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A B S T R A C T

Knowledge graphs (KGs) provide structured, machine-actionable representa-
tions of information that support search, reasoning, and decision-making. Con-
structing them, however, remains challenging in complex domains such as orga-
nizational conversations, where data is noisy, evolving, and context-dependent.
This thesis examines how knowledge graph construction (KGC) can adapt to
these conditions through two complementary perspectives: (i) analyzing the
limitations of the pretrain-then-finetune (PTFT) paradigm when applied to con-
versational data, and (ii) exploring how the emerging pretrain, prompt, and pre-
dict (PPP) paradigm can provide more flexible and cost-efficient workflows. In
the first part, we investigate the fragility of PTFT-based information extraction
models under real-world variation. We show that distribution shifts in named
entity recognition lead to large and predictable performance drops; that static
topic models, though semantically coherent, struggle to detect the emergence of
new topics; and that cross-document coreference in multi-party email exposes
persistent weaknesses in current methods. These findings highlight the limits
of task-specific models in domains shaped by input shifts, temporal change,
and long conversational structure. In the second part, we turn to PPP-based
workflows that leverage large language models through prompting rather than
fine-tuning. We demonstrate that instruction-tuned LLMs can achieve compet-
itive results in relation extraction, provided schema knowledge is carefully
encoded. We introduce knowledge-centric prompt composition to guide in-
context learning for knowledge base construction, showing that prompts en-
riched with schema constraints and examples substantially improve extraction
quality. Finally, we propose a hybrid system for data preparation, TableSwift,
which routes tasks between LLM-generated code and deterministic fallbacks
to reduce costs while maintaining accuracy on transformation, error detection,
and entity matching. Taken together, this thesis traces a critical paradigm shift
in KGC: from PTFT pipelines reliant on specialized models, toward PPP work-
flows that are promptable, adaptable, and cost-aware. By diagnosing the weak-
nesses of PTFT and designing PPP-based solutions, it offers both empirical
insights and practical architectures for building reliable knowledge graphs in
complex, real-world domains.
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1
I N T R O D U C T I O N

Knowledge graphs (KGs) are structured representations of information where
real-world entities are modeled as nodes and their relationships as edges [82].
They provide a unified view of knowledge that is both human-interpretable
and machine-actionable, enabling downstream applications such as question
answering [85], search [187], recommendation [231], and decision support [76].
By linking diverse pieces of information into a coherent graph structure, KGs
help uncover implicit connections, support reasoning, and enable better data
integration across domains [33, 82, 169].

To obtain KGs, Knowledge Graph Construction (KGC) consists of a diverse
set of tasks ranging from Information Extraction (IE) from unstructured data,
followed by entity/schema alignment, and knowledge fusion with existing
databases [218].

Among these, IE, the process of automatically identifying and structuring
information from unstructured text, serves as the foundation for many KGC
systems, upon which structured knowledge is built [90]. Without reliable ex-
traction of entities, relations, and other semantic signals from raw data, the
subsequent steps in KGC cannot operate effectively. In this thesis, we focus on
the IE stage of the KGC pipeline [193], specifically on tasks that are essential for
capturing both the structural and semantic dimensions of unstructured data, as
well as the entity alignment and data cleaning step when integrating to existing
knowledge bases.

To build a comprehensive view of knowledge extraction, this thesis focuses
on three IE tasks, four data cleaning tasks, and one thematic extraction task that
together construct structured representations from unstructured data. Named
Entity Recognition (NER), discussed in Chapter 2, identifies key entities that
serve as the nodes of a knowledge graph, while Relation Extraction (RE) in
Chapter 6 defines the edges that connect them. Coreference Resolution (Coref),
discussed in Chapter 4, identifies if two entities are referring to the same real-
world entity across documents to prevent graph fragmentation. Data prepara-
tion tasks, such as Entity Matching (EM), Error Detection (ED), Data Transfor-
mation (DT), and Data Imputation (DI) presented in Chapter 7, further clean
and enrich the graph by detecting errors, imputing missing values, transform-
ing and matching entities from heterogeneous sources. Finally, Topic Extraction,
explored in Chapter 3, reveals the thematic structures that organize textual col-
lections, complementing the entity- and relation-centric view of IE [95].

These tasks are essential for building coherent KGs, particularly when inte-
grating information from diverse, noisy, or partially structured sources [179].

1
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Finally, topic extraction provides higher-level semantic information, enabling
KGs to support not only factual queries but also organization-level reasoning.

IE has long relied on carefully designed pipelines of task-specific models:
one for recognizing named entities, another for linking them, yet another for
disambiguating references. Over time, these pipelines evolved from rule-based
systems [3, 64, 181] and feature-engineered classifiers [51, 167] to neural mod-
els trained end-to-end on large annotated corpora [98, 225]. The introduction of
distributed representations [80], such as word embeddings [14, 144, 160], fur-
ther enabled shared representations across tasks. This shift led to the rise of
pretrained language models [207], which encode broad linguistic and factual
knowledge from large text corpora [10, 131]. These neural models are typically
trained under the pretrain-then-finetune (PTFT) paradigm, where large language
models like BERT [54] are fine-tuned for downstream tasks. This paradigm,
while effective in curated domains, breaks down in complex real-world settings
where data is noisy, evolving, and structurally diverse [75, 192].

Recent advances in large language models (LLMs) have introduced a new
paradigm: pretrain, prompt, and predict (PPP) [132]. Rather than fine-tuning a
model per task, LLMs are now prompted to perform diverse tasks zero-shot
or few-shot using natural language instructions. This shift radically simplifies
the architecture of information extraction and opens up new opportunities for
flexible, domain-agnostic workflows.

This thesis explores these two paradigms for KGC. We first study the limita-
tions of PTFT pipelines in domains where data is sparse, noisy, unstructured,
or ever-changing, what we refer to as complex domains. Then, we explore how
PPP-based approaches can overcome these limitations. The thesis is structured
in two parts:

• Part I: Identifying Challenges of the Pretrain-then-Finetune Paradigm for
Knowledge Graph Construction. We analyze where and why PTFT-based
Information Extraction (IE) models fail, focusing on three core challenges:
distribution shifts in Named Entity Recognition (NER), topic emergence in
dynamic corpora, and coreference in long-form conversations.

• Part II: Designing Pretrain, Prompt, Predict-based Workflows for Knowl-
edge Graph Construction. We explore how LLMs can be prompted to per-
form KG construction tasks, including relation extraction, triple generation,
and various data cleaning tasks, without the need for task-specific training,
and propose architectures that maximize both flexibility and cost efficiency.

Figure 1.1 illustrates this paradigm shift. In the PTFT workflow, data must
flow through several task-specific models, often trained and evaluated sepa-
rately. By contrast, PPP allows us to encode tasks and structure directly into
prompts, simplifying the process while enabling generalization across tasks
and domains.
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Figure 1.1: Two paradigms for constructing knowledge graphs.

1.1 identifying challenges of the pretrain-then-
finetune paradigm for knowledge graph construc-
tion

In Part I of this thesis, we investigate the limitations of the PTFT paradigm in
complex domains, specifically conversational data such as internal emails and
organizational discussions. Rather than treating a domain as a fixed corpus or
dataset, we adopt the variety space perspective, where a corpus is viewed as a
subregion of a high-dimensional latent space [162]. This variety space captures
the underlying linguistic and annotation-related factors, such as genre, sub-
domain, socio-demographic variation, style, or annotator bias that shape the
data distribution [170]. From this perspective, conversational corpora reflect a
particularly challenging subspace, marked by informal syntax, context depen-
dence, and discourse structure, all of which can potentially negatively impact
the generalization capacity of the pretrained model.

This thesis focuses on conversational data because it captures the process
behind the decision-making [205], not just its outcomes. Unlike finalized texts,
such as published articles or technical standards, conversational data reveals
the rich, often messy path towards consensus. It contains valuable information
and insights into how decisions are made, such as what alternatives were dis-
cussed and how key actors influenced the direction. For example, public email
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threads during the development of a standard can expose the reasoning and
collaboration behind each decision [237], which are insights lost in the finalized
documents. Studying such data is crucial for understanding the dynamics of
institutional decision-making.

To understand how the PTFT paradigm performs in such settings, we sys-
tematically evaluate its effectiveness on key IE tasks, which are often handled
through a series of task-specific models individually, before storing extracted
knowledge into meaningful graphs.

Email threads 

Tasks:
● Named Entity Recognition;
● Coreference Resolution (Entity Matching);
● Topic Detection;
● Relation Extraction;

Challenges:
● Input textual shift;
● Temporal shift;
● Cross-documents;
● …

https://mailarchive.ietf.org/arch/msg/wgchairs/O3_4lpAYFREHAQmd7m1LRH1nARI/

Figure 1.2: One example characterizing complex conversations.

To illustrate the challenges of IE under the PTFT paradigm, Figure 1.2 presents
a real-world email thread from an Internet Engineering Task Force (IETF) work-
ing group mailing list1. This example email thread captures a multi-party dis-
course characterized by informal syntax, fragmented structure, and implicit
references that pose challenges for existing IE approaches.

This short thread contains many of the complexities that arise in KGC work-
flows. To extract structured knowledge from this example, a typical PTFT pipeline
may execute the following steps involving individual models for each step:

• Named Entity Recognition (NER): The extractor should be able to identify
entities such as Robert Sparks and Bruno as persons.

1 The email example is from:https://mailarchive.ietf.org/arch/msg/wgchairs/O3_4l
pAYFREHAQmd7m1LRH1nARI/

https://mailarchive.ietf.org/arch/msg/wgchairs/O3_4lpAYFREHAQmd7m1LRH1nARI/
https://mailarchive.ietf.org/arch/msg/wgchairs/O3_4lpAYFREHAQmd7m1LRH1nARI/
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• Coreference Resolution (CR): The pipeline must resolve references across
the conversation, such as linking the mention you to its antecedent Bruno as
in Figure 1.2.

• Topic Detection (TD): Long email threads often involve multiple intertwined
topics. Identifying thematic topics from multi-topic texts enables the con-
struction of topic-specific knowledge graphs.

• Relation Extraction (RE): Once entities are identified, the system must ex-
tract the semantic relations between them, which form the edges of the
knowledge graph.

These tasks become significantly harder in complex domains due to the fol-
lowing key challenges:

• Input Shift: Domain-specific terms such as IETF95 or abbreviations not seen
in training data cause NER models to fail.

• Temporal Shift: Conversations often evolve. In this example, the topic shifts
mid-thread from current release issues to future enhancements. Topic detec-
tion models need to account for this temporal drift.

• Cross-Documents Structure: Conversations span multiple turns and speak-
ers, often across long emails or threads. This challenges models with limited
input windows and makes tasks like cross-document coreference particu-
larly difficult. For example, resolving that Martin and Martin Vigoureux, as
shown in Figure 1.2, refers to the same entity, which may require attending
to emails several turns apart.

To this end, we identify tasks and challenges needed when use the PTFT
paradigm for KGC.

These findings highlight the limitation of PTFT-based pipelines when de-
ployed in real-world, complex settings. This motivates the second part of the
thesis, where we turn to designing flexible solutions based on the PPP paradigm.

1.2 designing pretrain, prompt and predict-based so-
lutions for knowledge graph construction

The challenges identified in Part I largely stem from the limited generalization
capabilities of task-specific models. While these models still represent the state
of the art for many isolated tasks, their need for a large amount of task-specific
training data to adapt to new tasks and domains significantly constrain their
applicability in real-world KGC workflows.

The emergence of the PPP paradigm, driven by significantly larger pretrained
language models [18, 36, 154], has expanded the range of tasks that can be ad-
dressed with minimal supervision due to their scaling laws [97]. These models
often generalize better across tasks and domains, and can implicitly mitigate
many of the challenges described in Part I, due to their ability to adapt to new
domains in low-resource settings [18], whether the shift involves new tasks,
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topics, or unfamiliar styles [18]. Additionally, the increasing context length of
LLMs enables them to handle longer-form inputs [57], without requiring task-
specific training or fine-tuning.

This shift from PTFT to PPP re-frames the KG construction process [157,
158]. Rather than relying on pipelines of specialized models, we instead pro-
vide LLMs with natural language prompts that encode task definitions, schema
constraints, and example inputs. These prompts serve as a new interface for
KG construction, configurable, interpretable, and portable across domains. For
instance, instead of training a relation extraction model for each schema, we
provide the model with a textual instruction such as: "Extract all relations of type
[person, worksAt, organization] from the text below."

A particularly promising feature of this approach is in-context learning [58],
where few-shot examples are embedded directly into the prompt to guide the
model’s behavior. These examples can be manually selected, randomly sam-
pled, or retrieved dynamically using retrieval-augmented generation (RAG) [61,
114]. In the context of KGC, RAG allows the model to ground its predictions
in task-relevant demonstrations or factual knowledge, significantly improving
consistency [230].

However, this new paradigm introduces a different set of challenges. Specif-
ically, the question is no longer can LLMs perform the task, but rather how to
orchestrate them effectively: How can we design prompts that yield accurate
outputs? How do we balance cost and performance? How do we use smaller
models for specific tasks?

In Part II of this thesis, we explore these orchestration challenges across mul-
tiple KG-related tasks, including relation extraction, and data preparation, and
propose prompting-based workflows that are both flexible and cost-efficient.

1.3 research questions

This thesis is structured around five research questions, each addressed in a
dedicated chapter. The first three questions correspond to Part I, which focuses
on identifying the limitations of the PTFT paradigm in complex domains. The
last two questions correspond to Part II, where we explore prompting-based
solutions for KGC.

In Part I, we examine how the PTFT paradigm struggles along three key
dimensions in the context of KGC for complex conversations: input distribution
shift, temporal evolution, and cross-document structure.

We formulate our first research question as follows:

RQ1 How do pretrained-then-finetuned Named Entity Recognition models perform
under distribution shifts?

This research question addresses the situation where the source and target
domains differ. Such distribution shifts can significantly degrade the perfor-



1.3 research questions 7

mance of models fine-tuned on one domain and applied to another. However,
existing work does not offer a systematic approach for measuring these shifts
or understanding their explicit impact on downstream model performance.

To address this question, we take the widely adopted pre-trained BERT [54]
model and fine-tune it for the NER task under various types of distribution
shifts. Specifically, we test two types of shifts, including input shift and label
shift, across three representations, including frequency-based and embedding-
based representations, on 12 benchmark NER datasets. We quantify perfor-
mance degradation and analyze how it correlates with measurable aspects of
domain shift. Our results show that models perform well when fine-tuned and
tested on the same dataset, but experience dramatic performance drops when
evaluated on out-of-domain data.

These findings suggest that measuring distribution shifts between the source
and target domains can help anticipate model performance degradation and in-
form the amount of data needed for effective fine-tuning. In the context of com-
plex conversations, we observe a similarly sharp drop in performance when
models are transferred across datasets.

Having explored domain-level variation, we next investigate a second dimen-
sion of complexity: temporal evolution. Specifically, we ask:

RQ2 To what extent can pre-trained topic models perform topic emergence detection?

One defining characteristic of KGC for complex domains is its ever-evolving
nature. Within organizational discourse, topics shift frequently, and new themes
can emerge at any point. We treat topic extraction as a form of document-level
information extraction, aiming to uncover latent thematic structures rather than
explicit entities or relations.

While BERT-based models perform well on many semantic tasks, including
topic extraction, their ability to detect the emergence of new topics over time
remains unclear. This is in part due to the lack of evaluation metrics specifically
designed to measure temporal sensitivity in topic models. To address this gap,
we compare the performance of the neural topic model BERTopic with classical
approaches such as CoWords Clustering and Latent Dirichlet Allocation (LDA).
We introduce a new metric for evaluating topic emergence detection in an un-
supervised setting, allowing for a fair comparison across modeling paradigms.
Our results show that while BERTopic performs well at semantic grouping, it
falls short in detecting emerging topics compared to classical non-neural meth-
ods.

These findings suggest that topic models require improved temporal model-
ing capabilities to be effective in dynamic domains like conversations.

Having now examined the challenges introduced by domain shift and tempo-
ral drift, we turn to a third dimension of complexity: long-form, cross-document
structure. As shown in Figure 1.2, complex conversations often unfold over ex-
tended email threads with multiple participants and references that span sev-
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eral messages. To understand how this structure affects model performance,
we ask:

RQ3 What are the challenges for pretrained-then-finetuned models for cross-document
coreference resolution in complex conversations?

While BERT-based models have shown improved performance in coreference
resolution, the cross-document setting remains particularly challenging. In this
chapter, we finetuned an end-to-end framework that utilizes spanBert for cross-
document coreference resolution using public emails. Our analysis reveals that
frequent shifts in pronoun usage, informal language, varied surface forms, and
entity sparsity contribute to a significant drop in performance when applied to
complex conversations. We categorize these difficulties and propose six direc-
tions for improving cross-document coreference in future work.

Together, these findings highlight the fundamental limitations of task-specific,
PTFT models in KGC for complex domains. Across the dimensions of distribu-
tion shift, temporal evolution, and long-form document structure, such models
struggle to generalize effectively without domain-specific adaptation. As a re-
sult, constructing knowledge graphs in these settings often requires extensive
manual intervention, task-specific engineering, or retraining. These limitations
make it challenging to build high-quality knowledge graphs efficiently in com-
plex domains.

These insights motivate the second part of this thesis, where we turn our
attention to designing prompting-based workflows for the knowledge graph
construction, focusing on how to orchestrate LLMs effectively to balance accu-
racy, generalizability, and cost.

* * *
Most of the challenges identified in Part I stem from models overfitting to

their training data, resulting in poor generalization to new domains, time pe-
riods, or document structures. The emerging capabilities of PPP-based work-
flows offer a compelling alternative by enabling flexible, task-agnostic perfor-
mance through prompting.

In Part II of this thesis, we first examine how a PPP-based approach can
support knowledge base construction, particularly using in-context learning.
We enhance prompting by selecting relevant demonstration examples and aug-
menting them with auxiliary information from Wikidata. Our method out-
performs strong baselines by over 40 points, demonstrating that PPP-based
pipelines are a promising direction for knowledge graph construction.

While PPP-based workflows show strong performance, relying on large pro-
prietary models [154] has several drawbacks. These include limited control over
the model’s behavior [154, 189], inability to tailor it to specific domain needs
due to the model’s size and deployment constraints, and the requirement to
send data to third-party servers [220].
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This raises the question: can smaller, open-source models be effectively lever-
aged in a PPP workflow for tasks like relation extraction? To investigate this,
we ask:

RQ4 To what extent can we improve the ability of Pretrain, Prompt and Predict-
based models to perform Relation Extraction?

Due to computational constraints, it is often impractical to fine-tune LLMs
by updating all parameters. However, recent work on parameter-efficient fine-
tuning has made it feasible to adapt LLMs in a more budget-conscious manner.
Our results show that instruction-tuned LLMs can achieve performance com-
parable to smaller, fully supervised models. Interestingly, we also observe that
LLMs can generate plausible triples that are not present in the gold labels, sug-
gesting a need for evaluation methods beyond exact-match metrics.

While both in-context learning and instruction-tuning demonstrate impres-
sive capabilities for knowledge graph construction, they come with trade-offs.
In-context learning with large models is often costly and less controllable, while
smaller instruction-tuned models may struggle with generalization. A promis-
ing middle ground is to develop systems that strategically orchestrate the use
of LLMs, balancing generalization with cost-efficiency.

To explore this, we pose our final research question:

RQ5 How can PPP workflow improve the cost-efficiency for data preparation tasks?

Prompting LLMs to process every data point for every task can be pro-
hibitively expensive, particularly for repetitive operations. One promising di-
rection is to use LLMs strategically as decision-makers rather than direct execu-
tors of all subtasks. To this end, we design a system that dynamically decides
whether to generate transformation code via LLMs or fall back on rule-based al-
ternatives, particularly reserving LLM calls for semantically challenging cases.
This method design principle facilitates efficient KGC pipelines, while large
volumes of data can be processed with deterministic rules, and complex cases
such as entity matching or domain-specific relation extraction can benefit from
LLM’s semantic reasoning capabilities.

Our results show that this hybrid framework achieves state-of-the-art per-
formance on data transformation tasks, highlighting its suitability for practical
use. Moreover, in tasks such as error detection, entity matching, and data impu-
tation, the system substantially reduces cost while maintaining high accuracy,
outperforming baseline methods on multiple metrics.

Through this final research question, we demonstrate that PPP workflows
can be orchestrated in a cost-aware and task-adaptive manner.

To conclude, this thesis identifies key challenges for knowledge graph con-
struction in complex domains and proposes dynamic, LLM-based solutions
that leverage prompting effectively. In the next section, we summarize the main
contributions of the work.
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1.4 main contributions

This thesis advances the field of KGC by identifying the limitations of task-
specific pipelines in complex domains and proposing prompt-driven work-
flows leveraging LLMs. The contributions span four categories: empirical, al-
gorithmic, theoretical, and resource-based.

Empirical Contributions

• Systematic evaluation of distribution shifts in NER [Chapter 2]: We quan-
tify how PTFT models degrade under varying levels of domain shift across
12 benchmark NER datasets, and show how shift metrics can predict perfor-
mance loss.

• Evaluation of topic models for topic emergence detection [Chapter 3]: We
introduce an unsupervised metric to assess a model’s ability to detect emerg-
ing topics and show that BERT-based models underperform compared to
classical baselines on this task.

• Empirical study of cross-documents coreference resolution in long-form
conversations [Chapter 4]: We identify core challenges in cross-document
coreference resolution, including pronoun ambiguity, sparse mentions, and
informal discourse, and provide an analysis of failure modes specific to con-
versational data.

• Evaluation of instruction-tuned LLMs for Relation Extraction [Chapter 6]:
We evaluate instruction-tuned LLMs on relation extraction and show that
standard exact-match metrics fail to capture the quality of open-ended LLM
outputs, compared to human evaluation. Besides, our results also show that
these models encode rich parametric knowledge capable of generating out-
of-scope triples.

Algorithmic Contributions

• Prompt-based pipeline for knowledge base construction [Chapter 5]: We
design a PPP-based workflow using in-context learning with retrieved exam-
ples and external Wikidata knowledge, achieving large gains over baselines
in triple extraction.

• Hybrid system for cost-efficient LLM orchestration [Chapter 7]: We intro-
duce a system that dynamically chooses between LLM-generated code and
lightweight fallbacks for data wrangling tasks, demonstrating strong perfor-
mance on transformation, error detection, and entity matching with reduced
cost.
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Resource Contributions

• Benchmark framework and reproducible evaluations [Chapters 2, 3, 7]: We
release datasets, shift metrics, topic emergence evaluation code, and prompt-
based pipelines to support reproducibility and future research in KGC.

1.5 thesis overview

The structure of the chapters is shown in Figure 1.3. The thesis is composed
of two parts, and each part consists of three chapters. Chapters 2, 3, and 4 are
included in Part I, identifying the challenges when using task-specific models.
Chapters 5, 6, 7 belong to Part II, designing flexible LLM-based workflows.
Each chapter is addressing a research question described in Section 1.3.

A Paradigm Shift in Knowledge Graph Construction

Challenges of PTFT Paradigm Designing PPP-based Solutions

Chapter 2 Chapter 3 Chapter 4 Chapter 5 Chapter 6 Chapter 7

Figure 1.3: The overall structure of the thesis, with their corresponding parts.

1.6 origins

This thesis is based on six research papers, each of which forms the basis of a
chapter. The corresponding venues and author contributions are listed below.
Author roles are described using the CRediT taxonomy [148].

• Chapter 2 is based on the paper: Xue Li and Paul Groth. “How different is
different? Systematically identifying distribution shifts and their impacts in NER
datasets” [121]. In: Language Resources and Evaluation Journal, Springer, 2024.
XL: Conceptualization, Methodology, Software, Writing - Original Draft. PG:
Conceptualization, Supervision, Writing - Reviewing and Editing.

• Chapter 3 is based on the paper: Xue Li, Ciro D Esposito, Paul Groth, Jonathan
Sitruk, Balazs Szatmari, and Nachoem Wijnberg. “Evaluation of Unsupervised
Static Topic Models’ Emergence Detection Ability” [120]. PeerJ Computer Science,
PeerJ, 2025.
XL: Conceptualization, Methodology, Software, Data Curation, Formal Anal-
ysis, Visualization, Writing – Original Draft, Writing – Review & Editing.
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CE: Conceptualization, Methodology, Formal Analysis, Writing – Review &
Editing. PG, JS, BS, NW: Conceptualization, Writing – Review & Editing.

• Chapter 4 is based on the paper: Xue Li, Sara Magliacane, Paul Groth. “The
challenges of cross-document coreference resolution for email” [123]. In: K-CAP
2021: the 11th International Conference on Knowledge Capture.
XL: Conceptualization, Data Curation, Analysis, Writing – Original Draft. SG:
Supervision, Writing – Review & Editing. PG: Supervision, Writing – Review
& Editing.

• Chapter 5 is based on the paper: Xue Li, Anthony Hughes, Majlinda Llugiqi,
Fina Polat, Paul Groth, Fajar J Ekaputra. “Knowledge-centric Prompt Composi-
tion for Knowledge Base Construction from Pre-trained Language Models” [122].
In: ISWC 2023 LM-KBC: the 1st challenge of Language Models for Knowledge Base
Construction at the 22nd International Semantic Web Conference.
XL: Conceptualization, Methodology, Investigation, Software, Writing – Orig-
inal Draft. AH, ML, FP: Conceptualization, Methodology, Investigation, Soft-
ware, Writing – Review & Editing. FE: Conceptualization, Methodology, In-
vestigation, Software, Supervision, Writing – Review & Editing. PG: Supervi-
sion, Writing – Review & Editing.

• Chapter 6 is based on the paper: Xue Li, Fina Polat, Paul Groth. “Do Instruction-
tuned Large Language Models Help with Relation Extraction?” [124]. In: ISWC
2023 LM-KBC: the 1st Workshop of Knowledge Base Construction from Pre-Trained
Language Models at the 22nd International Semantic Web Conference.
XL: Conceptualization, Methodology, Software, Writing – Original Draft. FP:
Conceptualization, Methodology, Software, Writing – Review & Editing. PG:
Conceptualization, Writing – Review & Editing

• Chapter 7 is based on the following two papers: Xue Li, Till Döhmen. “To-
wards Efficient Data Wrangling with LLMs using Code Generation” [119]. In:
SIGMOD’24 DEEM: Proceedings of the Eighth Workshop on Data Management
for End-to-End Machine Learning at the 2024 ACM International Conference on
Management of Data. XL: Conceptualization, Methodology, Software, Writing
– Original Draft. TD: Conceptualization, Methodology, Writing – Review &
Editing.
Xue Li, Till Döhmen, Jan-Christoph Kalo, Paul Groth. “TableSwift: Efficient
Data Wrangling with Large Language Models using Code Generation”. Under sub-
mission.
XL: Conceptualization, Methodology, Software, Writing – Original Draft. TD:
Conceptualization, Methodology, Writing – Review & Editing. JK: Conceptu-
alization, Writing – Review & Editing. PG: Supervision, Writing – Review &
Editing.
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1.7 research data and software

All code and data used in this thesis are publicly available to support repro-
ducibility and future research. Links to code repositories and data sources are
organized by chapter.

Code Repositories

• NER Distribution Shift (Chapter 2): https://github.com/effyli/dish-vm
• Topic Emergence Detection (Chapter 3): https://zenodo.org/records/14503

316

• Cross-Document Coreference Resolution (Chapter 4): https://github.com/e
ffyli/cdcr

• In-Context Learning for KBC (Chapter 5): https://github.com/effyli/lm-k
bc

• Instruction-Tuned LLMs for RE (Chapter 6): https://github.com/INDElab/K
GC-LLM

• TableSwift for Data Wrangling (Chapter 7): https://github.com/effyli/Ta
bleSwift

https://github.com/effyli/dish-vm
https://zenodo.org/records/14503316
https://zenodo.org/records/14503316
https://github.com/effyli/cdcr
https://github.com/effyli/cdcr
https://github.com/effyli/lm-kbc
https://github.com/effyli/lm-kbc
https://github.com/INDElab/KGC-LLM
https://github.com/INDElab/KGC-LLM
https://github.com/effyli/TableSwift
https://github.com/effyli/TableSwift




Part I: Identifying Challenges of the
Pretrain-then-Finetune Paradigm for Knowledge
Graph Construction.





S U M M A RY O F PA RT I

In Part I, we examine the limitations of the Pretrain-then-Finetune (PTFT) paradigm
for Knowledge Graph Construction in complex domains through three tasks:
Named Entity Recognition (NER), topic emergence detection, and cross-document
coreference resolution. We demonstrate that task-specific models struggle with
generalization in the presence of distribution shifts, temporal shift, and long-
form, informal texts. These findings highlight the brittleness of static, mono-
lithic pipelines in evolving real-world contexts and motivate the need for more
flexible, adaptable approaches to information extraction. In the next part of
the thesis, we explore how the emerging Pretrain, Prompt, and Predict (PPP)
paradigm, enabled by large language models, can address these challenges and
re-design the way we approach KGC.
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2
S Y S T E M AT I C A L LY I D E N T I F Y I N G D I S T R I B U T I O N S H I F T S
A N D T H E I R I M PA C T S I N N E R D ATA S E T S

To understand the limitations of the Pretrain-then-Finetune (PTFT) paradigm,
we begin by investigating how distribution shifts affect model performance in
the context of Named Entity Recognition (NER), a foundational task in knowl-
edge graph construction. Distribution shifts occur when the test distribution
diverges significantly from the training data, often leading to degraded perfor-
mance and exposing a model’s lack of generalization. Therefore, we ask the
following research question:

RQ1 How do pretrained-then-finetuned NER models perform under distribution
shifts?

In this chapter, we characterize two types of shifts: input shift and label shift.
We then systematically evaluate BERT-based NER models across 12 benchmark
datasets to assess how these shifts impact performance and where the PTFT
paradigm begins to break down.

2.1 introduction

Differences between training and inference distributions are a common occur-
rence in the field of Natural Language Processing (NLP). This difference can
be observed, for instance, when the input data undergoes changes over time
or when a model is employed on data from a new domain. This is known
as distribution shift [164]. Consider the following example from Named Entity
Recognition (NER):

Figure 2.1: An example of differences in sentences that would be affected by a shift in
the distribution of the NER training data.

The example shows two phenomena. First, the entities in the training exam-
ple tend to be relatively well-known entities (e.g. EU), which are highly prob-
able to be present in the data sources utilized by pre-trained language models
[54, 109] that are widely used for NLP tasks. Conversely, the entities in the
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inference example are unique to a particular domain (e.g. IETF). Second, the
labels in the training example differ from the ones in the inference example.
This is because entities from different domains possess different types, such
as “Organization" versus “Protocol", and variations in labelling for the same
type, such as “Location" and "Place". These phenomena embody two common
shifts in NLP: input distribution shifts and label distribution shifts [164]. We
show how these two types of shifts can affect the performance of an existing
classifier with a toy example in Figure 2.2. The example shows when the test
distribution differs from the training distribution, often caused by the change
of the underlying relationship between the input x and the label y. When shifts
happen, often the performance of the pre-trained classifier (shown in dashed
lines) will no longer hold. In this chapter we primarily focus on category shift
in the label space [112]. Despite the substantial body of literature on measuring
domain similarity [46], detecting when a shift occurs remains a challenging task
in the field. This task is known as shift detection.

Input shift Label shift

No shift

Figure 2.2: Toy examples of input shift and label shift. The dashed lines indicate an
existing machine-learning classifier that performs well at training time. We
show two possible scenarios when the relationship of x and y changes for
each type of shift.

A key area where shift detection is useful is domain adaptation, which aims
at adapting a model in the presence of distribution shifts [44]. One of the com-
mon supervised approaches to achieve adaptation is fine-tuning deep neural
networks [203]. While fine-tuning can be effective, there is still a cost, such as
determining the required amount of additional data for fine-tuning. To inform
this decision, shift detection methods are frequently employed in other areas
that employ machine learning [41, 106, 166]. This chapter frequently adopts
statistical hypothesis testing as an underlying principled approach to the prob-
lem [41, 166]. Statistical two-sample testing is a methodology for determining
whether the distribution of the training data p is equivalent to the distribution
of the test data q. While this approach has been explored for computer vision
tasks involving high-dimensional data, it has seen limited application to NLP
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Hence, to better inform these decisions and quantify the potential impact
of distribution shifts, this chapter undertakes a systematic investigation of
shifts across benchmark corpora using statistical tests, which have been widely
adopted for shift detection in the context of other machine learning tasks. In
this chapter, we specifically focus on the NER task and detect distribution shifts
across 12 different datasets that are representative of various domains. We use
word frequency and sentence-level representations to characterize input distri-
butions, and label frequency to characterize label distributions. Appropriate
statistical tests are identified for each representation and employed to detect
and quantify shifts. We then investigate the impact of domain shift in both the
input and label space on performance in the supervised setting. We establish a
relationship between the shift distance and the performance degradation. These
results provide insights into what statistical test one needs to perform to make
such a determination.

Summarizing, the contributions of this chapter are as follows:
• The systematic measurement of distribution shift between 12 NER bench-

mark datasets covering multiple domains.
• Systematic measurement of how much a distribution shift impacts perfor-

mance for NER, a prototypical NLP task.
• Evidence that sentence-based representations provide better information for

shift detection for the NER task.

2.2 related work

Distribution shifts are prominent in real-world applications [60, 142, 173, 190],
leading to growing interest in detecting them for machine learning tasks [41,
106, 166].

shift types In the broader landscape of machine learning, Wiles et al. [221]
conducted a fine-grained analysis of distribution shifts, classifying them as spu-
rious correlation, low data drift, and unseen data shift. Additionally, they eval-
uated 19 different methods on both synthetic and real-world datasets for vision
tasks.

the use of statistical tests The use of statistical tests for dataset shift
detection was brought to the fore by Rabanser, Günnemann, and Lipton [166].
In their work, they developed a dataset shift detection framework which con-
tains a dimensionality reduction component and a two-sample-testing compo-
nent. They investigated multiple combinations of methods for each component,
and tested on artificially generated covariates and label distribution shifts. Re-
cently, based on two-sample tests for shift detection, Cobb and Van Looveren
[41] developed a general drift detection framework borrowing machinery from
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Corpus Year Document source Domain # Types Category

GUM 2017 Wiki-family Various 11 Wiki data
Wikigold 2009 Wikipedia text Various 4 Wiki data
BTC 2016 Twitter Mainstream news 3 Informal text
W-NUT17 2017 User-generated text Various 6 Informal text
CEREC 2005 Informal emails Work 4 informal text
AnEM 2012 Anatomical text Anatomy 11 Specific field
i2b2-06 2006 Clinical text Biomedical 7 Specific field
SEC-Filings 2015 Electronic filings Finance 4 Specific field
SciERC 2018 Scientific abstracts Scientific 6 Specific field
Re3d 2018 Documents related to defense and security analysis Conflict in Syria and Iraq 10 Specific field
CoNLL-03 2003 Reuters news Mainstream news 4 News
OntoNotes 2007-2012 Magazine, news, web, tele, etc Various 18 General

Table 2.1: List of annotated datasets for English NER from different domains.

causal inference. The framework is used to deal with the situation when the
inference data are not expected to form an i.i.d. sample from the historical data
distribution.

domain similarity Within the field of NLP, researchers have explored
various methods for measuring domain similarity in the context of domain
adaptation including using target vocabulary covered rate and language model
perplexity[46]. However, these methods work well under the assumption that
there are sufficient data from the source and target distribution. Therefore, in
our work we adopt non-parametric statistical hypothesis testing framework to
detect shift without knowing the actual parameters of the population.

shift detection in nlp Within NLP, Arora, Huang, and He [5] focused
on out-of-distribution texts and two approaches for detection. Shifts are cat-
egorized into background shift and semantic shift. Model calibration and den-
sity estimation are investigated for shift detection across 14 pairs of natural
language understanding datasets. Comparing density estimation methods and
calibration methods. We investigate different types of shifts than these works.

Given the importance of shift detection, a number of datasets have been de-
veloped [103, 137], however, they are not for the widely used task of NER.

Our work adds to this existing literature. First, we employ widely used la-
belled NER datasets and compare not only changes in fields (e.g. science to
finance) but also changes in text style (e.g. news style text to social media style
text). Second, we test the impact of representation choice on shift detection.
Lastly, we provide new evidence for the performance impact of distribution
shifts on task performance.
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2.3 methodology

Our methodology consists of the following steps: data collection; representa-
tion choice; statistical hypothesis testing and shift impact measurement. For
data collection, we acquire datasets from different domains. Domains are char-
acterized by their language usage arising from the style employed to the use
of language particular to given field usage. For all datasets, both the space of
input text and the space of labels are considered. In terms of representations,
two types of representations are used for the input and one for labels. Statis-
tical hypothesis testing appropriate for each representation is used to detect
distribution shifts. The calculated statistics are then used to measure the extent
of a shift. Lastly, the impact of each shift on model performance is ascertained.
We now walk through each of these steps in detail.

2.3.1 Data collection

We collected 12 datasets from different domains covering news, social media,
encyclopedic content, finance, science, emails, and business. Table 2.1 shows
the list of datasets with the published year, document source, domains and the
number of entity types. Table 2.3 shows the list of datasets and their entity
types. We group the datasets into five categories, which we now describe in
turn.

Wiki data

GUM [227] (the Georgetown University Multilayer Corpus) is collected and
expanded as part of the curriculum of a course. The current corpus contains
texts from public wikis (e.g. Wikinews, Wikivoyage, wikiHow, Wikipedia) as
well as social media sites (e.g. Reddit, Youtube). Example types include event,
time, animal and abstract. Wikigold [7] is a gold-standard NER dataset sourced
from Wikipedia. Wikigold has standard types such as person and organization.

Informal text

Formal texts such as in news and Wikipedia are normally verified by multiple
people sometimes even experts. Hence, the majority of text has correct grammar
and spelling. In comparison, user-generated informal data such as social media
texts, often contain less formal language usage characterized by slang, poor
grammar, misspellings, the use of satire, etc. BTC [52](Broad Twitter Corpus) is
a NER dataset where the source data is from Twitter that not only has tweets on
general topics but also on specific topics such as disasters. BTC includes 3 types:
person, location and organization. WNUT17 [53] is a NER dataset where the text
sources are Reddit, Twitter, YouTube and StackExchange comments. WNUT17
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Corpus Data Size # Types Entity Types

GUM 3,424 11 Organization, Person, Location, Event, Ab-
stract, Object, Time, Substance, Plant, Quantity,
Animal

Wikigold 1,688 4 Organization, Person, Location, Miscellaneous

BTC 9,318 3 Organization, Person, Location

W-NUT17 5,591 6 Organization, Person, Location, Group, Prod-
uct, Creativework

CEREC 2,031 4 Organization, Person, Location, Digits

AnEM 4,423 11 Multi-tissue_structure, Organism_substance,
Organism_subdivision, Organ, Cel-
lular_component, Cell, Immate-
rial_anatomical_entity, Tissue, Pathologi-
cal_formation, Anatomical_system, Develop-
ing_anatomical_structure

i2b2-06 40,280 7 Person, Location, ID, Date, Phone, Age

SEC-Filings 1,435 4 Organization, Person, Location, Miscellaneous

SciERC 2,687 6 Material, OtherScientificTerm, Generic,
Method, Task, Metric

Re3d 948 10 Organization, Person, Location, Temporal, Na-
tionality, Quantity, Weapon, Money, Military-
Platform, DocumentReference

CoNLL-03 17,350 4 Organization, Person, Location, Miscellaneous

OntoNotes 17,760 18 Organization, Location, Person, Work_of_Art,
Cardinal, Event, NORP, Date, FAC, Quantity,
Ordinal, Time, Product, Percent, Money, Law,
Language

Table 2.3: List of NER datasets with corresponding entity types. Data size represents
the number of sentences in each dataset.
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focuses especially on emerging and rare entities. The dataset contains 6 types,
including creative, corporation and product besides common types. CEREC [48] is
a large-scale corpus for entity resolution in email conversations. The emails are
taken from the first large public corpus the Enron Email Corpus [101] which
contains emails of 150 employees of the Enron Corporation. Cerec contains
standard types such as person and digits type.

Specific fields

AnEm [153] is a corpus annotated with species-independent anatomical entity
mentions. The texts are from academic papers from the biomedical scientific lit-
erature. AnEm contains 11 domain-specific types such as organ, cell and organ-
ism_substance. i2b2 [199] is a corpus that contains unstructured clinical notes
from the Research Patient Data Registry at Partners Healthcare. The dataset
consists of 8 types such as hospital, phone and doctor. SEC-filings [183] (U.S. Se-
curity and Exchange Commission filings) is a randomly selected and manually
annotated finance dataset. The texts are from public-domain financial reports.
The dataset includes standard types from CoNLL, i.e. organization, person, loca-
tion and misc. SciERC [134] is a dataset that includes annotations for scientific
entities in 500 scientific abstracts from AI conferences and workshop proceed-
ings. The dataset focuses on scientific related types including material, method
and task. Re3d [59] was constructed from documents that are relevant to the
defence and security analysis domain, specifically, focusing on the topic of the
conflict in Syria and Iraq. It includes domain-specific types such as weapons and
military platform.

News

CoNLL-03 [196]1 is a dataset where the texts are taken from the Reuters news
stories from 1996 to 1997. It contains the standard types including person, loca-
tion, organization and misc.

General

OntoNotes [219]2 is a large annotated corpus that consists of various genres of
texts including news, conversational telephone speech, weblogs, newsgroups,
broadcast, and talk shows). OntoNotes include a large variety of types (18)
including common types and less common ones such as money and percent.

Even though the datasets are grouped into five categories, there is still over-
lap. Wiki-based datasets and OntoNotes or CoNLL belong to different cate-
gories, but they might share many similar general entities. This is because

1 We use only the English data.
2 Similiar to CONLL, only English data is used.



26 identifying distribution shifts and their impacts in ner datasets

common entities in the news are highly likely to have Wikipedia pages. In-
tuitively, the “similarity” between datasets in the wiki group should be larger.
Conversely, the “similarity” between the domain-specific financial dataset SEC
and the news dataset CoNLL should be smaller. We introduce methods to sta-
tistically quantify the distance between datasets in the following sections.

For all datasets, we preprocess them as follows. Duplicates are removed to
prevent overfitting. Labels are unified across datasets shown in the Appendix a,
Listing a.1. Different datasets use different labels to refer to the same type.
Hence, to better compare performance, we unify the labels with the same se-
mantic meanings. For example, ‘person’ and ‘PER’ will be unified under the
same label.

2.3.2 Shift detection and measurement

We use statistical testing to determine and measure shifts between datasets.
Formally, given a labeled source domain data {(x1,y1), ..., (xn,yn)} ∼ p and
labeled target domain data {(x ′

1,y ′
1), ..., (x ′

n,y ′
n)} ∼ q, shift detection deter-

mines whether p equals q. The null hypothesis is H0 : p = q and the alternative
hypothesis H0 : p ̸= q. The statistical values are used as shift measurements.
Both shifts occurring in the input distribution p(x) and the label distribution
p(y) are investigated.

When forming the dataset pairs for the hypothesis testing, the distance func-
tions we use are bi-directional, meaning that given a function Dist calculating
distance, Dist(p, q) = Dist(q, p). Therefore, we measure the distribution shifts
using combinations without repetition. Additionally, we include the distance
of each dataset to itself as a sanity check. This approach results in 66 unique
combinations plus 12 self-comparisons, in a total of 78 pairs.

We now discuss the representations we use for the datasets and the corre-
sponding statistical tests we employ.

2.3.2.1 Representation for input space

We investigate two different representations for the input space.
Word frequencies: in this setting, x represents the frequency of each word.

The underlying assumption is that the occurrences of words within a dataset
indicate how important a word is. The word frequency distribution over the
vocabulary represents the dataset.

Distributional representation: In this setting, each instance of x is an n-dimensional
vector representation of a sentence within a dataset. Sentence-BERT [175] is
used to encode each sentence. The idea behind sentence-BERT is that semanti-
cally similar sentences are closer in vector space [175]. The data points in this
n-dimensional space are the distribution for each dataset.
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2.3.2.2 Representation for label space

Within the NER task, datasets from different domains have different types of
entities. We use category counts as our label distribution p(y). Among differ-
ent domains, the most general types include Person, Organization, Location
and Miscellaneous. As mentioned in Section 2.3.1, we unify labels with the
same semantic meanings. We note that very field-specific datasets will have a
different label space than more general datasets.

Following recent work on distribution shifts, for label space, we formulate
the problem as one of unseen data shift where some attribute values are unseen
under p but are seen under q [221]. For example, the type Method might have
zero observation in many datasets such as in CoNLL and Wikigold, but it will
have many observations in dataset SciERC. However, it does not necessarily
mean that there are no entities that have the type Methods in the Wikigold
dataset, but due to specific data generation processes, those entities are not an-
notated. We see this as an outcome of different sampling processes. We assume
all datasets share a common label set Al and some labels in the set are unseen
in p but are seen in q due to systematic sampling error.

2.3.2.3 Statistical Hypothesis Testing

For each type of representation, a different statistical test is necessary, which
we now detail. Shift decisions are reported based on the significant level. By
default, we use .05 as the significant threshold for all tests. Furthermore, we
use this statistical testing as a means to measure distribution shift and draw a
connection between shift and performance.

chi-squared test For frequency distributions of input and label count
distribution, each sample xn is one categorical value that represents word oc-
currence in the domain. We adopt Pearson’s Chi-Squared test, a parametric test
for determining if two frequency distributions are the same. The crucial under-
lying assumption is that a corpus is modelled as a sequence of independent
Bernoulli trials. The relevant statistic χ2 can be computed as:

χ2 =

2∑
i=1

C∑
j=1

(Oij − Eij)
2

Eij
,

where Oi is the observed value for category i and Ei is the expected value
for category i. All word occurrences below 5 are filtered out.

There has been a long debate if the chi-squared test, or statistical testing in
general, should be applied for corpus linguistics [71]. However, it is still widely
employed within the literature [166]. Given that the distribution shift literature
also employs chi-squared testing, we also make use of it here.
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We employ two data processing procedures while using Chi-Squared tests.
First, before applying the Chi-Squared test to data, we implement a normaliza-
tion procedure to ensure that both the observed and expected values are on
the same scale [198]. This normalization enhances the robustness of the test to
different sample sizes. Second, by design, label distribution may contain a con-
siderable number of zeros for certain categories. Since Chi-Squared test is not
viable when dividing by zero, we added a small constant (1e− 5) to each cate-
gory to ensure that we obtain results without changing the numerical meaning
of the results 3.

Another potential test for this sort of distribution is the Kolmogorov-Smirnov
(KS) two-sample test. However, this test fits the cumulative distribution which
requires values to be sorted. Sorting items in a vocabulary is not meaningful.

maximum mean discrepancy (mmd) For multi-dimensional representa-
tions obtained from sentence-BERT, we employ MMD [70], a nonparametric
kernel-based two-sample test to determine if two samples are drawn from two
different distributions p and q. MMD tries to calculate the L2 distance between
the mean embeddings µp and µq of the distributions in a reproducing kernel
Hilbert space F as:

MMD2(P,Q) =< µp,µp > −2 < µp,µq > + < µq,µq > .

Empirically, we use the unbiased estimate of the squared MMD statistic:

MMD2 =
1

m(m− 1)

m∑
i ̸=j

κ(xi, xj)

+
1

n(n− 1)

n∑
i ̸=j

κ(x ′i, x
′
j)

−
2

mn

m∑
i=1

n∑
j=1

κ(xi, x ′j).

where the kernel is computed with a squared exponential function κ(x, x̃) =
e−

1
σ |x−x̃|2 . σ is the median distance between points [70].

2.3.3 Impact on Performance

The last step in our method is to detect how the shift affects model perfor-
mance. Our hypothesis is that as the degree of distribution shift increases, so does

3 This approach is inspired by the methods used to address the divide by zero problem in multi-
class logistic regression in machine learning
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the likelihood that a model makes an error and hence the degree of this error will also
increase. As one of the most widely used pre-trained language models, we use
BERT [54] to measure performance. Specifically, we measure the effect of shifts
from p(x) and shifts from p(y) on performance.

We fine-tune the BERT model on one dataset and then test its performance
across all datasets to identify any performance degradation. When adapting
BERT for NER, we treat it as a sequence-to-sequence task utilizing the BIO
tagging scheme where each token in a sentence is tagged with Begin, Inside, or
Outside to indicate named entity boundaries. Then, we add one fully-connected
dense layer for predicting tags. A cross-entropy loss is used for calculating the
loss between predicted tag sequence and the golden tag sequence.

Specifically, we first split each dataset into a training set and an inference set,
ensuring that all models trained on one dataset can also be tested on the same
dataset. We follow the classic machine learning split ratio of 80:20, training on
80% of the dataset and testing on 20%. We then pair any two of the datasets
and use the training set of the first as the source domain and the inference set
for the second as the target domain. We fine-tune the original baseline model
on the source training set and evaluate on the target inference set. Fine-tuning
is performed for 10 epochs. Similar to the original BERT paper, we use a batch
size of 32 and a learning rate of 5e-5. To ensure robustness in our results, we
report the average performance across five trials, each with different random
samplings. We train and test our model on GPU GeForce 1080Ti with 11GB
GPU RAM. The fine-tuned BERT model’s architecture consists of 12 layers of
attention blocks, with each layer having a hidden size of 768 in the embedding
layers. We follow the standard configuration of the BERT-base model, which
comprises approximately 110 million parameters [54]. When we finetune it for
NER task, we add one more fullyconnected dense layer. The number of param-
eters for each neuron is hidden size + bias (768 + 1) = 769. The final number of
parameters added is num_tags * 768 ≈ 15,380 parameters. Our code for both
the hypothesis testing and evaluation is available as supplementary material.

To draw a connection between distribution shifts and performance degra-
dation, we calculate the correlation between the measurement shift and the
performance difference perfab between any two datasets a and b.

2.3.4 Experimental Setup

We conduct various experiments under different setups. For shift detection, we
verify the validity of the tests on the sampled datasets of the same corpus. If
the results indicate no shift detected, this implies that the testing has effectively
validated that the two distributions are the same. We subsequently apply tests
to all pairs of datasets.

As illustrated in Table 2.3, the datasets exhibit varying sizes. In general, ML
models perform better when fine-tuned with more data. To mitigate the poten-
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tial biases derived from data size, we uniformly sample a subset of 948 samples
from each dataset and perform all experiments. This is because the minimum
number of samples among all datasets is 948 from the Re3d dataset. In practice,
engineers often fine-tune the model on the full dataset for better performance.
To investigate the correlation under this scenario, we also employ identical
tests and performance measures on the original full-sized datasets, the results
of which are included in the Table 2.10, 2.9 and 2.11.

For the performance measures, BERT is pre-trained on a particular scope of
texts and may favour datasets from certain domains. To address this potential
bias, we utilize both BERT-base and BioBERT-base [109] and compare their
respective performance outcomes.

2.4 results and discussion
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Figure 2.3: GUM and Wikigold.
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Figure 2.4: WNUT-17 and BTC.
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Figure 2.5: SciERC, SEC and CEREC.
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Figure 2.6: WNUT-17, BTC and CEREC.

We now present the results of applying the method detailed above. We begin
with an analysis of the input datasets to verify our hypothesis about the shift
between distributions representing shift between domains.
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2.4.1 Datasets analysis

Figure 2.3, 2.4, 2.5, and 2.6 show the word frequency plots on selected pairs
of datasets. WNUT-17 and BTC both include text from Twitter, and we see
that word frequency is similar across both datasets. Conversely, in the case of
SciERC, SEC and Cerec datasets, which more distinctly represent different do-
mains, we observe greater dispersion within their respective word frequency
distributions. Intuitively, these results suggest that word frequency distribu-
tions can serve as an indicator of a domain.

2.4.2 Hypothesis testing

2.4.2.1 Chi-squared testing for input distribution

Table 2.4 shows the chi-squared testing on both sampled dataset pairs and
original-sized dataset pairs. For Chi-squared tests, the shift is made based on
the p-value of the testing. A common cutoff for rejecting the null hypothesis
in this context is a p-value less than 0.05, indicating a statistically significant
difference in distributions. The results of the Chi-squared tests are provided as
a proximity for the distribution differences. The higher the value, the greater
the disparity. The distance between the same distribution is also reported as a
sanity check. When the source and target distributions are equivalent, the test-
ing indicates that no shift is detected. This indicates that the testing is capable
of identifying when two distributions are identical.

For the full-sized datasets, Table 2.4 reveals that among the 78 dataset pairs,
13 pairs are detected with shifts. Meanwhile, Table 2.5 indicates that for the
sampled datasets, out of the same 78 pairs, 22 pairs are detected to have shifts.
These results suggest that the test is more sensitive to identifying shifts when
there is a smaller sample size. On closer inspection of the dataset pairs, we ob-
serve that out of the 13 shift-detected full-sized pairs, 11 pairs are also detected
in the sampled datasets, which reaches an approximately 84.6% agreement. Ad-
ditionally, the results presented in Table 2.4 reveal that a higher Chi-Squared
value does not necessarily imply the detection of a shift. For instance, while the
OntoNotes and i2b2 datasets have high Chi-Squared values, no shift is detected.
This outcome could arise due to the data samples being non-representative of
the full distribution, thereby resulting in the test’s inability to make a confident
conclusion.

Analyzing these results, we note that BTC and WNUT-17 datasets have the
smallest distance, which is inline with the frequency plots in Figure 2.4. On
the other hand, the BTC dataset and SEC finance dataset have the furthest dis-
tance, which, as expected, reflects that these two datasets have very different
text styles. One surprising outcome is GUM and SciERC which have a rela-
tively small distance using this representation while being from what appear
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to be different domains. These examples illustrate that this test can quantify
the distance between datasets.

Table 2.4: Input chi-squared statistics for all combinations without repetition of
datasets. The table is ordered by the chi-squared value following ascending
order. All word occurrences that are below 5 are filtered for the effective us-
age of chi-squared testing. The symbol ♣ indicates there are shifts detected.

Source data Target data Statistics Shift decision

conll conll 0.00

cerec cerec 0.00

ontonotes ontonotes 0.00

i2b2 i2b2 0.00

GUM GUM 0.00

AnEM AnEM 0.00

BTC BTC 0.00

WNUT17 WNUT17 0.00

wikigold wikigold 0.00

re3d re3d 0.00

sec sec 0.00

sciERC sciERC 0.00

BTC WNUT17 96.04

GUM WNUT17 123.53

GUM BTC 127.48

ontonotes WNUT17 144.48

ontonotes re3d 149.69

GUM wikigold 191.42

wikigold re3d 232.63

GUM re3d 257.93

ontonotes GUM 292.86

AnEM re3d 302.56

AnEM wikigold 337.45

ontonotes wikigold 346.67

GUM sciERC 349.31

GUM sec 385.12

AnEM WNUT17 401.39

i2b2 re3d 426.14

re3d sec 471.70

ontonotes BTC 479.08

AnEM BTC 500.50

wikigold sciERC 544.95

AnEM sec 548.65

i2b2 GUM 584.29

wikigold sec 642.16

BTC wikigold 787.59

re3d sciERC 789.35

WNUT17 wikigold 794.37

ontonotes AnEM 820.95

i2b2 AnEM 823.57

ontonotes sec 853.52

AnEM sciERC 913.34

GUM AnEM 961.50

conll WNUT17 1,047.27

i2b2 BTC 1,086.96

conll cerec 1,089.80

cerec re3d 1,148.76

i2b2 wikigold 1,164.45

sec sciERC 1,171.78

Continued on next page
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Source data Target data Statistics (cont.) Shift decision

cerec WNUT17 1,378.34

WNUT17 sciERC 1,434.51

WNUT17 re3d 1,478.79

BTC sciERC 1,510.25

conll BTC 1,524.60

WNUT17 sec 1,656.90

cerec wikigold 1,727.73 ♣

ontonotes sciERC 1,728.98

cerec AnEM 1,757.95 ♣

i2b2 sec 1,777.99

cerec BTC 1,879.36

conll sec 2,027.94

conll ontonotes 2,092.56

conll wikigold 2,100.30

cerec sec 2,240.83 ♣

conll i2b2 2,257.31

i2b2 WNUT17 2,653.34

i2b2 sciERC 2,808.05 ♣

conll GUM 2,877.06

conll re3d 3,124.31 ♣

ontonotes i2b2 3,838.24

cerec GUM 4,310.95 ♣

BTC re3d 4,513.72 ♣

BTC sec 4,568.51 ♣

cerec ontonotes 4,726.86 ♣

conll sciERC 6,930.89 ♣

cerec sciERC 7,169.87 ♣

conll AnEM 7,186.44 ♣

cerec i2b2 7,927.04 ♣

Table 2.5: Input chi-squared statistics for sampled datasets. The symbol ♣ indicates a
detected shift.

Source data Target data Statistics Shift decision

conll conll 0.00

cerec cerec 0.00

ontonotes ontonotes 0.00

i2b2 i2b2 0.00

GUM GUM 0.00

AnEM AnEM 0.00

BTC BTC 0.00

WNUT17 WNUT17 0.00

wikigold wikigold 0.00

re3d re3d 0.00

sec sec 0.00

sciERC sciERC 0.00

GUM BTC 75.67

GUM WNUT17 81.64

BTC WNUT17 93.89

ontonotes WNUT17 98.60

ontonotes BTC 124.59

ontonotes re3d 131.39

AnEM BTC 158.86

GUM wikigold 162.41

i2b2 wikigold 172.97

AnEM WNUT17 189.54

Continued on next page
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Source data Target data Statistics (cont.) Shift decision

wikigold sciERC 191.47

AnEM re3d 195.15

GUM re3d 207.65

i2b2 GUM 211.51

wikigold re3d 213.81

GUM AnEM 214.20

GUM sciERC 244.28

ontonotes wikigold 249.68

i2b2 AnEM 258.37

conll AnEM 258.89

ontonotes AnEM 283.88

AnEM wikigold 292.75

conll BTC 295.26

i2b2 BTC 296.28

re3d sec 316.50

i2b2 re3d 320.14

wikigold sec 327.45

ontonotes GUM 345.13

ontonotes i2b2 357.75

GUM sec 401.75

re3d sciERC 404.84

WNUT17 re3d 407.13

AnEM sec 433.05

conll re3d 433.08

i2b2 WNUT17 490.46

sec sciERC 501.09

cerec WNUT17 603.98

AnEM sciERC 635.92

ontonotes sec 716.12

BTC wikigold 748.72

conll sec 760.04

conll WNUT17 778.92

cerec re3d 815.43 ♣

conll GUM 832.89

cerec wikigold 836.13 ♣

WNUT17 wikigold 861.27

cerec i2b2 875.33 ♣

i2b2 sec 881.32 ♣

cerec AnEM 892.46 ♣

i2b2 sciERC 905.32 ♣

cerec GUM 1,89.98 ♣

conll i2b2 1,425.79 ♣

cerec sec 1,428.67 ♣

BTC sciERC 1,643.86 ♣

cerec BTC 1,795.81 ♣

conll cerec 1,810.52 ♣

cerec ontonotes 1,961.29 ♣

WNUT17 sciERC 2,16.53 ♣

conll wikigold 2,145.54 ♣

conll ontonotes 2,348.69 ♣

BTC re3d 2,480.40 ♣

WNUT17 sec 2,590.02 ♣

ontonotes sciERC 2,608.52 ♣

conll sciERC 3,51.15 ♣

BTC sec 4,274.04 ♣

cerec sciERC 4,769.50 ♣
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2.4.2.2 MMD testing for input distribution

For the distributional representations, we apply MMD with a different number
of samples (i.e. embedded sentences) from n = [5, 50, 200, 500, 1000, 2000].
Table 2.6 shows the results of these tests. The table is ordered by the scores
generated using 2000 samples. We measure the difference between a dataset
and itself as a sanity check.

Intuitively, the MMD test evaluates whether there is a significant difference
between two distributions: a higher MMD value suggests a greater disparity
between the distributions. The test essentially disproves the null hypothesis,
that the distributions are identical, when the MMD statistic is significantly high.
In our study, the MMD values can appear negative due to estimation errors in
smaller samples or due to the kernel choice affecting the calculation. However,
the absolute value of MMD should be considered. Typically, a threshold for
significance is set, above which the null hypothesis can be rejected. We use 0.05

as our threshold.
CoNLL, a widely used benchmark dataset in NER, is surprisingly far from

other datasets in the distance measured by the chi-squared test. However, with
MMD tests, the distance is fairly close. This is an indication that sentence-level
representation provides more information than word-frequency representation.

Table 2.6: MMD statistics for input embedding distribution on full-sized datasets with
a different number of samples. This is ordered by the distance between pairs
of datasets with 2,000 samples. Sign ⋆ indicates there is a shift detected.

Source data Target data Number of samples from test
5 50 200 500 1,000 2,000

AnEM AnEM -0.2542 -0.0281 -0.0073 -0.0029 -0.0015 -0.0007

BTC BTC -0.2906 -0.0286 -0.0070 -0.0028 -0.0014 -0.0007

GUM GUM -0.2521 -0.0277 -0.0071 -0.0029 -0.0015 -0.0007

WNUT17 WNUT17 -0.2521 -0.0289 -0.0073 -0.0030 -0.0015 -0.0007

cerec cerec -0.2776 -0.0286 -0.0072 -0.0029 -0.0014 -0.0007

conll conll -0.2653 -0.0284 -0.0073 -0.0029 -0.0014 -0.0007

i2b2 i2b2 -0.2520 -0.0284 -0.0071 -0.0028 -0.0014 -0.0007

ontonotes ontonotes -0.2587 -0.0254 -0.0067 -0.0029 -0.0014 -0.0007

sciERC sciERC -0.2890 -0.0284 -0.0071 -0.0028 -0.0014 -0.0007

wikigold wikigold -0.2695 -0.0282 -0.0072 -0.0029 -0.0015 -0.0008

sec sec -0.2831 -0.0273 -0.0068 -0.0027 -0.0014 -0.0009

re3d re3d -0.2600 -0.0279 -0.0071 -0.0029 -0.0015 -0.0015

GUM WNUT17 0.6140⋆ 0.1566⋆ 0.0964⋆ 0.0619⋆ 0.0425 0.0271

GUM wikigold 0.4367⋆ 0.2047⋆ 0.1266⋆ 0.0828⋆ 0.0615⋆ 0.0294

BTC WNUT17 0.2581⋆ 0.0503⋆ 0.0509⋆ 0.0466 0.0353 0.0311

conll wikigold 0.2646⋆ 0.1069⋆ 0.0669⋆ 0.0385 0.0479 0.0348

WNUT17 wikigold 0.4361⋆ 0.0789⋆ 0.0532⋆ 0.0297 0.0283 0.0406

GUM AnEM 0.4231⋆ 0.1762⋆ 0.0975⋆ 0.0727⋆ 0.0607⋆ 0.0411

conll WNUT17 0.4148⋆ 0.0678⋆ 0.0402 0.0338 0.0532⋆ 0.0443

conll GUM 0.3968⋆ 0.1629⋆ 0.1158⋆ 0.0870⋆ 0.0934⋆ 0.0450

i2b2 AnEM 0.2739⋆ 0.0860⋆ 0.0557⋆ 0.0535⋆ 0.0461 0.0477

AnEM wikigold 0.2688⋆ 0.1235⋆ 0.0717⋆ 0.0520⋆ 0.0503⋆ 0.0478

ontonotes re3d 0.2496⋆ 0.2194⋆ 0.1538⋆ 0.0500 0.0535⋆ 0.0480

Continued on next page
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Source data Target data Number of samples from test (cont.)
5 50 200 500 1,000 2,000

cerec WNUT17 0.3337⋆ 0.0627⋆ 0.0509⋆ 0.0467 0.0465 0.0484

ontonotes GUM 0.5314⋆ 0.3557⋆ 0.2142⋆ 0.1115⋆ 0.0890⋆ 0.0530⋆

ontonotes WNUT17 0.4052⋆ 0.2008⋆ 0.1389⋆ 0.0457 0.0423 0.0534⋆

cerec GUM 0.3492⋆ 0.1526⋆ 0.1075⋆ 0.0874⋆ 0.0824⋆ 0.0552⋆

ontonotes BTC 0.2600⋆ 0.2338⋆ 0.1792⋆ 0.0792⋆ 0.0686⋆ 0.0572⋆

conll cerec 0.1973⋆ 0.0861⋆ 0.0626⋆ 0.0508⋆ 0.0738⋆ 0.0574⋆

GUM BTC 0.3451⋆ 0.1934⋆ 0.1547⋆ 0.1223⋆ 0.0994⋆ 0.0582⋆

cerec wikigold 0.2564⋆ 0.1174⋆ 0.0783⋆ 0.0634⋆ 0.0615⋆ 0.0605⋆

conll AnEM 0.2566⋆ 0.1009⋆ 0.0656⋆ 0.0606⋆ 0.0812⋆ 0.0607⋆

AnEM WNUT17 0.4262⋆ 0.1042⋆ 0.0554⋆ 0.0449 0.0487 0.0617⋆

conll BTC 0.1510⋆ 0.0878⋆ 0.0817⋆ 0.0761⋆ 0.0871⋆ 0.0632⋆

ontonotes wikigold 0.3596⋆ 0.1709⋆ 0.1677⋆ 0.0701⋆ 0.0650⋆ 0.0666⋆

BTC wikigold 0.2147⋆ 0.1211⋆ 0.1080⋆ 0.0824⋆ 0.0687⋆ 0.0682⋆

i2b2 wikigold 0.3163⋆ 0.1125⋆ 0.0753⋆ 0.0686⋆ 0.0642⋆ 0.0683⋆

conll ontonotes 0.3720⋆ 0.2402⋆ 0.1244⋆ 0.0697⋆ 0.0970⋆ 0.0686⋆

GUM re3d 0.4959⋆ 0.2415⋆ 0.1646⋆ 0.1108⋆ 0.1087⋆ 0.0728⋆

i2b2 GUM 0.4385⋆ 0.1880⋆ 0.1217⋆ 0.1121⋆ 0.0940⋆ 0.0735⋆

conll i2b2 0.2461⋆ 0.0980⋆ 0.0729⋆ 0.0724⋆ 0.0836⋆ 0.0737⋆

conll re3d 0.3366⋆ 0.1395⋆ 0.0453 0.0541⋆ 0.0952⋆ 0.0753⋆

cerec BTC 0.0892⋆ 0.0911⋆ 0.0928⋆ 0.0907⋆ 0.0865⋆ 0.0763⋆

GUM sciERC 0.3731⋆ 0.1781⋆ 0.1375⋆ 0.1213⋆ 0.1008⋆ 0.0778⋆

WNUT17 re3d 0.3548⋆ 0.0967⋆ 0.0740⋆ 0.0483 0.0650⋆ 0.0784⋆

wikigold re3d 0.3274⋆ 0.1211⋆ 0.0898⋆ 0.0638⋆ 0.0760⋆ 0.0793⋆

i2b2 WNUT17 0.4524⋆ 0.0822⋆ 0.0651⋆ 0.0710⋆ 0.0656⋆ 0.0797⋆

BTC re3d 0.2138⋆ 0.1317⋆ 0.1071⋆ 0.0878⋆ 0.0910⋆ 0.0807⋆

cerec AnEM 0.2287⋆ 0.1215⋆ 0.0747⋆ 0.0754⋆ 0.0846⋆ 0.0815⋆

ontonotes AnEM 0.3626⋆ 0.2827⋆ 0.1698⋆ 0.0845⋆ 0.0846⋆ 0.0845⋆

cerec i2b2 0.1851⋆ 0.0734⋆ 0.0571⋆ 0.0755⋆ 0.0769⋆ 0.0858⋆

cerec ontonotes 0.3310⋆ 0.2643⋆ 0.1853⋆ 0.0952⋆ 0.0933⋆ 0.0865⋆

wikigold sciERC 0.2372⋆ 0.1347⋆ 0.1095⋆ 0.1055⋆ 0.0981⋆ 0.0918⋆

AnEM BTC 0.1894⋆ 0.1244⋆ 0.1082⋆ 0.1025⋆ 0.1010⋆ 0.0948⋆

WNUT17 sciERC 0.3590⋆ 0.0939⋆ 0.0878⋆ 0.0880⋆ 0.0867⋆ 0.0964⋆

AnEM re3d 0.3190⋆ 0.1483⋆ 0.0982⋆ 0.0819⋆ 0.0999⋆ 0.0994⋆

cerec re3d 0.2920⋆ 0.1363⋆ 0.1039⋆ 0.0878⋆ 0.1045⋆ 0.1008⋆

AnEM sciERC 0.2466⋆ 0.1329⋆ 0.0922⋆ 0.1032⋆ 0.1069⋆ 0.1016⋆

conll sciERC 0.2141⋆ 0.1163⋆ 0.1087⋆ 0.1114⋆ 0.1292⋆ 0.1065⋆

cerec sec 0.1203⋆ 0.1248⋆ 0.1239⋆ 0.1231⋆ 0.1081⋆ 0.1091⋆

i2b2 BTC 0.2184⋆ 0.1072⋆ 0.1113⋆ 0.1160⋆ 0.1094⋆ 0.1102⋆

cerec sciERC 0.1908⋆ 0.1145⋆ 0.1050⋆ 0.1144⋆ 0.1175⋆ 0.1116⋆

ontonotes i2b2 0.3943⋆ 0.2750⋆ 0.1961⋆ 0.1162⋆ 0.1077⋆ 0.1119⋆

wikigold sec 0.2417⋆ 0.1701⋆ 0.1441⋆ 0.1281⋆ 0.1045⋆ 0.1135⋆

GUM sec 0.3692⋆ 0.2313⋆ 0.1893⋆ 0.1633⋆ 0.1321⋆ 0.1144⋆

conll sec 0.1941⋆ 0.1385⋆ 0.1251⋆ 0.1226⋆ 0.1294⋆ 0.1167⋆

ontonotes sciERC 0.3224⋆ 0.2789⋆ 0.2021⋆ 0.1281⋆ 0.1205⋆ 0.1173⋆

AnEM sec 0.2065⋆ 0.1559⋆ 0.1331⋆ 0.1321⋆ 0.1207⋆ 0.1277⋆

i2b2 re3d 0.3472⋆ 0.1175⋆ 0.1160⋆ 0.1131⋆ 0.1236⋆ 0.1286⋆

WNUT17 sec 0.3779⋆ 0.1311⋆ 0.1277⋆ 0.1186⋆ 0.1059⋆ 0.1289⋆

BTC sciERC 0.1668⋆ 0.1354⋆ 0.1548⋆ 0.1544⋆ 0.1449⋆ 0.1342⋆

re3d sciERC 0.2966⋆ 0.1667⋆ 0.1414⋆ 0.1280⋆ 0.1416⋆ 0.1374⋆

i2b2 sciERC 0.2644⋆ 0.1371⋆ 0.1261⋆ 0.1480⋆ 0.1416⋆ 0.1435⋆

ontonotes sec 0.3163⋆ 0.3097⋆ 0.2311⋆ 0.1569⋆ 0.1379⋆ 0.1438⋆

i2b2 sec 0.2510⋆ 0.1378⋆ 0.1387⋆ 0.1521⋆ 0.1336⋆ 0.1462⋆

re3d sec 0.2838⋆ 0.1956⋆ 0.1589⋆ 0.1482⋆ 0.1455⋆ 0.1533⋆

sec sciERC 0.1811⋆ 0.1640⋆ 0.1612⋆ 0.1690⋆ 0.1497⋆ 0.1536⋆
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2.4.2.3 Label distribution

To detect category shift in label distribution, we utilized the Chi-squared test,
as detailed in Section 2.3.4. This testing was performed on both the sampled
and full-sized datasets, and the results are presented in Table 2.7 and Table 2.8.
Results reveal a significant difference between the datasets that share the same
categories and those that have different categories.

Datasets that are focused on specialized fields typically contain more specific
labels. Consequently, the dissimilarity between these datasets and those from
general domains is greater. For example, while the input shift between BTC
and WNUT17 may be small, the label shift is relatively significant due to their
distinct label spaces. For the NER task, generalizing model performance to
datasets that have distinct categories is more challenging, as evidenced in the
following section.

Table 2.7: Label distribution chi-squared testing statistics for all combinations without
repetition of datasets. The table is ordered by the test value in ascending
order.

Source data Target data Statistics Shift Decision

conll conll 0.00

cerec cerec 0.00

ontonotes ontonotes 0.00

i2b2-06 i2b2-06 0.00

GUM GUM 0.00

AnEM AnEM 0.00

BTC BTC 0.00

WNUT17 WNUT17 0.00

wikigold wikigold 0.00

re3d re3d 0.00

sec sec 0.00

sciERC sciERC 0.00

conll wikigold 0.04

BTC sec 0.07

BTC wikigold 0.51

BTC WNUT17 0.84

BTC re3d 1.22

conll sec 2.03

wikigold sec 4.24

cerec sec 326,074.25 ♣

cerec re3d 745,315.20 ♣

cerec wikigold 781,788.25 ♣

cerec WNUT17 841,992.77 ♣

re3d sec 1,310,152.93 ♣

cerec GUM 2,564,429.92 ♣

cerec BTC 3,257,665.19 ♣

WNUT17 sec 5,112,738.62 ♣

ontonotes sec 5,223,820.29 ♣

conll cerec 5,780,109.23 ♣

conll re3d 6,382,202.06 ♣

conll WNUT17 7,210,082.54 ♣

WNUT17 re3d 11,686,258.40 ♣

ontonotes re3d 11,940,158.70 ♣

Continued on next page
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Source data Target data Statistics (cont.) Shift Decision

WNUT17 wikigold 12,258,168.10 ♣

GUM sec 12,466,422.81 ♣

ontonotes wikigold 12,524,494.36 ♣

ontonotes WNUT17 13,489,000.18 ♣

wikigold re3d 13,583,255.59 ♣

conll GUM 21,959,515.63 ♣

AnEM sec 22,315,222.59 ♣

cerec ontonotes 22,872,211.25 ♣

conll BTC 27,895,788.79 ♣

GUM re3d 28,494,675.69 ♣

i2b2-06 sec 29,859,890.76 ♣

GUM wikigold 29,889,167.66 ♣

GUM WNUT17 32,190,918.71 ♣

ontonotes GUM 41,083,014.26 ♣

ontonotes AnEM 43,451,712.45 ♣

GUM AnEM 50,349,808.09 ♣

AnEM re3d 51,006,213.20 ♣

cerec i2b2-06 51,746,456.14 ♣

ontonotes BTC 52,188,909.35 ♣

AnEM wikigold 53,502,390.51 ♣

AnEM WNUT17 57,622,585.01 ♣

i2b2-06 re3d 68,251,165.27 ♣

i2b2-06 wikigold 71,591,287.74 ♣

ontonotes i2b2-06 74,740,292.02 ♣

i2b2-06 WNUT17 77,104,499.80 ♣

conll AnEM 84,469,257.53 ♣

i2b2-06 AnEM 86,817,785.05 ♣

GUM BTC 124,546,587.29 ♣

ontonotes sciERC 160,417,887.32 ♣

AnEM sciERC 174,040,643.86 ♣

GUM sciERC 185,884,729.65 ♣

cerec AnEM 189,564,270.53 ♣

conll ontonotes 195,857,558.82 ♣

conll i2b2-06 197,142,187.31 ♣

AnEM BTC 222,941,642.42 ♣

i2b2-06 GUM 234,834,691.92 ♣

WNUT17 sciERC 279,748,960.06 ♣

wikigold sciERC 293,835,211.87 ♣

re3d sciERC 294,915,993.80 ♣

i2b2-06 BTC 298,317,122.09 ♣

conll sciERC 311,849,153.00 ♣

i2b2-06 sciERC 320,519,601.10 ♣

BTC sciERC 459,742,109.25 ♣

sec sciERC 555,622,639.19 ♣

Table 2.8: Label distribution chi-squared testing statistics for sampled datasets.
Source data Target data Statistics Shift Decision

conll conll 0.00

cerec cerec 0.00

ontonotes ontonotes 0.00

i2b2-06 i2b2-06 0.00

GUM GUM 0.00

AnEM AnEM 0.00

BTC BTC 0.00

WNUT17 WNUT17 0.00

wikigold wikigold 0.00

Continued on next page
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Source data Target data Statistics (cont.) Shift Decision

re3d re3d 0.00

sec sec 0.00

sciERC sciERC 0.00

conll wikigold 0.04

BTC sec 0.10

BTC wikigold 0.52

BTC WNUT17 0.84

BTC re3d 1.11

conll sec 1.47

wikigold sec 2.60

cerec sec 334,179.62 ♣

cerec wikigold 839,683.36 ♣

cerec re3d 843,668.88 ♣

cerec WNUT17 917,624.79 ♣

re3d sec 1,066,254.19 ♣

cerec GUM 2,900,540.31 ♣

cerec BTC 3,687,180.00 ♣

WNUT17 sec 4,377,314.31 ♣

ontonotes sec 4,780,033.07 ♣

conll cerec 5,836,613.50 ♣

conll re3d 6,491,937.00 ♣

conll WNUT17 7,061,035.89 ♣

WNUT17 wikigold 10,998,734.44 ♣

WNUT17 re3d 11,050,923.20 ♣

GUM sec 11,530,780.73 ♣

wikigold re3d 11,602,120.49 ♣

ontonotes wikigold 12,010,632.37 ♣

ontonotes re3d 12,067,622.20 ♣

ontonotes WNUT17 13,125,498.34 ♣

AnEM sec 20,244,050.26 ♣

conll GUM 22,319,385.77 ♣

cerec ontonotes 26,018,437.52 ♣

i2b2-06 sec 26,465,192.08 ♣

conll BTC 28,372,520.38 ♣

GUM wikigold 28,973,014.22 ♣

GUM re3d 29,110,489.58 ♣

GUM WNUT17 31,662,383.01 ♣

ontonotes GUM 41,488,682.25 ♣

ontonotes AnEM 44,092,822.88 ♣

AnEM wikigold 50,866,559.82 ♣

GUM AnEM 50,979,958.03 ♣

AnEM re3d 51,107,918.60 ♣

ontonotes BTC 52,740,634.40 ♣

AnEM WNUT17 55,588,158.29 ♣

cerec i2b2-06 59,943,853.08 ♣

i2b2-06 wikigold 66,498,217.78 ♣

i2b2-06 re3d 66,813,748.00 ♣

i2b2-06 WNUT17 72,670,797.12 ♣

ontonotes i2b2-06 74,879,460.31 ♣

conll AnEM 85,589,611.44 ♣

i2b2-06 AnEM 87,686,295.03 ♣

GUM BTC 127,225,200.96 ♣

ontonotes sciERC 158,825,547.52 ♣

AnEM sciERC 173,009,643.23 ♣

GUM sciERC 183,633,507.68 ♣

cerec AnEM 187,632,540.01 ♣

conll i2b2-06 195,573,212.31 ♣

conll ontonotes 200,209,544.04 ♣

AnEM BTC 223,363,307.19 ♣

i2b2-06 GUM 229,706,748.40 ♣

Continued on next page
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Source data Target data Statistics (cont.) Shift Decision

WNUT17 sciERC 279,425,297.10 ♣

i2b2-06 BTC 292,004,448.24 ♣

wikigold sciERC 294,289,564.04 ♣

re3d sciERC 305,681,552.91 ♣

conll sciERC 308,299,988.60 ♣

i2b2-06 sciERC 315,852,394.93 ♣

BTC sciERC 451,014,301.26 ♣

sec sciERC 546,583,192.69 ♣

2.4.3 Performance measurement

As noted in Section 2.3.4, we conducted four sets of experiments, including fine-
tuning models on both original-sized and sampled datasets with 948 samples
using both BERT-base and BioBERT-base models. All performance results are
reported using the average of five trials with different random sampling.

Table 2.9, 2.10, and2.11 present the micro-averaged F1 performance of the
models trained and tested on the sampled datasets with BERT, full-sized datasets
with BERT, and full-sized datasets with BioBERT, respectively. The counterpart,
which shows the micro-averaged F1 performance of the models trained and
tested with sampled datasets with BioBERT, is shown in Appendix a, in Ta-
ble a.1.

Each row in the table indicates the dataset the model is fine-tuned on. Cor-
respondingly, the columns indicate the dataset which the fine-tuned model is
tested upon. All performance results reported here are the average of 5 trials.
The standard deviation of these results ranges from 0.0 ∼ 0.07. The last column
reports the average F1 scores of all the test results, which represents the gener-
alization ability of the model when fine-tuned on a specific dataset. The rows
are ordered by this average F1 score.

Table 2.10 reveals that even though BTC and WNUT17 contain texts from
the same domain, the model’s generalization ability on WNUT17 decreases
significantly when fine-tuned on BTC, as there is a significant label category
shift between these two datasets.

Comparing Table 2.9 and Table 2.10, we observe that when we control the
number of data samples, the average F1 scores tend to decrease. However, the
overall rankings of the datasets are similar between the two tables, except for
WNUT17 and Re3d. Using a subset of the original dataset reduces the general-
ization ability significantly, indicating the additional data samples in the origi-
nal data set help improve the generalization. Conversely, for dataset Re3d, the
generalization ability increases while the number of samples decreases, indicat-
ing that the additional data samples in the dataset harm the generalization.

Due to mutually exclusive sets of categories, we encounter many zero F1

scores on AnEM dataset and SciERC dataset. Even though fine-tuning helps
improve the performance on the same dataset, the generalization ability is low,
indicating that category shift has a significant impact on the performance.
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Comparing Table 2.10 and Table 2.11, we observe that the fine-tuning perfor-
mance is slightly impacted by the text on which these language models were
pre-trained. However, the average F1 score rankings remain the same.

Table 2.9: Micro-average F1 score when the model is fine-tuned on the source dataset
(the row) and tested on the target dataset (the column). Fine-tuning uses the
BERT-base-uncased model. All performances are averaged over five trials.
All datasets are sampled with 948 samples.

conll wikigold cerec BTC re3d i2b2-06 SEC ontonotes GUM WNUT17 sciERC AnEM average f1

conll 0.61 0.38 0.24 0.28 0.21 0.13 0.13 0.23 0.06 0.24 0.00 0.00 0.21
wikigold 0.50 0.51 0.23 0.22 0.24 0.15 0.16 0.23 0.10 0.14 0.00 0.00 0.21

cerec 0.29 0.21 0.74 0.12 0.11 0.16 0.11 0.09 0.17 0.15 0.00 0.00 0.18

BTC 0.29 0.16 0.19 0.62 0.14 0.14 0.08 0.11 0.05 0.16 0.00 0.00 0.16

re3d 0.16 0.18 0.12 0.13 0.47 0.03 0.07 0.11 0.10 0.11 0.00 0.00 0.12

i2b2-06 0.09 0.09 0.12 0.17 0.01 0.73 0.02 0.02 0.01 0.07 0.00 0.00 0.11

SEC 0.09 0.05 0.06 0.06 0.02 0.00 0.85 0.08 0.01 0.05 0.00 0.00 0.11

ontonotes 0.14 0.08 0.03 0.05 0.11 0.02 0.04 0.31 0.03 0.05 0.00 0.00 0.07

GUM 0.08 0.09 0.12 0.05 0.08 0.01 0.03 0.03 0.24 0.04 0.00 0.00 0.06

WNUT17 0.08 0.07 0.11 0.07 0.02 0.08 0.01 0.02 0.02 0.15 0.00 0.00 0.05

sciERC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.24 0.00 0.02

AnEM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.21 0.02

Table 2.10: F1 scores on full-sized datasets. Fine-tuning uses the BERT-base model.
conll cerec ontonotes i2b2-06 wikigold WNUT17 GUM re3d SEC BTC sciERC AnEM average f1

conll 0.90 0.35 0.31 0.13 0.62 0.26 0.12 0.33 0.10 0.31 0.00 0.00 0.29
cerec 0.35 0.90 0.13 0.10 0.31 0.14 0.21 0.19 0.08 0.20 0.00 0.00 0.25

ontonotes 0.28 0.14 0.93 0.05 0.26 0.14 0.08 0.17 0.06 0.17 0.00 0.00 0.23

i2b2-06 0.27 0.20 0.12 0.99 0.33 0.06 0.05 0.22 0.02 0.16 0.00 0.00 0.22

wikigold 0.57 0.25 0.30 0.10 0.88 0.13 0.13 0.30 0.13 0.20 0.00 0.00 0.21

WNUT17 0.43 0.32 0.29 0.15 0.44 0.70 0.10 0.24 0.09 0.27 0.00 0.00 0.21

GUM 0.20 0.17 0.05 0.01 0.23 0.04 0.68 0.28 0.04 0.06 0.00 0.00 0.21

re3d 0.19 0.25 0.15 0.04 0.19 0.11 0.14 0.61 0.06 0.20 0.00 0.00 0.21

SEC 0.22 0.14 0.19 0.05 0.25 0.09 0.05 0.12 0.93 0.21 0.00 0.00 0.21

BTC 0.59 0.35 0.32 0.14 0.62 0.24 0.14 0.34 0.15 0.87 0.00 0.00 0.20

sciERC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.57 0.00 0.19

AnEM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.79 0.19

2.4.4 Correlation

To investigate further how shifts impact model performance, we report the
correlation between the testing statistics and performance differences in Fig-
ure 2.7,2.8, and 2.9. Within each plot, the x-axis represents the distances calcu-
lated by different hypothesis testing, and the y-axis represents the performance
differences between a source dataset and a target dataset. The higher the per-
formance distance is, the worse the generalization ability the model exhibits.
Assuming there are datasets Da and Db. Perfab indicates the performance dif-
ference on Da and Db when the model is fine-tuned on source dataset Ds where
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Table 2.11: F1 scores on full-sized datasets. Fine-tuning uses the BioBERT-base model.
conll cerec ontonotes i2b2-06 wikigold WNUT17 GUM re3d SEC BTC sciERC AnEM average f1

conll 0.88 0.32 0.26 0.11 0.58 0.21 0.10 0.29 0.36 0.23 0.00 0.00 0.28
cerec 0.30 0.87 0.11 0.06 0.30 0.12 0.20 0.20 0.31 0.15 0.00 0.00 0.25

ontonotes 0.23 0.14 0.92 0.10 0.22 0.12 0.07 0.15 0.07 0.15 0.00 0.00 0.23

i2b2-06 0.33 0.22 0.17 1.00 0.36 0.09 0.09 0.26 0.23 0.16 0.00 0.00 0.23

wikigold 0.49 0.25 0.29 0.10 0.84 0.11 0.11 0.28 0.38 0.15 0.00 0.00 0.21

WNUT17 0.40 0.24 0.25 0.14 0.43 0.61 0.09 0.23 0.19 0.25 0.00 0.00 0.21

GUM 0.15 0.16 0.04 0.03 0.21 0.03 0.63 0.26 0.04 0.06 0.00 0.00 0.21

re3d 0.15 0.21 0.11 0.03 0.16 0.07 0.13 0.53 0.09 0.11 0.00 0.00 0.20

SEC 0.21 0.19 0.15 0.11 0.18 0.08 0.05 0.10 0.90 0.21 0.00 0.00 0.20

BTC 0.50 0.33 0.32 0.14 0.58 0.22 0.12 0.30 0.31 0.85 0.00 0.00 0.20

sciERC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.55 0.00 0.19

AnEM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.77 0.19

s ∈ {Di | i = {1, 2, ..., 12}} . Shiftab is the distance between Da and Db with re-
garding to each statistical test. The correlation is calculated between perf and
shift.

Based on the presented plots, it is evident that the label category shift shows
the most statistically significant correlation (P < .0001) with model perfor-
mance. This finding suggests that category shift can serve as a reliable indicator
of model performance in a supervised setting when evaluating in a new do-
main. With respect to input distribution shift, while the word frequency distri-
bution’s correlation with model performance is the lowest, it is still significant
(P = .042). The MMD results reveal a moderately strong correlation (P = 0.002).
This indicates that in an unsupervised setting, MMD testing with sentence-level
representation distribution can be used to estimate model performance when
transferring between domains.

Figure 2.7: Plots for Chi-squared measures
with word frequency input
distribution and performance
difference. Linear regression
model fitted.

Figure 2.8: Plots for MMD measures with
sentence-level input distribu-
tions and performance differ-
ence. Linear regression model
fitted.
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Figure 2.9: Plots for Chi-squared measures
with label distribution and per-
formance difference. Linear re-
gression model fitted.

2.5 conclusion

In this chapter, we investigated input data and label distribution shifts across
12 benchmark NER datasets. We compared two different types of representa-
tions for input shifts. We systematically measured the shifts using the lens of
statistical testing. We measured performance differences by fine-tuning BERT
models and calculating the correlation between shifts and performance.

The results show that both word frequency distribution and sentence-level
distributional representations are useful for ascertaining shift. Changing be-
tween domains results in measurable differences in distribution shifts. Results
show that label shift correlates more significantly with performance degrada-
tion than input shifts for NER. However, there is still a correlation between
input shift and performance degradation. Here, sentence-level representations
provide more signals for the relation between distribution shift and perfor-
mance.

Based on these results, we believe that shift detection and the measurement of
distribution shifts can play important roles in tackling NLP tasks, especially for
new and low-resource domains. In particular, when applying a model to a new
domain or as data changes, the measures detailed above can help researchers
and practitioners decide whether the expense of gathering new annotated data
and subsequent fine-tuning is warranted. In the future, we hope that distribu-
tion shift measurement can become part of widely used NLP paradigms such
as crowd-sourcing and active learning.

Now that we see how BERT-based models are not sufficient in the presence
of distribution shift, we then continue investigating the second dimension of
the challenge, temporal drift.





3
E VA L U AT I O N O F U N S U P E RV I S E D S TAT I C T O P I C M O D E L S
E M E R G E N C E D E T E C T I O N A B I L I T Y

In this chapter, we turn our attention to the second dimension of the challenges
identified in Part I: temporal drift. Specifically, we investigate the difficulty of
detecting emerging topics in dynamic corpora. Topic models are widely used
for analyzing trends and extracting information from conversations in an unsu-
pervised manner. However, while existing evaluation metrics typically assess
topic coherence or perplexity, they often overlook the model’s ability to detect
emerging topics over time. This leads us to the following research question:

RQ2 To what extent can pre-trained topic models perform topic emergence detection?

To address this question, we propose a novel, unsupervised evaluation metric
that quantifies a model’s ability to detect topic emergence without requiring
labeled data. We compare representative models from three major categories of
topic modeling approaches: Co-Words Clustering (algebraic), Latent Dirichlet
Allocation (probabilistic), and BERTopic (neural), across three datasets, ACL
Anthology, Web of Science (WOS), and Enron emails.

3.1 introduction

Topic extraction, also known as topic modeling, is the process of automatically
identifying and extracting meaningful latent concepts or topics from a collec-
tion of documents or texts [11]. It is a fundamental technique in natural lan-
guage processing. Unsupervised topic extraction is commonly used because it
does not rely on predefined categories or labeled data.

Topic emergence refers to the appearance of new groups of words representing
a topic within textual data. New topics frequently emerge as fields and commu-
nities change and it is useful to be able to detect these new topics. For example,
science progresses on the principle that new and emerging topics overshadow
the older ones [105]. In a social context, organizations are keen to be updated
with the new trends that could affect their operations, internally through email
[211] and externally using social media platforms [32]. Therefore, understand-
ing which topic model is capable of better detecting topic emergence is benefi-
cial for many applications in academia, entrepreneurship, and government.

Recent advances in topic modeling have focused on developing models that
extract topics that are more coherent, diverse, and interpretable [1, 141]. How-
ever, there is limited research comparing the ability of these models to detect
emerging topics. In other words, when extracting topics and analyzing their

45
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evolution over time, we aim to select a model that can identify emerging topics
earlier than others. Specifically, we focus on an unsupervised setting where the
ground truth of the topics is unknown.

While previous studies have explored forecasting topic emergence during the
"embryo" stage using revolutionary networks and citation-based models [182],
others have analyzed retrospective trend detection by identifying shifts in topic
proportions or leveraging change-point detection techniques [17, 168]. How-
ever, these models they primarily introduce specific models for topic emergence
detection without systematically comparing how well different unsupervised
static topic models, such as LDA, Bertopic, and CoWords, detect topic emer-
gence. To address this gap, we evaluate the ability of multiple topic models to
detect emerging topics in a unsupervised setting systematically. We propose a
generic framework that can be applied to any topic models, and an indepen-
dent evaluation metric to assess their effectiveness.

Comparing topic models presents several challenges. Ideally, if different topic
models were to extract the same topics, we could compare the trends produced
by each model and determine which model captures the emergence of a topic
earlier by having human evaluators evaluate the associated trends. While this
approach can be effective, there are still limitations:

1. Different topic models possess different assumptions and initialization
procedures, which may lead to different levels of granularity in the learned
topics. As a result, there might not be a one-to-one correspondence be-
tween topics across different models.

2. The lack of ground truth makes it difficult to apply a systematic compari-
son approach.

To address these limitations, we propose two evaluation methods. The first
involves human evaluation of top-matched topics across models, which pro-
vides a qualitative analysis of the generated topics and when they emerge. The
second is a quantitative, independent measure of a model’s ability to detect
emerging topics without ground truth. This measure leverages the generative
nature of each model and uses the predictions of emerging topics from a global
model as a silver standard for comparison. The measure uses the global model
as a benchmark that captures the overall representations of topics, allowing us
to assess whether local models accurately reflect the emergence of topics when
trained on a subset of data.

To this end, our pipeline consists of four main steps: topic extraction, topic
matching, qualitative analysis, and independent emergence performance mea-
sure. In the topic extraction step, we input a set of timestamped documents
and a static topic model, producing a list of topics with their evolution over
time and a trained model as outputs. For topic matching, we use two methods
to indicate the prevalence between any pair of topics: Top Words Overlap Rate,
based on extracted top words, and the Kullback-Leibler(KL) divergence, based
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on topic-document probability distribution. In the qualitative analysis, we in-
spect the extracted top words. Lastly, we develop an emergence performance
measure that can be applied independently across static topic models. This
measure uses a global model trained on the entire dataset as a silver standard
and compares its predictions with those from local models trained on time-
based snapshots of the data. While each generative model can produce topics
and assess whether they are emerging, aligning topics from different models
is challenging. To overcome this bottleneck, we use documents as a proxy and
calculate the agreement between the global and local models on whether a
document is emerging.

In this work, we analyze three classic static topic models, which are widely
adopted in real-world applications: co-word clustering [21, 22], Latent Dirichlet
Allocation (LDA) [13] and Bertopic [72]. They also represent three prominent
categories of topic models: algebraic, probabilistic, and neural [1]. Co-word
clustering utilizes word co-occurrence patterns, LDA leverages probabilistic
modeling, and Bertopic employs neural embeddings to capture rich topic rep-
resentations. We compare extracted topics across different models. We also ex-
hibit and compare different matching strategies across different models and
present topic emergence among different methods.

To perform these comparisons, we conduct comprehensive experiments on
three datasets: Web of Science bio-medical publications, ACL anthology publi-
cations [177], and the Enron email dataset [102]. These datasets cover diverse
domains and contain varying degrees of topics. Examining models on these
datasets allows us to compare their effectiveness and generalizability across
contexts with varying levels of topic institutionalization.

The development of measuring and comparing the topic model’s ability to
topic emergence in the NLP community can be of help to different communi-
ties, including firms (company-wide emails), governments and scientists (sci-
entific abstracts) [107], in choosing the model for detecting changing topics.
Additionally, this framework can be applied to patent analysis and other types
of text analysis [139]. Another application area is innovation policy, where the
identification of emerging/changing scientific topics is of great interest to gov-
ernmental policymakers, which can be used to foster national-level scientific
competitiveness [184].

Summarizing, the main contributions of our work are as follows:

• A systematic framework for topic emergence detection. We introduce a compre-
hensive pipeline that extracts topic, match topics across different models and
track them for their emergence. Unlike previous studies that focus on a sin-
gle topic modeling, our framework enables direct comparison of multiple
models in an unsupervised setting.

• The first comparative study for static topic models for detecting emerging topics.
We perform a qualitative analysis comparing how three widely used topic
models capture emerging topics. This is the first study that systematically
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benchmarks different static topic modeling approaches for emergence detec-
tion.

• A novel evaluation metric for topic emergence detection. We propose an unsuper-
vised metric that assesses a model’s ability to detect emerging topics with-
out the need for manual assessment. This metric enables scalable evaluation
across diverse textual domains.

3.2 related work

With respect to topic extraction, prior work has typically relied on co-word
clustering [6, 35, 234] and probabilistic topic models like LDA [12, 27, 125, 163]
to extract topics from textual data (e.g., scientific publications, emails) and track
their evolution through time. Recent advances, particularly the development of
pre-trained large language models like BERT [54, 56, 72], have paved the way
for new and promising applications in topic extraction.

Evaluating topic models presents a multifaceted challenge that hinges on
both the accuracy and the relevance of the topics generated. Traditional met-
rics such as perplexity and coherence scores have been foundational, provid-
ing quantitative benchmarks that assess the internal consistency and semantic
similarity within topics [152, 176]. However, these metrics often fall short in
capturing the practical utility of the topics in real-world applications. More re-
cent approaches emphasize user-centric evaluations, where the interpretability
and applicability of topics to specific tasks are assessed through user studies or
expert validations [26, 108]. Such methodologies aim to bridge the gap between
statistical performance and practical significance, ensuring that the topics are
not only coherent but also meaningful and actionable in specific contexts. De-
spite these advances, there is very limited development in evaluating topic
model’s ability to detect topic emergence.

Within the literature on topic modeling, there is a line of work that focuses
on Dynamic Topic Modeling (DTM) [12], which explicitly incorporates the time
associated with the documents in the modeling process. The topic representa-
tion at timestamp t depends on the representation at t− 1. DTM focuses on
how topic representations evolve over time, offering different representations
given time slices. Although DTM is capable of modeling how the concept of
a topic shifts, it does not assist in detecting topic emergence. The downstream
applications of such models often focus on tracking the dynamics or develop-
ment of topics [69, 113] instead of detecting emergence. In contrast to our work,
we use a retrospective approach focused on emergence that can learn a global
representation of the topic and compare it with local representations, using a
document-level proxy for emergence detection.

Recent work on emerging topic detection has explored both forecasting-based
and retrospective approaches. Forecasting-based methods aim to predict the
rise of emerging topics before they become widely recognized, leveraging his-
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torical trends and external signals. AUGUR [182] introduced a forecasting-
based approach leveraging evolutionary networks to predict topic emergence
before their recognition. Other forecasting methods utilize incremental topic
modeling [65] and anomaly detection in topic distributions [174] to detect early
signals of emerging research trends. These approaches typically rely on time-
series modeling, citation networks, or machine learning-based trend extrapola-
tion to anticipate future developments.

On the other hand, retrospective approaches focus on identifying when top-
ics have already emerged in historical data. Methods such as BERTrend [17]
and ATEM [168] apply neural topic modeling and graph-based embeddings to
detect topic shifts in past corpora. Additional studies explore word embedding
trajectory monitoring [39] and structural changepoint analysis [15, 215] to iden-
tify when new topics emerge based on shifts in semantic space or statistical
deviations in topic prevalence.

However, these methods typically introduce a single model without bench-
marking multiple topic modeling techniques, making it difficult to compare
the relative effectiveness of different approaches. Furthermore, other works on
topic model evaluation primarily focus on coherence and perplexity [99] or
even topic coverage [104], yet these metrics fail to capture a model’s ability
to detect emerging topics. In contrast, our work systematically compares three
widely used static topic models (LDA, BERTopic, and CoWords) for emergence
detection across multiple domains and introduces an independent evaluation
metric that does not rely on external metadata or predefined ground truth la-
bels.

Similar to our work, novelty detection also uses documents as a proxy for
change. Novelty detection aims to find text with new information compared
to what has been seen or known before [67]. Prior studies frame novelty detec-
tion as a document-level binary classification problem, where documents are
classified as “novel" or “not novel" based on a set of existing documents [66,
150, 180]. Our work is different in that we first identify emerging topics using
a trained model subsequently, we determine if a document is emerging if it
is associated with an emerging topic. This approach differs from assessing if
topics are evolving based on a single model [197].

3.3 topic extraction pipeline

To study method performance on emergence detection, we develop a pipeline
that takes a dataset with time as input and then outputs matching topics and
their change over time. Our general framework is shown in Figure 3.1. The
pipeline consists of these steps: data preprocessing, topic modeling, topic and
trends extraction, topic matching, and finally, matched topics emergence anal-
ysis.
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Figure 3.1: Pipeline for extracting and matching topics with three models.

The goal of the pipeline is to generate and compare topics with their trends
using varying static topic models in an unsupervised manner. The final out-
put will be topics with their associated trends that are generated and matched
using different topic models. Once the matched topics and their trends are
generated, we can then apply qualitative analysis and quantitative analysis on
which model is better at emergence detection.

3.3.1 Overview of the pipeline

The input of the pipeline is a set of documents with a time stamp for each
document. First, we apply the preprocessing procedure for each dataset follow-
ing Natural Language Processing practices. We then train each model on the
processed texts to generate topics. For each topic model, we fix the number of
topics for each dataset to 100. Any semantic space can be divided into an unlim-
ited number of latent spaces. A topic can also be divided into different latent
concepts. We fix the number of topics to attempt to ensure the statistical and
semantic meaningfulness of the topics and a balanced trade-off between topic
variation and interpretability. We use the number 100 because it is aligned with
previous study [197].

After the models are trained with 100 topics, we subsequently extract 20

top words for each topic as the representation of that topic. The top words
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are selected based on frequency to ensure they are diverse and representative.
We then apply a hierarchical topic-matching strategy based on two metrics: top
words overlap rate and KL divergence over the matched trends. After the topics
are matched, we plot the trends and then apply both qualitative evaluation and
quantitative evaluation on topic emergence detection ability. The code and data
used in this paper are available at: https://zenodo.org/records/14503316. We
now explain each of the steps in details in the following sections.

3.3.2 Data Preprocessing

To reduce the noise coming from uninformative words, the raw text of the
merged titles and abstracts has been pre-processed. Pre-processing can dras-
tically impact extraction quality. Hence, we describe our entire preprocessing
process in the following seven steps with detailed parameter specifications.

Step 1. The date/year of the document, the title of the document and abstract-
s/email bodies of the document are needed for further analysis. Therefore, we
remove entries where any of these fields are empty. Additionally, for computa-
tional reasons, we remove documents where the length is more than 700 tokens
for the Enron dataset.

Step 2. Each document is tokenized and converted into a list of lowercase
tokens. Tokens shorter than two characters and longer than 15 are discarded in
the tokenization process. Accents and punctuation are removed.

Step 3. Documents are further de-noised by removing English stopwords,
i.e., frequently used words that do not provide significant distributional infor-
mation.

Step 4. The vocabulary is enriched with bigrams, i.e. pairs of consecutive
tokens that often appear together (e.g. “amino acid”, “frontal cortex”, etc.). We
use Point-wise Mutual Information (PMI) as a score function and a threshold
of 100, and the minimum collective frequency for a valid bigram is 20.

Step 5. We perform lemmatization to group the inflected forms of a word in
a single token.

Step 6. After performing part-of-speech tagging, we keep only nouns, adjec-
tives and verbs.

Step 7. We removed from the remaining tokens all the words that occur in
more than 25% of the documents or in less than 0.01% of the documents.

3.3.3 Topic Modeling

We select three models for comparison: 1) co-word clustering, 2) LDA, and 3)
Bertopic. We follow the categorizations from [1], selecting the most widely used
topic model from the three prominent categories: algebraic, probabilistic, and
neural. Comparing these three models provides us a intuition on how the three
types of topic models perform on topic emergence detection.

https://zenodo.org/records/14503316
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co-word clustering . The idea behind co-word clustering is that the co-
occurrence of words describes the contents of the texts [21]. Based on this no-
tion, methods have clustered words in the keywords lists, titles and abstracts,
or other publication data fields, using multivariate statistical techniques, such
as factor analysis, principal component analysis, and hierarchical clustering to
obtain topics [217]. In this work, we utilize hierarchical clustering for topic
modeling.

lda . As a probabilistic topic model, the basic assumption of LDA is that
the words are generated according to a mixture model where the mixture pro-
portions are random, and the mixture components or topics are shared by all
documents [12]. It is based on the idea that documents contain multiple topics,
intended as distributions over a fixed vocabulary [11, p. 78]. However, one lim-
itation of LDA is that it models natural language as bag-of-words, discarding
the word orders in the document.

bertopic . As one of the most widely used neural topic models, Bertopic
is popular for its adaptability. It utilizes the recent development in NLP, mod-
eling sentences with word orders using sentence embedding models such as
sentence-BERT.

The semantic space created by sentence-BERT can be seen as a continuous
space of sub-topics. We can discretize this space by detecting high-density ar-
eas and associating them with a topic. To do so, we use dimensionality reduc-
tion such as UMAP and clustering techniques such as HDBSCAN. UMAP is
a manifold learning technique that is good at preserving both global structure
and local structures.HDBSCAN [24] is a density-based, hierarchical clustering
method that is noise-aware (i.e., potentially outliers aren’t forced to belong to a
cluster and could be labeled as noise) and based on soft assignment (i.e., each
point is associated to its cluster with a confidence score). Moreover, HDBSCAN
relaxes the need to set the number of clusters as a hyperparameter, requir-
ing specifying only the minimum number of clusters desired. Once the clusters
have been identified, we can retrieve topic embeddings by calculating the mean
of all the documents belonging to the same cluster, i.e., the centroids. Since we
learn word embeddings and document embeddings jointly in the same seman-
tic space, we can look at the K words closer to the centroid to get a set of
representative terms for that topic. This process is called fine-tuning the topic
representation. Specifically, in our work, we use the Maximal Marginal Rele-
vance algorithm to reduce the redundancy of the extracted keywords in each
topic.

After extracting topics with each method, we observed that some topics have
few documents associated with and some topics have only digits as top words.
We filter these outliers out.
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3.3.4 Topic and Trends Extraction

Once the model is trained, topics can be extracted using different represen-
tations. In this work, we represent each topic by its top words, providing an
interpretable summary of the topic’s content. Additionally, we track the evo-
lution of each topic over time by quantifying the number of documents asso-
ciated with it at different time points. This allows us to analyze topic trends,
identifying patterns of emergence and decline across the dataset. However, the
absolute number of documents associated with a topic may not be a reliable
indicator of its popularity, as the total number of documents per year varies. To
address this, we use prevalence as a normalized measure of topic popularity.
Prevalence quantifies topic prominence by dividing the number of documents
assigned to a topic by the total number of documents in that year, ensuring
a fair comparison across different time periods. This normalization allows us
to accurately compare topic trends over time, independent of fluctuations in
document volume.

3.3.5 Topic Matching

Once the topics and their associated trends are extracted, comparing topics
across different models requires a robust matching strategy. Since topic models
may learn different representations of the same underlying concepts, we need
to align topics from different models to conduct a fair evaluation of their ability
to detect emerging topics.

We employ two matching strategies in this work:

• Top Words Overlap Rate (TWOR): for matching topics based on their most
representative words.

• Kullback–Leibler (KL) divergence: for matching topics based on their tem-
poral trends.

The intuition behind TWOR is that topics are primarily characterized by their
most representative words, making an exact match based on word overlap a
straightforward way to determine topic similarity. Meanwhile, KL divergence
quantifies the similarity of topic prevalence distributions over time, under the
assumption that similar topics exhibit similar temporal trends.

top words overlap rate The first matching strategy is based on com-
paring the top words of each topic. For each extracted topic, we retrieve the
top n words that are most representative of that topic. These words are se-
lected based on Term Frequency-Inverse Document Frequency (TF-IDF) scores,
which measure a word’s relevance in the corpus.

In Bertopic, a cluster-level TF-IDF variant (c-TF-IDF) is used, calculating the
weights as term importance at a cluster level:
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ctfidf(t, c) = tf(t, c) · log
(
1+

A

fc

)
, (3.1)

in which t is the term, c is the cluster, tf(t, c) is the term frequency of term
t within cluster c, indicating how often term t appears within that cluster. A is
the average number of words per cluster.

After obtaining the n top words for each topic T , we calculate the overlap
rate between any two topics:

TWOR(i, j) =
Ti ∩ Tj
N

, (3.2)

where N is the number of words for each topic.

kl divergence The second score function is Kullback–Leibler divergence
for topic trends. This function is selected under the assumption that similar
topics will have similar trends over time. We calculate topic prevalence based
on the number of documents associated with the topic given any timestamp:

Prevalence(ti,yj) =
Nij

Nj
, (3.3)

in which N is the number of documents given topic i and year j. We then
apply KL divergence between two distributions:

DKL(P||Q) =
∑
i

P(i)log
P(i)

Q(i)
(3.4)

hierarchical topic matching strategy Because topic models differ
in how they define topics, there is no direct one-to-one correspondence be-
tween topics across models. Instead, each topic from one model can have partial
overlap with multiple topics from another model, creating an N-to-N mapping
problem. To address this, we use a hierarchical topic matching approach:

• First we match Bertopic topics (Tbertopic) to LDA topics (Tlda) using one of
the above matching methods (TWOR or KL divergence).

• Next, we match CoWords topics (Tcw) to the already aligned Bertopic-LDA
topics (Tlda_bertopic), instead of directly matching all three models at once.

• To resolve conflicts in the N-to-N mapping, we prioritize matches by select-
ing topics that maximize the sum of matching scores, ensuring that the most
representative topics are aligned across models:

max
∑

(Slda_cw,Slda_bertopic). (3.5)
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Through this hierarchical strategy, we reduce complexity and maintain co-
herence in topic alignment, making it possible to systematically compare the
models’ ability to detect emerging topics.

3.3.6 Matched Topics Emergence Analysis

We employ two analysis for evaluating models’ emergence detection ability:
qualitative approach and quantitative approach.

3.3.6.1 Qualitative Comparison

Although all these methods have achieved outstanding performance on a vari-
ety of datasets, comparing them directly on the matched topics is still challeng-
ing. When the one-to-one mapping of topics exists across models, then we can
directly compare their evolutions and derive the ability for early emergence
detection. However, different topic models exhibit different assumptions and
initializations, often resulting in the extraction of topics with different levels
of granularity. For example, in the NLP context, one topic extraction model
might extract topics with top words such as [’dependency’, ’output’, ’tree’, ...]
and [’parse’, ’syntactic’, ’class’, ’contextual’, ’syntax’,...] which corresponds to two
different NLP tasks "dependency parsing" and "syntactic parsing", a different
model might extract only one topic with top words [’structure’, ’parse’, ’syntac-
tic’, ’dependency’, ...], which represents the parsing task in general. Therefore,
we perform a topic matching with two distinct score functions, Top Words
Overlap Rate and KL-divergence, and then evaluate the top-matched topics
qualitatively.

3.3.6.2 Quantitative Evaluation Metric

In this section, we describe our proposed approach for measuring a model’s
ability to detect emerging topics without relying on ground truth labels. Unlike
traditional topic modeling evaluations that focus on coherence scores or per-
plexity, our approach quantifies how well a model captures topic emergence
over time by assessing the agreement between local and global models. This
method is summarized in Figure Figure 3.2.

Detecting emerging topics is challenging due to the lack of predefined ground
truth labels that indicate when a topic becomes significant. Existing evaluation
metrics such as topic coherence measure the semantic quality of topics based
on word co-occurrence patterns, while perplexity evaluates how well a model
predicts unseen text. However, these metrics do not assess whether a model
effectively identifies when a topic is emerging. Our approach addresses this
limitation by introducing a framework that compares local and global topic
models to infer a model’s emergence detection ability.
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Figure 3.2: Independent quantitative measure between global and local model.

To evaluate a model’s ability to detect emerging topics, we train a global
model on the full dataset and local models on segmented time slices and then
compare their predictions. The global model serves as a silver standard, en-
abling us to assess how well each local model captures emerging topics within
its respective time period. As illustrated in Figure Figure 3.2, the orange lines
represent test data from a given time span, the green lines indicate emerging
documents classified by the global model, and the blue lines indicate emerging
documents classified by the local models.

We begin by segmenting the dataset based on timestamps and splitting each
segment into training (80%) and test (20%) data. We then train a global topic
model on the entire dataset to provide a comprehensive reference for topic
emergence. Simultaneously, we train local topic models on each time segment’s
training data and evaluate them on test data from all other segments. We com-
pute precision, recall, and F1 scores to measure the agreement between local
and global models, providing a quantitative assessment of how well each model
detects topic emergence.

Since there is no predefined ground truth for emerging topics, we introduce
the concept of emerging documents. Rather than directly tracking topic-level
trends, we classify a document as emerging when its dominant topics are iden-
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tified as emerging by the global model. This enables a systematic evaluation
of how well local models align with the global model in identifying emerging
topics at a document level.

A higher F1 score between local and global models indicates greater agree-
ment, meaning that the local model successfully captures emerging topics in
a manner similar to the global model. Higher F1 scores also suggest that the
model is more sensitive to topic changes and better at tracking emerging topics
within shorter time spans. In contrast, lower F1 scores indicate that the local
model struggles to capture emerging trends visible in the full dataset, imply-
ing that it is less responsive to short-term topic evolution. Models with lower F1

scores may be better suited for capturing long-term topic distributions rather
than detecting short-term emergence.

Using document-level agreement instead of topic-level comparisons allows
us to capture real-world knowledge shifts, making it a meaningful proxy for
topic emergence. Since topic models assign probability distributions to docu-
ments, tracking the emergence of topics through documents provides a gran-
ular assessment of how topics gain prominence over time. Additionally, this
method avoids the limitations of direct topic-level comparisons, where differ-
ent models may produce topics at varying levels of granularity.

While this approach provides a robust framework for retrospective emer-
gence detection, it has some limitations. The effectiveness of the metric depends
on the granularity of learned topics—if topics are too broad, emerging docu-
ments may be harder to identify. Additionally, the global model’s predictions
may introduce bias, as it could overfit dominant research trends and fail to
recognize smaller, emerging topics. Another limitation is the lack of external
validation; while we use the global model as a silver standard, future work
could incorporate expert annotations or alternative reference points, such as
external event timelines.

Overall, our quantitative evaluation metric provides an objective and scalable
method for assessing topic emergence detection. By leveraging document-level
agreement between local and global models, we introduce a ground-truth free
approach that is applicable across different datasets and topic models.

finding emerging topics Given a topic trend, determining if a topic is
emerging in a certain time period fundamentally relies on if the trend shows
an upward trajectory. By definition, a topic emerges when it gains prominence
over time, in which the most direct way to quantify it is by computing the
growth rate. This aligns with other retrospective methods of identifying emerg-
ing topics [65]. While other forecasting-based methods utilizes external infor-
mation such as citation graphs, their emerging detection methods are not di-
rectly applicable in our setting.

In this work, we calculate the growth rate between any given timestamp ti
and tj; if the growth rate is positive, the topic is emerging; otherwise, it is not
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Periods WoS Periods ACL Periods Enron

1990-1994 6391 1980-1984 551 1998-01 - 1998-11 68

1995-1999 12094 1985-1989 919 1998-12 - 1999-04 461

2000-2004 19020 1990-1994 1903 1999-05 - 1999-09 4259

2005-2009 29347 1995-1999 2458 1999-10 - 2000-02 18401

2010-2014 40910 2000-2004 3947 2000-03 - 2000-07 50797

2015-2019 50791 2005-2009 7410 2000-08 - 2000-12 115777

2020-2020 12946 2010-2014 11977 2001-01 - 2001-05 136026

2015-2019 18822 2001-06 - 2001-10 77927

2020-2022 15212 2001-11 - 2001-12 36103

Total 171499 Total 63199 Total 439819

Table 3.1: Number of documents per time period after pre-processing for three
datasets.

emerging. For topic k, we determine if k is emerging in the time period of i

and j, we use:

gk(ti, tj) =
Cik −Cjk

Cik
, (3.6)

in which Cik is the number of documents associated with topic k at time ti,
reflecting how frequently the topic appears in that period. Topic k is emerging
is gk(ti, tj) > 0, k is not emerging otherwise.

Specifically, for each given time period, we first find the emerging topics.
Then, we associate each document with topics based on the predicted probabil-
ity of the model. If a document is associated with topics that are determined
to be emerging by the model, it is an emerging document. We calculate the
F1 score based on the agreements between the global and local models on the
same set of documents.

3.4 experimental setup

We detail our experimental settings here. We apply our pipeline to three datasets
from different domains, using three topic models from different categories.
We then match topics and evolutions extracted from three models, and sub-
sequently analysis their topic emergence detection.
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3.4.1 Datasets

We used three datasets to validate our experiments: Biomedical publications on
the Web of Science (WoS), anthology publications of ACL (ACL), and the En-
ron email dataset. These three datasets cover the biomedical, natural language
processing, and corporate communication domains. Both WoS and ACL are
scientific publications, presenting more structured language usages, while En-
ron dataset represent more fuzzy language usage. Additionally, WoS and ACL
datasets represent different domains, showing how domains could potentially
affect topic extraction. For each dataset, we preprocess the raw text following
the steps in Section 3.3.2, and the statistics of each dataset after pre-processing
are shown in Table 3.1.

web of science The WoS dataset contains 171,499 publications from the
Life Sciences and Biomedicine field between 1990 and 2020. Wos has been widely
adapted to management studies [117, 126]. In our work, we crawl the web and
create the dataset till 2020, making sure the corpus is relatively up-to-date. We
use abstracts together with the title as our corpus.

acl The ACL anthology dataset [177] contains publications in the domain
of NLP and Computational Linguistics. The publications are conference pa-
pers, journal articles and workshop papers spanning from 1980 to 2022. The
dataset contains 80,013 documents originally and 63,199 documents after pre-
processing. Similarly, we use abstracts and the title of each document.

enron The Enron email dataset contains email conversations within the en-
ergy company Enron Corporation from 1998 to 2001. The content of the dataset
covers topics from business practices to organizational communication. Unlike
scientific publications, we use email bodies and email subjects as our corpus.
Note that some documents might contain more than thousands of tokens. As
mentioned in Section 3.3.2, we remove documents that are longer than 700 to-
kens for computational reasons, especially for Bertopic.

The two academic publication datasets, WoS and ACL tend to be more for-
mal and have greater structure due to the peer-reviewed publication processes.
However, the Enron email dataset contains more casual-style texts, including
misspellings, informal language usage, etc. Additionally, the length of abstracts
is often between 150-250 words, while the length of documents in emails can
vary drastically.

We adopt different pre-trained sentence-bert models due to varying domains.
We apply biomedical sentence-bert for the WoS dataset and the distilled-sentence-
roberta model for the ACL and Enron datasets.

To sum up, in our experiments, we apply CoWords, LDA, and Bertopic to
each dataset and extract topics over time. We then perform topic matching
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between models using top-word overlap (TWOR) and KL divergence to align
equivalent topics across different methods. Once topics are matched, we ana-
lyze their prevalence trends to assess how each model detects topic emergence.
Finally, we evaluate the models using both qualitative trend analysis and a
quantitative emergence detection metric, which measures the agreement be-
tween local models trained on time-segmented data and a global model trained
on the full dataset. This setup allows us to systematically compare the ability
of different topic models to detect emerging topics across domains. We present
the results of these experiments and discuss them in the following sections.

3.5 results
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Figure 3.3: Selected match for WoS. The top 10 words for each method are as follows.
CoWords: {infection, mortality, transmission, virus, spread, infect, vector,
incidence, viral, epidemic}, LDA: {mouse, infection, antioxidant, virus, ob-
served, stimulation, respond, protection, viral, infect}, Bertopic: {epidemic,
infection, virus, viral, vaccination, model, transmission, vaccine, infectious,
infect}

This section presents the results of applying all three topic models (CoWords,
LDA, and Bertopic) to each dataset. We first compare the TWOR matching and
KL divergence qualitatively by examining the top-matched topics manually. We
then present a quantitative evaluation using our proposed metric to measure
the models’ ability to detect emerging topics.
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Figure 3.4: Selected match for ACL. The top 10 words for each method are as fol-
lows. CoWords: {segmentation, tag, chinese, character, segment, bound-
ary, tagging, tagger, wordlevel, partofspeech_tagged}, LDA: {accuracy, seg-
mentation, character, segment, rich, morphology, morpheme, unsupervise,
convention, lefttoright}, Bertopic: {segmentation, chinese, word, character,
model, tagging, partofspeech_tagged, ngram, language, accuracy}

3.5.1 Qualitative Analysis

To compare TWOR and KL divergence, we examine their top-matched top-
ics across models and datasets. Table 3.5 presents the topics with the highest
matching scores for using each topic model, applying two matching strategies.

Our analysis shows that TWOR consistently retrieves semantically coherent
topics, whereas KL divergence often prioritizes temporal trends over direct
topic alignment. For example, in the WoS dataset, TWOR matches a topic cen-
tered on Diabetes (e.g., "insulin," "glucose," "obesity"), while KL divergence in-
stead retrieves bioelectromagnetic topics, likely due to similar growth patterns
rather than shared semantics. A similar pattern emerges in the ACL dataset,
where TWOR retrieves Grammatical Error Correction, while KL divergence re-
trieves broader methodological terms (e.g., "baseline," "metric"). These results
highlight that TWOR is better suited for direct topic alignment, while KL di-
vergence may be more useful for finding temporally related but semantically
distinct topics.
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Figure 3.5: Selected match for Enron. The top 10 words for each method are as follows.
CoWords:{email, agreement, question, receive, meeting, schedule, request,
contact, file, list}, LDA: {agreement, contract, review, document, draft, bind,
title, attorney, signature, wrong}, Bertopic: {abb_transformer, abb, existence,
agreement, override, transformer, signature, initial, word, option}

3.5.1.1 Case Study: Topic Evolution Across Domains

In this section, we present a case study to analyze how different models track
emerging topics over time across the three datasets. We analyze the topics based
on their extracted top words and their corresponding revolution.

case 1 : biomedical research (wos) - the rise of epidemiology

The WoS dataset captures the emergence of epidemiology-related topics, as
shown in Figure 3.3. TWOR-aligned topics (e.g., "insulin," "glucose," "obesity")
reflect a clear trend in diabetes research, with increasing prevalence over time.
This aligns with global public health concerns and real-world epidemics like
Ebola and SARS, which drove research interest in epidemiology. In contrast,
KL divergence retrieves a bioelectromagnetics-related topic, demonstrating its
tendency to group topics with similar temporal patterns rather than semantic
alignment.

case 2 : computational linguistics (acl) - advances in word seg-
mentation The ACL dataset provides insight into the development of Nat-
ural Language Processing (NLP) over time (Figure 3.4). The matched topic re-
flects Grammatical Error Correction and Word Segmentation, showing a surge
in research interest in the late 1990s and early 2000s, aligning with the rise of
statistical NLP approaches. This suggests that topic models effectively track re-
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Smoothed Topic Trends: Bias and Fairness in NLP research
CoWords - cluster - 34
LDA - Topic - 68
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Figure 3.6: Smoothed trends for the topic: Bias and Fairness in NLP research.
CoWords:{bias, gender, mitigate, age, demographic, biased, debiase, fair-
ness, female, male}, LDA: {gender, mitigate, transe, people, production,
rapidly, expectation, game, progress, produce}, Bertopic: {gender, pronoun,
bias, pronoun_resolution, stereotype, female, debiase, language, gendere,
stereotypical}

search trends, reinforcing the usefulness of retrospective analysis in scientific
trend forecasting.

case 3 : corporate communication (enron) - variability in busi-
ness agreements The Enron dataset presents a unique challenge due to its
unstructured, informal text (Figure 3.5). The matched topic centers around busi-
ness agreements, but topic volatility differs across models. LDA and CoWords
extract broader business-related terms, whereas BERTopic produces more volatile
topic representations, possibly due to its reliance on sentence embeddings,
which capture finer-grained variations in contract-related discussions.

case 4 : a emerging topic case - bias and fairness in nlp research

We present a case study where our models detect an emerging topic related to
Bias and Fairness in NLP research. This topic matched across models, demon-
strates how different topic modeling approaches capture the emergence of new
research directions over time. Figure 3.6 presents its smoothed prevalence
trends. We observe that Bertopic detects weak signals first (before 2000) but
does not show sustained growth until post-2010, suggesting early semantic
awareness but delayed recognition of topic prevalence. CoWords and LDA cap-
ture sustained emergence earlier, with CoWords showing a gradual increase
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WoS - Overlap WoS - KL divergence
CoWords liver, glucose, lipid, insulin, fat, diabetic, hepatic,

obesity, fatty_acid, cholesterol
absorption, mobile, bioelectromagnetic, guideline,
electromagnetic, wileyliss, mobile_phone, antenna,
phone, mhz

LDA evaluate, assess, estimate, glucose, consistent,
plasma, obesity, estimation, differential, trial

model, spatial, paper, focus, derive, finally, account,
mathematical, temporal, input

Bertopic diabetic, insulin, glucose, rat, diabetes, mouse, in-
sulin_resistance, adipocyte, islet, hepatic

cardiac, muscle, cardiomyocyte, heart, calcium,
mouse, myocardial, cell, channel, skeletal_muscle

ACL - Overlap ACL - KL divergence
CoWords error, correct, grammatical, correction, spelling,

spell, gec, error_correction, spelling_correction, mis-
spell

approach, base, set, compare, technique, accuracy,
perform, apply, label, combine

LDA detection, error, detect, translate, correct, correction,
check, sensitive, spelling, loglinear

method, approach, propose, evaluate, score, focus,
exist, baseline, outperform, metric

Bertopic error, grammatical, correction, gec, learner, er-
ror_correction, spelling_correction, spelling, detect,
chinese

dialogue, speech, dialog, speak, conversation, re-
sponse, conversational, agent, recognition, speaker

Enron - Overlap Enron - KL divergence
CoWords time, deal, gas, market, power, service, price, day,

energy, company
ect, subject, message, forward, original, fax, hou, to-
morrow, lon, confirmation

LDA price, offer, risk, lock, sfodenver, rls_tariff, vjw, faith-
base, obliterate, farreache

message, original, delete, civil_libertie, scarff, clin-
tonappointe, groyer, faithbase, obliterate, brid-
get_maronge

Bertopic ect, email, subject, message, service, market, receive,
gas, business, contact

subject, ect, message, forward, email, agreement, at-
tach, meeting, market, issue

Table 3.5: Extracted topics with the highest score using two matching strategies.

from the early 2000s, while LDA detects a structured rise between 1995 and
2005. CoWords excels in tracking early co-occurrence shifts, LDA tends to sta-
bilize and capture steady trends, and Bertopic is more sensitive to semantic
shifts once the topic is widely established. The detected trends pattern aligns
with real-world topic adoption trends. Early discussions on NLP bias existed
before 2000, but they were scattered and lacked formal structure, similar to
how Bertopic detects weak signals first. Between 2000 and 2010, fairness in
NLP gained academic traction, reflected in LDA’s structured rise. Finally, post-
2010, NLP bias became a mainstream issue, driven by ethical AI debates and
policy discussions, aligning with Bertopic’s stronger detection at this stage.

From the qualitative analysis we observe the potential characteristics of each
topic model for topic emergence ability. However, they lack systematic compar-
isons and quantified measure for evaluating their performance for the task. We
then perform the quantitative analysis using our proposed metric.
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3.5.2 Quantitative Analysis

Next, we evaluate the models’ ability to detect emerging topics using our pro-
posed evaluation metric. Since CoWords model does not generate document-
topic probability distribution, the evaluation metric is not applicable. Figure 3.7
presents the average F1 scores between local models trained on different time
segments and a global model trained on the full dataset. Results indicate that
LDA achieves a higher average F1 score (80.1%) compared to Bertopic (56.6%),
suggesting that LDA more consistently detects emerging topics over time. Fur-
thermore, results also show that F1 scores increase as segment size grows, sug-
gesting that models trained on longer time spans capture more stable topic
representations.

To further analyze how local models align with the global model, we visu-
alize F1 score heatmaps in Figure 3.8 and Figure 3.9. We have a few key ob-
servations from the heatmaps. First, LDA achieves more stable F1 scores across
time compared to Bertopic. Second, Periods of lower F1 scores (e.g., 1980s, post-
2015) indicate time spans where emerging topics were harder to detect. Third,
Bertopic’s lower consistency suggests it is more sensitive to novel topics, while
LDA generalizes better even with limited training data.

Figure 3.7: Average F1 score for LDA and Bertopic given different segment sizes of
the ACL dataset. The overall average F1 score for LDA is 80.1%, and for
Bertopic is 56.6%.
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Figure 3.8: Heatmap of F1 scores for LDA on segment size of 2. For each cell, the model
is trained on the training data from the row time periods (2-year span) and
tested on the test data from the column time periods (2-year span).

3.6 discussion

Our findings reveal several key insights regarding matching strategies, dataset
differences, model performance, and topic emergence detection effectiveness.

comparison of topic matching strategies Our results show that
TWOR consistently retrieves more semantically coherent topics across datasets,
while KL divergence prioritizes topics with similar temporal trends rather than
direct word overlap. This is evident in the WoS dataset, where TWOR identi-
fies a topic closely associated with Diabetes, whereas KL divergence retrieves
bioelectromagnetic-related terms. A similar pattern is observed in the ACL
dataset, where TWOR effectively retrieves topics on Grammatical Error Cor-
rection, while KL divergence results in more general methodological terms.

These findings suggest that TWOR is more reliable for direct topic alignment,
especially for structured datasets like WoS and ACL, where well-defined topics
are expected. However, KL divergence can still be useful for detecting “related
but distinct” topics, reflecting indirect relationships in topic evolution [197].
In datasets like Enron, where topics are less structured, KL divergence may
capture latent associations between business-related discussions.
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Figure 3.9: Heatmaps of F1 scores for LDA (top) and Bertopic(bottom), with the seg-
ment size of 3, meaning local models are trained on training data from a
3-year span and tested on test data from a 3-year span.

dataset difference in topic extraction Among the datasets we eval-
uated, we observed that topic quality varies depending on the level of structure
in the text. WoS and ACL datasets yield clearer, more interpretable topics, likely
due to the structured nature of research articles, which focus on well-defined
subjects. The Enron dataset produces broader, more ambiguous topics, reflect-
ing the informal and unstructured nature of email communications, where mul-
tiple themes may coexist in a single document.

These findings highlight the importance of dataset structure when applying
topic modeling methods. While structured texts allow for more precise topic
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modeling, unstructured datasets may require additional preprocessing or more
advanced modeling techniques to improve topic coherence.

comparison of topic extraction across models Our analysis also
highlights differences in how CoWords, LDA, and Bertopic extract topics. First,
CoWords and Bertopic tend to extract topics with more overlapping words,
likely due to their clustering-based approach. Second, LDA generates broader
topics, with more diverse top words, whereas Bertopic and CoWords extract
more specific topics (e.g., “spelling” and “spell” appearing in the same topic).
Third, Bertopic’s topics appear more volatile, possibly due to its reliance on
contextualized sentence embeddings, which may lead to greater variability in
topic representations over time.

These findings suggest that LDA provides a more generalizable represen-
tation of topics, while Bertopic and CoWords tend to extract more granular
topics with repeated terms. This may explain why LDA aligns more closely
with global trends, whereas Bertopic exhibits more sensitivity to transient or
highly specific topics.

model performance on topic emergence detection Given our qual-
itative analysis, we observe that CoWords performs better at detecting topic
emergence than LDA and Bertopic. However, due to its inherent limitation on
generating document-topic distribution, the quantitative metric is not directly
applicable. Therefore the limitation of this conclusion is that it is based on lim-
ited qualitative results, and might be limited to generalize to a larger scale. On
the other hand, evaluated by our proposed quantitative metric, we have a few
observations. First, LDA detects emerging topics earlier and more consistently
than Bertopic, supporting prior findings that probabilistic topic models per-
form well even with smaller datasets. Second, Bertopic’s performance improves
with larger time spans, likely due to its reliance on sentence embeddings, which
require more data to generalize effectively.

While CoWords appears to detect emerging topics earlier, its limitations
must be considered. Unlike LDA and Bertopic, CoWords does not produce
document-topic distributions, which prevents its evaluation using quantita-
tive metrics. Another limitation is that CoWords relies purely on word co-
occurrence, lacking the semantic depth of LDA’s probabilistic modeling or
Bertopic’s transformer-based embeddings. As a result, topics extracted by CoWords
may be more fragmented or overlap significantly, particularly in datasets with
subtle conceptual distinctions. In contrast, LDA and Bertopic provide more
structured and interpretable topic representations, albeit at the cost of slower
emergence detection.

impact of disruptive periods on emerging topics detection No-
tably, the lower F1 scores in the 1980s and post-2015 suggest that emerging
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topics were harder to detect in these periods. This aligns with historical trends:
early NLP research was sparse before the 1990s, while post-2015 saw rapid
shifts in deep learning techniques. Our heatmap analysis further indicates that
local models struggle to detect emerging topics when disruptive changes occur,
a finding consistent with prior work on language model generalization across
time.

lack of comparative evaluation in prior work Evaluating topic
models is inherently challenging, as traditional metrics like coherence and
perplexity measure topic quality but fail to capture a model’s ability to de-
tect emerging topics. Prior work on emergence detection, such as BERTrend
[17] and ATEM [168], introduces novel methods for emerging trends detection.
However, these studies focus on single-model evaluations rather than compara-
tive benchmarking. Most studies assume that a single model is sufficient, over-
looking the differences in how various models detect emergence over time. Our
study highlights that CoWords detects emergence earliest, LDA provides sta-
ble trends, and Bertopic captures nuanced contextual shifts but exhibits higher
volatility. These comparative insights are crucial because existing methods of-
ten rely on external metadata (e.g., citations or manually labeled emerging
topics) rather than evaluating topic models independently. By proposing a self-
contained evaluation metric, we provide a more robust framework for assessing
when and how different models detect topic emergence, contributing towards
more reliable evaluation strategies.

3.7 conclusions

In this study, we systematically evaluated three topic modeling approaches,
CoWords, LDA, and Bertopic, for their ability to detect emerging topics across
structured (WoS, ACL) and unstructured (Enron) datasets. Our analysis fo-
cused on topic matching strategies, differences in topic extraction quality, and
an independent evaluation metric for assessing topic emergence detection.

Comparing two topic matching strategies, our findings indicate that TWOR
consistently produces more semantically coherent topic matches than KL diver-
gence, particularly in structured datasets such as WoS and ACL, where well-
defined topics facilitate more precise alignment. KL divergence, on the other
hand, tends to retrieve topics with similar temporal trends rather than direct
word overlap, making it useful for identifying related but distinct topics. These
results highlight the importance of choosing an appropriate matching strategy
depending on the dataset structure and the intended analysis goal.

When evaluating on different datasets, we also observed notable differences
in topic extraction quality across datasets. WoS and ACL datasets produced
more interpretable topics, while the Enron dataset resulted in broader and more
ambiguous topic clusters. This difference suggests that the effectiveness of topic
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models is influenced by the structure of the underlying corpus, with more
formal and domain-specific texts yielding clearer topic representations.

When evaluating model performance in detecting emerging topics, our pro-
posed metric showed that LDA consistently outperformed Bertopic in terms of
agreement between local and global models. LDA achieved a higher average F1

score across all segment sizes, indicating its robustness in detecting emerging
topics using limited data from specific time periods. Bertopic exhibited greater
sensitivity to novel topics but showed lower overall consistency, which may be
attributed to its reliance on sentence embeddings that require larger datasets
to generalize effectively.

3.7.1 Limitation and Future Work

Despite these insights, our study has some limitations. First, we evaluated topic
emergence in a retrospective setting, meaning that our approach does not pre-
dict future topics but rather identifies when topics gain prominence over time.
Second, while we examined three widely used topic models, future work could
explore additional topic models to determine whether they provide advan-
tages in emergence detection. Finally, our analysis focused on specific domain
datasets (scientific papers, emails), and extending the study to other domains,
such as news articles or social media data, could provide further validation of
our findings.

In future work, we aim to expand our study to incorporate additional topic
modeling approaches from the three categories, such as algebraic topic model
NMF(Non-Negative Matrix Factorization) [239] instead of CoWords, probabilis-
tic topic model HDP(Hierarchical Dirichlet Process) [194] instead of LDA, as
well as neural topic model ETM (Embedded Topic Model) [55] instead of
Bertopic. These models could provide deeper insights into semantic topic shifts
and representation learning for emergence detection.

Additionally, we plan to extend our analysis to datasets from diverse do-
mains, including finance, where emerging topics can influence market trends,
and news or online communication, which often exhibit rapid topic evolution
and linguistic variability. Exploring different textual styles, such as formal re-
ports versus social media discussions, will help assess the adaptability of topic
models across different communication formats.

These results show that while neural topic models can capture broad the-
matic structures, they still fall short in reliably detecting topics that are dy-
namic and ever-changing. Since topics can be treated as soft, latent concepts
over text, this limitation matters for evolving knowledge graphs, which often
require timely concepts, entities, and relations. If these neural methods cannot
reliably extract new latent concepts, this can translate to a challenge in con-
structing knowledge graphs that evolve.
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After identifying this second challenge, we then move on to the third chal-
lenge: long-form multi-turn documents for cross-document coreference resolu-
tion in the next chapter.





4
T H E C H A L L E N G E S O F C R O S S - D O C U M E N T C O R E F E R E N C E
R E S O L U T I O N F O R E M A I L

In this chapter, we focus on the long-form, multi-turn nature of documents,
particularly in the context of cross-document coreference resolution (CDCR).
Unlike standard coreference resolution, which is typically confined to single
documents, CDCR requires models to resolve entity mentions across multiple
documents or conversational turns, making it especially challenging in infor-
mal, evolving domains like email threads.

We formulate our research question as follows:

RQ3 What are the challenges for Pretrained-then-Finetuned models in cross-document
coreference resolution for complex conversations?

To address this, we evaluate BERT-based models fine-tuned for coreference
resolution and test them on multi-turn email conversations. These emails often
contain ambiguous pronouns, informal language, and sparse context, features
that severely stress the limitations of task-specific models in long-form, real-
world scenarios.

4.1 introduction

Coreference resolution (CR), the task of determining which textual mentions
refers to the same entity, is a long standing and important task in natural lan-
guage understanding (NLU) [96]. Being able to perform coreference resolution
is particularly important in knowledge capture settings dealing with emergent
entities or entities which are not represented in existing knowledge graphs [138,
178].

One such setting is knowledge capture from long form conversations such as
medical conversations [209], personal dialogues [171], threaded discussion fo-
rums [228], and email conversations [49]. CR in conversational data is challeng-
ing because of the change in speakers and high lexical ambiguity [228]. Such
lexical ambiguity is caused by the often large amounts of shared background
knowledge needed to understand the conversation [191]. For example, imagine
an email thread discussing the edits to a document. The participants know the
contents of the document and its intended purpose, but such knowledge is not
easily available to an extraction system.

In this chapter, we study CR performance on a type of long form conver-
sation, namely, email conversations. Email provides a challenging but realistic
case because it contains more than one speaker, and has no limitation on the
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length of the emails. Surprisingly, there has not been a lot of work on CR in
emails, and only recent work has begun to study CR on emails using deep learn-
ing models [47] based on a small hand-annotated subset of the Enron email
corpus [101]. The corpus only contains coreference annotations for mentions
within email and across emails in each thread. Dakle, Desai, and Moldovan [47]
formulate this problem as Within-Document Coreference Resolution (WD-CR),
treating an email thread as a single document, and ran a WD-CR state of the
art method, spanBert [92]. Given that entities are often referred to across emails
and between multiple threads, we instead consider a cross-document formula-
tion more natural. Therefore, we evaluated a state of the art cross-document
coreference resolution (CD-CR) [25] model on the same corpus, considering
each email in a thread as a single document.

Our results show that email conversations are a particularly challenging do-
main, where the state-of-the-art performs significantly worse than when ap-
plied to commonly-used corpora in the field such as news (e.g. CoNLL F1 34.4
on news vs. 27.4 on email). Based on these results, we outline the key chal-
lenges for CR in emails and paths forward to addressing them. In summary,
the contributions of the paper are as follows:

1. performance results for the state-of-the-art CD-CR on email conversations
including an ablation study investigating performance with and without
pronominal coreference;

2. a qualitative error analysis that identifies where the challenges in this
domain arise from; and

3. paths forward to addressing this important domain.

4.2 background

We briefly introduce the state of the art on coreference resolution (CR), focusing
on the cross-document setting and email. We refer the reader to [63, 191] for
recent reviews of approaches to CR.

State-of-the-art CR: In the early literature, CR systems typically contained
two separate stages: mention extraction with existing feature-engineered sys-
tems (e.g. syntactic parsing) and coreference relation finding. The first work
that joined the two stages was e2e-coref [110]. It proposed an end-to-end deep
learning architecture that jointly learned to extract mentions and rank them as
to whether they corefer. Later, c2f-coref [111] proposed a span refinement tech-
nique to iteratively refine the span representations of mentions to help address
global inconsistency and achieve higher-order inference. The current state of
the art in within-document CR, spanBert [92], leverages large pre-trained lan-
guage models [93].
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However, the success of such models relies on textual orders. In the cross-
document (CD) setting, generally there is no temporal ordering between the
documents, which impacts negatively the performance of these models [25].
Instead of learning an antecedent distribution and chaining the current mention
to the most probable antecedent, the current state-of-the-art [25], which we
evaluate in this chapter, learns to extract candidate mentions and compare all
the most probable mentions for potential coreference. We explain the model in
more detail in Section 4.3.

To evaluate the performance of CD-CR, ECB+ (EventsCorefBank+) [45] is the
most commonly used dataset in recent years. It consists of news articles orga-
nized by topics, and contains both WD and CD CR annotations for both entities
and events. To address the lexical ambiguity challenge in CD-CR in particular,
within each topic, each instance (also called subtopic) is a pair of similar but dif-
ferent events. ECB+ is a challenging dataset that focuses mostly on the specific
situation for disambiguation for events that contain similar entities. In the rest
of the paper, we show that CD-CR models that perform reasonably on ECB+
do not work well on email.

More broadly, Cattan et al. [25] highlighted the pressing need for more real-
istic evaluation on CD-CR task. In particular, existing work often reports per-
formance using golden mentions instead of predicted mentions. Their work
showed that the contribution of mention prediction is significant and should
be considered in evaluation. Thus, an end-to-end training approach is more
realistic for real-world data.

CR for email: Email conversations have long been studied on tasks such as
classification, search and summarization [47]. One of the largest email corpus is
the Enron Email Corpus [101] containing emails of 150 employees of the Enron
Corporation. Surprisingly, only recently has CR within email come to the fore.
In particular, [47] provided, what appears to be, the first analysis of entity
coreference for email in the literature. They introduced a manually annotated
seed corpus (SC) containing 46 threads and 245 emails from the Enron Email
Corpus. The authors filtered the original corpus so that each thread contains
more than 3 emails in order to have both within-email annotations as well as
cross-email annotations, and each email has meaningful text body instead of
forwarding messages. In their analysis they evaluated a state of the art model,
spanBert [92], that they had fine-tuned to the seed corpus, which had 54 F1

score. This is 26 points below the state-of-the-art in general WD-CR [224].
Building of this work, Dakle and Moldovan [49] introduced a larger dataset

called CEREC with 6001 email threads containing 36,448 emails with weakly
labeled data. The labeling has two stages, mention identification annotations
and coreference relation annotations. Both stages use pre-trained spanBert [92]
to annotate without further training. The mention annotations produced by
spanBert are then manually corrected. For the coreference relations annotation,
first a small subset of email threads are manually annotated as a validation set
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for training performance. Then spanBert is trained on the manually annotated
seed corpus [47] and then the coreference relations are obtained on the large
dataset based on the golden mentions. Surprisingly, training a state-of-the-art
WD-CR model on CEREC showed roughly no change in performance, with a
reported F1 score of 54.1 [49] compared to the F1 score of 54 [47] on the seed
corpus.

4.3 method

We now describe the model and model training we use to characterize the
performance of CD-CR in email.

Model architecture: As previously discussed, we use the state-of-the-art
model architecture [25] and summarize it here:

The model contains three main modules: a span_scorer, a
span_embedder, and a pairwise_scorer.

The model takes a set of documents as input and uses a pre-trained lan-
guage model to get a contextual representation of each token in the document.
It then segments the tokens to determine possible mention candidates up to
a pre-defined mention width. Then, the span_embedder is used to obtain the
embedding for each mention candidate. The model then prunes all candidates
according to span_scorer. The most probable candidates are paired together
and scored by the pairwise_scorer, which is a multi-layer perceptron (MLP).
During inference, agglomerative clustering is used to return final clusters of
coreferent mentions.

Cattan et al. [25] proposed three different training styles: pipeline, continue
and end-to-end (e2e). The main difference is that they freeze different parts
of the pipeline. We use the e2e style, which trains all three modules end-to-
end. A binary cross-entropy loss is used to jointly train the span_scorer and
pairwise_scorer.

Model training: We train this model on the SC corpus [47] introduced previ-
ously. We use the e2e training style to achieve a more realistic evaluation. For
comparison to ECB+ results, we assume that each email thread is equivalent to
an ECB+ topic. We split long documents to the maximum document length of
n = 512 tokens.

We use a span representation based on e2e-coref [110]. First, we use pre-
trained RoBERTa [238] to encode each token in the input. For each mention
candidate, or span, i we compute the embedding semb as a concatenation of 4

different components:

semb(i) = (xstart(i), xend(i), x̂i,ϕ(i))

where xstart(i) and xend(i) are the token representation of the first and last token
in mi,while x̂i is the weighted sum of all token representations in span i (i.e. the
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attention), and ϕ(i) is the feature vector that encodes the length information of
span i.

Then all encoded mentions will be scored by the mention scorer sm(·), which
are then pruned to retain only λ = 35% percent of mentions. We use a multiple
layer perceptron (MLP) layer with ReLU activation function as our sm(·). Then
the pruned mention candidates will be paired up and scored by a pairwise
scorer sp(i, j), where i, j might or might not from different documents. The
pairwise scorer sp(i, j) is also a MLP. We perform negative sampling.

All three modules mention scorer sm(·), span embedder semb and pairwise
scorer sp(i, j) are jointly trained by optimizing the binary cross-entropy loss
over pairs:

L = −
1

N

∑
i,j∈N

y · log(s(i, j))

s(i, j) = sm(i) + sm(j) + sp(i, j)

where N is the set of mention pairs and y indicates the binary label. When
y = 1, it indicates the mention pair is coreferent.

Experimental settings The experiments are carried out on titan RTX 24GB
GPU, it takes approximately 70 minutes to train and evaluate 10 epochs. Our
training data is split into training, validation and test set in an 80:10:10 ratio.
The seed corpus (SC) contains 43 email threads and 228 emails in total. All
threads have at least 4 emails. The whole dataset contains 3815 mentions across
emails within threads. Each email contains header, body and footer.

We note that emails have conversational features, i.e. the speaker of each
email changes in a thread and therefore it is more confusing to learn the an-
tecedent distributions for pronominal mentions across emails. Simple rules for
{I, you} are easy to resolve, but for second order pronouns (e.g. our team) and
above it is challenging to learn the distribution.

To further study cross-documents pronominal resolution, we first remove
first order pronouns in a union of {I, you}, and then remove a whole list of pro-
nouns 1 from the dataset. Table 4.1, details the number of removed mentions.

Mention type Number Subtracted

All mentions 3815 0

- subset of pronouns {i, you} 3298 517

- all pronouns 2613 1202

Table 4.1: Number of mentions before & after removing pronouns.

1 The full list of pronouns that we removed is here: https://gist.github.com/effyli/da7c4243f296a6c689697384b48896f5

https://gist.github.com/effyli/da7c4243f296a6c689697384b48896f5
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MUC B3 CEAFe LEA CoNLL

Dataset / Setting R P F1 R P F1 R P F1 R P F1 F1

ECB+ Entities Test set 41.7 52.3 46.4 24.8 37.1 29.7 27.4 26.8 27.1 22.3 34.4 27.1 34.4

Email Test data 41.2 25.0 31.1 40.4 22.5 28.9 37.1 15.9 22.3 26.3 12.0 16.5 27.4
Subset pronouns {I, you} 41.7 24.7 30.9 40.1 23.7 29.9 31.3 14.0 19.3 20.6 11.7 14.9 26.7
All pronouns 34.8 30.0 32.2 21.0 37.6 27.0 28.5 6.8 11.0 10.0 18.0 12.9 23.5

Table 4.2: Cross-document coreference results. ECB+ Test Set with entities only on the
topic level as a baseline (from [25]). Email test set [47], with/without subset
{I, you} or removing all pronouns.

4.4 results

We evaluate the model on the standard coreference resolution metrics, includ-
ing MUC, B3, CEAFe, LEA. The results are reported in Table 4.2. We compare
our cross-document coreference resolution model on the test set of the email
seed corpus with the ECB+ test set. To make the results comparable, we com-
pare the evaluation result on the ECB+ test set for entity resolution only, with
predicted mentions, and on a topic level. The final F1 score is 34.4. For the email
seed corpus, we first evaluate our model on the full test set with all pronouns.
The F1 score is around 27.4, which is a significant 7-point drop. Then, a subset
of pronouns {I,you} is removed from the mentions. This has a slightly worse
F1 score of 26.7. After the removal of all pronouns, the model produced an F1

score of 23.5.
This shows that the model is able to learn some alignment between pronouns

but performs worse on less generic mentions, which often characterize entities.

4.5 challenges

We now discuss the main challenges faced in order to improve coreference res-
olution in email using a qualitative error analysis. Subsequently, we articulate
several directions for future work.

Informal language: As mentioned in Section 4.2, most datasets for the CD-
CR task are in the news domain, where the language style is more formal and
structured. Hence, most entity mentions have previous references. In compar-
ison, email is more informal and hence less structured. Table 4.3 shows exam-
ples of this from the ECB+ and Email datasets. In the ECB+ example, we can see
that the text is clear. The main coreference challenge is that two different events
have similar names. In addition, in the Email example, the coreference relations
are more complicated. In the Document 1, one would need header information
to reason what we refers to. Similarly, the two emails are needed jointly to
understand the coreference for your in Document 2 which must exclude the
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speaker herself. This example illustrates that treating coreference resolution in
emails as within document is insufficient.

Variety of surface forms: Table 4.1 shows pronoun-related mentions take up
to 31.5% of all mentions. As discussed in Section 4.4, model performance drops
by 4 points on the F1 score after removing all pronouns. This indicates that
the model struggles on predicting coreference between other type of mentions.
Some example mentions are shown in Example 1.

Example 1

’Frazier,Perry’

’Perry’

’FP’

’perry.frazier@enron.com’

From the example, we can see that there are multiple different surface forms
for the same entity and these forms vary widely. Models need to become better
at coping with this sort of wide variation. This is a known challenge in the
literature [191] but given the nature of email appears with more frequency.

Sparsity: The prior two challenges are exasperated by the fact that there is a
lack of data necessary to train good models. Unfortunately, the current weakly
labeled CEREC dataset is inadequate due to low quality annotations.

Dataset Doc 1 Doc 2

ECB+ News that Barack Obama may
name Dr. Sanjay Gupta of Emory
University and CNN as his
Surgeon General has caused a
spasm of celebrity reporting.

President Obama will name Dr.
Regina Benjamin as U.S. Surgeon
General in a Rose Garden
announce ment late this morning.

Email Audrey, how about moving the
meeting to 8:30? We will have to
leave here by 9:35 or so to get a
seat at the employee meeting. Kim

Okay, let ’ s move Steve ’ s Strategy
Meeting to 8 : 30a on the 23rd.
Please adjust your calendars
accordingly. adr Audrey D.
Robertson

Table 4.3: Examples from ECB+ and SC (emails). The same color denotes coreference.
Emails are from the same thread.

4.6 paths forward

More data: A clear path forward is the provision of more annotated data. Here,
we suggest that instead of using an existing coreference model to generate data
as in CEREC, a data programming approach [172] might be more appropriate.
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Incorporation of rules: While, as we have discussed, email conversations are
complex, there are opportunities to take advantage of common patterns within
conversations. For example, we calculated that using simple rules to align sub-
set of pronouns {I,you} with email headers could resolve around 13.6% of men-
tions. Incorporating these and other rules with current models is a promising
direction.

Language models for email text: Creating a pre-trained model specifically
for emails could help to better capture the unique idiosyncrasies of email. This
could also address the huge amount of memory needed for token encoding.

Better pruning strategies: The current state-of-the-art model on CD-CR, cur-
rently pairs up all mention candidates. This creates a massive search space thus
requires a pruning factor to be given beforehand. Dynamically pruning candi-
dates with a smarter strategy could reduce this space of potential candidates.

Improving span representations: Current span representations used in these
models lack contextual information. Such contextual information is important
for email (e.g. what conversation an email is occurring in). Refining span repre-
sentations by incorporating whole document contexts or speaker information
is an important direction forward.

Word Knowledge & Reasoning: Lastly, one common challenge in current
NLU system is the lack of world knowledge. This also holds true for corefer-
ence resolution [191]. General information that most parties in the conversa-
tion or audiences would recognize will be missing in the email itself. Thus, it
may be the case that, in particular for long form conversations, a background
knowledge base is a prerequisite for good performance. Such a knowledge
base might not be in the form of a knowledge graph but could be in the form
of background documents.

4.7 conclusion

In this chapter, we investigated the performance of the state-of-the-art for cross-
document coreference resolution on email. We have shown that email is a chal-
lenging domain for existing pretrain-then-finetune models, because of their
long-form, multi-turn, and informal language usage characteristics. Based on
these results and a qualitative analysis, we have identified six paths forward to
improve performance in this context.

This concludes the three challenges we identified with the Pretrain-then-
finetune paradigm for knowledge graph construction tasks. In the next part
of the thesis, we shift our focus toward solutions that are aided by the Pretrain,
Prompt, and Predict paradigm with large language models.



Part II: Designing Pretrain, Prompt, Predict
Paradigm-based Workflows for Knowledge Graph
Construction.





S U M M A RY O F PA RT I I

In Part II of this thesis, we shift focus to the Pretrain, Prompt, and Predict (PPP)
paradigm for Knowledge Graph Construction. Leveraging the in-context learn-
ing capabilities of large language models (LLMs), we demonstrate how prompt-
ing strategies and instruction tuning can enable generalization across tasks and
domains, without the need for task-specific training. While this paradigm ad-
dresses many challenges identified in Part I, it also introduces new ones, partic-
ularly around cost-efficiency and orchestration. To this end, we propose meth-
ods that improve the usability of PPP-based pipelines through code-generation
workflows, offering scalable and flexible solutions.
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5
K N O W L E D G E - C E N T R I C P R O M P T C O M P O S I T I O N F O R
K N O W L E D G E B A S E C O N S T R U C T I O N F R O M P R E - T R A I N E D
L A N G U A G E M O D E L S

In this chapter, we provide a holistic evaluation of using the Pretrain, Prompt,
Predict (PPP) paradigm for Knowledge Graph Construction (KGC), demon-
strating the potential of prompting large language models (LLMs) for end-to-
end knowledge base construction. Specifically, we investigate whether LLMs
can accurately complete triples by predicting the object given a subject and a
relation. We explore how to construct effective prompts, select in-context ex-
amples, and enhance factuality through external knowledge sources such as
Wikidata.

5.1 introduction

The field of Artificial Intelligence (AI) has seen huge improvements in tasks
related to language due to Pre-trained Language Models (PLMs)[116] and the
computational efficiency introduced by transformers [200]. This significant im-
provement can be seen in areas such as translation, summarisation, and classi-
fication [9, 37, 154].

Given their effectiveness in many information extraction tasks [9, 87], there
has been a movement by the community to study their use in tasks focused
specifically on knowledge base construction [16, 140]. As part of that larger
interest, The Knowledge Base Construction from Pre-trained Language Model
Challenge (LM-KBC) was launched in 2022 to better understand the role that
PLMs can play as a source of knowledge themselves [188]. Essentially, provid-
ing a framework to study how one can construct a knowledge base directly
from a PLM.

This report presents our approach and results for the second edition of the
LM-KBC challenge at the 22nd International Semantic Web Conference (ISWC
2023). The challenge is to predict objects for a given subject-predicate pair. An
example is given a subject, Matt Damon, and the relationship we are targeting,
person has number of children, retrieve the object, in this case, a number, for that
pair. It may be that the model needs to predict an existing Wikidata object,
example being, the subject country Fiji, has associated geographical states, and
the objects we wish to retrieve are those Wikidata states.

We propose a pipeline for knowledge base construction by prompting large
language models, specifically, GPT-3.5 and GPT-4. We explore different setups
with in-context learning by utilizing an example selector and knowledge-enriched
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prompts to provide more contextually relevant prompts. Our results show rule-
based example selectors considering cardinality per relation exhibit significant
performance on the task. Furthermore, enriching entities and relations with
additional properties obtained from GPT-4 help boost the performance even
further.

5.2 related work

The notion of using a language model as a source of knowledge itself was
brought to the fore by the LAMA paper in 2019 [161]. This can be seen as one
part of the larger move towards prompting PLMs to solve NLP tasks. We refer
the reader to the survey by Min et al. [145] for a deeper dive into prompting
and associated architectures for NLP. Here, we focus on work directly related
to the LM-KBC challenge. An overview of the various approaches can be found
in the 2022 challenge introduction [188].

Specifically, our work follows on from the winner of task 2 of last year’s chal-
lenge, “Prompting as Probing”[2]. In their work, they prompt GPT3 with man-
ually curated prompt templates, including 4 examples from the training set in
their prompts. These are then updated with the specific subject entity of interest
during the prompting workflow. Additionally, they include a post-processing
step called “fact-probing” in which the PLM is asked to judge whether a given
result produced by PLM is indeed true. This helps improve the precision of the
model. The authors went on to perform an ablation study outside of the chal-
lenge whereby they utilised Wikidata to help improve entity disambiguation
during the post-processing step. By using Wikidata information, such as the
hypothesised concepts type in relation to the relationship used during predic-
tion, to validate the prediction. This study proved an slight performance gains,
however this was not allowed to be part of the reporting in 2022, but in 2023,
such retrieval augmentation is allowed. We employ a similar approach here.

Our approach differs because we focus on dynamically selecting examples
from the training set to include in the prompt. Additionally, our prompts pro-
vide more context than those used by Alivanistos et al [2]. Also, we note that
we use a newer version of GPT.

In [143], a benchmark is provided to establish the ability of models to con-
struct knowledge graphs from text. The authors provide an ontology descrip-
tion as part of their prompts. The prompt consistently employs the relation(subject,
object) format to represent relationships and expects the model’s output to ad-
here to this notation. We also employ ontology descriptions (i.e. extra knowl-
edge base context) in our prompts.
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5.3 lm-kbc challenge definition

The Language Model Knowledge Base Construction (LM-KBC) challenge task
is defined as follows. Take a set of subject (s) predicate (p) pairs (< s,p >) and
predicting a set of objects (o1,o2...) in relation to those pairs. The target set of
objects can be; (1) a wikidata identifier, (2) a numerical value, or (3) empty.

The LM-KBC Challenge provides two distinct tracks for participants. The
first, known as the "Small-model Track," restricts participants from using pre-
trained Language Models with no more than 1 billion parameters and excludes
the use of contextual information. The second termed the "Open Track," im-
poses no limitations on the model size and permits the inclusion of contextual
data. For the purposes of our research, we tackle the Open Track.

5.3.1 Dataset

The dataset available for LM-KBC comprises 5820 samples (i.e. triples) evenly
divided over training, validation and test set. The objects within the test set
were withheld during the time period when our system was developed. The
dataset encompasses an array of 21 distinct relations, where a diverse range
of subject-entities are provided for each relation. Each triple contains both the
Wikidata identifiers and also lexicalizations of each element of the triple as
English text.

Each relation in the train and validation sets is accompanied by a set of
ground truth object-entities, curated to align with specific subject-relation pairs.
It is noteworthy that the length of object-entities affiliated with a given subject-
relation pairing exhibits variability. Meaning, in the test set, the implementation
must correctly predict sets of objects and empty sets.

We note that there are four relations, e.g. PersonHasPlaceOfDeath, where there
are potentially zero relations to the subjects in the available sets. In compari-
son, CountryHasStates requires from between one and twenty objects for the
prediction of the related subjects. Furthermore, objects are not limited to other
Wikidata entries, the entries could also be numerical, e.g. SeriesHasNumberO-
fEpisodes.

5.4 methodology

In-context learning is a fundamental capability in many language modelling ap-
proaches. The approach is prominent in GPT models particularly starting from
GPT-3 [18]. Our approach centers around in-context learning (i.e. prompting,
few-shot learning), which combines the capabilities of pre-trained language
models with the contextual information available in the text [133]. Specifically,
we focus on the design and utilization of few-shot prompts. Prompting refers
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Figure 5.1: An overview of the thames’ team method.

to the use of specific instructions and/or statements to induce the model to
complete certain tasks. Few-shot learning is an approach where the language
model learns how to perform a task from minimal data points, i.e., learning the
task from only a few examples (few shots). Considering prompting and few-
shot learning principles, we carefully designed our prompts that integrate both
static and dynamic elements. An overview of our method is provided in Figure
5.1. From the training dataset, we derive a list of wikidata relations, along with
their cardinality distribution. We use the set of relations for two purposes: ex-
ample selector design and Wikidata context extraction that is prompted from
GPT models. The prompt template is subsequently defined by these two compo-
nents, followed by a refining process for hyperparameters such as the number
of examples selected based on the final model performance on the evaluation
set. We then execute the prompts with test data through GPT models. Finally,
the generations are post-processed and connected to Wikidata IDs. We will
explain the components of our approach in the following sub-sections.

5.4.1 Prompt Template Definition

In compiling our prompts, we employ static prefix and suffix components
while dynamically selecting examples in between based on the given subject-
predicate pair. We incorporate static elements at the beginning and end of
each prompt to provide a consistent context for the language model. The pre-
fix scopes the prompt, guiding the model to understand the relevant param-
eter space, while the suffix ensures structure and uniformity. The crux of our
methodology lies in selecting and integrating dynamic examples from the train-
ing dataset into few-shot prompts. This process is facilitated by the use of two
distinct example selectors, designed to guide the language model’s comprehen-
sion of the extraction task at hand.

GPT-3.5 and GPT-4 have been fine-tuned utilizing dialogue and instruction
datasets [155]. On top of this finetuning, they are both optimized for dialogue
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and instruction followed by using Reinforcement Learning with Human Feed-
back (RLHF) [154]. RLHF is a machine-learning approach that involves map-
ping out optimal strategies based on human responses. This technique allows
the language model to learn more complex behaviours and concepts that are
difficult to define or specify explicitly in a traditional reinforcement learning
setup. By incorporating humans in training, the model can inherit a more nu-
anced understanding of several tasks [38]. Leveraging this background knowl-
edge, we carefully phrase the static components of the prompts.

Initially, the prefix assigns a role to the LLM, i.e. "Act as a knowledge base",
"Imagine that you are Wikidata", etc. Then, a brief task description is given,
followed by an explicit statement indicating that the prompt will continue with
examples. A fixed example template has been devised to be populated by the
example selectors. The suffix then delineates the conclusion of the selected ex-
amples, stating that it is now the LLM’s turn for prediction. The prompt ends
with a template to be filled with the input subject-predicate pair and a signal
of continuation, i.e. ":", "[", etc.

5.4.2 Example Selectors for In-Context Learning

Context sensitivity is a recognized phenomenon in in-context learning [18]. The
immediate textual content that appears prior to the prediction point is the sole
form of the input. Everything the model generates from that point is a contin-
uation of the prompted input. This sensitivity can be both beneficial and prob-
lematic. An advantage is that it enables the model to adapt rapidly to changing
task requirements and examples. As a drawback, the high sensitivity can lead
to issues with model consistency and predictability, resulting in a hallucinatory
generation. Therefore, prompts play a crucial role when it comes to extracting
knowledge from the language model.

We account for context sensitivity in the selection of both static and dynamic
components of the prompt. However, the dynamic selection of the most rele-
vant examples is specifically designed to leverage context sensitivity. Our ex-
ample selectors pick out the most relevant instances from the training set. The
rule-based selector follows certain rules for the selection while the similarity-
based selector leverages cosine similarity. The selectors are detailed in the fol-
lowing subsections.

5.4.2.1 Rule-based Example Selector

The rule-based example selector is designed as a systematic approach to sam-
ple examples from the training set. Given that instances may have zero or more
objects, this approach ensures that the diverse nature of examples is taken into
account. To instil this understanding, we enriched our prompts with five spe-
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cific examples for each instance. The selection criteria for these five examples
are as follows:

• Minimum Object Example: We selected one example with the fewest number
of objects for a given relation.

• Maximum Object Example: We selected one example with the highest num-
ber of objects for a given relation.

• Random Selection: To add an element of variability and ensure broader cov-
erage, we incorporated three additional examples. These were chosen at ran-
dom from the training set.

This strategy helps in achieving a balanced representation of the data, ensur-
ing that the model does not develop a bias towards any particular pattern.

5.4.2.2 Similarity-based Example Selector

The similarity-based example selector operates by using semantic similarity
measures to identify instances that are akin to the input instance. This approach
allows for the dynamic selection of examples that are contextually compatible
with the input text. The functioning of this system relies on embeddings and
necessitates a list of vectorized or embedded examples, to which the given
input can be compared. Furthermore, it computes a semantic similarity score,
such as cosine similarity or dot product, in order to select the closest examples
from the pool of embedded examples.

As far as performance is concerned when applied to GPT-3.5, this selector
is noticeably slower than the rule-based selector, which is expected given its
operation at the embedding level. Semantic similarity-based selection methods
are more suited to tasks that harbour a high degree of variation and ambiguity.
However, the task at hand in this case, shows a lower degree of variation as it
is limited to 21 relations.

5.4.3 Prompt Improvement through Wikidata Context Extraction

We hypothesise, that given a subject-predicate pair, we can gain greater accu-
racy when predicting the object if the model is given the correct context for
that pair. We extend this further by utilising the schema and knowledge base
from which the subject and predicate came from. Specifically for this task, we
state that, for a subject-predicate pair from Wikidata, it is possible to use the
qualities from that particular knowledge base to enhance the prompt. To this
end, we prompt GPT-3.5 to provide a set of relevant contexts related to the
given properties. The prompt that we use to extract these contexts is available
in our GitHub repository1. An excerpt of the result is available in Listing 5.1

1 https://bit.ly/3QDewyx

https://bit.ly/3QDewyx
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Listing 5.1: An excerpt of the extracted Wikidata context on the given properties from
GPT-3.5

{

"CompanyHasParentOrganisation": {

"value": "P749",

"wikidata_id": "P749",

"wikidata_label": "parent organization",

"domain": "organization",

"range": "organization",

"explanation": "This property is used to indicate the parent

organization

of a company."

},

...

}

An example context usage is provided in Listing 5.2. For this example, the
subject, AT&T, the Wikidata ID Q35476 and relation, CompanyHasParentOrgani-
sation, are provided by the competition dataset. Using Wikidata context gener-
ated through prompt, we are able to enhance the context by finding related in-
formation to the given relation. These contexts include subject and object class
type, domain and range information, the label of the given relation, and a full
description of that label. This context information is injected into the relevant
sections of the prompt.

Listing 5.2: An example wikidata context usage within the prompt

Your task is to predict objects based on the given subject and relation.

- Given Subject: (’AT&T’,’Q35476’)

- Subject Type: ’organization’

- Object Type: ’organization’

- Relation: ’CompanyHasParentOrganisation’

- Relation Wikidata ID: ’P749’

- Relation Label (Wikidata): ’parent organization’

- Relation Explanation (Wikidata): ’This property is used to indicate

the parent organization of a company.’

==>

Predicted Objects:

5.4.4 Prompt Execution and Post-processing

We adapted prompt execution and post-processing parts of the baseline code
provided by the challenge. The adaptations are mostly to cater for the needs of
debugging and testing. One exception, however, pertains to the post-processing
entity with title and subtitle in the results (i.e., results containing character ":").
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We noticed that some results in the validation set only matched results with-
out the subtitle part. Therefore, we add a slight modification in the Wikidata
disambiguation to check for only the main title in case of full string did not re-
turn Wikidata IDs. This update helps to improve the results, especially for the
PersonHasAutobiography relation. Additionally, with our post-processor, we
notice that model tends to generate duplicated results and therefore we added
a de-duplication step.

5.5 results

We summarise the results of our system implementation and experiments in
Table 5.1. We then present a more detailed comparison between GPT-3.5 and
GPT-4 with the highest performing example selection methodology utilised
when prompting each model, this comparison is shown in Table 5.2. Also dis-
cussed are the results for zero-object cases, this is where the system should
correctly not predict an object for some subject-predicate pairs.

5.5.1 Overview

In our methodology, we discuss two potential example selection mechanisms,
where the selected examples are injected into various prompts. We first per-
formed experiments with GPT-3.5 and the similarity-based selection method-
ology, we then used our proposed rule-based methodology for both models.
From our experiments, we find that a rule-based approach to prompt creation
yields greater scores in recall and F1 regardless of the underlying model. The
use of GPT-4 in combination with the rule-based approach gave the best results
overall for all F1 metrics.

Table 5.1: This table presents the results for each of the presented prompt selection
methodologies, and for each model utilized in the experiments. The high-
lighted block presents the highest score per metric.

Model Selector Precision Recall F1

GPT-3.5
Similarity-based 0.5595 0.6154 0.5484

Rule-based 0.6105 0.6492 0.5863

GPT-4 Rule-based 0.7128 0.6894 0.6744
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5.5.2 Rule-based prompts

Given that rule-based prompts offer the best results overall in our experiments,
we present a more detailed comparison between GPT-3.5 and GPT-4 where a
full breakdown of all predicate scores is available in Table 5.2.

Table 5.2: This table presents a side-by-side comparision between GPT-3.5 and GPT-4.
Each relation has a breakdown of its precision, recall and F1 against a respec-
tive model. The highlighted block presents the highest score per metric.

GPT-3.5 GPT-4

Relation Precision Recall F1 Precision Recall F1

BandHasMember 0.4998 0.6186 0.5110 0.5507 0.6408 0.5628
CityLocatedAtRiver 0.7200 0.5393 0.5885 0.7700 0.5882 0.6375
CompanyHasParentOrganisation 0.3400 0.7350 0.3367 0.6400 0.7900 0.6367
CompoundHasParts 0.9073 0.8960 0.8983 0.9667 0.9710 0.9677
CountryBordersCountry 0.8815 0.7783 0.8156 0.8905 0.7543 0.7898

CountryHasOfficialLanguage 0.6364 0.8756 0.6548 0.9218 0.8244 0.8474
CountryHasStates 0.7353 0.7156 0.7124 0.7384 0.7436 0.7381
FootballerPlaysPosition 0.5600 0.7383 0.6173 0.6850 0.7167 0.6897
PersonCauseOfDeath 0.6400 0.7400 0.6400 0.8000 0.8033 0.7950
PersonHasAutobiography 0.3081 0.3150 0.3008 0.3517 0.4350 0.3742
PersonHasEmployer 0.4860 0.3265 0.3675 0.4600 0.3020 0.3422

PersonHasNoblePrize 0.9500 0.9500 0.9500 0.9900 0.9900 0.9900
PersonHasNumberOfChildren 0.5000 0.5000 0.5000 0.6500 0.6500 0.6500
PersonHasPlaceOfDeath 0.5000 0.6700 0.5000 0.6700 0.7400 0.6733
PersonHasProfession 0.3650 0.3312 0.3230 0.5150 0.4086 0.4268
PersonHasSpouse 0.6983 0.7050 0.6983 0.7033 0.7150 0.6983
PersonPlaysInstrument 0.5903 0.4661 0.4801 0.7700 0.4752 0.5540
PersonSpeaksLanguage 0.7622 0.8385 0.7062 0.8485 0.8427 0.7964
RiverBasinsCountry 0.7253 0.8279 0.7249 0.8434 0.9336 0.8542
SeriesHasNumberOfEpisodes 0.4450 0.5100 0.4667 0.5750 0.5800 0.5767
StateBordersState 0.5696 0.5568 0.5197 0.6278 0.5724 0.5616
Average 0.6105 0.6492 0.5863 0.7128 0.6894 0.6744

Table 5.2 demonstrates the efficacy of GPT-4 over GPT-3.5. GPT-4 outper-
forms in 18 of the 21 relations that require predictions. The two relations where
GPT-3.5 outperforms are CountryBordersCountry and PersonHasEmployer, while
for one relation PersonHasSpouse, the two models are tied. We look to further
break down the relations in GPT-4 to identify any patterns that may emerge.
The three lowest performing classes are PersonHasAutobiography, PersonHasEm-
ployer, PersonHasProfession. All three of these relations are the subject of type
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Person. This pattern of poorer performance on Person related relations is com-
mon to both models.

5.5.3 Zero-object cases

As discussed in Section 5.3.1, it is possible for one of the given subject-predicate
pairs that the target object to be predicted is empty. In Table 5.3, we present the
F1 scores in regard to this specific issue.

Table 5.3: This table presents the results of zero-object detection for only the rule-based
selection methodology across the two models utilized in the experiments.
The highlighted block represents the highest score per metric.

Model Precision Recall F1

GPT-3.5 0.6348 0.6854 0.6591

GPT-4 0.7037 0.8920 0.7867

Overall, GPT-4 is the better-performing model for this specific task when
using rule-based example selection for prompt construction.

5.6 discussion

The findings and observations from our study have shed light on a few per-
spectives when using PLMs for KBC, including how contexts affect in-context-
learning performance, the impact of post-processing and what the limitations
of GPT-family models are for this task.

Contextual Relevance in In-Context Learning: In our experiments, we observe
that both demonstrated examples and additional knowledge of the entities play
a crucial role in enhancing a model’s understanding and generation. This aligns
with the fundamental idea that a richer context helps produce a more coherent
response. To improve contextual relevance, one can select more relevant demon-
strations given relations and entities to predict. Additionally, providing extra
knowledge for relations and entities can help generate more accurate responses.

Impact of Post-Processing: PLMs do not always follow the given instructions.
Due to the fact that PLMs are often fine-tuned with natural question-answering
style tasks, the generation of answers often comes as a natural language-style
answer. Hence, being able to unify the answers and quantitatively evaluate
them is a challenge. Follow from this is that effective post-processing strategies
are necessary for the generation of quality results.

Performance Enhancement of GPT-4: Our results corroborate the general con-
sensus that GPT-4 improves performance compared to its predecessors, such
as GPT-3.5.
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Hallucinations on Relation Types: Although GPT-4 has shown significant abil-
ity for predicting the objects given subject and relation, the model still shows
signs of hallucination. The model especially struggles with specific types of
relations such as PersonHasProfession and PersonHasEmployer. When allowed to
generate multiple answers, the model tends to hallucinate after the first correct
answer and generate related professions but not factually correct. This might
be improved if the model can fact-check with every answer it produces.

Temporal misalignment between Wikidata and GPT-family Models: The dataset
from the organizers is from Wikidata, which contains up-to-date knowledge,
while GPT-family models were only trained with text till September 2021, re-
sulting in a performance bottleneck due to the nature of the dataset.

5.7 conclusion & future work

We proposed a PLM-based pipeline centered on in-context learning for per-
forming knowledge base construction, specifically, for the task of predicting ob-
jects given a subject and relation. We explored different approaches to prompt-
ing including the use of contextual information from training and an associated
knowledge graph. Our results indicate that providing examples with higher
contextual relevance, including the type of relations, and the possible cardinal-
ity of the objects, can help with knowledge base construction.

Our results show that PLMs have great potential to perform KBC tasks when
prompted effectively. However, we still observe a list of limitations during the
process: (1) The temporal information gap within the GPT-family of models
may result in providing inaccurate responses. (2) The free-form of generation
of generative PLMs makes the evaluation of the model’s true capacity challeng-
ing. (3) Models struggle with the actual number of answers for relations such
as "PersonPlaysInstrument" and potentially will hallucinate by returning an-
swers that should not be returned. (4) We require humans to design the prompt
template and hence will need to re-design when adapting to other tasks. In the
future, different paths can follow to address current limitations.

1. Utilizing automatic prompt optimization techniques such as in [186]. In-
stead of human modifying prompts, we can learn the most optimal prompts
automatically.

2. Chaining large language model prompts [222] to iteratively feed the out-
put of the previous response to the next, aiming to amplify the advantages
at each step and provide a more structured interaction with the model.
Given this technique, we might be able to address the hallucination prob-
lem to some extent. A chain-of-thought prompt provides internal valida-
tion and improves the models’ robustness in responses.
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3. Exploring the effects of example selectors with different attributes. Cur-
rently, the example selector only considers the types of relations and the
possible number of objects. Another avenue to explore is to select exam-
ples based on the properties of each relation type. Being able to under-
stand how exactly example selectors affect the response could help to
generalize to other tasks.

The results in this chapter highlight the strength of PPP-based solutions in
Knowledge Graph Construction, especially in comparison to PTFT-based mod-
els like BERT. The ability of LLMs to generalize across tasks and domains signif-
icantly reduces the need for task-specific fine-tuning and labeled data. However,
this flexibility comes at a cost: the models used are proprietary and extremely
large, making them less practical for certain deployment scenarios. This raises
a critical question: can we retain the generalization capabilities of PPP while re-
ducing computational cost? In the next chapter, we explore this question in the
context of relation extraction by investigating how smaller instruction-tuned
models can be used effectively within the PPP framework.



6
A P P LY I N G I N S T R U C T I O N - T U N E D L A R G E L A N G U A G E
M O D E L S F O R R E L AT I O N E X T R A C T I O N

In this chapter, we explore whether it is possible to retain the generalizability
of large language models (LLMs) while tuning them for a specific task, rela-
tion extraction. While the previous chapter has demonstrated the promise of
the Pretrain, Prompt, and Predict (PPP) paradigm, the reliance on proprietary,
large-scale models raises questions about accessibility, control, and deployment
cost.

To this end, we investigate the effectiveness of instruction tuning for a smaller,
open-sourced 7B model, asking:

RQ4 To what extent can we improve Pretrain, Prompt, and Predict-based models to
perform Relation Extraction?

By tuning the model using parametric-efficient methods on natural language
instructions and relation extraction examples, we aim to assess whether instruction-
tuned LLMs can match the performance of larger models while remaining
lightweight and adaptable under the PPP paradigm.

6.1 introduction

Large language models (LLMs) have exhibited impressive performance across
various NLP tasks. Using the in-context learning (ICL) paradigm, wherein mod-
els are shown demonstrations to handle new tasks without updating any model
parameters, LLMs have showcased performance on par with fully supervised
smaller language models (LMs)1 (such as BERT-based models) while using a
limited number of examples [129].

Despite this notable achievement, previous studies have shown that LLMs
using ICL still significantly underperform when compared to fully supervised
smaller LMs, particularly for relation extraction (RE) [91, 206, 233]. RE repre-
sents a fundamental and challenging building block within Information Ex-
traction (IE) pipelines, as it requires semantic understanding of sentences to
extract subject-predicate-object triples, which are essential for knowledge base
construction (KGC). This limited performance might stem from the low inci-
dence of RE tasks in the dataset used to train the LLMs [233].

To overcome performance deficits when using ICL with LLMs, instruction-
tuning [146] can present a different approach to harness the capabilities of

1 We refer to smaller LMs as LMs that have under 1B parameters
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LLMs. This involves fine-tuning LLMs on datasets where tasks are described
using instructions.

However, as the number of parameters grows, updating these model param-
eters while working with resource constraints becomes increasingly impracti-
cal. To address this, the development of parameter-efficient fine-tuning (PEFT)
techniques allows models to adapt to different domains or tasks without con-
suming excessive time or space. PEFT methods typically modify only a smaller
number of additional tunable parameters while keeping the primary model pa-
rameters frozen. Two widely adopted PEFT approaches are prefix-tuning [118]
and low-rank adaptation (LoRA) [83].

To this end, we explore how instruction tuning can help improve LLMs on RE
tasks, using the LoRA technique. Importantly, the injectable learned lower-rank
matrices allow us to efficiently adapt to a new task or domain both in time and
space. Besides being efficient, this also allows for the retention of properties
that are frequently found useful in instruction-tuned models, e.g. the ability to
respond to chat-style conversational input or to answer factoid questions.

Specifically, we fine-tune an open source LLM called Dolly-v2-3B [42], using
the LoRA approach, on a silver standard RE dataset [86] that has been trans-
formed into an instruction-based dataset. The dataset contains around 1,079

different types of relations, making it challenging for smaller-sized LMs.
We applied two evaluation approaches. First, we evaluated the model using

an exact match with silver standard labels. Results show the model achieves a
28.5% micro-F1 score and a 27.3 macro-F1 score. After qualitative investigation,
we observed that the model generates a substantial number of correct triples
that are not included in the dataset annotations. To better assess the model’s
true performance, we randomly sampled 100 instances from the test set and
manually evaluate the triples produced by our model. Furthermore, we also
observed that some generations contain correct triples but cannot be derived
from the input text (we refer to them as out-of-scope triples). Our hypothesis
is that Dolly-v2-3B was fine-tuned on Wikipedia-related data; hence, the model
contains related knowledge. Therefore, we apply two criteria for our manual
evaluation: (1) if the triple is correct; (2) if the triple can be derived from the
input. Our results show an average accuracy of 66.5% with a 0.742 Cohen’s
Kappa inter-agreement. In addition, the results also indicate that 8.5 % of triples
are out-of-scope triples.

In summary, our contributions are threefold:
• Code to transform existing RE datasets into instruction-based datasets 2.
• An instruction-tuned Dolly-v2-3B model capable of performing relation ex-

traction.
• An evaluation of this model performance using both an existing relation ex-

traction baseline dataset complimented with a manual analysis. These initial

2 https://github.com/INDElab/KGC-LLM.git
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results indicate that instructed models can potentially be competitive with
fully supervised models using less annotated data.

6.2 related work

Relation Extraction: Over the years, several different approaches have been
framed for RE. Early approaches treated RE as a pipeline involving named en-
tity recognition followed by relation classification [229]. More recently, end-to-
end approaches leveraging the transformer architectures have been used [214].
Additionally, attempts to employ seq2seq models for RE have gained attention
and led to significant improvements [86, 94].

A key challenge is to extract large numbers of entities and relations. For
example, the REBEL dataset [86] contains over a thousand types of relations.
To tackle this scale, generative models have been employed. A state-of-the-art
example is GenIE [94] which frames RE as a Generative Information Extrac-
tion task and employs a constrained decoding strategy. Training on the REBEL
dataset, GenIE achieved a 68.93 micro-F1 score and 30.46 macro-F1 score.
LLMs with ICL for RE: Despite the high performance of LLMs on various
tasks, previous work attempted to explore their performance on RE using ICL
[91, 206, 233]. The results indicate that LLMs are not good few-shot learners
when it comes to RE. For instance, Jimenez Gutierrez et al. showed that LLMs
underperform smaller LMs for biomedical RE.
Instruction-tuning: Recently, supervised fine-tuning on a large number of
tasks represented with demonstrations has shown improvements in LLMs’ ca-
pacity to generalise to unseen tasks [213]. To better exploit knowledge learned
by LLMs during pre-training, different adaptation strategies have been devel-
oped to make fine-tuning LLMs more practical. For example, prefix-tuning
[118] updates only a small part that is the prefix of pre-trained transformers
while keeping the rest of the model parameters frozen. LoRA [83] proposes a
low-rank adaptation fine-tuning strategy that does not modify the model itself
but instead trains injectable lower-rank matrices. An additional advantage of
LoRA is that it can used with other strategies, such as prefix-tuning.

Our work differs from the aforementioned in that we transform classic RE
datasets to instruction-based datasets and then instruction-tune an LLM using
LoRA. Importantly, our data transformation strategy allows any RE dataset to
be transformed and fine-tuned with any LLM.

6.3 methods

Data Transformation: We convert the REBEL dataset to an instruction-based
dataset for fine-tuning LLMs. Unlike building an instruction-based dataset with
different tasks[212, 213], our transformed dataset focuses solely on one task: ex-
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Figure 6.1: One example of a demonstration of the transformed RE dataset.

tracting triples. The prompt template we utilize is adapted from [212], which
comprises three components: Instruction, Input and Output. An example instruc-
tion can be seen in Figure 6.1. The REBEL training set consists of 3,120,296

samples and 1,079 different types of relations, which we convert.
Instruction-tuning: We proceed to instruction-tune a Dolly-v2-3B model with
LoRA. Dolly-v2 [42] is a series of open-sourced large language models based
on Pythia-12b, which were instruction-tuned on 15k instructions generated by
employees of Databricks Dolly-v2 models are available in different parameter
sizes, ranging from 3B to 12B. Considering computational constraints, we se-
lect the 3B model for our experiments. Dolly-v2 has been instruction-tuned on
Wikipedia data with questions that required contributors to refer to specific
information from given Wikipedia paragraphs. This attribute makes the model
well-suited for our RE dataset, given that the texts in the REBEL dataset are
also sourced from Wikipedia.
Evaluation: We evaluate the performance of the instruction-tuned model on
RE using two distinct methods:

• Traditional evaluation. For the traditional evaluation, we strictly match the
subject, relation and object triple with gold labels. Subsequently, we calculate
the precision, recall and F1 score, both micro and macro, under the assump-
tion that the labels in the REBEL dataset are fully complete and correct.

• Post-hoc human evaluation. For the post-hoc human evaluation, we follow
the evaluation methods presented by Groth et al. and Wadhwa, Amir, and
Wallace, where human annotators judge the output of model Each triple
is assessed based on two criteria: (1) whether the triple is correct or not;
(2) whether the triple is correct but cannot be inferred from the provided
sentence. The first criterion assesses the precision of the model’s generation,
while the second one gauges the model’s ability to generate correct triples
from its background knowledge. We term such correct triples “out-of-scope”
triples.

6.4 experiments and results

In our experiments, we employed specific hyperparameters, namely the num-
ber of epochs and the ranks of the matrices in LoRA. Ultimately, we conducted
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our experiments with 3 epochs and a rank of 4, which aligns with the numbers
used by Hu et al. To determine the best-performing model, we evaluated the
models on a validation set containing 50 samples due to inference time con-
straints. Subsequently, we selected the best-performing model to evaluate and
report final performance results.

The results of the strict evaluation can be found in Table 6.1. Notably, the
state-of-the-art model outperforms the instruction-tuned model under the as-
sumption that the provided annotations are complete and correct. However,
when we assess the precision as evaluated by humans ( as shown in Table 6.2),
we observe that the precision is around 66.5%. In both human evaluation cri-
teria, the inter-agreement between the two evaluators exceeds 0.7, indicating a
substantial level of agreement between evaluators. We also note that 8.5% of
the triples in the human evaluation what we term out-of-scope, namely, they
were correct but not entailed by the given sentence.

Micro Macro # of instances
for trainingPrecision Recall F1 Precision Recall F1

GenIE 68.02 69.87 68.93 33.9 30.48 30.46 3,120,296

Instruct-tuned
Dolly-v2-3b

36.6 23.3 28.5 36.7 22.6 27.3 102,400

Table 6.1: Results of strict evaluation of instruction-tuned model vs. the state-of-the-art.

Value Cohen’s kappa

Precision 66.5 0.760

Out-of-scope rate 8.5 0.724

Table 6.2: Results for human evaluation with two evaluators on randomly sampled 100

instances from the test set.

6.5 discussion

Training Data Amount: It is important to note that the reported model is based
on 800 steps of fine-tuning, equivalent to 102,400 samples, making up only 33%
of the training set, while GenIE is trained on the full dataset. Using a higher
rank of adaptation model might be able to improve the performance further.

Disparity between Micro and Macro Measurements: An intriguing observation is
the significant performance disparity between micro and macro measurements
for GenIE. This indicates that the model performs poorly on certain types of
relations but better on others, which could be attributed to the existence of
long-tail relations. It is likely that GenIE performs well on dominant and fre-
quent relation types but not so well on less frequent relation types. In contrast,
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the instruct-tuned model exhibits consistent performance between micro and
macro measurements suggesting that it struggles less with long-tail relations.

Performance Increase for Human Evaluation: During the analysis, we noticed
that many triples generated by the instruction-tuned model are correct but not
included in the dataset annotations. Out of 100 random samples, the instruction-
tuned model generates 453 triples. Among these 453 triples, both evaluators
agree that 274 triples are correct. Interestingly, when comparing these triples
with the dataset annotations, we found that 184 of the human-evaluated correct
triples are not included in the REBEL annotations, accounting for 67.2% of the
correct triples generated by the model. This finding indicates that the current
evaluation approach might have limitations when applied to instruction-tuned
models. Evaluating generative LLMs remains a challenge, also for tasks such as
mention detection [50]. Moreover, it is noteworthy that the model demonstrates
the ability to generate out-of-scope triples, indicating that its generation process
relies on both the input context and the knowledge learned from pre-training.

6.6 conclusion

Our findings demonstrate the potential of instruct-tuned models for RE, es-
pecially when dealing with a substantial number of relations. Even with a 3B
model (considerably smaller than the 176B parameters of GPT-3), fine-tuned on
a relatively small amount of data, the model already exhibits good performance
for RE. We anticipate that further exploration and fine-tuning will likely lead
to even better performance. Furthermore, the instruction-tuned model displays
the ability to generate out-of-scope triples to a certain extent, indicating that
the model retains knowledge acquired during its pre-training, which holds
promise for unifying LLMs and knowledge graphs. Finally, our methods are
generalizable and can be applied to any existing RE datasets, underscoring
their applicability and potential for future research.

Having shown that instruction-tuning a relatively smaller model can effec-
tively teach it to perform specific tasks, we now turn our attention to orches-
trating different LLMs to strike a balance between accuracy and cost. In par-
ticular, we explore strategies for selectively leveraging very large LLMs only
when necessary while relying on code generation for the bulk of the cases. The
next chapter investigates how such orchestration can enable scalable and cost-
effective systems for data preparation.
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E F F I C I E N T D ATA W R A N G L I N G W I T H L A R G E L A N G U A G E
M O D E L S U S I N G C O D E G E N E R AT I O N

Beyond extraction, data preparation is a critical stage of the Knowledge Graph
Construction (KGC) pipeline. Integrating heterogeneous sources often requires
entity matching, cleaning, and transformation to ensure and maintain the qual-
ity and completeness of the constructed knowledge bases [81, 218]. These tasks
are a key phase in the KGC lifecycle. Pipelines often move from extraction to
integration/fusion and then finally completion. Quality checks often lead to
iterative cleaning and de-duplication before deployment.

Therefore, in this chapter, we continue our investigation of PPP-based solu-
tions for data preparation tasks, particularly data wrangling, by designing a
system that balances cost and accuracy. We formulate the following research
question:

RQ6 How can PPP workflows improve cost-efficiency for data preparation tasks?

To address this, we propose a hybrid framework that leverages large lan-
guage models for strategic decision-making and code generation, while mini-
mizing redundant usage of expensive models. Our system is applied to a range
of data wrangling tasks, including error detection, entity matching, value im-
putation, and data transformation, demonstrating both effectiveness and cost-
efficiency across benchmarks.

7.1 introduction

Efficient and accurate data wrangling is fundamental to modern data-driven
applications [136, 156]. Studies consistently report that data scientists spend
the majority of their time on cleaning, transformations, and entity matching
tasks, such as re-formatting timestamps, normalizing inconsistent entries, cor-
recting errors, and integrating heterogeneous data sources [77, 79, 156]. As
datasets scale in size and heterogeneity, this “data plumbing" becomes a dom-
inant bottleneck, diverting efforts from implementing higher-value tasks such
as modeling and analysis.

While data wrangling has been addressed through a variety of approaches,
two lines of work particularly relevant to our study are programming by ex-
ample (PBE) and applying large language models (LLMs) on a per-row basis.
PBE systems [23, 78] synthesis transformation programs given user-provided
input-output example pairs. PBE excels in syntactic tasks by overfitting to the
provided I/O pairs, but its domain-specific languages and reliance on struc-
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Task: Standardizing Date Format to YYYY-MM-DD

Raw Date String Solvable by Current Code Snippet?  Transformed Output

“2025/01/15” ✔ 2025-01-15

“2025/01/14” ✔ 2025-01-14

“2024/06/07” ✔ 2024-06-07

“Feb 15 2025” ❌(routed to LLMPR) 2025-02-15

“15th of January, 2025” ❌(routed to LLMPR) 2025–1-15

Generated  
Code  
Solution

Figure 7.1: The example above shows when a row can use a given generated code
solution and when LLMPR is most appropriate. The plot below illustrates
the conceptual trade-off between API calls and performance in TableSwift
introduced by the data router. The curve illustrates the diminishing returns
of increasing API calls, while the optimal point marks the ideal balance
between cost and performance.

tured examples limit its coverage, especially in cases when semantic reasoning
or domain knowledge is required.

On the other hand, LLMs excel at reasoning about complex and semanti-
cally rich data wrangling tasks by directly interpreting natural language in-
structions [30]. When applied on a per-row basis (referred to as LLMPR in
subsequent sections), LLMs can achieve state-of-the-art accuracy [151]. How-
ever, prompting each record (or per pair in entity matching) results in cost
and latency growing at least linearly with data volume. Moreover, row-wise
prompting is non-deterministic and opaque, complicating debugging and re-
producibility. Hence PBE is fast but brittle, whereas LLMPR is accurate but
expensive, highlighting a cost-accuracy trade-off. One simplified example is
shown in Figure 7.1,

Recent work aims to optimize LLM-based data wrangling workflows [34, 119,
130] by strategically leveraging the semantic power of LLMs. For example, Au-
toDW [130] utilizes LLMs to recommend the target variable, ML tasks, and to
generate plans to fill parameterized code templates. However, the predefined
templates still need a substantial amount of manual effort. Furthermore, the
system does not perform instance-level validation, resulting in a single plan
being applied uniformly across all rows, regardless of edge cases. SEED [34]
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utilizes LLMs to generate execution plans that combine code generation, vec-
tor caching, and small models, and further optimizes the plan based on cost
estimation over a held-out set. However, once the plan is generated, no more
code candidates are generated, even if a large portion of residual rows remains
unhandled, especially when data has a high degree of variability.

Real-world tables are often messy and contain diverse logic and surface
forms that require more than one generated code snippet. The ability to dy-
namically generate multiple code solutions is thus crucial for covering such
heterogeneous patterns.

To bridge this gap, we propose TableSwift, a hybrid framework that inte-
grates LLM-based code generation with LLMPR through an explicit lightweight
data routing component. While the use of LLMs for code generation tasks,
such as text-to-SQL, has been extensively studied [19, 115, 236], generating
executable, high-quality code in a single attempt remains challenging. This dif-
ficulty arises due to the complexity and the variability of the input samples,
as well as the sensitivity of code correctness to small generation errors [216].
Therefore, in order to ensure the code quality, TableSwift employs a generate-
verify-rank (GVR) pipeline to synthesize reusable Python or DuckDB SQL pro-
grams from natural language instructions. By generating multiple candidate
programs and validating them against demonstration data, GVR provides re-
finement signals (runtime feedback) that guide the selection of higher-quality
code.

TableSwift employs an explicit data router that determines whether each in-
stance satisfies the input assumptions of the current code solution. Instances
not covered by the current solution are routed for further processing, enabling
the system to iteratively generate and verify additional code candidates to maxi-
mize coverage. To minimize manual efforts, the data router is generated dynam-
ically alongside each code solution, aligning the decision logic directly with the
input constraints embedded in the code. Looking at the example in Figure 7.1,
the current code solution can resolve the majority of the inputs, while those
that do not fulfill the input requirement are routed to use LLMPR. This design
navigates the trade-off shown in the plot below in Figure 7.1. The conceptual
curve between cost and performance relies on the two assumptions. One is that
LLMPR is able to achieve high performance on various data wrangling tasks
[151]. The other is that some of the rows can be handled by code effectively
[119].

The best-case scenario occurs when the generated code processes all rows,
achieving the highest performance with minimal API calls. Conversely, the
worst-case scenario occurs when the data router routes all rows to LLMPR,
resulting in high costs and low accuracy. Even in the worst-case scenario, Ta-
bleSwift maintains the same cost as LLMPR when scaled to large datasets with-
out introducing any extra overhead. Between these extremes lies a spectrum
where code solves some portion of the dataset, with semantically complex rows
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being routed to LLMPR. As the fraction of rows routed to LLMPR increases,
costs rise due to the additional API calls, while accuracy may initially improve
as semantic reasoning addresses harder cases. However, this relationship is non-
linear: when generated code handles the majority of simpler rows, the trade-
off results in a desirable balance between performance and cost. This paper
explores these scenarios across tasks, identifying when TableSwift achieves its
best-case efficiency and when it falls back to LLMPR dominates due to task
complexity.

Furthermore, we introduce a formalized cost-efficiency analysis that models
the trade-offs between performance and resource usage using a weighted cost
function. This quantitative framework provides insights into the benefits of our
hybrid approach compared to traditional methods, demonstrating significant
cost savings and adaptability across a range of data wrangling tasks.

In summary, the work makes the following key contributions:
• A unified workflow that integrates code generation and semantic reason-

ing, supported by a lightweight data router, for efficient and adaptable data
wrangling.

• A formal cost-efficiency analysis to model the trade-offs between perfor-
mance and resource usage, providing a comprehensive evaluation of the
framework.

• A demonstration of the effectiveness of the proposed approach through ex-
tensive experiments across diverse tasks, achieving state-of-the-art perfor-
mance while reducing costs and ensuring reproducibility.

7.2 related work

LLMs for Data Management. LLMs have significantly impacted data manage-
ment, enabling LLM-powered databases [195], hybrid querying systems [201,
208], and automating data integration and cleaning [127, 149, 151]. Many recent
approaches integrate LLM operators into database pipelines, allowing struc-
tured queries over unstructured data [4, 128, 159, 185].

However, these methods apply LLMs at query time, leading to high computa-
tional costs. Some mitigate this via code generation [4, 128], but lack structured
verification, making them error-prone. Our work improves on these approaches
by integrating code synthesis with a verification mechanism, ensuring both ef-
ficiency and correctness.

Data Wrangling with LLMs. LLMs have demonstrated strong capabilities for
data transformation, error detection, and imputation. Row-wise inference [89,
151] allows fine-grained, context-aware transformations, but suffers from high
latency, non-determinism, and cost. For large datasets, the number of API calls
scales poorly, making this approach impractical.
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Several approaches attempt to mitigate these costs. SEED [34] combines LLM
prompting, small model fine-tuning, and caching to optimize execution plans.
However the code generation terminates once the plan is generated and op-
timized, falling short when there are high variability in the input data. Au-
toDW [130] utilizes LLMs to determine target variables and identify whether
the task is classification or regression, generating plans for existing code tem-
plates that still rely on predefined parameterized templates.

Another direction uses parameter-efficient fine-tuning [202, 223, 232, 235],
showing that small models can outperform large LLMs for entity matching.
However, these methods rely on static pipelines and struggle with diverse trans-
formation tasks.

Our approach reduces per-row computation while maintaining flexibility in
handling various tasks and scalability by dynamically generating multiple so-
lutions.

Program Synthesis in Data Management Transform-Data-by-Example (TDE)
frameworks [23, 31, 78] generate transformation programs from user-provided
examples, making them effective for structured, rule-based changes like refor-
matting dates. However, they struggle with semantically complex tasks and
lack support for natural language instructions, limiting their applicability.

LLM-based code generation methods [30, 40] improve flexibility by synthe-
sizing transformation programs from natural language descriptions. Despite
their potential, these approaches often lack verification mechanisms, requiring
users to manually validate results. Small inaccuracies in generated SQL queries
or Python functions can lead to significant errors across datasets.

Recent work has explored improving LLM-generated transformations. Huang
et al. [84] enhance accuracy by integrating textual, code, and data context in
computational notebooks. Barke et al. [8] introduce SOFSET, a dataset of real-
world NL-to-code tasks from StackOverflow, proposing a cluster-then-select
prompting technique to improve the generalizability and correctness of LLM-
generated Pandas code. These findings underscore the sensitivity of LLM per-
formance to input structure.

7.3 proposed approach : tableswift

In this section, we introduce TableSwift, our hybrid data wrangling system. To
address the limitations of row-wise execution using LLMs, TableSwift combines
code generation with a fallback LLMPR solution via a data router. The key idea
behind this framework is to generate task-specific functions that can handle a
majority of the data rows while routing unsolvable instances to LLMPR for
direct processing. This shift allows us to leverage LLMs strategically, utilizing
their strong semantic reasoning capabilities only where necessary. The code
generation component ensures transparency by producing context-aware, vali-
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Figure 7.2: Overview of TableSwift.

Figure 7.3: Code generation framework.

dated functions that are adaptable to new languages and domains. Meanwhile,
the data router component provides a fine-grained dynamic optimization at
the row level. Unlike static rule-based routing, the data router is conditioned
on the current code solution and generated on the fly.

7.3.1 High-level overview of the approach.

As shown in Figure 7.2, a task instruction, data, and evaluation data containing
labeled examples are provided to the system. The evaluation data is typically
small on the order of 3-10 examples. This evaluation data helps the system
capture the intended logic while accounting for common patterns in data, and
serve as signals for evaluating generated code. During application, the task
instruction and labeled examples can be provided by the user. Then, the sys-
tem generates code snippets tailored to the task and dataset using the code
generation framework. Each resulting code snippet has been validated to be
executable and evaluated on the provided labeled examples. Since generating
high-quality code is essential for minimizing the reliance on LLMPR, this pro-
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cess is iterated multiple times to produce the highest-quality code. Once a suit-
able code solution is obtained, an instance of the data router is dynamically
generated, conditioned on the current code solution. The task-specific router
filters rows that are not valid as inputs for the code snippet. If a significant
number of unsolvable rows remain, the system iterates, either by re-sampling
from the training set, or expanding the example coverage by the user. Until
we reach the pre-defined maximum number of solutions or only a handful of
rows left to process by LLMPR. Finally, we aggregate the transformed outputs
from both applying code-based solutions and LLMPR, integrating determinis-
tic transformations with semantic reasoning where needed.

7.3.2 Code Generation Framework

The code generation framework in Figure 7.3 is a key component of TableSwift.
It leverages LLMs to generate reusable task-specific code. The framework is
designed to be language-agnostic, allowing for adapting to multiple program-
ming languages. In this work, we focus on Python for its popularity and flexi-
bility and DuckDB SQL for its efficiency in structured data processing.

The code generation framework employs the GVR (Generate, Verify, Rank)
procedure. This systematic approach ensures the generated code is not only
functionally correct but also optimized for task-specific performance. The GVR
logic is generalizable to applications when programming by examples with
LLMs.

Generate. The generate step involves prompting LLMs to produce task-specific
code. This step can guide the models to create code solutions tailored to the
task, dataset, and user requirements, as well as refine the code based on system
feedback.

prompt formulation The prompts consist of three main components.
The general prompt features, the task-specific instruction, and the demonstra-
tion. The prompt adopts the ReAct framework [226], instructing models to per-
form reasoning before generation. This can reduce hallucination throughout
the generation process.

The general prompt features provide an overall instructional message to the
model, guiding it to reason about the task first. We also specify language-
specific instructions as one of the features. For the task-specific instruction, we
provide any task-related information such as detailed task descriptions (e.g.,
convert Celsius to Fahrenheit.), preferred methods (e.g., regex, similarity mea-
sure), and any specific considerations (e.g., avoiding training machine learning
classifiers). One example prompt is shown in Figure 7.4.

The task-specific variants are as follows for the tasks considered in this paper:
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• Data Transformation (DT): uses regex and string manipulation to transform
input-output pairs, encouraging handling edge cases.

• Entity Matching (EM): incorporates similarity functions and defining dy-
namic threshold, striving to create generalizable functions to avoid over-
fitting.

• Data Imputation (DI): uses logical conditions and dynamic ranges, ensuring
generalization across the dataset.

• Error Detection for spelling (DT): focuses on detecting spelling errors while
avoiding exact string matches, suggesting incorporating domain-specific vo-
cabularies.
Lastly, we provide labeled input-output pairs as demonstration data. In this

work, we use random sampling as our strategy for sample curation for the
relatively small-scaled benchmark datasets.

The advantage of the current prompt design is that the structure is language-
agnostic, making it adaptable to different programming languages. Moreover,
the specific structure enables iterative improvements, ensuring high-quality
code generation. Last but not least, the task-specific variant allows for optimiz-
ing and customizing the instructions and demonstrations, ensuring the flexibil-
ity to adapt to different tasks.

Verify. The verify step provides guarantees for the generated code to be func-
tionally correct and meet task-specific performance expectations. Therefore, we
apply a 2-dimensional validation process: syntactic correctness and functional
accuracy. We first verify that the generated code can execute without errors on
a given input, catching issues such as syntax errors, undefined variables, type
mismatches, and potential runtime failures. Additionally, to prevent infinite
loops or excessive computation, we enforce an automatic destruction mecha-
nism that involves a timeout execution strategy, terminating any code that fails
to complete execution within a reasonable timeframe. If the execution fails, we
capture error messages from the compiler as error messages. Additionally, we
employ self-defined error messages such as timeout violations. Then, we as-
sess the functional accuracy of the code by evaluating the performance on the
provided demonstration examples. The performance is calculated against the
ground-truth labels, computing task-dependent metrics such as accuracy or F1

score. A performance threshold, set as a hyperparameter, determines whether
the generated code is sufficiently reliable for deployment. If the performance
falls below the threshold, we employ a self-defined error message template and
subsequently use it as feedback.

When failures occur at either stage, TableSwift compiles the relevant error
messages, including syntax errors, runtime exceptions, timeouts, or low perfor-
mance, into structured feedback. This feedback is then fed back into the LLM
to initiate self-refinement [135], guiding the model to produce an optimized
solution.
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Rank. Generating a single function may not always yield the best solution, as
LLM-generated outputs has inherent variability depending on the provided
demonstrations [8] and the stochastic nature of sampling. To improve robust-
ness, TableSwift does not rely on a single generated function; instead, it iterates
through multiple generate and verify cycles to create a pool of candidate func-
tions. Once a diverse set of validated functions is obtained, the rank step selects
the best-performing function. The primary criterion for ranking is the accura-
cy/F1 score associated with each code solution. Additionally, in cases where
multiple functions achieve similar accuracy, we can also evaluate execution effi-
ciency and function understandability by either human experts or pre-defined
constraints. The ranking mechanism introduces an implicit optimization pro-
cess, ensuring the final selected function is not only valid but also preferable
given user-defined constraints. TableSwift increases the likelihood of selecting
a function that generalizes well across different data distributions.

Figure 7.4: One example prompt consists of the general system prompt, task-specific
instruction, and labeled demonstrations. The instruction describes a string
transformation task - convert mg to ml. LLM is prompted to generate
Python code.

7.3.3 The Data Router Component

The data router is the core of TableSwift’s efficiency and adaptability, which dy-
namically determines whether a row can be processed by the generated code,
aiding in identifying edge cases, irregularities, and semantically complex in-
puts. The data router provides routing decisions to balance cost and accuracy,
enabling TableSwift to handle heterogeneous data distributions robustly.

Motivation A naive approach would directly apply the generated transforma-
tion code by Text-to-SQL method to all rows, but this leads to a significant
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Algorithm 1 Generate Router for Current Code Solution

Require: Verified code solution fcode, calibration set Dval = {xi}
N
i=1

Ensure: Router function R(x) ∈ {ACCEPT, REJECT}
for all xi ∈ Dval do

Execute fcode(xi)

if fcode(xi) executes successfully then
yi ← 1

else
yi ← 0

end if
end for
L← {(xi,yi)} ▷ labeled demonstration data
Use LLM to synthesize candidate router rule R(x) predicting yi from xi
return R(x)

problem: applying the same logic across a heterogeneous dataset disregards
data variability. The key challenge is that datasets often contain subgroups of
records that require different data wrangling logic, and a one-size-fits-all code
solution is often insufficient. Therefore, the data router builds the guardrails,
validating the suitability of the row before applying the code.

Iterative Code Generation with Routing. TableSwift operates through an itera-
tive process that alternates between code generation, verification, router synthe-
sis, and residual reduction. At iteration t, given the residual dataset Dt

res ⊆ D,
the system generates a set of M candidate transformation programs {f

(j)
t }Mj=1 us-

ing an LLM conditioned on the task instruction. Each candidate is evaluated on
a labeled demonstration subset Dt

dem ⊂ Dt
res, and the candidate with highest

verified accuracy is selected as ft.
Next, a router Rt is synthesized for ft using execution traces on Dt

dem, as
detailed in Algorithm 1. The router Rt identifies which instances satisfy the
preconditions of ft, allowing safe application of the generated code. The resid-
ual set for the next iteration is defined as:

Dt+1
res = {x ∈ Dt

res | Rt(x) = REJECT}.

The iterative process terminates when |Dt
res| ⩽ ϵ · |D|, where ϵ is a user-defined

stopping threshold controlling the acceptable fraction of unresolved rows.

Implementation Strategies The data router can be implemented in multiple
ways. However, the inherent requirement is to be cost-efficient and task-aware.
Therefore, in TableSwift, the data router is dynamically generated alongside the
wrangling code rather than being pre-defined. This makes it adaptable to dif-
ferent datasets, task formats, and, most importantly, the generated wrangling
code of interest. Instead of relying on classifiers that require domain-specific
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tuning and introduce extra overhead, we leverage LLMs to generate router func-
tions. These functions typically take the form of regular expressions(regex) or
structured validation functions, which can quickly determine whether an input
adheres to the assumptions of the code solution. For instance, in a date format
conversion task like the one in Figure 7.1, the router function may use regex
validation to check whether an input follows the expected “YYYY/MM/DD"
pattern before applying a code-based transformation to “YYYY-MM-DD". If an
input does not match the pattern, perhaps due to ambiguous formats, missing
values, or incorrect delimiters, it is routed to not use the current generated code
solution. Then, we can either come up with another code solution when the
rows left are significant or route to LLMPR eventually. An additional strength
of TableSwift’s router design is its ability to iteratively solving a subset of the
dataset rather than relying on a single wrangling function. For example, after
the first round of processing, the system can generate a second function to han-
dle the remaining subset of rows. This process continues until the rest of the
data exceeds the user defined fraction threshold.

7.4 cost-efficiency analysis

The cost-efficiency of TableSwift is evaluated based on the number of API calls
required to process a dataset of size N. We compare the hybrid approach
against the LLMPR-only method, considering best-case, worst-case, and in-
termediate scenarios. A key distinction arises in Entity Matching (EM) tasks,
where the cost of LLMPR is quadratic due to pairwise comparisons.

7.4.1 LLMPR Cost Model

In an LLMPR-only approach, the total number of API calls depends on the
task:
• For row-wise tasks (DT, DI, ED): Each row is processed independently, lead-

ing to a linear cost:

API Calls (LLMPR, Row-wise) = N

• For Entity Matching (EM): Each row must be compared against multiple
other rows, resulting in a quadratic cost:

API Calls (LLMPR, EM) = O(N2)

This makes EM particularly prohibitively expensive at scale, as API calls grow
exponentially with dataset size.
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7.4.2 TableSwift Cost Model

TableSwift mitigates LLMPR costs by leveraging code generation to process the
majority of rows and selectively routing only difficult cases to LLMPR. The
number of API calls depends on the proportion of rows routed, as well as the
number of trials (T ) and retries (R) required for code verification.

best case (upper bound) In the best-case scenario, all rows are success-
fully processed by the generated code, and no rows are routed to LLMPR. The
total number of API calls is dictated solely by code generation trials:

API Calls (Best Case) = T × R

Since this cost is independent of N, TableSwift exhibits constant cost scaling,
which is particularly advantageous for large datasets.

worst case (upper bound) In the worst-case scenario, all rows are routed
to LLMPR, reducing TableSwift to an LLMPR-only system:

API Calls (Worst Case) =

N for row-wise tasks (DT, DI, ED)

O(N2) for EM (pairwise comparisons)

This confirms that even in the worst case, TableSwift incurs no additional cost
compared to LLMPR-only execution.

intermediate case (practical scenario) In the practical case, a frac-
tion f of rows is routed to LLMPR, while the remaining (1− f) rows are pro-
cessed by the generated code. The total number of API calls is:

API Calls (Intermediate) = fN+ (1− f) · (T × R)

Since f varies based on dataset complexity, this scenario represents TableSwift’s
adaptive trade-off between efficiency and accuracy.

7.4.3 Weighted Cost-Efficiency Analysis

To quantify TableSwift’s balance between cost and performance, we define a
weighted cost function:

Cost = α · 1
P
+β ·C

where:
• P is the task performance (e.g., accuracy or F1 score).
• C is the total API call count.
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• α,β control the relative emphasis on performance vs. efficiency.
This formalization captures TableSwift’s advantage: minimizing API calls

while maintaining strong task performance. The data router plays a pivotal
role, dynamically optimizing the system’s cost-performance balance.

7.5 experimental setup

In this section, we describe the setup for evaluating the hybrid framework
across various tasks, models, and configurations. The objectives of these ex-
periments are four-fold:
• Assessing performance of the code generation approach using both Python

code and DuckDB SQL code on Data Transformation.
• Investigating the performance of the data router component.
• Experimenting to what extent the hybrid framework can address other Data

Wrangling tasks.
• Analysing the trade-off in cost and accuracy.

Tasks Evaluated. We mainly focused on Data Transformation tasks while ad-
ditionally, we tested the framework on three other data-wrangling tasks: Error
Detection (ED), Data Imputation (DI), and Entity Matching (EM). The defini-
tions of these four tasks are as follows.
• Data Transformation (DT): Transforming raw input data into a desired for-

mat or structure, often involving logic-based or syntactical operations, while
sometimes require external domain knowledge.

• Error Detection (ED): Identifying erroneous or invalid entries in datasets,
including structured and semantically complex errors.

• Data Imputation (DI): Filling in missing or incomplete values in datasets.
• Entity Matching (EM): Identifying semantically equivalent entities across

datasets, often requiring reasoning about varying syntax and domain-specific
knowledge.

Types of Code. We test the performance of the code generation approach us-
ing two types of code: Python and DuckDB SQL. The motivation for choosing
Python is due to its popularity, training data exposure, and rich ecosystem.
Python is one of the most widely used programming language for data sci-
ence and analysis. Due to its popularity, LLMs are more likely to be exposed
to Python code. The familiarity means that LLMs can generate Python that is
more likely to be able to solve complex tasks. Furthermore, the diverse libraries
in Python’s ecosystem contribute to this capability. DuckDB SQL was chosen
for its efficiency in real-world applications. Meanwhile, as a relatively new sys-
tem, we assume that DuckDB SQL has had less exposure on the web and thus
likely to less reflected in an LLM’s training data. This limited exposure provides
an interesting lens to evaluate the reasoning ability of LLMs in the context of



116 efficient data wrangling with llms using code generation

data transformation. By comparing Python and DuckDB SQL, we aim to evalu-
ate LLM’s code generation ability in the context of Data Transformation when
prompted for programming languages with different characteristics.

System Components. To better understanding the effectiveness of the data
router component, we tested the system under two configurations: without
a data router and with a data router. When the data router is not present, we
then apply the generated code to all rows in the test set. While on the other
setting, the data router routes code unsolvable rows to LLMPR for additional
processing.

Model Tested. To compare the performance of the code generation approach
across different models, we evaluate it on the following LLMs.
• GPT-4[154]: a general-purpose enterprise LLM with strong reasoning and

code synthesis capabilities.
• Llama3.1-405b[68]: A larger version of the Llama series with 405 billion pa-

rameters, designed for advanced reasoning and problem-solving tasks.
• Llama3.2-3b[68]: A smaller-scale, resource-efficient model with 3 billion pa-

rameters fine-tuned for various tasks, including content generation and nat-
ural language understanding to a certain extent.

• Qwen2.5-coder-32b [165]: A specialized model optimized for the code genera-
tion task, which has achieved the best performance among open source code
generation language models, with a performance on par with GPT-4o. It is
suitable for the approach introduced for its outstanding capacity to generate
DuckDB SQL code [240] and its resource efficiency (32 billion parameters).

Hyperparameter Settings. In this work, we configure the following hyperpa-
rameters to ensure consistency and reproducibility across all experiments. The
maximum number of trials for generating valid code solutions is set to T = 3,
allowing the framework to make up to three attempts to generate accurate
and executable code. Additionally, in cases where the generated code fails to
meet the validation criteria, the system performs up to R = 5 retries to refine
the code. During the verification phase, the validation threshold is set at 51%,
meaning the generated code must achieve at least 51% accuracy or F1 score
on the demonstration examples to be considered valid. These settings are de-
signed to balance computational efficiency with the quality of the generated
code, while ensuring robustness across diverse tasks and datasets.

Evaluation Framework. To evaluate the proposed hybrid approach, we em-
ploy both performance metrics and cost-efficiency analyses. Performance is
measured using task-specific metrics, such as accuracy for Data Transforma-
tion (DT) and Data Imputation (DI), and F1 score for Error Detection (ED) and
Entity Matching (EM). For cost-efficiency, we standardize comparisons around
the number of API calls required to solve a task, reflecting both financial and
computational efficiency.
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Additionally, we utilize a weighted cost function introduced in the proposed
approach to capture the trade-off between performance and API efficiency. The
function is parameterized with weights to emphasize performance versus cost,
offering a unified view of system efficiency. This enables a consistent evaluation
across tasks and configurations, with experiments designed to highlight the
trade-offs of different approaches.

7.5.1 Research Questions and Experiments

To evaluate TableSwift comprehensively, we address the following research
questions with corresponding experiments:

• RQ1: How does TableSwift perform across various data wrangling tasks and
datasets?

• EXP1: We evaluate TableSwift on all supported tasks—Data Transformation
(DT), Error Detection (ED), Data Imputation (DI), and Entity Matching (EM),
across a total of 16 datasets. This experiment focuses on assessing the overall
performance and adaptability of the system.

• RQ2: How do different language models and programming languages affect
the performance of the code generation framework on DT?

• EXP2: We compare the performance of four LLMs of varying sizes and de-
sign purposes, testing two programming languages (Python and DuckDB
SQL) on five DT datasets. This experiment investigates the role of model
choice and programming language in the code generation framework.

• RQ3: How does the data router impact the performance of the system on
DT?

• EXP3: We conduct an ablation study on the data router component, testing
its effectiveness in routing rows to the appropriate processing path. This
experiment uses GPT-4 and focuses on the five DT datasets.

• RQ4: How does the efficiency-accuracy trade-off of TableSwift compare to
LLMPR across tasks?

• EXP4: We perform a cost analysis by measuring API calls and accuracy
across all datasets to visualize the trade-off between cost-efficiency and per-
formance.

• RQ5: To what extent can code generation address various data wrangling
tasks, and when should we fall back to LLMPR?

• EXP5: We conduct task-specific evaluations and analyze failure cases to iden-
tify the limitations of code generation and the scenarios where LLMPR be-
comes essential. This analysis spans all tasks and datasets.
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7.6 experimental results

7.6.1 EXP1: TableSwift on Data Wrangling Tasks.

Table 7.1: Comparison of TableSwift with baselines on data transformation tasks, mea-
sured in accuracy (%). “N/A” denotes not applicable or not reported in their
original papers. “CG” denotes the code generation framework. “DDBSQL”
denotes DuckDB SQL. “TS” denotes TableSwift. # Rows routed is the num-
ber of rows sent to the LLM out of the total number of rows.

Methods BingQL-
semantics

BingQL-
Unit

Stack-
overflow

FF-GR-
Trifacta

Head
cases

Average

PBE 32.0 96.0 63.0 91.0 82.0 72.8

LLMPR 54.0 65.3 N/A N/A N/A 59.65

CG-DDBSQL 73.3 93.0 63.2 69.8 66.7 73.2

TS-DDBSQL 72.0 93.0 73.8 64.0 67.0 73.96

# Rows Routed 5/102 2/99 598/710 24/83 26/90 -

CG-Python 91.6 95.0 87.4 83.7 74.6 86.46

TS-Python 90.3 96.0 89.1 83.6 85.2 88.84

# Rows Routed 2/102 4/99 584/710 16/83 19/90 -

In this experiment, we evaluate the performance of TableSwift across a di-
verse set of data wrangling tasks: Data Transformation (DT), Error Detection
(ED), Data Imputation (DI), and Entity Matching (EM). Table 7.1 and Table 7.2
summarize the accuracy and F1 score results for DT and other tasks, respec-
tively. The results highlight the adaptability and scalability of TableSwift in
handling a range of syntactic and semantically complex challenges.

Data Transformation. TableSwift demonstrates robust performance across DT
tasks, achieving new state-of-the-art results on most datasets. In particular,
for the challenging “Head Cases" dataset, TableSwift’s hybrid design lever-
ages both code generation and the data router, achieving significant gains over
standalone code generation and LLMPR baselines. However, for datasets like
“BingQL-semantics" and “FF-GR-Trifacta," there are slight performance drops.
This suggests potential misrouting by the data router, which we further ana-
lyze in EXP3. The breakdown in Figures 7.5 and 7.6 reveals that the majority
of rows remain unrouted, demonstrating the strength of the code generation
component in solving most cases. For the routed rows, LLMPR successfully
addresses several challenging cases, such as in the “Head Cases" dataset, but
struggles on others like “StackOverflow," highlighting areas for improvement
in the fallback mechanism.
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Entity Matching. Entity Matching (EM) presents the most semantically chal-
lenging tasks, as it often requires reasoning about domain-specific knowledge
and diverse syntax. TableSwift’s code generation approach underperforms on
datasets like “Amazon-Google," where semantic equivalences vary widely. De-
spite this, the data router improves performance on most datasets by correctly
routing complex cases to LLMPR, showing the potential for incorporating ad-
ditional expert models in future work.

Error Detection. For Error Detection (ED), TableSwift achieves perfect perfor-
mance on structured datasets like “Adult" (100% accuracy on the income col-
umn), demonstrating its effectiveness in handling well-defined error patterns.
However, performance on semantically complex datasets like “Hospital" re-
mains limited (23.5% accuracy), even with the data router. This highlights the
need for future enhancements in handling more nuanced error patterns.

Data Imputation. In Data Imputation (DI), TableSwift excels on simpler datasets
like “Buy," where the code generation component achieves high accuracy. On
more complex datasets like “Restaurant," the data router improves performance
significantly (by 22.1%), showcasing the hybrid approach’s ability to balance
cost-efficiency with accuracy.

Summary. Across all tasks, TableSwift demonstrates its ability to strike a bal-
ance between performance and cost-efficiency. The hybrid framework signifi-
cantly reduces API calls while maintaining competitive performance compared
to LLMPR as shown in Figure 7.7. This trade-off is particularly evident in
datasets with a mix of solvable and semantically challenging rows, where the
data router intelligently routes cases to optimize resource use, such as data
transformation datasets. The results emphasize the need for further exploration
of task-specific optimizations to enhance the framework’s adaptability and per-
formance.

7.6.2 EXP2: Ablation Studies on Models and Programming Languages.

Table 7.3 compares the performance of Code Generation (Python and DuckDB
SQL) using differing LLMs across several data transformation datasets with
the PBE and LLMPR baselines. The results demonstrate a few key findings.
First, Python code generation with GPT-4 consistently achieves the best per-
formance across most datasets, including the BingQL-semantics (91.6%) and
Stack-overflow (87.4%), which were previously very challenging for the base-
lines. Second, among the language models trained with varying sizes and in-
tentions, bigger models (GPT-4 and Llama3.1-405b) outperform models with a
smaller number of parameters almost at all times in both Python and DuckDB-
SQL generation. The results indicate bigger models are better at code gener-
ation/reasoning. Qwen2.5-coder-32b has significantly fewer parameters com-
pared to Llama3.1-405b, however, providing somewhat on par or even better
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Figure 7.5: Proportions of unrouted rows, routed rows, and correctly transformed rows,
in Python code generation.

performance, especially for DuckDB-SQL generation. This result mainly bene-
fits from the model’s expertise in code generation. Thirdly, across all datasets,
Python code generation generally outperforms DuckDB SQL. This could be
due to a few reasons.
• The model is more exposed to Python code repositories due to its popularity,

resulting in significantly larger training examples than DuckDB SQL, which
is comparatively younger.

• Python has an extensive library ecosystem that can achieve complex data
transformation with simplified code.

7.6.3 EXP3: Ablation Study on Data Router

The data router is a central component of TableSwift, dynamically determin-
ing whether rows should be processed using the generated code or routed to
LLMPR. To evaluate its impact, we conduct an ablation study across all four
task categories, DT, DI, ED, and EM, examining both accuracy and efficiency.

Performance Impact. Table 7.1 and Table 7.2 also report the accuracy improve-
ments introduced by the data router. The router consistently improves perfor-
mance across most datasets by enabling selective routing for more complex
transformations. For instance, in the “Head Cases" dataset, where code genera-
tion alone struggled, the router significantly enhanced performance by routing
difficult rows to LLMPR. However, in datasets like “BingQL-semantics", we ob-
serve slight performance drops, indicating cases where the router may have
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Figure 7.6: Proportions of unrouted rows, routed rows, and correctly transformed rows,
in DuckDB SQL code generation.

misrouted solvable rows. Table 7.2 reports the impact of the data router on ED,
DI, and EM tasks. While DI tasks benefit significantly, with error rate reduc-
tions of up to 22%, the impact varies for EM due to its inherently semantic
nature. However, the router still reduces API costs in EM by avoiding unneces-
sary comparisons, making it a scalable solution.

Error Analysis. Figures 7.5 and 7.6 provide a breakdown of the routing be-
havior. Across datasets, most rows remain unrouted, demonstrating the effec-
tiveness of code generation. However, datasets like “StackOverflow" exhibit a
higher number of routed rows due to their inherent complexity. While LLMPR
successfully corrects a substantial portion of misrouted cases, some datasets,
such as “GoogleRefine", reveal opportunities for improving router granularity,
as not all routed cases were effectively resolved.

Efficiency Gains. The efficiency benefits of the data router are evident in the
number of API calls required for each dataset. For “BingQL-Unit", only 2%
of rows required LLMPR processing, demonstrating that the router effectively
minimizes API calls while maintaining high accuracy. Moreover, in tasks such
as entity matching, where LLMPR incurs quadratic API costs due to pairwise
comparisons, the router significantly reduces the computational burden.

Conclusion. The ablation study confirms that the data router plays a key role
in balancing performance and efficiency. While there is room for refinement in
routing precision, the current implementation already demonstrates significant
accuracy gains and computational savings, making TableSwift a cost-effective
and scalable framework for data wrangling tasks.
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Table 7.2: Comparison of TableSwift with baselines, measured in accuracy (%) for data
imputation and F1 score (%) for the other tasks. GPT series LLMPR are
equipped with the best setting. “CG” denotes the code generation frame-
work. The green color denotes that TableSwift has a performance gain when
compared with the code generation framework without using a data router.
The red color denotes there is a performance drop.

Error Detection Data Imputation Entity Matching

Methods Adult Hospital Buy Restaurant Amazon-
Google

Beer DBLP-
ACM

DBLP-
Google

Fodors-
Zagats

iTunes-
Amazon

Walmart-
Amazon

GPT-3 99.1 97.8 98.5 88.4 63.5 100 96.6 83.8 100 98.2 87.0

GPT-3.5 92.0 90.7 98.5 94.2 66.5 96.3 94.9 76.1 100 96.4 86.2

GPT-4 92.0 90.7 100 97.7 74.2 100 97.4 91.9 100 100 90.3

GPT-4o 83.6 44.8 100 90.7 70.9 90.3 95.9 90.4 93.6 98.2 79.2

CG - Python 100* 23.5 84.6 50 42.1 75.0 19.7 69.7 95.5 70 25.5

TableSwift - Python 100* 28.6 87.7 72.1 29.6 90.3 91.3 71.6 95.7 85.1 64.6

Table 7.3: Ablation study on the impact of different models.

Code Methods BingQL-
semantics

BingQL-
Unit

Stack-
overflow

FF-GR-
Trifacta

Head
cases

N
/A PBE 32.0 96.0 63.0 91.0 82.0

LLMPR 54.0 65.3 N/A N/A N/A

D
uc

kD
B-

SQ
L

Llama3.2-3b 0.0 4.0 3.0 2.3 3.1

Qwen2.5-coder-
32b

67.3 96.0 61.0 59.4 50.4

Llama3.1-405b 64.3 93.0 60.6 62.1 55.3

GPT-4 73.3 93.0 63.2 69.8 66.7

Py
th

on

Llama3.2-3b 28.0 51.0 26.3 10.7 13.6

Qwen2.5-coder-
32b

88.0 92.0 73.0 67.8 50.1

Llama3.1-405b 82.3 94.0 86.1 79.7 77.2

GPT-4 91.6 95.0 87.4 83.7 74.6

7.6.4 EXP4: Cost Analysis

The cost-efficiency of TableSwift is evaluated by analyzing the number of API
calls required across different tasks. We present two perspectives: empirical
results on benchmark datasets (Figure 7.7) and an extrapolation to larger-scale
datasets based on routing fractions observed in experiments (Figure 7.8). These
results illustrate the trade-off between accuracy and API efficiency.
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Empirical Trade-Off on Benchmark Datasets. Figure 7.7 presents the mea-
sured cost-performance trade-off across benchmark datasets. The LLMPR-only
baseline incurs high API costs across all tasks, particularly in entity match-
ing, where pairwise comparisons lead to quadratic API growth. In contrast,
TableSwift significantly reduces API calls in data transformation, error detec-
tion, and data imputation, where generated code solutions handle most rows.
However, the actual trade-off varies by task: - In data transformation and data
imputation, TableSwift minimizes API calls while maintaining high accuracy,
demonstrating the effectiveness of reusable code. - Error detection benefits
from structured error patterns that allow selective routing with minimal per-
formance loss. - Entity matching remains the most computationally expensive,
yet TableSwift’s routing strategy still provides notable reductions in API calls,
making large-scale entity resolution more feasible.

Cost-Performance Trade-Off in Different Tasks. Figure 7.7 provides additional
insights into how TableSwift balances efficiency and accuracy across different
data wrangling tasks. We would like to have the results in the top-left corner,
which indicates cost-efficient and high performance. From the figure, we can
observe: For DT, TableSwift achieves the current state-of-the-art performance
while maintaining a low cost. For EM, which involves pairwise comparisons,
the data router drastically reduces quadratic costs by solving a subset of the
dataset using code generation, although the performance is hurt. Similarly
for ED, the cost is reduced drastically while the performance is reduced too.
For DI, TableSwift spends almost identical cost with LLMPR, because almost
all rows are routed to LLMPR. The performance of TableSwift is lower than
LLMPR because the LLMPR results are obtained using cherry-picked demon-
strations, while in our work, we use randomly selected demonstrations. For
harder datasets, the trade-off between routing and accuracy becomes more pro-
nounced, underscoring the importance of dynamic routing in balancing perfor-
mance with cost efficiency.

These results highlight that TableSwift is particularly effective in large-scale
datasets where an LLMPR-only approach would be prohibitively expensive.

Scalability Beyond Benchmark Datasets. To explore TableSwift’s scalability,
we extrapolate its performance to larger datasets using the routing fractions
obtained from benchmark experiments. Figure 7.8 models API call growth as
dataset size increases. The key findings include: LLMPR scales linearly for data
transformation, data imputation, and error detection but quadratically for en-
tity matching due to pairwise comparisons. TableSwift significantly reduces
API growth, with routing fractions determining efficiency gains. As dataset
sizes increase, TableSwift’s efficiency advantage becomes even more pronounced.

Best- and Worst-Case Scenarios. The cost efficiency of TableSwift is task-dependent
but never worse than LLMPR: In the best case, all rows are solved using code,
making API calls constant and independent of dataset size. In the worst case,
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Figure 7.7: Empirical trade-off between API costs and accuracy across benchmark
datasets, comparing TableSwift with the LLMPR baseline.

where all rows require LLMPR, TableSwift converges to LLMPR’s cost, ensur-
ing that the hybrid framework remains a viable solution without additional
overhead.

Conclusion. TableSwift effectively balances cost and accuracy across diverse
data wrangling tasks. While entity matching remains challenging due to its
quadratic API scaling, TableSwift significantly reduces API costs in data trans-
formation, data imputation, and error detection, demonstrating its scalability
and adaptability. These findings suggest that hybrid approaches like TableSwift
are critical for cost-efficient, large-scale data transformation.

Figure 7.8: Projected API call growth as dataset size increases, extrapolated using rout-
ing fractions from benchmark results.
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7.6.5 EXP5: Case Studies - Bing-QL-Semantics

In this section, we analyze the performance of the proposed framework on
the Bing-QL-Semantics dataset, focusing on challenging tasks where errors oc-
curred. For each task, we highlight the instructions, generated code, specific
errors, and underlying causes. To make the discussion more structured, we cat-
egorize the errors into three types: generalization failures, precision issues, and
router misclassifications.

Task 1: Address to GPS Coordinates.
Task Instruction: Convert address strings to their corresponding GPS coor-

dinates.
Generated Code:

def string_transformation(input_string):

coordinates = {

’400 Bellevue Way Northeast , Bellevue , WA, USA’: ’ 47.615570 ,
−122.202522 ’,

’3002 Mt Angeles Rd, Port Angeles , WA, USA’: ’ 48.099339 ,
−123.425532 ’,

’2329 West Mall , Vancouver, BC V6T 1Z4, Canada’: ’ 49.261375 ,
−123.253672 ’

}

return coordinates.get(input_string, ’ Invalid Address ’)

Observations: The router flagged inputs like "1 Microsoft Way, Redmond,

WA, 98052" as unsolvable, and they were passed to the fallback method. The
fallback predictions deviated slightly from the ground truth, such as predicting
"47.641870, -122.130489" instead of "47.639583, -122.128381".

Error Categorization: Generalization Failure: The generated function relied on
a fixed mapping, failing to generalize to unseen addresses. Precision Issues: The
fallback model produced slightly inaccurate predictions due to overfitting to
demonstration data.

Task 2: UTM to Latitude/Longitude.
Task Instruction: Convert UTM coordinates to latitude/longitude.
Generated Code:

def string_transformation(input_string):

x, y = map(lambda x: int(x.strip( ’mE,mN’)), input_string.split( ’ , ’))
utm_projection = pyproj.Proj(proj= ’utm’, zone=36, ellps= ’WGS84’,

preserve_units=False)

latitude_longitude_projection = pyproj.Proj(proj= ’ latlong ’, datum= ’
WGS84’)

lon, lat = pyproj.transform(utm_projection,

latitude_longitude_projection, x, y)

return ’ { : . 2 f }N, { : . 2 f }E’.format(abs(lat), abs(lon))
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Observations: For inputs such as "533791mE, 2555735mN", the predicted out-
put ("23.11N, 33.33E") deviated significantly from the ground truth ("23.11N,
39.33E").

Error Categorization: Generalization Failure: Incorrect assumptions about the
UTM zone led to transformation errors. Precision Issues: The code failed to ac-
count for precise input parsing and zone-specific details.

Task 3: Mixed Number to Decimal.
Task Instruction: Convert mixed numbers to decimals.
Generated Code:

def string_transformation(input_string):

match = re.match(r "^(\d*)\s*(\d+/\d+)?", input_string)

if match.group(2):

result = int(match.group(1)) + float(Fraction(match.group(2)))

else:

result = int(match.group(1))

return str(result)

Observations: The function correctly processed inputs like "1 1/8" but failed
for inputs without a whole number prefix, such as "1/8", producing "1" instead
of the correct "0.125".

Error Categorization: Router Misclassification: The router failed to flag edge
cases, incorrectly marking them as solvable. Generalization Failure: The regex
pattern assumed the presence of a whole number, leading to incorrect parsing.

Task 4: CMYK to RGB Conversion.
Task Instruction: Convert CMYK values to RGB.
Generated Code:

def string_transformation(input_string):

cmyk = list(map(float, input_string.split( ’ , ’)))
C, M, Y, K = cmyk

R = 255 * (1 - C) * (1 - K)

G = 255 * (1 - M) * (1 - K)

B = 255 * (1 - Y) * (1 - K)

return f ’ { int (R) } , { int (G) } , { int (B) } ’

Observations: The function performed well for inputs like "0,1,0,0", but
for "0.53,0.42,0.38,0.55", the predicted RGB value ("53,66,71") slightly de-
viated from the ground truth ("54,67,71").

Error Categorization: Precision Issues: The use of int() truncated values in-
stead of rounding, causing minor deviations.

Insights and Error Generalization
From the case studies, several insights show that generalization failures of-

ten stem from overfitting to demonstration data or assumptions about input
structure. Precision issues arise in tasks involving numerical transformations,
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where truncation or rounding leads to deviations. Router misclassifications fur-
ther worsen errors, particularly for ambiguous or edge-case inputs. Address-
ing these challenges requires robust error-handling mechanisms and improved
training for generalization.

7.6.6 Real-World Applications

A key setting for the proposed hybrid system is in enterprise data warehouses [147],
where extensive and repeated transformations of diverse data sources are com-
monplace. In today’s data-driven organizations, analysts often encounter un-
structured or partially structured fields containing information that require ad-
ditional parsing or reformulation before becoming viable for downstream tasks.
A typical example is a column containing natural language product descrip-
tions, user-generated feedback, or semi-structured historical records. Manually
crafting a SQL transformation can be labor-intensive, often requiring domain
knowledge to ensure accurate parsing and subsequent usage.

Consider a data import tool used by business analysts in an e-commerce
setting. Analysts might receive product reviews that contain both “star rating”
patterns and free-form text. The system can employ TableSwift to automati-
cally detect, through sample rows and a user-supplied prompt, how to parse
the “star rating” from the textual feedback. It then either processes each row
individually via a language model (if the content is highly varied or semanti-
cally complex) or, if the transformation proves repetitive (e.g., extracting single
digits preceded by the word “star”), generates an SQL function or snippet. The
transformation scales cost-efficiently to millions of rows while preserving high
accuracy, thanks to minimal human intervention and robust verification proce-
dures.

This scenario mirrors established end-user experiences, such as Microsoft Ex-
cel’s “fill down” mechanism, which leverages programming-by-example [78] to
identify transformation patterns from a few manually filled rows. Our method
extends this concept by adding the power of language models: if the pattern
remains elusive or inherently nuanced, the system falls back to row-by-row lan-
guage model transformations. Additionally, since the user’s prompt explains
the intent of the transformation, the system can generate test queries for a
small sample of data. Analysts then verify the results in real-time within a
transformation wizard interface, ensuring both correctness and reliability.

Another application emerges in financial data consolidation. Institutions of-
ten store trade or transaction details with embedded textual notes or metadata.
Instead of employing dedicated data engineering teams to write ad-hoc parsers,
business users could define prompts describing the fields they need to extract.
The system tests code generation on a sample set of trades; if the code’s ac-
curacy is sufficiently high, it executes a direct SQL or user-defined function.
Conversely, for cases where domain terminology is utilized inconsistently or
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where contextual knowledge is required, a per-record language model strategy
offers a more robust fallback.

By selectively switching between code generation and row-by-row LLM-based
transformations, organizations not only reduce computational costs but also
mitigate errors due to unforeseen variations in data. As a result, data trans-
formations become faster, more scalable, and more transparent, enabling do-
main experts to stay within their familiar data warehouse environment without
extensive specialization in data engineering. This hybrid approach ultimately
democratizes data cleaning and enrichment tasks, offering a pathway toward
more flexible, cost-effective, and user-centric data workflows.

7.7 conclusion and future work

In this paper, we proposed TableSwift, a hybrid framework that combines code
generation with LLM-based fallback solutions to achieve efficient and accurate
data wrangling. By introducing a novel data router component, TableSwift ef-
fectively balances scalability and accuracy, significantly reducing the number of
API calls while maintaining strong performance across various tasks. Our eval-
uation demonstrates the versatility of TableSwift, showing its ability to handle
diverse data wrangling tasks while highlighting its limitations in semantically
complex cases.

Through empirical analysis, we identify task suitability for this framework.
Tasks such as data transformation, where the majority of the dataset follows
a uniform transformation logic, are particularly well-suited for TableSwift. In
contrast, tasks like entity matching, which involve highly variable semantic
patterns across rows, require more sophisticated techniques beyond code gen-
eration alone. This suggests that while TableSwift provides a scalable and cost-
efficient solution, further refinements in routing and task specialization can
enhance its adaptability.

For future work, we explore several key directions to further improve Ta-
bleSwift:

• Weighted Sampling for Demonstration Data: LLMs’ output is sensitive to
the samples in the prompt [88]. Investigating distribution-aware sampling
strategy can substantially benefit the estimation of a number of code solu-
tions.

• Domain Specific Knowledge: From our qualitative error analysis, we find
that LLM-assisted code generation struggles with domain-specific tasks, such
as in the geospatial domain. While external knowledge can be helpful, inves-
tigating how to retrieve and utilize them for code generation can be explored
in the future.
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• Multi Agent System: Ideally, contexts and knowledge needed for the domain-
specific data wrangling can be retrieved by a separate agent. Designing multi-
agent systems can help to expand the scope of the current workflows.

These future directions aim to optimize TableSwift’s efficiency and enhance
its applicability to increasingly complex and diverse real-world scenarios. In
the future, we believe hybrid approaches, such as TableSwift, that can leverage
the speed of code in combination with the flexibility of LLMs, are a powerful
route forward for solving data wrangling tasks.

In this chapter, we design a PPP-based workflow that can handle multiple
data preprocessing tasks while utilizing the trade-off between cost and accu-
racy, showing a promising direction for a PPP-based workflow. Future work
can utilize the PPP paradigm with LLMs to generate IE modules that can be
adapted to different domains while maintaining cost-efficiency.





8
C O N C L U S I O N

This thesis explored how to build knowledge graphs under fine-tuning and
prompting paradigms, through different tasks, including extracting entities,
topics, relations, and entity matching. We identified challenges when employ-
ing pretrain-then-finetune (PTFT) based methods, and explored how pretrain,
prompt, and predict (PPP) based methods can overcome some of the identified
challenges.

In this chapter, we summarize our findings as we answer the research ques-
tions of the thesis. Part I evaluated task-dependent models in complex domains
such as conversations, demonstrating the limits of the PTFT paradigm under
distribution shift and domain complexity. Part II experimented with flexible
LLM-based workflows, showing how the PPP paradigm enables more adap-
tive Knowledge Graph Construction (KGC) through instruction-tuned models
and hybrid orchestration. Together, these findings outline a transition from
static task-specific modeling to dynamic, prompt-driven pipelines and suggest
promising directions for future research.

Research question 1: How do pretrained-then-finetuned Named Entity Recog-
nition models perform under distribution shift?

We explore the impact of various distribution shifts on NER tasks, including
input shifts and label shifts, in Chapter 2. Our results show that NER models
fine-tuned on one dataset degrade sharply under shifts in topic, style and la-
bel category. We provided a systematic way to measure these shifts and linked
them to drops in performance. These shift measures can help anticipate perfor-
mance and guide domain adaptation evidently.

Future work and limitations. Distribution shifts have been one of the major
challenges for cross-domain transfer learning, within text-based classification
tasks [43], such as NER. While a fine-tuning-based method can help mitigate
the presence of shift, open-set learning where classes are unknown during the
training phase, is still a challenging task [43], as also shown in our experimen-
tal results in Chapter 2. Incorporating statistical measures of label shift can
potentially help with designing training strategies, such as through adversarial
learning with disagreement maximization as explored by later works [28]. A
key limitation of our study is that we explore a limited number of statistical
tests for measuring distributional differences. Identifying which measures are
most appropriate for text classification tasks remains an open question.
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Research question 2: To what extent can pre-trained topic models perform
topic emergence detection?

In this work, we evaluated static topic models retrospectively for topic emer-
gence detection and introduced an unsupervised metric for this goal in Chap-
ter 3. Our findings show that neural topic models capture semantics well but
underperform on temporal emergence detection when compared with classical
baselines.

Future work and limitations. The retrospective setup reflects the common
practice in organizational and management studies, where static models are
often utilized post hoc. The key observation that static neural models are not
sensitive to the early signals of topic emergence indicates that future research
can explore different ways of enhancing neural static models with the ability
to emphasize novelty, for example, by distinguishing rare terms or integrating
change-point detection. Future research could develop combined metrics that
better align with the specific context of use, in this case, evaluating how well
topic models detect the emergence of new topics.

Research question 3: What are the challenges for pretrained-then-finetuned
models for cross-document coreference resolution in complex conversations

We analyzed cross-document coreference in multi-party email and identi-
fied difficulties such as sparse mentions, aliases, informal style, and long-range
links in Chapter 4. PTFT-based methods struggle even after fine-tuning, indicat-
ing that those methods do not adequately capture the conversational structures
and understand long-form texts.

Future work and limitations. Based on the identified limitations of PTFT-
based models, one way to move forward is to increase the context length as in-
put to models. Later work, mainly in a PPP-based model, has proposed various
ways to increase the length of the context window [210]. Furthermore, creating
better span representations that can take into account the email structures (e.g.,
which email thread, and which sender does the current span belong to) is a
promising way for PTFT-based methods for increasing structure awareness.

Research question 4: To what extent can we improve the ability of Pretrain,
Prompt and Predict-based models to perform Relation Extraction

In this work, we studied instruction-tuned LLMs for relation extraction in
Chapter 6. With pretraining on Wikipedia-like texts and instruction tuned for
a specific relation extraction task with a limited number of examples, PPP pro-
vides competitive results under a setting with a huge set of relation types,
when evaluated manually. Upon showing the capacity in relation extraction,
our findings also demonstrate that traditional metrics struggle at evaluating
more open-ended answers, where plausible answers may not be in the gold
truth set provided by the dataset.
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Future works and limitations. Our results indicate a few limitations. First,
evaluation generation from PPP-based methods remains a challenge. Tradi-
tional metrics are not adequate for counting valid extractions. Later work shows
that semantic evaluation methods, such as LLM-as-judge [74], are better suited
at evaluating PPP-based model generations. Second, our experiments set a de-
fault way of composing instruction data without exploring how the prompt
composition would impact the tuning performance, given that these models
are sensitive to their prompts.

Research question 5: How can PPP workflows improve cost-efficiency for
data preparation tasks?

In this work, we designed a workflow that routes cases between LLM-generated
code and uses LLM to process each row for data wrangling in Chapter 7. On
transformation, error detection, entity matching, and imputation, the system
reduces API usage while maintaining accuracy. Due to the high semantic abil-
ity of PPP models and the high cost of PPP calls, especially for high volumes
of data, we make an attempt to distinguish when to use PPP models for better
cost-efficiency. Our results show the potential of designing PPP workflows that
can improve cost-efficiency in practice.

Future works and limitations. The workflow is designed based on the as-
sumption that the majority of the rows can be handled by generated code.
While this often holds in practice, the workflow does not validate this assump-
tion before invoking code generation. Second, our results show that code gener-
ation underperforms on entity matching, which requires finer semantic under-
standing at the instance level. Therefore, future research can explore semantic
matcher generation and schema checks to verify the proposed generated solu-
tions. Finally, the current workflow fixes the number of solutions as a manual
hyperparameter. Future research can estimate this number adaptively based on
uncertainty (variance in the database).

* * *

This thesis was motivated by the question: how can we construct knowl-
edge graphs reliably in complex domains where data is noisy, evolving, and
structurally diverse? The process of this thesis documents a critical paradigm
shift for KGC, which transitioned from PTFT to PPP, from specialized, fine-
tuned models toward prompting-based systems. These studies showcase both
the limitations of task-specific PTFT pipelines, including failing to generalize,
the need for a huge amount of training data, vulnerability to temporal shifts,
and difficulty handling various linguistic styles and long-form texts. At the
same time, the experimentations with PPP-based workflows present a promis-
ing direction due to their flexibility and higher in-context learning ability with
a limited amount of training data. Yet the paths forward are far from complete.
Beyond tasks explored in this thesis, KGC pipelines also contain challenges
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when inputs are from heterogeneous modalities, more complex ontological con-
straints, and fact-grounded generation and explainability [20, 62]. Addressing
these demands requires a better understanding of models’ black box behavior,
building guardrails around the systems, contextual orchestrations that are tai-
lored to needs, and evaluation protocols that better capture quality and cost in
real-world use [29, 100]. There are open questions around robustness to shift,
integration of domain knowledge, factuality, and scalability of LLM-based sys-
tems. The area of knowledge graph construction remains a rich ground for
future research.
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a
A P P E N D I X A

a.1 label mapping

We provide the dictionary of type mapping across datasets in the following.

Listing a.1: Type mapping dictionary, used for unifying labels across different datasets.
Types given in the key of the dictionary are mapped to those in the value
of the dictionary.

type_mapping = {’PERSON’: ’PER’, ’GPE’: ’LOC’, ’LOCATION’: ’LOC’, ’PATIENT’: ’PER

’, ’DOCTOR’: ’PER’, ’HOSPITAL’: ’LOC’, ’organization’: ’ORG’, ’person’: ’PER’,

’place’: ’LOC’, ’location’: ’LOC’, ’corporation’: ’ORG’, ’Organisation’: ’ORG

’, ’Location’: ’LOC’, ’Person’: ’PER’}

a.2 full results
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Figure a.1: Frequency plots across all datasets with an intersectional vocabulary where
the vocabulary is an intersection of all vocabularies.
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Table a.1: Average F1 scores of 5 trials on sampled datasets (948 samples). Fine-tuning
uses the BioBERT-base model.

conll wikigold BTC cerec re3d i2b2-06 ontonotes SEC WNUT17 GUM sciERC AnEM average f1

conll 0.61 0.40 0.28 0.24 0.18 0.17 0.24 0.12 0.25 0.07 0.00 0.00 0.21
wikigold 0.46 0.54 0.13 0.15 0.25 0.15 0.21 0.14 0.11 0.10 0.00 0.00 0.19

BTC 0.35 0.26 0.64 0.21 0.17 0.16 0.14 0.09 0.17 0.06 0.00 0.00 0.19

cerec 0.23 0.18 0.11 0.70 0.10 0.17 0.08 0.10 0.16 0.14 0.00 0.00 0.16

re3d 0.18 0.20 0.15 0.14 0.48 0.04 0.11 0.06 0.14 0.09 0.00 0.00 0.13

i2b2-06 0.10 0.09 0.16 0.11 0.00 0.74 0.03 0.03 0.06 0.01 0.00 0.00 0.11

ontonotes 0.19 0.10 0.10 0.03 0.11 0.06 0.30 0.04 0.08 0.03 0.00 0.00 0.09

SEC 0.04 0.03 0.03 0.04 0.00 0.00 0.03 0.84 0.02 0.01 0.00 0.00 0.09

WNUT17 0.12 0.09 0.08 0.12 0.05 0.09 0.03 0.01 0.18 0.03 0.00 0.00 0.07

GUM 0.09 0.10 0.07 0.11 0.06 0.02 0.03 0.02 0.06 0.24 0.00 0.00 0.07

sciERC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.28 0.00 0.02

AnEM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.22 0.02
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S U M M A RY

Knowledge graphs (KGs) have become a central technology for integrating,
structuring, and reasoning over information. Yet, constructing KGs in com-
plex domains remains a significant challenge. These domains, such as orga-
nizational conversations, are characterized by noisy, evolving, and structurally
diverse data, which makes traditional workflows brittle and resource-intensive.
This thesis investigates how knowledge graph construction (KGC) can be made
more robust and efficient by examining the limitations of the pretrain-then-
finetune (PTFT) paradigm and by designing solutions based on the emerging
pretrain, prompt, and predict (PPP) paradigm. The first part of the thesis fo-
cuses on the challenges of PTFT-based task-specific models. Chapter 2 stud-
ies distribution shifts in Named Entity Recognition (NER) and demonstrates
how even modest changes in data distributions can lead to large performance
drops, while also showing that shift measures can predict such failures. Chap-
ter 3 evaluates static topic models for detecting the emergence of new top-
ics in dynamic corpora, finding that while neural models capture semantic
coherence well, they struggle to identify when new topics arise. Chapter 4

investigates cross-document coreference in multi-party email, surfacing diffi-
culties caused by sparse mentions, aliases, and long conversational structure,
and showing that PTFT models remain inadequate even with fine-tuning. To-
gether, these chapters reveal why task-specific models generalize poorly in real-
world, complex settings. The second part of the thesis turns to PPP-based so-
lutions that leverage large language models (LLMs) through prompting. Chap-
ter 5 examines instruction-tuned LLMs for relation extraction, showing that
they achieve competitive results when schema knowledge is made explicit in
prompts, while also highlighting the limitations of traditional evaluation met-
rics in this setting. Chapter 6 introduces knowledge-centric prompt composi-
tion for knowledge base construction, demonstrating how prompts enriched
with schema constraints and examples improve precision without the need for
fine-tuning. Chapter 7 presents TableSwift, a hybrid system for data prepara-
tion that routes tasks between LLM-generated code and lightweight fallbacks,
reducing cost while maintaining accuracy across tasks such as transformation,
error detection, and entity matching. These chapters illustrate how prompt-
based workflows can provide flexible, adaptable, and cost-aware alternatives to
PTFT pipelines. This thesis thus traces a critical paradigm shift in KGC: from
specialized PTFT pipelines toward PPP workflows that are more flexible and
interpretable. By diagnosing the weaknesses of PTFT models in conversational
data and proposing PPP-based orchestration methods for extraction and data
preparation, it contributes both empirical insights and practical tools for build-
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ing reliable knowledge graphs. While challenges remain, such as integrating
multimodal evidence, handling dynamic updates, and developing more robust
evaluation protocols, the work presented here demonstrates concrete steps to-
ward making KGC more resilient, efficient, and suited to the complexities of
real-world data.



S A M E N VAT T I N G

Kennisgrafen (KG’s) zijn een centrale technologie geworden voor het integre-
ren, structureren en redeneren over informatie. Het construeren van kennisgra-
fen in complexe domeinen blijft echter een grote uitdaging. Deze domeinen,
zoals organisatorische conversaties, worden gekenmerkt door rommelige, evo-
luerende en structureel diverse data, waardoor traditionele workflows kwets-
baar en kostbaar zijn. Dit proefschrift onderzoekt hoe de constructie van ken-
nisgrafen (Knowledge Graph Construction, KGC) robuuster en efficiënter kan
worden gemaakt door zowel de beperkingen van het pretrain-then-finetune
(PTFT) paradigma te analyseren als oplossingen te ontwerpen op basis van het
opkomende pretrain, prompt, and predict (PPP) paradigma. Het eerste deel
van dit proefschrift richt zich op de uitdagingen van PTFT-gebaseerde, taakspe-
cifieke modellen. Hoofdstuk 2 bestudeert distributieverschuivingen in Named
Entity Recognition (NER) en laat zien dat zelfs kleine verschuivingen in data tot
grote prestatieverliezen kunnen leiden, terwijl ook wordt aangetoond dat shift-
maten dergelijke fouten kunnen voorspellen. Hoofdstuk 3 evalueert statische
topicmodellen voor het detecteren van het ontstaan van nieuwe onderwerpen
in dynamische corpora. Hieruit blijkt dat neurale modellen weliswaar seman-
tische samenhang goed vastleggen, maar moeite hebben om te bepalen wan-
neer nieuwe onderwerpen opkomen. Hoofdstuk 4 onderzoekt cross-document
coreference in e-mailconversaties met meerdere deelnemers en brengt moeilijk-
heden aan het licht, zoals schaarse verwijzingen, aliassen en lange gesprekss-
tructuren. Dit toont aan dat PTFT-modellen zelfs na fine-tuning onvoldoende
presteren. Gezamenlijk laten deze hoofdstukken zien waarom taakspecifieke
modellen slecht generaliseren in realistische, complexe omgevingen. Het twee-
de deel van het proefschrift richt zich op PPP-gebaseerde oplossingen die ge-
bruikmaken van large language models (LLM’s) via prompting. Hoofdstuk 5

onderzoekt instruction-tuned LLM’s voor relatie-extractie en laat zien dat ze
competitieve resultaten behalen wanneer schema-kennis expliciet wordt opge-
nomen in prompts, maar benadrukt ook de beperkingen van traditionele eva-
luatiemethoden in deze context. Hoofdstuk 6 introduceert knowledge-centric
prompt composition voor knowledge base construction, waarbij prompts verri-
jkt met schema-constraints en voorbeelden leiden tot betere precisie zonder dat
fine-tuning nodig is. Hoofdstuk 7 presenteert TableSwift, een hybride systeem
voor datavoorbewerking dat taken routet tussen door LLM’s gegenereerde code
en lichtere fallback-methoden. Dit systeem verlaagt de kosten aanzienlijk, ter-
wijl het toch een hoge nauwkeurigheid behoudt voor taken zoals transforma-
tie, foutdetectie en entiteitsovereenkomst. Deze hoofdstukken illustreren hoe
prompt-gebaseerde workflows flexibele, aanpasbare en kostenefficiënte alterna-
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tieven kunnen bieden voor PTFT-pijplijnen. Dit proefschrift volgt daarmee een
cruciale paradigmaverschuiving in KGC: van gespecialiseerde PTFT-pijplijnen
naar PPP-workflows die flexibeler en beter uitlegbaar zijn. Door de zwaktes
van PTFT-modellen in conversatiedata bloot te leggen en PPP-gebaseerde or-
kestratiemethoden te ontwikkelen voor extractie en datavoorbewerking, levert
dit werk zowel empirische inzichten als praktische hulpmiddelen voor het bou-
wen van betrouwbare kennisgrafen. Hoewel er nog uitdagingen blijven, zoals
het integreren van multimodale data, het omgaan met dynamische updates
en het ontwikkelen van robuustere evaluatieprotocollen, laat dit proefschrift
concrete stappen zien om KGC veerkrachtiger, efficiënter en beter geschikt te
maken voor de complexiteit van data uit de echte wereld.
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