z. Huang, Xu, and Yu (2015) proposed this hybrid architecture, which leveraged
the strengths of both neural networks and statistical models. The Bi-LSTM component captured
long-range dependencies in both forward and backward directions, providing rich contextual repre-
sentations for each word. The CRF layer, meanwhile, imposed structural constraints on the output
sequence, ensuring that the predicted entity labels followed valid patterns. This combination ad-
dressed the limitations of purely neural approaches, which sometimes struggled with consistent
sequence labelling.

Ma and Hovy (2016) further refined the Bi-LSTM-CREF architecture by incorporating character-
level CNNs, resulting in an end-to-end sequence labelling model. Their system combined the ben-
efits of character-level representations, word embeddings, bidirectional sequence modelling, and
structural prediction. This comprehensive architecture achieved state-of-the-art performance on
multiple NER benchmarks, demonstrating the effectiveness of integrating different levels of lin-
guistic information within a unified neural framework. The success of this approach established the
Bi-LSTM-CRF as the dominant neural architecture for NER for several years.

The neural network-based approaches to NER represented a significant advance over traditional
supervised methods. By learning representations directly from data, these models reduced the need
for manual feature engineering and demonstrated greater flexibility in adapting to different do-
mains and languages. The integration of character-level and word-level information, along with
bidirectional sequence modelling and structural prediction, allowed neural models to capture com-
plex patterns in entity recognition. However, these approaches still required substantial amounts of
task-specific training data, a limitation that would be addressed by the subsequent wave of transfer

learning and pre-trained language models.

2.1.3 Transfer Learning and Pre-trained Language Models

The most recent paradigm shift in NER has been driven by the application of transfer learning
and pre-trained language models. This approach leverages large-scale unsupervised pre-training on
diverse textual data, followed by fine-tuning on specific NER tasks. This methodology has dramat-

ically reduced the amount of task-specific annotated data required while simultaneously improving
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performance across a wide range of NER applications.

A groundbreaking development in this area was the introduction of Embeddings from Language
Models (ELMo) by Peters et al. (2018). Unlike previous static word embeddings like Word2 Vec,
ELMo provided contextualized word representations that captured how word meaning varies de-
pending on the surrounding context. Generated from a bidirectional language model trained on
a large corpus, ELMo embeddings encoded rich syntactic and semantic information that proved
highly beneficial for NER. The contextual nature of these representations allowed the model to bet-
ter handle polysemy and entities based on their usage in specific sentences. When incorporated into
existing NER architectures, ELMo embeddings led to significant performance improvements across
multiple benchmarks.

The revolution in transfer learning for NER reached new heights with the introduction of Bidi-
rectional Encoder Representations from Transformers (BERT) by Devlin, Chang, Lee, and Toutanova
(2019). BERT represented a fundamental shift in NLP architecture, replacing recurrent neural net-
works with transformer-based models that could process entire sequences in parallel. Pre-trained
on massive corpora using masked language modelling and next sentence prediction objectives,
BERT captured deep bidirectional contextual information. When fine-tuned for NER, BERT models
achieved state-of-the-art performance levels. The pre-training and fine-tuning paradigm introduced
by BERT established a new standard for NER development, dramatically reducing the need for
task-specific architecture design and feature engineering.

The multilingual capabilities of pre-trained language models opened new possibilities for cross-
lingual transfer in NER. Pires, Schlinger, and Garrette (2019) investigated the cross-lingual effec-
tiveness of multilingual BERT (mBERT) across various tasks, including NER. Their work demon-
strated that mBERT, despite not having explicit cross-lingual objectives during pre-training, could
effectively transfer knowledge between languages. This was particularly valuable for low-resource
languages, where annotated NER data was scarce. The authors compared fine-tuning and supervised
approaches to transfer learning, providing insights into the most effective strategies for leveraging
pre-trained models in multilingual settings.

Building upon the BERT architecture, Y. Liu et al. (2019) introduced RoBERTa (Robustly Op-

timized BERT Pre-training Approach), which refined the pre-training methodology through careful
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optimization of hyperparameters and training strategies. By removing the next sentence predic-
tion objective, training on longer sequences, dynamically changing masking patterns, and utilizing
substantially larger mini-batches and learning rates, ROBERTa achieved significant performance
improvements across multiple NLP tasks. In the context of NER, RoBERTa established new state-
of-the-art results on the CoNLL-2003 English NER task with an F1 score of 92.4%, surpassing
previous benchmarks. Y. Liu et al. (2019) further demonstrated RoOBERTa’s effectiveness by achiev-
ing superior performance on the OntoNotes 5.0 dataset, which features a more diverse set of entity
types across multiple genres of text. This established RoBERTa as a powerful foundation for entity
recognition systems, with many subsequent studies using it as a starting point for domain-specific
adaptations and task-specific enhancements in specialized NER applications.

The potential of pre-trained language models for few-shot learning in NER was explored by
J. Huang et al. (2020). Their comprehensive study demonstrated that with appropriate fine-tuning
strategies, pre-trained models could achieve remarkable performance on NER tasks with very lim-
ited labelled data. This capability was particularly valuable for specialized domains or rare entity
types where large annotated datasets were unavailable.

The transfer learning paradigm based on pre-trained language models has transformed the land-
scape of NER research. The ability to fine-tune pre-trained models on relatively small datasets
has democratized NER development, making it possible to build effective systems for specialized
domains and low-resource languages. As pre-trained models continue to evolve, with larger archi-
tectures and more sophisticated pre-training objectives, the performance and applicability of NER
systems are likely to improve further.

The historical evolution of NER from traditional supervised approaches through neural network-
based methods to transfer learning with pre-trained language models reflects broader trends in nat-
ural language processing. Each new paradigm has built upon the insights and achievements of its
predecessors while addressing their limitations. The current state-of-the-art approaches combine
the strengths of deep contextual representations, transformer architectures, and transfer learning,
resulting in NER systems that are both more powerful and more adaptable than ever before. As
research continues, we can expect further innovations that will enhance the performance, efficiency,

and applicability of NER across diverse domains and languages.
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2.2 Challenges in Low-Resource NER

NER has witnessed significant advances in recent years, particularly with the advent of deep
learning techniques. However, these improvements have been primarily observed in resource-rich
settings where abundant labelled data is available. In contrast, low-resource NER—scenarios with
limited labelled data—continue to present substantial challenges that hinder performance Fritzler,
Logacheva, and Kretov (2019). This section examines the primary challenges encountered in low-
resource NER settings, focusing specifically on domain adaptation difficulties, entity boundary de-
tection issues, and label inconsistency problems. The fundamental challenge in low-resource NER
stems from the scarcity of labelled data, which impedes the model’s ability to learn robust repre-
sentations of entities and their contexts. According to Sun and Yang (2019), even state-of-the-art
models like BERT demonstrate significant performance degradation when fine-tuned on limited
data. This degradation manifests in various ways, including increased susceptibility to overfitting,
reduced generalization capability, and heightened sensitivity to noise in the training data. These fun-
damental limitations set the stage for more specific challenges that are examined in the following

subsections.

2.2.1 Domain Adaptation Challenges

Domain adaptation represents one of the most persistent challenges in low-resource NER. The
difficulty primarily stems from the contextual variations that exist across different domains. Z. Liu
et al. (2021) introduced CrossNER, a benchmark specifically designed to evaluate domain adapta-
tion capabilities in low-resource settings. Their findings revealed that even state-of-the-art models
experience dramatic performance drops when transferred across domains with limited in-domain
training data. For instance, pre-trained transformers fine-tuned on the news domain exhibited a
performance decline of up to 27% when applied to scientific texts, highlighting the severity of the
domain adaptation challenge.

The root of this challenge lies in the domain-specific nature of entities and their contextual
patterns. Jia and Zhang (2020) demonstrated that entities in specialized domains often follow

unique linguistic patterns and appear in distinct contextual environments that differ significantly
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from general domains. Their work on the Multi-Cell Compositional LSTM architecture revealed
that conventional transfer learning approaches struggle to capture these domain-specific nuances
when in-domain labelled data is scarce. This observation is consistent with their earlier findings
Jia, Liang, and Zhang (2019), which established that linguistic patterns differ substantially across
domains, creating a significant barrier to effective knowledge transfer. The domain adaptation chal-
lenge is further compounded by the presence of domain-specific entities that may not appear in the
source domain at all (out-of-distribution entities). Models trained on general domains typically lack
the necessary vocabulary and contextual understanding to recognize specialized entities in technical
domains. For example, a model trained on news articles might easily recognize person names and
locations but would struggle to identify chemical compounds or disease names in biomedical texts.
This vocabulary mismatch exacerbates the domain adaptation challenge in low-resource scenarios

where limited examples of domain-specific entities are available for training.

2.2.2 Entity Boundary Detection

Accurate identification of entity boundaries presents another significant challenge in low-resource
NER. While entity type classification has benefited considerably from transfer learning approaches,
boundary detection remains problematic, particularly when training data is limited. Katiyar and
Cardie (2018) provided a comprehensive analysis of this challenge, highlighting how models trained
on limited data often struggle with entity span identification, even when they correctly identify the
entity type. Their work on nested NER revealed that boundary detection errors account for a dis-
proportionately large percentage of overall errors in low-resource settings, suggesting that boundary
detection requires more extensive training data than entity type classification.

The boundary detection challenge becomes especially pronounced when dealing with complex
entity structures, such as nested or overlapping entities. Tan, Qiu, Chen, Wang, and Huang (2020)
found that conventional sequence labelling approaches often fail to accurately identify entity bound-
aries when multiple entities share tokens or when entities are embedded within other entities. Their
boundary-enhanced neural span classification approach demonstrated improved performance but
still highlighted the inherent difficulty of the task in low-resource settings.

An innovative perspective on this challenge was offered by X. Li et al. (2019), who considered
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NER as a machine reading comprehension (MRC) task to address boundary detection issues. Their
unified MRC framework showed promising results in low-resource scenarios by leveraging pre-
trained language models’ understanding of natural language questions. However, their work also
confirmed that boundary detection errors remain a major source of performance degradation in low-
resource settings. The authors noted that approximately 60% of all errors in their low-resource
experiments were attributable to incorrect boundary detection, underscoring the significance of this

challenge X. Li et al. (2019).

2.2.3 Label Inconsistency

The third major challenge in low-resource NER involves label inconsistency issues, which be-
come particularly pronounced when alternative supervision strategies are employed to compensate
for the scarcity of manually labelled data. Shang et al. (2018) investigated the use of domain-specific
dictionaries as a form of weak supervision and found that dictionary-based approaches often intro-
duce label noise due to inconsistent entity coverage and context-insensitive matching. Their analysis
revealed that such inconsistencies can significantly undermine model performance, with false nega-
tives (entities missed by the dictionary) and false positives (incorrect matches) contributing to noisy
training signals.

The problem of label inconsistency is further worsened in partially annotated datasets, which are
common in low-resource settings due to the cost constraints of comprehensive annotation. Mayhew,
Chaturvedi, Tsai, and Roth (2019) directly addressed this issue and demonstrated that partial anno-
tation introduces systematic biases in the training data, leading to inconsistent model behaviour.
Their experiments showed that models trained on partially annotated data tend to exhibit highly
variable performance across different entity types and contexts, reflecting the inconsistent nature of
the underlying annotations.

Weak supervision approaches, while promising for low-resource scenarios, introduce their own
set of label inconsistency challenges. Lison, Hubin, Barnes, and Touileb (2020) conducted a com-
prehensive study of weak supervision methods for NER without labelled data and found that label
noise represents a significant obstacle to model performance. Their analysis revealed that differ-

ent weak supervision sources often produce conflicting annotations for the same entities, creating
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confusion during model training. The authors proposed ensemble-based approaches to mitigate
these inconsistencies but noted that the fundamental challenge persists in extremely low-resource
scenarios.

The label inconsistency problem extends beyond English to other languages with limited re-
sources. Kruengkrai, Nguyen, Aljunied, and Bing (2020) examined low-resource NER in mul-
tiple languages and found that label sparsity and inconsistency problems are particularly severe
in languages with complex morphological structures and limited annotated resources. Their joint
sentence and token labelling approach demonstrated improved performance by leveraging sentence-
level signals to compensate for token-level inconsistencies, but the authors acknowledged that label
inconsistency remains a fundamental challenge in low-resource multilingual settings.

The challenges discussed in this section—domain adaptation difficulties, entity boundary de-
tection issues, and label inconsistency problems—are deeply interconnected in low-resource NER.
Domain adaptation challenges often exacerbate boundary detection issues, as models struggle to
identify unfamiliar entity patterns in new domains. Similarly, label inconsistencies become more
pronounced when adapting across domains with limited data, as annotation schemes and entity defi-
nitions may vary. Understanding these interconnections is crucial for developing effective solutions
to low-resource NER problems and advancing the field toward more robust performance across

diverse domains and languages.

2.3 Large Language Models for NER

The field of NER has undergone a significant transformation with the advent of large language
models (LLMs). This section examines the evolution of LLM applications in NER, tracing devel-
opments from foundational work to recent advances in fine-tuning methodologies, output format
design, prompt engineering, and zero-shot learning capabilities.

Traditional NER approaches relied heavily on supervised learning with manually annotated
datasets, often utilizing sequence labelling architectures such as Conditional Random Fields (CRFs)
and later BILSTM-CRF models Z. Huang et al. (2015). However, the emergence of transformer-

based language models, beginning with BERT and culminating in generative models like GPT, has
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fundamentally altered this landscape. The introduction of GPT-2 by Radford et al. (2019) marked
a significant milestone, demonstrating that generative pre-trained transformers could perform a va-
riety of NLP tasks without task-specific architectures, thereby establishing a foundation for future
work in generative approaches to information extraction tasks, including NER.

Following them, Brown et al. (2020) established the potential of large language models for few-
shot learning across various NLP tasks. Their GPT-3 model demonstrated a remarkable ability to
recognize entities with only a handful of examples, suggesting that the pre-training process encoded
substantial knowledge about entities and their contextual patterns. While not specifically focused
on NER, this work laid the theoretical foundation for few-shot approaches to entity recognition by
showing that LLMs could rapidly adapt to new tasks through in-context learning without parameter
updates.

The progression from task-specific models to general-purpose LLMs for NER represents a
paradigm shift in how researchers and practitioners approach the challenge of identifying and classi-
fying named entities in text. As Keraghel, Morbieu, and Nadif (2024) comprehensively documents
in their survey, this transition has been characterized by increasing model capacity, architectural
innovations, and novel training objectives. These developments have collectively enabled models
to learn generalizable representations that transfer effectively across domains and languages, ad-
dressing longstanding challenges in NER research related to domain adaptation and cross-lingual

transfer.

2.3.1 Instruction Tuning Approaches

Instruction tuning has emerged as a powerful technique for adapting LLMs to perform specific
tasks like NER with minimal task-specific training data. The groundwork for this approach was
established by Wei et al. (2021), who demonstrated that fine-tuning language models on a collec-
tion of datasets described via instructions substantially improves zero-shot performance on unseen
tasks. Their work showed that instruction-tuned models could follow natural language instructions
to perform NER without explicit training on the specific entity types or domains being targeted.
This finding was particularly significant for NER, where the diversity of entity types and domains

had historically necessitated separate models or extensive domain adaptation.
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Building on this foundation, Chung et al. (2024) explored how instruction tuning scales with
model size, finding that performance gains increase non-linearly with scale. Their work showed that
for information extraction tasks, including NER, larger instruction-tuned models exhibit emergent
capabilities not present in smaller variants, including the ability to handle complex entity definitions
and nested entity structures. These scaling effects are particularly relevant for NER, where entity
definitions can be ambiguous and contextually dependent.

The application of instruction tuning specifically to information extraction tasks was formalized
by Wang et al. (2023) with their InstructUIE framework. This approach unifies various informa-
tion extraction tasks, including NER, relation extraction, and event extraction, under a common
instruction-following paradigm. By reformulating NER as a text generation task guided by natu-
ral language instructions, InstructUIE achieved state-of-the-art performance across multiple bench-
marks while significantly reducing the need for task-specific annotations. A key innovation in this
work was the demonstration that instruction tuning enables models to understand and apply com-
plex entity type definitions from natural language descriptions alone, addressing a key limitation of
traditional NER approaches that rely on fixed entity type inventories.

The effectiveness of instruction tuning for NER can be attributed to several factors. First, in-
structions provide a flexible mechanism for specifying entity types and annotation guidelines, allow-
ing models to adapt to new domains and entity types without architectural modifications. Second,
instruction tuning leverages the linguistic knowledge encoded in LLMs’ parameters, enabling them
to recognize entities based on semantic understanding rather than pattern matching. Finally, the
instruction-following paradigm aligns naturally with how human annotators approach NER tasks,

potentially reducing the gap between model behaviour and human judgment.

2.3.2 Output Format Design: BIO tagging vs. Alternative Formats

The transition from traditional sequence labelling approaches to generative methods has ne-
cessitated a reconsideration of output formats for NER. Historically, the BIO (Beginning, Inside,
Outside) tagging scheme and its variants have dominated supervised NER systems. However, LLM-
based approaches have introduced alternative output formats that may better leverage the generative

capabilities of these models.
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The UniversalNER framework introduced by W. Zhou et al. (2023) represents a significant ad-
vancement in output format design for LLM-based NER. Rather than adhering to the traditional
BIO tagging scheme, UniversalNER employs a direct entity span generation approach, where mod-
els output entity mentions along with their types in a structured text format. This approach aligns
more naturally with the generative capabilities of LLMs and enables more flexible entity type spec-
ifications. Through targeted distillation from larger language models, UniversalNER demonstrates
that this output format facilitates better knowledge transfer and generalization to unseen entity types.

A critical examination of output formats for generative NER was conducted by Y. Ding et al.
(2024), who specifically addressed the challenge of handling negative instances—texts that con-
tain no entities of interest. Their research revealed that conventional span-based output formats
often struggle with precision because they lack an explicit mechanism for indicating the absence of
entities. To address this limitation, they proposed a novel format that explicitly distinguishes be-
tween positive and negative instances, significantly improving precision without sacrificing recall.
This work highlights the importance of output format design in balancing precision and recall in
generative NER approaches.

Further advancing output format research, Zaratiana, Tomeh, Holat, and Charnois (2023) in-
troduced GLINER, a generalist approach to NER that employs a bidirectional transformer archi-
tecture to address the computational limitations of conversational approaches. Unlike traditional
turn-by-turn conversational methods that require separate queries for each entity type, GLINER
treats NER as a matching problem between entity type embeddings and textual span representations
in latent space. The model takes entity types as prompts alongside the input text, using special
<ENT>tokens to separate different entity types, and computes similarity scores between entity
representations and all possible text spans simultaneously.

The evolution of output formats for LLM-based NER reflects a broader trend toward more
flexible and expressive annotation schemes that can capture the complexity of real-world entity
mentions. As generative approaches continue to mature, we can expect further innovations in output
format design that balance the competing objectives of expressiveness, parsability, and alignment

with human annotation practices.

19



2.3.3 Prompt Engineering Strategies for NER

Prompt engineering has emerged as a crucial technique for effectively utilizing LLMs for NER
tasks. The design of prompts—the instructions or examples provided to a model—significantly im-
pacts performance, particularly in few-shot and zero-shot scenarios where task-specific fine-tuning
may be limited or infeasible.

Reference Sainz et al. (2023) demonstrated that incorporating annotation guidelines directly
into prompts substantially improves zero-shot NER performance. Their GoLLIE framework shows
that explicitly stating the definition of entity types, providing annotation criteria, and including
disambiguation rules enables LLMs to more accurately identify entities in line with human annotator
expectations. This approach reduces ambiguity and aligns model outputs with intended annotation
standards, addressing a key challenge in deploying LL.Ms for NER in specialized domains.

Building on similar principles, Zamai et al. (2024) explored the optimal balance between exam-
ples and instructions in prompts for zero-shot NER. Their ”Show Less, Instruct More” methodology
reveals that detailed definitional information and guidelines generally outperform example-heavy
prompts when working with capable LLMs. This finding challenges the conventional wisdom that
exemplars are the most effective way to guide model behaviour and suggests that LL.Ms can effec-
tively internalize and apply explicit rules for entity recognition when properly instructed. The au-
thors demonstrate that this approach is particularly effective for specialized entity types that might
be underrepresented in the LLM’s pre-training data. M. Zhang, Yan, Zhou, and Qiu (2023) in-
troduced PromptNER, which combines retrieval-based and generation-based approaches through
k-nearest neighbour search. This method dynamically constructs prompts by retrieving similar ex-
amples from a small annotated pool based on input text similarity, then uses these examples to
guide the LLM’s entity recognition process. By selecting the most relevant examples for each input,
PromptNER achieves superior performance compared to static prompting strategies, particularly
in few-shot scenarios. This work highlights the potential of hybrid approaches that combine the
strengths of retrieval and generation for NER tasks.

The evolution of prompt engineering strategies for NER reflects growing sophistication in how
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researchers interact with LLMs. Initial approaches relied heavily on rigid templates and numer-
ous examples, while more recent work emphasizes clear definitions, explicit guidelines, and dy-
namically selected demonstrations. This progression aligns with a deeper understanding of how
LLMs process and apply instructions, moving from treating them as black-box systems to be coaxed

through examples toward viewing them as reasoning systems that can follow explicit guidelines.

2.3.4 Parameter-Efficient Fine-tuning and Model Adaptation

As LLMs have grown in size, parameter-efficient fine-tuning methods have become essential
for adapting these models to specific NER tasks without prohibitive computational requirements.
These approaches enable customization of general-purpose LLMs for specialized NER applications
while updating only a fraction of the model parameters.

A pivotal development in this area was the introduction of Low-Rank Adaptation (LoRA) by
E.J. Huet al. (2022). LoRA drastically reduces the number of trainable parameters by representing
weight updates as low-rank matrices, making it feasible to fine-tune billion-parameter models on
consumer hardware. For NER applications, LoRA enables adaptation to domain-specific entity
types and annotation standards without the cost of full model fine-tuning. This breakthrough has
democratized access to custom LLM-based NER systems, allowing researchers and organizations
with limited computational resources to develop specialized entity recognizers.

The release of open-weight models like the Llama series by Touvron et al. (2023) has fur-
ther accelerated research on parameter-efficient adaptation for NER. These models provide high-
quality pre-trained weights that can serve as starting points for customization while allowing full
transparency about model capabilities and limitations. The availability of such models has enabled
extensive experimentation with different adaptation techniques for NER, leading to improved un-
derstanding of how pre-trained knowledge can be leveraged for entity recognition across diverse
domains.

Building on this foundation, Grattafiori et al. (2024) detailed the advancements in the Llama
3 model family, which demonstrates strong performance on NER tasks with minimal fine-tuning.
These models incorporate architectural improvements and training methodologies that enhance their

ability to understand and follow instructions about entity recognition, resulting in superior zero-shot
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and few-shot performance compared to earlier generations. The reduced need for extensive fine-
tuning makes these models particularly valuable for rapidly developing NER capabilities for new
applications.

Recent model releases like Grattafiori et al. (2024) with Llama-3.3-70B-Instruct, Yang et al.
(2024) with Qwen2.5, and the Falcon 3 family of models represent the current state of the art in
adaptable LLMs for information extraction tasks. These models incorporate advanced instruction
tuning methodologies that enable them to understand complex entity definitions and annotation
guidelines with minimal additional training. Their multilingual capabilities also facilitate cross-
lingual transfer for NER, addressing the historically challenging problem of developing entity rec-
ognizers for low-resource languages.

As LLMs continue to evolve, the trend toward parameter-efficient adaptation and instruction
tuning suggests a future where highly customizable NER systems can be rapidly deployed across
domains and languages with minimal annotation effort. This evolution promises to address many
of the historical limitations of NER technology while enabling new applications that require fine-

grained entity understanding.

2.4 Data Augmentation for NER

The challenge of data scarcity in NER has driven considerable research into augmentation tech-
niques that can enhance model performance while preserving the integrity of entity labels. This
section examines the evolution of data augmentation approaches for NER, from early token-level
manipulations to sophisticated language model-based generation methods, establishing the theoret-

ical foundation that informs our proposed PANER framework.

2.4.1 Traditional Data Augmentation Techniques

The earliest investigations into NER data augmentation emerged from broader efforts to address
data scarcity in natural language processing tasks. X. Zhang, Zhao, and LeCun (2015) pioneered

the application of systematic lexical replacement for character-level convolutional neural networks,
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introducing the foundational principle that controlled perturbations could improve model general-
ization without compromising semantic integrity. Their approach employed geometric distributions
to determine both the number of words to be substituted and the selection criteria for replacement
candidates, establishing that probabilistic selection mechanisms could effectively balance augmen-
tation diversity with semantic preservation.

Building upon these foundational principles, the machine translation community provided cru-
cial insights that would later influence NER augmentation strategies. Fadaee, Bisazza, and Monz
(2017) addressed the specific challenge of rare word handling in low-resource neural machine trans-
lation by developing a targeted augmentation approach that generated new sentence pairs containing
low-frequency words in synthetically created contexts. Their methodology achieved improvements
of up to 2.9 BLEU points over baseline approaches, showing that selective augmentation targeting
specific linguistic phenomena could yield substantial performance gains.

The emergence of systematic token-level augmentation techniques was the next advancement in
the field. Wei and Zou (2019) introduced Easy Data Augmentation (EDA), a comprehensive frame-
work comprising four fundamental operations: synonym replacement, random insertion, random
swap, and random deletion. While originally designed for sentence-level classification tasks, EDA’s
systematic approach demonstrated particular effectiveness for datasets with fewer than 500 sam-
ples, achieving accuracy improvements of up to 3% with 16 augmented sentences per input. The
significance of EDA extends beyond its immediate performance gains; it established the principle
that simple, interpretable augmentation operations could compete with more complex generative
approaches.

However, the application of general-purpose augmentation techniques to NER revealed unique
challenges that demanded specialized solutions. Dai and Adel (2020) conducted the first compre-
hensive analysis of simple data augmentation techniques specifically adapted for NER tasks, sys-
tematically comparing label-wise token replacement (LwTR), mention replacement (MR), and syn-
onym replacement (SR) approaches across biomedical and materials science domains. Their work
demonstrated that simple augmentation could boost performance for both recurrent and transformer-
based models, particularly in small training set scenarios, while highlighting the critical importance

of maintaining label consistency during augmentation. The LWTR approach, which replaces tokens
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with others sharing the same entity label, inspires our entity masking strategy, where type-specific
placeholders preserve semantic relationships while enabling contextual variation.

Contemporary work in this period also explored domain-specific adaptations that addressed the
unique characteristics of specialized NER tasks Issifu and Ganiz (2021). The medical domain, in
particular, presented challenges related to terminology precision and entity relationship complexity
that required careful consideration during augmentation. These domain-specific investigations con-
cluded that successful NER augmentation must balance linguistic diversity with semantic precision.

The evolution of traditional augmentation techniques established several key principles that
continue to influence modern approaches: the importance of maintaining semantic coherence, the
effectiveness of targeted rather than random modifications, and the need for entity-aware augmen-

tation strategies.

2.4.2 LLM-Based Data Generation and Augmentation

The advent of large language models fundamentally transformed the landscape of data aug-
mentation for NER, introducing unprecedented capabilities for generating coherent, contextually
appropriate synthetic text. This paradigm shift from rule-based transformations to generative meth-
ods enabled more sophisticated augmentation strategies that could preserve semantic relationships
while introducing meaningful linguistic variation.

R. Zhou et al. (2022) introduced MELM (Masked Entity Language Modelling), a pioneering
approach that injects entity labels into training contexts to reduce token-label misalignment while
improving entity diversity in low-resource and multilingual NER settings. MELM’s methodology
involved masking entity mentions in sentences and training language models to predict contextually
appropriate entities, thereby generating augmented data that maintains semantic coherence while in-
troducing entity-level variation. This approach demonstrated consistent improvements across multi-
ple languages and domains, establishing the viability of entity-focused language modelling for NER
augmentation.

The integration of back-translation techniques with NER-specific considerations was intro-
duced by Yaseen and Langer (2021). Their work highlighted both the potential and limitations of

translation-based augmentation for token-level tasks, particularly emphasizing the need for careful
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entity preservation mechanisms during the translation and back-translation process. While back-
translation can introduce beneficial linguistic diversity, the authors noted challenges in maintaining
entity consistency across language boundaries, limitations that we plan to address with our PANER
framework.

The development of entity-controlled synthetic text generation represented a bridge between
traditional rule-based methods and modern neural approaches. Aggarwal, Jin, and Ahmad (2023)
developed entity-controlled generation techniques using contextual question-answering with pre-
trained language models, focusing on maintaining entity consistency while generating diverse con-
texts. Their approach demonstrated that large language models could be effectively guided to pro-
duce entity-aware synthetic text, establishing the foundation for more sophisticated control mecha-
nisms in neural generation.

A significant breakthrough came with the introduction of unified generative augmentation ap-
proaches capable of handling multiple NER task variants. X. Hu et al. (2022) introduced EnTDA
(Entity-to-Text based Data Augmentation), proposing the first unified framework capable of ad-
dressing flat, nested, and discontinuous NER tasks through a novel entity-to-text generation paradigm.
By decoupling entity dependencies through add, delete, replace, and swap operations on entity lists,
EnTDA addressed fundamental limitations of previous text-to-entity approaches that struggled with
complex entity structures. The method incorporated diversity beam search to increase generation
variety while maintaining semantic coherence, demonstrating substantial improvements across thir-
teen NER datasets.

The most recent advances in LLM-based augmentation have focused on addressing the spe-
cific challenges of few-shot NER. Ye et al. (2024) presented LLM-DA, an approach employing
14 contextual rewriting strategies with entity replacement and noise injection specifically designed
for few-shot NER scenarios. This work directly confronts the limitations of existing methods that
compromise semantic integrity, leveraging large language models’ distinctive rewriting capabili-
ties while addressing uncertainty inherent in generated text. LLM-DA consistently outperformed
ChatGPT across multiple datasets, demonstrating that targeted utilization of LLMs for NER aug-
mentation could achieve superior results compared to general-purpose language model applications.

The contextual rewriting strategies employed in LLM-DA inform our paraphrasing methodology in
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PANER, particularly in the systematic approach to preserving entity relationships while introducing
linguistic variation. However, we do not hard-code the rewriting strategy since that can heavily
restrict the model’s ability when switching domains.

The evolution toward LLM-based augmentation reflects a change in understanding how gen-
erative methods can be leveraged for NER enhancement. Unlike earlier approaches that relied on
simple transformations or external translation services, modern LLM-based methods can gener-
ate contextually appropriate text that maintains complex semantic relationships while introducing
beneficial diversity. This capability is particularly relevant for specialized domains where entity
relationships are nuanced and context-dependent.

However, the application of LLMs to NER augmentation also introduced new challenges related
to controllability and consistency. While large language models demonstrate remarkable generation
capabilities, ensuring that generated text maintains entity boundaries and type consistency requires
sophisticated prompting and validation strategies. Early approaches treated entities as isolated to-
kens to be preserved during augmentation, while recent work recognizes the complex semantic
networks that connect entities to their surrounding contexts.

The synthesis of insights from both traditional and LLM-based approaches informs every as-
pect of our paraphrasing framework design. The entity masking strategy draws from the label con-
sistency principles established by Dai and Adel (2020), while the controlled generation approach
builds upon the contextual rewriting strategies demonstrated by Ye et al. (2024). The type-specific
placeholder system addresses the entity preservation challenges identified in back-translation re-
search, while the validation mechanisms ensure the semantic coherence emphasized throughout the

literature.

2.5 Summary

The literature examined in this chapter traces the evolution of NER from traditional supervised
approaches to modern large language model implementations, establishing the theoretical founda-
tion for our proposed PANER methodology. As demonstrated in Table 2.1, this progression reveals

a clear trajectory from high-resource supervised methods requiring extensive manual engineering to
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Approach Training type/Data Require- Parameters Key Innovation
ments

Traditional Supervised Era
HMM Bikel et al. Supervised, high-resource - Sequential probabilistic modeling
(1998)
MaxEnt Borthwick  Supervised, high-resource - Overlapping feature integration
(1999)
CRF Lafferty et al. Supervised, high-resource - Global sequence optimization
(2001)

Neural Network Era
Bi-LSTM-CRF Supervised, high-resource <100M Bidirectional context with structured out-
Z. Huang et al. (2015) put
Char-CNN X. Zhang et Supervised, high-resource <50M Subword morphological representations
al. (2015)

Transfer Learning Era
BERT Devlin et al. Fine-tuning, medium-  110M-340M Bidirectional transformer pretraining
(2019) resource
RoBERTa Y. Liu et al.  Fine-tuning, medium-  125M-355M Optimized pretraining methodology
(2019) resource

LLM-based Approaches
InstructUIE Wang et al.  Instruction tuning, low- 11B Unified multi-task instruction framework
(2023) resource
UniversaNER W. Zhou  Distillation, zero/few-shot 7B Large-scale knowledge distillation
et al. (2023)
GoLLIE Sainz et al. Guidelines, zero-shot 7B Code-structured annotation guidelines
(2023)
GNER Y. Ding et al. Instruction tuning, few-shot 7B-11B Negative instance incorporation
(2024)
GLINER Zaratiana et Minimal training, zero/few- 300M Bidirectional generalist architecture
al. (2023) shot
SLIMER Zamai et al. Guidelines, few-shot 7B Definition-enriched prompting
(2024)
PANER Augmented few-shot 7B-10B Strategic paraphrase-based augmenta-

tion

Table 2.1: Multi-Dimensional Taxonomy of NER Approaches
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contemporary LLM-based approaches capable of effective entity recognition with minimal training
data. This comprehensive analysis systematically examines three critical areas: the historical devel-
opment of NER techniques, persistent challenges in low-resource scenarios, and emerging solutions
through large language models and data augmentation strategies.

NER was introduced at the Sixth Message Understanding Conference in 1995 and defined the
foundational entity categories of person, location, and organization, creating a clear trajectory from
rule-based systems to sophisticated statistical models. HMM s initially demonstrated the potential of
probabilistic frameworks, followed by Maximum Entropy models that addressed independence as-
sumptions, and ultimately CRFs that dominated the field for nearly a decade by effectively handling
sequential dependencies.

The transition to neural network-based approaches marked a paradigm shift, beginning with
Collobert et al. (2011)’s demonstration that neural networks could learn representations directly
from data, reducing manual feature engineering requirements. The introduction of Word2Vec and
character-level CNNs further enhanced representation learning, culminating in the Bi-LSTM-CRF
architecture that combined neural sequence modelling with structural prediction constraints. This
progression established neural approaches as superior to traditional methods while highlighting the
persistent challenge of requiring substantial task-specific training data.

The most recent evolution toward transfer learning and pre-trained language models repre-
sents the current state-of-the-art paradigm. ELMo’s contextualized representations demonstrated
the value of bidirectional language modelling, while BERT’s transformer architecture and pre-
training objectives achieved unprecedented performance levels. The subsequent development of
RoBERTxa, with its optimized training methodology, established new benchmarks and demonstrated
how methodological refinements could yield substantial performance gains without architectural
innovations.

Our review also identified three fundamental challenges that persist in low-resource NER set-

tings. (1) Domain adaptation difficulties represent the most significant barrier, as models trained
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on general domains experience dramatic performance degradation when applied to specialized con-
texts. The CrossNER benchmark reveals performance drops of up to 27% within the encoder-
decoder and encoder-only model space when transferring across domains, highlighting the domain-
specific nature of entity patterns and contextual environments. (2) Entity boundary detection emerges
as a particularly problematic aspect of low-resource NER, with research indicating that boundary er-
rors account for approximately 60% of all mistakes in limited-data scenarios Y. Ding et al. (2024).
This challenge becomes especially pronounced with complex entity structures, such as nested or
overlapping entities, where conventional sequence labelling approaches fail to maintain accuracy.
(3) Label inconsistency problems represent the third major challenge, particularly when alternative
supervision strategies are employed to compensate for limited manually labelled data. Dictionary-
based weak supervision and partially annotated datasets introduce systematic biases and conflict-
ing annotations that undermine model performance. These interconnected challenges collectively
demonstrate why low-resource NER remains a persistent problem despite advances in neural archi-
tectures.

The application of Large Language Models to NER tasks represents a fundamental shift from
task-specific architectures to general-purpose systems capable of following natural language instruc-
tions. This evolution progressed from GPT-2’s demonstration of generative capabilities through the
development of instruction tuning methodologies that enable models to perform NER without ex-
tensive task-specific training.

Instruction tuning approaches, particularly frameworks like InstructUIE and UniversalNER,
demonstrate how natural language instructions can guide entity recognition across diverse domains
and entity types. The evolution from rigid template-based approaches to sophisticated guideline
integration, as exemplified by GoLLIE’s incorporation of annotation guidelines, shows how ex-
plicit instruction can leverage models’ latent entity knowledge. Prompt engineering strategies have
evolved from example-heavy approaches to definition-rich instructions that explicitly communicate
entity types and annotation criteria.

The evolution of data augmentation techniques specifically designed for NER progresses from
traditional approaches through entity-aware strategies to sophisticated LLM-based generation meth-

ods. Traditional approaches, beginning with systematic lexical replacement and progressing through
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Easy Data Augmentation (EDA), established fundamental principles of controlled perturbation that
preserve semantic integrity while introducing beneficial diversity. The recognition that NER re-
quires entity-aware augmentation strategies led to specialized techniques like label-wise token re-
placement and mention replacement that explicitly consider entity boundaries during transforma-
tion. This evolution reflects a growing understanding that successful NER augmentation must
balance linguistic diversity with semantic precision. The advent of LLM-based data generation
represents the current frontier, with approaches like MELM demonstrating entity-controlled gener-
ation and EnTDA introducing unified frameworks for complex entity structures. Recent work like
LLM-DA has shown that targeted utilization of large language models for contextual rewriting can
achieve superior results compared to general-purpose applications.

This comprehensive analysis establishes that while significant progress has been made in NER
through increasingly sophisticated models and techniques, the fundamental challenges of low-
resource scenarios—domain adaptation remain unresolved. The convergence of instruction tuning
capabilities, parameter-efficient fine-tuning methods, and intelligent data augmentation strategies
creates the foundation for our PANER framework, which synthesizes these advances to address per-
sistent low-resource challenges through strategic paraphrase-based augmentation combined with an

optimized instruction tuning methodology.
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Chapter 3

Methodology

3.1 Introduction

This chapter provides an in-depth description of our methodology for approaching low-resource
NER through the PANER (Paraphrase-Augmented Named Entity Recognition) framework. Section
3.2 outlines the comprehensive PANER framework diagrammatically and sets the rest of the section
to explore each component in detail. Section 3.3 presents our framework for data augmentation,
expanding on the process and the prompt used for generating diverse samples. In Section 3.4 we
describe our instruction tuning template design, and explain our choices to diverge from traditional
BIO tagging in favour of a simplified word/tag representation format while incorporating negative

instances, detailed entity guidelines, and definitions.

3.2 Overview of PANER Framework

Named Entity Recognition (NER) remains a fundamental yet challenging task in Natural Lan-
guage Processing (NLP), particularly in low-resource scenarios where annotated data is scarce.
PANER (Paraphrase-Augmented Named Entity Recognition) is a comprehensive framework de-
signed to address these challenges through two key contributions: strategic data augmentation and

optimized instruction tuning.
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PileNER
Dataset (Base
Dataset)

Data Sources

Domain-
specific
Dataset

PANER Architecture

Input Collector:
"John visited the
supermarket on

Entity Masking:
“PER: visited the
«LOC> on Tuesday.”

Paraphrasing Module

Paraphrasing Model
(Llama-3.3-70B)

"¢PER: stopped by «LOC» last
Tuesday.”

(Verb Substitution)

"Tuesday saw «PERs traveling to
«L0C."

(Structute Variation)

Unmasking

|

Augmented Training Data (Original +
Paraphrased)

|

Fine-Tuning for NER (LLaMA 3, 3.1,
Qwen)

Figure 3.1: Flowchart of the PANER framework.
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Figure 3.1 illustrates the overview of the PANER framework from a few-shot learning perspec-
tive, where we infuse domain-specific datasets and increase sample size through data augmentation.
While this diagram captures the core data processing pipeline, the complete PANER system encom-
passes additional components, including instruction tuning templates that contain annotations and
guidelines, and prompt engineering strategies that operate as complementary elements and will be
detailed in subsequent sections.

We present an integration of paraphrase-based data augmentation techniques with refined in-
struction tuning methodologies, specific to low-resource NER environments. PANER’s architecture
comprises two primary components that work in synergy:

(1) a controlled paraphrasing mechanism that preserves entity information while diversifying
contextual representations, and

(2) an enhanced instruction tuning template that combines principles from prior approaches
while implementing a simplified output format.

Unlike conventional NER approaches that require extensive annotated datasets for each target
domain, we have designed PANER to operate effectively with minimal labelled data. This effi-
ciency is achieved through our generation of high-quality synthetic samples that maintain semantic
integrity while introducing linguistic variation. The framework leverages the extended context win-
dows of modern LLMs, including Qwen-2.5-Instruct (7B), LLAMA-3.1-Instruct (8B), Falcon3-
Instruct (10B) and Llama 3.3-70B for both the paraphrasing process and the subsequent entity
recognition tasks. These models, with context windows ranging from 32k to 128k tokens, allow
the framework to process longer and more complex inputs while maintaining coherent entity recog-
nition. Thus establishing a resource-efficient pipeline that remains accessible to researchers and
organizations with limited computational capabilities.

At its core, PANER addresses a critical gap in current NER methodologies by combining the
strengths of recent instruction-tuning approaches such as SLIMER’s guideline-centric philosophy
Zamai et al. (2024) and GNER'’s negative instance inclusion Y. Ding et al. (2024). This integra-
tion enables the framework to better handle domain-specific entities while reducing dependency on
extensive labelled datasets. Furthermore, the implementation of a word/tag output format rather

than the traditional BIO tagging schema simplifies the annotation process, while also improving
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performance metrics on standard benchmark datasets (discussed more in 5).

Through this integration of paraphrase-based data augmentation and optimized instruction tun-
ing, PANER establishes a flexible and efficient framework for addressing the challenges of low-
resource NER. The subsequent sections will provide a detailed exploration of each component,
including the paraphrasing methodology, instruction tuning approach, and implementation consid-

erations (detailed in Chapter 4) that collectively form the complete PANER framework.

3.3 Paraphrasing Framework for Data Augmentation

The paraphrasing framework represents one of the two main contributions in this paper, address-
ing the critical challenge of data scarcity in low-resource NER. Unlike traditional data augmenta-
tion techniques that often introduce noise or semantic inconsistencies, PANER’s approach preserves
entity information while generating linguistically diverse contexts, thereby enhancing model gener-

alization without compromising semantic integrity.

3.3.1 Entity Masking and Semantic Preservation

The entity masking process transforms input sentences into masked templates where named
entities are replaced with semantic placeholders corresponding to their entity types. Consider a
sample input sentence: “Microsoft announced new products in Seattle yesterday.” We generate a
masked version: “<ORG> announced new products in <LOC> yesterday.” Unlike generic mask-
ing approaches that use uniform placeholders, PANER employs type-specific tags (e.g., <PER>,
<LOC>, <ORG>), providing the paraphrasing model with essential context about the entity type
being masked. This design choice proved critical for generating high-quality paraphrases, as our ex-
perimental iterations revealed that using generic <ENTITY > tags provided insufficient contextual
guidance to the language model. Type-specific tags enable the paraphrasing model to understand
the semantic role of each entity within the sentence structure, allowing it to generate contextu-
ally appropriate variations while maintaining entity integrity. For instance, knowing that <ORG>
represents an organization entity and <LOC> represents a location enables the model to produce

semantically coherent paraphrases such as “<ORG >revealed new products in <LOC >yesterday”
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or “Yesterday, <ORG> launched products in <LOC>,” where the organization-location relation-
ship and temporal context remain logically consistent across all generated variants. A very basic
example of the process is illustrated in Figure 3.2.

An important optimization involves the handling of consecutive entity tags. In early experi-
ments, we assigned individual masks to each word within multi-worded entities (e.g., a four-word
organization name). However, this method significantly increased the complexity of the paraphras-
ing task and often resulted in inconsistent output during generation. The paraphrasing model strug-
gled to preserve entity boundaries and frequently introduced an inconsistent number of masks in
the output sentence. To mitigate these issues, we pivoted to a consolidated tagging scheme that
merges adjacent words of the same entity type into a single entity mask. This modification simpli-
fies the input structure and improves the paraphrasing model’s ability to maintain entity consistency

throughout the process.

John Jackson visited the walmart superstore on Tuesday.

Label Masking

<PER> <PER> visited the KLOC> <LOC> on Tuesday.
Merging
<PER> visited the <LOC> on Tuesday.

|

Paraphrasing Module (Llama 3.3)

1.0n Tuesday, <PER> went to <LOC> .
2. <PER> stopped by KLOC=> last Tuesday.

1. On Tuesday, John Jackson went to Walmart superstore
2. John Jackson stopped by Walmart superstore last Tuesday.

Figure 3.2: Illustration of a paraphrasing-based data augmentation process.
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Paraphrasing Prompt

Task Description:

You are a helpful assistant. I have a sentence with certain entities that I want to preserve in
spirit, but you may modify the sentence slightly to add variety. Your task is:

(1) Read the Original Sentence provided.
(2) Create 2 new sentences (variants) that:

* DO NOT MODIFY any word enclosed in <<>> tags or move them around (do
not introduce any new << >>> tags that weren’t in the original).

* May adjust phrasing, structure, or add contextual details while maintaining logi-
cal coherence and meaning.

* Minor modifications are allowed, but retain the core entity references and do not
transform them into something else.

(3) Return the output in a valid JSON format with the generated variants.

Original Sentence: Input

Figure 3.3: Prompt used for generating paraphrases.

3.3.2 Paraphrase Generation Techniques

Building upon the entity-masked templates, PANER employs a simple paraphrase generation
technique to balance diversity with sentence coherence (an example of the type of generation done
can be seen in Fig. 3.1). The generation process leverages the LLAMA 3.3-70B model, selected
for its optimal balance of performance and efficiency relative to larger models while operating with
substantially fewer parameters (70B vs 405B), making it more practical for real-world applications.

The paraphrasing prompt, shown in Figure 3.3, provides explicit instructions for the language
model to maintain entity integrity while introducing contextual variations.

Through experimental validation (Section 5.7), we determined that generating two paraphrased
versions per input sentence achieves the optimal balance between diversity and quality. Attempts
to produce three or more variations frequently resulted in redundancy or phrases not adhering to
requested output format. Additionally, generating more variants often led to inconsistencies in the

number of entity tags compared to the input sentence.
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Using our approach with the masked example “<ORG>hired <PER>as <MISC>" yields vari-

ations such as:

* “<ORG>appointed <PER>as <MISC>"

» “<PER>was recruited by <ORG> for the <MISC> position”

Each variant maintains the entity relationships of the original sentence while introducing natural
diversity in structure and word choice.

A critical component of our paraphrasing framework is a robust quality control and validation
pipeline developed using the instructor package J. Liu (2024). Unlike structured models that inher-
ently produce constrained outputs, generative large language models have the flexibility to produce
unlimited textual variations, which, while advantageous, can also lead to inconsistent formatting
or outputs that deviate from the required specifications. To constrain this ability while maintaining
control over output quality and format, we implement structured constraints that guide the LLM’s
responses into predetermined formats suitable for automated processing. We process the model’s
output in JSON format through the instructor package (implementation shown in the Appendix A),
which enforces schema validation and ensures consistent structure across all generated paraphrases.
This constraint mechanism is essential for preventing the model from producing nonsensical outputs
or deviating from the specified paraphrase generation task, while simultaneously enabling efficient
parsing and validation of the generated samples without requiring manual inspection of individual

examples. For each paraphrase, we verify that:

(1) The number of entity tags matches the input sentences.

(2) These sentences meet a minimum cosine threshold(0.6) to preserve semantic relevance.

When a generated paraphrase fails these validation checks, we rerun the generation with ad-
justed model parameters like temperature, top-p, etc. This validation process helps maintain the
integrity of the augmented dataset while allowing for natural variations in sentence structure and
word choice.

The generation process remains configurable, allowing users to generate additional variations

by adjusting the temperature parameter during generation. For applications requiring greater sample
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diversity, larger and more capable models can be employed to generate three or more variations per
input sentence, potentially incorporating directional prompts that guide specific types of linguistic
modifications (e.g., formal-to-informal tone shifts, syntactic restructuring, or domain-specific vo-
cabulary substitutions). This flexibility enhances PANER’s adaptability across different NER tasks
and domains, making it a versatile solution for low-resource scenarios that can scale with available
computational resources and specific augmentation needs.

The generation process remains configurable, allowing users to generate additional variations
by adjusting the temperature parameter during generation. For applications requiring greater sample
diversity, larger and more capable models can be employed to generate three or more variations per
input sentence, potentially incorporating directional prompts that guide specific types of linguistic
modifications (e.g., formal-to-informal tone shifts, syntactic restructuring, or domain-specific vo-
cabulary substitutions). This scalable approach accommodates varying computational budgets and
performance requirements, where organizations with access to more powerful models can achieve
enhanced augmentation diversity, while those with limited resources can still benefit from the two-
variant configuration demonstrated in our experiments. This flexibility enhances PANER’s adapt-
ability across different NER tasks and domains, making it a versatile solution for low-resource

scenarios that can scale with available computational resources and specific augmentation needs.

3.4 Instruction Tuning Template Design

The instruction tuning template design in PANER is the second contribution we are proposing,
combining insights from recent research while addressing their limitations. Instruction tuning has
emerged as a leading paradigm for adapting large language models to downstream natural language
tasks, and the capabilities of LLMs particularly benefit low-resource scenarios. However, one of
the problems with using LLMs for NER is that they often struggle with complex entity boundaries,

domain adaptation, and computational efficiency.
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3.4.1 Simplified Tagging Formats

Traditional supervised NER approaches typically employ the BIO (Beginning, Inside, Outside)
tagging scheme, which distinguishes between the beginning and continuation of entity spans. While
effective for many supervised learning scenarios, this scheme introduces unnecessary complexity in
the context of instruction-tuned language models, particularly for few-shot and zero-shot settings.

Our approach revisits and refines the instruction-tuning methodologies by diverging from the
traditional BIO tagging schema in favour of a simplified word/tag representation format. This format
annotates each word with its corresponding entity tag using a forward slash (/) separator, as shown
in the prompt (Figure 3.5). By removing the distinction between “B-" and “I-” labels, we want
the model to focus on entity type classification rather than complex boundary detection (which will
benefit from the inclusion of negative instances).

We acknowledge the limitations inherent in this design choice. Specifically, eliminating the
“B-" and “I-” tags results in the loss of our ability to distinguish between start and end spans of con-
secutive entities of the same type. A common example would be citations of multiple author names
in academic papers, where traditional BIO tagging would differentiate between separate consecu-
tive person entities. We address this limitation by relying on punctuation marks, conjunctions, and
other sentence structures to differentiate between distinct entities. While we understand that this
approach cannot differentiate entities in all cases, our decision is based on analysis of the datasets
used in this paper, where sufficient lexical and syntactic cues are present to support this direction.
We provide a more detailed discussion of these limitations and their implications in Section 6.3.2.

Our experimental results demonstrate that the simplified word/tag format consistently outper-
forms the BIO-based approaches across diverse domains. For example, on the CrossNER datasets,
our approach achieved an average F1 score of 67.13 without guidelines, compared to 51.92 for the
BIO-based format (explained in detail in Section 5.1). This significant improvement underscores

the effectiveness of simplifying the tagging schema for instruction-tuned models.

Refined Instruction Tuning Approach Our refined instruction tuning approach incorporates two
key design elements beyond the simplified word/tag output format: (1) the integration of detailed

definitions and guidelines for each entity type, and (2) the inclusion of negative instances in the
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input/output format. These design choices are grounded in recent empirical findings and are specif-

ically engineered to complement each other in addressing the challenges of low-resource NER.

Domain-Specific Entity Guidelines and Definitions

Al Domain - ALGORITHM:

Definition: ‘Algorithm’ entities refer to specific computational procedures or methods de-
signed to solve a problem or perform a task within the field of computer science or related
disciplines.

Guidelines: Avoid labelling generic technology or software names without specific algo-
rithmic context. Exercise caution with terms that may denote both a specific algorithm and
a generic concept, such as ’neural network’.

Literature Domain - LITERARY_GENRE:

Definition: ‘Literary genre’ refers to a category or type of literary composition characterized
by a particular style, form, or content, such as novel, poetry, science fiction, or picaresque.
Guidelines: Avoid labelling general literary terms like ‘book’ or ‘writing’. Consider the
specific stylistic, structural, or thematic elements that define a genre, and be mindful of
overlapping genres, such as historical fiction or science fiction thriller.

Music Domain - MUSICAL_ARTIST:

Definition: ‘Musical artist’ refers to individuals primarily known for their contributions to
the field of music, including singers and musicians.

Guidelines: Exercise caution with terms that may have multiple meanings, such as ‘John
Denver’ (could refer to a musical artist or a geographic location). Be mindful of context,
as not all mentions of names in a musical context necessarily indicate a musical artist (e.g.,
‘Novoselic’ might refer to a person but not necessarily a musical artist).

Figure 3.4: Examples of domain-specific entity definitions and guidelines across Al, Literature, and
Music domains.

3.4.2 Definitions and Guidelines

We adopt the definition and guideline framework pioneered by SLIMER Zamai et al. (2024),
which demonstrated significant improvements in zero-shot NER performance, particularly for un-
seen entity types. The SLIMER approach addresses a fundamental limitation in existing instruction-
tuned NER models: while models like UniNER W. Zhou et al. (2023) and GNER Y. Ding et al.
(2024) achieve high performance on entity types seen during training (95-100% overlap with test

sets), they struggle with truly unseen entities.
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SLIMER’s approach of enriching prompts with entity-specific definitions and annotation guide-
lines yielded substantial improvements, with their model achieving competitive performance while
being trained on only a fraction of the data used by other approaches. The effectiveness stems
from providing explicit semantic context that enables models to generalize beyond memorized en-
tity patterns. For instance, when evaluating on never-seen-before entities in the BUSTER dataset,
SLIMER achieved an F1 score of 45.3, significantly outperforming models like GNER-T5 (27.9)
and UniNER (37.8) (We ran this experiment with our approach; the results can be found in Section
5.3.2).

The definitions and guidelines are generated using GPT-3.5-turbo by selecting three examples
from the dataset for each entity type and fed to the model with a carefully designed prompt template
(detailed in Appendix A.2) that produces consistent, structured definitions and guidelines. Figure

3.4 illustrates examples of generated definitions and guidelines across different domains.

3.4.3 Incorporation of Negative Instances

Our second design choice builds upon GNER’s empirical finding that explicit annotation of
non-entity tokens significantly improves NER performance Y. Ding et al. (2024). GNER’s com-
prehensive analysis revealed that “negative instances contribute to remarkable improvements by
introducing contextual information, and delineating label boundaries.”

The GNER framework demonstrated through controlled experiments that traditional entity-
centric approaches, which focus only on entity portions during training, overlook crucial contex-
tual information provided by non-entity text. Their systematic evaluation using three error met-
rics—Unlabeled Error (UE), Noisy Error (NE), and Boundary Error (BE)—showed clear improve-

ments when incorporating negative instances:

Context UE (%) NE (%) BE (%) F1 (%)
Without context (entity-centric) 7.8 16.7 3.8 59.0
With full context 7.7 14.9 3.7 61.0

Table 3.1: Results taken from the GNER paper Y. Ding et al. (2024). This table compares perfor-
mance metrics (UE, NE, BE, F1) with and without the non-entity tokens.
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This proved that incorporating contextual information around entities led to progressive perfor-
mance improvements. The effectiveness of negative instances is particularly pronounced in their
dual role for precision and recall improvement. As Y. Ding et al. (2024) explains: “The context
surrounding an entity often leads to a more accurate determination of its type, and the model is
guided to make judgments on every token in a sentence (including those in non-entity texts), which

helps recall more entities.”.

3.4.4 Integrated Framework Design

Our approach combines these two evidence-based strategies within the simplified word/tag for-
mat. The complete instruction tuning template, shown in Figure 3.5, integrates task description,
entity-specific definitions and guidelines, and explicit negative instance mentions in our training
data and simplified output format.

This integration addresses complementary aspects of the NER challenge: while definitions and
guidelines provide semantic clarity for entity type determination, negative instances enhance bound-
ary detection and contextual understanding. When applying this new instruction prompt to the
CrossNER Z. Liu et al. (2021) Science dataset with 16 entity types in the training prompt, includ-
ing task description, annotations, and guidelines for all named entities, added up to 1700 tokens,
well below the context length of the models used in our experiments. Our experimental validation

confirms the effectiveness of this integration.

3.5 Summary

This chapter presented PANER, a comprehensive framework for low-resource NER that ad-
dresses limited annotated data through strategic data augmentation and optimized instruction tun-
ing. The methodology centers on two key innovations: (1) a paraphrase-based data augmentation
technique that preserves entity information while modifying surrounding non-entity tokens, and (2)
a refined instruction tuning template combining recent approaches with a simplified output format.
Section 3.3 introduces a controlled approach to generating synthetic training examples through en-

tity masking and context modification. By preserving entity boundaries while introducing linguistic
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Instruction Tuning Prompt

Task Description:

Please analyze the sentence provided, identifying the type of entity for each word on a
token-by-token basis. Each word in the sentence should be annotated with its corresponding
named entity tag, using a forward slash / between the word and the tag. Output format is:
word_1/label_1, word_2/label 2, ...

Guideline:

1) Use O for words that are not part of any named entity.

2) For multi-word entities, label each word with the same entity tag.

Use the specific entity tags: l1,l2,. .., [y, and O.

To help you, here are dedicated DEFINITION and GUIDELINES for each entity tag.
{ha:A{

DEFINITION :,

GUIDELINES : }

}

Input: z129...2,
Output: l‘l/ﬂ1$2@2 000 l’n/:l)n

Figure 3.5: Prompt used for Instruction-tuning LLMs

variation, this technique expands training datasets without compromising recognition accuracy. The
quality control pipeline ensures generated paraphrases are without errors and maintain semantic rel-
evance.

Section ?? introduced an instruction tuning template that diverges from traditional BIO tag-
ging in favour of a simplified word/tag format that reduces complexity while improving boundary
recognition. Combined with negative instances and detailed entity definitions, this approach en-
hances the model’s ability to distinguish between entity and non-entity tokens while adapting to
domain-specific entity types.

These methodological components form a cohesive framework addressing fundamental low-
resource NER challenges, offering a promising solution for domain-specific tasks where labelled
data is scarce. The following chapter details our experimental setup and evaluation framework for

assessing PANER’s performance.

43



Chapter 4

Experimental Setup

4.1 Introduction

This chapter presents the experimental setup for evaluating the PANER framework. Section 4.2
describes the datasets used for both training and evaluation, including our primary training corpus
and benchmark datasets. Section 4.3 outlines the baseline approaches selected for comparison in
zero-shot, few-shot, and data augmentation experiments. Section 4.4 details the backbone models
employed for fine-tuning within our framework. Section 4.5 presents the data configuration setups
used for zero-shot and few-shot evaluation scenarios. Section 4.6 provides comprehensive imple-
mentation details, including the training platform, optimization strategies for fine-tuning, computa-
tional resources, and reproducibility settings. Finally, Section 4.7 describes our evaluation frame-
work and scoring methodology, including the specific metrics used and measures taken to ensure

fair comparison across baselines.

4.2 Datasets

4.2.1 Training Corpus

PileNER serves as the primary training corpus for the instruction tuning phase of our framework.
Introduced by W. Zhou et al. (2023), this dataset was constructed by sampling 50,000 passages from
the Pile corpus—an 825 GiB English text dataset—annotated using ChatGPT (gpt-3.5-turbo-0301)
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to identify entities and their associated types W. Zhou et al. (2023). PileNER has become a standard
training corpus for instruction tuning in recent NER literature, particularly in few-shot and zero-
shot setups. Notable studies such as those by Y. Ding et al. (2024); Zamai et al. (2024); W. Zhou
et al. (2023) have used it as a primary corpus for their instruction-based NER model training, citing
its breadth of entity types and depth in number of samples per entity present in the corpus. Each
passage is limited to 256 tokens, resulting in a corpus of 45,889 input-output pairs, encompassing
240,725 entities and 13,020 unique entity types after filtering for parsing ability and excluding noisy
labels (e.g., “NA”, “MISC”, or “ELSE”).

A key characteristic of PileNER is the long-tailed distribution of entity types. The most frequent
1% of entity types account for 74% of total frequency counts, while the remaining 99% are split
across increasingly rare categories. This distribution supports broad generalization capabilities,
especially for few-shot and long-tail NER scenarios. Table 4.1, adapted from W. Zhou et al. (2023),
illustrates the range and diversity of entity types by frequency bracket. Notably, entity types span
general domains (e.g., person, organization) to fine-grained and domain-specific categories (e.g.,
immune response, input device), offering both breadth and granularity that are particularly valuable

for instruction tuning in low-resource settings.

Frequency Entity types

Top 1% (74%) person, organization, location, date, concept, product, event, technol-
ogy, group, medical condition, ...

1%—-10% (19%) | characteristic, research, county, module, unit, feature, cell, package,
anatomical structure, equipment, ...

10%-100% (7%) | attribute value, pokemon, immune response, physiology, animals, cell
feature, FAC, input device, ward, broadcast, ...

Table 4.1: Examples of entities across different frequency ranges, along with the percentage of total
frequencies for each range W. Zhou et al. (2023).

On top of the inherent diversity and long-tailed structure of PileNER, we applied a series of
preprocessing steps to further refine the dataset for instruction tuning and few-shot experimentation.
These filtering operations were designed not only to enhance the consistency and reliability of the
training samples, but also to align with annotation standards used in prior NER research. Several
of these steps were also applied to other datasets used in this work to maintain uniformity in data

preparation.
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Preprocessing Pipeline Our preprocessing pipeline for PileNER involved the following key steps:

* Length Filtering: We established a minimum sentence length threshold of 10 words to ensure
sufficient context for meaningful entity recognition. This filtering removes short fragments or

incomplete sentences that might introduce noise into the training process.

* Language Filtering: To maintain consistency and maximize our performance, we retained

only English text, removing sentences in other languages.

* Entity Type Filtering: We restricted our training data to a predefined subset of 423 named
entity types, as introduced by Zamai et al. (2024). This subset was curated by the original
authors through a multi-step process: retaining only entity types with at least 100 instances,
merging semantically identical or orthographically variant labels (e.g., organization and orga-
nization), and discarding vague or hallucinated categories such as unknown, miscellaneous,
and general entity type. By relying on this filtered entity set and its associated annotation
guidelines, we ensured that all entity types used during instruction tuning were well-defined,

frequently occurring, and supported by consistent annotation protocols.

After applying these filtering criteria, the resulting dataset contained 23,402 high-quality sam-

ples.
Domain # paragraph | # sentence | # tokens | # Train | # Dev | # Test | Entity Categories (examples)
Reuters - - - 14,987 | 3,466 | 3,684 | person, organization, location
Politics 2.76M 9.07TM 176.56M 200 541 651 | politician, person
Natural Science 1.72M 5.32M 98.50M 200 450 543 scientist, person, university
Music 3.49M 9.82M 194.62M 100 380 456 | music genre, song
Literature 2.6OM 9.17M 177.33M 100 400 416 | book, writer, award
Artificial Intelligence 97.04K 287.62K 5.20M 100 350 431 algorithm, task, product

Table 4.2: Data statistics of unlabeled domain corpora, labelled NER samples, and representative
entity categories for each domain in the CrossNER dataset (from Z. Liu et al. (2021).)

4.2.2 Benchmark Datasets

For our various experiments, we have leveraged four established NER datasets on top of PileNER

as our primary evaluation and domain-specific training sources.

(1) CrossNER Z. Liu et al. (2021): A comprehensive cross-domain dataset spanning diverse

subject areas including scientific papers, politics, music, and literature. The diversity across
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domains, combined with relatively small training and development datasets, makes it partic-
ularly suitable for few-shot learning scenarios. We leverage portions of CrossNER’s training
data for few-shot domain adaptation experiments, allowing us to assess how effectively our
paraphrase-augmented approach adapts to specialized vocabularies and domain-specific en-
tity characteristics with minimal supervision. More details regarding the data split can be

found in 4.2

MIT Restaurant and Movie Review Datasets J. Liu, Pasupat, Cyphers, and Glass (2013):
These datasets feature user-generated content with informal language and domain-specific
terminology. Similar to CrossNER, we incorporate subsets of the MIT training data for few-
shot learning scenarios, particularly to evaluate performance on conversational and review-

style text that differs significantly from formal training corpora.

e MIT Restaurant consists of 9,448 sentences (7,660 train / 1,943 test) annotated with
8 entity types, including restaurant type, location, price range, amenities, cuisine, dish,

time, and party size.

* MIT Movie (Eng) 10,841 sentences (7,660 train / 3,181 test), annotated with 12 entity

types, including movie name, actor name, director name, genre, year, rating, and others.

BUSTER Zugarini, Zamai, Ernandes, and Rigutini (2024): A document-level financial do-
main NER benchmark that we employ primarily for zero-shot evaluation on out-of-distribution
entities. Following the evaluation protocol established by Zamai et al. (2024), we use BUSTER
to assess the robustness of instruction-tuned models on completely unseen domain-specific
terminology and entity relationships. Due to the document-level nature of this dataset, we
perform sentence-level segmentation based on our context length constraints to ensure com-

patibility with our training framework.

CoNLL-2003 Sang and De Meulder (2003): The widely-used multilingual NER benchmark
featuring standard entity categories (PERSON, LOCATION, ORGANIZATION). We utilize
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CoNLL-2003 specifically to evaluate the effectiveness of our paraphrase-based data augmen-
tation strategy, as it provides a well-established baseline for comparing augmentation tech-

niques against existing methods in the literature.

The diversity of these datasets ensures that our evaluation framework can comprehensively as-

sess the strengths and limitations of the proposed PANER approach across a wide range of real-

world NER challenges, with particular emphasis on low-resource scenarios.

4.3

Baseline Approaches for Comparison

To comprehensively evaluate the effectiveness of our proposed PANER framework, we selected

diverse state-of-the-art models for comparison. Each baseline represents a distinct methodological

approach or architectural design, providing a robust comparative framework for assessing both zero-

shot and few-shot performance, as well as the efficacy of our data augmentation technique.

4.3.1 Zero-shot and Few-shot NER Baselines

ey

2

3)

GoLLIE Sainz et al. (2023): A generative model based on CodeLLAMA, specifically de-
signed to leverage annotation guidelines formatted in a code-like representation. This ap-
proach is notable for its innovative encoding of labelling criteria directly within the prompt
structure, representing the first explicit attempt to incorporate annotation guidelines in instruc-
tion tuning. For our evaluation, we utilized the 7B parameter variant of GoLLIE to maintain

comparability with other models of similar scale in our study.

GLiNER-L Zaratiana et al. (2023): An encoder-only model based on DeBERTa with 304
million parameters. Despite being the smallest model among the selected baselines, GLiNER-
L has demonstrated competitive performance in out-of-distribution (OOD) zero-shot NER
tasks. Its inclusion provides valuable insights into the trade-offs between model size and

performance, particularly important for resource-constrained applications.

GNER Y. Ding et al. (2024): GNER is a generative NER framework that improves zero-shot

and supervised performance by incorporating negative instances non-entity tokens labelled
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as “O”—into the instruction tuning process. GNER emphasizes the role of contextual and
boundary information provided by surrounding non-entity text. The model uses BIO-tagged
token-by-token outputs during generation. To handle the alignment between generated out-
puts and original tokens, GNER introduces a tailored Longest Common Subsequence (LCS)
Matching algorithm to ensure efficient mapping despite possible generation errors. These
design choices significantly enhance the model’s recall and precision, especially in zero-shot

settings.

(4) SLIMER Zamai et al. (2024): A model based on the LLAMA-2-7B chat architecture, fine-
tuned with LoRA for 10 epochs. SLIMER integrates structured annotation guidelines, making
it a particularly relevant benchmark for evaluating our guideline-based NER approach. The
model emphasizes the use of enriched prompts that incorporate definitions and annotation
guidelines to improve performance on unseen entities. They employed a turn-by-turn conver-

sational style information extraction for each entity type present in the sentence.

(5) InstructUIE Wang et al. (2023): A unified information extraction framework utilizing a Flan-

T5-xxI and Flan-T5 architecture fine-tuned on a diverse set of information extraction datasets.

(6) UniNER W. Zhou et al. (2023): Employs a conversational template with LLAMA for uni-
versal NER. The specific variant we compare against, UniNER-type+sup, incorporates both
type information and supervised learning, representing a strong baseline for zero-shot perfor-

mance.

This diverse set of baselines was selected based on their reliance on large language models for
NER, ensuring fair comparison within similar model parameter spaces and computational require-
ments. The chosen methods share comparable training paradigms and architectural foundations, al-
lowing us to evaluate PANER against approaches that operate within the same resource constraints
while employing different strategies for prompt engineering, instruction tuning, and model opti-

mization.
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4.3.2 Data Augmentation Baselines

To specifically evaluate the effectiveness of our paraphrase-based data augmentation approach,

we selected the following data augmentation methods for comparison:

(1) DAGA B. Ding et al. (2020): Utilizes a one-layer LSTM-based language model trained on
linearized labelled sentences from CoNLL and other sequence-tagging datasets to generate
synthetic training data. DAGA represents a traditional approach to data augmentation that
focuses on statistical patterns learned from existing datasets rather than leveraging large lan-

guage models.

(2) MELM R. Zhou et al. (2022): A data augmentation framework that ensures label-consistent
entity replacements by fine-tuning XLLM-RoBERTa with masked entity prediction. MELM
introduced a strategy that injects entity labels into the training context, reducing token-label
misalignment and improving entity diversity, particularly in low-resource and multilingual

NER settings. It represents a strong baseline for entity-preserving augmentation techniques.
(3) Traditional Augmentation Approaches: We also consider conventional methods including:

» Label-wise Substitution: A straightforward entity replacement strategy proposed by
Dai and Adel (2020) that generates augmented samples by randomly substituting named

entities with existing entities of the same entity type from the original training set.

* MLM-Entity: A context-aware augmentation method that randomly masks entity to-
kens and directly utilizes a pretrained Masked Language Model (MLM) for data aug-

mentation without additional fine-tuning or labelled sequence linearization.

* Gold-Only: Training exclusively with the original gold-standard annotated samples
without any data augmentation, serving as a control baseline to quantify the impact

of various augmentation strategies.

These data augmentation baselines provide a comprehensive framework for evaluating the ef-

fectiveness of our paraphrase-based approach, particularly for NER.
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4.4 Backbone Models

The selection of appropriate model architectures was crucial for the success of PANER, particu-
larly in low-resource scenarios where computational efficiency must be balanced with performance.
Our approach leverages state-of-the-art Large Language Models (LLMs) as backbone architectures
while employing efficient adaptation techniques to minimize computational overhead.

We selected three cutting-edge instruction-tuned models— Qwen-2.5-Instruct (7B) Yang et al.
(2024), LLAMA-3.1-Instruct (8B) Touvron et al. (2023), and Falcon3-Instruct (10B) Almazrouei et
al. (2023) —as the core backbone architectures for PANER. Our selection focused on models in the
7-10 billion parameter range, guided by practical considerations around computational feasibility:
these are the largest models that can be reliably deployed on a single GPU with 40 GB of memory,
making them ideal for cost-conscious research and deployment without compromising performance.

Initial experiments with smaller models in the 3B parameter range revealed substantial limi-
tations in output quality, including lower consistency in output format and weaker generalization
across domains. The performance gap relative to the 7B models was nontrivial, and the marginal
computational savings did not justify the trade-off.

Moreover, many of the 7B-class models we selected are distilled or optimized versions of signif-
icantly larger architectures—often replicating the performance characteristics of models with over
30B or even 70B parameters. This distillation offers a favourable balance between performance
and cost, enabling PANER to maintain state-of-the-art capabilities in a lightweight and accessible
framework.

All three selected models are optimized for instruction-following tasks and feature extended
context windows—128K tokens for Qwen-2.5 and LLAMA-3.1, and 32K tokens for Falcon3—making
them well-suited for processing long, complex sequences. These models were chosen not only for
their long-context handling capabilities, but also for their state-of-the-art performance on bench-
marks such as MT-Bench Bai et al. (2024) and Alpaca WC (AlpacaEval) Dubois, Galambosi, Liang,
and Hashimoto (2024), which respectively test multi-turn conversational coherence and single-turn

instruction-following quality.
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MT-Bench is a challenging, 80-plus prompt benchmark that evaluates a model’s ability to main-
tain context, reasoning, and adaptability over multiple turns. Alpaca WC (AlpacaEval) is a fast,
single-turn instruction benchmark using GPT-4 as a judge and validated against human preferences,
providing reliable insights into prompt compliance and response quality. Together, these bench-
marks affirm our backbones’ capabilities in precise instruction following competencies for improv-

ing entity recognition. The corresponding benchmark scores are shown below in Table 4.3.

Model MTBench (multi-turn) Alpaca WC (single-turn)
Qwen-2.5-Instruct (7B) 8.08 —
LLAMA-3.1-Instruct (8B) 8.98 57.6
Falcon3-Instruct (10B) 8.37 31.97

Table 4.3: MT-Bench and Alpaca WC (AlpacaEval) evaluation scores for backbone models

We acknowledge the temporal differences between model generations in our evaluation frame-
work. While our backbone models (Qwen-2.5, LLAMA-3.1, Falcon-3) represent more recent ar-
chitectures compared to some baseline approaches, we maintain fairness through parameter-scale
equivalence, comparing models within similar sizes (7B-11B parameters). This approach mirrors
established practices in the field, where GNER and SLIMER similarly compared against earlier
methods like UniNER and InstructUIE despite architectural advances. Critically, the extended con-
text windows available in newer models (32K-128K tokens versus traditional 2K-4K limits) were
essential for implementing our instruction tuning template with comprehensive entity definitions
and guidelines an approach that would be infeasible with shorter context constraints. Our evaluation
thus represents a fair assessment within equivalent parameter budgets while leveraging architectural

capabilities necessary for our proposed approach.

4.5 Training Data Configurations by Evaluation Type

Zero-shot Evaluation: We fine-tuned the backbone models (4.4) on 23,402 PileNER samples, as
described in Section 4.2.1. Although this represents a larger sample size than that used by Y. Ding
et al. (2024), our training setup optimizes for it by doing single epoch LORA finetuning as opposed

to the training setup of our baseline models.
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Few-shot Evaluation: For few-shot scenarios, we utilized 10,000 examples randomly sampled
from PileNER as our base dataset (aligned with Y. Ding et al. (2024) and systematically added
domain-specific examples from the benchmark datasets (CrossNER and MIT) as necessary. We
experimented with varying numbers of augmented samples (0, 100, and 300) to quantify the impact

of our paraphrase-based augmentation technique.

Data Augmentation Experiments: For the CoNLL dataset specifically, we simulated low-resource
scenarios by using 100, 200, and 400 gold samples, following the setup of R. Zhou et al. (2022), to
facilitate direct comparison with existing data augmentation techniques, and then generating 200,
400, and 800 augmented samples, respectively, using our paraphrasing technique.

For experiments involving datasets with longer sentence structures and complex entity annota-
tions, such as BUSTER Zugarini et al. (2024), we implement a chunking strategy to segment the
input into manageable units. Unlike sentence-level NER datasets, BUSTER contains extended se-
quences that include multiple clauses, specially designed for long context NER. While chunking
is often framed as a computational optimization, our primary motivation is to align with the con-
straints of our output format and to ensure that each broken-down segment remains interpretable
and structurally coherent for both annotation and generation.

This strategy is particularly critical when using the Falcon3 model, which has a 32K context
window—smaller than that of Qwen-2.5 and LLAMA-3.1 but remains well-suited for moderate
sentences with dense entity definitions and guidelines. To ensure uniformity across models and
reduce variability in output length, we restrict context length to 2048 tokens and automatically
segment longer sequences accordingly. This limit helps standardize input handling and reduces the

likelihood of truncation errors, especially in entity-dense regions.

4.6 Experimental Parameters and Training Configurations

4.6.1 Training Platform and Framework Selection

Our experimental infrastructure leverages Modal, a serverless cloud platform specifically de-

signed for Al and machine learning workloads Modal (2023). Modal enables seamless scaling from
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zero to thousands of GPUs through a Python-native interface, eliminating the traditional complexi-
ties of cloud infrastructure management. As illustrated in Figure B.2, the platform provides instant
container deployment with optimized file systems and automatic resource scaling, making it partic-
ularly well-suited for iterative machine learning experiments (Figure B.3).

We employ Axolotl axolotl-ai (2023), an open-source framework that streamlines large lan-
guage model fine-tuning through configuration-driven approaches. Axolotl enables rapid exper-
imentation by allowing users to specify training parameters, datasets, and model configurations
through simple YAML files, while automatically handling the underlying complexities of distributed
training, memory optimization, and state management. This configuration-based approach facili-
tates reproducible experiments and enables quick iteration across different hyperparameter settings

without requiring extensive code modifications.

4.6.2 Parameter Configuration and Optimization Strategy

All models were fine-tuned using Low-Rank Adaptation (LoRA) E. J. Hu et al. (2022) with care-
fully selected hyperparameters based on established best practices. Following the widely-adopted
convention in the literature axolotl-examples (2023); Raschka (2025), we set the rank » = 8 and
scaling factor o« = 16, maintaining the recommended o« = 2 X r ratio. This configuration has
been demonstrated to provide an optimal balance between model adaptability and computational
efficiency, with the 2:1 alpha-to-rank ratio serving as a standard guideline that ensures appropriate
scaling of learned weight updates during fine-tuning.

We also employed the AdamW optimizer Loshchilov and Hutter (2017) with a cosine learn-
ing rate schedule, implementing a warm-up phase covering 4% of training steps and peaking at
2 x 10~°. All models were fine-tuned for exactly one epoch, demonstrating significant compu-
tational efficiency compared to traditional approaches requiring multiple epochs. The complete
YAML configuration file for Llama 3.1-8B-Instruct is provided in Appendix A.l, enabling full

reproducibility of our experimental setup.
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4.6.3 Paraphrasing Infrastructure and Structured Output Generation

For paraphrase generation, we employed a cloud-hosted version of LLAMA 3.3-70B due to its
substantial computational requirements. Our implementation utilizes the Instructor package J. Liu
(2024) in conjunction with Pydantic to ensure reliable structured output generation. Instructor pro-
vides a powerful framework for constraining open-ended LLM outputs into validated, structured
formats using Pydantic models, enabling automatic retries when validation fails and ensuring con-
sistent JSON output formatting. The code for which is shown in Appendix A. The complete prompt

structure and generation parameters are detailed in Fig 3.3, as referenced earlier in our methodology.

4.6.4 Computational Resources and Scalability

We dynamically scaled our GPU usage based on model size and experimental requirements, uti-
lizing between 1-8 NVIDIA A100 GPUs (40GB) for fine-tuning operations and a single NVIDIA
A10 GPUs for inference tasks (Figure B.1) Modal’s serverless architecture enables automatic scal-
ing between these configurations (for inference), optimizing resource utilization and cost-effectiveness.
For paraphrase generation, we hosted the LLAMA 3.3-70B model in an 8 * NVIDIA A100 GPU

cluster in modal.

4.6.5 Reproducibility and Experimental Controls

All experiments employ fixed random seeds and standardized configurations to ensure repro-
ducible outcomes. Our experimental framework implements comprehensive logging and metrics
collection, with all hyperparameters and training configurations explicitly documented. The mod-
ular architecture of our implementation allows for easy replication and extension, with complete
YAML configuration files and detailed setup instructions provided in the appendix to facilitate re-

production by other researchers.
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4.7 Evaluation Framework and Scoring Methodology

We employ micro-averaged F1 score as our primary evaluation metric, which is the universal
metric for NER performance evaluation in the literature, ensuring direct comparability with exist-
ing approaches. For our novel instruction tuning template that deviates from traditional BIO tag-
ging standards, we employ entity-level F1 scores for both the BIO and word/tag formats to ensure
fair comparison. While the formats differ in presentation, our evaluation criteria remain consistent
across both approaches: an entity prediction is considered correct only when both the entity type
and its complete boundaries match the gold standard annotation. Table 4.4 illustrates this scoring
methodology with concrete examples, demonstrating how partial entity identification or incorrect
boundary detection is treated as an error, regardless of whether the entity type was correctly identi-

fied.

Gold Standard BIO Prediction Word/Tag Pre- Score

diction

“New York Univer- B-ORG I-ORG New/ORG Correct

sity” I-ORG York/ORG Uni-
versity/ORG

(ORG entity)

“New York Univer- B-ORG I-ORG New/ORG Wrong

sity” o York/ORG boundary
University/O

(ORG entity)

Table 4.4: Examples of entity-level scoring methodology for BIO and word/tag formats

To ensure robustness and statistical validity of our findings, all reported results represent aver-
ages over three experimental runs. We conducted systematic ablation studies to isolate the contribu-
tions of various components of our approach, including comparisons between our word/tag format
against traditional BIO tagging schema and evaluating the impact of including entity definitions and

guidelines in the instruction tuning process.
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4.8 Summary

This chapter establishes the comprehensive experimental setup that will be used to evaluate
the PANER framework across diverse NER scenarios. Our experimental design addresses both the
paraphrase-based data augmentation strategy and the novel word/tag instruction tuning template
through rigorous zero-shot, few-shot, and data augmentation evaluation paradigms.

Section 4.2 describes our dataset selection, utilizing PileNER as the primary training corpus with
systematic preprocessing, alongside benchmark datasets spanning multiple domains: CrossNER for
cross-domain assessment, MIT Restaurant and Movie datasets for informal user-generated content,
BUSTER for out-of-distribution evaluation, and CoNLL for direct comparison with existing aug-
mentation techniques. Section 4.3 outlines the comprehensive baseline selection for comparison
across zero-shot, few-shot, and data augmentation scenarios.

Section 4.4 details our selection of three state-of-the-art instruction-tuned language models
based on their extended context windows, strong instruction-following performance, and optimal
balance between computational efficiency and capability. Section 4.5 presents the specific data con-
figurations employed across different evaluation scenarios, while Section 4.6 describes the exper-
imental infrastructure leveraging Modal’s serverless platform with Axolotl framework for stream-
lined operations.

Our evaluation methodology, outlined in Section 4.7, employs entity-level F1 scoring with con-
sistent criteria across both traditional BIO and our novel word/tag formats, ensuring fair comparison
while validating the effectiveness of our simplified tagging approach. Comprehensive documenta-
tion of training configurations and evaluation protocols ensures reproducibility and facilitates future
comparative analyses.

In the following chapter, we present the experimental results demonstrating PANER’s perfor-
mance across different datasets, resource levels, and baseline comparisons, providing detailed anal-
yses of individual component contributions to validate our framework’s overall performance im-

provements in low-resource NER scenarios.
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Chapter 5

Results and Analysis

5.1 Introduction

This chapter presents a comprehensive analysis of the experimental results obtained from eval-
uating the PANER framework. We begin by examining the performance of our instruction tuning
template, validating our core methodological design choices and assessing the effectiveness of our
output format combined with entity guidelines and definitions. The evaluation then progresses to
analyze our paraphrasing-based data augmentation technique in few-shot NER scenarios, establish-
ing the quality and effectiveness of our augmentation strategy by systematically comparing against
existing augmentation methods. We conduct additional evaluations to determine optimal config-
urations, including sample size selection and the number of paraphrases per input sentence. The
scope of our tests involves testing involves both few-shot and zero-shot learning capabilities, with

particular emphasis on demonstrating our approach’s effectiveness in low-resource scenarios.

5.2 Comparison of Tagging Formats

We first validate the effectiveness of our word/tag format by comparing it against the BIO-style
output format presented in Y. Ding et al. (2024). For this experiment, LLAMA 3.1-8B-Instruct was
used as the backbone architecture, and we leveraged the same PileNER dataset W. Zhou et al. (2023)

filtered for sentences with more than 10 words only in English, resulting in approximately 23,402
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samples for training. The model was fine-tuned with LoRA using the hyperparameters specified in
Section 4.6.2. To maintain consistency with GNER Y. Ding et al. (2024), we evaluated the model on
the same five datasets (CrossNER), with 200 random samples per dataset, for zero-shot performance
analysis. Results reported in Table 5.1 represent averages over three test runs to ensure robustness.

The evaluation methodology for comparing different tagging formats, as established in Section
4.7, employs entity-level F1 scores for both the BIO and word/tag formats to ensure fair compari-
son. While the formats differ in presentation, our evaluation criteria remain consistent across both
approaches: an entity prediction is considered correct only when both the entity type and its com-
plete boundaries match the gold standard annotation. This means that in both formats, partial entity
identification or incorrect boundary detection is treated as an error, regardless of whether the entity
type was correctly identified.

Reference Y. Ding et al. (2024) performed a similar boundary analysis with different tagging
formats to determine the optimal approach. While their results differ from ours, this discrepancy
could be attributed to our use of a larger model, the LLAMA 3.1-8B, compared to their Flan-T5
large model with 780M parameters. Additionally, we employ a LoRA fine-tuning approach for a
single epoch, in contrast to their full fine-tuning over three epochs, which may also contribute to the
observed differences in performance.

Table 5.1 demonstrates a significant improvement in F1 scores when adopting the word/tag for-
mat compared to the traditional BIO tagging schema. The GNER-BIO approach achieved an aver-
age F1 score of 51.92% across the five domains (Al Literature, Music, Politics, and Science), while
our word/tag format without guidelines (Ours-slash w/o0) reached 67.13%, representing a substantial
improvement of 15.21 percentage points. When definitions and guidelines are included alongside
the new format (Ours-slash), we observe a further increase to 68.58%, yielding an additional 1.45
percentage point improvement. While this increase may appear marginal, it offers substantial ben-
efits when integrated with our paraphrase-augmented synthetic data during few-shot testing. This
improvement underscores the complementary nature of clear guidelines and the word/tag format in
enhancing model accuracy and adaptability.

While the improvement from adding guidelines and definitions appears modest in the aggregate

results (from 67.13% to 68.58%, a 1.45 percentage point increase), domain-specific analysis reveals
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Al  Lit Music Pol Sci Avg

BIO 521 511 585 541 438 5192
Ours-slash w/o* 59.1 674 7225 70.8 66.1 67.13
Ours-slash 639 672 753 67.8 68.7 68.58

Table 5.1: Comparison between instruction formats (F1 scores in %)
*w/o: prompt without guidelines

more nuanced benefits that align with research done on definition and guideline effectiveness by
Zamai et al. (2024). As shown in Table 5.1, the inclusion of entity guidelines and definitions led
to particularly significant improvements in the Al domain (from 59.1% to 63.9%, a 4.8 percentage
point increase) and the Music domain (from 72.25% to 75.3%, a 3.05 percentage point increase).

These domain-specific improvements can be understood through the complexity and specificity
of entity definitions required across different domains, as illustrated in Figure 3.4. The Al domain
benefits substantially from explicit definitions due to its rapidly evolving terminology and the need
for precise algorithmic context disambiguation. This observation is consistent with prior research
demonstrating that definitions and guidelines are particularly effective for disambiguating polyse-
mous tags and detecting novel named entities in specialized domains Zamai et al. (2024). Similarly,
the Music domain shows marked improvement with additional contextual guidance, requiring care-
ful distinction between overlapping categories and context-dependent identification, as exemplified
by the need to differentiate musical artists from geographic locations sharing the same name.

The Literature domain showed a marginal decrease in performance when guidelines were added
(from 67.4% to 67.2%), despite having detailed genre-specific definitions that distinguish between
broad literary terms and specific stylistic categories. This finding suggests that domains with well-
established entity types may experience diminishing returns from additional guideline complexity,
particularly when the entity categories are already well-understood in natural language contexts.
This observation aligns with Zamai et al. (2024), who also pointed out in their work that not all

definitions and guidelines were beneficial to entity recognition.
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5.3 Performance of Instruction Tuning Template in Zero-shot NER

5.3.1 Out-of-distribution Named Entities

While our primary goal is to improve few-shot NER, the proposed instruction-tuning template
also performs competitively with state-of-the-art methods in zero-shot NER. Table 5.2 presents the
zero-shot performance compared to existing state-of-the-art benchmarks. Our framework demon-
strates the effectiveness of combining principles from both GNER and SLIMER approaches. Com-
pared to SLIMER, which achieved an average F1 score of 54.0%, our approach shows substantial
improvements across all backbone models, with gains of 6.5 percentage points (Qwen-2.5: 60.5%),
7.7 percentage points (LLAMA-3.1: 61.7%), and 10.8 percentage points (Falcon-3: 64.8%). This
improvement validates our integration of GNER’s negative instance handling with SLIMER’s guideline-
centric philosophy through our simplified word/tag output format.

When compared to the GNER variants, our framework achieves competitive results despite re-
quiring significantly fewer resources. While GNER-T5 leads with 69.1% F1 using an 11B parameter
model and full fine-tuning over three epochs, our Falcon-3 implementation achieves 64.8% F1 with
a 10B parameter model using LoRA fine-tuning for only one epoch. The 4.3 percentage point dif-
ference represents a reasonable trade-off considering the substantial computational efficiency gains.
Similarly, when comparing similar-sized models, GNER-LLAMA (7B, 66.1% F1) slightly outper-
forms our LLAMA-3.1 variant (8B, 61.7% F1) by 4.4 percentage points, but again at the cost of
three-fold increased training time.

Domain-specific analysis reveals interesting performance patterns. Our Falcon-3-10B-Instruct
model demonstrates exceptional performance in the Movie domain (69.4% F1), notably outperform-
ing GNER-TS (62.5%) by 6.9 percentage points and GNER-LLAMA (68.6%) by 0.8 percentage
points. In the Music domain, we achieve competitive results (75.8% F1) compared to GNER-
TS (81.2%) and GNER-LLAMA (75.7%), with only a 5.4 percentage point gap from the leading
method. However, the Restaurant domain presents challenges for all approaches, with our best per-
formance at 43.3% F1 compared to GNER-T5’s 51.0%, indicating that annotations and guidelines

are not helpful for all categories of entities.
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Model Backbone #Params | Movie | Restaurant | AI | Literature | Music | Politics | Science | Average
ChatGPT gpt-3.5-turbo - 53 32.8 52.4 39.8 66.6 68.5 67 475
InstructUIE Flan-T5-xx1 11B 63 21 49 472 532 48.2 493 473
UniNER-type+sup. LLAMA-1 7B 61.2 352 62.9 64.9 70.6 66.9 70.8 61.8
GoLLIE Code-LLAMA 7B 63 43.4 59.1 62.7 67.8 57.2 55.5 58.4
GLiNER-L DeBERTa-v3 0.3B 57.2 429 57.2 64.4 69.6 72.6 62.6 60.9
GNER-T5S Flan-T5-xxl1 11B 62.5 51 68.2 68.7 81.2 75.1 76.7 69.1
GNER-LLAMA LLAMA-1 7B 68.6 47.5 63.1 68.2 75.7 69.4 69.9 66.1
SLIMER LLAMA-2-chat 7B 50.9 38.2 50.1 58.7 60 63.9 56.3 54
PANER Qwen-2.5-Instruct 7B 51.5 37.3 62 61.7 75.9 69.72 65.63 60.5
PANER LLAMA-3.1-Instruct 8B 52 37 63.9 67.2 75.3 67.8 68.7 61.7
PANER Falcon3-Instruct 10B 69.4 433 65.5 61.3 75.8 70.3 68.3 64.8
Table 5.2: Comparison of Zero-shot Learning Performance F1 (%) scores
Model Backbone #Params | Pr. R F1
GNER-LLAMA LLAMA-1 7B 14.68 | 59.97 | 23.58
GLINER-L DeBERTa-v3 0.3B 42.55 | 19.31 | 26.57
GoLLIE Code-LLAMA 7B 28.82 | 26.63 | 27.68
GNER-T5 Flan-T5-xxI 11B 19.31 | 50.15 | 27.88
UniNER-type+sup. LLAMA-1 7B 314 | 47.53 | 37.82
SLIMER LLAMA-2-chat 7B 47.69 | 43.09 | 45.27
PANER Llama-3.1-8B-Instruct | 8B | 27.28 | 37.50 | 31.58
PANER Falcon3-Instruct 10B 29.92 | 38.38 | 33.63

Table 5.3: Zero-shot result comparison on BUSTER dataset F1 (%) scores

5.3.2 Never-seen-before Named Entities

Further, the out-of-domain performance of our instruction-tuning template is showcased in Ta-

ble 5.3.2, where we compare it against the above-mentioned models on the BUSTER dataset. The

results demonstrate that our PANER Falcon-3-10B-Instruct model performs better than both GNER

models with an F1 of 33.63% compared to GNER-LLAMA (23.58%) and GNER-T5 (27.88%), rep-

resenting improvements of 10.05 and 5.75 percentage points, respectively. Our approach achieves

performance comparable to SLIMER, which holds the state-of-the-art F1 score of 45.27%, with

an 11.64 percentage point difference. This out-of-domain performance is particularly noteworthy

since we truncated the input in-order to fit into the context of our models with our output format,

whereas SLIMER is a turn by turn conversational entity recognition system and achieved superior

performance.
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Figure 5.1: Impact of augmented sample size on model performance (F1 score, in %) for CrossNER
dataset.

5.4 Performance of Paraphrasing in Few-shot NER

We evaluate the effectiveness of our paraphrasing-based data augmentation approach using the
experimental setup described in Section 4.5 and the backbone models detailed in Section 4.4, we
test three configurations: baseline with no augmentation or original samples, few-shot with 100
original domain-specific samples, and augmented configurations combining 100 original samples
with 200 paraphrased variants from the 10,000 PileNER samples as mentioned in the data prepara-
tion step.

The experimental results reveal substantial improvements across all tested model architectures
when compared against the baseline (0 original, 0 augmented samples). LLAMA-3.1-8B-Instruct
showed progressive improvements from the baseline average F1 of 55.3% to 60.8% with 100 origi-
nal samples, and further to 67.4% with augmented data (12.1 percentage point total improvement).
The augmentation strategy alone contributed an additional 6.6 percentage points beyond the few-
shot baseline, with notable gains in the Movie domain (from baseline 43.3% to 64.2% with aug-
mentation).

Qwen-2.5-7B-Instruct demonstrated even more substantial gains from its baseline average F1 of
48.9% to 57.4% with original samples, and 65.8% with augmentation (16.9 percentage point total
improvement). The paraphrasing augmentation contributed 8.4 percentage points beyond the few-
shot performance, with particularly strong responses in the Literature domain (from baseline 54.9%

to 73.3% with augmentation).
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Falcon-3-10B-Instruct achieved the most compelling results, improving from a baseline average
F1 of 59.3% to 66.8% with original samples, and 74.4% with augmentation (15.1 percentage point
total improvement). The augmentation strategy contributed 7.6 percentage points beyond the few-
shot baseline, establishing new benchmarks with 85.3% F1 in Music and 82.3% F1 in Science.

Notably, we also observe a consistent pattern where the Restaurant domain from the MIT dataset
shows lower performance gains across all three model architectures compared to other domains.
This phenomenon can be attributed to the challenging nature of applying guidelines and annotations
in this specific domain, which is further substantiated in the previous Table 5.2 which examinies the
zero-shot performance results. In the zero-shot setting, GNER-TS and GNER-LLAMA, which do
not incorporate entity guideline annotations, achieve Restaurant domain F1 scores of 51.0% and
47.5% respectively, significantly outperforming SLIMER (38.2%), which utilizes the same annota-
tion and guideline approach as our method. This pattern suggests that the Restaurant domain may
be inherently resistant to guideline-based improvements, as the domain-specific entity relationships
and contextual dependencies may not benefit from explicit guidance. As demonstrated in Section 5.2
and annotations effectiveness across domains, certain entity types and domains show diminishing
returns from additional guideline complexity. The modest improvements seen in Restaurant domain
performance (ranging from 30.3% to 42.8% across models) indicate that while our paraphrasing ap-
proach maintains entity relationships effectively, the combination with guideline-based instruction
tuning may not provide the optimal framework for this particular domain’s unique characteristics.

As illustrated in Figure 5.1, there is a clear correlation between increased augmented samples
and F1 score improvements across all models. These results demonstrate that our data augmenta-
tion technique can enhance model performance significantly in few-shot scenarios. As shown in
Table 5.5, our PANER framework using Falcon-3 with augmented samples achieves superior per-
formance compared to supervised techniques from the original CrossNER paper, which utilized all
available training data within the CrossNER datasets. Our approach achieves an average F1 score
of 80.1%, substantially outperforming the best supervised baseline methods, including NER-BERT
(72.7%), and DAPT (69.6%). While NER-BERT achieves the highest individual performance in the
Al domain (76.1% vs. our 72.7%), our method demonstrates clear increases across the remaining

four domains. This is particularly noteworthy given that these supervised methods had access to the
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complete training and development sets, whereas our approach achieves superior results using only
100 original samples plus 200 augmented variants per domain.

The consistent improvements demonstrated across different model architectures, domain-specific
few-shot comparisons, and supervised baseline methods indicate that combining lightweight few-
shot learning with intelligent data augmentation offers a comprehensive solution for domain-specific
NER tasks. Our approach not only presents a viable path for bridging the performance gap between
resource-constrained few-shot scenarios and supervised methods but surpasses traditional super-
vised approaches while requiring significantly less labelled data. This positions our framework as
a promising direction for organizations operating in scenarios where labelled data is scarce and

computational resources are limited.

#of # of

Model Family Original | Augmented | Movie | Restaurant | AI | Literature | Music | Politics | Science | Average

Samples Samples

LLAMA-3.1-8B-Instruct 0 0 433 30.3 59.4 61.5 68.2 62.1 62.3 55.3
100 0 45.1 354 61.0 67.2 75.9 70.4 70.9 60.8
100 200 64.2 39.8 64.0 71.0 80.8 73.2 72.9 67.4

Qwen-2.5-7B-Instruct 0 0 50.3 33.6 46.5 54.9 53.9 54.0 49.1 48.9
100 0 54.2 25.6 57.8 63.4 70.4 64.2 65.9 57.4
100 200 65.1 38.2 59.5 73.3 79.2 70.2 753 65.8

Falcon-3-10B-Instruct 0 0 64.5 38.1 63.7 58.8 68.6 61.8 59.4 59.3
100 0 63.7 37.0 67.8 67.6 82.2 72.0 71.5 66.8
100 200 71.5 42.8 72.7 79.0 85.3 81.3 82.3 74.4

Table 5.4: Few-shot F1 (%) scores using augmented samples Across Different Domains

Al  Lit Music Pol Sci Avg

BERT 68.7 649 683 636 588 649
CDLM 684 643 635 595 537 619
DAPT 72.0 68.8 757 690 626 69.6

NER-BERT 76.1 721 802 719 633 727
PANER (Ours) 727 79 853 813 823 80.1

Table 5.5: Comparison of F1 (%) scores on CrossNER for supervised techniques
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5.5 Effectiveness of Paraphrase-Based Augmentation Compared to Data

Duplication and In-Domain Expansion

To isolate the specific impact of our paraphrasing methodology, we conducted a controlled
experiment comparing our data augmentation approach against conventional alternatives, including
simple data duplication and in-domain sample expansion using the Falcon-3-10B-Instruct model.
This experiment systematically evaluated three training configurations, each maintaining a total of

300 samples while differing in their compositional approach:
(1) 100 original in-domain samples augmented with 200 paraphrased variants
(2) 300 distinct original in-domain samples
(3) 100 original in-domain samples duplicated twice

The experimental results, presented in Table 5.6, show that the configuration utilizing 300 dis-
tinct original samples achieved the highest average F1 score of 75.3%, which represents the expected
upper bound given the inherent value of diverse and authentic training samples. However, our hy-
brid approach combining 100 original samples with 200 paraphrased variants performed remarkably
well, achieving an F1 score of 73.2%, representing only a 2.1 percentage point difference from the
all-original configuration. This minimal performance gap suggests that our paraphrasing strategy
successfully preserves essential entity relationships while introducing beneficial linguistic variation.

In contrast, the simple data duplication approach yielded substantially lower performance at
66.8%, confirming that mere repetition of training examples provides no meaningful diversity to
enhance model generalization. These findings validate our augmentation approach as an effective
strategy when additional authentic in-domain samples are unavailable or prohibitively expensive to
obtain, demonstrating nearly comparable performance to training with three times the amount of
original data.

The results provide compelling evidence for the effectiveness of LLM-generated paraphrases in

enhancing model generalization for NER tasks.
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Al  Lit Music Pol Sci Avg
100 0G +200dup 60.8 67.5 727 684 649 66.8
100 0G +200 aug 639 77.1 80.1 719 727 732
300 OG 674 790 802 733 76.5 753

Table 5.6: Comparison of F1 (%) scores on CrossNER for augmentation composition with Falcon -
3-10B-instruct

5.6 Comparative Analysis with Alternative Augmentation Strategies

To establish the relative effectiveness of our paraphrasing-based approach, we conducted com-
prehensive comparisons with established data augmentation techniques in the NER domain. This
comparative analysis provides crucial insights into the unique advantages of LLM-based paraphras-
ing compared to traditional augmentation methods, following the experimental framework estab-
lished in the literature. Our comparison included several representative approaches ranging from
LSTM-based approaches to masked entity language models mentioned in Section 4.3.2.

To simulate low-resource scenarios, we followed the methodology established by MELM R. Zhou
et al. (2022) using 100, 200, and 400 gold samples from the CoNLL dataset, generating 200, 400,
and 800 augmented samples, respectively. Our LLAMA 3.1-8B model was trained using these con-
figurations, with our approach utilizing a 2x augmentation ratio compared to MELM’s 3x ratio,
making our method more data-efficient.

The results demonstrate clear superiority of our LLM-based paraphrasing approach across all
tested sample size configurations. With 100 gold samples, our method achieved an F1 score of
80.52%, substantially outperforming MELM (75.21%) and DAGA (68.06%). This 5.31 percentage
point improvement over MELM is particularly significant given that MELM utilizes 1.5x the num-
ber of augmented samples compared to our approach, highlighting the efficiency advantages of our
method. The performance advantage remains consistent across different data availability scenarios,
with our approach achieving 85.74% F1 compared to 82.91% for MELM and 79.11% for DAGA
at 200 gold samples. At 400 gold samples, our method reached 88.11% F1, outperforming MELM
(85.73%) and DAGA (84.36%).

The superior performance of our approach can be attributed to several factors. First, our use of

LLMs for prediction leverages models that are already familiar with the entity types in the CoNLL
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dataset (PERSON, LOCATION, ORGANIZATION), providing a substantial advantage over ap-
proaches that must learn these patterns from limited training data. Second, our entity-preserving
paraphrasing strategy maintains critical semantic relationships while introducing meaningful lin-
guistic diversity, contrasting with MELM’s masked entity prediction approach, which may not cap-

ture the same level of contextual sophistication.

#Gold | Method F1 Score (in %)
Gold-Only 50.57
Label-wise 61.34

100 MLM-Entity 61.22
DAGA 68.06
MELM 75.21
PANER (Ours) 80.52
Gold-Only 74.64
Label-wise 76.82

200 MLM-Entity 79.16
DAGA 79.11
MELM 82.91
PANER (Ours) 85.74
Gold-Only 81.85
Label-wise 84.62

400 MLM-Entity 83.82
DAGA 84.36
MELM 85.73
PANER (Ours) 88.11

Table 5.7: Performance comparison of different augmentation methods on English (En)

The controlled nature of our paraphrasing process, guided by specific instructions and validation
mechanisms, ensures higher quality augmented samples compared to the autoregressive generation
used in DAGA. While DAGA generates entire sentences from scratch using an LSTM-based lan-
guage model trained on gold NER data, our approach focuses on modifying only the context sur-
rounding entities, preserving the original entity relationships while introducing beneficial variation.

Furthermore, the efficiency gains observed in our approach extend beyond mere performance
metrics. The reduced augmentation ratio required to achieve superior results translates to lower
computational costs during training. This practical advantage makes our approach particularly
suitable for resource-constrained environments where both data and computational resources are

limited.
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5.7 Quality Analysis of Generated Paraphrases

To establish the optimal number of paraphrased variants per original sentence, we conducted
a systematic analysis evaluating both the quality and diversity of generated augmentations. Our
investigation examined augmentation counts ranging from 1 to 3 paraphrases per original sentence,
measuring quality dimensions to identify the point of diminishing returns. We assessed augmenta-
tion quality using cosine similarity with Sentence-BERT Reimers and Gurevych (2019) and lexical
diversity analysis (Type-Token Ratio). The evaluation excluded entity placeholder tokens (e.g.,

<PER>, <LOC>) from similarity calculations to focus on contextual variation.

Augmentation Cosine Similarity! Lexical Diversity?
1st Augmentation 0.72 0.82
2nd Augmentation 0.68 0.79
3rd Augmentation 0.85 0.63

Table 5.8: Quality Analysis of Paraphrase Generation by Augmentation Count
t Average cosine similarity between original and augmented sentences using Sentence-BERT embeddings

(lower = more diverse)

IType-Token Ratio excluding entity placeholders (higher = more diverse)

Our analysis reveals that augmentation quality exhibits a clear degradation pattern beyond the
second paraphrase, as shown in Table 5.8. The cosine similarity scores demonstrate that while
the first two augmentations maintain reasonable diversity (0.72 and 0.68, respectively), the third
augmentation shows a significant increase to 0.85, indicating reduced linguistic variation.

More critically, manual inspection revealed a substantial degradation in JSON format compli-
ance beyond two augmentations. Despite employing the Instructor package J. Liu (2024) to enforce
structured response generation and class-based parsing for extracting paraphrases, we encountered
significant parsing errors when generating three augmentations. The primary issue stemmed from
inconsistent entity tag counts, where the generated paraphrases contained a different number of
<ENT> placeholders compared to the original sentences. These malformed samples were excluded
from our analysis, which explains the relatively modest numerical differences in Table 5.8 despite
the underlying degradation of quality. Consequently, we established a hard constraint of two aug-

mented sentences per original sentence to maintain integrity and minimize errors.
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This limitation could potentially be addressed through the use of more advanced language mod-
els; however, at the time of conducting these experiments, LLAMA-3.3-70B demonstrated supe-
rior performance across diverse benchmarks among open-source alternatives, even surpassing the
substantially larger LLAMA-3.1-405B model Touvron et al. (2023). We deliberately avoided pro-
prietary models such as OpenAl’s GPT series, O-series, or Anthropic’s Claude models due to their
closed-source nature and associated transparency limitations. Our approach prioritizes reproducibil-
ity and industry-wide adoption, particularly in privacy-sensitive domains where open-source solu-
tions are essential for maintaining data sovereignty and transparency.

The lexical diversity analysis further supports these findings, with Type-Token Ratio scores de-
creasing from 0.82 and 0.79 for the first two augmentations to 0.63 for the third, indicating that
subsequent paraphrases increasingly rely on repetitive vocabulary and sentence structures. Based
on these empirical findings, we adopted a 2:1 augmentation ratio (two paraphrases per original sen-
tence) as the optimal balance between sample diversity and generation quality. This configuration
maximizes linguistic variation while maintaining high format compliance and entity consistency,

ensuring reliable integration with our instruction tuning pipeline.

5.8 Base Dataset Sample Size Ablation Study

We also conducted an ablation study of the number of PileNER base samples required for effec-
tive zero-shot domain transfer. We did so by varying the training corpus size from 1,000 to 23,402
samples. Although GNER Y. Ding et al. (2024) established 10,000 samples as their baseline for
full fine-tuning experiments, our approach was designed to assess whether our LoRA-based ap-
proach could achieve comparable performance with fewer training instances (since we incorporate
guidelines and annotations), thus reducing computational requirements and training time.

The results presented in Table 5.9 demonstrate a clear positive correlation between base dataset
size and zero-shot performance across all CrossNER domains. The substantial performance gap
between smaller sample sizes (1,000-2,000 samples) can be attributed to insufficient training data
leading to inadequate instruction adherence, resulting in reduced F1. The marked improvement from

41.22% to 53.92% average F1 score between 1,000 and 5,000 samples indicates that our instruction
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Samples AI Lit Music Pol Sci Avg

1000 352 421 48.6 413 389 41.22
2000 4877 443 512 456 42.1 46.38
5000 564 518 589 522 503 5392
7500 60.1 545 62.1 550 545 5724
10,000 62.7 588 686 61.8 594 6226
15,000 63.1 596 715 642 63.8 64.44
23,402 655 613 758 703 683 6838

Table 5.9: Ablation study showing F1 scores (%) across varying numbers of PileNER base samples
using Falcon-3-10B-Instruct on CrossNER datasets.

tuning approach requires a critical mass of examples to effectively learn the word/tag formatting
conventions and entity boundary detection principles.

While performance continues to improve steadily up to 10,000 samples, the rate of improvement
begins to moderate beyond this point. The progression from 10,000 to 23,402 samples yields a 6.54
percentage point increase (62.26% to 68.8%), demonstrating continued but gradual enhancement.
This slower improvement rate beyond 10,000 samples underscores the significant potential of few-
shot learning approaches, where the addition of domain-specific samples can achieve substantial
performance gains that would otherwise require exponentially more general training data. Our final
configuration using 23,402 samples, as mentioned in Section 4.5, was added to establish the baseline

that we use for our zero-shot experiments.

5.9 Summary

This chapter presented comprehensive experimental validation of the PANER framework across
multiple evaluation dimensions. Table 5.10 gives a summarized outlook on the particular tests run
on PANER. The initial analysis demonstrated the superiority of our word/tag instruction format
over traditional BIO tagging, achieving a 15.21 percentage point improvement (67.13% vs 51.92%
F1) with additional gains from entity guidelines and definitions. Domain-specific analysis revealed
that guidelines provide particularly significant benefits in complex domains like Al (4.8 percentage
point increase) and Music (3.05 percentage point increase), while showing diminishing returns in
well-established domains like Literature.

Our paraphrasing-based data augmentation strategy consistently improved performance across
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Experiment Type Training Data Configu-

ration

Evaluation
Datasets

Sample Sizes

Specific Objectives

Instruction Format Validation

BIO vs Word/Tag PileNER (23,402 samples)
Format Comparison

CrossNER (5 do-
mains)

200 samples per
domain

Validate word/tag format ef-
fectiveness against traditional
BIO tagging

Zero-shot Performance Evaluation

Zero-shot NER PileNER (23,402 samples)

CrossNER, MIT,
BUSTER

Full test sets

Assess generalization to un-
seen domains without task-
specific examples

Few-shot Learning Assessment

Base Dataset Size PileNER (0 to 10,000

Ablation samples)

Paraphrase Augmen- 10,000 PileNER +

tation Impact 0/100/300 domain sam-
ples

CrossNER, MIT

CrossNER, MIT

Varying configu-
rations

0, 100, 300 aug-
mented samples

Determine  optimal  base
dataset size for few-shot
learning

Quantify paraphrase augmen-
tation effectiveness

Data Augmentation Comparison

Augmentation vs Du-
plication

100 original + 200 aug-
mented vs 300 original vs
100 duplicated

CoNLL Augmenta- 100/200/400 gold samples

tion Benchmark

CrossNER

CoNLL-2003

300 total samples

200/400/800 aug-
mented samples

Isolate paraphrasing benefits
vs simple data expansion

Compare  against  estab-
lished augmentation methods
(DAGA, MELM)

Table 5.10: Summary of Experimental Setup Configurations for PANER Framework Evaluation
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all backbone models in few-shot scenarios. LLAMA-3.1-8B showed 12.1 percentage point im-
provement with augmentation, Qwen-2.5-7B achieved 16.9 percentage point gains, and Falcon-3-
10B demonstrated 15.1 percentage point improvement. Notably, our Falcon-3 implementation with
augmented samples achieved an average F1 score of 80.1% on CrossNER, surpassing supervised
baseline methods including NER-BERT (72.7%) while using only 100 original samples plus 200
augmented variants per domain.

Comparative analysis against established augmentation methods on CoNLL datasets revealed
substantial advantages of our LLM-based approach. Our method achieved 80.52% F1 with 100
gold samples, outperforming MELM (75.21%) and DAGA (68.06%) while requiring fewer aug-
mented samples (2x vs 3x ratio). The controlled experiment comparing paraphrasing against data
duplication and in-domain expansion validated our approach’s effectiveness, achieving 73.2% F1
compared to 75.3% for 300 original samples and significantly outperforming simple duplication
(66.8%).

Quality analysis of generated paraphrases established the optimal 2:1 augmentation ratio, with
cosine similarity scores (0.72 and 0.68 for first two augmentations) indicating appropriate diversity
while maintaining semantic consistency. The third augmentation showed quality degradation (0.85
similarity) and increased format compliance issues, confirming our constraint design.

Zero-shot evaluation demonstrated competitive performance with state-of-the-art methods while
requiring significantly fewer computational resources. Our Falcon-3 model achieved 64.8% average
F1, approaching GNER-TS (69.1%) and GNER-LLAMA (66.1%) performance using LoRA fine-
tuning for one epoch versus full fine-tuning for three epochs. Out-of-domain evaluation on BUSTER
dataset showed superior performance (33.63% F1) compared to both GNER variants, validating the
robustness of our instruction tuning template.

The base dataset ablation study revealed the importance of sufficient training data, with perfor-
mance plateauing around 10,000 samples but continued gradual improvement up to 23,402 samples.
These findings collectively establish PANER as an effective framework for bridging the performance
gap between resource-rich and resource-constrained NER environments, offering competitive per-

formance with substantially reduced computational requirements and training data needs.
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Chapter 6

Discussions

This chapter is an extension of the previous chapter, where we presented the results and tried to
interpret them individually. In this chapter, we try to examine the theoretical and practical implica-
tions of our PANER framework, discussing how our contributions advance the field of low-resource

NER. We also talk about the broader limitations of our framework.

6.1 Results Interpretation and Analysis

6.1.1 Paraphrasing-Based Data Augmentation Efficacy in Few-Shot NER

The experimental results presented in Section 5.4 reveal fundamental insights that advance our
understanding of effective strategies for addressing data scarcity in NER tasks. The most important
finding concerns the substantial performance improvements achieved through our paraphrasing-
based data augmentation approach, which consistently delivers gains ranging from 6.6 to 8.4 per-
centage points across different model architectures in few-shot learning scenarios establishes that
even modest data augmentation can help resource-constrained environments achieve good results.

More specifically, our Falcon-3-10B-Instruct model also approaches state-of-the-art performance
levels, and with minimal augmentation (100 original samples plus 200 paraphrased variants), achieved
80.1% F1 on CrossNER—substantially outperforming supervised baseline methods including NER-

BERT (72.7%) while using fewer labelled samples. These improvements present a new, effective
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way to utilize limited training data to achieve competitive performance levels, especially in domain-

specific areas.

6.1.2 Output Format Optimization: Theoretical Implications for Instruction-Tuned

Sequence Labelling

Our simplified word/tag output format performed better than traditional BIO tagging schemes,
proving that text-generation models have an ease of adaptation to simpler output formats that align
more naturally with their language understanding capabilities, especially for sequence labelling
tasks. The 15.21 percentage point average improvement observed when transitioning from BIO
to our simplified format suggests that the constraints imposed by complex tagging schemes may
unnecessarily limit model performance, particularly in low-resource scenarios. Although there is a
limitation associated with letting go of start and end information within sequencing tasks, we have
to consider the huge performance upside from adopting a simpler output format while handling that

limitation through other means.

6.1.3 LLM-based Augmentation Comparative Analysis Against Established Aug-

mentation Methodologies

Our comparative analysis against established augmentation methods reveals the fundamental
advantages of leveraging large language models for generating synthetic training data. Our methods
consistently outperform methods like MELM and DAGA—achieving 80.52% F1 versus 75.21% and
68.06% respectively with 33% less data, showcasing that qualitative generation methods introduce
linguistic diversity that yields superior returns compared to approaches that simply increase data

volume.

6.1.4 Zero-Shot Instruction Tuning Template Performance

Beyond augmentation effectiveness, our instruction tuning template demonstrates robust stan-
dalone performance within the zero-shot framework. The domain-specific effectiveness of entity
guidelines and definitions reveals that technical domains such as Al and Music show particularly

strong improvements (4.8 and 3.05 percentage points, respectively), while well-established domains

75



like Literature show marginal decreases, indicating that guideline utility is not always beneficial for
better entity identification.

Perhaps most significantly, our results demonstrate that competitive NER performance can be
achieved with substantially reduced computational requirements compared to existing state-of-the-
art approaches, even in a zero-shot setting. The fact that our instruction tuning template, infused
with guidelines and annotations trained on single-epoch LoRA fine-tuning, performs comparably to
methods requiring multiple epochs of full fine-tuning—as evidenced by our Falcon-3 model achiev-
ing 64.8% F1 approaching GNER-T5’s 69.1% with three-fold computational reduction—represents
the standalone capabilities of our proposed instruction tuning template. This makes our contribution

much more effective for resource-constrained NER environments.

6.2 Cost-Effective NER Development: Foundations and Practical De-

ployment Implications

The implications of our PANER framework extend far beyond the specific performance im-
provements demonstrated in our experiments. It also changes the cost-benefit analysis for de-
veloping effective NER systems in data-scarce environments. The most immediate implication
concerns the dramatic reduction in annotation requirements needed to achieve target performance
levels. Traditional approaches to domain-specific NER often require thousands of annotated ex-
amples to achieve acceptable performance, creating significant barriers for organizations working
in specialized domains or emerging fields. Our framework demonstrates that competitive perfor-
mance—surpassing supervised baselines like NER-BERT by 7.4 percentage points—can be achieved

with as few as 100 domain-specific examples.

6.3 Limitations

6.3.1 Model Dependencies and Augmentation Quality

The quality of the generated paraphrases depends on the capabilities and training distribution

of the underlying paraphrasing model. Our approach relies on LLAMA 3.3-70B for generating
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paraphrases, and the effectiveness is inherently limited by this model’s understanding of domain-
specific terminology and contextual relationships. Highly specialized domains with terminology
that falls outside the training distribution of the paraphrasing model may experience reduced aug-
mentation quality. This limitation is particularly evident in cutting-edge scientific domains or highly
specialized professional fields where the surrounding terminology evolves rapidly.

Our strict entity preservation constraints, while effective for maintaining semantic relationships,
restrict the diversity of generated samples to a degree. During our analysis, we observed that aug-
mented sentences often exhibit limited structural variation when multiple entities appear nearby, as
our approach compresses them into a single entity placeholder, to reduce paraphrasing complexity
and drastically reduce the sentence length. This trade-off between entity integrity and linguistic

diversity represents an inherent tension within our current implementation.

6.3.2 Entity Boundary Detection Challenges

A significant limitation emerges in handling nested NER scenarios, where entities are embedded
within other entities. Our current framework does not adequately address these complex entity
structures, which are common in specialized domains such as biomedical texts or legal documents.

More critically, the boundary detection of consecutive entities presents substantial challenges
that stem from our design choice to abandon traditional BIO tagging in favour of our simplified
word/tag format. While this decision enables faster inference and improved overall entity identifi-
cation performance, it creates inherent difficulties when multiple entities of the same type appear
sequentially (though combated by our use of external lexicons-based separation, it is an added step
of complexity). Our approach struggles to differentiate the end boundary of the first entity from
the start boundary of the second entity, as we deliberately chose to forgo the explicit start and
end index tracking that BIO tagging provides. This limitation becomes particularly problematic in
citation-heavy texts, where sequences of author names appear consecutively (e.g., ”’Smith, Johnson,
Williams, and Davis”), making it challenging to determine where one PERSON entity ends and
another begins.

This represents a fundamental trade-off in our architectural decisions. By prioritizing computa-

tional efficiency and simplifying the annotation schema, we accepted reduced precision in scenarios
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involving consecutive same-type entities. While traditional BIO-based approaches theoretically ad-
dress this issue through their explicit Beginning-Inside-Outside labelling scheme, they face their
own challenges with annotation complexity and increased computational overhead. Even state-of-
the-art BIO-based models struggle with boundary detection accuracy, particularly in domains with
frequent entity adjacency, achieving entity-level F1 scores that drop significantly when strict bound-
ary matching is required. However, our simplified approach exacerbates this challenge by removing
the structural scaffolding that BIO tagging provides for distinguishing entity boundaries, making it
a notable limitation that affects the practical applicability of our framework in entity-dense texts.
The approach to include guidelines and annotations for all entity types does not benefit cases
where specific entities are negatively affected by the guidelines. Prior work by SLIMER Zamai
et al. (2024) conducted entity-by-entity analysis demonstrating that some entities do not require
or benefit from the presence of guidelines and annotations. Since we process entire sentences and
extract all entities in a single request, it is difficult to selectively include or exclude guidelines based

on specific entity types, which could impact performance for certain categories.

6.3.3 Generalization Constraints

Domain transfer limitations emerge when applying our approach to domains that differ signif-
icantly from those represented in our evaluation datasets (shown in the BUSTER dataset analysis).
While we demonstrate cross-domain generalization capabilities, the effectiveness may diminish for
domains with substantially different linguistic patterns or entity types.

Our comprehensive assessment focuses exclusively on English-language datasets, leaving im-
portant questions about multilingual effectiveness unresolved. While the underlying principles of
paraphrasing-based augmentation appear theoretically sound across languages, the practical effec-
tiveness may vary significantly for languages with different linguistic structures, morphological

complexity, or limited representation in large language model training corpora.
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Chapter 7

Conclusions

This chapter provides a comprehensive summary of the research contributions presented in this

thesis, while outlining promising directions for future investigation.

7.1 Summary of Contributions

This thesis presents PANER, a paraphrase-augmented framework for NER that addresses data
scarcity in low-resource scenarios through two core contributions.

Our first contribution introduces an optimized instruction tuning methodology that combines
principles from existing approaches to leverage the extended context windows of modern state-of-
the-art language models. We integrate the negative instance inclusion strategy from GNER Y. Ding
et al. (2024) with the guideline-centric philosophy of SLIMER Zamai et al. (2024), while proposing
a simplified word/tag output format that replaces traditional BIO tagging schemes. Our compar-
ative analysis demonstrates an average of 16.66% improvement when transitioning from BIO to
our simplified format, providing empirical evidence that incorporating entity definitions and guide-
lines significantly benefits NER performance. Through extensive validation, we show this approach
achieves competitive results in both zero-shot and few-shot settings.

Our second contribution was the paraphrasing-based data augmentation strategy that leverages
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large language models to generate high-quality synthetic training examples. Unlike traditional aug-
mentation approaches, our method preserves entity information while diversifying contextual pat-
terns through controlled paraphrasing. The systematic evaluation demonstrates consistent perfor-
mance improvements ranging from 6.6% to 8.4% across multiple model architectures in few-shot
learning scenarios, with our best configuration achieving an average F1 score of 80.1% on Cross-
NER datasets.

These contributions collectively demonstrate that competitive NER performance can be achieved
through strategic data augmentation combined with optimized instruction tuning, reducing compu-
tational barriers while maintaining effectiveness across both zero-shot and few-shot scenarios in

low-resource environments.

7.2 Future Work

The findings and limitations identified in this thesis point toward several promising directions
for future research that could significantly extend the impact and applicability of paraphrasing-based
data augmentation for NER.

Future work can explore more flexible entity augmentation strategies that preserve semantic re-
lationships while allowing controlled entity variations (such as pairing our approach with replacing
entities with semantically equivalent alternatives within the same type R. Zhou et al. (2022)) and
adaptive paraphrasing approaches that adjust constraint strictness based on sentence complexity and
domain characteristics.

The development of domain-adaptive paraphrasing models that can be quickly specialized for
specific fields or applications would address current limitations in handling highly specialized termi-
nology. Additionally, exploring ensemble paraphrasing approaches or a multi-stage augmentation
pipeline that combines multiple generation strategies could potentially improve both quality and
diversity of augmented samples.

Our current correction approach to failed augmentation is very reactive right now and presents
a bottleneck. Dynamic methods to enhance the responsiveness to errors can also be explored. Re-

inforcement learning approaches for optimizing paraphrasing strategies based on downstream task
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performance could provide more sophisticated optimization of augmentation quality and error han-
dling.

Another key direction for future work is refining selective guideline inclusion, where entity-
specific constraints could be dynamically applied during instruction tuning. Currently, our approach
processes entire sentences and extracts all entities in a single request, making it difficult to selec-
tively include or exclude guidelines based on specific entity types that may not benefit from compre-
hensive annotation guidelines. Investigation into boundary detection mechanisms for nested NER
scenarios, where our current word/tag format could be extended to handle overlapping entities and
complex entity hierarchies.

Further, while our approach has demonstrated strong performance in English-language datasets,
its multilingual effectiveness remains unexplored. A critical next step is to study how paraphrase-
based augmentation can be effectively applied to other languages, particularly for morphologically
rich languages, where entity boundaries and paraphrasing strategies may require language-specific
adaptations.

Finally, broader application research could extend our paraphrasing-based augmentation ap-
proach to other natural language processing tasks beyond NER. Investigation of applications to
relation extraction, sentiment analysis, text classification, and other sequence labelling tasks could
demonstrate the general utility of our methodology. Developing task-agnostic augmentation frame-
works based on our paraphrasing principles could benefit the broader NLP community, especially
in the wake of LL.Ms.

These research directions collectively offer substantial opportunities for advancing the field of
data augmentation for natural language processing while addressing some of the broader limitations

of PANER.
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Appendix A

Paraphrase generation code using

Instructor

from tgdm import tgdm

class AugmentationOutput (BaseModel) :

variants: List[str] = Field(..., description=
)
client = instructor.from_openai (
OpenATI (
base_url= ,

api_key=jarvis_labs_api_key,
) s

mode=instructor.Mode.JSON,

output_list = []

for dataset_name in [

print (dataset_name)
for idx in tgdm(range (len(combined_processed.-data[dataset_name]))):

resp = client.chat.completions.create (
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model= ,
messages=|[
{
4

create_prompt (combined_processed._data[dataset_name

Ilidx] [ 1),

I
response_model=AugmentationOutput,
)

combined processed._data[dataset_name] [idx] [ ] = resp.variants

A.1 Axolotl Config for Finetuning LLlama 3.1-8B

basemodel: meta-llama/Llama-3.1-8B-Instruct
model_type: LlamaForCausallM

tokenizer_type: AutoTokenizer

load_-in_8bit: true # Load model in 8-bit precision to reduce memory usage
load_-in_4bit: false # 4-bit loading disabled; would save even more memory if
enabled

strict: false

datasets:
- path: data.jsonl
ds_type: json

type: alpaca

dataset_prepared_path:

val_set_size: 0.05

output_dir: ./outputs/lora-out

deepspeed: /workspace/axolotl/deepspeed.configs/zero3bfl6.json # Zero3 offloads

optimizer states to reduce GPU memory
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sequence_len: 4096

sample_packing: false
pad_-to_sequence_len: true
adapter: lora
loramodel_dir:
lora.r: 32
lora-alpha: 16

lora_dropout: 0.05
lora_target_linear: true

lora_-fan_in_fan_out:

gradient_accumulation_steps:

4 # Accumulates gradients over steps to simulate

larger batch size with less memory

micro_batch_size: 2
within memory limits

num_epochs: 1

optimizer: adamw_bnb_8bit
memory usage

lr_scheduler: cosine

learning.rate: 0.0002

train_on_inputs: false
group-by-length: false
bfl6: auto

fplé6:

reduce memory if enabled
tf32: false
gradient_checkpointing: true

backprop
early_stopping._patience:
resume_from_checkpoint:
local_rank:

logging.-steps: 1

# Per—-device batch size; kept small to stay

# 8-bit optimizer from bitsandbytes to reduce

# Mixed precision left empty (disabled); could

# Saves memory by recomputing activations during
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xformers_attention: # Left empty; could enable memory-efficient
attention

flash_attention: true # Enables efficient attention with reduced memory
usage

s2_attention:

warmup-ratio: 0.04
evals_per_epoch: 1
eval_table_size:
eval max_new_tokens: 128
saves_per_epoch: 1
debug:

deepspeed:
weight_decay: 0.0
fsdp:

fsdp-config:
special_tokens:

pad-token: <|end-of_text|>

A.2 Prompt for generating Annotations and Guidelines from SLIMER

{
named_entity: ACTOR,
real_name: actor,
sentences_as_example: [
{
sentence: did jane fonda do an period picture,
entities: [

jane fonda

sentence: 1 want an r rated four stars western with jean arthur,

entities: [
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jean arthur

}y
sentence: is there a rated pg 13 movie in the year 1940 s with Jjordanna
brewster,
entities: [

jordanna brewster

1y
prompt_length: 445,

output_length: 62,

gpt_answer: {Definition: refers to individuals who perform in films,

television shows, or theater productions., Guidelines: Avoid labeling

characters or fictional individuals. Exercise caution with ambiguous names

that may refer to both real persons and fictional characters, such as

or .}y,

finish_reason: stop

}y
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Appendix B

Modal Platform Images

This appendix contains platform screenshots and deployment-related figures from the Modal

environment used in our experiments.
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Function call
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example-axolotl

Deployed by @@ femt-data 2 minutes ago.

App Functions

13 calls
16.8 GiB | 1cc

No activity

No acti
merge No activity

A10

No acti
preproc_data No activity

train No activity
A0

Deployment History

Figure B.2: Modal Training and deployment container - showcases the different function within it
and what GPU is being used.
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Figure B.3: Inference calls made parallel to deployed Modal - Status 200 means okay
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