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Since the inception of writing systems, people have left behind written traces of their

lives. Modern media systems further extend these traces to include spoken and digital

records, raising the possibility that future systems could reconstruct aspects of a person’s

life. This dissertation supports that vision by investigating conversational interaction with

representations of historical figures that are grounded in historical content, commonly re-

ferred to as virtual immortality. This dissertation leverages recent advances in retrieval

methods for conversational search, large language models (LLMs), and prompting tech-

niques to propose a conceptual framework for a conversational agent comprising three

stages: retrieval, contextualization, and style transfer. Rather than building a full end-to-

end system, the dissertation begins with an investigation into each component individually.

First, foundational techniques for conversational search are developed through partici-

pation in TREC CAsT 2021, using web-scale document collections. Experiments demon-

strate that automatic query rewriting improves retrieval performance and user-perceived

utility. Second, the work examines a domain-specific setting using a curated Ronald Reagan

collection—diaries, interview transcripts, and public papers. A retrieval-based prototype

for single-turn interactions supports semi-structured interviews with experts from libraries,



archives, and museums (LAM). The study reveals implications for immersive experiences,

archival assurance, and engagement of inquiring visitors. To help bridge this gap, the third

part of the dissertation focuses on text rewriting. Specifically, the task of contextualization

aims to generate clause-level elaborations for uncontextualized mentions. Reagan’s letters

are used as input due to their brevity, and human annotations are collected to investigate

system performance. Results show that prompting LLMs with detailed task instructions

and few-shot examples can achieve near-human performance, confirmed by manual inspec-

tion. Finally, the dissertation investigates text style transfer—rewriting historical content

to match a conversational style reflective of Reagan’s public representation. This is framed

as a data-driven task, in which LLMs are prompted using comparable examples drawn

from texts with topical overlap. Experiments across four sets of paired corpora show that

single-turn, rather than chain-of-thought prompting, combined with short comparable ex-

amples, yields the best results. Automatic measures for entailment align well with human

assessment of content preservation, while style classifiers struggle to capture the subtleties

of stylistic variation when used to assess style strength. In sum, this dissertation offers an

empirical investigation into components that could support conversational interaction with

historical figures. It concludes with a discussion of the opportunities and limitations of

such systems and aims to inspire future interdisciplinary work with born-digital historical

collections.
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Chapter 1: Introduction

Since writing first emerged around 3400–3000 BCE, people have left behind traces

of their lives—evolving from inscriptions to recordings to vast digital footprints. Today’s

abundance of digitized or digitizable human experiences, collectively referred to as his-

torical content, bring forward the richness of human life. Individuals and organizations

preserve selected records—writing, images, music, and even algorithms—as lasting ex-

pressions of ideas to future generations. Consequently, figures like Hammurabi, Aristotle,

Martin Luther King Jr., Shakespeare, Jane Austen, Mozart, Rembrandt, and Euler, remain

effectively immortal through their ideas. This impulse has even extended beyond Earth,

as teams of scientists and cultural heritage specialists sent the Golden Records—carefully

curated compilations of human ingenuity—aboard Voyager 1 and 2 to represent humanity

to potential extraterrestrial life.

Historians and cultural heritage institutions such as libraries, archives and museums

(LAM) have long worked to assemble, preserve, and make accessible historical document

collections tied to individuals [40, 169]. Contemporary individuals are also generating

comparable archives of personal data that may be conveyed to the future. Bell and Gray

define the act of preserving and transmitting ideas to the future as one-way immortality [18].

At the other end of the spectrum is two-way immortality, where a person’s experiences

are not only digitally preserved but also “take on a life of their own,” such as an avatar that

can engage with future generations [18]. Humans have long been evolutionarily attuned

to acquiring and assimilating information through conversation, which makes dialog-based
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approaches especially promising. The idea to emulate a deceased individual, often de-

scribed as digital immortality or virtual immortality, has shifted from science fiction to

early-stage reality. For instance, early systems emulating Charles Darwin [149], Albert

Einstein [18], or Richard Nixon [32] were manually engineered to respond to a limited

range of questions from users. Not only were these early systems limited in their func-

tionality, but they may also fall short in supporting rich information access, particularly for

educational purposes. Acquiring new information in digital form is inherently challenging

for many people [37, 56], and this difficulty also applies to iterative question-answering

over historical document collections, as seen in early systems for virtual immortality. This

dissertation pursues a more ambitious goal: enabling open-ended, conversational interac-

tions with representations of historical figures, grounded in their actual historical content.

Several technologies are now converging to make this possible. Among them, retrieval

technologies have evolved beyond traditional web search to support conversational sce-

narios. When systems handle user queries within a multi-turn conversation, emphasiz-

ing the interpretation and fulfillment of evolving information needs, the task is referred

to as conversational search [42, 128, 166]. In contrast, when ad hoc retrieval is used to

ground generated dialogue responses in external knowledge sources, the task is known as

retrieval–augmented generation (RAG) [47, 94]. Both approaches share a central idea:

when a conversational agent must provide informative and grounded responses, a retrieval

component is invoked to locate relevant information from an indexed collection (or knowl-

edge source). Conversational search emphasizes effective retrieval to meet user information

needs [42], while RAG focuses on integrating retrieved content into generated responses.

This dissertation builds on the conversational search perspective by treating retrieval as a

core capability. However, it diverges from standard RAG approaches by introducing two

additional post-retrieval requirements—contextualization and text style transfer—that are

unique to virtual immortality. These requirements are more tailored than the general dialog
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response generation stage typical of RAG systems. Therefore, I review related work of

conversational search in Chapter 2, and develop foundational retrieval techniques in Chap-

ter 3. Chapter 4 applies general conversational search to the domain of virtual immortality,

where I create a historical document collection, centered on one historical figure, Ronald

Reagan, and develop a retrieval-based prototype that supports semi-structured interviews

with experts from libraries, archives, and museums (LAM).

Another emerging technological development is the rise of large language models (LLM).

LLMs are built on the Transformer architecture, a neural network model introduced by

Vaswani et al. [164], which has become foundational for numerous natural language pro-

cessing (NLP) tasks. The Generative Pre-trained Transformer (GPT) family consists of

Transformer-based models, among which GPT-3 [25] was the first to quickly adapt to new

tasks using only a small number of labeled examples without requiring task-specific fine-

tuning. This approach, which embeds instructions for a new task directly into the prompt

sent to the LLMs, is called in-context learning, where the context often consists of task

descriptions and examples. These advances provide a robust foundation for text generation

tasks, enabling rapid adaptation to new, low-resource domains where adequate training

data may be unavailable. Relevant tasks include elaborative simplification [171], which

not only simplifies input text but also adds explanatory information, and text style trans-

fer to arbitrary target styles [131]. For virtual immortality, I introduce the requirement of

contextualization, drawing on related work in elaborative simplification, to enhance clarity,

as detailed in Chapter 5. Additionally, I incorporate text style transfer to ensure the con-

tent exhibits desirable communicative traits for engaging conversational interaction with

the general public, as detailed in Chapter 6. Contextualization and text style transfer build

on top of retrieval. The next section outlines a conceptual framework for the envisioned

virtual immortality system, which includes stages for retrieval, contextualization, and style

transfer. Instead of building a full end-to-end system, this dissertation examines each com-
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ponent separately.

Yet another category of enabling technologies involve video synthesis, which can be

used to generate highly realistic avatars of the emulated historical figure, such as those

created using online tools like Synthesia.1 This dissertation focuses exclusively on text,

and does not address eventual multimodal realization, in part because existing tools already

offer viable solutions in that space. It is, however, important to acknowledge that advances

in video synthesis raise serious ethical considerations for digital immortality, one of the

most visible being the potential for misuse through malicious deepfake content [75, 106].

The ethical landscape extends well beyond concerns about deepfakes. The very fact

that it is now possible to build these systems, at least in their text-based form, inevitably

leads to a deeper question: should we? Potential issues related to authenticity [77, 158],

consent [102], and emotional impact on audiences [157] all contribute to the complexity of

designing such systems responsibly. As part of this dissertation’s contribution, grounding

conversational interaction in authentic source content through retrieval functionality rep-

resents one step toward responsible system design. The need-finding study offers some

preliminary insight into this ethical question, situated in the specific context of history mu-

seums. A more systematic ethical investigation is outlined as future work in Chapter 7.

1.1 Overall Framework: Retrieval, Contextualization, and Style Transfer

Figure 1.1 illustrates the overall framework for my envisioned conversational virtual

immortality system, organized into three stages: retrieval, contextualization, and style

transfer. The dashed gray box represents the process of completing one conversation turn,

which takes a user utterance (U2) as input and generates a system-generated response (R2)

from the emulated historical figure. This turn may be the first in the conversation or may

1https://www.synthesia.io/
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Figure 1.1: An overall framework with three stages: retrieval, contextualization, and style transfer.
This dissertation explores the mechanisms of the individual components separately.

follow one or more prior turns (U1, R1, etc.). The three system components, one corre-

sponding to each stage, are encompassed within the dashed gray box. This dissertation

explores the mechanisms of each component individually and does not implement the sys-

tem as a fully integrated pipeline.

A user who engages with the virtual immortality system has an evolving and potentially

complex information need [42] pertaining to a historical figure. The retrieval component

may optionally reformulate the utterance by incorporating relevant information from prior

context (U1 and R1) using an automatic query rewriter (described in Section 3.2.1). If

so, the reformulated utterance serves as the query to retrieve relevant passages from the

collection; otherwise, U2 serves as the query.

The retrieved passages are segmented into sentences, with each sentence then rewritten

to better suit conversational interaction. The first rewriting step I propose is contextual-

ization. The anticipated conversational interaction takes place in a modern context that

may be very different from, or even completely unrelated to, the original in terms of time,

place, people, and other factors. This step identifies mentions in the retrieved sentence

that require elaboration to support user comprehension, drawing on elaborative simplifi-

cation [150]. Two sources of information may be selectively integrated into the origi-
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Figure 1.2: Dissertation Overview.

nal sentence: context from preceding sentences within the retrieved passage, and external

sources—an approach inspired by knowledge-enhanced text generation [176].

Historical documents originate from diverse settings with varying communication goals.

The second step, style transfer, rewrites the retrieved content to suit conversational interac-

tion with the general public, such as museum visitors. This framework assumes contextu-

alization precedes style transfer, as reversing the order may inadvertently alter the desired

style. For simplicity, the current framework does not include future components such as

dialogue management, which could regulate turn-taking and conversational flow.

1.2 Research Questions

The dissertation is organized into four parts: Retrieval (Chapter 3), Need-finding (Chap-

ter 4), Contextualization (Chapter 5), and Style Transfer (Chapter 6). Figure 1.2 illustrates

the overall design of this dissertation, and indicates where each specific research question

fits within it.
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1.2.1 Retrieval

Chapter 3 aims to develop foundational retrieval techniques applicable to conversa-

tional interactions. To support this goal, I participated in the 2021 TREC Conversational

Assistance Track (CAsT), which provides a test collection of user utterances situated in a

conversational context, along with corresponding relevance judgments across three large

document collections. I submitted four systems to TREC CAsT 2021. All systems follow

a multi-stage pipeline.2 The pipeline begins with a query rewriter using the Transformer-

based T5-base model, trained on CANARD, a dataset designed for question-in-context

rewriting [51]. The pipeline then performs full-collection keyword-based retrieval using

the BM25 algorithm, returning the top-1000 indexed units. The pipeline eventually per-

forms neural network-based passage re-ranking, implemented using a Transformer-based,

mono-T5 model trained on a general web search dataset named MS MARCO [119].

Query rewriting is critical to a conversational search system. Unlike traditional keyword

search, conversational search needs to handle ambiguous, evolving queries, and understand

context, including references and omissions [41]. Query rewriting is expected to turns brief

user utterances into complete queries ready for retrieval. This motivates my first research

question:

RQ1: Does query rewriting provide the retrieval system with more effective queries?

I answer RQ1 using mixed methods: quantitative evaluation and a qualitative case

study. An ablation study compares submitted runs with and without query rewriting on

the evaluation measures averaged over all queries (i.e., all evaluated conversational turns).

TREC CAsT 2021 uses normalized Discounted Cumulative Gain at position 3 (nDCG@3)

2Note that the retrieval pipeline is only one part of the overall framework for this dissertation, shown in
Figure 1.1.
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as the primary evaluation measure, which reflects how satisfied a user would be if a voice

assistant responded verbally with very few retrieved passages [41]. Results show a substan-

tial increase in nDCG@3 with automatic query rewriting, indicating clear benefits. Further

comparisons between manually rewritten queries, the CAsT organizers’ baseline, and my

implementations demonstrate that query rewriting achieves useful improvements over the

original utterance in retrieval effectiveness.

In addition to query rewriting, I explore several configurations within the conversational

search pipeline that may impact retrieval performance. These include: (1) document-level

evidence augmentation, (2) indexing granularity, and (3) dense retrieval with sharding.

Document-level evidence was found effective in the 2021 TREC Deep Learning track,

likely because it introduces or reinforces key terms. Dense retrieval leverages contextual-

ized language models such as BERT to encode documents and retrieve top candidates via

Approximate Nearest Neighbor (ANN) search [85]. Scaling dense retrieval to a collection

the size of CAsT 2021 requires some parallelism due to local computational constraints that

I faced. To address this, I apply sharding, which distributes dense retrieval across smaller

subsets of the collection. As these features may influence both retrieval effectiveness and

efficiency, I ask my next research question:

RQ2: Which other features are helpful for retrieval performance, i.e., effectiveness

and/or efficiency?

To evaluate, I compare systems using the primary measure nDCG@3, along with ad-

ditional measures nDCG@5 and nDCG@500 to assess performance beyond the top ranks.

The results indicate the following: (1) Document-level evidence significantly improves

performance at lower ranks (nDCG@500) but not at the top (nDCG@3 or nDCG@5),

with only a modest increase in index size; (2) Document-level indexing increases pipeline
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runtime by a factor of six; (3) Combining dense and sparse retrieval yields statistically sig-

nificant gains in effectiveness over sparse-only retrieval at lower ranks, but not at the top

ranks. Overall, these three features are less effective than query rewriting in improving

retrieval effectiveness.

These findings are shaped by the TREC CAsT evaluation setup, which relies on general

web-scale corpora, and relevance judgments that are prone to pooling bias [27]. Further-

more, limitations in the relevance judgments, annotated at the document level, may affect

retrieval effectiveness measurements in unknown ways. While these findings may not gen-

eralize directly, the retrieval techniques developed here inform the design of retrieval sys-

tems over domain-specific historical document collections, which is the focus of the next

chapter.

1.2.2 Need-finding

Need-finding is a foundational process in human-computer interaction that identifies

user needs and use contexts, potentially guiding the design of user-centered systems. A

publicly available historical document collection centered on one historical figure, Ronald

Reagan, was used in this study. I assemble the collection by scraping, parsing, segmenting,

and indexing documents across three types, including 8,147 public papers, 2,902 diary en-

tries, and 247 interview transcripts with reporters. Combined with the retrieval techniques

developed in the previous chapter, I construct a prototype system that enables conversa-

tional search over this collection. The prototype supports single-turn interactions (i.e.,

without prior conversational context). The first research question explores the system’s

core utility—supporting information access:

RQ3: Could the envisioned system, as demonstrated by the prototype, return results about
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historical figures that LAM experts would perceive as potentially useful?

To evaluate this, I conducted semi-structured contextual interviews with four experts

in libraries, archives, and museums (LAM) who could offer insight into this specialized

information access problem. Each session began with a brief tutorial and hands-on use of

the prototype, followed by a think-aloud inspection of the retrieved results. The conversa-

tion then transitioned naturally to the broader implications of deploying such a system in

cultural heritage settings:

RQ4: What are the opportunities and challenges for embedding the envisioned system

into real information access scenarios, exemplified by that of historical museums?

Participants were prompted with topics such as “digital archives status quo,” “visitor

engagement,” “curated contents,” “visual design,” “challenges,” “values,” on which they

provided responses. I analyzed interview transcripts using iterative open-coding to identify

recurring themes. Overall, participants viewed the prototype as promising and affirmed its

value. Their responses inform implications and lessons, including immersive experiences

that extend beyond the current text-based prototype, and the importance and current tension

of archival assurance. They also helped identify potential target users: museum visitors

who are motivated to engage in deeper inquiry or long-term scholarly work.

From the perspective of the framework in Figure 1.1, the prototype supports content re-

trieval but does not implement any transformation from retrieved content to conversational

responses. Thus, participant feedback reflects both near-term reactions to retrieval rele-

vance and longer-term, conceptual perspectives on immersive future systems. Developing

an end-to-end system and conducting systematic user studies are recommended directions

for future work.
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1.2.3 Contextualization

One motivation for rewriting retrieved historical content is to reduce information bar-

riers. For instance, the general web search dataset MS MARCO introduces an answer

generation task where systems compose answers from retrieved passages such that the an-

swers make sense when spoken by voice assistants [13]. For my envisioned conversational

interaction, if a museum visitor asks “Any sports experience of you (Ronald Reagan)?”

and the emulated historical figure responds with “Coach Mac, now in his 90s, is still as-

sisting the football coach at Eureka”—a sentence from the Reagan collection, retrieved

for its its topical relevance to the user utterance—it may be confusing without further con-

text. Names like “Coach Mac” and “Eureka” require explanation to be meaningful to a

general audience. Figure 1.3 shows a 1986 letter from Reagan to his colleague Alonzo

Smith, from which this sentence is taken; it includes a reference to Coach Mac and tran-

sitions into a discussion of historically Black colleges. Considering this letter, a clearer

response might be: “Coach Mac, who coached me and my teammate Alonzo, now in his

90s, is still assisting the football coach at Eureka, where I graduated in 1932 and re-

mained closely connected throughout my life.” The added clauses, “who coached me and

my teammate Alonzo” and “where I graduated in 1932 and maintained a close connec-

tion throughout my life” are two pieces of explanatory information. One draws from the

preceding context and one draws from external knowledge (e.g., Wikipedia), helping users

better understand the reference. This illustrates a common challenge when using personal

historical documents, such as letters or diaries, where references like “Coach Mac” and

“Eureka” may not be self-explanatory. Figure 1.3 shows a 1986 letter from Reagan to his

colleague Alonzo Smith that includes this reference to Coach Mac and transitions into a

discussion of historically Black colleges. I refer to such potentially confusing segments as

uncontextualized mentions. The task of adding explanatory information to improve user
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Figure 1.3: A Reagan letter with editorial notes, written to a specific correspondent, illustrating the
need for contextualization.

comprehension is known as elaborative simplification [150]. In this dissertation, I define

the contextualization requirement as generating clause-level elaboration texts for uncontex-

tualized mentions. These elaboration texts may be derived from two sources: either from

preceding context or from external sources such as a knowledge base [176]. Accordingly,

a mention is labeled as either Contextual or External, based on its information source.

In the Need-finding chapter, I assemble the Reagan Collection, and reference a set of

1,058 Reagan’s letters. To investigate the contextualization problem, I process the Reagan

collection, where letter sentences are the source texts for contextualization. These letters

are typically brief and written to insiders—unlike the general public I envision as the users.

To explore the nature of contextualization, I collect human annotations performing contex-

tualization on sentences from letters and measure inter-annotator agreement:

RQ5: How well do people agree when they perform the contextualization task?

These annotations also serve as reference data for evaluating system outputs. I pro-
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pose four LLM-based approaches to perform contextualization, each involving one or more

passes of few-shot prompting. Each approach identifies mentions that require elaboration

in a letter sentence, then generates an elaboration clause for each mention.

• Approach 1: EntLink prompts the LLM with a standard named entity recognition

recipe to identify named entities, then to generate elaborations using information

from Wikipedia.

• Approach 2: Coreference prompts the LLM to identify Contextual mentions, then

to elaborate using information from the preceding context, which is included in the

input.

• Approach 3: Sequential combines the second and first approaches in that order,

demonstrating a cascading effect.

• Approach 4: Joint prompts the LLM to identify both Contextual and External men-

tions, and to elaborate using either the preceding context, or knowledge embedded

in the LLM. Its prompting instructions follow the same structure as the second ap-

proach and closely mirror the task instructions given to human annotators, making it

a close simulation of how LLMs can perform the task in a human-like manner.

All approaches are implemented using OpenAI’s GPT-4o model. For the Joint approach,

I also include implementations using Claude 3 Sonnet and Claude 3 Haiku, resulting in a

total of six systems.

System outputs are evaluated against human annotations along two dimensions: (1)

the accuracy of mention identification, and (2) the quality of the generated elaboration

clauses. Additionally, a complementary human evaluation uses 5-point Likert scales to rate

the same two dimensions—mention identification and elaboration quality—directly prob-

ing how people perceive the effectiveness of such outputs. This evaluation design allows
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us to answer:

RQ6: How well can a computer system perform contextualization?

Findings show that system-identified mentions and system-generated elaborations can

be effective. System decisions on what to elaborate are often appropriate, and elaborations

are generally high quality. The Joint approach achieves over 85% of human-level perfor-

mance on both dimensions. A drawback of this evaluation design is the time and cost to

collect human annotations and run human evaluation. Given this strong performance and

the similarity of the LLM prompt to human-readable instructions, I treat output from the

Joint approach as LLM-generated annotations and explore their use as substitute for human

annotations:

RQ7: Can LLM-generated annotations substitute for human annotations in evaluation?

Using LLM-generated annotations yields system rankings similar to those based on

human annotations, suggesting that they may in some cases be useful as a basis for recog-

nizing promising systems. While promising, the comparison is limited by the small number

of systems being compared, which constrains the strength of this conclusion.

1.2.4 Style Transfer

In addition to contextualization, another rewriting goal is to adapt the text to reflect

the speaking style of a historical figure conversing with the general public, such as mu-

seum visitors. If the envisioned system responds to a visitor with a letter sentence from

the Reagan collection, “Also much of that aid is to help those countries have a defense

14



capability of their own which is less costly than if we had to provide that defense with

our own forces,” the message may emphasize financial concerns. This can come across as

transactional rather than strategic. A more diplomatic phrasing would be, “And some of

that aid, also, is, very practically, military aid to those countries so that they can defend

themselves.” The task of rewriting a text to reflect a particular style with distinctive char-

acteristics, while preserving its original content, is known as text style transfer. Style is

defined as the distinctive characteristics of text, including word choice, syntax, metaphors,

and discourse features such as stream of thought [82]. In most style transfer problems, both

source and target styles are defined through examples rather than fixed rules [82], making

few-shot or even zero-shot prompting with LLMs a viable approach [131]. In my problem,

personal communication documents such as letters are written, non-conversational texts,

therefore substantially diverging from the target style. Therefore, I designate letter sen-

tences to serve as the source style. Sentences from four types of verbal materials—Reagan

interviews with students, interviews with reporters, presidential debates, and speeches—

serve as target styles. I propose five LLM-based approaches, each following a general

prompting schema called SUP-NATINST [167].

• Approach 1: NOEX follows the SUP-NATINST schema without any few-shot ex-

amples. It specifies the target style descriptively.

• Approach 2: SUP-NATINST builds on Approach 1 by incorporating one or a few

few-shot examples.

• Approach 3: PREPAREDDESCR builds on Approach 2 by specifying the target style

in a declarative manner—using style attributes such as “assertive.”

• Approach 4: STYLEREASONING builds on Approach 3 by incorporating Chain-of-

Thought reasoning [168]—the LLM is prompted to first pinpoint segments that have
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style misfit, and then rewrite each segment accordingly.

• Approach 5: ENDGOAL differs from Approach 4 by reverting to the descriptive

specification of the target style in Approach 1.

I select comparable examples—pairs of source and target texts that overlap topically

(e.g., the same policy discussed in both a Reagan letter and a public address)—as few-

shot examples. Approaches 2 through 5 are each implemented in two variants (i.e., two

systems), distinguished by the length of their comparable examples: Long examples use

source texts with more than 22 tokens, while short examples use 22 tokens or fewer. This

results in a total of nine systems.

Evaluation is conducted through human judgments of system outputs and automatic

measures assessing (1) target style strength, measured by a trained classifier that estimates

the probability a text belongs to the target style—this score is either averaged across texts

(Average Probability) or thresholded to compute Accuracy; (2) content preservation, mea-

sured by a publicly available Multi-Genre Natural Language Inference (MNLI) entailment

model. This leads to the next research question:

RQ8: How well can systems perform the proposed style transfer task?

Across four corpora, results consistently show that prompting without chain-of-thought

reasoning and with short comparable examples yields the best overall performance, achiev-

ing about 75% of an ideal high baseline. Next, I test the impact of varying the number of

examples, and ask:

RQ9: How does the number of prompting examples affect a system’s ability to perform

style transfer?
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To answer RQ9, I run the same automatic evaluation with varying number of prompt-

ing examples. Results show that 2-shot prompting performs best for content preservation,

while 1-shot prompting yields the best target style strength. Meanwhile, a common limi-

tation of automatic evaluation is the degree to which automatic measures such as Average

Probability and MNLI approximate real-world user preferences. This motivates the next

question:

RQ10: To what extent can the selected automatic evaluation measures approximate hu-

man preferences in style transfer?

I validate automatic measures by assessing their correlation with human ratings. Cor-

relation analysis and manual inspection both show that MNLI correlates moderately well

with human judgments of content preservation. In contrast, Average Probability and Ac-

curacy, both derived from the style classifier for measuring target style strength, are overly

influenced by common discourse markers in the corpus and fail to capture broader stylistic

variation, leading to weak correlation with human ratings of target style strength.

1.3 Dissertation Outline

The remaining chapters of this dissertation are structured as follows: Chapter 2 pro-

vides background and reviews related work. Chapter 3 presents foundational retrieval tech-

niques for conversational search, along with empirical results on the TREC CAsT 2021

test collection (a general, large-scale web corpus). These findings serve as inspiration for

the envisioned system, whose first stage involves conversational search over smaller-scale,

personal document collections. In Chapter 4, I apply retrieval techniques to develop a
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single-turn, retrieval-based prototype using the Ronald Reagan collection. This prototype

supports a need-finding interview study with experts from libraries, archives, and muse-

ums, uncovering potential uses, opportunities, and challenges for the envisioned system.

Chapter 5 introduces the task of contextualizing retrieved texts, as the second stage of the

envisioned system. I propose prompting approaches using large language models (LLMs)

to identify mentions and generate elaboration texts. I then collect human annotations for

each step and develop an evaluation methodology to approximate system effectiveness. In

Chapter 6, I examine a new text style transfer task as the third stage of the envisioned

system: rewriting texts into a more conversational form that uses public-facing language.

I propose approaches that prompt LLMs with comparable examples illustrating the style

transfer effect while maintaining content alignment, and conduct evaluation accordingly.

Finally, Chapter 7 concludes the dissertation by summarizing contributions, reflecting on

the limitations of the preceding chapters, and outlining directions for future work.
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Chapter 2: Related Work

This dissertation addresses the long-standing vision of virtually emulating specific in-

dividuals, commonly referred to as virtual immortality. Many memorial museums and

institutions in the broader cultural heritage sector are actively curating large collections of

historical personal documents for the purpose of historical retelling [40, 169]. These rich

resources also present growing opportunities to authentically reanimate a person’s life.

To that end, this dissertation proposes a framework for virtual immortality (Section 1.1),

built around three components: retrieval, contextualization, and style transfer, applied to

content from a historical document collection. The framework is informed by emerging

technologies, including retrieval techniques for conversational scenarios, large language

models (LLMs) with prompting methods that are versatile at empowering text rewriting

tasks, such as knowledge-enhanced text generation, elaborative simplification, and text

style transfer. The following sections review these topics. Relevant evaluation methods,

including statistical tests, are also introduced to lay the groundwork for the evaluation

designs presented in Chapters 5 and 6.

2.1 Virtual Immortality

Museum Studies is a broad academic field that concerns museums from different angles,

where history museums occupy a significant position. A unique category among history

museums is museums that center around a specific historical figure. Museums of historical
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figures sometimes co-locate, or share the same administration with the research library (or

archives) of historical figures. Cases include the Emmett Till Interpretive Center [53] in

Sumner, Mississippi, the Dalı́ Museum [154] in St. Petersburg, Florida, and the Abraham

Lincoln Presidential Museum and Library [1] in Springfield, Illinois. Cases also extend to

historical family groups include the Morgan Library and Museum in NYC and the Hagley

Museum and Library in Delaware. Public venues exemplified by memorial museums curate

collections about historical figures and display themed narratives for the general public.

Traditionally, reenactments are activities where professionals in museums or historic

sites, either alone or with visitors, dress up in historic outfits, and/or demonstrate historic

artifacts [11, 109]. Reenactments achieve a close simulation of past stories in the present.

Controversies and budgeting are two realistic concerns with reenactments. More recently,

museums that adopt interactive computer technologies have emerged to engage, enrich,

and cultivate public interest [16]. The future of museums involves an interlinking between

culture and education, and a requirement to creatively engage diverse audiences [163].

Memorial museums can innovate by exhibiting virtual representations of historical figures.

For example, the Nixon library had a presidential forum that mimics Nixon to whom visi-

tors could ask more than 280 curated questions [32]. This effort falls into the research area

named virtual immortality.

Virtual immortality broadly refers to systems designed to enable conversation with rep-

resentations of specific individuals, whether historical figures or fictional characters [18,

122, 137]. Researchers have hypothesized a two-stage process to achieve virtual immor-

tality: first, creating archival records of a person; second, constructing a live avatar based

on those records [18]. Many notable systems in this area are hand-engineered, using cu-

rated content to respond to a limited set of anticipated questions rather than accommodat-

ing to a wider range of, usually open-ended user questions. Examples include systems

that use recordings of actors to portray Charles Darwin [149] or Albert Einstein [107],
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a virtual President Nixon [32], interactive storytelling systems featuring Holocaust sur-

vivors [7, 9, 159], a representation of the playwright August Strindberg serving as a tour

guide about Stockholm [19, 69], and a fictional character (Sergeant Blackwell) who an-

swers military training questions [93].

More recent efforts, however, have focused on automating aspects of this process through

advancements in AI. In 2022, Amazon Alexa’s head scientist demonstrated a developing

feature of its voice assistants, capable of cloning any person’s voice, living or deceased,

using less than a minute of recorded audio [73]. In one scenario, a child asks “Alexa,

can Grandma finish reading me the Wizard of Oz?” and Alexa responds in a softer, more

humanlike tone that seems to mimick the child’s grandmother. The trend of resurrecting

the dead with AI has also been examined in a Communications of the ACM article by

Kugler [87], published in April 2024, which describes the growing normalization and con-

venience of recreating individuals through AI avatars. This trend has been largely driven by

advances in generative AI, particularly large language models (LLMs) such as ChatGPT,

which can generate human-like language. Since this dissertation focuses on text-based

applications, a subsequent section will review relevant LLM architectures and prompting

techniques.

Kugler highlighted that post-death chatbots present evolving cultural issues, whose im-

plications vary depending on how such technologies are contextualized. He identified emo-

tional pitfalls, including the potential to disrupt the natural grieving process and blur the

line between memory and reality; legal liability such as the non-consensual use of posthu-

mous data; and ethical concerns related to personal dignity, raising the notion of “forced

immortality.” One example is Project December, a 2020 interactive experience powered by

GPT-3, in which users engaged with simulated versions of deceased loved ones as a way to

process grief [44]. Public reactions to the system have ranged from direct criticism to mild

comparisons with established practices in grief counseling and psychological therapy [60].
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The need for a systematic and in-depth ethical inquiry, especially in anticipation of a mul-

timodal realization, is acknowledged but reserved as future work in the development of the

envisioned systems in this dissertation (Section 7.3.1).

2.2 Retrieval for Conversational Scenarios

The topic of retrieval in conversational contexts can be understood through two dis-

tinct perspectives, depending on the disciplinary focus. The first perspective is retrieval

in support of conversational search systems, which differs from traditional web search by

emphasizing interactive, multi-turn information-seeking behaviors. This task, commonly

referred to as conversational search [128], involves interpreting and responding to a user’s

evolving information need throughout a dialogue. Unlike standard keyword-based ad hoc

search, A theoretical framework of conversational search points that user queries in con-

versational search are context-dependent, they may include omissions, co-references, or

ambiguities that require interpretation within a broader conversational history [128]. To

benchmark research in this area, the TREC Conversational Assistance Track (CAsT) was

conducted annually between 2019 and 2022. The task involves retrieving and ranking rel-

evant passages for each user query within multi-turn sessions, using document collections

such as MS MARCO [13] and Wikipedia (from the TREC Complex Answer Retrieval

Track). For example, the 2019 CAsT benchmark includes 50 conversational search ses-

sions, each consisting of roughly ten queries, accompanied by relevance judgments. A

common retrieval pipeline involves automatic query rewriting, followed by BM25 (a rank-

ing function in information retrieval to assess document relevance to a given query) for ini-

tial passage retrieval and a BERT-based re-ranker for final ranking [117]. Over the years,

CAsT gradually introduced more realistic task setups. In 2020, the concept of system re-

vealment was introduced [128] , where canonical system responses are included to provide
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conversational context that user utterances may reference [42]. In 2021, this was extended

by providing a single, manually selected canonical response for every query in the devel-

opment set. That year also marked our participation in TREC CAsT, during which we

developed foundational retrieval techniques based on the field’s recent advancements.

The second perspective on retrieval in conversational settings centers on its role in gen-

erating natural language responses. This is often referred to as retrieval-based [166], or

retrieval-augmented generation (RAG) [94], where retrieved content is used to ground

the dialog system’s output in factual sources. While the retrieval perspective in CAsT

is focused on modeling and evaluating retrieval relevance, RAG emphasizes the quality

of text generation that retrieval enables, especially for downstream applications such as

conversational agents. Indeed, researchers in retrieval sometimes see RAG as a long-term

goal: transforming retrieved content into responses that are conversationally appropriate

and user-friendly. For example, MS MARCO supports a natural language generation task,

where systems are required to produce answers suitable for spoken presentation via smart

assistants [13]. This second perspective aligns more directly with the goals of Chapter 5

and 6, which involves rewriting historical texts to enhance conversational quality. How-

ever, both retrieval-based dialog response generation and retrieval-augmented generation

are very broad and rapidly growing areas of research. A comprehensive survey would di-

lute the relevance to this dissertation’s more focused goal. I therefore narrow the scope of

related work to three strands that function as procedural steps in this dissertation: entity

linking, knowledge-enhanced text generation, and text style transfer.

2.3 Large Language Models and Prompting Methods

Large language models (LLMs) have transformed the landscape of natural language

processing (NLP). These models are built on the Transformer architecture, introduced by
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Vaswani et al. [164], which has become the backbone for numerous NLP tasks. Among

the most influential Transformer-based models is the Generative Pre-trained Transformer

(GPT) family. Notably, GPT-3 [25] introduced few-shot and zero-shot learning via in-

context learning—a paradigm where models are guided using natural language prompts

and examples without requiring task-specific fine-tuning. In this context, crafting input

prompts that specify a task, optionally including input-output example demonstrations to

instruct the model on how to respond is prominent. One increasingly popular prompting

strategy is chain-of-thought prompting [168], which encourages the model to generate in-

termediate reasoning steps before producing a final answer. This approach has been shown

to improve performance on tasks that require multi-step reasoning. Prompting has proven

particularly effective for novel or low-resourced tasks. Benchmark studies, such as the

SUPER-NATURALINSTRUCTIONS project [12, 167], have contributed large-scale collec-

tion of tasks (ranging from 176 to over 1,600) with corresponding instructions. These

benchmarks adopt a unified schema, typically consisting of a natural language task def-

inition, positive and/or negative examples (input-output pairs), and short explanations or

rationales. In this dissertation, I solve both text rewriting tasks, contextualization and style

transfer, using LLMs without further fine-tuning. My focus is on prompt engineering, re-

fining instructions and curating examples from training data to support effective few-shot

learning. For example, a chain-of-thought prompting strategy is adopted in one proposed

system in Chapter 6 to guide GPT-based LLMs through style transfer tasks: pinpointing

text segments that do not fit to the target style, and revising the segments for the target

style.

Later models such as GPT-3.5, ChatGPT, and GPT-4 further enhance LLM capabilities

by improving alignment with human preferences, increasing factual accuracy, and enabling

more effective conversational responses. Among them, ChatGPT is specifically optimized

for dialogue generation, making it a candidate for conversational rewriting tasks. How-
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ever, despite these improvements, a key limitation remains: the issue of hallucination [77],

where models generate content that is fluent but factually incorrect or unverifiable. This is

particularly problematic in applications on historical texts, where fidelity to source mate-

rial and traceability are essential. Accordingly, this dissertation draws both inspiration and

caution from the evolution of LLMs.

2.4 Entity Linking

The contextualization stage in the envisioned system in this dissertation elicits the need

to first identify uncontextualized mentions—text spans that may lack sufficient information

for interpretation by modern audiences—followed by elaborating on them. This task is

closely related to research in Entity Linking [143], which typically follows a three-step

process:

1. Identifying named entities in text;

2. Distinguishing between similarly named entities,

3. Linking each entity to a unique entry from a knowledge base (KB).

Wikipedia is a common choice of KB in Entity Linking tasks, and the associated task of

Wikification involves identifying important words or phrases in a document and linking

them to appropriate Wikipedia articles [112]. Entity Linking systems often classify men-

tions into three types:

• Named mention: specific references to a full name or partial name (e.g., Lincoln for

Abraham Lincoln),

• Nominal mention: noun phrases that refer to an entity without using a full or partial

name (e.g., the president),
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• Pronominal mention: references using pronouns (e.g., he, they).

The selection of which entities to process in Entity Linking can vary. Some systems rely on

predefined categories (e.g., names, organizations, locations), while others prioritize based

on application-specific importance—for example, focusing on key concepts in educational

content [112]. Like Wikification, while uncontextualized mentions as introduced in Chap-

ter 5 may correspond to any of the three types above, only the most important ones are of

interest. Unlike traditional Entity Linking, which outputs a link to a knowledge base, my

contextualization process generates clause-level elaboration texts, which are better suited

for conversational interaction than hyperlinks.

2.5 Knowledge-enhanced Text Generation

After identifying mentions, contextualization generates elaborative texts, but what in-

formation should be included in such elaborations? The field of Knowledge-enhanced

Text Generation (KETG) [176] offers useful guidance, particularly through its empha-

sis on knowledge selection, which involves identifying relevant information from various

sources to enhance generation. The KETG framework improves text generation by in-

tegrating both internal knowledge (information embedded in the input text) and external

knowledge (drawn from sources such as knowledge bases). In this dissertation, I assume

that a response by the historical figure may draw on various sources, including contem-

poraneous news articles, encyclopedia entries (e.g., Wikipedia), local textual context, and

neighboring content from the same document collection. These assumptions are subse-

quently refined into a formal problem formulation (Chapter 5, Section 5.1). While KETG

research explores a broad ensemble of methods for incorporating structured and unstruc-

tured knowledge, some of which include network structure, dictionaries and tables, my

approach focuses specifically on integrating unstructured textual knowledge.
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Elaborative simplification [150] is a specific knowledge-enhanced text generation task

that mimics the work of human editors: composing documents that are both simplified and

elaborative, with the original context serving as the primary source of knowledge. Srikanth

et al. [150] characterized this process as a sentence-level transformation, where content

additions are made to enhance contextual specificity through the insertion of definitions,

explanations, or clarifications. Their approach uses GPT-2, a pretrained large language

model fine-tuned on the elaborative simplification task dataset. The model was chosen

for its ability to draw on world and commonsense knowledge, considered competitive at

the time of development, while also attending the specific context provided in the input.

The work in Chapter 5 differs from elaborative simplification in granularity. Rather than

rewriting at the sentence level, my problem formulation focuses on rewriting at smaller

textual units, and performs clause-level transformations. This finer-grained rewriting in-

crease the likelihood of producing elaborations that are both contextually appropriate and

semantically coherent.

2.6 Text Style Transfer

Text style transfer is the task to rewrite a piece of text to reflect a different style while

preserving its original content. The general goal is to modify the form or stylistic attributes

within the text, such as sentiment, formality, or persona characteristics, to meet specific re-

quirements of an application [58]. Early work on style transfer relied on hand-crafted rules

to perform paraphrasing and simplification, which could induce stylistic effects [31]. Later,

statistical approaches emerged, such as models guided by word co-occurrence graphs built

from large corpora in the target style [15, 79]. More recent work has adopted Transformer-

based models, treating style transfer as a sequence-to-sequence text generation task [103].

Other approaches formulate it as a text-infilling task, leveraging Masked Language Mod-
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els (MLMs) such as BERT or RoBERTa, which are fine-tuned to rewrite selected spans

in alignment with a target style [104, 105]. GPT-based large language models (LLMs)

have demonstrated strong performance in both standard style transfer tasks (e.g., sentiment

transfer) and more open-ended cases, where styles are defined with natural language de-

scriptors like “melodramatic” or “uses metaphor” [131]. Style transfer problems include

formality transfer [129], gender obfuscation [130], and emulating highly distinctive voices

such as characters from Star Trek [79].

One closely related application to Chapter 6 is author imitation [72, 80, 152, 173],

where the goal is to transform content into the distinctive style of a particular author. While

my dissertation shares the overarching goal of modeling conversational interactions in the

voice of a historical figure, it differs from typical author imitation in an important way:

in my case, the source texts were also written by the same author. That is, the original

language already reflects the individual’s voice in one context. The text style the trans-

formation targets a different communicative style within the same author’s voice. This

intra-author variation arises naturally due to different communicative goals across docu-

ment types (e.g., public speech vs. private letters).

Readers might also compare my work to persona-based dialogue systems [96, 108, 147,

177, 179], where the goal is to generate responses consistent with a predefined, often artifi-

cial persona (e.g., “I had spag bol for dinner (dinner: spag bol”). While there are concep-

tual similarities, such as evaluating style transfer strength with a classifier, akin to dialogue

consistency, my task is distinct in that it does not involve generating simple, chit-chat-style

responses from scratch. Instead, Chapter 6 is a self-contained style transfer problem over

historical texts: transforming rich content from a historical document collection to match a

desired conversational style.
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2.7 Evaluation Methodology

The evaluation methodology underlying this dissertation is multi-faceted and domain-

specific. In information retrieval (IR), standard evaluation measures include normalized

Discounted Cumulative Gain (nDCG) [78], which compares a system’s ranking to an ideal

ordering with all relevant results at the top, and Mean Average Precision (MAP) [28], which

computes the mean of average precision scores across all queries. Both measures are used

in Chapter 3 to evaluate system output against ranked relevance judgments.

In contrast, natural language generation (NLG), relevant to Chapter 5 and 6, relies on

a combination of human and automatic evaluation. Human evaluation in NLG typically

follows either pointwise or pairwise approaches [95].

• Pointwise judgments assign scores to individual outputs, often on ordinal scales

such as a 5-point Likert scale. These scores may be numeric or defined with task-

specific descriptors [5]. However, pointwise ratings can be cognitively demanding

and suffer from inconsistency, particularly for complex tasks [50].

• Pairwise preferences, where evaluators choose between two outputs, are often found

to yield higher inter-annotator agreement and better reflect actual human prefer-

ence [20].

Listwise ranking, also sometimes used in IR, lets evaluators rank a set of system outputs

at once and has advantages such as reduced cognitive overload and resistance to cyclic

inconsistencies. In Chapter 6, I adopt a hybrid evaluation design using both pointwise and

pairwise formats to assess style transfer quality.

Automatic evaluation in NLG falls into two broad categories: reference-based and

reference-free evaluation [153].
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• Reference-based evaluation compares system output (the hypothesis) to one or

more reference texts provided in a benchmark. Common reference-based measures

include BLEU [121], ROUGE [100], and METEOR [14], which primarily assess n-

gram overlap. In style transfer tasks, these metrics approximate qualities like content

preservation [82].

• Reference-free evaluation scores solely based on the hypothesis. One such example

is using a style classifier to compute style transfer accuracy, i.e., the percentage of

outputs predicted as being in the target style.

More sophisticated automatic measures based on pre-trained neural models and of both

categories are increasingly used. For example, the reference-based BERTScore [178]

leverages contextual embeddings to compute semantic similarity at the token level. The

reference-based MNLI model, fine-tuned on the natural language inference (NLI) dataset,

assesses the semantic relationship between the original and rewritten texts [22]. In addi-

tion, the reference-free, fine-tuned text classifiers based on RoBERTa-large can be used to

estimate style strength for text style transfer problems.

Beyond reporting mean measure values, this dissertation employs statistical analysis to

validate findings. This includes visualizing 95% bootstrapped confidence intervals for the

automatic measures, and use of a bootstrap hypothesis test for more rigorously distinguish-

ing between system pairs when one’s confidence interval overlaps with another’s measure

estimate (Appendix E).

Correlation analysis is a common form of meta-evaluation that can characterize evalu-

ation quality [63]. For instance, I assess correlation between sentence-level human judg-

ments and automatic measure values (Chapters 5 and 6). I also assess correlation between

system-level measure scores derived from different sets of human annotations (Chapter 5).

The following correlation measures are widely reported in the NLP and IR literature. Spear-
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man’s ρ [148] and Kendall’s τ [84] both assess rank correlation [61]. Kendall’s τ measures

monotonic relationship between two set of values through the count of concordant vs. dis-

cordant pairs. Pearson correlation [123] measures linear correlation between scores rather

than ranks, and Pearson rank [64] is a head-weighted, score-sensitive variant of Pearson

correlation, emphasizes agreement on score magnitude in higher-ranked outputs. Spear-

man’s ρ is Pearson correlation calculated with the rank of values instead of the actual

values [140]. Accordingly, I chose the ones that fit the characteristics of the evaluation

requirements.

2.8 Summary

This chapter surveys the literature that informs the dissertation’s three core components:

retrieval, contextualization, and style transfer. It begins by grounding these components in

the broader vision of virtual immortality The chapter reviews retrieval for conversational

search, and discusses the growing role of large language models (LLMs) and prompting

techniques in supporting flexible, low-resource generation tasks. It then examines prior

research in entity linking and knowledge-enhanced text generation, including tasks such as

elaborative simplification. This is followed by a review of text style transfer. Finally, the

chapter introduces a range of evaluation methodologies. Together, these strands of research

frame the dissertation’s contributions and clarify its position in the existing literature.
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Chapter 3: Retrieval

A conversational agent has the capacity to satisfy a user’s information need, expressed

and interpreted through turn-taking conversational interaction. This process is known as

conversational information seeking [39, 41] To accomplish this, the agent performs con-

versational search, an information retrieval task situated within a conversational context.

This chapter presents a technical contribution to conversational search, as part of the TREC

CAsT 2021 submission. The Conversational Assistance Track from the Text Retrieval Con-

ference (TREC CAsT) is a shared task held by NIST annually between 2019 and 2022 to

study Conversational Information Seeking (CIS). The developed technique is tested in this

chapter with a general corpus, but is also applicable as the first step for conversational infor-

mation seeking scenario that requires retrieval over personal document collections. I name

this chapter as Retrieval instead of Conversational Search to reflect the nature of its role

as the first stage component within my overall framework. Chapter 4 draws on these tech-

niques to develop a single-turn, retrieval-based prototype (see Section 4.2) for need-finding

in support of this dissertation.

At a conversational turn, the user leads the conversational flow by implicitly introducing

a topic, continuing on the same topic, or shifting from one topic to another. Interpreting the

user utterance in the context of conversational interaction and deciphering the information

need is natural for humans, but challenging for machines. A process for machines to en-

capsulate prior conversational context and current user utterance into a reformulated query

is known as query rewriting [42]. Query rewriting is a valuable step, as the reformulated
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query provides a better representation of the information need than the original conversa-

tion, and this can make retrieval more effective. In 2020, the best result of retrieval systems

submitted to TREC CAsT with automatic query rewriting was quite close to the best result

of retrieval systems with manual query rewriting [42]. To connect with this dissertation,

the overall framework in Figure 1.1 proposes a retrieval component that includes query

rewriting.

This chapter describes mainly about four systems that I developed and submitted to

TREC CAsT 2021.1 For 2021, the organizers specified a baseline system that is the best

retrieval system from the prior year (TREC CAsT 2020) to which new systems were com-

pared. That system had a three-stage pipelined design (detailed in Section 3.2.1). The first

stage is an automatic query re-writer, implemented using a T5-base model trained on the

CANARD conversational question rewriting dataset.2 The second stage is a BM25 retriever

performing keyword-based matching. The third stage is a pointwise neural passage re-

ranker implemented using a mono-T5 model trained on the MS MARCO passage retrieval

dataset [118]. Our submitted systems implemented the design of the baseline’s first-stage

question rewriter (detailed in Section 3.2.1). Section 3.3.2 measures the effect of query

rewriting. We experimented with a different second-stage full-collection retriever from the

baseline design. We also implemented a pointwise re-ranker using monoBERT and consis-

tently used it for the third stage reranking. In keeping with the track guidelines, we also

measure the relative effectiveness of our second-stage full-collection retrieval pass using

the end-to-end ranking quality of the full three-stage pipeline as an extrinsic measure of re-

trieval effectiveness (as detailed in Section 3.3.2). We explored two approaches to improve

the second (full-collection retrieval) stage. The first is augmenting content representation

1This chapter is based on a 2021 technical report [126]. The full bibliographic citation is: Xin Qian
and Douglas W. Oard. Full-Collection Search with Passage and Document Evidence. In Text REtrieval
Conference (TREC), Conversational Assistance Track 2021. Throughout this chapter, I use “we” and “our”
to reflect the collaborative nature of this work.

2https://github.com/daltonj/treccastweb/tree/master/2021/baselines
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with additional document-level evidence. The second is dense retrieval performed over the

full collection through sharding. Sharding trades off between retrieval effectiveness and ef-

ficiency with a distributed design to perform sparse and dense retrieval over heterogeneous

document corpus. Our examination can be understood in terms of two research questions:

• RQ1: Does query rewriting provide the retrieval system with more effective queries?

• RQ2: Which other features are helpful for retrieval performance, i.e., effectiveness

and/or efficiency?

The remainder of this chapter describes the task and techniques. It starts with the prob-

lem settings of TREC CAsT, followed by an overview of the participating systems, and

concludes with post-hoc evaluation results using the test collection.

3.1 Task Formulation

In the submission category automatic rewrite, each instance of retrieval is one turn

in the conversational interaction. It is structured with one raw utterance Uk, the con-

versational context prior to the current k-th utterance consisting of raw utterances U ′ =

{U1,U2, . . . ,Uk−1}, and one canonical system response to each of those utterances denoted

R′ = {R1,R2, . . . ,Rk−1}. For each raw utterance Uk, the task is to retrieve a list of pas-

sages Pk = {pk1, pk2, ...} as relevant responses to the utterance. While an initial retrieval

pass (i.e., the second stage of our three-stage pipeline) can use traditional IR techniques

for efficiency, a competitive system will presumably do another retrieval pass on the most

highly ranked initial results, using a more time-consuming but also more effective point-

wise re-ranker M that scores the probability of a passage p being relevant in the context

of the current utterance Uk, denoted as M(rel = 1|p,Uk,U ′,R′). The collection to be re-

trieved from is in general heterogeneous, constructed from several document collections
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C = {C1,C2, ...}. For CAsT 2021, there are three such collections: an English Wikipedia

dump based on the knowledge-intensive language tasks (KILT) benchmark [124], version

1 of the MS MARCO document collection, and the Washington Post (WaPo) collection,

where WaPo was a new addition that year. Table 3.1 summarizes the statistics of the three

parts of the CAsT 2021 collection. Passage splitting of documents is performed using a

script provided by the TREC CAsT organizers, which employs the SpaCy sentence seg-

mentation tool, followed by chunking into non-overlapping passages up to a fixed size.

Table 3.1: Statistics of the CAsT 2021 collection.
Wikipedia/KILT MS MARCO WaPo

# Documents 5.0M 3.2M 0.7M
# Passages 20.0M 22.0M 3.8M

Avg # Passages per Document 4.0 7.0 5.3

3.2 Key Techniques

All of our systems follow a three-stage, pipelined baseline in the track guidelines:3 (1)

query rewriting using T5-base; (2) document retrieval using BM25 followed by segmenta-

tion to passages; (3) passage re-ranking using monoT5. They were built from combinations

of the following features, which are also illustrated in Figure 3.1.

• Run #1: Baseline BM25 implementation with passage index;

• Run #2: BM25 with document index, augmented with additional document-level

evidence;

• Run #3: Reciprocal rank fusion of Run #1, Run #2, and the organizer’s baseline;

• Run #4: Fused dense and sparse retrieval with sharding.
3https://github.com/daltonj/treccastweb/tree/master/2021/baselines
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3.2.1 A Three-stage Piepline: Query rewriting, retrieval, and re-ranking

For 2021, the organizers provided the design of a baseline system structured as a

three-stage pipeline.4 For the first stage, the CAsT baseline architecture used a T5-base

model [101] to generate automatic query rewrites.5 All of our systems implement the same

idea—when given a query, along with the conversational context that is a list of canonical

responses, we rewrite the query with the same pre-trained T5-base question rewriter,6 pub-

licly available on Huggingface.7 This T5 rewriter is trained on the CANARD dataset [51],

which includes 40K questions, to train models for question-in-context rewriting. Each

instance in the CANARD dataset contains a question together with prior questions and an-

swers, and a human-created rewritten question. As input to the rewriter, we provide the

current utterance (user question), all previous utterances, and (at most) three most recent

canonical system responses. We concatenate these inputs using the special separator token

(|||), and the model then generates a rewritten query.

With the rewritten query, our simplest systems then perform full-collection retrieval

using BM25 as the second stage, returning the top-1000 indexed units. We have two options

for the indexed units, corresponding to two granularity:

• Run #1: Passages are segmented from documents as pre-processing, using the same

passage chunker as in the organizers’ baseline, then indexed, and retrieved using

BM25 with default Anserini parameters (k1 = 0.82, b = 0.68, see Figure 3.1).

• Run #2: Full Documents (without segmentation) are indexed, and retrieved using

BM25 with organizers’ baseline parameters (k1 = 4.46, b = 0.82, see Figure 3.1).

4However, the implementation was not released.
5For clarification, query rewriting is used interchangeably with question reformulation throughout the

dissertation.
6Note, however, that in section 3.3.3 we show that our rewriter actually generates different rewrites!
7https://huggingface.co/castorini/t5-base-canard
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The retrieved documents are then chunked into passages in the same way as in Run

#1. Note that because 1000 documents are retrieved, this results in more than 1000

passages.

Our third stage re-ranks the list of passage retrieval generated by the second stage us-

ing a pointwise monoBERT-large model that was pre-trained on MS MARCO. We used

monoBERT-large rather than a monoT5 model used in the organizers’ baseline because

our pilot experiments showed limited improvements from using monoT5-base rather than

monoBERT-large. In retrospect, a better choice might have been either (1) the monoT5-

large model, which was found to outperform monoBERT-large by the winning team at

CAsT 2020 [42], or (2) the duoBERT-large two-stage pipeline for leveraging both point-

wise and pairwise training that yielded strong results for another high-scoring team at CAsT

2020 [65].

3.2.2 Augmentation with Document-Level Evidence

In Run #2 and Run #4 we experiment with adding additional document-level features

to the second-stage (full-collection) retrieval process. Each collection includes a URL and

some form of title for each document. In the Washington Post collection, the title is the

headline of the news story. In the Wikipedia dump (KILT), the title is the HTML title field

for the Wikipedia page. For the MS MARCO collection, we used the title field formatted

in the raw collection tsv file. Table 3.2 lists three examples on the two fields. We tokenized

both titles and URLs using Lucene’s default English analyzer.

The University of Waterloo (in the 2022 TREC Deep Learning Track) reported sub-

stantial improvements (around 20 points absolute on recall@100 on dev set queries) from

the use of additional content (which in their case also included section headers; we did not

use the section headers in the augmented MS MARCO collection). This report suggests
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Figure 3.1: Submitted runs to TREC CAsT 2021. Compared with the baseline pipeline of query
rewriting (T5-base), document retrieval (BM25), and then passage re-ranking (monoBERT-large),
our Run #1 modifies the second-stage indexing unit to be passages rather than documents. Run #2
indexes documents in the second stage, but augments each document with document-level evidence.
Run #3, our best run (not shown here), fuses the final output of Runs #1, #2, and the organizer-
provided baseline. Run #4 fuses TCT-ColBERT (a distilled ColBERT model) passage retrieval with
BM25 document retrieval as the second stage, using sharding to accommodate the large collection
size.

leveraging additional document-level evidence for all three CAsT collections. This inspira-

tion motivated a post hoc experiment in which we also used this additional document-level

evidence during (third-stage) re-ranking. This additional evidence might help in two ways:

it might add terms not present in the text, or it might serve to reinforce (i.e., upweight)

important terms present in both the text and the additional evidence.

Collection URL Title/headline

Wikipedia/KILT
https:

//en.wikipedia.org/w/index.php?title=Origin%2

0of%20the%20domestic%20dog&oldid=908221312

Origin of the domestic dog

MS Marco https://www.sciencedaily.com/releases/2014/01/

140107102634.htm

Cancer Statistics 2014:
Death rates continue to drop

WaPo

https://www.washingtonpost.com/sports/colleges

/danny-coale-jarrett-boykin-are-a-perfect-1-

2-punch-for-virginia-tech/2011/12/31/gIQAAaW4S

Pstory.html

Danny Coale, Jarrett Boykin are a perfect 1-2
punch for Virginia Tech

Table 3.2: Examples of additional document-level evidence.
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3.2.3 Dense Retrieval and Sharding

Neural ranking methods using dense representations have been shown to achieve bet-

ter recall than traditional ranking methods that rely on sparse representations, such as the

BM25 model that we used in Run #1 and Run #2 [83]. Recently, fairly effective neural bi-

encoders that are sufficiently efficient for use with moderately large collections have been

introduced [85]. Scaling such approaches up to collections of the size of CAsT 2021 still re-

quires some parallelism, however. We therefore combined sharding with an efficient neural

bi-encoder. The key idea in this approach is to perform shallow-depth retrieval on shards,

using an efficient approximate nearest neighbor on dense representations that are computed

separately for each query and each document. The hope is that this would improve recall

over that achieved using sparse methods, although achieving that benefit depends on the

relevant documents being reasonably well distributed across the shards. Sharding also re-

duces GPU memory requirements, making it possible to fit each shard into our compute

infrastructure’s 200GB memory limit.

A dense encoder based on a Transformer model has length limitations on its input, so

we first divide documents into passages as in Run #1. We then augment each passage with

the additional document-level evidence for the document from which the passage was ex-

tracted. Next, we divide the passage collection into 200 shards of equal size, with 17 shards

from the Washington Post collection, 100 shards from MS MARCO, and 82 shards from

Wikipedia/KILT. When performing this sharding, we respect passage boundaries, but not

document boundaries, and we assign passages to shards in order, without randomization.

For the specific dense encoder, we used the TCT-ColBERT model, which is publicly

available on Huggingface.8 This is a distilled version of ColBERT that replaces ColBERT’s

effective MaxSim operation in the model architecture with a less expensive dot product.

8https://huggingface.co/castorini/tctcolbert-v2-hnp-msmarco-r2
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TCT-ColBERT improves the ColBERT model’s efficiency while retaining most of the ef-

fectiveness. After encoding the passages, ANN search is performed with FAISS, the dense

vector similarity search library. This process produces a score for each passage. We then

calculate each document score using maxP (i.e., the largest of its passage scores). Inde-

pendently, BM25 (on document terms only, with no augmentation) also produces a score

for each document. We combine the two scores using weighted CombSUM, giving 100%

of the weight to the Augmented TCT-ColBERT MaxP score and 10% of the weight to the

BM25 score, as recommended in the TCT-ColBERT documentation.9

Unlike our other submitted runs, in Run #4 we perform third-stage re-ranking on a per-

shard basis, for all passages from the top-scored documents in each shard. To obtain a final

top-1000 ranked list over the full collection, we take the union of the top-scoring 50 pas-

sages from each of the 200 shards (totaling 10,000 passages), by doing CombMAX fusion

of ranked lists using the polyfuse library.10 The procedure is illustrated in Figure 3.2. Third

stage re-ranking was performed on shards rather than the union of the collection for reasons

of implementation convenience, and we expect the effect to be small in practice. Because

all submitted runs use the same pointwise monoBERT-large re-ranker, and re-ranking is

performed independently on each shard before taking the union, the final ranking—at least

up to rank 50—is guaranteed to be identical to that obtained by re-ranking the union of all

shard results directly. However, if fewer than 50 passages are re-ranked per shard, this may

lead to the omission of passages that would otherwise receive high ranks.

9No normalization is performed before we apply weighted CombSUM; in future work we plan to more
fully explore the design space for fusion techniques.

10https://github.com/rmit-ir/polyfuse
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Figure 3.2: Illustrating Run #4, combining dense with sparse retrieval with sharding.

3.2.4 Fusion

Fusing the results from two or more runs is often an effective technique to improve

ranking quality [98]. We tried two fusion techniques:

Run #3: To establish a high baseline, we combine the results from Run #1, Run #2, and

the organizer’s baseline. We use reciprocal rank fusion (RRF) with k = 60, which has been

shown to be fairly robust [10].

Run #4: As described in Section 3.2.3, sharding produces multiple ranked lists, one per

shard. We do weighted CombSUM fusion within each shard to combine the results from

dense retrieval (using TCT-ColBERT) and sparse retrieval (using BM25). The recombina-

tion of results from multiple shards is also a fusion operation [165], although a simple one

using CombMAX because the shards are logically disjoint.
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3.3 Evaluation and Analysis

In this section, we evaluate three post hoc runs (that we didn’t submit to TREC CAsT)

following the same protocol used by the track organizers and discuss results. It is followed

by a case study on the first-stage query rewriting.

3.3.1 Evaluation Design

We submitted a ranked list of passages for each run. The organizers notified all teams

about inconsistencies in passage definitions that made passage-based evaluation imprac-

tical in 2021 [43]. Instead they chose to perform relevance judgments and evaluation at

document scale. This was done by mapping ranked lists from passages to documents using

MaxP (i.e., by replacing passage identifiers with the document identifier from that passage

and then deduplicating the resulting document ranking by removing lower-ranked dupli-

cates). This resulted in shallower judgment pools, and it required some changes to the

relevance judgment guidelines to avoid penalizing the presence of extraneous information.

We have implemented these changes to evaluate two post hoc runs in which (first-stage)

query rewriting is omitted. A third post hoc run augments the passage representation used

for (third-stage) re-ranking with additional document-scale evidence.

The primary evaluation measure is normalized Discounted Cumulative Gain at position

3 (nDCG@3), which focuses only on the top 3 results, and which gives decreasing weight

to results in positions 2 or 3. nDCG is common in IR. nDCG@5, nDCG@500 and Mean

Average Precision at 500 (MAP@500) are also reported to characterize results even lower

in the ranked list. All evaluation measures are reported as averages over the computed

measure for each query (i.e., for each evaluated conversational turn).
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3.3.2 Evaluation Results

Table 3.3 summarizes the results for our submitted runs. They are reported as they

were received from the track organizers. We also include best and median from the TREC

website, which were shared internally among participants and organizers. These results are

averaged over judged topics, as well as results from the organizers’ baseline. ‘*’ indicates a

statistically significant improvement over the organizers’ baseline using a two-sided paired

t-test at p < 0.05 with Bonferroni correction. Similarly, ‘†’ indicates a statistically signifi-

cant improvement over Run #1, and ‘⋄’ over Run #2. Results for post hoc runs without the

query formulation stage are also reported as contrastive conditions, using local automatic

evaluation based on the TREC CAsT 2021 test collection.

Effect of first-stage query rewriting: The improvements from query rewriting shown in

Table 3.3 are quite substantial. Comparing Run #1 or #2, with and without (wo) rewriting,

illustrates this simple ablation study. Query rewriting brings very substantial absolute im-

provements of 0.16 or 0.21 in nDCG@3 for Run #1 or Run #2, respectively, with similar

benefits observed for other measures.

Benefit of augmentation with document-level evidence: Table 3.4 shows a benefit from

augmenting passages with terms from the title and URL of the document from which the

passage was drawn. In this case, the additional evidence was used in both the second-stage

retrieval and the third-stage re-ranking. The 0.029 absolute improvement in nDCG@3 is

not statistically significant, but the comparable improvements in nDCG@5 and nDCG@500

are both statistically significant. One caveat to this analysis is that computing evaluation

measures on documents rather than passages, as has been done this year, may favor the ad-

dition of document-level evidence. Note that we cannot tell with this study design whether
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Table 3.3: Results of submitted and post hoc runs. ‘*’ indicates significant improvement over the
organizers’ baseline, ‘†’ over Run #1, ‘⋄’ over Run #2. Results without query rewriting were scored
locally.

nDCG@3 nDCG@5 nDCG@500 MAP@500

Best 0.8067 0.7716 0.7668 0.5483
Median 0.3820 0.3872 0.4499 0.2431

Baseline 0.4357 0.4265 0.5036 0.3135

Run #1 0.3875 0.3764 0.4625 0.2619
wo rewriting 0.2216 0.2100 0.2613 0.1435

Run #2 0.3985 0.3904 0.4784 0.2811†

wo rewriting 0.1888 0.1878 0.2375 0.1257

Run #3 0.4252† 0.4275†⋄ 0.5388∗†⋄ 0.3221†⋄

Run #4 0.3768 0.3744 0.5116†⋄ 0.2841†

the benefit results from the effects of augmentation on the second-stage retrieval, the third-

stage re-ranking, or both. Comparing to Run #2, which used augmentation only in second-

stage retrieval, is confounded by the fact that Run #2 indexed documents rather than pas-

sages for stage two. Note also that because the same document-level evidence is indexed

repeatedly for each passage from the same document, there is some additional storage over-

head for the index, (in this case, a relative increase of 9%).

Benefit of fusion: Comparing Run #3 to Runs #1, #2, and the organizer’s baseline, we

see that the fused run (Run #3) statistically significantly outperforms every individual run

Table 3.4: Benefit of retrieval from a non-augmented passage index (Run #1) vs. a passage index
augmented with document title and URL terms (scored locally). ‘‡’ indicates a statistically signifi-
cant improvement over Run #1.

Index size nDCG@3 nDCG@5 nDCG@500 MAP@500

Original index (Run #1) 66G 0.3875 0.3764 0.4625 0.2619
Augmented index + re-ranking 72G 0.4162 0.4100‡ 0.4815‡ 0.2770
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in the combination by nDCG@500, with an absolute improvement of 0.035 over the best

of the three constituent runs. No statistically significant improvement over the best of the

three constituent runs was observed for nDCG@3 or nDCG@5, however, indicating that

the benefit observed in nDCG@500 occurs later in the ranked list.

Benefit of combining dense and sparse retrieval: As Table 3.3 shows, Run #4, which

combines dense and sparse retrieval, achieves a statistically significant improvement of

0.033 over Run #2, our most closely comparable sparse-only run, by nDCG@500. How-

ever, we note no improvement from Run #2 to Run #4 in nDCG@3 or nDCG@5, indicating

that the benefits we observe in nDCG@500 are coming later in the ranked list. Note also

that as we have shown with Run #3, fusion can be useful even when both runs use sparse

retrieval, and our study design is not able to separate that effect from specific benefits that

may be accruing from using dense retrieval in the set of runs being fused.

Efficiency: The end-to-end throughput for all three stages of the Run #1 (passage-as-

indexing-unit) and Run #2 (document-as-indexing-unit) pipelines are 47.3 and 304.6 sec-

onds per query, respectively. As Table 3.2 shows, the average number of passages per topic

varies between 4 and 7, and this factor of 6 or so in end-to-end processing time is thus

dominated by the fact that the document-as-indexing-unit pipeline results in the generation

of more passages that require re-ranking.

3.3.3 Case Study

Table 3.5 shows some examples of automatic query rewriting and a comparison with

the manually rewritten queries. While the manual rewrites demonstrate desired rewriting

effects, the automatic rewrites achieve some useful improvements:
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Turn Original Manual Official Ours

1 I just had a breast biopsy
for cancer. What are the
most common types?

I just had a breast biopsy
for cancer. What are the
most common types of
breast cancer?

What are the most
common types of cancer
in regards to breast
biopsy?

What are the most
common types of cancer?

2
Once it breaks out, how
likely is it to spread?

Once it breaks out, how
likely is lobular
carcinoma breast cancer
to spread?

Once the cancer breaks out, how likely is it to spread?

3 How deadly is it? How deadly is lobular
carcinoma in situ? How deadly is LCIS? How deadly is lobular

carcinoma in situ?

4 What? No, I want to know about What is the deadliness
of lobular carcinoma in
situ?

I want to know about the
deadliness of lobular
carcinoma in situ.

the deadliness of lobular carcinoma in situ.

5 Wow, that’s better than I
thought. What are
common treatments?

Wow, that’s better than I
thought. What are
common treatments for
lobular carcinoma in situ?

What are common treatments for lobular carcinoma in situ?

6 How does it behave
differently from PLCIS?

How does LCIS behave
differently from PLCIS?

How does LCIS behave
differently from ALH
and PLCIS?

How does lobular
neoplasia behave
differently from PLCIS?

7 What makes lobular cancer distinct? What makes lobular
cancer distinct from
PLCIS?

What makes lobular
cancer distinct?

8 For the first stage, what
are the alternatives to
surgery?

For the first stage, what
are the alternatives to
surgery for invasive
lobular cancer?

For the first stage of
IdC, what are the
alternatives to surgery?

For the first stage of
lobular carcinoma, what
are the alternatives to
surgery?

9
No, I meant for lobular.

No, I meant - what are
the alternatives to surgery
for stage 1 invasive
lobular cancer

No, I meant for lobular carcinoma.

10

Does freezing work?

Does freezing tumors
work as an alternative to
surgery for stage 1
invasive lobular cancer?

Does freezing work for breast cancer?

Table 3.5: Original questions for one example topic, compared with the manually rewritten “silver
standard,” the automatically rewritten question from the organizers’ baseline, and our automatically
rewritten question. We note that in seven of the ten turns, our automatic rewrite differs from the
automatic rewrite used in the organizers’ baseline, despite our effort to closely replicate the usage
of a T5-base model from their description. IdC = Invasive ductal carcinoma.
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Utterance Simplification: Query rewriting simplifies colloquial utterances into a single-

sentence, interrogative sentence, as in turns 1 and 4, making terms re-weighted.

Pronoun Resolution: Query rewriting expands pronouns such as replacing it with lobular

carcinoma breast cancer, or expanding the abbreviation LCIS. However, this effect only

appears from turn 3, but not earlier, possibly due to our context concatenation approach in

which inference is on at most three previous canonical responses.

Clause Addition: Query rewriting adds clauses based on the context to complement

the original utterance, where the meaning of the whole query is substantiated. Examples

include turns 1 and 8, where utterances become the most common types of cancer, and the

first stage of lobular carcinoma.

3.4 Summary

This chapter lays the foundation for the retrieval component within the framework by

presenting four systems submitted to TREC CAsT 2021 and three post hoc runs that we

scored locally. The four submitted runs all employ automatic query rewriting and explore

three key ideas: (1) indexing either document-scale or passage-scale content (Run #1 and

#2), (2) using sharding to scale dense retrieval to large collections (Run #4), and (3) com-

bining results from different methods using result fusion (Run #3 and #4). We used the

three post hoc runs to explore questions in the effect of specific techniques, including

query rewriting, document-level evidence augmentation, result fusion, and the combina-

tion of dense and sparse retrieval. Results show that retrieval performance benefits signif-

icantly from automatic query rewriting, and that passage-level retrieval can be improved
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using document-level cues such as titles or URLs. Furthermore, result fusion proves useful

for integrating different retrieval strategies, including the combination of dense and sparse

approaches. A case study based on our system outputs and the TREC CAsT 2021 corpus il-

lustrates how rewriting can improve conversational search through effects such as utterance

simplification, pronoun resolution, and clause addition.

In summary, this chapter provides a comprehensive overview of retrieval-related tech-

niques relevant to the framework. While some of the challenges addressed in TREC CAsT

2021, such as operating at web scale, differ from those in this dissertation, some would be

directly useful for supporting conversational interaction with historical document collec-

tions. Several of them inform the prototype in the next chapter (Chapter 4) that supported

a need-finding study.
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Chapter 4: Need-finding Study

The envisioned conversational system for interacting with historical figures first moti-

vates a need-finding study to explore how such systems might actually be used. Specifi-

cally, I assembled a text collection centered on one historical figure, Ronald Reagan, with

whom participants in this need-finding study would be reasonably familiar with. Then,

I built a single-turn, retrieval-based prototype that interacts with users using content re-

trieved from that collection. The prototype incorporates retrieval techniques introduced in

Chapter 3, reflecting the first core capability of the envisioned system. From the perspec-

tive of cultural heritage research, the system functions as an interdisciplinary boundary

object [151], enabling an interview study in which four academic experts from the domains

of libraries, archives, and museums responded to our vision, prompted in part by this pro-

totype. A qualitative analysis summarizes the findings of this study.1

4.1 President Reagan Collection

In the United States, presidential libraries typically co-locate a historical museum built

around the legacy of a presidential administration with the National Archives and Records

Administration (NARA) staff that manages the records of that administration. Materials

from these presidential libraries are naturally of interest to scholars (e.g., [110, 135]), but

1This chapter is based on work presented at the 2021 iConference Doctoral Colloquium [127]: Xin Qian,
Douglas W. Oard, and Joel Chan. Conversational Interaction with Historical Figures: What’s it good for?
In iConference’21. Throughout this chapter, I use “we” and “our” to reflect the collaborative nature of this
work.
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Figure 4.1: Example public paper, diary entry, and interview. The texts use fonts that are not legible
for print readers. Each document type has a distinctive structure, but we process them uniformly by
concatenating the document body.

for our present purpose it is the museum function of a presidential library that most inter-

ests us. The libraries of more recent presidents hold larger quantities of digital and digitized

records, but because of access restrictions for more recent materials, it is the records of ad-

ministrations further in the past that are able to provide access to the largest fractions of

their holdings. There is thus currently a sweet spot that starts roughly with the Carter

administration and continues through roughly the Clinton administration from which sub-

stantial digital or digitized materials are now available. Among that window, we chose to

work with records from the Reagan administration. Among the many presidential paper

collections of considerable size, Ronald Reagan’s legacy has particularly attracted multiple

waves of scholarly interest, with his presidential papers growing to a substantial volume by

the 2000s. Bates attributes Reagan’s rhetoric to a consistent worldview that is sincere and

Table 4.1: Statistics of the Reagan collection.

Document type Count

Public papers 8,147
Diary entries 2,902
Interview with reporters 247
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Table 4.2: Some questions that could be asked about the Reagan collection.

Question type Example

Domestic policy What do you think employment levels will be next year?
International policy How will the United States deal with Cuba?

News event What do you think of Doonesbury’s critiques of you?
Personal affairs How would you like to be remembered?

inspiring [17].

The Ronald Reagan Presidential Library and Museum website2 contains records of

the Reagan Administration from 1981 to 1989, such as speeches and reports, records of

the President’s daily activities, and donated personal collections. Additionally, there are a

number of secondary sources on President Reagan that draw on these materials, including

a biography [23] and an annotated collection of Reagan’s letters [144] that can be used

for research purposes (without public redistribution) under the fair use provisions of U.S.

copyright law. From these web and published materials, we assembled a moderately sized,

diverse text collection that offers insights into President Reagan’s thoughts and statements.

Although different document types have distinct structures, we process them to impose

some uniformity by flattening the document body into a single field containing a list of

texts, while placing surrounding context—such as titles, notes, and key facts—into separate

fields. Table 4.1 gives statistics of the collection that we assembled. Each webpage is a

single document. The collection includes 8,147 public papers, 2,902 diary entries, and 247

interview transcripts with reporters.

4.2 A Single-turn, Retrieval-based Prototype

The prototype aims to retrieve content relevant to user questions for a single conver-

sation turn. Given a user question, the system uses two sequential components, the first

2https://www.reaganlibrary.gov/
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of which seeks to find passages (i.e., segmented parts of documents) that contain an an-

swer, and the second of which seeks to extract the best answer from a retrieved passage.

Figure 4.2 illustrates this framework. A user question can be on any aspect of Reagan’s

experiences or attitudes that are documented in the collection (see Table 4.2 for examples).

4.2.1 Retrieval

The retrieval component follows the pipelined design introduced in Chapter 3, partic-

ularly Section 3.2.1. It first applies non-neural relevance matching to retrieve an initial

set of highly ranked passages (“retrieval”), which are then re-ranked using a neural text

matching model (“re-ranking”) [119]. Automatic query rewriting was not incorporated into

this retrieval component, as the current prototype only processes single-turn user questions

and lacks access to conversational context. To accommodate the input length limitations

of the computationally intensive reranker, all documents in the collection are segmented

into overlapping 300-word passages with a stride of 150 words. These passages are in-

dexed using ElasticSearch v.6.5.4 for efficient term-based retrieval. The top 10 passages

retrieved by ElasticSearch are then reranked by using monoBERT [117], a Transformer-

based BERT model [45] fine-tuned on the MS MARCO passage retrieval task. monoBERT

performs pointwise classification of query-passage relevance. We use the BERT-base ver-

Figure 4.2: Two sequential components—retrieval and extraction—constitute the prototype.
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sion released by the original authors,3 without domain-specific fine-tuning. Each input to

the reranker is a concatenation of the user’s question and a candidate passage. The reranker

cross-encodes this pair and outputs a matching score, which is used to sort the passages

such that those most likely to contain an answer are ranked highest.

4.2.2 Extraction

The next component extracts relevant sentences from retrieved passages. We model

our approach on techniques used in the Machine Reading Comprehension (MRC) task in

open-domain question answering [34], which seeks to extract relevant spans from a spec-

ified text as answers to an input question. While the more general MRC setting allows

spans of arbitrary length (but usually just several words) as answers, our current imple-

mentation extracts spans at the sentence level, as an answer sentence selection task [174].

Since the participants in our study could examine sentences that precede and follow the

selected sentence, we felt that a sentence selection task would suffice to support our study.

For an answer sentence selection task, WikiQA [174] provides a suitable data collection to

train a model for this component. It includes 3,047 questions from Wikipedia-related user

questions sampled from Bing query logs, paired with a total of 29,258 sentences from sum-

mary paragraphs in Wikipedia pages. We use spaCy [74] v2.2.4, specifically its Sentencizer

module, to identify the sentences in each passage. The extraction model is again a neural,

Transformer-based BERT text matching model. We use the Huggingface’s transformers

library4 v2.4.1, fine-tune it as a classification task ourselves, with the default training pro-

cedure and hyperparameters. For fine-tuning, the extraction model cross-encodes the user’s

question with each sentence from a passage, and then predicts a label. At inference time,

the model works with the user’s question and each sentence from retrieved passages of the

3https://github.com/nyu-dl/dl4marco-bert
4https://huggingface.co/transformers/
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Figure 4.3: A web interface for the prototype. This screenshot shows the output of the final stage,
answer sentence selection, on diaries.

Presidential Reagan collection.

4.2.3 Web Interface

The final component of our prototype is a web interface (see Figure 4.3) that can dis-

play outputs from the first step alone, the first and second steps, or all three: ElasticSearch

term-matching retrieval, neural passage reranking, and answer sentence selection. Table 4.3

summarizes the typical time between issuing the question and the availability of each el-

ement of the displayed response. We focus here on effectiveness rather than efficiency;

in a deployed system, these components could be optimized for efficient response, with

sub-second latency.
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4.3 Expert Interviews

Historical museum exhibits impart a presentation of history to visitors to fulfill a role

of public education, to which selected artifacts from the collection of historical figures

contribute. We chose a presidential library as a putative setting for our envisioned system.

This setting occupies a middle ground in a continuum of scenarios for accessing the legacy

of historical figures, ranging from formal learning, to everyday entertainment. How can

systems of the type we envision support information access in this setting? The system also

sits at an intersection of computer science and museum studies. This position requires a

substantial translation between participants from both fields, only after which can a shared

vision emerge [151]. To facilitate this translation, we used our prototype as a boundary

object to support in-depth, semi-structured, contextual interviews [88, 48] with academic

experts in libraries, archives, and museums (LAM). Our research questions were:

• RQ3: Could the envisioned system, as demonstrated by the prototype, return results

about historical figures that LAM experts would perceive as potentially useful?

• RQ4: What are the opportunities and challenges for embedding the envisioned sys-

tem into real information access scenarios, exemplified by that of historical muse-

ums?

Institutional Review Board approval was obtained in advance of our study (see Appendix A).

Table 4.3: Empirical differences (format and response time) across the three elements of the proto-
type: non-neural matching, neural reranking, and answer sentence selection.

Passage retrieval Answer
sentence
selection

Non-neural
term-matching

Neural
reranking

Format Passage of up to 300 words Single sentence
Response time ∼0 seconds 10–15 seconds ∼60 seconds
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Table 4.4: Biographical sketch and research focus (rephrased for anonymity) for each participant.
ID Biographical sketch Research focus

P1 Female, PhD., English literature
Designing digital systems for

trans-media storytelling in the virtual world

P2 Male, J.D.
Public access to archival materials,

including presidential library materials

P3
Male, Ph.D., Information Studies;

Graduate certificate in Museum Studies
Understanding, access and use of

cultural heritage collections

P4 Female, PhD., Museum Anthropology How technologies could enable heritage
institutions to share knowledge with communities

4.3.1 Participants

Recruitment of interview participants was based on convenience sampling from public

research universities in the US. We chose four academic experts in libraries, archives, and

museums. Participants’ ages ranged from 18 to 66. Two are female, while two are male.

Three identified as Caucasian, one as Asian. Table 4.4 describes their backgrounds. Despite

the sample’s small size, the sample has diversity regarding individual expertise.

4.3.2 Interview Protocol

Each participant scheduled a one-on-one interview with me, conducted remotely via

Zoom in March and April 2021. Interviews were audio- and screen-recorded. Each inter-

view lasted approximately 45 minutes, with no monetary compensation.

The interview began with a tutorial video about the prototype system. The participant

then tried the live system by verbally posing questions, which I (the interviewer) typed on

their behalf. The participant and I inspected the results from each stage together as they

appeared. Participants were asked to think aloud and share their reactions to the results.

After using the prototype, the participant and I began a semi-structured interview con-

versation. The conversation began with a general question about their impression towards

the system: “What kind of challenges and/or value do you see in a system like this?” To
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foster a natural conversational flow, the interviewer often prompted participants to elaborate

on their answers from perspectives related to their own expertise. In addition to questions

tailored to participants’ experience, the interview also included a small set of more gen-

eral questions that could be asked wherever appropriate, often as follow-ups to capture

participants’ passing thoughts in earlier responses. For example, “How do museums en-

gage visitors, of whom a large body only made a single visit, in a longer connection to the

museum’s subject?” could be asked if the participant mentioned museum visitors; “Text

answers can be in the form of long-form narratives. What strategies do museums use to

efficiently and effectively present them,” could be asked if the conversation reached a visual

aspect of museum exhibitions; or “Museum visitors receive information from curated con-

tents on display, how do museums decide those contents?” could be asked if topics related

to curation arose. These procedures were documented in an interview guide.

4.3.3 Analysis Approach

Overall, the analysis approach was based on iterative open-coding. The data for this

was four interviews of a total duration of 3 hours and 7 minutes, auto-transcribed by Zoom.

An initial pass of memoing happened during and right after each interview, where the

interviewer took margin notes and then created a bullet-point summary on the printed in-

terview guide. The notes include questions answered versus skipped, terms mentioned in

participants’ responses to describe or pinpoint references, and general observations. An-

swered interview questions from early interviews partially informed the types of questions

answerable and interesting for later interviews, especially for experts with similar research

directions (e.g., P3 to P4).

The four interview transcripts were imported to NVIVO v.1.4.1, then each was open-

coded in separate sessions and in reverse order of interviewing (i.e., P4 to P1), to identify
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themes. In these open-coding sessions, I tagged related text spans with initial codes. Op-

erations included creating new codes or grouping spans into existing codes. Some initial

codes adopted the exact wording as noted in memos. Grouping into existing codes often

involved cross-checks with the code’s existing text spans, and slight updates to the code.

I decided span boundaries usually as turn-taking points, or at transition phrases, such as

“and I think [PAUSE]” or “if that makes sense”. Some initial codes from these sessions

included “controversy in archives: ownership” and “archives need language (later revised

as, cross-lingual) support”. Each open-coding session was considered completed when

I perceived both a reasonable coverage of coded spans and an exhaustion of discovering

existing or new codes throughout an entire transcript.

A more focused coding session was then conducted on the tagged initial codes. This

was an iterative process that aimed towards highest-level implications, engaging with the

raw text spans as “data”, in the context of each participants’ background and interests. It

yielded a nested structure from the initial codes, where top-level codes are close to the

implications we summarize below in Section 4.3.6. A more refined sort-through adjusted

that structure into a temporal or spatial logic sensible for presentation [24]. For example, P2

described a process for the inquiring users, while P3 and P4 thought through the question

of who are the users. I subsequently made the former code subsidiary to the later code.

The qualitative interviewing methodology requires describing my position as the re-

search investigator, i.e., reflecting the researcher as the “instrument” for producing knowl-

edge from personal narratives [24]. While I had expertise in system design and devel-

opment and has been influenced by views of technologies as socially constructed [125],

I lacked systematic training in museum studies. A syllabus in museum studies5 also in-

formed my analysis.

5HIST 691: Museum Studies by Dr. Spencer R. Crew from George Mason University.
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4.3.4 Replicability

We acknowledge an inherent complexity in our interview study protocol, where the

study both uses a computational prototype (an instrument novel in design), and recruits

academic experts with specific expertise. Given these considerations, conceptual replica-

tion [3] would be appropriate. To support conceptual replication, we describe the prototype

configuration (Section 4.2) and summarize domain experts’ backgrounds and demograph-

ics (Section 4.3.1), while keeping confidential actual participant identities pursuant to our

IRB-approved study protocol.

4.3.5 Results from Prototype Exploration

On average, participants spent 11.3 minutes interacting with the system, and issued 1.5

questions. Participants asked questions impromptu (i.e., from the top of their minds) based

on their past knowledge. Participants rarely commented directly about result quality being

good, bad, relevant, or irrelevant. Instead, they often dug directly into result contents and

spoke about insights. For example, upon seeing results that matched their expectation, P3

showed a contented smile and added that, “Yeah, so say no to drugs was a popular slogan

during the Reagan administration. So it was the Reagan project.” Subsequent conversa-

tions are also positive towards the robustness of results. Half of the participants proactively

connected or compared-and-contrasted the system with mainstream search engines (P1: “If

I were querying Google, I would expect to get many news reports. What I might be able to

extract from this system that I could not from Google is searching certain genres or types of

information. And the addition of diaries could be very valuable...”; P2: “Google and others

have done smaller-scale projects... It seems that your project as the digitization initiatives

scale up, would become much more interesting for researchers, but you have enough.”)

Despite the promising results, one noteworthy instance of poor results came in response
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to one question by P2. The question involved a named entity with a common English first

name. Results mentioned a different person from Reagan’s cabinet. P2 pinpointed those

results as “false positives”. The error suggests that the system should adequately handle

named entities due to the specificity of social circles in the materials of historical figures.

Overall, participants expressed a generally positive impression towards the system. P1

affirmed the value of a system that “speaks from primary source information.” P4 asso-

ciated the system’s functionality with a recent, massive full-text search tool that digitized

books (which had been discontinued at the time of writing this dissertation). All partici-

pants articulated potential use cases for the system, including the system being a display

for users to wrap up with summative questions at the end of an exhibition (P1), being an

automated desk assistant in a museum library for locating materials in binder books (P2

and P3) and being an interface that indigenous leaders could use to distill cultural values

from indigenous archive collections (P4). We unify these cases into themes to be taken as

implications, and characterize the target user population in Section 4.3.6.

4.3.6 Design Implications

Analysis of the interview study identified three design implications.

Implication 1: Creating immersive experiences Selecting museums as the venue un-

derscores the importance of user experience design. P3 reflected that any possible means

of visual design accompanying the textual content would enhance the system’s value as a

museum exhibit. P3 further suggested incorporating “pictures, videos, maps, rather than

just text,” implying the multi-sensory requirement for effective interaction.

Some recent literature supplements P3’s suggestion and highlights the importance of

museums exhibiting continuity of time and place [29, 133] to contextualize the history,
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which we summarize as “in-the-moment.” That phrasing differentiates this idea from well-

implemented “of-the-moment” displays, such as the Colonial Williamsburg Visitor Center

for the eve of the American Revolution. Featuring an “in-the-moment” experience might

be appropriately sensible for a museum whose subject is a historical figure. For example,

visitors to the US Holocaust Memorial Museum in Washington, DC receive “identification

cards” of Holocaust experiencers, to align their visit with experiencers’ life narratives in se-

quence. If museum text materials have metadata annotations describing time and place, that

could help instantiate several instances of our envisioned system for distribution across the

physical museum layout. P1, an expert in digital humanities, directly pictured an “in-the-

moment” system competency as if the retrieval system had provided time-travel immersion.

Reading from retrieved texts, they reported that the system restored intensive memory, as

if bringing them “right back in a very emotional way” to their earlier memories of the

Reagan administration’s silence on the AIDS epidemic.

At the same time, P1 raised a thoughtful concern about whether our application might

trigger the uncanny valley effect—the discomfort users feel when a humanoid system ap-

pears almost, but not quite, human [157]. As P1 described it, “I think there’s an interesting

dimension where it’s almost like you’re summoning the dead back to life. And that also

creates some weirdness–there’s a term uncanny valley in robotics and AI.” Since our pro-

totype focuses exclusively on text and does not involve realistic visuals, I noted that such

concerns are better addressed in future iterations.

Implication 2: Considering archival assurance Assurance refers to steps that prove item

value or physical existence, and records item information [66]. Reacting to the results of

a query on Reagan’s Berlin Wall address, P3 critiqued the contents for being potentially

unverifiable by the user of such a system since “no visitors in the museum will be actually

in that Berlin Wall address.”
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The diversity of issues that might arise precludes any universal solution. For example,

arranging manuscripts into a public-facing collection sometimes involves more sensitive

factors than the obvious format conversion operations [67]. Developing a conversational

system on top of those public-facing collections without awareness of these factors could

be problematic. P4 provided an example of this, noting that indigenous materials could

have been illegally confiscated from tribal groups and removed from their original cultural

contexts [71], and that “the records are usually described by predominantly white institu-

tions and white systems and often colonial systems, i.e., systems of power that do not tend

to highlight those stories or those historical figures”.

On a related point, gaps in the records that are available for digital processing could

also be a concern. Digitization remains an ongoing strategic challenge for archives [115].

Nowadays, public access to archives in a National Archives and Records Administration

(NARA) research room still relies heavily on physical notebooks and printed finding aids,

with only limited integration of computer databases (P2). Consistently, P4 emphasized that

a major hurdle lies in digitizing archival text in any form, noting that “very few archival

collections are digitized . . . at all, let alone transcribed or . . . text searchable in any way. ”

Meanwhile, significant attention has been paid to the processing of personal papers

and manuscripts [67], a responsibility increasingly shared by actors beyond professional

archivists. The U.S. presidential library system, comprising at least fourteen repositories,

has been a site of sustained scholarly editing. Administered by a federal agency, the sys-

tem is charged with preserving and providing public access to presidential records—an

endeavor shaped by agendas ranging from reducing physical storage needs to digitizing

millions of textual and non-textual materials [38], and more recently, debating how to man-

age born-digital records since the Obama administration [54]. Public participation has also

expanded through cultural heritage crowdsourcing, which has grown since online crowd-

sourcing gained prominence in the early 2000s [162, 161]. From 1987 and 2018, the Ein-
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stein Papers project6 released multiple volumes of Einstein’s writings and correspondence,

supported by a range of contributors including science editors and historians of physics.

Similarly, Shakespeare’s World invites volunteers to transcribe digitized manuscripts from

the early modern period housed at the Folger Shakespeare Library [162]. Finally, advances

in optical character recognition (OCR) and handwritten text recognition (HTR) have in-

creasingly supported digitization efforts. As noted by a community manager for the By the

People transcription program at the Library of Congress, such tools can make digitizing

archival records not only more efficient and scalable, but also more enjoyable for partici-

pants [4].

Implication 3: Engaging inquiring visitors into community-based scholar roles Many

museums include a reading room or reading room that provides access to related materi-

als [68, 26]). Visitors who read in these libraries represent a specific population willing to

invest extra time for deeper inquiry. For convenience, we describe them as “reading room”

scholars.

Our envisioned system provides a progression point that could entice single-visit visi-

tors to become reading room scholars. P1 also imagined visitors to “come across the system

at the end of the exhibition... primed to ask, well-formulated queries based on the knowl-

edge acquired.” P1 further suggested that museum curators might well want to collaborate

closely with the system designers to foster just this sort of synergy. While the system could

provide a successful initial interaction of single-visit visitors with the archival content, a

growing sense of curiosity or resonance could move some of the people towards long-term,

scholarly work. For example, P2 pointed out that “having a narrative” would be beneficial

to the younger population, who learn history through mass media instead of books with

details, and who “frankly are not well versed in history, of what happened in the Cuban

6https://www.einstein.caltech.edu/
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Missile Crisis or the assassination of Martin Luther King.”

Connecting Implication 3 with Implication 2, we might imagine reading room schol-

ars from the public contributing to archival assurance. P4 acknowledged the system being

intriguing for “genealogists as a huge portion of users, trying to reconstruct their family

histories, e.g., Black or Latin community members.” For example, one recent change at

the Smithsonian’s National Anthropological Archives has been welcoming indigenous re-

searchers to correct metadata and description in archives when they came across errors in

the reading room [26].

4.4 Summary

This chapter investigated the utility of the envisioned system by assembling a historical

document collection, developing a retrieval-based prototype, and drawing insights from

experts in libraries, archives, and museums. These insights help us envision how a system

that allows museum visitors to converse with a representation of an actual historical figure

might be used in practice, and what challenges could arise in that context. Our study

yielded implications related to immersive experiences, archival assurance, and supporting

a continuum of engagement that may help some visitors connect more deeply with the

content over time. While this interview study provides preliminary insight into how the

envisioned system might be used, a gap remains between the full vision and the current

prototype. To address this, the next two chapters (5 and 6) focus on two text rewriting

tasks as the core of our continued technical development.
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Chapter 5: Rewriting for Contextualization

My envisioned system works with a historical document collection whose documents

are written well before the anticipated conversational interaction. There is disconnected

context between the original and the contemporary, in terms of time, place, people in-

volved, and other relevant factors. Directly using retrieved historical content as a system

response can create an information barrier. For my envisioned conversational interaction,

if a museum visitor asks “Any sports experience for you (Ronald Reagan)?” and the em-

ulated historical figure responds with “Coach Mac, now in his 90s, is still assisting the

football coach at Eureka”—a sentence from the Reagan collection, retrieved for its its top-

ical relevance to the user utterance—names like “Coach Mac” and “Eureka” may be con-

fusing without further context. A clearer response might be: “Coach Mac, who coached

me and my teammate Alonzo, now in his 90s, is still assisting the football coach at Eu-

reka, where I graduated in 1932 and remained closely connected throughout my life.” I

define the process of rewriting retrieved historical content to enhance user comprehension

as contextualization.

Throughout this chapter, user comprehension is defined as the level of understanding

expected from the general public with at least a high school education. After completing

this dissertation, I became aware of other standards for public information accessibility—

such as the federal Plain Writing Act of 2010,1 and a state Plain Writing Equity Standard2

1https://www.plainlanguage.gov/law/
2https://hub.innovation.ca.gov/content-design/plain-language-equity-standard/
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that recommends writing at an 8th-grade reading level or lower. Designing tasks for more

specific subgroups (e.g., those reading at or above the 8th-grade level but below the high

school graduation level) could yield valuable insights but may also introduce additional

challenges, including the need for research protocols involving minors, verifying partici-

pants’ reading comprehension levels, or or confining rather than enabling more innovative

uses of cultural heritage data.

Contextualization can be helpful in several settings. First, retrieval-based conversa-

tional agents rewrite retrieved content into responses that can be understood when read

aloud by a smart speaker, without requiring any additional context [13]. Second, in the

completed need-finding study (Chapter 4), one interview participant highlighted the value

of a conversational system that can properly introduce context to help museum visitors

recall what is in the exhibition. Third, mention resolution can play a role in processing

cultural heritage data, as recognized in the HIPE workshop (Named Entity Recognition

(NER) and Linking on Historical Documents).3 Fourth, there has been some work on how

to provide contextual information to support user comprehension of machine responses that

consist of existing content in the form of linking dialogues, which serve to resolve the in-

coherence between how users phrase their questions, and differently worded but relevant

existing content [62]. Examples of linking dialogues include an introduction to the upcom-

ing speaker (in the case of pre-recorded videos), or a statement that establishes contextual

elements not made explicit in the existing content. However, the constrained format of

linking dialogues underscore the need to explore more direct forms of contextualization.

The main objective of this chapter, situated in the full envisioned system, is to develop

effective systems to perform contextualization. The first step towards this objective is to

formulate the task. My task formulation is informed by two key observations that help

3https://hipe-eval.github.io/HIPE-2022/. Running twice in 2019 and 2022, it has the objectives
to make named entity processing systems more “robust, adaptable, and transferable” on historical materials.
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define the specific requirements for contextualizing historical documents. Throughout this

chapter, I focus on working with sentence-level retrieved content. The first observation is

that each sentence is rooted in an original context, such as the surrounding text within a

paragraph. The second observation is that confusing elements in retrieved content, such

as “Coach Mac” or “Eureka” from the earlier example, are concrete text references, of-

ten pointing to people, places, events, or time periods. I refer to these as uncontextualized

mentions and use mentions as an abbreviation in this chapter. A formal definition of uncon-

textualized mentions is provided in Section 5.1. A key requirement for contextualization is

resolving these mentions.

Resolving uncontextualized mentions shares similarities with the task of entity linking

(as discussed in Chapter 2), though a key difference exists. In terms of similarity, uncon-

textualized mentions can correspond to the three common types of entities addressed in

entity linking, as outlined in Section 2.4: (1) Named mention, such as the Meharry Med-

ical School; (2) Nominal mention, such as the situation; (3) Pronominal mention, such

as its in its debt problem. Contextualization, like the Wikification task in entity linking,

also focuses on identifying and resolving only important mentions, involving some selec-

tion mechanism to determine which mentions warrant further information [112]. The key

difference between contextualization and entity linking lies in their output formats. En-

tity linking outputs a mapping, typically a link to a unique entity in a knowledge base.

This format is well suited for web-based information access. In contrast, contextualization

produces textual output, such as the clearer sentence in the earlier example, designed to

integrate seamlessly into a conversational interaction. I refer to this output as elaboration

text, and use elaboration both as an abbreviation and as a term for the process of generating

it throughout this chapter.

Prior work on elaborative simplification [150] defines elaboration text as “text in the

form of definitions, explanations, or clarifications to improve readability by providing read-
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ers with necessary additional context.” To better fit the needs of contextualization, I refine

this definition: in this dissertation, an elaboration text is a clause that can be inserted into

the original sentence to supply contextual information. The key requirement for contextu-

alization is thus generating elaboration texts for uncontextualized mentions. While I work

with sentence-level retrieved content that may contain multiple mentions, the focus is on

each individual mention and its corresponding elaboration text, rather than the interplay

between multiple mentions and elaboration texts within a sentence. This focus shapes both

the experimental setup and the interpretation of results.

What information can an elaboration text include? A prior work, Knowledge-enhanced

Text Generation (KETG) [176], suggests that two sources of information can be selectively

integrated into the original sentence: context from preceding sentences within the same

passage, or content from external sources. For nominal or pronominal mentions, the elabo-

ration text typically draws from the preceding context, such as earlier sentences in the same

paragraph of the original document. In contrast, for named mentions, elaboration gener-

ally requires information external to the document, often sourced from a knowledge base.

Based on the origin of the information used to elaborate a mention, I distinguish between

two types of uncontextualized mentions as below.

• External mentions, whose elaboration text relies on external resources such as knowl-

edge bases.

• Contextual mentions, whose elaboration text relies on the preceding context of the

sentence-level retrieved content.

This dichotomy assumes a clear separation between the two information sources and

motivates system development in Section 5.2. However, some mentions may require elab-

oration that draws on both sources, as evidenced during human performance of the contex-

tualization task (See Section 5.5.3 on “Nested Cases”).
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Context: The Black 
Panthers had 
invaded the 
legislative 
chambers in the 
Capitol with 
loaded shotguns 
and held these 
gentlemen under 
the muzzles of 
those guns for a 
couple of hours. 
Text: Immediately 
after they left, Don 
Mulford 
introduced a bill to 
make it unlawful 
to bring a loaded 
gun into the 
Capitol Building.

Input

Context: The Black ......
Utterance: Immediately after [they] 
left, [Don Mulford] introduced a [bill] 
to make it unlawful to bring a [loaded 
gun] into the [Capitol Building].

Context (C) or External (E)? Then elaborateHuman annotation

Annotator selects spans

referring to the Black Panther
members who had previously ...

they (C)

a California AssemblymanDon
Mulford (E)

a proposal for a new law or a
change to an existing law

bill (E)

a firearm that is loaded with 
ammunition

loaded gun
(E)

government building where the 
California state legislature 
meets...

Capitol
Building (C)

Approach 1/2/3 (see Figure 5.2)

Approach 4: Joint
Output:

a bill, the 
Capitol Building, 

Don Mulford

1st

pass
2nd

pass
Output:

the Mulford Billa bill
the person who introduced the 
Mulford Bill

Don
Mulford

the building in Sacramento,
California, where the California State 
Legislature meets

the
Capitol
Building

RQ5: How well do people
agree when they perform
contextualization?
A1: {they, Don Mulford, the Capitol 
Building}
A2: {they, Don Mulford, bill, loaded
gun, Capitol Building}

RQ6: How well can a
computer system perform
contextualization?
Joint: {a bill, the Capitol Building,
Don Mulford}
A2 (Human): {they, Don Mulford,
bill, loaded gun, Capitol Building}

Joint: “the Mulford Bill”
A2 (Human): “a proposal for a new
law...”

RQ7: Can LLM-generated
annotations substitute for
human annotations in
evaluation?

Figure 5.1: Illustrating the contextualization task, including the input, human annotation, proposed
approaches, and research questions (RQs).

Related work has also designed categories for resolving important spans in text. The

PLABA 2024 workshop [160] focuses on resolving complex terms in biomedical abstracts,

and defines five distinct strategies for resolving them (substitution, explanation, generaliza-

tion, exemplification, omission),4 similar in spirit to my two-way categorization of men-

tions based on their respective elaboration strategies.

Thus far, the requirement of contextualization has been elaboration of uncontextualized

mentions. In the next two sections, I formalize the overall process of elaborating mentions

and propose four proposed approaches (implemented as six systems in total). Each involves

one or more passes of few-shot prompting. The remainder of this chapter is structured by

three key research questions:

• RQ5: How well do people agree when they perform the contextualization task?

• RQ6: How well can a computer system perform contextualization?

• RQ7: Can LLM-generated annotations substitute for human annotations in evalua-

tion?

4https://bionlp.nlm.nih.gov/plaba2024/.
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Figure 5.1 illustrates the relevant parts of these RQs while Figure 5.2 provides more

details on the proposed approaches, i.e., computer systems that perform contextualization.

To answer RQ5, I design a human annotation study involving two locally recruited annota-

tors using the Amazon Mechanical Turk platform. Different annotators exhibit individual

differences, such as identifying overlapping but slightly different mentions. They show

moderate agreement on whether a mention should be elaborated using external knowledge

or the preceding context. To answer RQ6, I develop four approaches and conduct a human

evaluation, which shows that most approaches are effective at identifying mentions and

generating elaboration text. To complement the human evaluation, I also conduct automatic

evaluation, using human annotations as the reference. One of the four approaches demon-

strates competitive performance. Despite their strengths, all approaches tend to overlook

contextual mentions that are crucial for conveying the intended meaning yet more chal-

lenging to capture, highlighting a key limitation. RQ7 examines whether large language

models (LLM) can serve as substitutes for human annotations for evaluation. Preliminary

results suggest a potentially positive outcome, as LLM-generated annotations yield system

rankings that are consistent with those produced using human annotations as reference.

The key contributions of this chapter are as follows:

• The introduction of a contextualization task aimed at improving the comprehension

of historical texts in modern conversational interactions, elicited as requirements for

elaborating uncontextualized mentions;

• The development of a human annotation protocol, including a tool implemented us-

ing Amazon Mechanical Turk, along with the resulting analysis of human perfor-

mance on contextualization;

• A multi-faceted evaluation methodology consisting of human evaluation that pro-

vides ratings, automatic evaluation based on human annotations, and automatic eval-
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uation based on LLM-generated annotations;

• A competitive LLM-based approach, referred to as the “Joint” approach, validated

through both human ratings and automatic evaluation.

5.1 Problem Formulation

Let u denote the retrieved content, intended for use as an utterance in a conversational

interaction. Since I focus on the sentence level, let u specifically represent a sentence. For

example, it could be the output from the prototype retrieval system in Chapter 4, which

considers it relevant to the current conversation. The original context that precedes u in

the historical document is denoted as C, such as the preceding sentences from the same

paragraph, in which case C = {c1,c2, ...}. The goal is to contextualize u into another piece

of text u′, where mentions are elaborated.

Further, I assume that u contains some set of n uncontextualized mentions whose elab-

oration would most effectively improve comprehension in modern conversational interac-

tions. This set of mentions is denoted as M = {m1, ...,mn}. A model f identifies this set of

mentions based only on u.

M = {m1,m2, . . . ,mn}, where M = f (u) (5.1)

Each mention mi is then elaborated by a second model g, which generates an elaboration

text ei with information that is not from u for the purpose of contextualization, where ei

is a clause that can be added to u. The information used by function g comes from either

external resources such as a knowledge base KB, or the preceding context C of the retrieved

content.

ei = g(u,mi,KB∪C) for i = 1, . . . ,n (5.2)
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The knowledge base, consisting of numerous entries, is represented as: KB= {kb1,kb2, ...}.

The set of mentions M = {m1, ...,mn}, and their corresponding elaboration texts are

the critical building blocks for contextualization. The resulting contextualized sentence,

denoted as u′, for a specific mention mi, is constructed by inserting the elaboration text ei

immediately after the first occurrence of mi in u, with commas delimiting the insertion. For

example, the elaboration “who coached me and my teammate Alonzo” is inserted directly

after the mention “Coach Mac” in the earlier example. My analysis is conducted primarily

at the level of individual mentions mi and their corresponding contextualized sentence u′.

Finally, the overall goal of contextualizing u is to resolve multiple uncontextualized

mentions by inserting elaboration texts for each. Such a fully contextualized sentence, the

utterance for conversational interaction, denoted as un, can be obtained by sequentially

inserting the elaboration texts for all the mentions into u using a function i. Although I do

not implement this overall contextualization step, it can be formally defined as follows:

ui =


i(u,m1,e1) if i = 1

i(ui−1,mi,ei) if i > 1
(5.3)

5.2 Prompting LLMs for Contextualization

Four of my contextualization approaches utilize pre-trained LLMs to first identify men-

tions to be elaborated and three of the four use LLMs to generate elaboration texts. They

all perform one to more passes of few-shot prompting to achieve this process. When there

is more than one pass, it is a staged process. These approaches share similarities, so Fig-

ure 5.2 provides a general overview. To save space, the lower left legend shows some

shared details for all gray boxes. The elements in the prompts were selected based on the

generalized prompting instructions from Wang et al. [167], which is also referenced in the
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Identifying 
mentions

Context: [(Excerpt, some passages 
omitted) …] The Black Panthers had 
invaded the legislative chambers in 
the Capitol with loaded shotguns 
and held these gentlemen under 
the muzzles of those guns for a 
couple of hours. 
Text: Immediately after they left, 
Don Mulford introduced a bill to 
make it unlawful to bring a loaded 
gun into the Capitol Building.

Input

Context: [(Omitted).....] 
Utterance: Immediately after [they] 
left, [Don Mulford] introduced a [bill] 
to make it unlawful to bring a [loaded 
gun] into the [Capitol Building].

Human annotation

Annotator selects spans

Approach 1: EntLink

.search_page()

bill holdings. inc. is an american
company based in san jose. 
california. that provides 
automated...

bill

david donald mulford (august 27. 
1915 - march 20. 2000) served in 
the california state assembly for the 
16th and 18th district from 1958 to 
1971.

Don
Mulford

the united states capitol. often 
called the capitol or the capitol 
building. is the seat of the united 
states congress. the legislative 
branch of the federal government.

Capitol
Building

they

Approach 2: Coreference

the Black Panthersthey

Approach 3: Sequential

the Black 
Panthers

they

in the united 
states. open 
carry refers to 
the practice of 
visibly carrying 
a firearm in 
public places. 
as...

bill to 
make it 
unlawful 
to...

david donald
mulford (august 
27. 1915 -
march 20. 2000) 
served in the 
california state 
assembly for...

Don
Mulford

the united 
states capitol. 
often called the 
capitol or the 
capitol building. 
is the seat of...

Capitol
Building

Identifying 
mentions

(Coreference)
they

Instruction: [System Role]
[Task Background] [Task
Description]
Few-shot example:
[Example]
Test example: [Test
Example]

Identifying 
mentions

Identifying 
mentions Elaboration

Identifying 
mentionsElaboration

(the Black Panthers),
Don Mulford, bill to
make it unlawful to
bring a loaded gun

into the Capitol
Building, Capitol

Building

Approach 4: Joint

Elaboration

the Mulford Billa bill
the person who introduced the 
Mulford Bill

Don
Mulford

'the building in Sacramento, 
California, where the California 
State Legislature meets

the
Capitol
Building

Details

:

: a pipeline

✗

✓

✗

✓

✓
O
✓

✓

O

✓

✗

Context (C) or External (E)? Then elaborate
referring to the Black Panther members
who had previously ...

they (C)

a California AssemblymanDon Mulford (E)
a proposal for a new law or a change to
an existing law

bill (E)

a firearm that is loaded with ammunitionloaded gun (E)
government building where the California 
state legislature meets...

Capitol Building
(C)

bill, Don Mulford
Capitol Building

the
Black
Panthers

they

a bill, the 
Capitol 

Building, 
Don Mulford

Figure 5.2: Illustrating the proposed approaches. Each uses one or several passes of few-shot
prompting to identify mentions and then elaborate on them. ✓, x, and o show examples of elab-
orations as correct, incorrect, or not particularly useful or relevant, respectively, based on human
evaluation. The elaboration for Capitol Building (bottom right) is incorrect, as it should refer to the
one in California, based on the context.

style transfer chapter. For each approach, and specifically within each pass of few-shot

prompting (each gray box), an instruction provides a plain-text definition of the task, fol-

lowed by one or more few-shot examples. These examples contain elements such as the

text, mentions, context, and explanation, etc. presented as desirable input and output. Ta-

ble 5.1 organizes the elements whose variable contents are detailed in Tables 5.2 and 5.3.

Each prompt ends with a field for supplying the actual input. To maintain consistency, the

wording of each element reuses phrasing from the human annotation design in Section 5.5,

which was iteratively refined for human readability. I now outline the unique features of

each approach.

Approach 1: NER and Wikipedia elaboration (“EntLink”) The first approach is a

simple baseline that closely follows a standard entity linking process (precisely, “Wikifica-
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tion” process [112], where Wikipedia is the knowledge base). It then treats the identified

entities as the set of mentions and generates elaboration text for each, using only the corre-

sponding definitions from the knowledge base. Aligning with the problem formulation, this

baseline is designed with the simplifying assumption that mentions M = {m1,m2, ...,mn}

are all External mentions, and no Contextual mentions are considered. Unlike Wikification,

however, the inclusion of mentions does not consider their importance; any entity identified

through named entity recognition (NER) is elaborated.

OpenAI defines an LLM use case of NER, for identifying some user-specified named

entity types in a given text.5 I use that use case to implement the model f that identifies

the set of mentions. The prompting instruction focuses solely on entity linking, without

any reference to the contextualization task. Then, I iterate over all mentions to generate

elaboration texts using the following strategy (referred as the “Wikipedia elaboration strat-

egy”), implemented as the model g. For each identified mention mi (that is an entity), I use

the Wikipedia Python library to retrieve the most relevant Wikipedia page kbi based on the

entity’s textual form. I use the spaCy library to segment the page into individual sentences,

and take the first sentence with the assumption that it contains the most essential definition

of the mention mi. For this approach, ei is the first sentence from kbi. In Figure 5.2, this

approach performs only one pass of few-shot prompting.

Approach 2: Coreference tagging and contextual elaboration (“Coreference”) The

second approach, another baseline, aims to maximally differ from an NER process in Ap-

proach 1. Recall that Approach 1 assumes that mentions M = {m1,m2, ...,mn} are all Ex-

ternal mentions. My second approach therefore performs contextualization by focusing on

the text u and the preceding context C, with no explicit reliance on external resources. It

performs two passes of few-shot prompting. In the first pass, the prompting instruction

5The entity types are person, organizations, geopolitical and other locations, events, work of art, and
law. Examples for each from the official documentation is Johannes Gutenberg, The Beatles, Germany,
Renaissance, tort liability.
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introduces the background of contextualization as conversational interaction with general

museum visitors, defines what constitutes a Contextual mention (see Table 5.16), and then

uses several examples to illustrate several Contextual mentions. The prompting instruc-

tion then takes as input the text u to be contextualized, and identifies a set of Contextual

mentions. That set of mentions is processed in a second pass of few-shot prompting. The

prompting instruction describes the task of elaboration for that mention, and explicitly re-

quires the use of contextual information. It includes two examples from the training split

to demonstrate valid elaboration texts, and concludes by taking the actual context, text, and

mention as input to produce an elaboration text ei.

Approach 3: Sequential combination (“Sequential”) My third approach applies the

first two approaches in a sequence and therefore involves three passes of few-shot prompt-

ing. It begins with coreference tagging and contextual elaboration. Then, it inserts those

elaboration texts back to the original text u, creating a partially contextualized text. A third

pass of few-shot prompting, i.e., instructions to perform NER, followed by the Approach

1’s Wikipedia elaboration strategy, is applied to this partially contextualized text. The

decision to perform coreference tagging and contextual elaboration (Approach 2 “Coref-

erence”) before NER and Wikipedia elaboration (Approach 1 “EntLink”) is a deliberate

choice. However, it raises a question: which sequence yields a better combined effect on

contextualization—Coreference first or EntLink first? The design choice in Approach 3 is

guided by two considerations: (1) Deciding which mentions to tag during coreference tag-

ging as in Approach 2 is generally more intuitive than setting user-specified named entity

types as in Approach 1. (2) In the event that a mention qualifies as both an External and a

Contextual mention, I expect that the preceding context is more likely provide accurate in-

formation for elaboration, whereas Wikipedia-based elaborations may be less reliable due

to potential NER errors or the possibility that the first sentence of a Wikipedia entry is not

6The prompting instruction refers to it as a Coreference mention.
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# Pass Prompting
Elements

EntLink Coreference Sequential Joint

First
pass

System Role You are an expert in Natu-
ral Language Processing.

Whom talking to (Texts in typewriter font represent variables, whose full contents are
listed in the next two tables. This convention applies throughout this table.)

Task Background N/A Two types mentions

Task Description

Your task is to identify
common Named Entities
(NER) in a given text.
The possible common
Named Entities (NER)
types are exclusively:
person, organizations,
geopolitical entities, other
locations, events, work of
art, and law.

Your task is to identify particularly the
coreference mentions from the original text
that need further explanation for a general
audience (with high school education).
Task elab choice delimiter

Your task is to identify all the mentions
from the original text that need further
explanation for a general audience (with
high school education).
Task elab choice delimiter

Few-shot
Examples

Example ner Example coreference Example joint

Second
pass

System Role N/A Whom talking to

Task Background N/A Two types mentions

Task Description N/A

Your task is to provide an explanation to
the coreference mention from the original
utterance. If this mention is a coreference
mention, your explanation shall use informa-
tion from context. Conversely, if this men-
tion is an external mention, your explanation
shall use world knowledge.
Task elab text delimiter

Your task is to provide an explanation
to the mention from the original utter-
ance. If this mention is a coreference
mention, your explanation shall use in-
formation from context. Conversely,
if this mention is an external mention,
your explanation shall use world knowl-
edge.
Task elab text delimiter

Few-shot
Examples

N/A Example coreference elab Example joint elab

Third
pass

System Role N/A N/A You are an expert
in Natural Language
Processing.

N/A

Task Background N/A N/A N/A N/A
Task Description N/A N/A Your task is to iden-

tify common Named
Entities (NER) in a
given text. The possi-
ble common Named
Entities (NER) types
are exclusively: per-
son, organizations,
geopolitical enti-
ties, other locations,
events, work of art,
and law.

N/A

Few-shot
Examples

N/A N/A Example ner N/A

Table 5.1: Prompting elements for each approach. Texts in typewriter font represent variables con-
taining long texts, whose full contents are in the next two tables (5.2 and 5.3). Bold text highlights
the differences in the same element across approaches.
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Variable Content
Whom talking to Imagine that you are a conversational agent emulating the historical figure of Ronald

Reagan, the 40-th President of the United States. You are talking to a general audience
from nowadays (the 2020s), specifically, a young adult at the high school education level.
This person may ask for clarification on certain parts of what you said. You will explain
these parts further based on some conversation context and the knowledge of a general
audience at the high school education level.

Two types mentions These parts of the conversation are called mentions, which come in two types: coreference
mentions, explained through other expressions from or based on conversation context that
refers to the same person or thing, and external mentions, explained with world knowl-
edge. Mentions are minimum units that need explanation.
A coreference mention is an expression that refers to an earlier mentioned person or thing
within a conversation context. A coreference mention can be a pronoun, a possessive de-
terminer, a name, a description, or any expression sharing a common referent. An exter-
nal mention shall be explained with world knowledge, whose meaning remains constant
regardless of the conversation context. External mentions often involve specific knowl-
edge about the world, such as historical events, or cultural references that are not defined
solely by the context of the conversation. Additionally, if a mention contains complex
vocabulary that may be difficult for a general audience (with high school education) to
understand, it is more likely to be an external mention. Conversely, if a mention needs
explanation even if the vocabulary is simple for a high school education level, the mention
is more likely to be a coreference mention.

Task elab choice

delimiter

You should answer with the exact text from the original text. Do not write sentences. If
there are several mentions in your answer, only list these mentions as-is, format them as
a list, separate them with commas, and do not include spaces, periods or duplicates. For
example: mention1,mention2,mention3 If you think that there is no mention that needs
further explanation for a general audience (with high school education), you should write
“There are no mentions.” instead. In other words, if there are no such parts, do not write
anything else, but only “There are no mentions.”

Example ner Text: “In Germany, in 1440, goldsmith Johannes Gutenberg invented the movable-type
printing press. Modelled on the design of the existing screw presses, a single Renaissance
movable-type printing press could produce up to 3,600 pages per workday.”
Output: {“gpe”: [“Germany”], “date”: [“1440”], “person”: [“Johannes Gutenberg”],
“product”: [“movable-type printing press”], “event”: [“Renaissance”],
“quantity”: [“3,600 pages”], “time”: [“workday”]}

Example

coreference

Original text: The old memories of “gunboat diplomacy” are still with them.
The answer is: Them

Original text: There can be no question that we must not minimize in any way the
threat to the free world by the Soviet Union.
The answer is: the free world

Original text: The most obvious is that the program was created with no provision
for a means test.
The answer is: the program

Original Text: Certainly he was most helpful in our request that HEW permit us
to require welfare recipients to perform useful community service in return for their
grants.
The answer is: he,our

Original text: For many years virtually since the inception of public schools non-
sectarian prayers were offered in schools.
The answer is: There are no mentions.

Table 5.2: Long text contents of the variables from Table 5.1.
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Variable Content
Example joint Original text: The old memories of “gunboat diplomacy” are still with them.

The answer is: “gunboat diplomacy”,them

Original text: There can be no question that we must not minimize in any way the
threat to the free world by the Soviet Union.
The answer is: the free world,the Soviet Union

Original text: The most obvious is that the program was created with no provision
for a means test.
The answer is: the program,means test

Original text: Certainly he was most helpful in our request that HEW permit us to
require welfare recipients to perform useful community service in return for their grants.
The answer is: he,our,HEW

Original text: For many years virtually since the inception of public schools nonsec-
tarian prayers were offered in schools.
The answer is: There are no mentions.

Task elab text

delimiter

You should write your explanation text as a clause that can be inserted to the original text.
Do not write a full sentence. In other words, only return the clause without any beginning
or ending punctuation.

Example coreference

elab

Context: With our attention to Iran and the Middle East, most Americans are unaware of
what has been going on in the Caribbean islands.
Original text: We are being ringed in there by islands, which, one after the other, have
come under the influence of the Soviet Union by way of Castro.
Mention: there
The answer is: the Caribbean islands

Context: I said during the campaign that we would do nothing to hurt those presently
dependent on Social Security checks that we would not pull the rug out from under those
people so dependent.
Original text: I did say that I would try to restore the integrity to the program.
Mention: the program
The answer is: the Social Security program

Example joint elab Context: I did say that I would try to restore the integrity to the program.
Original text: I did say that I would try to restore the integrity to the program.
Mention: the program
Mention type: coreference
What is your explanation to this mention?
The answer is: the Social Security program

Context: Thank you too for your prayers; you will be in mine.
Original text: I promise too that we will continue trying to help peace come to El Salvador.
Mention: El Salvador
Mention type: external
What is your explanation to this mention?
The answer is: a country in Central America which is bordered on the northeast by
Honduras, on the northwest by Guatemala, and on the south by the Pacific Ocean

Table 5.3: Long text contents of the variables from Table 5.1 (continued).
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a good elaboration for the mention. For example, the Wikipedia content associated with a

Wikipedia entity called “Open carry in the United States” shown in Figure 5.2 does not

directly explain not the NER-identified mention in u “bill to make it unlawful to bring a

loaded gun into the Capitol Building.”

Approach 4: Joint contextualization (“Joint”) Approaches 1 and 2 are specifically

designed for the contextualization task. Approach 3 combines the two by applying them in

sequence. Approach 4 differs from and improves upon Approach 1 by replacing the NER

process and Wikipedia-based elaboration with prompts specifically tailored to contextual-

ization. Recall that in Approach 2, the prompting instruction defines what constitutes a

Contextual mention and that is followed by another instruction to generate an elaboration

text based on the preceding context. Approach 4 extends Approach 2 by instructing the

LLM to identify Contextual and External mentions, with prompting examples aligned to

that instruction. It is followed by another instruction to elaborate these mentions. As a re-

sult, the prompting instruction of Approach 4 (“Joint”) is detailed and explanatory, closely

resembling an annotation guideline for human annotators to perform contextualization.

Implementation Details All four approaches use the the OpenAI GPT-4o model (ver-

sion 2024-05-13). For the Joint approach, I also implement it using the Claude 3 Sonnet

and Haiku models by Anthropic.7 Different implementations of the same approach are re-

ferred to as different systems in the experiments. The model version used for each Joint

system is indicated in all result tables.

7Anthropic is an AI research company that, in March 2024, claimed that one of its Claude 3 models
outperformed both GPT-4 and Gemini in mathematical problem solving, coding, general knowledge and
other areas.
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5.3 Corpora

This chapter empirically focuses on applying contextualization to letters. The Reagan

collection described in Chapter 4 serves as the primary source for evaluating contextual-

ization. An updated portion of the collection—letters—was drawn from the book Reagan:

A Life in Letters (more details in Section 6.3), which includes approximately 1,058 letters

written by Ronald Reagan over his lifetime. Letters stand out as written monologues, in

contrast to spoken-language transcripts such as public papers and interviews. They are hy-

pothetically valuable for contextualization due to their brevity and the fact that they were

originally addressed to someone other than the intended user of our system.

In more details, I extract individual letters by segmenting the entire text from the book

using salutations as starting points and various forms of Reagan’s signature as ending

boundaries. After obtaining individual letters, I further segment the letters into paragraphs,

where a paragraph is usually cohesive on one topic and has one or more sentences. I use the

spaCy library to segment paragraphs into sentences, where a sentence is the input text u for

contextualization. Each sentence can be traced back to its context, which in my experiments

are preceding sentences from the same paragraph. The segmented letter paragraphs, and

letter sentences are later updated into the Reagan collection from Chapter 4. The data are

split at the letter level, with all corresponding sentences grouped into training, validation,

and test sets containing 1,768, 395, and 360 sentences, respectively. I use the training split

to manually select prompting examples for the proposed approaches, and apply proposed

approaches to the validation and test splits.
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5.4 Human Evaluation

At the highest level, the evaluation of contextualization is divided into human evaluation

and automatic evaluation. This section presents the human evaluation design and results.

Human evaluation provides direct insights into how people perceive the effectiveness of

contextualization (RQ6), i.e., “a direct evaluation of the utility of proposed approaches”

according to Reiter [132]. It is conducted directly on system outputs. A human provides

preferences based on contextualization requirements, divided into two aspects: identifying

mentions that should be elaborated, and generating elaborative texts for those mentions.

5.4.1 Design

One evaluator (referred to as A1) was recruited to provide their judgments to a random

sample of contextualization output. A1 is a native English-speaking undergraduate major-

ing in Information Science at a U.S. university, aged between 18 and 25. Initially, A1 and

a second annotator with the same background (referred to as A2) were recruited to perform

a human annotation task (see procedures in Section 5.5). Based on A1’s demonstrated

efficiency and ability to produce sufficient and meaningful work, A1 were subsequently

engaged in the human evaluation task described in this section. The results of human eval-

uation and human annotation are presented in reverse chronological order to align with the

writing structure, starting with human evaluation, which serves as a reference point for the

overall automatic evaluation.

The test split of the corpus contains 360 sentences. I randomly sample 50 mentions

identified by each system from those sentences, and collect their corresponding elaboration

text. As a result, the selected mentions are not paired across systems—they represent inde-

pendent data points for statistical analysis. A total of 300 mentions and elaboration texts,

along with the original texts and preceding contexts, are shuffled and displayed as 300 rows
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(a) Labels for the 5-point rating scale used for mention identification. When training the evaluator,
the wording of these labels slightly differed in verb choice—for example, “Explaining this mention
is critically important” was used, which conveys the same intent as “Identifying this mention is
critically important for contextualization,” the phrasing adopted here for clarity.

Value Label

5 Identifying this mention is critically important for contextualization.
4 Identifying this mention is highly desirable for contextualization.
3 Identifying this mention has some added value for contextualization.
2 Identifying this mention does not add value for contextualization.
1 Identifying this mention is counterproductive for contextualization.

(b) Labels for the 5-point rating scale used to evaluate elaboration texts. When training the evaluator,
the wording such as “Explanation to this mention is excellent” was used.

Value Label

5 The elaboration text for this mention is excellent.
4 The elaboration text for this mention is correct and of good quality but has minor

flaws, such as being slightly too long or too short, not perfectly formatted, or containing
incorrectly encoded non-English characters.

3 The elaboration text for this mention is correct but not particularly useful or relevant.
2 The elaboration text for this mention may contain incorrect information.
1 The elaboration text for this mention is highly inaccurate to the point of being mis-

leading.

Table 5.4: Likert scales for the two aspects: mention identification and elaboration texts.

in an offline Excel spreadsheet for human evaluation, where the name of the system that

identify each mention is shielded. The evaluator provided preferences based on contex-

tualization requirements, divided into two aspects, using a 5-point Likert scale: mention

Table 5.5: The median and mean of ratings, and mean of binary values for each system, evaluated
on a random sample of 50 positive mentions from the test split.

System Identifying Mentions Elaboration Texts
Median Mean Mean (Binary) Median Mean Mean (Binary)

Joint (Sonnet) 5.0 4.14 0.88 4.0 3.96 0.96
Joint (Haiku) 4.0 3.82 0.82 4.0 3.92 0.94

Joint (GPT) 4.0 3.82 0.88 4.0 3.64 0.90
EntLink 3.0 3.36 0.80 3.0 2.80 0.68

Coreference 5.0 4.22 0.84 4.0 3.66 0.94
Sequential 4.0 3.82 0.84 4.0 3.40 0.86
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identification and elaboration quality. Table 5.4 defines the scales and their labels.8

5.4.2 Results

Table 5.5 reports the median and mean ratings assigned by the human evaluator A1 for

each system and for each aspect. The median ratings are reported to align with the nature

of ordinal rating scales, which do not assume evenly spaced numerical intervals. However,

median ratings often result in ties and provide limited differentiation among systems—

though they still help identify underperformers, such as EntLink. The following analysis is

based on mean ratings.

For identifying mentions, all mean ratings fall within the range 3.3 to 4.2, indicating

that the mentions are generally perceived as having some added value. The mean ratings

rank the systems as follows: Coreference first; Joint (Sonnet) second; a tie for third place

among Joint (Haiku), Joint (GPT), and Sequential; and finally EntLink.

Across all mentions identified, the human evaluator A1 assigned the following number

of mentions to each point on the scale, from lowest to highest: 0 as counterproductive,

47 as having no value, 64 as having some added value, 72 as highly desirable, and 117

as critically important. This means that the evaluator considered 84% of mentions iden-

tified by any system as having some added value. Table 5.6 shows a few example men-

tions identified by various systems, corresponding to each value assigned by the evaluator.

The evaluator demonstrated a strong preference for Contextual Mentions to be rated as

critically important—examples include “those,” “They,” “his,” and “the same decision.”

By contrast, External Mentions, such as “The Constitution,” “Bercy Sports Stadium,” and

“Senator Chavez” are generally rated as having some added value.9

For elaboration texts, all average ratings, except that of the EntLink system, fall within

8The scales are ordinal, not interval [5].
9This classification of Contextual and External Mentions was by me based on the definitions the two.
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(a) Mentions that are sampled from each level of the human evaluator A1’s ratings.

Value Example mentions

5 those, they, they, here, the woman, us, He’s, They, They, bugging
4 Our house, people like yourselves, draft48, USSR, Senate committee, Angola, Reverend

Billy Graham, Pentecostals
3 president, Bercy Sports Stadium, the ranch, Washington, law, Los Angeles, Senator Chavez,

Washington, Mexican workers, The Constitution
2 fire protection, his, country, prestigious, last New Year’s, that office, friends, both of us,

nuclear missiles, the atrocities
1 N/A

(b) Elaboration texts sampled from each level of A1’s ratings.

Value Example elaborations (Bulleted, with the corresponding mention in parentheses)

5 - (these gentlemen) the members of the legislative chambers,
- (maturing) becoming older and developing both physically and mentally, as we are dis-
cussing in this birthday context,
- (studio cooperation) access to and assistance from Hollywood studios for reporting and
publicity purposes

4 - (the convention) the Republican National Convention, a formal gathering where the Re-
publican Party officially nominates its candidate for president and establishes its platform
for the upcoming election
- (Israel) a country in the Middle East, located on the eastern shore of the Mediterranean
Sea, known for its historical and religious significance

3 - (Ireland) a country in Europe located to the northwest of continental Europe, occupying
most of the island of Ireland
- (Dublin) dublin is the capital city of ireland.
- (Cuban military) the cuban revolutionary armed forces (spanish: fuerzas armadas revolu-
cionarias; far) are the military forces of cuba.

2 - (his own country) the country of the person being referred to in the conversation, which in
this context would likely be the United States
- (those on our own side) the American soldiers and their allies
- (our people) the American citizens who are capable of self-government and whose needs
and wants should be prioritized

1 - (friends) friends is an american television sitcom created by david crane and marta kauff-
man. which aired on nbc from september 22. 1994. to may 6. 2004. lasting ten seasons.
- (him) him (sometimes stylized as h.i.m.) was a finnish gothic rock band from helsinki.
- (he) he... is a 2011 bhojpuri film directed by mangesh joshi starring madan deodhar. ra-
jendra gupta and shashank shende.

Table 5.6: Examples sampled from each value of the human evaluator’s ratings.
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the range of 3.4 to 4.0, indicating generally accurate elaborations. Four systems average

above 3.6. The average ratings rank the systems as follows: Joint (Sonnet), Joint (Haiku),

Coreference, Joint (GPT), Sequential, and EntLink.

Across all elaboration texts, the evaluator rated 23 of them as highly inaccurate, 13 as

potentially containing incorrect information, 66 as not particularly useful, 168 as in high

quality while having minor flaws, and 30 as excellent. This means that the evaluator con-

sidered 66% of elaboration texts as having high quality. Table 5.6 shows a few elaboration

texts generated by various systems, corresponding to each label point as perceived by the

evaluator. The evaluator demonstrated a preference for medium-length elaboration texts:

those rated as excellent (5) average 75 characters, while those rated as having minor flaws

(4) average 102 characters.

Research suggests that 5-point human ratings are subject to cognitive uncertainty [50],

so I also convert the ratings for identifying mentions into binary values. Mentions rated

3 or higher are assigned binary value 1, signifying at least some added value, while those

rated below 3 are assigned binary value 0, indicating a lack of added value. Similarly,

I convert the ratings for elaboration into binary values: mentions rated 3 or higher are

assigned binary value 1, signifying a correct elaboration, while those rated below 3 are

assigned binary value 0, indicating incorrect elaboration. The mean of binary values are

also reported in Table 5.5.

The binary values for identified mentions averages between 0.8 and 0.9, indicating lim-

ited variance across systems. The binary values also yield a different ranking: a tie for first

place between Joint (Sonnet) and Joint (GPT); then a tie for third place between Coref-

erence and Sequential; followed by Joint (Haiku); and finally EntLink. The rank shift for

Approach 2 (Coreference) between the mean and binary value rankings may suggest Coref-

erence’s unique strength in identifying mentions that A1 considers critically important.

All binary values for elaboration texts (except that of EntLink) average over 0.85, indi-
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cating both high overall accuracy and limited variance across systems in elaboration cor-

rectness. The EntLink system is particularly prone to elaborating with incorrect informa-

tion, as it often links mentions to incorrect knowledge base entities that share the same

surface form, and struggles to accurately elaborate Contextual mentions. For example, the

pronoun “he” should be a Contextual mention but it is mistakenly elaborated as a film titled

“He. . . (2011).”

To summarize the findings for RQ6, human evaluation results indicate that five out of

six systems generally perform contextualization fairly well: they usually identify mentions

with at least some added value and they generate elaboration texts that tends toward good

quality.

5.5 Human Annotation

Human annotations play two important roles in contextualization. First, researchers

collect human annotations from experts in pilot studies, such as auxiliary labels describ-

ing textual characteristics, to better understand the task [150]. Human annotations offer

insights into the relevant “linguistic knowledge” [150], as reflected by the degree of agree-

ment among annotators. The degree of agreement is the focus of RQ5. Second, many text

rewriting tasks can benefit from some available human-written ground-truth texts that work

as “references” for conducting automatic evaluation (RQ6) [35, 150]. The references are

often a naturally-emerging human-written corpus. For example, in the open-ended story

generation task, Chiang et al. [35] worked with a dataset that consists of stories that Red-

dit users wrote spontaneously to a sub-reddit named WritingPrompts. In the absence of a

naturally occurring human-written corpus about contextualization, creating one becomes

important. Regarding terminology, the term human annotations is often used broadly to

refer to human-written ground-truth outputs in various forms, including text [156]. In the
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context of contextualization, identifying mentions, as done by the proposed approaches,

has a non-textual form of output, whereas elaboration texts are textual output. Therefore,

this section describes the human annotation process, including identifying mentions and

elaboration, and present the results, which constitute a contribution of this chapter.

5.5.1 Design

In this human annotation process, local (not crowdsourced) annotators performed con-

textualization by identifying mentions and writing elaboration texts, using a user interface

(UI) on Amazon Mechanical Turk (MTurk) Worker Sandbox.

Tools and Annotators: Regarding annotator recruitment, previous studies [150] have

cautioned against relying on the general MTurk worker pool for cognitively demanding

tasks, highlighting risks such as high performance variability, poor calibration, and the

potential for misleading conclusions. An alternative approach is to use the Amazon Me-

chanical Turk Worker Sandbox, a simulated environment with most features of the MTurk

marketplace but designed for internal development where locally selected workers can per-

form the task. The third approach is Turkle [92]10 is a Django-based web application that is

an open-source alternative to MTurk. I recruited annotators through community channels

and instructed them to perform the annotation tasks in the Worker Sandbox. However, the

ideal annotators for the contextualization task would be individuals with historical exper-

tise or deep familiarity with the Reagan collection. The annotation team consists of two

annotators who are native English-speaking undergraduate majoring in Information Sci-

ence at a U.S. university, aged between 18 and 25. They responded to a recruitment post

and completed a pre-screening and training session remotely via Zoom. The first anno-

tator (A1) subsequently served as the evaluator for the human evaluation as described in

10https://turkle.readthedocs.io.
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Section 5.4.1. The second annotator (A2) was recruited only for this section.

Training of Annotators: During the training session, the annotators were introduced

to an instruction manual and example annotations, and they also received a copy of the

training manual for subsequent reference. The full training manual is in Appendix D. It

outlines the contextualization task, then provides a concise set of decision rules in natu-

ral language, while still encouraging annotators to exercise discretion on a case-by-case

basis when working on each example. Each text that needs contextualization is shown to

an annotator as a Human Intelligence Task (HIT) in MTurk, i.e., a single, self-contained

task to be completed online. The annotation interface for a HIT is shown in Figure 5.3.

In brief, the annotators were instructed to identify mentions based on what they expect a

general audience with at least high school education would not understand. The annotators

first read the test, and selected text spans as their choice of the set of mentions for con-

textualization, by dragging their mouse. For each such mention, a corresponding group of

questions appeared below the text. Within each question group, the annotators classified

the corresponding mention as either External or Contextual, and then typed an elaboration

text.

Main Annotation Process: Annotators completed HITs constructed from texts in the

validation and test splits of the contextualization corpora (Section 5.3). Throughout the an-

notation process, each annotator was assigned HITs in sequential batches of increasing size

(e.g., 25, 50, 100), continuing until all HITs are completed. Annotators completed batches

asynchronously and were compensated at a rate of $20 per hour for their focused time.

After annotators completed a batch, I reviewed their annotations and asked questions about

their thought process to ensure a basic but sufficient level of adherence to the instructions.
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Figure 5.3: Human annotation interface on Amazon Mechanical Turk (MTurk). The annotators first
identified a set of mentions for contextualization, then wrote elaboration texts to contextualize each
mention. The wording used in the interface differs slightly from that presented in the dissertation.

5.5.2 Fuzzy Matching Aligns Differing Human Annotations

When multiple annotators have worked on HITs based on the same text, their annota-

tions often differ, allowing analysis of individual differences. These differences are wel-

comed: the task requires careful reading, thoughtful reasoning, and often yields diverse

interpretations of the text. Doing analysis on individual differences fulfills the first role

of human annotations: capturing relevant “linguistic knowledge” (RQ5). Regarding the

second role—supporting automatic evaluation (RQ6)—other NLP tasks that collect human

annotations often aggregate numerical judgments from multiple annotators to mitigate the

effect of individual subjectivity [150]. Since annotations for contextualization are struc-

tured texts rather than numerical values, there is no standard aggregation method to process
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them. I therefore choose one annotator’s annotations as the primary annotations for all texts

in the automatic evaluation (Section 5.6).

What are the differences specifically? Different annotators may identify overlapping

sets of mentions, but these sets often differ in minor details. For example, in the running

example shown in Figure 5.1, one annotator selected the spans: “they,” “Don Mulford,”

“bill,” “loaded gun,” and “Capitol Building.” whereas another annotator selected “they,”

“Don Mulford,” and “the Capitol Building.” “Capitol Building” and “the Capitol Build-

ing” do not exactly match, but refer to essentially the same mention. I treat such cases as

reflecting the annotators’ shared intent and thus as agreement.

To measure agreement without overly penalizing minor variations from exact match, I

use a fuzzy matching strategy that aligns mentions based on the following two criteria: (1)

they differ only by the presence of “the;” or (2) they share overlapping non-stop words

and non-punctuation tokens, after splitting the text by whitespace. When two mentions are

aligned, both are normalized to the shorter form. Fuzzy match also helps increase the num-

ber of matched elaboration texts. For instance, one annotator identified “mandated” with

the elaboration text “required or enforced by law or authority” while another annotator

identified “mandated prayer” with the elaboration text “a government-enforced religious

practice.” The similarity between those elaboration texts should be measured rather than

completely ignored due to minor variations in the underlying mentions.

However, there are still corner cases where fuzzy matching fails, resulting in false

matches. For example, the matching may be suboptimal depending on how two sets of

mentions are ordered. If the set {..., House Ways and Means Committee, ...} is aligned

with the set {..., House, Ways and Means Committee, ...}, a longer mention like “House

Ways and Means Committee” might be matched with “House”, missing a more appropriate

pairing such as “Ways and Means Committee” if based on the comparative length. A po-

tential improvement to fuzzy matching is to apply a more fine-grained threshold by Dice’s
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coefficient [46], which measures string similarity by computing the character-level n-gram

overlap between two strings.

5.5.3 Results

Amount of Work, Timeline, and Compensation: The two annotators, identified as

A1 and A2, each annotated the same set of 395 HITs (one sentence per HIT) from the val-

idation split and 360 HITs from the test split. A1 identified 801 mentions in the validation

split and 510 in the test splits, while A2 identified 1,042 and 845 mentions, respectively.

The annotation was conducted between late October 2024 and February 2025, with a total

compensation ranging from $600 to $1000 for approximately 30 to 50 hours of work.

Inter-annotator Agreement: Inter-annotator agreement measures agreement in de-

cisions by the two annotators throughout the annotation process. When two annotators

identify different sets of mentions, inter-annotator agreement cannot be reliably calculated

at the mention-level due to the unknown probability of negative decisions (i.e., choosing

not to identify a particular mention). Recall that in the annotation interface (see Figure 5.3),

a pop-up question prompts them to decide whether the mention is External or Contextual. I

apply the fuzzy matching strategy to the two sets of mentions to obtain a joint set of aligned

mentions, and compute Cohen’s kappa [36] on the External vs. Contextual labels over the

joint set. Cohen’s kappa between annotators A1 and A2 is 0.641 based on 642 aligned

mentions from all HITs in the validation split, and 0.707 based on 364 aligned mentions

from the test split. The value 0.641 is often interpreted as indicating moderate to substan-

tial agreement [8, 90]. The value 0.707 is generally regarded as substantial agreement.

In response to RQ5, human annotators demonstrated a strong shared understanding of the

contextualization task: they identified overlapping mentions, and consistently assigned the

same category (i.e., elaboration type) to those mentions. I defer the assessment of agree-
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ment on elaboration texts until the appropriate evaluation measures are introduced in the

automatic evaluation section.

Nested Cases: During intermediate feedback conversations with the annotators, a small

proportion of mentions (in fewer than 10% of texts) emerge as nested cases, whose cate-

gory falls between External and Contextual—often best understood as a mixture of both.

These mentions would negatively impact the inter-annotator agreement as reported. While

these cases can generally be elaborated with contextual information, a more informative

elaboration often requires additional information from external sources. For example, in

one text “They would be executed if they tried to live as citizens under the Sandinistas.”,

the mention “They” can be elaborated as “some of the Contras.” if it’s a Contextual men-

tion, but the elaboration text is not fully informative. Information from external sources can

further clarify that the Contras means “various right-wing rebel groups active from 1979

to 1990...”

Individual Differences: Figure 5.4 illustrates the distribution of mentions per text and

the number of characters per mention for both annotators. On the validation split, the aver-

age number of mentions by A1 is 2.03; for A2, the average is 2.63. While A1 and A2 differ

in the number of mentions they extract per text, they have similar character lengths per

mention. The average length of mentions by A1 is 9.95 characters, with an average word

count of 1.49 words. For A2, the average length is 10.86 characters, with an average word

count of 1.69 words. According to A1 and A2, 9% and 2% texts, respectively, contain no

mentions requiring contextualization. These are typically simple, self-contained statements

on some issue or event.11

To better understand the mentions identified by A1 and A2, I divide the 395 texts from

the validation split into three groups based on the relative difference in the number of

11Such as one statement on journalism practice, “Would it have been fair to let one reporter have an added
question without giving others the same opportunity?” or another statement on prayer freedom, “Anyone
was free to pray if he or she so desired.”
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Figure 5.4: Histograms showing mentions per text and character count per mention for A1 and A2
on the validation split.

mentions identified (0-20%, 40-60%, 80-100%). Due to the skewed distribution, these

ranges roughly form three categories, described as: A1 identifies at least as many mentions

as A2; A2 identifies as many or slightly more than A1; and A2 identifies at least two

more mentions than A1. I then randomly sample 5 texts (sentences) from the first and last

categories, and compare the mentions extracted in Table 5.7.

For those texts, there is a high overlap in mentions extracted, while two annotators

show different characteristics. In Table 5.7(a), unique mentions by A1 include that sit-

uation, falsehood, criticism, advocating, mandated, and economic reforms, with elabora-
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Utterance Mentions and Elaborations by A1 Mentions and Elaborations by A2
Finally; as for Lebanon,
that situation is only one
facet of the whole Middle
East problem.

Lebanon: a country in the Levant region of West Asia
that situation: the specific issues or conflict occurring in Lebanon
at the time
Middle East problem: the complex and ongoing political, social,
and military issues in the Middle East region

Lebanon: country in the Middle East
facet: or aspect
Middle East problem: referring to the broader set of
issues in the Middle East, which could include political
instability, territorial disputes, religious conflicts

And of course as always
there are some deluded
souls who believe the
falsehoods of the lynchers
and go along with the
mob.

deluded: misled or deceived into believing something that is not
true
falsehoods: lies or statements that are not true
lynchers: people attacking someone’s reputation or character
mob: group of people acting emotionally and often irrationally

deluded souls: individuals who are misled or deceived
by false information or manipulations, often lacking
critical judgment or awareness
lynchers: people who engage in a mob or vigilante act
of punishment, often unjust or illegal
the mob: the group of people who collectively follow
or support an action or belief, often in an unthinking or
chaotic manner, typically referring to a crowd that seeks
justice outside of legal or proper channels.

There have been criticisms
from time to time by some
in that process but still we
have a good relationship.

criticisms: expressions of disapproval or pointing out faults
that process: meaning the Contadora process

that process: the Contadora process, a diplomatic ef-
fort aimed at achieving peace and resolving conflicts in
Central America, particularly involving countries like
Nicaragua, El Salvador, and Honduras

Its opponents made the ar-
gument that we were advo-
cating mandated prayer.

Its: refers to the school prayer amendment
advocating: publicly supporting or arguing in favor of something
mandated: required or enforced by law or authority

Its: the school prayer amendment
mandated prayer: a government-enforced religious
practice

At the same time it is the
only institution which can
impose economic reforms
on extravagant countries as
a condition for borrowing.

it: the International Monetary Fund (IMF)
institution: meaning established organization or foundation
impose: meaning force or place something on others
economic reforms: changes made to improve the economy, which
can include policies or regulations affecting financial systems, gov-
ernment spending, or taxation
extravagant: meaning characterized by excessive spending or
wastefulness
condition for borrowing: a requirement that must be met before a
loan can be obtained

the only institution: referring to the IMF
impose economic reforms: requiring changes in a
country’s economic policies
extravagant countries: nations with excessive or un-
sustainable spending
condition for borrowing: meaning that these reforms
are mandatory for the country to receive loans from the
IMF

(a) Texts where A1 extracts at least as many as A2.

It was added by a Democratic
member of the Democratic-
controlled House Ways and Means
Committee, and again was part of
the price we had to pay to get our
economic program adopted.

It: the 70% income tax rate on unearned or in-
vestment income, which was reduced to 50%
Democratic: pertaining to the Democratic
Party, a political party in the United States
Democratic-controlled: refers to a situation
where the Democratic Party holds the major-
ity of control in a particular legislative body
House Ways and Means Committee: a com-
mittee in the U.S. House of Representatives re-
sponsible for handling issues related to taxa-
tion and government spending
adopted: accepted, approved, or put into effect

It: the reduction of the 70% income tax rate on unearned or invest-
ment income to 50%
Democratic: members of the Democratic Party
House: the House of Representatives, one of the two chambers of
the United States Congress
Ways and Means Committee: a committee in the House of Rep-
resentatives responsible for overseeing taxation and other revenue-
related matters
the price we had to pay: the compromises made by the administra-
tion to secure approval of its economic program
economic program: the overall set of policies or reforms aimed at
improving the economy
adopted: meaning the economic program was officially accepted
and enacted by Congress

Tell her also that a lot of the
gloomy talk on the TV news is just
that talk.

her: referring to Chrissy her: Chrissy gloomy: or negative
that talk: implying that the negative commentary on the news is
just talk, not necessarily reflective of the real situation

A second incident that now will be
taken care of by the equal access
bill had to do with a group of stu-
dents holding a Bible discussion at
recess on the school grounds.

equal access bill: a law or proposed law in-
tended to ensure that all groups have the same
rights to use public spaces or resources

second incident: or another related situation
equal access bill: the legislation ensuring student groups have equal
rights to meet on school grounds
Bible discussion: a conversation about religious topics from the
Bible

He said: Things were different
then; the press was on our side.

He: Dick Nixon He: referring to Richard Nixon, the 37th President of the U.S.
Things: between the media’s role during WWII and in the context
of Grenada
the press: referring to the news media

Our party should strive to change
this one is not an Irish-American
for example but is instead an
American of Irish descent.

descent: meaning ancestry or lineage party: referring to the Republican Party
this: the practice of hyphenating identity
American of Irish descent: emphasizing a unified American identity
over divided labels based on heritage

(b) Texts where A2 extracts at least two more mentions than A1.

Table 5.7: Randomly sampled texts (sentences) illustrate individual differences in mention identifi-
cation (highlighted in bold). Mentions are shown in their original form, rather than their normalized
form after fuzzy matching.
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tions primarily drawn from external sources. In particular, mentions such as falsehood,

criticism, advocating, are in my opinion less critical, as they serve mainly as vocabulary

explanations. In Table 5.7(b), about half of the unique mentions by A2 are Contextual, in-

cluding the price we had to pay, that talk, Bible discussion, Things, and this. A1 and A2’s

elaborations sometimes reflect differing interpretations of the same mention. For instance,

A1 provides valid vocabulary-based elaborations for impose and adopted, while A2 offers

more contextual interpretations—impose as “requiring changes in a country’s economic

policies” and adopted as “the economic program was officially accepted and enacted by

Congress”. The former elaborations more briefly support textual comprehension, while

the latter more holistically capture the intended meaning: both are valid, yet they reflect

different tendencies in performing contextualization (addressing RQ5).

I then divide each annotator’s mentions from the validation split into three equally sized

tertiles based on mention character length (0-33%, 34-66%, 67-100%), labeled as “Short,”

“Medium,” and “Long.” Based on prior observation that A2 identified more Contextual

mentions and provided such elaborations, I further pay attention to a long-tail range (90-

100%) based on mention character length, and label it as the “Longest.” I then randomly

sample 10 mentions from each range. The sampled mentions are shown in Table 5.8. Men-

tions sampled from Short, Medium, and Long are generally similar between A1 and A2.

Mentions sampled from the Longest show that A2 tended to identify as mentions lengthy

phrases that include pronouns, such as “does have a plan for all of us,” “from both of

us warmest regard,” and “sends her love and both of us do,” whereas A1 seldom identi-

fied such phrase as mentions. This observation reinforces that A2 tended to comprehend

meanings more holistically.

In summary, annotations by A2 are on average denser, with more mentions per sentence

and slightly longer in mention character length. A2 also tended to read between the lines,

engaging in deeper comprehension, which resulted in elaboration texts that convey implied
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Range Mentions identified by A1 Mentions identified by A2

Short
(0-33% length)

They, Chinese, boyish, program, plants, Contras, there, it,
record, them

ranch, It, Nancy, it, record, he, we, staff, Defense, his

Medium
(34-66% length)

inevitably, The Soviets, convention, abandoned, legisla-
tion, delegates, subversion, D’Aubuisson, engraving, San
Diego

Minnesota, moving ahead, that call, compromised, well-
to-do, guerrillas, disarmament, campaign, Aerospace,
call for

Long
(67-100% length)

crocodile tears, surrender-or-die ultimatum, administra-
tion, Social Security, to the contrary, social gospel, em-
ployer and employee tax, constitutional, 25 cents out of
each dollar, contribution

attorney general, march of empire, surrender-or-die ulti-
matum, Republican primary, Greater Glory Hath No Man,
private property, domestic side, more than 15 years old,
Social Security recipients, vicious act of terrorism

Longest
(90-100% length)

The school authorities, Pediatric AIDS Foundation, 25
cents out of each dollar, Korean airline massacre, state
and federal levels, essential social programs, separation
of church and state, autonomous corporation, Kuchel,
Christopher and Knight, Commodity Credit Corporation

heavy print and headlines, surrender-or-die ultimatum,
not interfere in the practice of religion, does have a plan
for all of us, from both of us warmest regard, loan and
scholarship programs, essential social programs, sends
her love and both of us do, wrong method had been tried,
profane and obscene language

Table 5.8: Randomly sampled mentions identified by A1 and A2, divided into three tertiles based
on mention character length. Additionally, the Longest group includes mentions in the 90-100%
character length range.

meaning beyond what is explicitly stated. Since there is no standard aggregation strategy

for multiple human annotations, I treat A2’s annotations as a primary human reference, and

primarily analyze results based on A2’s annotations during the automatic evaluation (RQ6).

5.6 Automatic Evaluation

Automatic evaluation offers a complementary perspective to human evaluation for ad-

dressing RQ6, especially as future approaches may not undergo human evaluation. It uses

human annotations as the ground truth to compute evaluation measures where system per-

formance can be compared. The next subsection introduces evaluation measures targeting

two aspects of contextualization (see Table 5.9)—identifying mentions, and elaboration.

Table 5.9: Proposed evaluation measures for contextualization.

Aspects Automatic Evaluation Measures

Identifying Mentions TP, FP, FN, Precision, Recall, F1, F2 (corpus-level)
Elaboration MNLI (comparing full sentences with inserted elaboration texts)

BLEU-4 (comparing elaboration texts directly)
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Corresponding results are in Section 5.6.2.

While human evaluation directly reflects human perception, automatic evaluation relies

on measures that approximate the intended effect. Validation studies assess the validity

of these measures by examining their correlation with human evaluation results [132]. In

other words, the results presented in Section 5.6.2 can be considered valid answers to RQ6

only if the selected measures are supported by validation studies. Therefore, Section 5.6.3

presents validation results.

5.6.1 Design

Measures for Identifying Mentions: To evaluate the differences between mentions

identified by systems and by human annotations, one way is to examine three raw counts

from the confusion matrix. Mentions identified by a proposed approach are categorized as

True Positives (TP), False Positives (FP), and False Negatives (FN) based on comparison

with the ground truth set of human-identified mentions, as described in Section 5.5. When

determining whether a system-identified mention match with a human-identified mention,

the fuzzy matching strategy is applied.

Alternative measures not based on the confusion matrix, such as mean difference, mean

absolute error (MAE), and Cohen’s kappa, have been used to analyze the differences be-

tween LLM and human labels for tasks like search preferences [155]. However, these

measures are not well-suited for the contextualization task. Cohen’s kappa is inappropriate

due to the unknown probability of negative decisions (i.e., choosing not to identify a given

mention, see Section 5.5). Reporting accuracy alongside mean absolute error (MAE) is ap-

propriate for search preference or other classification tasks, where each example has both

machine-predicted and human-annotated labels, allowing for a complete confusion matrix.

By contrast, contextualization lacks a clear notion of True Negatives (TN), as text spans
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not identified by either humans or machines cannot be meaningfully counted, making such

measures less suitable.

To continue, the raw counts in each category (TP, FP, and FN) enable the calculation

of precision and recall, which are then used to derive the F1 and F2 scores [134]. These

F-scores serve as single-valued for easier interpretation: higher scores generally indicate

a better balance between precision and recall in identifying mentions. F1 equally weighs

precision and recall, whereas F2 places greater emphasis on recall. For contextualization,

F1 rewards a balanced amount of elaboration that is both accurate and informative, while F2

prioritizes identifying all mentions that requires elaboration. I consider F1 the primary mea-

sure, as systems with high F2 scores may still produce excessive false positives (FP), lead-

ing to unnecessarily lengthy texts due to over-elaboration. Take the last text in Table 5.7b

as an example. Suppose the ground truth identifies “party,” “this,” and “descent”12 as

mentions. In this case, the annotations by A1 and A2—treated as if they were system out-

puts being evaluated—would achieve F1 scores 0.5 and 1, respectively. While both A1

and A2 achieve perfect precision (based on fuzzy matching), A2 outperforms A1 by iden-

tifying more TP mentions, resulting in higher recall and thus a better F1 score. Although

this example illustrates the calculation at the sentence level, I use F-scores as corpus-level

measures. Note that both human annotators identified relatively few mentions per text (typ-

ically three or fewer), which makes sentence-level F1 scoring less appropriate.13 My focus

is on individual mentions despite high variance across texts; therefore, precision and recall

are computed as single corpus-level values, which are then used to calculate the F-measure.

Statistical Tests for Identifying Mentions: The F1 and F2 scores each introduce a

ranking among my six systems, which include three LLM implementations for Approach

12Fuzzy matching would align “descent” with “American of Irish descent.”
13This is because the harmonic mean used in F-score calculations is particularly sensitive to low values;

if either precision or recall is zero for a given text, the F1 score becomes zero. Therefore, it is preferable to
compute precision and recall using micro-averaging at the corpus level rather than macro-averaging across
individual texts.

98



4 (Joint). Do system comparisons based on single-valued F-scores (F1 and F2), computed

on a single sample, reflect real differences? To answer this, doing bootstrapping [146]

gives 95% bootstrapped confidence intervals for the F-measure values. These confidence

intervals are then visualized using error bars for each system placed side by side, allowing

for visually comparing any pair of ranks. For example, in the case of F1, a total of 1,000

samples are generated by repeatedly sampling with replacement from the 395 validation

split texts, creating 1,000 resampled sets, each containing 395 texts and yielding an F1 score

for each system. Based on these 1,000 F1 scores, a 95% confidence interval is derived for

each system. If neither confidence interval of one system overlaps the point estimate of

another system, this serves as a strong—sufficient but not necessary—indicator that the F1

scores of the two approaches are statistically distinguishable.

For the system pairs with confidence intervals that overlap, statistical significance is

more rigorously determined using a bootstrap hypothesis test, whose details are in Ap-

pendix. E. Specifically, for each such pair of systems, I obtain a two-sided p-value under

the null hypothesis. The significance level (α) of 0.05 is adjusted using the Bonferroni

Correction [21], which divides α by the number of tests, to control for false positives when

conducting multiple tests simultaneously. A difference between the F-scores of the two

approaches is deemed statistically significant when the p-value is less than the significance

level (α), after Bonferroni correction.

Classifying Mentions as External or Contextual: During experiments, I also let the

LLM-based approaches to attribute the mentions identified into the two categories (“Ex-

ternal” and “Contextual,” essentially, a classification task). This serves as an intermediate

output that the LLMs can provide to assist my analysis of their behaviors. The prompt to

attribute mention types is in Table 5.10, and the prompt examples are manually picked from

the training split. By grouping mentions based on the attribution labels by systems, I later

examine how these approaches realize the design goal in Table 5.14.
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Prompting
Elements

Attributing Mention Types

System Role Whom talking to (Texts in typewriter font represent variables listed in Table 5.2.)
Task Background Two types mentions

Task Description Your task is to first read the context, the original text, and a particular mention, then answer the
multiple-choice question below, on whether a particular mention from the original text is a coref-
erence or external mention.
You should answer with only one word. Your answer should be either “coreference” or “external”.
Do not write sentences. Do not provide any explanation.

Few-shot
Examples

Context: You have entered into the most meaningful relationship there is in all human life.
Original text: It can be whatever you decide to make it.
Mention: It
Question: Which of the following option is the type of this mention: It?
- coreference
- external
The answer is: coreference

Context: Nicaragua now has a military greater than that of all Central American nations
combined.
Original text: The government has declared its revolution is not bound by any national boundaries
Mention: The government
Question: Which of the following option is the type of this mention: The government?
- coreference
- external
The answer is: coreference

Context: Thank you very much for your letter.
Original text: I’m sure the drumbeat of false propaganda must be even more frustrating to you and
your family than it is to me.
Mention: false propaganda
Question: Which of the following option is the type of this mention: false propaganda?
- coreference
- external
The answer is: external

Context: I’m at 190 pounds which was my pre-operation weight and feel just fine.
Original text: I will inform our White House Dr. Burton Smith of your letter and the information
about hydrazine sulfate.
Mention: hydrazine sulfate
Question: Which of the following option is the type of this mention: hydrazine sulfate?
- coreference
- external
The answer is: external

Table 5.10: Prompt elements for categorizing mentions as External or Contextual. The wording of
these prompts differs slightly from the wording in this dissertation.
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Measures for Elaboration Quality: For elaboration, quality is measured by compar-

ing it to human annotations, which are assumed to be high-quality. The measures used are

BLEU and MNLI. For simplicity, I assume a single ground-truth human elaboration per

mention, which means results based on A1 and A2’s annotations are separately calculated.

The scores are computed at the corpus level, i.e., micro-averaged over all elaboration texts,

each corresponding to an individual mention, rather than at the sentence level. The scores

can only be computed for mentions that were true positives (TP) from mention identifica-

tion because otherwise there is no ground-truth elaboration. Scores does not differentiate

External or Contextual mentions, since most approaches (except Joint) do not explicitly

rely on category information to elaborate. Since the number of true positive (TP) mentions

varies across different approaches, I also report the average BLEU and MNLI scores over

all human-identified mentions under the column “All Relevant (TP+FN)”, for which the

total number of mentions remains consistent across approaches.14 The values reported un-

der “All Relevant (TP+FN)” reflect the cascading effect of both identifying mentions and

elaboration: if a system fails to identify one mention, no elaboration is produced, resulting

in a score of zero. BLEU and MNLI scores computed using A2’s annotations for the “All

Relevant (TP+FN)” condition serve my primary evaluation measures for elaboration qual-

ity, while the scores for the “TP (only)” condition help examine the choice of BLEU and

MNLI as evaluation measures.

BLEU (BiLingual Evaluation Understudy) [121] measures the precision of word-level

n-grams, i.e., between the system and ground-truth sets of words in the texts. In contex-

tualization, an elaboration text is a clause, while all other parts of the original text remain

unchanged. There would therefore be significant word overlap between the original text

and the contextualized text with the elaboration inserted. So instead, I calculate the BLEU

score between only the system and ground-truth elaboration texts, i.e., clauses. BLEU-

14The values under “All Relevant” are derived by multiplying the values under “TP” by Recall= T P
T P+FN .
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4 is a widely used implementation of BLEU that considers up to 4-gram overlaps. The

weight distribution reflects how different n-gram matches contribute to the overall score,

considering both lexical choices and syntactic structure. I compute the BLEU scores us-

ing the NLTK Python library, applying the default uniform n-gram weight distribution of

(0.25,0.25,0.25,0.25) for BLEU-4. Additionally, I use Smoothing Method 3, also known

as NIST geometric sequence smoothing [33]. This method mitigates harsh penalties in

sentence-level BLEU when unseen n-grams occur, and has been shown to correlate better

with human judgment than unsmoothed scores. It works by replacing zero n-gram match

counts with small adjusted values derived from a geometric sequence based on n. I do

not limit the evaluation to BLEU alone because of its well-known limitations, such as its

wide variability in correlation strength and potential biases when evaluating neural network

outputs [132].

MNLI models the relationship between the ground truth (as premise) and the system

output (as hypothesis) in terms of entailment, contradiction, or neutrality. The MNLI

score is obtained from the HuggingFace RoBERTa-large model15, which is a pre-trained

transformer-based neural network model, fine-tuned on the MNLI (Multi-Genre Natural

Language Inference) dataset. Unlike BLEU, I calculate the MNLI score between two full

contextualized sentences. A contextualized sentence is the original text with one elabora-

tion text for one mention inserted. The ground truth is the original text with one human-

written elaboration text inserted, while the system output is the original text with one sys-

tem elaboration text inserted. I calculate the MNLI score in both directions—ground truth

to system output, and system output to ground truth—and then report the average of the

two. Calculating bi-directional MNLI aims to indicate mutual entailment as a proxy for se-

mantic equivalence [6]. An MNLI score that is close to 1 indicates that a system elaboration

text is essentially a paraphrase to the ground-truth elaboration text.

15https://huggingface.co/FacebookAI/roberta-large-mnli
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I also apply the procedure of plotting bootstrapped confidence intervals for both BLEU

and MNLI measures as part of the statistical analysis. In addition to reporting BLEU and

MNLI values, I examine mentions and elaborations by their contents, and try to understand

how those measures reflect elaboration quality. Prior work cautions against interpreting

BLEU scores at the sentence level due to their generally low correlation with human judg-

ments; however, reporting corpus-level BLEU, as done here, remains a common practice.

Evaluation Criteria Considered but Excluded: The above constitutes the complete

set of measurements for automatic evaluation. Finally, it is worth noting some excluded

measures. For text rewriting tasks such as text style transfer [82], common evaluation cri-

teria often include the preservation of original semantics and the natural language quality of

the rewritten text. However, both were omitted in the final selection of evaluation measures

and were omitted from being reported in the experiments for this dissertation, except a dis-

cussion of the design as below. The preservation of original semantics, also referred to as

semantic consistency, can be evaluated through textual entailment between the original and

contextualized texts. Rather than modeling it explicitly, this aspect is reflected in the re-

ported MNLI scores and the analysis of mentions and elaborations. For example, inserting

a human-written elaboration clause into the original text is assumed to preserve meaning

perfectly, given that annotators performed the contextualization with high quality. Further-

more, previous human evaluations (Section 5.4.1) specifies that elaborations containing

incorrect information, such as elaborating a different mention with the same surface form,

are considered low quality, highlighting a key instance of semantic inconsistency. Regard-

ing the natural language quality of the contextualized text, this criterion evaluates whether

the output forms a natural and fluent English sentence. Because elaboration texts are, by

design, clauses rather than complete sentences, they do not achieve full fluency on their

own. Given that large language models (LLMs) are well-known for generating natural and

fluent text [25], rendering elaboration texts into fully fluent contextualized sentences is left
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Figure 5.5: F-scores and 95% confidence intervals, on the validation split, based on annotations
from A2 (primary) and A1. Reference human baselines are shown as green horizontal lines, based
on evaluating A1’s identified mentions against A2’s annotations (in the first and second subplots),
and A2’s mentions against A1’s annotations (in the third and fourth).

Table 5.11: Results on mention identification by all approaches on the validation split. Slashes
separate the values by different annotators, A1 and A2.

Model
Family System TP FP FN Precision Recall F1 F2

Human (reference) 642/642 400/159 159/400 0.616/0.801 0.801/0.616 0.697/0.697 0.756/0.646
OpenAI Joint (GPT) 497/569 334/258 303/469 0.598/0.688 0.621/0.548 0.609/0.610 0.616/0.571

Claude 3 Joint (Haiku) 466/546 440/359 335/495 0.514/0.603 0.582/0.524 0.546/0.561 0.567/0.539
Joint (Sonnet) 439/479 326/284 362/563 0.574/0.628 0.548/0.460 0.561/0.531 0.553/0.486

OpenAI
EntLink 252/296 259/215 549/746 0.493/0.579 0.315/0.284 0.384/0.381 0.339/0.316

Sequential 330/364 724/685 471/678 0.313/0.347 0.412/0.349 0.356/0.348 0.388/0.349
Coreference 179/191 309/297 622/851 0.367/0.391 0.223/0.183 0.278/0.250 0.242/0.205

for future work.

5.6.2 Results

Identifying Mentions: Figure 5.5 visually presents the performance of all systems and

human reference baselines on the validation split, with each dot’s vertical position indicat-

ing its F-score point estimate for mention identification. In response to RQ6, the systems

are ordered in descending order of F1 based on A2’s annotations, with Joint (GPT) con-

sistently outperforming all others. The top three positions are occupied by the three Joint

systems across all comparisons. Table 5.11 reports the same evaluation measure values

for identifying mentions but in a tabular view. The numbers in each cell separated by
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slashes represent the values based on annotators A1 and A2. The first row is a reference

human baseline (the green dashed horizontal line in Figure 5.5), where A2 and A1’s iden-

tified mentions are evaluated by treating one set of annotations (A1’s/A2’s) as the ground

truth and the other as the system output. The next six rows are in descending order of

F1 performance based on A2’s annotations, From the F1 and F2 scores, the six systems

yield four rankings. For discussion purposes, measure values based on A2’s annotations

are referenced, as A2 identifies more mentions per text and exhibits a stronger ability to

read between the lines and do deeper comprehension (as discussed in Section 5.5.3). The

top-performing one, Joint (GPT), achieves an F1 score of 0.610 and an F2 score of 0.571.

Compared to the human reference (with A1’s identified mentions evaluated against A2 as

the ground truth yielding F1 of 0.697 and F2 of 0.646), Joint (GPT) achieves 87.5% of hu-

man performance by F1 and 88.4% by F2. In all four rankings by both annotators, the top

three positions are consistently held by the three Joint systems, each achieving over 75% of

human performance. From the fourth to the sixth rank, EntLink ranks fourth by F1 and fifth

by F2, while Sequential ranks fourth for by F2 and fifth by F1. Coreference is consistently

in the sixth (last) rank across all four rankings, with its measure values never exceeding

40% of human performance.

Additionally, I find that systems rankings based on A1 and A2’s annotations as the

ground truth are highly correlated, demonstrating a strong inter-annotator agreement in

response to (RQ5)—not in the content of their annotations, as reported by Cohen’s kappa

on External vs. Contextual classification labels (Section 5.5.3), but this time based on

extrinsic measures reflecting the use of those annotations for evaluation. Kendall’s tau, a

non-parametric rank correlation coefficient for measuring ordinal association between two

variables [84], is 0.867 (p-value: 0.017) for F1 rankings, and 1.000 (p-value: 0.003) for F2

rankings.

When keeping the annotator constant and switching between F1 and F2, all three Joint
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systems consistently maintain their advantage. This suggests that the Joint systems are

well-balanced in identifying mentions. Among the three other systems, a consistent rank

swap occurs between EntLink and Sequential, revealing that Sequential identifies more

desired mentions than EntLink. EntLink is disadvantaged by low recall despite having

a competitive precision, which is presumably tied to its design goal, focusing on named

entities but not contextual mentions. I examine design goal in Table 5.14.

Figure 5.5 visualizes bootstrapped 95% confidence intervals for F1 and F2. The three

Joint systems consistently show statistically significant advantages over the other three sys-

tems. The disadvantage of Coreference compared to all other systems is also consistently

statistically significant. Next, I examine these overlapping confidence interval (CI) bars

with the more rigorous bootstrap hypothesis test. Each sub-plot in Figure 5.5 has three

pairs of overlapping CIs. The adjusted significance level α ′ = 0.0167 (i.e., 0.05/3), is used

to account for multiple comparisons based on Bonferroni Correction. The tests confirm

further that Joint (GPT) has a statistically significant advantage over both Joint (Haiku) and

Joint (Sonnet) by both F-scores and with either annotator’s annotations. Joint (Haiku) sig-

nificantly outperforms Joint (Sonnet) only with A2 annotations for both F-scores. EntLink

significantly outperforms Sequential in F1 scores for both annotation sets, while Sequential

has the advantage in F2 with both annotations.

Table 5.12 and Figure 5.6 present the same experiments conducted on the test split.16

Figure 5.6 shows the F-scores and confidence intervals (CIs), followed by bootstrap hy-

pothesis testing to assess statistical significance. Across both the validation and test splits,

Joint (GPT) shows a statistically significant advantage over the other two Joint systems in

F1 scores based on A2’s annotations (the primary ground truth). Additionally, all three Joint

systems significantly outperform the other systems under A2’s annotations. In comparison

with the human reference (in the first row), the best system in each column has 95.9% to

16Results on the test split are consistently presented at the bottom of the pages in this dissertation.
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110.0% of human performance. These findings provide a strong answer to RQ6, demon-

strating the effectiveness of these systems in performing contextualization. The human

reference F1 and F2 scores range from 72.4% to 83.5% compared to those same scores on

the validation split. This suggests increasing individual differences between the two anno-

tators over time, addressing RQ5. The agreement between annotators on system rankings

remains high. Kendall’s tau between rankings using each annotator’s annotations is 0.733

(not significant, p-value: 0.056) for F1, and 0.828 (significant, p-value: 0.022) for F2.

Next, to understand how system-identified mentions differ from human annotations,

and to compare each system’s strengths, I analyze the content of true positives (TP), false

positives (FP), and false negatives (FN). I examine the 10 validation texts analyzed during

human annotations (Table 5.7), which were selected as two sets earlier; one with at least

Table 5.12: Results on mention identification by all systems on the test split. Slash separate the
values by annotators, A1 and A2.

Model
Family System TP FP FN Precision Recall F1 F2

Human (reference) 364/364 481/146 146/481 0.431/0.714 0.714/0.431 0.537/0.537 0.631/0.468
OpenAI Joint (GPT) 335/423 392/304 175/422 0.461/0.582 0.657/0.501 0.542/0.538 0.605/0.515

Claude 3 Joint (Haiku) 299/406 512/404 211/439 0.369/0.501 0.586/0.480 0.453/0.491 0.524/0.484
Joint (Sonnet) 326/385 353/296 184/460 0.480/0.565 0.639/0.456 0.548/0.505 0.599/0.474

OpenAI
EntLink 231/244 221/208 279/601 0.511/0.540 0.453/0.289 0.480/0.376 0.463/0.318

Coreference 165/180 333/318 345/665 0.331/0.361 0.324/0.213 0.327/0.268 0.325/0.232
Sequential 324/325 728/716 186/520 0.308/0.312 0.635/0.385 0.415/0.345 0.524/0.368

Figure 5.6: F-scores and 95% confidence intervals, on the test split, based on annotations from A2
(primary) and A1, following the format of Table 5.5.
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as many mentions from A1 as from A2, and the other with more mentions from A2 than

from A1. Table 5.13 presents four of those texts; the remaining six are omitted due to

repetitive patterns. For the same text, each system identifies a slightly different set of men-

tions, alongside those identified by annotator A2. True positives (TP) are listed without

parentheses, while false positives (FP) are enclosed in parentheses. The number of men-

tions identified, particularly the proportion of true positives (TPs), clearly demonstrates

the strength of Joint (GPT). EntLink does not include contextual spans or colloquial terms

that aren’t recognized as proper names, which aligns with its design. Coreference provides

a strong complement to EntLink, often identifying mentions that are distinct from those

identified by EntLink, which is also expected by design. Additionally, Coreference ex-

tracts some valid mentions in my opinion, such as “that situation,” that are overlooked by

A2. Its strength lies in precision, while its weakness is limited recall.

The following is a summary of six recurring patterns identified, ordered by decreasing

prevalence, each of which may affect the TP, FP, and FN counts when evaluated using

human annotations. Without reiterating this evaluation condition, I note the direction of

impact for each pattern.

• Challenging Long Contextual Mentions: Based on prior analysis, A2 (Human)

annotations tend to more holistically capture the intended meaning of the texts com-

pared to A1, placing greater emphasis on contextual cues rather than external or

surface-level interpretations. For instance, in the second example, the phrase “the

only institution”—referring specifically to the IMF—is more aligned with the con-

text than a generic explanation of “institution” as any organization. Among the

systems, EntLink is the only one that consistently favors shorter, less contextualized

variants of mentions, which are sometimes less valuable. While these may still count

as true positives (TPs) under fuzzy matching, they should have been penalized as a
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Utterance A2 (Human) EntLink Coref. Sequential Joint(Sonnet) Joint(Haiku) Joint(GPT)

Finally; as for Lebanon, that sit-
uation is only one facet of the
whole Middle East problem.

Lebanon, facet,
Middle East
problem

Middle
East,
Lebanon

– (that
situation)

Middle
East,
Lebanon,
(that
situation)

Middle East
problem,
Lebanon,
(that situa-
tion)

Lebanon,
Middle East
problem

Lebanon,
Middle East
problem

At the same time it is the only
institution which can impose
economic reforms on extrava-
gant countries as a condition for
borrowing.

the only institu-
tion, impose eco-
nomic reforms,
extravagant coun-
tries, condition
for borrowing

institution – (it) – (IMF,
it)

extravagant
countries,
economic
reforms,
institution,
(it)

borrowing,
extravagant
countries

extravagant
countries,
the only
institution,
economic
reforms

It was added by a Democratic
member of the Democratic-
controlled House Ways and
Means Committee, and again
was part of the price we had to
pay to get our economic pro-
gram adopted.

It, Democratic,
House, Ways and
Means Commit-
tee, the price we
had to pay, eco-
nomic program,
adopted

House,
Demo-
cratic

It, (our) House, It,
Demo-
cratic,
(our, 70
percent
income
tax rate)

House,
economic
program

House,
economic
program

It, Demo-
cratic,
House,
economic
program

A second incident that now will
be taken care of by the equal ac-
cess bill had to do with a group
of students holding a Bible dis-
cussion at recess on the school
grounds.

second incident,
equal access bill,
Bible discussion

incident,
equal ac-
cess bill,
Bible,
(school)

second
incident

equal ac-
cess bill,
second
incident,
Bible,
(school,
incident)

equal access
bill

equal access
bill, Bible
discussion,
(recess,
school
grounds)

equal access
bill

Table 5.13: Mentions identified by different systems are shown under true positive (TP) and false
positive (FP) categories. A dash (–) indicates that a system identified no true positive (TP) mentions
in a text. FP mentions are shown in parentheses. False negatives (FN) are not listed but can be
inferred from the column A2 (Human), where mentions are shown in their original form, and serve
as the ground truth. TP mentions are normalized after fuzzy matching, consistent with how the
counts are calculated in Table 5.11.

false positive (FP). Also in the second example, A2 (Human) identifies “condition

for borrowing,” while all systems except Joint (Haiku) completely omit this men-

tion. Joint (Haiku) identifies only the fuzzy match “borrowing.” which illustrates

that matching the full span expected by human annotators is challenging. These

cases contribute to false negatives (FNs).

• Short Contextual Mentions Ignored by LLM: This pattern is exemplified by one

short Contextual mention “second incident” in the fourth example, identified by A2

(Human).17 The failure of LLM-based models to identify this particular one may be

17This was annotated as a Contextual mention by A2, although their elaboration (“another related situ-
ation”) provides relatively weak contextual support. A stronger elaboration, as guided by the instructions,
would incorporate context-specific information, such as: “a second incident like that of the cafeteria prayer
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attributed to prompt examples that insufficiently showcase what Contextual mentions

could look like. Consequently, even the strongest model, Joint (GPT), misses this

mention, resulting in False Negatives (FNs).

• Human Inclusion but Optional: A2 (Human) occasionally identifies mentions that

may be considered optional under the written guidelines, such as “adopted,” al-

though this tendency is more common in A1’s annotations. In this case, any system

that omits the optional mention would be penalized with a false negative (FN), but the

mention could also have been considered a true negative (TN). Another example is

“Bible discussion,” an External mention whose elaboration is “a conversation about

religious topics from the Bible.” It is valuable to acknowledge that this pattern has

random variations without a set guideline—humans sometimes also omit optional

mentions, such as “recess” in the fourth example, extracted by some systems but not

by A2, which penalizes Joint (Haiku) with a FP.

• Human Deliberate Omission: in the first example, “that situation” largely satis-

fies the prompt’s instruction, which is identified by Corefence, Sequential, and Joint

(Sonnet). However, A2 (Human), Joint (Haiku), and Joint (GPT) do not identify it,

likely because the full preceding context (see problem formulation in Section 5.1),

“... We hope some modifications might still take place in Congress,” lacks sufficient

information to allow for elaboration, thus eliminating the value of identifying this

mention. Deciding to omit a mention would be a complex reasoning process specific

to a special case, where the guidelines do not provide clear direction. In this case,

less conservative models may generate a false positive (FP) but they could also be

considered a true positive (TP). Only more conservative models that choose to skip

the mention are not penalized in this case.

leading to the court decision in a southern state.”
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• Interchangeable Mentions: The original text may include a subject (a noun or a

noun phrase) and an object (a clause referring to the same entity). Selecting either

as the mention often implies the other, as shown in the second example with “it”

vs. “the only institution”. Despite using fuzzy matching, current evaluation does

not account for syntactic relationships between mentions in the same sentence. As a

result, systems like Coreference, Sequential, and Joint (Sonnet) may extract a form

that is interchangeable with the reference but still be penalized with both a false

positive (FP) and a false negative (FN), rather than credited with a true positive (TP).

A similar issue arises in the third text, where identifying “our” is penalized, even

though understanding its elaboration is largely sufficient to infer another mention

“the price we had to pay” that is present in A2’s annotations.

• Invalid Mentions Not in Utterance: A unique failure of the current Sequential de-

sign arises from the fact that Sequential works with an elaborated, intermediate text

as input for the third pass. This leads to more false positive (FP) mentions which

were not present in the original text and thus would not appear in human annota-

tions. For example, “IMF” in the second example and “70 percent income tax rate”

are not valid, as they are not part of the original utterance.

To succinctly answer the part of RQ6 that involves mention identification, Joint (GPT)

achieves the highest F-scores, exceeding 85% of the F-scores obtained by the human ref-

erence baseline. My inspection reveals a systematic gap: current systems, including Joint

(GPT), sometimes miss or incompletely capture Contextual mentions that humans empha-

size to convey intended meanings. Additionally, while F-scores provide an intuitive and

informative way to compare LLM outputs with human performance, they may be impre-

cise due to natural variation in human annotations (which reflect divergence from individ-

ual differences) and limitations of the fuzzy matching process. A more formal validation
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Table 5.14: The number of mentions identified by the systems, along with the counts attributed to
External and Contextual categories based on their own attribution, are shown for the validation split.

Model Family System Overall External Contextual

OpenAI
EntLink 511 346 165

Coreference 488 33 455
Sequential 1,057 426 631

Joint (GPT) 832 404 428

study of the precision measure, used in identifying mentions and contributing to F-scores,

is presented in the next subsection.

Design Goal: Table 5.14 shows the effect of prompt design. Previous results provide

some evidence regarding this question, such as the behaviors of the EntLink and the Coref-

erence systems. Since all four proposed approaches have the same OpenAI GPT-4o model

implementation and differ only in prompt design, I allow the proposed approaches to at-

tribute mention categories, and count the number of External and Contextual mentions. No

human annotation is involved: the counts are not processed through fuzzy matching, and

therefore have a slight difference from the positive counts (sum of TP and FP) in Table 5.11.

The EntLink approach identifies mentions but attributes only two-thirds (67.7%) of them as

External, showing a necessity for elaboration of Contextual mentions that it cannot accom-

plish. The Coreference approach identifies mentions and attributes most of them (93.2%)

as Contextual. The Sequential approach identifies more than the total number of men-

tions by EntLink plus Coreference, and further attributes more Contextual mentions than

the Coreference approach (631 vs. 488). The Joint approach (in system GPT) identifies

many mentions, yet still fewer than the Sequential approach, with half (48.6%) classified

as External and the other half (51.4%) as Contextual. This suggests that mentions needing

contextualization are present in both types in roughly balanced proportions. These results

suggest that mentions identified for elaboration be chosen selectively, as is done by the

first pass of Joint (GPT), rather than being accumulated over cascade of prompts, as in
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Figure 5.7: Blue dots and error bars represent the average, corpus-level BLEU-4 and MNLI scores
with 95% confidence intervals for elaborations of true positive (TP) mentions on the validation split,
based on A2’s annotations. Overlaid grey dots in the scatter plots show individual scores for each
TP mention’s elaboration, highlighting the distribution and contrast between BLEU-4 and MNLI
scores. A reference human baseline is shown as a green horizontal line, based on evaluating A1’s
elaborations against A2’s elaborations as the ground truth. Systems are sorted consistently with
those in Figure 5.7.

Table 5.15: Results on elaboration quality based on human annotations (A2) on the validation split.

System TP All Relevant (TP + FN) N=1,042
N BLEU-4 MNLI BLEU-4 MNLI

Human A1 (Reference) 642 0.135 0.601 0.083 0.370

Joint (GPT) 569 0.138 0.541 0.076 0.296

Joint (Haiku) 546 0.078 0.443 0.041 0.232
Joint (Sonnet) 479 0.099 0.450 0.045 0.207

EntLink 296 0.032 0.294 0.009 0.084
Sequential 364 0.096 0.442 0.034 0.155

Coreference 191 0.148 0.580 0.027 0.106

Sequential.

Elaboration: Figure 5.7 shows the average, corpus-level BLEU-4 and MNLI scores,

with 95% confidence intervals [146], for true positive (TP) mentions’ elaborations on the

validation split. TP mentions are based on the mention identification results using A2 anno-

tations (see Table 5.11). Table 5.15 presents the same average scores both for true positive

(TP) mentions, and for all relevant mentions (where FN mentions receive a score of zero).

The Coreference system ranks highest for measure values averaged over TP mentions. Ac-
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cording to A2, the ranked order of systems based on BLEU-4 is Coreference, Joint (GPT),

Joint (Sonnet), Sequential, Joint (Haiku), and EntLink. The ranked order based on MNLI is

Coreference, Joint (GPT), Joint (Sonnet), Joint (Haiku), Sequential, and EntLink. BLEU-4

and MNLI give highly correlated system rankings: the Kendall’s tau correlation between

the two rankings is 0.867 (significant, p-value: 0.017), with the only rank swap occurring

between Sequential and Joint (Haiku). The “All Relevant” grouping in Table 5.15 reflects

how well the systems elaborate on mentions that, according to human annotations, are ex-

pected to be elaborated. The Joint (GPT) system ranks highest when averaged over all

relevant mentions, primarily because it has elaborated a greater number of TP mentions

than Coreference. Table 5.16 presents the same scores on the test split, showing that the

top-performing systems are consistent with those on the validation split.

Figure 5.7 shows bootstrapped 95% confidence intervals (CIs) [146]. The figure in-

cludes an additional scatterplot layer, with gray dots representing individual scores for

each true positive (TP) mention’s elaboration. False negative (FN) mentions’ elaboration

texts receive a zero score and are excluded from the scatter plot. Coreference and Joint

(GPT) are significantly better than all others by both BLEU-4 and MNLI, but they are not

statistically distinguishable from each other by either measure by a bootstrap hypothesis

test (not significant, p-value>0.05). Among the less competitive systems, Joint (Sonnet),

Table 5.16: Evaluating elaboration quality by human annotations (A2) on the test split.

System TP All Relevant (TP + FN) N=845
N= BLEU-4 MNLI BLEU-4 MNLI

Human (A1, Reference) 364 0.170 0.581 0.073 0.250

Joint (GPT) 423 0.167 0.558 0.084 0.279

Joint (Haiku) 406 0.070 0.442 0.034 0.213
Joint (Sonnet) 385 0.099 0.440 0.045 0.201

EntLink 244 0.034 0.310 0.010 0.090
Sequential 325 0.142 0.523 0.055 0.201

Coreference 180 0.211 0.627 0.045 0.134
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Joint (Haiku) and Sequential are not statistically distinguishable by MNLI by bootstrap

hypothesis tests (not significant, p-value>0.05). EntLink is clearly the least effective by

both measures, with its point estimate consistently below the lower bound of the confi-

dence interval for every other system. This indicates a statistically significant performance

gap, likely due to its design: EntLink draws elaboration solely from world knowledge (e.g.,

Wikipedia content) in a stilted manner, without incorporating contextual information in the

way human annotators tend to do. Interestingly, despite its under-performance, EntLink ex-

hibits the smallest variance in BLEU-4 scores compared to the other systems. By contrast,

the Coreference system achieves the highest average BLEU-4 score, but also exhibits the

widest confidence interval and the greatest variance. Comparing the two measures: BLEU-

4 and MNLI, I observe distinct score distributions from the grey dots. BLEU-4 values are

concentrated in the lower range of [0,0.2], reflecting its sensitivity to exact n-gram matches

and lexical overlap. In contrast, MNLI scores are more evenly distributed across the [0,1]

range, indicating a stronger ability to capture semantic alignment between texts rather than

relying on lexical similarity as BLEU-4 does.

To understand how MNLI represents elaboration quality (RQ6), Table 5.17 shows the

mentions and elaboration texts for the same four sentences as in Table 5.17, but sorts them

based on their MNLI score. Based on the score’s percentile among the full set of mea-

sure scores, I mark them as low, middle, or high tertiles alongside the measure values.

The following is a summary of five recurring patterns identified and marked in the table,

each of which may influence the MNLI score when comparing systems’ elaboration texts

(“LLM elaboration”) to human-annotated elaboration texts (“human elaboration”), poten-

tially causing either an underestimation or overestimation. They are ordered by decreasing

prevalence.

1 Comparable Elaboration: Both the human and LLM elaboration are of similar
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Utterance Mention A2 (Human) System Elaborations BLEU-4 MNLI
Finally; as for
Lebanon, that
situation is only
one facet of the
whole Middle
East problem.

Lebanon country in the Middle East Joint(Haiku) a country in the Middle East located
on the Mediterranean coast, bordered
by Syria to the north and east, and Is-
rael to the south, known for its com-
plex political landscape and historical
conflicts involving various religious
and ethnic groups

0.883 0.497
Medium
2⃝

Middle
East prob-
lem

referring to the broader set
of issues in the Middle
East, which could include
political instability, terri-
torial disputes, religious
conflicts, etc.

Joint(Sonnet) the ongoing conflicts, tensions, and
disputes between various nations and
groups in the Middle East region, in-
cluding territorial disputes, religious
differences, and political instability
that had persisted since the mid-20th
century

0.083 0.497
Medium,
near
High
2⃝

At the same time
it is the only
institution which
can impose eco-
nomic reforms
on extravagant
countries as a
condition for
borrowing.

extravagant
countries

nations with excessive or
unsustainable spending

Joint(Haiku),
and sim-
ilarly
Joint(Sonnet),
Joint(GPT)

nations that spend money excessively
or wastefully, often running large
budget deficits or accumulating un-
sustainable levels of national debt
without fiscal discipline

0.022 0.520
Medium,
near
High
2⃝

condition
for bor-
rowing

meaning that these re-
forms are mandatory for
the country to receive
loans from the IMF

Joint(Haiku) borrowing from the International
Monetary Fund (IMF)

0.042 0.462
Medium
5⃝

the only
institution

referring to the IMF Joint(Sonnet),
and sim-
ilarly
Joint(GPT)

the International Monetary Fund
(IMF)

0.107 0.984
High
1⃝ 3⃝

It was added by
a Democratic
member of the
Democratic-
controlled House
Ways and Means
Committee, and
again was part
of the price we
had to pay to get
our economic
program adopted.

economic
program

the overall set of policies
or reforms aimed at im-
proving the economy

Joint(Haiku) the economic policy aimed at reduc-
ing taxes and government spending,
which was a key part of the Reagan
administration’s approach to stimu-
lating economic growth, often re-
ferred to as “Reaganomics”

0.032 0.467
Medium
3⃝

Joint(Sonnet) my administration’s 1981 Economic
Recovery Tax Act, which included
major tax cuts and changes to federal
spending aimed at stimulating eco-
nomic growth and reducing inflation

0.030 0.427
Medium
3⃝

It the reduction of the 70%
income tax rate on un-
earned or investment in-
come to 50%

Joint(GPT),
and sim-
ilarly
Coref-
erence,
Sequential

the reduction of the 70 percent in-
come tax rate on unearned or invest-
ment income to 50 percent

0.630 0.993
High
1⃝

A second incident
that now will be
taken care of by
the equal access
bill had to do with
a group of stu-
dents holding a
Bible discussion
at recess on the
school grounds.

equal
access
bill

the legislation ensuring
student groups have equal
rights to meet on school
grounds

Sequential
and
EntLink

the equal access to cobra act (s.3182)
was a bill which would amend the
internal revenue code, the employee
retirement income security act of
1974...

0.010 0.288
Low
4⃝

Joint(Sonnet),
and sim-
ilarly
Joint(Haiku),
Joint(GPT)

a law passed in 1984 that re-
quires public schools to give religious
groups the same access to school
facilities as other student groups,
protecting students’ rights to meet
for religious purposes during non-
instructional time

0.050 0.498
Medium,
near
High
3⃝

second in-
cident

or another related situation Coreference another event related to religious ac-
tivities in schools

0.066 0.819
High
3⃝

Table 5.17: Mentions (original form in A2’s annotations) and elaboration texts from the validation
split with BLEU-4 and MNLI scores. MNLI scores are followed by a label indicating their tertiles,
using cutoff values of 0.357 (33rd) and 0.527 (67th) to divide the low, medium, or high tertiles. The
circled digit corresponds to the summarized pattern.
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high quality, and the MNLI score is in the high range. When the Coreference system

produces correct elaborations (as judged based on human annotation and in my view),

they are often similar in length, likely reflecting the limited contextual information

available for elaboration.

2 Concise Human vs. Long LLM Elaboration, Both Correct: Despite the difference

in length, both are correct (as judged based on human annotation and in my view).

The MNLI score falls in the medium range.

3 LLM Elaboration is Better, Both Correct: The annotation interface (see Fig-

ure 5.3) provides a short inline input box for annotators to enter elaboration text. This

design illustrates to annotators the effect of elaboration texts functioning as clauses

within the sentence, but it may also encourage annotators to write more concise re-

sponses. In contrast, stronger LLM elaborations often provide richer details—for

example, elaborating the “economic program” as the 1981 Economic Recovery Tax

Act, or elaborating the “equal access bill” as a particular law passed in 1984. In

such cases, automatic evaluation assign only a moderate MNLI score, underestimat-

ing quality due to the limitations of human annotations.

4 LLM Elaboration is Incorrect: This pattern generally arises from EntLink Wikifi-

cation errors (affecting both the Sequential and the EntLink systems), such as linking

to a temporarily unavailable Wikipedia entry, or matching to an incorrect entity such

as “equal access bill” linked to “Equal Access to COBRA Act.” As a result, the

MNLI score is low.

5 Fuzzy Matching Leading to Elaboration Differences: Human and LLM elabora-

tions differ for overlapping mentions due to fuzzy matching, such as “condition for

borrowing” by A2 vs. “borrowing” by Joint (Haiku). This mismatch leads to an
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underestimation of elaboration quality, with MNLI in the medium tertile, reflecting

a cascading effect that originates from the mention identification step.

To succinctly answer RQ6 on elaboration, Joint (GPT) and Coreference systems achieve

the highest BLEU-4 and MNLI scores, all of which exceed 95% of the corresponding scores

of the human reference baseline. My inspection reveals that most systems are capable of

producing correct elaboration texts.18 Some LLM elaborations even surpass human-written

ones by offering more specific details and generating longer-form elaborations. Addition-

ally, while MNLI scores generally serve as a reliable proxy for estimating elaboration

quality, their accuracy is constrained by the use of only one human-written elaboration

as the reference. However, BLEU-4 appears more rigid than MNLI in recognizing high-

quality elaborations, e.g., the mention and elaboration of “extravagant countries” has a

low BLEU-4 score but a MNLI score in the medium to high tertiles. BLEU-4 may still

be useful as a corpus-level measure, due to its strong correlation with MNLI for ranking

the systems. A more formal validation study of the MNLI measure is presented in the next

subsection.

5.6.3 Validating Automatic Measures with Human Evaluation

Section 5.4 presents human evaluation results on system outputs, while Section 5.6.2 re-

ports automatic evaluation results on the same outputs. When any comparative advantages

among systems identified by automatic evaluation align with those from human evaluation,

it suggests that the automatic evaluation measures reliably approximate the intended task

effect, i.e., the effect as perceived by humans. Such measures are referred to as “surrogate

endpoints.” [132]—measures that can reliably predict outcomes of real-world importance.

Pearson correlation measures the linear relationship between two sets of scores [123].

18After my verification of human elaborations.
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Pearson rank [64] is a head-weighted, score-sensitive variant of the Pearson correlation

measure. I report Pearson rank as it emphasizes agreement among the most competitive

systems, and like Pearson correlation, it is sensitive to all scoring differences. There is no

standard interpretation for Pearson Rank values; however, I adopt the common interpretive

ranges used for the Pearson correlation coefficient, on which Pearson Rank is based.

There are three comparable pairs, where automatic measures serve as prediction values

and human ratings are treated as the ground truth.

• Comparing precision to human ratings of mention identification: Precision (Ta-

ble 5.12) is a measure that indicates how often a mention identified by the LLM is

also identified by a human annotator. Human ratings are available for a subset of

mentions identified by LLMs. To align these ratings with the binary nature of pre-

cision, I convert ratings into binary labels (“Binary” in Table 5.5): a rating ≥ 3 is

assigned a binarized value of 1 (meaning that “Identifying this mention has some

value”), and a rating < 3 is assigned 0 (“Identifying this mention has no value”).

Correlation is then computed between each system’s average human rating (based on

50 sampled mentions from the test split) and its precision (computed over mentions

from all test sentences).

• Comparing MNLI to human ratings of elaboration texts: MNLI is computed

only for true positive mentions’ elaborations. Averaging human ratings over these

TP mentions’ elaborations is appropriate for correlation analysis. It remains unclear

whether human ratings for elaborations on false positive mentions are consistent with

those for true positive mentions. Correlation is analyzed in two ways: (1) using each

system’s average human rating for elaborations of true positive mentions only (fewer

than 50 per system) with its average MNLI score (same amount of TP elaborations

that is fewer than 50); (2) using each system’s average human rating for elaborations
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of true positive mentions only (fewer than 50 per system) with its average MNLI

score (TP elaborations over all test sentences). As noted in Section 5.6.2, MNLI may

underestimate elaboration quality due to concise or suboptimal human references

and fuzzy matching limitations. To address this, MNLI scores are also converted to

binary values before averaging across all elaborations: a MNLI score ≥ 0.367 (the

33rd percentile of all MNLI scores on the test split) is assigned a value of 1, and a

rating < 0.367 is assigned 0.

• Comparing BLEU-4 to human ratings of elaboration texts: The same correla-

tion analysis applied to MNLI scores is applied to BLEU-4 scores, without doing

binarization.

The Pearson Rank [64] between precision by A2’s annotations and the binary, aver-

age human ratings is 0.897, which indicates a substantial positive linear relationship. For

elaboration quality, each system is sampled with 50 random mentions, of which approxi-

mately 19.2 on average are true positive (TP) mentions based on human annotation with

human-written elaboration texts and available MNLI scores. The Pearson Rank between

the average human ratings of TP elaborations per system, and the average, binarized MNLI

scores of all TP elaborations over all test sentences (i.e., the second way of calculating cor-

relation described above; with varying amount of TP elaborations as shown in Table 5.16),

is 0.501, indicating a moderate linear relationship again using the interpretation of Pear-

son correlation coefficient values. When the correlation is computed between the average

human ratings and the average, binarized MNLI scores of the same set of TP elaborations

(i.e., the first way of calculating correlation described above), the Pearson Rank is 0.249,

indicating a week linear relationship again using the interpretation of Pearson correlation

coefficient values. Given the limited number of data points underlying the average human

ratings and MNLI scores, the latter Pearson Rank is more prone to random variation than
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the former.

The Pearson Rank between the above average human ratings, and the average, origi-

nal BLEU-4 scores of all TP elaborations across the full test set (i.e., the second way of

calculating correlation) is -0.146. When the correlation is computed over the above av-

erage values and the average, original BLEU-4 sores of the same set of TP elaborations

(i.e., the first way of calculating correlation), the Pearson Rank is -0.057. Both indicate a

random to negative linear relationship and disfavor BLEU-4 for drawing conclusions about

comparative system advantages.

Returning to Section 5.6.2, the results for automatically characterizing mention identifi-

cation based on F-scores and for automatically characterizing elaboration quality based on

MNLI scores remain valid. Joint (GPT) is best system by those measures, and comes clos-

est to matching human performance on contextualization. Its primary limitation, compared

to human annotations, is its tendency to miss Contextual mentions that humans consider

useful for conveying the intended meanings of the text.

5.7 LLM-Generated Annotations as Human Substitutes

Among the proposed approaches (Section 5.2), the Joint approach (implemented as

three systems) performs the contextualization task using a detailed and explanatory in-

struction (see Table 5.1), most closely resembling those given to real human annotators

(see Appendix D). Previous sections have shown that a Joint system can achieve over 75%

human performance for both identifying mentions and elaboration quality (Table 5.11 and

5.15). Combining the challenges of scaling human annotations due to time and cost con-

straints (See Section 5.5), the output by the Joint system, referred to as “LLM-generated

annotations”, may offer a promising alternative. In this section, I explore the potential

of LLM-generated annotations to evaluate contextualization, helping to answer RQ7: Can
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Table 5.18: Results on mention identification using LLM-generated annotations by Joint (Sonnet)
and Joint (Haiku), on the validation split (results separated by slash). The systems are ordered
consistently with those in Figure 5.5.

System Overall
TP FP FN Precision Recall F1 F2

Joint (GPT) 534/586 295/242 228/316 0.644/0.708 0.701/0.650 0.671/0.677 0.689/0.661
EntLink 272/365 239/145 492/539 0.532/0.716 0.356/0.404 0.427/0.516 0.381/0.442

Sequential 429/442 625/606 335/463 0.407/0.422 0.562/0.488 0.472/0.453 0.522/0.473
Coreference 276/212 212/276 489/694 0.566/0.434 0.361/0.234 0.441/0.304 0.389/0.258

LLM-generated annotation substitute for human annotations in evaluation?

5.7.1 Design

The following experiment replaces human annotations with LLM-generated annota-

tions, and repeats the previous automatic evaluation procedure. The fuzzy matching strat-

egy is applied as with human annotations. One cautionary point is that LLMs trained in

similar ways may exhibit similar biases and be prone to over-estimation when one model’s

annotations are used to evaluate another. To mitigate this, recall that Joint (Sonnet) and

Joint (Haiku) are two implementations of the Joint approach that use independently devel-

oped LLMs, distinct from the OpenAI GPT-4o model (version: 2024-05-13) used by Joint

(GPT), EntLink, Coreference, and Sequential. I use Joint (Sonnet) and Joint (Haiku) to

generate the LLM-generated annotations for evaluating the other four approaches.

Table 5.19: Results on mention identification using LLM-generated annotations by Joint (Sonnet)
and Joint (Haiku), on the test split (results separated by slash).

System Overall
TP FP FN Precision Recall F1 F2

Joint (GPT) 463/488 261/235 216/322 0.640/0.675 0.682/0.602 0.660/0.637 0.673/0.616
EntLink 252/333 200/119 428/478 0.558/0.737 0.371/0.411 0.445/0.527 0.397/0.450

Sequential 436/436 613/610 243/374 0.416/0.417 0.642/0.538 0.505/0.470 0.579/0.509
Coreference 297/231 201/267 383/580 0.596/0.464 0.437/0.285 0.504/0.353 0.461/0.309
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5.7.2 Results

Table 5.18 reports results for identifying mentions on the validation split. Rankings

based on Joint (Haiku)’s annotations in both F1 and F2 align with those of annotator A2

(Table 5.11). Kendall’s tau for the two F1 rankings and for the two F2 rankings is 1.00

(p-value: 0.083). Since this perfect rank agreement does not meet the 0.05 significance

threshold due to the small number of ranked items (N = 4), so Pearson Rank [64] is also

computed. The Pearson Rank is 0.995 for F1 and 0.999 for F2, indicating a strong lin-

ear relationship if using the interpretation for Pearson correlation coefficient. In contrast,

Sonnet’s rankings diverge more from those of annotator A2. Kendall’s tau is 0.333 for F1

(p-value: 0.750) and 0.667 for F2 (p-value: 0.333), with both rankings agreeing only in

Joint (GPT) being the top-ranked system. However, the Pearson Rank remain high because

it is head-weighted—0.974 for F1, and 0.980 for F2, still indicating a substantial linear re-

lationship if using the interpretation for Pearson correlation. Table 5.19 presents results on

the test split. The F1 system rankings are identical to those observed on the validation split,

and the F2 rankings are likewise consistent with the validation split F2 system rankings.

The Pearson Rank to annotator A2’s rankings (Table 5.12) all exceed 0.94. Based on the

above limited results, the answer to RQ7 might be affirmative: LLM-generated annotations

can potentially substitute for human annotations for evaluation of mention identification.

Table 5.20 and 5.21 reports results for elaboration quality on the validation split. Fo-

cusing on the grouping of true positive (TP) elaborations, Joint (Sonnet) rankings align with

annotator A2 for both BLEU-4 and MNLI, with a Kendall’s tau of 1.000 (p-value: 0.083).

Although the correlation value suggests automatic evaluation using LLM-generated anno-

tations is at least moderately, and often perfectly, consistent with human annotations, this

result does not meet the 0.05 significance threshold due to the small number of ranked

items (N = 4). The Pearson Rank is also computed to provide extra evidence. It is 0.248
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Table 5.20: Results on elaboration quality using LLM-generated annotations by Joint (Sonnet) on
the validation split.

LLM TP
N= BLEU-4 MNLI

Joint (GPT) 534 0.178 0.524
EntLink 272 0.026 0.221

Coreference 276 0.208 0.610
Sequential 429 0.164 0.486

Table 5.21: Results on elaboration quality using LLM-generated annotations by Joint (Haiku) on
the validation split.

LLM TP
N= BLEU-4 MNLI

Joint(GPT) 586 0.102 0.477
EntLink 365 0.029 0.267

Coreference 212 0.091 0.534
Sequential 442 0.059 0.396

for BLEU-4 and 0.251 for MNLI, indicating a weak linear relationship if using the same

interpretation. Joint (Haiku) achieves a Kendall’s tau of 0.667 (p-value: 0.333) for BLEU-4

and 1.000 (p-value: 0.083) for MNLI. The Pearson Rank is 0.423 for BLEU-4 and 0.261

for MNLI, indicating a weak to moderate linear relationship if using the same interpreta-

tion. Based on the above limited results, there is no firm answer to this part of RQ7: it

remains unclear whether LLM-generated annotations can reliably substitute for human an-

notations for evaluating the quality of elaboration texts. Results for elaboration quality on

the test split are shown in Appendix G, where both LLM-generated annotations yield the

same system rankings on the validation and test splits, respectively.

5.8 Summary

In this chapter, I introduce the novel contextualization task, which is motivated by the

challenge of making historical texts comprehensible to modern audiences. I formulate

the problem as identifying (contextualizable) mentions and then generating elaboration
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texts to those mentions. The first research question (RQ5) concerns human performance

in contextualization, with a specific focus on inter-annotator agreement. To address this, I

designed human annotation study. The analysis reveals that mentions identified by different

people can overlap but vary slightly in terms of the number of mentions per sentence, and

the lengths of those mentions. To make better use of human annotations, I propose a fuzzy

matching strategy, although it introduces its own limitations. Next, the analysis reveals

that human-written elaboration texts vary in nature: some offer brief explanations linked to

specific vocabulary, while others convey a more holistic interpretation of an entire sentence.

RQ6 investigates how well systems perform contextualization. Human evaluation di-

rectly captures perceptions of system outputs, revealing that most of the systems perform

contextualization effectively: they identify mentions that provide at least some added value

to the text, and they generate elaboration texts that tend to be of good quality. Comple-

menting the human evaluation, I also collected human annotations for contextualization

and propose automatic evaluation measures that approximate the contextualization effect.

For identifying mentions, F-scores serve as intuitive and informative measures, indicating

that the three Joint systems outperform the other three. Among them, Joint (GPT) emerges

as the overall top-performing system, exceeding 85% of the F-scores obtained by the human

reference baseline. For elaboration quality, the MNLI score generally serves as a reliable

proxy for estimating quality. It indicates that the Joint (GPT) system is statistically signif-

icantly the most competitive among all systems, achieving performance that exceeds 95%

of human levels. Meanwhile, manual inspection confirms that most systems are capable

of generating correct elaboration texts. A necessary validation study correlated the F-score

and MNLI measures with human ratings, supporting the validity of the aforementioned

findings based on these automatic measures.

Finally, regarding whether LLM-generated annotations can serve as a substitute for

human annotations in automatic evaluation (RQ7), the rankings based on LLM-generated
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annotations—both for identifying mentions and for elaboration quality—largely align with

those based on human annotations. However, the limited number of systems being com-

pared prevents a definitive conclusion for RQ7.
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Chapter 6: Rewriting for Style Transfer

Conversational agents have a fundamental requirement to look like a single, consis-

tent agent, which ensures a more consistent user experience, rather than feeling like “a

chameleon.” [145]. A specific set of qualities that consistently present in generated text

is referred to as the style of a conversational agent according to Smith et al [145]. Style

is especially important for my envisioned application that represents a particular historical

figure engaging in a museum interaction. After retrieving (Chapter 3) and contextualiz-

ing texts (Chapter 5) from the historical collection, the texts still have diverse styles given

that the texts are transcribed spoken texts or written texts from various scenarios. Text style

transfer is a task of transferring a text to a particular style, having distinctive characteristics,

while preserving its original content [82]. This chapter explores text style transfer.

The goal is to rewrite texts into a target style for the historical figure engaging in con-

versation with a general public user. I clarify what the target style is and what it is not.

Author imitation [72, 80, 152, 173] is a prior application of text style transfer where texts

from a general or alternative style are transformed into the specific style of a particular

author. This chapter is not an author imitation task because the source and target texts are

both authored by the same individual. On the other hand, the same individual’s style can

exhibit significant variations just as how styles can differ between different authors. Differ-

ent communication scenarios serve different communication goals, affecting the styles, not

all are the same as communication with a general public, such as museum visitor, which is

the target style. To build a sense about the target style, I hypothesize two intuitive traits,
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using short terms like how Smith et al. specify traits for conversational agents [145].

• Conversational: the target style sounds more like a part of a conversation, including

but not limited to elements of interaction/engagement, where texts are generally more

informal, use shorter sentences and simpler language.

• Using public language: the target style employs language suitable for a general

audience. For example, while original texts may be direct and personal, using abbre-

viations and slang, the transferred texts aim for clarity and accessibility by adopting

a more narrative tone and removing potential comprehension barriers.

Text style transfer is often framed as a machine learning task, using corpora that rep-

resent the source and target styles. In this setting, style is defined in a data-driven man-

ner [82], although the short descriptors often used to label styles are inherently ambiguous.

Conversely, styles defined by linguistic or rule-based criteria, which thoroughly delineates

what does or does not constitute a given style, are often underexplored in machine learning,

primarily due to the lack of matched data for such precise definition. This chapter works

with the President Reagan collection and adopts a data-driven definition for the target style.

The two traits—being conversational and using public language—are reasonable, though

not exhaustive, characterization of the target style. While they may align with linguis-

tic definitions of style, in this work I use them primarily as motivating concepts and as a

Table 6.1: Analysis of document types wrt. two traits of the target style.

Document type Conversational tone Proper public language

Diaries No (written monologue) No
Letters No (written monologue) No

Interview transcripts Yes Yes
Public papers Partial (oral monologue) Yes
Presidential debates Yes (oral dialogue) Yes
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framework for organizing the historical document collection, thereby laying the foundation

for an empirical (i.e., data-driven) investigation of the text style transfer problem.

The two corpora representing source and target styles can be either parallel—where

each sentence in one style is paired with a counterpart conveying the same information

in another style, or non-parallel. [82]. Parallel corpora are valuable for training neural

methods for text style transfer [82]; however, non-parallel data is more prevalent in re-

ality [86, 142], which is the case for the Reagan collection used in this dissertation. In

Sec 4.1, I introduce the President Reagan collection, which comprises public papers, per-

sonal diaries, and interview transcripts. These documents are non-parallel across types:

texts from different genres (e.g., letters and speeches) do not necessarily overlap in con-

tent, even if they occasionally address similar topics (e.g., a letter and a speech both con-

cerning Social Security Tax). For the experiments in this chapter, the Reagan Collection is

expanded to include personal letters from the book Reagan: A Life in Letters [144], and

transcripts of presidential debates. Given that the target style is defined as conversational

and employing public language, several document types align with this stylistic goal: par-

ticularly interview transcripts, presidential debates, and to a partial extent, public papers.

Public papers consist primarily of speeches but also include written statements and notices,

which, while publicly delivered, are structured as monologic rather than interactive dis-

course. Conversely, appropriate source texts are those that exhibit opposing stylistic traits,

particularly non-conversational and private forms of communication. Personal letters, as a

form of written, individual expression, are suitable for this role. Table 6.1 analyzes each

document type in relation to the two traits of the target style.

I process the Reagan collection to create several experimental corpora, each derived

from two document types designated as representing either a source style or a target style.

Each paired corpora consists of two sets of texts, one for each style, with some degree

of topic overlap between the sets. This overlap arises naturally from the fact that all texts
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originate from the same historical figure, who addressed similar topics across different

communicative contexts. However, these corpora remain non-parallel in nature, i.e., there

is no one-to-one correspondence. The data are split into training, validation, and test sets.

Importantly, the style transfer task is treated as a standalone component in this chapter: I

work directly with original texts from the collection, rather than using outputs from previ-

ous retrieval or contextualization stages.

To explore this task, I propose five prompting-based approaches, each following a gen-

eral schema adapted from the SUP-NATINST framework [167]. Approaches that use dif-

ferent prompts, even with minor variations, such as adding chain-of-thought reasoning in

the instruction field of the schema, are treated as separate systems for evaluation. I de-

scribe a procedure for selecting comparable examples from these corpora, defined as pairs

of source-style and target-style texts that share topical content, to support prompt-based

in-context learning. Evaluation is conducted through human judgments of system outputs

and automatic measures assessing:

• Target style strength, measured via a trained style classifier, and

• Content preservation, measured via the publicly available MNLI entailment model.

This chapter investigates the following research questions:

• RQ8: How well can systems perform the proposed style transfer task?

• RQ9: How does the number of prompting examples affect a system’s ability to per-

form style transfer?

• RQ10: To what extent can the selected automatic evaluation measures approximate

human preferences in style transfer?

RQ8 is addressed with both human and automatic evaluations. RQ10 examines the validity

of the automatic evaluation measures through a correlation analysis with human judgments.
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Experiments on the validation data suggest single-turn prompting outperforms chain-of-

thought prompting, and that shorter examples are more effective than longer ones. To more

fully understand the effect of prompt design, RQ9 explores, specifically, how different

numbers of prompting examples affect performance—by comparing N-shot (N=1, 2, 3)

variants across different pairs of document types. To answer RQ10, human evaluation

produces both pointwise and pairwise assessments, and the results are used to examine

how well automatic measures reflect human preferences.

6.1 Problem Formulation

The style transfer problem is formulated as training a model to generate texts (“text

generator”) using a paired corpora that has two sets of texts. The two sets are denoted

by X1 and X2. X1 contains m texts of the source style, i.e., style 1. X2 contains n texts of

the target style, i.e., style 2. This formulation assumes that the text generator works in the

direction of style transfer from style 1 to 2.

Style 1 : X1 = {x1
1, ...,x

m
1 } (6.1)

Style 2 : X2 = {x1
2, ...,x

n
2} (6.2)

The text generator is represented by a model M.

At test time, given a text xtest
1 in style 1, the text generator generates a style-transferred

output x̄test
2 , which is expected to reflect style 2. The overline indicates that x̄test

2 is a system-

generated hypothesis rather than a ground-truth reference.

x̄test
2 =M(xtest

1 ) (6.3)
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NATINST [114] PROMPT SOURCE [12] SUP-NATINST [167]

Title:{{title}} Can you write a sentence about Definition:{{definition}}
Definition:{{definition}} the topic {{p ex1.concepts}}? Positive Example 1 -
Emphasis & Caution:{{emphasis}} ||| Input: {{p ex1.input}}
Things to Avoid:{{avoid}} {{p ex1.target}} Output: {{p ex2.output}}

Explanation: {{p ex2.exp}}
Positive Example 1 - Can you write a sentence about Positive Example 2 -

Input: {{p ex1.input}} the topic {{p ex2.concepts}}? ...
Output: {{p ex1.output}} ||| Negative Example 1 -
Reason: {{p ex1.reason}} {{p ex2.target}} Input: {{n ex1.input}}

Positive Example 2 - Output: {{n ex2.output}}
... ... Explanation: {{n ex2.exp}}

Negative Example 1 - Can you write a sentence about Negative Example 2 -
Input: {{n ex1.input}} the topic {{x.concepts}} ...
Output: {{n ex1.output}} ||| Now complete the following example-
Reason: {{n ex1.reason}} Input: {{x.input}}

Negative Example 2 - Output:
...

Prompt: {{prompt}}
Taks Instance:

Input: {{x.input}}
Output:

Table 6.2: Previous approaches to designing in-context instructions. SUP-NATINST serves as the
basis for designing the proposed approaches in this chapter. PROMPTSOURCE does not use a highly
structured format as SUP-NATINST does, but instead tailors the text sequence—including several
pairs of a conditioning text and a desired output—based on specific NLP tasks and datasets, such as
CommonGen [99].

6.2 Proposed Approach

Prior work on style transfer include several Masked Language Models (MLM) [103,

104, 105] that are fine-tuned on style transfer data. The Generative Pre-trained Transformer

(GPT) not only shows success in standard style transfer tasks (e.g., transferring sentiment),

but in transferring to non-standard, arbitrary style that can be characterized in simple words

(“being melodramatic”, or “has metaphor”) [131]. Because my style transfer goal is non-

standard, I use GPT-based models to develop proposed approaches (see Section 2.3 for

background on ChatGPT). I specifically leverage the most recent version available at the

time this chapter was written in 2023: GPT-3.5-turbo.

A strength of GPT models lies in their capability to perform novel text generation tasks

by only following some instructions, without model fine-tuning on the particular task.

This is referred to as “in-context learning” [12, 167]. Such instructions are referred to
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as “in-context instructions,” involving plain language task definitions and/or few-shot ex-

amples. Table 6.2 gives a comparison of notable prior work on in-context learning. SUP-

NATINST [167] and NATINST [114] are two benchmarks for the design of in-context in-

structions, where all instructions follow a uniform instruction schema. NATINST preceded

SUP-NATINST.

PROMPTSOURCE is the programming IDE and templating language to develop in-

context instructions that trade-off expressivity and explicit structure [12]. PROMPTSOURCE

does not use a maximally structured format like SUP-NATINST does. Instead, it allows

users to write expressive prompts using a two-part structure of conditioning text and the

desired output, to fit every prompting need on the specific NLP tasks and datasets, such as

the example task shown in Table 6.2, CommonGen [99]. The CommonGen example does

not imply that other prompts written using PROMPTSOURCE should follow the exact same

structure.

Because this work focuses on a single, specific task, style transfer, I follow the general

schema of SUP-NATINST [167] to implement five proposed approaches (with their instruc-

tions shown in Table 6.3). Table 6.4 through 6.7 presents the examples used in the prompts

corresponding to each paired corpora. Corpora are ordered based on their results order in

Section 6.5.

Approach 1: NOEX The first proposed approach is the plain re-implementation of the

prior SUP-NATINST benchmark [167]. I follow the general-purpose schema, and design

a new in-context instruction for the style transfer task. NOEX, as a result, has a plain lan-

guage task definition, but without any few-shot examples. It is a simple baseline.

Approach 2: SUP-NATINST The second proposed approach, referred to as Sup-NatInst,

has a basic prompting format that consists of an instruction and one or a few positive ex-
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Prompting
Elements NOEX SUP-

NATINST
PREPAREDDESCR STYLEREASONING ENDGOAL

Task
Background In this task, we ask you to read the input sentence that is from a letter written by Ronald Reagan, then [continue to Task Description]

Task
Description

express it in an output
that speaks like some-
thing Ronald Reagan
would say when he is
responding to a typi-
cal museum visitor.

express it in an output
that speaks like something
Ronald Reagan would say
when he is diplomatic,
contemplative, strategic,
assertive, and pragmatic.

pinpoint the segments of the
input that does not fit into
a style that Ronald Reagan
would say when he is diplo-
matic, contemplative, strategic,
assertive, and pragmatic.

pinpoint the segments of the in-
put that does not fit into a style
that Ronald Reagan would say
when he is responding to a
typical museum visitor.

Chain-Of
-Thought

Instruction N/A

Then, starting with the state-
ment “The rewritten version
of the input is”, provide your
rewrite of the input to fit
the diplomatic, contemplative,
strategic, assertive, and prag-
matic style.

Then, starting with the state-
ment “The rewritten version
of the input is”, provide your
rewrite of the input to fit into
the style of responding to a typ-
ical museum visitor.

Limitations The preferred output length is no longer than two times the length of the original input sentence.
Positive

Example(s)
(One or many) N/A

Input: pos_example_input
Output: pos_example_output

Input: pos_example_input
Output: pos_example_explanation The rewritten
version of the input is pos_example_output

Table 6.3: Proposed approaches involving different instructions. From let to right, instruction dif-
ferences are in bold font. Texts in typewriter font represent example variables containing long texts,
whose full contents are in the next four tables (6.4 to 6.7).

amples. Unlike prompting for classification tasks, where negative example’s output can

be “no,” a text rewriting task does not have a clear choice for negative examples. Hence,

SUP-NATINST does not have negative few-shot examples.

Approach 3: PREPAREDDESCR The third proposed approach replaces the descriptive

style requirement in SUP-NATINST and NOEX (“responding to a typical museum visitor”)

with several declarative adjectives: “diplomatic, contemplative, strategic, assertive, and

pragmatic.” The adjectives are intended to prompt the LLMs to express the input sentence

with these adjective characteristics. The adjectives were obtained by asking ChatGPT to

analyze several texts from an interview transcript to describe the style characteristics that

Reagan’s speech would have.1 This interview transcript was selected for its conversational

tone and its use of proper public language suited to the anticipated target style.

1The transcript is titled as “Interview With Robert L. Bartley and Albert R. Hunt of the Wall Street Journal
on Foreign and Domestic Issues.” The question about style differences is phrased as “Can you describe the
style difference between the two texts below?”
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Using this set of five adjectives has limitations in how well it represents the target

style, particularly when the target style is complex and not easily captured by adjectives

alone. For example, I also asked ChatGPT to analyze the style characteristics of a Rea-

gan letter to an American medical student evacuated from Grenada. The letter is a source

style document and not conversational, but the audience is a member of the general public,

so it shares some characteristics with the target style. ChatGPT suggested the adjectives

“conversational, warm, informal, personable, and politically strategic”—reflecting some

characteristics of the target style.

Approach 4: STYLEREASONING Chain-of-thought prompting divides a complex task for

an LLM into simpler sub-tasks that it can solve. For style transfer, I divide the task into (1)

pinpointing segments that do not fit a style goal, and (2) providing a rewrite of the input

that fits the style goal. The LLMs will start with an explanation of (1), and then use the

phrasing “The rewritten version of the input is” to indicate the end of explanation, and pro-

vide a rewrite output to (2). Here, the style goal is specified as “a style that Ronald Reagan

would say when he is diplomatic, contemplative, strategic, assertive, and pragmatic.”

Approach 5: ENDGOAL This approach adopts chain-of-thought prompting as Approach

4, but whose style goal is descriptive, i.e., the same as SUP-NATINST, i.e., “when he is

responding to a typical museum visitor.”

6.2.1 Selecting Comparable Prompting Examples

Within the corpora, examples that belong to the source and target styles have no exact

content overlap. Given that the documents accumulate over the same time period and

involved the same historical figure, they may still share topical overlap in certain cases.
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The potential presence of topical overlap motivates me to identify such topical alignment,

and use the aligned examples from two styles to prompt proposed approaches in a way

that illustrates the style transfer effect. Prior work refers to corpora with this kind of topic

alignment quasi-comparable corpora, and call texts that are not necessarily synonymous

but share the same topic comparable [59]. Jin et al. further affirm that pseudo-parallel

corpora resemble supervised data [82].

The starting point to find topical alignment are the target texts from a paired corpora,

used as search queries, to find whether some source texts are comparable, i.e., having

roughly the same content with them, such that they pair as comparable pairs. Using the

target texts as the search queries, rather than the reverse, enables the resulting comparable

example pairs to better reflect the characteristics of the target texts. Using the training

split of the source and target texts from each paired corpora, I build an index consisting

of all paragraphs from the source document type. For each target text, the set of non-

stopwords forms a long query that is used to retrieve from the index, resulting in top three

scoring paragraphs. The matching algorithm is the term-based BM25 method. Then, the

matching paragraphs are segmented into sentences, from which a more effective but less

efficient semantic matching model BERTScore [178] is used to measure content similarity

between the target text and each sentence in a matching source paragraph. The cost of the

BERTScore is limited by the number of matching paragraphs and the number of sentences

in paragraphs. The highest-scoring source-target sentence pairs were manually screened by

me to verify content similarity and then sorted by the length of the source sentence. There

are two variants of comparable example(s) for each approach: long and short. For long

comparable examples, the source sentence must exceeds 22 tokens if split by whitespace.

For short examples, the source sentence must not exceed 22 tokens if split by whitespace.

Note that finding topically aligned examples is a manual, one-time effort. I use up to three

pairs of comparable examples for each length variant and for each paired corpora, in an
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Examples pos_example_input pos_example_explanation pos_example_output Retouch

Paired Corpora: Letters–Student Interviews, Long Examples

Example 1

Also much of that aid is to
help those countries have a
defense capability of their
own which is less costly
than if we had to provide
that defense with our own
forces.

The phrase “which is less costly than if we had
to provide that defense with our own forces” em-
phasizes financial concerns in a way that may sound
transactional rather than strategic, lie a cost-saving
alternative to direct U.S. military involvement. “To
help those countries have a defense capability of
their own” is somewhat indirect and less assertive.

And some of that aid, also,
is, very practically, mili-
tary aid to those countries
so that they can defend
themselves.

In the output,
“those countries”
were originally
referred to as
“them.”

Example 2

It is a program to use tax
incentives to bring busi-
ness and industry into de-
pressed inner city neigh-
borhoods to provide jobs
and opportunity for the
people there.

The phrase “bring business and industry into de-
pressed inner city neighborhoods” implies a passive
approach. The phrase “depressed Inner City Neigh-
borhoods” may sound negative or overly bleak.

It’s a program of us-
ing tax incentives at ev-
ery level of government
for businesses that will go
into rundown areas, estab-
lish themselves there, and
then hire the people that
are there presently unem-
ployed and getting wel-
fare, and tax incentives to
make this worthwhile.

In the output,
“go into rundown
areas” were orig-
inally referred to
as “go in”. “run-
down areas” was
an expression in
the immediate
prior context.

Example 3

The other purpose of our
foreign aid is to help these
lesser developed countries
get their economies going
so they can be better cus-
tomers of ours.

The phrase “so they can be better customers of
ours¨ makes foreign aid sound purely transactional
and like a self-serving economic investment rather
than a diplomatic and strategic effort. “Get their
economies going” is informal and lacks the kind of
dignified, strategic phrasing Reagan would typically
use.

The aid that we’re giv-
ing to foreign countries
is aid to the lesser de-
veloped countries so that
they can take their place in
the world of nations with
an economy in which they
can have a living standard
that is improved.

In the input, “The
other purpose of
our foreign aid”
was originally
“The other”.
The expansion
was based on
immediate prior
context.

Paired Corpora: Letters–Student Interviews, Short Examples

Example 1
All of us find apartheid re-
pugnant but so do many
people in South Africa.

The phrase “but so do many people in South
Africa” is vague and passive, lacking a strong strate-
gic or action-oriented perspective. “a large element
in South Africa” sounds more substantial and delib-
erate. Saying “many people” does not specify who
is opposing apartheid or what they are doing about it,
making the statement less impactful.

There is a large element
in South Africa that finds
apartheid as repugnant as
we do and is trying to do
something about it.

N/A

Example 2

But, we inherited a gov-
ernment that was increas-
ing in cost 17.5 percent a
year.

The phrase “we inherited a government” suggests a
lack of control, implying that the previous adminis-
tration is to blame without emphasizing action. “In-
creasing in cost” is somewhat vague and less pre-
cise compared to “increasing its spending” which
directly addresses fiscal responsibility.

But when we came here,
the Government was in-
creasing its spending by 17
percent a year.

N/A

Example 3

We have also reduced in-
flation from 12.4 percent
to 3.7 for the last six
months.

The phrase “We have also reduced inflation” im-
plies direct control over inflation, whereas Reagan’s
style often acknowledged broader economic forces
and policies influencing such changes. “For the last
six months” is slightly ambiguous because it does
not explicitly clarify that the lower rate is an ongo-
ing trend.

Inflation, which was 12.4
percent, has for the last
6 months been running at
only 3.7 percent.

In the output,
“3.7 percent”
was originally
“four-tenths of 1
percent,” which
is a content mis-
match.

Table 6.4: Formatting instructions with different content under a shared schema. This table presents
prompting examples for the Letters–Student Interviews corpora. There are two variants of positive
example(s) for each prompting approach: long and short. The column “Retouch” notes on changes
to the original text to create comparable examples.

137



Examples pos_example_input pos_example_explanation pos_example_output Retouch

Paired Corpora: Letters–Interviews w/ Reporters, Long Examples

Example 1

With the Democrats back
in charge in both Houses
of Congress, there are too
many of them just waiting
for a crack in the dam to
flood us with tax changes
to pay for a pack of new
spending ideas.

Regarding the segment “With the Democrats back
in charge in”, while Reagan criticized excessive
spending, he typically framed policy disagreements
in a more diplomatic way, avoiding outright parti-
san blame. The metaphor of a dam breaking is dra-
matic and negative. “A pack of new spending ideas”
sounds dismissive and lacks the pragmatic, results-
oriented tone Reagan often used.

There are factions in there
that just want to keep on
spending in the Congress.

In the input,
“a pack of new
spending ideas”
were followed
by “not deficit
reduction,” which
were removed.

Example 2

Even people on welfare
or at the poverty level of
earnings have several hun-
dred dollars more in pur-
chasing power than they
would have had if inflation
had remained at the 1980
level.

The phrase “even people on welfare” may sound
somewhat dismissive or divisive, which is not aligned
with Reagan’s typically optimistic and inclusive
rhetoric. While factually meaningful, “several hun-
dred dollars” sounds vague and lacks the weight of a
more strategic economic framing.

Today, the person at the
average family, the median
income has $3,300 more
in purchasing power than
they would have had if we
had stayed at the same tax
and inflation rates of 1980.

N/A

Example 3

It is our hope that together
these four nations, with the
help of the private sector,
can seek to alleviate the
conditions that make so
many people, particularly
from the Caribbean states,
want to come here.

“It is our hope” sounds weak and uncertain com-
pared to a more decisive alternative. “seek to” intro-
duces an unnecessary hedge, making the action sound
less direct and effective. The expression “make so
many people, ... want to come here.” is passive and
indirect in describing migration. Reagan often framed
challenges in terms of opportunity and mutual bene-
fit, rather than focusing on the issue of people.

What we envisioned with
this is that together these
four nations, with the help
of the private sector, does
all that it can to improve
and see the conditions that
affect so many people.

In the output, “to-
gether these four
nations, with the
help of the pri-
vate sector” was
originally “the
government”, and
“the conditions
that affect so
many people”
was originally
“that there is no
hunger.”

Paired Corpora: Letters–Interviews w/ Reporters, Short Examples

Example 1
Truth was Social Security
didn’t make it to July of
’83.

The phrase “Truth was” is abrupt and informal. The
wording around “Social Security didn’t make it to
July of ’83” is vague and imprecise, almost as if So-
cial Security is a person who failed to reach a goal,
rather than a financial program running out of funds.
Overall, it is blunt and could be seen as overly ca-
sual or lacking the gravitas typical of a statesman dis-
cussing such a serious issue.

But we were faced with
Social Security nearing
bankrupt in July of ’83.

In the output,
“nearing” was
originally “belly-
ing up.”

Example 2

Right now we continue to
try to persuade Congress
to give us what we call
“enterprise zones.”

The phrase “Right now” is somewhat informal and
overly immediate. Reagan often framed policies in a
broader historical or long-term perspective rather than
emphasizing urgency in a casual way. The phrase
“continue to try to persuade” sounds hesitant and
lacks assertiveness. The phrase “to give us” makes
the administration sound like passive recipients rather
than leaders advocating for policy. The phrase “what
we call” suggests uncertainty or informality, which
does not align with Reagan’s clear rhetorical style.

This is why we have for a
couple of years now been
trying to get the enterprise
zone legislation through
the Congress.

N/A

Example 3
We have more people em-
ployed than ever before.

The phrasing “We have more people employed”,
while factually correct, is somewhat simplistic and
lacks the depth or strategic framing typical of Rea-
gan’s speeches or letters. The phrase ‘‘than ever be-
fore” is broad but imprecise.

Today the highest percent-
age of the potential pool
consisting of all people,
between the ages of 16 and
65, is employed than has
ever been employed in our
entire history.

In the output,
“the potential
pool... and 65,”
was originally
“that potential
pool.”

Table 6.5: This table presents prompting examples for the Letters–Interviews w/ Reporters corpora.
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Examples pos_example_input pos_example_explanation pos_example_output Retouch

Paired Corpora: Letters–Presidential Debates, Long Examples

Example 1

I still believe if a defense
can be found it is far more
civilized than to continue
relying on the threat of de-
stroying millions of lives
in retaliation for an enemy
attack.

“I still believe” sounds personal and tentative. The
rewritten version removes this and instead poses a
rhetorical question. While “civilized” conveys a
moral argument, it is somewhat abstract. The rewrit-
ten version replaces it with “far more humanitarian.”
The phrase “to continue relying on the threat of de-
stroying millions of lives in retaliation” is long and
somewhat grim.

If such a defense could be
found, wouldn’t it be far
more humanitarian to say
that now we can defend
against a nuclear war by
destroying missiles instead
of slaughtering millions of
people?

The input begins
with “And (if
such a...)”, which
was removed.

Example 2

We have expressed a will-
ingness to help Lebanon
with our multinational
forces until such time
as Lebanon forces can
demonstrate they are
capable of guarding the
border.

The phrase “expressed a willingness to help” is ten-
tative and passive. The phrasing “until such time as”
is formal and bureaucratic, making it sound less prag-
matic and conversational. This phrase “demonstrate
they are capable of guarding the border” is vague
and conditional, implying an indefinite commitment.

We went in with the multi-
national force to help re-
move, and did remove,
more than 13,000 of those
terrorists from Lebanon.

The input begins
with “Then (we
went in...)”,
which was re-
moved.

Example 3

I was talking about the
Lebanon situation and our
effort to persuade Israel,
Syria and the PLO to get
out and give the Lebanese
a chance to reestablish
sovereignty over their own
land.

The phrasing “our effort to persuade Israel, Syria,
and the PLO to get out” makes the U.S. role
sound like a straightforward negotiation effort. The
phrase “give the Lebanese a chance to reestablish
sovereignty over their own land” is somewhat in-
formal and does not reflect a strong, assertive policy
stance.”

And then the Government
of Lebanon asked us back
in as a stabilizing force
while they established a
government and sought to
get the foreign forces all
the way out of Lebanon
and that they could then
take care of their own bor-
ders.

N/A

Paired Corpora: Letters–Presidential Debates, Short Examples

Example 1
I believe we have much to
gain by refusing to submit
to blackmail.

The phrase “submit to blackmail” is emotionally
charged and adversarial. While Reagan could be
assertive and firm, he often avoided language that
sounded accusatory, inflammatory, or morally abso-
lute, and tended to favor strategic, values-driven fram-
ing such as moral leadership.

I don’t think that our
record of human rights can
be assailed.

N/A

Example 2

As I say, the shah has a
long record of friendship
and service to the United
States.

The phrase “as I say” is colloquial and repetitive, and
can sound imprecise or casual. A more Reagan-esque
version might omit it altogether or reframe it.

I did criticize the President
because of our undercut-
ting of what was a stalwart
ally—the Shah of Iran.

The input begins
with “In this case,
(as I...)” and
the output begins
with “Morton, (I
did...)” Both were
removed.

Example 3

I asked them if it was pos-
sible to devise a weapon
that could destroy missiles
as they came out of their
silos.

“I asked them if in their thinking” is somewhat in-
formal and roundabout. It makes the speaker sound
like a passive inquirer rather than a leader propos-
ing a vision. The phrase “destroy missiles as they
came out of their silos” has a blunt and aggressive
tone. Framing it as a defensive measure rather than
an offensive action would make it more palatable in a
diplomatic context.

I propose that we research
to see if there isn’t a de-
fensive weapon that could
defend against incoming
missiles.

N/A

Table 6.6: This table presents prompting examples for the Letters–Presidential Debates corpora.
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Examples pos_example_input pos_example_explanation pos_example_output Retouch

Paired Corpora: Letters–Public Papers, Long Examples

Example 1

We can’t continue to urge
the reestablishment of the
family as an answer to
society’s breakdown while
we bypass the family when
it suits our convenience.

The phrase “urge the reestablishment of the family
as an answer to society’s breakdown” This phrase is
ideologically charged and prescriptive, implying that
restoring the family is the sole remedy for society’s
problems. While Reagan valued family, his rhetoric
was more inclusive and forward-looking rather than
prescribing a single solution. The segment “while we
bypass the family when it suits our convenience” is
accusatory and highlights hypocrisy in a manner that
can seem judgmental.

We must do what we can to
reverse the trend of abused
children becoming abusive
parents.

N/A

Example 2

We’re going to try to create
an economic infrastructure
in their countries so there
will be opportunities and
jobs and a decent living for
the people.

The phrase “try to create” feels a bit less assertive
and more tentative. The phrase “in their countries”
is vague and paternalistic. While positive, the seg-
ment “so there will be opportunities and jobs and
a decent living for the people” is overly simplistic
and lists benefits in a way that lacks the strategic and
nuanced language characteristic of Reagan.

The Caribbean Basin Ini-
tiative will address the un-
derlying economic and so-
cial problems that are re-
tarding the development
of the Caribbean Basin
States.

N/A

Example 3

The difference is that in El
Salvador the government
has elections and is trying
to be democratic while in
Nicaragua the government
has embraced Castro and
the Soviets.

The segment “has embraced Castro and the Sovi-
ets” is overly blunt and ideologically charged.

Unlike El Salvador, the
Nicaraguans don’t want
international oversight of
their campaign and elec-
tions.

N/A

Paired Corpora: Letters–Public Papers, Short Examples

Example 1
We are going to engage
them in negotiations to re-
duce nuclear weapons.

The phrasing “engage them in negotiations” is
rather neutral and passive. He would likely choose
language that underscores a bold, proactive approach.
The phrase “reduce nuclear weapons” is vague and
doesn’t capture the depth of strategic intent. He would
be more specific, emphasizing not just reduction, but
a radical decrease in both the scale and potential de-
structiveness.

Today we set out on a
new path toward agree-
ments which radically re-
duce the size and destruc-
tive power of existing nu-
clear missiles.

N/A

Example 2

Those demagogs who
scream our tax reform
benefited the rich are
talking through their hats.

The label “Those demagogs” is overly inflammatory
and confrontational. Another phrase “who scream
our tax reform benefited the rich” is emotionally
charged and accusatory. Reagan would lean toward
framing issues in a more thoughtful and balanced
manner rather than resorting to pejorative and hyper-
bolic language. The idiom “talking through their
hats” is informal. The sentence could benefit from
a more refined phrasing that criticizes unfounded
rhetoric without sounding dismissive in a colloquial
manner.

And those who say it can
are merely engaging in
empty rhetoric as usual.

N/A

Example 3
We must all work together
to bring an end to terror-
ism.

The phrase “We must all work together” is quite
generic and lacks the specificity he sometimes used
when rallying allies. The phrase “to bring an end to
terrorism” is somewhat vague and broad.

The United States calls
upon other nations to join
with us in isolating the ter-
rorists and their support-
ers.

N/A

Table 6.7: This table presents prompting examples for the Letters–Public Papers corpora.
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effect to better support generalization.

For content that differ between the target text and the selected source text, a retouch-

ing step tries to edit the content, while retaining the stylistic features. The retouching step

works under the assumption that stylistic features and contents are not coupled, i.e., separa-

ble within a text, as seen in some prior style transfer tasks such as verb tense or Yelp review

sentiment transfer [82]. However, for one paired corpora, Letters–Public Papers, I did not

perform retouching due to a substantial content gap between the optimal comparable pairs,

which may reflect an inherent characteristic of this paired corpora.

6.3 Data Collection

The problem formulation requires a paired corpora consisting of two sets of texts in

order to develop2 a style transfer model. Inference is then using the model on the source set

of texts. I create these corpora from selected document types from the Reagan collection.

This section provides details of this process.

The Reagan collection introduced in Chapter 4 serves as the starting point, from which

a prototype retrieves content to answer user questions about Ronald Reagan. Table 6.8 is an

updated version of the Reagan collection that includes three new document types: letters,

student interviews, and presidential debates. Letters come from a book of Reagan’s letters,

with annotations [144]. The student interviews and presidential debates are in a text tran-

script format from the Ronald Reagan Presidential Library and Museum website.3 Among

these document types (Table 6.1), I characterize each by two aspects that distinguish the

source style from the target style. I anticipate four corpora to be possible for the style

transfer modeling: (1) Letters–Student Interviews, (2) Letters–Interviews w/ Reporters, (3)

Letters–Presidential Debates, and (4) Letters–Public Papers.

2I use “develop” to refer to prompt development rather than training or fine-tuning a model.
3https://www.reaganlibrary.gov/
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Table 6.8: Statistics of the updated President Reagan collection, which now includes Reagan letters
and presidential debate transcripts. Data are split at the document level to ensure that sentences
from the same document do not appear in multiple splits. Document types with small numbers of
documents tend to have long documents.

# Document # Paragraphs # Sentences
Document Type

Total Train Valid Test Train Valid Test Train Valid Test

Letters 1,058 755 151 152 2,811 562 563 8,846 1,909 1,918
Student Interviews 7 5 1 1 42 8 9 609 107 96

Interviews w/ Reporters 247 176 35 36 677 125 124 6,672 1,315 1,196
Presidential Debates 4 2 1 1 22 4 5 360 64 102

Public Papers 8,147 5,819 1,163 1,165 - - - 256,992 48,597 50,538

Table 6.9: Amount of texts for each paired corpora after balancing.

Paired Corpora Train Validation Test

Letters–Student Interviews (primary) 462 83 82
Letters–Interviews w/ Reporters 1,768 395 360

Letters–Presidential Debates 326 55 88
Letters–Public Papers 1,768 395 360

Processing Letters The efforts to process letters are briefly described in Chapter 5, and

covered in more detail here. The book Reagan: A life in letters has 1,416 pages containing

letters written by Ronald Reagan throughout his lifetime. For research use, and without

public distribution, I convert the book into a text format. Then I extract individual letters by

segmenting based on salutations as the beginning boundaries and several variants of Reagan

signatures as the ending boundaries. There are 1,058 letters, which are divided into train,

validation, and test folds in a 5 : 1 : 1 split. Each letter contains one or more paragraphs,

where a paragraph is usually cohesive on one topic and has one or more sentences. The end

of a paragraph is identified based on the heuristic of a line whose character count is less

than 74, which is the minimum number of characters for a full line in the book. I segment

the letters into separate paragraphs based on the paragraph boundary. Then, I segment the

paragraphs into sentences using the spaCy library.4 A sentence is an instance for style

4Each sentence can be traced back and connected with preceding sentences within the same paragraph.
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transfer in my experiments.

Processing Interviews The Reagan collection contains 254 interview transcripts, drawn

from interview-formatted webpages on the Ronald Reagan Presidential Library and Mu-

seum website. They are divided into interviews with news reporters (247; see Chapter 4,

Section 4.1), and student interviews (7). Student interviews comprise a small subset of

seven interviews whose titles contain the keywords “Students” and “Question-and-Answer

Session.” These are recognized as presidential Q&A sessions with high school students,

rather than student interviews—although I adopt the latter term in this dissertation for con-

sistency. The 247 interviews with news reporters are divided into train, validation, and

test folds in a 5 : 1 : 1 split. The 7 student interviews are divided into 2, 1, and 1 docu-

ment for train, validation, and test splits. Despite the single document in one split, student

interviews are specially arranged sessions that last more than one hour, whose transcript

document thus tends to be longer. Student interviews provide the closest examples to the

target style, i.e., the intended style transfer goal: the historical figure engaging in conversa-

tions with the general public, such as a user with a high school education, and that the QA

session is a public conversation.

I segment each interview transcript based on the website HTML’s element tree path to

create paragraphs, and use any leading speaker identity, such as “Mr. President” to identify

utterances by Ronald Reagan. I then create text units for style transfer from the paragraphs.

For interviews, each unit consists of two consecutive, non-overlapping sentences. Interview

utterances are often highly colloquial, short, and filled with filler phrases, so this heuristic

better matches the information content of single sentences in letters.

Processing Presidential Debates Presidential debates are crawled from the website

www.debates.org for four presidential debates between Ronald Reagan and another pres-

Chapter 5 particularly concerns with the letter sentences and their preceding sentences as instances for con-
textualization.
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idential candidate.5 They are divided as 2, 1, and 1 documents for train, validation, and test.

Given that a presidential debate also consists of turn-taking spoken utterances by multiple

speakers, the paragraph segmentation follows the same procedure as for interviews. Para-

graph boundaries are determined based on the HTML element tree paths from the source

website.

Processing Public Papers There are 8,147 public papers from the original Reagan

collection. I divide them into train, validation, and test folds in a 5 : 1 : 1 split. Despite the

public papers having HTML’s element tree path segmented paragraphs, I create text units

(sentences) directly from the document, without first segmenting them into paragraphs, as

public papers were not used for contextualization in my experiments Therefore, the number

of paragraphs are not listed in Table 6.8.

Filtering and Balancing Corpora From this point onwards, I refer to any text unit

derived from the above-mentioned document types and intended for style transfer as a text.

After obtaining texts from the four document types, I filter them to retain only these that

may have style transfer importance. There are three cases to be filtered out. First, examples

that have too few (less than ten) tokens (after splitting by whitespace) are filtered out.

This includes salutations such as “Dear Dr. Smith.” Second, appreciation statements are

filtered out, but only from letters. Based on my manual screening, appreciation statements

often contain pronouns, e.g., “A letter like yours helps to make me feel I made the correct

decision.” or “I’m also most grateful for the inscription—I hope I can live up to it.” I filter

appreciation statements through the regular expression match of a lexical set of pronouns

“you,” “me,” “I,” “my,” “your,” and “yours.” Using a lexical set to filter is efficient but

aggressive. It achieves a 94.8% precision at filtering out appreciation statements, compared

to the silver standard of asking the OpenAI GPT-3.5-turbo model whether a text is an

5On Sept 21 and Oct 28 of 1980, and Oct 7 and 21 of 1984.
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appreciation statement.6 That silver standard would be costly to scale to all letter texts.

Third, the first sentence of a paragraph is not used because they do not have the context to

fit the problem formulation in Chapter 5.

Finally, I balance the paired corpora to have the same number of texts for both types, by

down-sampling based on the the amount of texts in the fewer document type. Which texts

are omitted during down-sampling is determined by processing order, based on filenames

or the letters’ sequence in the book. Doing so mitigates the risk of the trained model that

I use for automatic evaluation (see Section 6.5) having a bias in favor of one class over

another. See Table 6.8 for the number of texts before filtering or balancing, and Table 6.9

for the number of texts after filtering and balancing.

6.4 Human Evaluation

Research in text rewriting, including text style transfer, lacks a standardized evaluation

protocol [120, 172]. Researchers generally evaluate text style transfer using a mixture of

human and automatic evaluation, as seen in politeness transfer [103], and stylized utterance

generation for desirable dialog quality [145]. There are several dimensions along which to

evaluate the overall success of style transfer, and for which several measures have been de-

signed [82]: (1) Strength of the target style (“style strength”), (2) Preservation of essential

source content (“content preservation”) [173], (3) Fluency/naturalness, which refers to gen-

eral language quality. Surrounding these dimensions, I describe human evaluation in this

section and automatic evaluation in Section 6.5. As in Chapter 5, fluency is not evaluated in

6The prompt to GPT-3.5-turbo model is “You are given a text from a letter. You need to determine if
the text primarily expresses appreciation and/or validation, or if primarily expresses something else that is
neither appreciation or validation. Indicate your answer as “Yes” or “No” respectively. Example 1 - Input:
A letter like yours helps to make me feel I made the correct decision. Output: Yes Example 2 - Input: And let
me tell you, Henry made it very clear that negotiating was the only option because of that reason. Output:
No Example 3 - Input: I’m also most grateful for the inscription-I hope I can live up to it. Output: Yes Now
complete the following example - Input: {{x.input}} Output:”
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this chapter. This is a minor limitation, as large language models (LLMs) are well known

for generating natural and fluent text [25], and all proposed approaches rely on prompting

LLMs to generate texts without model fine-tuning. Between the two types of evaluation,

it is valuable to first present human evaluation that directly probes human preferences on

system outputs. That can inform automatic evaluation. By contrast, automatic evaluation

uses measures to model the problem, sometimes relying on simplified assumption and re-

vealing limited facets that may fail at diverse phenomenon of language. Human evaluation

also comes with drawbacks, however, such as its high cost and difficulty in replication.

6.4.1 Design

For text rewriting tasks, there are three principal ways in which people can provide

preferences in human evaluation [82]:

• Pointwise scoring, where a human evaluator (shortened as “evaluator”) examines an

output and decides whether the output satisfies some criterion, without comparing

with other outputs, which is straight-forward.

• Pairwise comparison, where the evaluator examines two rewrites of the same text at

once, and decides whether one rewrite is better than the other.

• Ranking, where evaluator examines more than two rewrites of the same text at once,

and ranks the outputs based on some criterion.

I collected human preferences using a mixture of point-wise scoring and pairwise com-

parison. The same evaluator from Chapter 5 (see Section 5.5 for demographic information),

after completing their work on Chapter 5, was asked to provide their preferences for a ran-

dom sample of style transfer output, at the same compensation rate. An Excel spreadsheet
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was used for this evaluation. During the training session conducted using Zoom, the evalu-

ator developed guidelines for rating rewrites on two scales from 1 to 5 (two 5-point Likert

scales). One assesses style strength, and the other assesses content preservation.

For style strength, the evaluator first reviewed some source and target texts from the

primary corpora: 40 from letter texts in the validation split, and 40 from student interviews

in the validation split. After building a sense for how styles between the two sets differ

from each other, they summarized stylistic features that distinguish between the two sets

in their own words. Then, they were instructed to translate those stylistic features into a

guideline for the assignment of style strength rating labels on an ordinal scale from 1 to

5. I provided the following instruction: “Intuitively, a rating of 5 should represent the

strongest presentation of the style, while a rating of 1 should indicate little to no presence

of the style. You are free to define the specific wording and decision boundaries based on

your discretion.” They then examined a mixture of target texts and style-transferred output

from NOEX, SUP-NATINST, and ENDGOAL on the validation split, iterating the specific

wording and decision boundaries between each rating scale, and could revise the guideline

until satisfied.7 For content preservation, they were instructed to see 45 original and style

transferred text pairs sampled from the same three systems from the validation split. They

examined whether the text pairs have the rewritten text preserving the content from the

original text. They then created a guideline for the assignment of content preservation

rating labels.

The evaluator worked on pointwise scoring first. The test split of the primary corpora,

Letters–Student Interviews, contains 82 source texts (see Table 6.9). Given five approaches

that totals nine systems (each approach has long and short variants of prompting examples,

except NOEX), I reduce the scale by randomly sampling 30 source texts by the same three

7Including the target texts during training and actual human evaluation helps validate the evaluator’s
performance, as the target texts are assumed to exhibit perfect style strength, for which the evaluator should
assign a label of 5.
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(a) Labels for the 5-point rating scale on style strength.

Point Label

5 This text sounds like the spoken word. It may have characteristics such as emotion
markers, first-person perspective, and simplified language.

4 This text is similar to a spoken style but contains minor differences (e.g., rhetorical
devices, passive voice, or complex vocabulary).

3 This text bears some resemblance to a spoken style.
2 This text does not resemble a spoken style.
1 This text resembles a written style.

(b) Labels for the 5-point rating scale on content preservation.

Point Label

5 The content is well-preserved.
4 The content was preserved but has some minor flaws (inferred meaning, omitted but

useful details, slight tonal change, or other potential inaccuracies).
3 There is additional content, and I don’t know how to judge the content accuracy.
2 The content may be impaired.
1 The content is definitely impaired, wrecked, broken, etc., e.g., its meaning changed com-

pletely.

Table 6.10: Labels for the two aspects: style strength and content preservation. Wordings are not
grammatically perfect.

systems: NOEX, SUP-NATINST (Long), and ENDGOAL (Long). The 30 source texts each

have style-transferred rewrites from three systems, resulting in 90 rewrites. In addition, I

included 30 texts from the student interviews that were unpaired with the source texts. In

total, 120 texts were rated for style strength, presented in random order.

For content preservation, the 90 source texts and their rewrites were evaluated as 90

pairs. Pairs were grouped by the 30 source texts, with the three rewrites for each source

text randomly shuffled within the group. This arrangement reduces cognitive effort in un-

derstanding the source text.

After completing pointwise scoring for 120 texts on style strength, and 90 pairs on

content preservation, the evaluator was trained for pairwise comparison. Training involved

10 pairs for style strength and 10 pairs (with their corresponding source texts) for content
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preservation, all drawn from the validation split. For each pair, the evaluator was asked:

“which text (left or right) is better based on your guideline about style strength/content

preservation. Type 0 for left and 1 for right.” Ties could be specified with a justification,

but were to be used only when necessary.

Following training, the evaluator worked on 50 pairs for style strength and 50 pairs

(with their source texts) for content preservation, sampled from the test split and were not

used for pointwise scoring. Each pair consisted of one rewrite by SUP-NATINST (Long)

and one rewrite by ENDGOAL (Long), both doing style transfer on the same source text.

The order of the pairs was then randomly shuffled.

Let a, b, t denote the counts corresponding to preference for SUP-NATINST, preference

for ENDGOAL, and no preference. A common test to examine whether humans actually

prefer one system over the other is the two-tailed sign test [49, 52, 91], where the probabil-

ity that humans prefer either one is 0.5 (equal).8 The null hypothesis is that SUP-NATINST

is no different from ENDGOAL in their style strength as perceived by human. A binominal

distribution, with the number of successes defined as x = b+0.5t and the number of trials

as n= a+b+t, was used to estimate probability under the null hypothesis. This probability

was then compared to the significance level of 0.05.

8Dras recommends Log-Linear Bradley-Terry models over the classical sign test, primarily due to the
ambiguous effect of various ways of modeling of ties [49]. In my human evaluation, ties are rare.

Table 6.11: Median and mean pointwise human ratings of different systems, each on a sample
of 30 rewrites from the test split. A set of 30 target texts from the test split was also rated as
a reference. Style strength was rated without reference to the corresponding source text, while
content preservation was rated with respect to the source text.

System Style Strength Content Preservation
Median Average Median Average

Target texts (student interviews) 5 4.63 - -

NOEX 5 4.60 3 2.90
SUP-NATINST (Long) 5 4.53 4 4.07

ENDGOAL (Long) 4 3.93 3 2.80
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6.4.2 Results

Table 6.10 lists the rating scales for style strength and content preservation, developed

by the human evaluator. I calculate the median pointwise score for each system, separately

for style strength and content preservation. For style strength, there is a reference, median

pointwise score on 30 unpaired target texts, i.e., from student interviews. The median score

is reported in line with the setup of ordinal rating scales, rather than evenly spaced numeri-

cal scales. The median is 5 on style strength for the target texts, NOEX, and SUP-NATINST,

and 4 for ENDGOAL. The median is 4 on content preservation for SUP-NATINST, and 3

for both NOEX and ENDGOAL. The median alone does not offer strong differentiation

among systems. I also report the average scores as supplementary evidence. Table 6.11

summarizes the median and the average of pointwise scoring.

Next, for pairwise comparison, and on style strength, the counts corresponding to pref-

erence for SUP-NATINST, preference for ENDGOAL, and no preference are 35, 14, and 1

respectively. Using the two-sided sign test, the p-value is 0.003,which is below the signifi-

cance level at 0.05. Hence I reject the null hypothesis, and conclude that SUP-NATINST is

better than ENDGOAL on style strength. For pairwise comparison on content preservation,

the corresponding counts are 26, 21, and 3. Using the two-sided sign test, the p-value is

0.479. Hence I cannot reject the null hypothesis, and therefore conclude that SUP-NATINST

does not differ significantly from ENDGOAL on content preservation.

6.5 Automatic Evaluation

Automatic evaluation has advantages in terms of scalability and reproducibility. A no-

table drawback is the potential bias associated with the chosen measures that model the

task. To mitigate this issue, it is advisable to diversify the measures for different dimen-
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sions, and/or use several measures for one dimension [82]. The measure choices that cor-

respond to each dimension are summarized in Table 6.12. Using these measure choices, I

respond to RQ8 regarding system performance.

6.5.1 Design

The evaluation dimension of style strength measures the extent that the output demon-

strates a target style. The target document types of student interviews, interviews with news

reporters, presidential debates, and public papers show different degree of the target style.

I approximate target strength using a binary classifier that predicts texts between letters and

one of those target types. The classifier is trained by fine-tuning a HuggingFace RoBERTa-

base model,9 using the training split of the balanced corpora corresponding to each docu-

ment pair (see Table 6.9). Prior work define an Accuracy measure for style strength using

such a classifier [76, 97, 142]. Accuracy is the percentage of texts classified as having the

target type. In this work, the automatic evaluation measure is defined as the average prob-

ability assigned to the target type across all validation or test texts, referred to as “Average

Probability” (Avg. Prob.). However, the predicted probability of the target type is not al-

ways a reliable indicator of model confidence, as the choice of training objective—such as

the cross entropy, or focal loss—can influence whether the model outputs are smooth or

sharply peaked. Therefore, I also report Accuracy in the same way as in prior work.

9RoBERTa-base was pre-trained on a large corpus of English data in a self-supervised fashion. It is
commonly intended to be fine-tuned on a downstream task. The URL is https://huggingface.co/Fac
ebookAI/roberta-base.

Table 6.12: Evaluation measures across two dimensions of style transfer quality.

Evaluation dimension Automatic measures

Style Strength Accuracy; Average Probability (Avg. Prob.)
Content Preservation MNLI
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During the early development, the initial style classifier exhibited a defect, making pre-

dictions biased to statements that contain the style cues, such as “Well, you see” and “Well,

you know.” This originates from the training data, particularly texts from interviews, using

connective words such as “and” “but”, “now,” “here,” “Well, let me tell you, young fella,”

or simply “well.” The connective words exist on sentence boundaries of the interview

scripts, because the interviews are naturally occuring dialog from a public speaker who

tends to use those style cues. None of the approaches provides explicit instructions regard-

ing connective words. However, initial results showed that SUP-NATINST’s outputs on the

validation split often contain such style cues. When a model fails to generate those words

at the beginning, the predicted probability of the target style is low regardless of other style

changes in the text. I therefore further process the training data before training the style

classifier such that three connective words/expressions that appear at the beginning of a

text are removed, including “And,” “Well” and “I think.” It remains an open question for

whether removing these connective words is appropriate, specifically, whether such words

should be considered part of the writing style. Indeed, stopwords and punctuation are im-

portant stylometric features [89], and systematically removing them may alter the stylistic

characteristics of the content. In my case, I remove these connective words because their

consistent placement at the beginning of responses appears to be a direct result of the in-

terview format, serving more as turn-taking or boundary markers than as stylistic features.

As such, they are less representative of the stylistic patterns within the content that I aim to

analyze.

The second dimension, content preservation, is based on the intuition that style transfer

should not change the content of the text. Content preservation is not a new concept: prior

work of text style transfer used different terms such as consistency, entailment, etc. [82],

where BLEU is a common measure [80, 173]. However, a high BLEU score based on ex-

act token matching remains a rough estimate about content preservation, with drawbacks
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such as not modeling semantic similarity. MNLI is the overall best performing measure

according to the text consistency evaluation benchmark QAFactEval [55]. MNLI uses a

pre-trained RoBERTa model trained from the MNLI textual entailment dataset to predict

whether a premise entails, contradicts, or is neutral to a hypothesis. For content preserva-

tion, I use MNLI to predict whether a source text (as the premise) entails, contradicts, or

is neutral to the style-transferred text (as the hypothesis) for subsequent results in this sec-

tion. A key limitation of MNLI is the mismatch between the definition of entailment and

the notion of content preservation. Content preservation refers to maintaining the original

semantics [82] and can vary in degree from high to low. By contrast, a clear entailment

relationship does not necessarily imply high content preservation. For example, the sen-

tence “Pat is a fluffy cat that loves to play” entails the sentence “Pat is a cat.” but much of

the original content is lost. In Chapter 5, I calculate MNLI in both directions and take the

average, which may be an alternative measure.

A harmonic mean between Average Probability and MNLI is calculated to show a com-

bined, balanced effect of both style strength and content preservation. The harmonic mean

weighs Average Probability and MNLI as equally important.

There are four experimental conditions, differing by the paired corpora, and ordered

with the primary corpora of Letters–Student Interviews presented first because student in-

terviews fit the concept of the target style particularly well. Conducting experiments with a

specific corpora means three things: (1) the number of texts in the validation and test split

is balanced in a manner specific to this corpora, (2) comparable prompting examples are

selected by searching using target texts as queries to find comparable source texts, and (3) a

classifier that reports on style strength is trained from a balanced number of texts from both

types in this corpora. In each table, the first two rows are reference baselines on the source

and target texts, measured on the two dimensions without doing any style transfer. The

Accuracy and Average Probability on source and target texts validates the accuracy classi-
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fier: one should be low and the other should be high. The two reference rows show MNLI

values of 1, which would indicate the perfect content preservation. In this way, the second

row represents an ideal, high baseline, of strong target style strength and perfect content

preservation. In each table, results for the system rows are averages over three using dif-

ferent one-shot examples in the prompt, repeatedly. In addition to automatic evaluation

results, I perform qualitative analysis on model outputs, and summarize insights about the

model performance.

6.5.2 Results on the Letters–Student Interviews Corpora

Letters–Student Interviews is my primary paired corpora, as student interviews model

the target style most closely. Table 6.13 presents the system performance results on this

corpora. The first two rows serve as reference baselines. The high accuracy on target texts

(97.6%) indicates that the classifier is generally reliable. The source texts, which are ex-

pected to yield low accuracy, result in 21.7% of the texts being classified as target. This

outcome suggests a limitation of using the classifier for evaluating system performance

(RQ10): the classifier may have been trained on mixed data, and the source texts them-

selves may exhibit stylistic diversity, with some texts resembling the target style. I will

further discuss this limitation in Section 6.5.7. In the context of this corpora, it implies that

certain source texts (letter sentences) are already conversational or colloquial in tone, using

language aimed at a public audience. This explanation is plausible, as the editorial notes

in the book indicate that some Reagan letters include Reagan’s responses to citizen corre-

spondence.10 For example, the classifier predicts a 0.997 probability of the target label for

the following source text: “Yes, this country is of the people, by the people, and for the

10As noted in two chapter headers: “Most of the letters that Reagan wrote did not involve responding
to critics, but some did. Reagan’s critics were a varied lot. Most were concerned citizens who wrote him
about a particular policy.” and “Reagan wrote many letters to children and young people. He replied both to
individual letters and to collections of letters he received from school children.”
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Table 6.13: Results on the Letters–Student Interviews (source–target) corpora, on the validation
split. Accuracy shows the percentage of style transferred texts classified as the target.

System Prompting Example Accuracy Avg. Prob. MNLI H-mean

All source (reference) - 21.7 0.211 1 0.348
All target (reference) - 97.6 0.974 1 0.987

NOEX - 98.8 0.984 0.410 0.578

SUP-NATINST
Long 68.3 0.677 0.782 0.726
Short 68.3 0.684 0.811 0.742

PREPAREDDESCR
Long 26.5 0.276 0.714 0.399
Short 16.1 0.170 0.771 0.279

STYLEREASONING
Long 15.7 0.167 0.682 0.268
Short 10.0 0.114 0.762 0.198

ENDGOAL
Long 24.9 0.244 0.760 0.369
Short 14.1 0.143 0.813 0.243

people and what we need today, is more by the people.” Similarly, “Well, probably we are

all responsible to the extent that we tend to be apathetic or to go our own way with our own

affairs and not look too closely at government.” (target label probability: 0.990) illustrates

how some source texts naturally exhibit features of the target style.

With the low and high baselines established upfront, the remaining rows report system

performance addressing RQ8. Figure 6.1 presents the 95% bootstrapped confidence inter-

vals for two measures (Avg. Prob. and MNLI), following the same procedure described

in Section 5.6. The Avg. Prob. plot reveals three distinct sets of systems, corresponding

to high, medium, and low regions: (1) NOEX; (2) SUP-NATINST; and (3) PREPAREDDE-

SCR, STYLEREASONING, and ENDGOAL. Comparisons between systems across these sets

yield statistically significant differences. The long and short variants of the same system

are consistently in the same set. Additional bootstrap hypothesis tests were conducted on

system pairs where necessary.11 No statistically significant differences were found within

a set. NOEX achieves the highest average probability (and transfer accuracy), with rel-

atively small variance. It is followed by SUP-NATINST (Long and Short), though both

11In Figure 6.1, for any two systems where one’s point estimate overlaps with the other’s confidence in-
terval, bootstrap hypothesis tests were conducted following the procedure described in Appendix E. Whether
the p-value falls below the 0.05 threshold determines statistical significance.
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Figure 6.1: Point estimates of Average Probability (Avg. Prob.) and MNLI scores, with boot-
strapped 95% confidence intervals on the primary corpora of Letters–Student Interviews. The green
solid line indicates the target reference, i.e., Avg. Prob. of all target texts, while the red dashed
line indicates the source reference, i.e., Avg. Prob. of all source texts. Systems are ordered as in
Section 6.2, with instructions progressing from basic to complex.

exhibit substantially larger variance in average probability compared to NOEX. The re-

maining systems achieve no more than 0.28 in average probability, performing at or below

the source reference. A strong and intuitive linear correlation is observed between transfer

accuracy and average probability. Based on the 11 paired values in Table 6.13, the Pear-

son correlation coefficient, appropriate for assessing the strength of a linear relationship, is

0.999 (significant, p-value: 6.5e-17).

MNLI reports quite opposite results. NOEX has the lowest MNLI score. ENDGOAL

(Short) has the highest MNLI score. The MNLI plot shows two sets of systems: (1) NOEX,

and (2) all other systems. Systems from different sets are significantly different; no further

statistically significant differences were found within a set.
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Original Text Style Transferred Text System Probability ∆ Prob. Issue

Probability Quintile: Low (0–20%)
Evidently we have to blame the
postal service for this one.

It appears that the responsibility
for this issue lies with the postal
service.

PREPAREDDESCR
Long

0.003
(4%)

-1e-04
(35%)

1⃝

We did it with an unprecedented
use of federal forces including the
military in cooperation with local
and state forces.

Through an unprecedented col-
laboration of federal, military, lo-
cal, and state forces, we success-
fully achieved our goal.

STYLEREASONING
Long

0.005
(19%)

-4e-03
(21%)

1⃝

Probability Quintile: Medium (40-60%)
In 1962 JFK’s budget for military
spending was 48 percent of the to-
tal budget.

In 1962, President Kennedy allo-
cated 48 percent of the total bud-
get to military spending, reflect-
ing the importance of national de-
fense in our strategic priorities.

PREPAREDDESCR
Long

0.011
(42%)

0.004 (56%) 1⃝

Inflation which was 12.4 percent
is now running at 4.5 percent.

The rate of rising prices, which
was at 12.4 percent, has now de-
creased to 4.5 percent.

ENDGOAL
Short

0.300
(60%)

0.192 (70%) 1⃝

Inflation which was 12.4 percent
is now running at 4.5 percent.

The rate of rising prices, which
was at 12.4 percent, has now de-
creased to 4.5 percent.

ENDGOAL
Short

0.300
(60%)

0.192 (70%) 1⃝

They are the result of almost 40
years of deficit spending and ex-
cessive taxation.

They are the outcome of nearly
four decades of financial deci-
sions that have led to budget
deficits and high levels of taxa-
tion.

STYLEREASONING
Long

0.011
(42%)

0.006 (59%) 1⃝

We found many well-to-do people
taking such low interest loans and
reinvesting those loans in U.S.
treasury bills for which the tax-
payers were paying an interest
rate double and even triple the in-
terest on the college loan.

It has come to our attention that
some individuals have been tak-
ing advantage of low interest
loans and reinvesting them in U.S.
treasury bills, resulting in taxpay-
ers paying double or even triple
the interest on college loans.

ENDGOAL
Short

0.037
(53%)

-0.1986
(11%)

1⃝

Probability Quintile: High (80-100%)
Again, our credibility is compro-
mised because they crossed the
border and nothing was done.

Well, let me tell you, folks, our
credibility takes a hit when those
folks cross that border and we
don’t do a darn thing about it.

SUP-NATINST
Long

0.997
(94%)

0.0286
(65%)

1⃝
2⃝

Should a leader utter such threats
if he knows he cannot respond if
his threat is ignored?

Well, let me tell you, a true leader
doesn’t go around making empty
threats. If you can’t back it up,
you shouldn’t be saying it in the
first place.

NOEX
Long

0.997
(91%)

0.989 (54%) 1⃝
2⃝

Inflation which was 12.4 percent
is now running at 4.5 percent.

I am pleased to inform you that
the inflation rate, which was pre-
viously at 12.4 percent, has now
decreased to 4.5 percent.

ENDGOAL
Long

0.996
(83%)

0.888 (78%) 1⃝

Table 6.14: Original and their style-transferred texts are shown, with probability reported for the
style-transferred texts and the corresponding ∆ probability between the two. Percentile ranks are
indicated in parentheses, and key observations are annotated with circled digits.

SUP-NATINST (Short), i.e., prompting with basic instruction and short examples achieves

the highest harmonic mean (0.742, and 75% of the target reference), while more complex

prompt designs tend to yield lower harmonic means compared to NOEX, which has no

prompting examples at all.
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Original Text Style Transferred Text System MNLI Issue

MNLI Quintile: Low (0–20%)
In 1962 JFK’s budget for military
spending was 48 percent of the to-
tal budget.

In 1962, President Kennedy allo-
cated 48 percent of the total bud-
get to military spending, reflect-
ing the importance of national de-
fense in our strategic priorities.

PREPAREDDESCR
Long

0.002 (5%) 3⃝

Should a leader utter such threats
if he knows he cannot respond if
his threat is ignored?

Well, let me tell you, a true leader
doesn’t go around making empty
threats. If you can’t back it up,
you shouldn’t be saying it in the
first place.

NOEX
Long

0.111 (17%) 3⃝

Inflation which was 12.4 percent
is now running at 4.5 percent.

I am pleased to inform you that
the inflation rate, which was pre-
viously at 12.4 percent, has now
decreased to 4.5 percent.

ENDGOAL
Long

0.108 (17%) 3⃝

MNLI Quintile: Medium (40-60%)
They are the result of almost 40
years of deficit spending and ex-
cessive taxation.

They are the outcome of nearly
four decades of financial deci-
sions that have led to budget
deficits and high levels of taxa-
tion.

STYLEREASONING
Long

0.973 (56%) 4⃝

We did it with an unprecedented
use of federal forces including the
military in cooperation with local
and state forces.

Through an unprecedented col-
laboration of federal, military, lo-
cal, and state forces, we success-
fully achieved our goal.

STYLEREASONING
Long

0.964 (52%) 4⃝

MNLI Quintile: High (80-100%)
Evidently we have to blame the
postal service for this one.

It appears that the responsibility
for this issue lies with the postal
service.

PREPAREDDESCR
Long

0.993 (86%) 4⃝

Inflation which was 12.4 percent
is now running at 4.5 percent.

The rate of rising prices, which
was at 12.4 percent, has now de-
creased to 4.5 percent.

ENDGOAL
Short

0.992 (79%) 4⃝

But that was when we were buy-
ing Haile Selassie a million-dollar
yacht, sawmills for a country that
had no trees and paving a highway
in a land where there were no au-
tomobiles.

And that was during a time when
we were purchasing a million-
dollar yacht for Haile Selassie,
building sawmills for a country
without trees, and constructing a
highway in a land without auto-
mobiles.

SUP-NATINST
Long

0.993 (82%) 4⃝

Table 6.15: Original and their style-transferred texts, with MNLI scores reported between each pair.
Percentile ranks and key observations are noted, as in Table 6.14.

6.5.3 Examples on the Letters–Student Interviews Corpora

To better understand an overall style transfer effects across different systems (RQ8) and

the validity of the chosen evaluation measures (RQ10), I inspect texts sampled from three

quintiles (0-20%, 40-60%, 80-100%) based on the sorted sequences of probability and

MNLI scores, by all systems. The three ranges are referred to as “Low,” “Medium,” and
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“High” in Tables 6.14 and 6.15, respectively. Texts are sampled judgmentally within each

quintile for balanced coverage across systems. I also aim to have the same text examined

for both probability and MNLI scores, to better illustrate their tradeoff on the same content.

Additionally, I add a column of ∆ probability to show the difference of probability scores of

the original text and style transferred text. The quintile boundaries of the probability scores

are 0.003, 0.005, 0.010, 0.272, 0.995, and 0.997, respectively. The quintile boundaries

of the MNLI scores are 0.000, 0.241, 0.888, 0.979, 0.992, and 0.995, respectively. This

inspection highlights four observations about the selected measures and the systems, as

detailed below:

1 Style classifier for Letters–Student Interviews emphasizes discourse markers:

The three texts in the High Avg. Prob. range all contain some form of discourse

marker (DM) [139], such as “Well,” or “I am pleased to inform you that.” This

observation also occurs in other style transferred texts not listed in the table. The

DMs are sometimes brief while others are clausal length12 “Well” is one example of

a DM that serves particular conversational function about the utterance quality [139,

141]. “Let me tell you” which contains the pronouns of “you” and “me” is another

DM that indicates listener and speaker participation [139]. When DMs are present,

the style classifier (trained specifically on this corpora, Letters–Student Interviews)

tends to assign a high probability score for the target style label. This is intuitive, as

those markers appear frequently in the target texts (student interviews), on which the

style classifier was trained. By contrast, the style transferred texts in the Low and

Medium quintiles contain no such DMs.

2 SUP-NATINST and NOEX generate more DMs: These two systems tend to begin

with phrases like “Well, let me tell you,” more frequently than others. This suggests

12Although later critiques consider clausal-length discourse indicators as not DMs in the strict sense [57].
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that they benefit from the basic instruction provided, which is the distinguishing part

from other systems. The part of the instruction, “speaks like something Ronald Rea-

gan would say when he is responding to a typical museum visitor,” may prompt

the models to adopt DMs that support conversational flow. As a further plausible

explanation, the LLMs may generalize the basic instruction by drawing on conversa-

tional patterns learned during pretraining on public-facing content, which may have

included parts of the same Reagan collection from the web.

3 MNLI effectively penalizes hallucinations: In at least two of the three (and prob-

ably all three) texts in the Low range of the MNLI table ( 6.15), there is additional

but ungrounded content. The first text includes the phrase “reflecting the importance

of...” which, in my view, does not obey the original text’s intended emphasis on

excessive spending by a prior administration. Similarly, in the second text, “If you

can’t back it up...” slightly diverges in meaning from the original message, which

emphasizes an inability to respond if a threat is ignored. In the third text, the added

phrase “I am pleased to inform...” is also questionable, as the original letter features

Reagan explaining his economic and other policies to a concerned citizen who be-

lieved that the economy was bleak. In this context, a frank and serious tone would

be more appropriate than the overly cheerful one used. Prior work described a phe-

nomenon known as “hallucination” [77], in which LLMs generate content that is

coherent, readable, and grammatically correct, yet not factually accurate. In these

cases, the low MNLI scores appropriately penalize hallucinations.

4 MNLI effectively reflects content preservation: In contrast to the previous point,

this observation is supported by the five texts in the medium and high ranges, where

style changes are evident while content remains largely preserved. Side-by-side in-

spection shows minimal content addition, such as replacing the more colloquial and
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personal term “spending” with “financial decision,” and “blame” with the more

formal phrase “responsibility for ... lies with...”

In summary, my inspection supports the use of MNLI scores for measuring content

preservation, while the utility of the style classifier (trained on this corpora) for style

strength (the first dimension) seems to be strongly influenced by discourse markers. With

that one caveat, on the Letters–Student Interviews corpora, I find that prompting with basic

instructions and short examples achieves the best balance between transfer style strength

and content preservation.

6.5.4 Results on the Letters–Interviews (w/ Reporters) Corpora

I repeat this analysis for the other three paired corpora and report any new insights. The

classifiers may behave differently, partly because they were trained on different corpora.

Table 6.16 shows the next corpora of Letters–Interviews with Reporters. This is the most

similar corpora to the previous one, but differs in the content of the target texts and the

quantity of balanced texts, due to the inclusion of more interviews, and a different set

of interviews, which Reagan conducted with news reporters (see Table 6.8). The source

reference achieves an accuracy of 4.6%, which is lower than that observed with Letters–

Student Interviews corpora, even though both source texts consist of letter sentences, albeit

in different quantities. As expected, the target reference achieves an accuracy of 95.2%,

consistent with the classification results from the primary corpora.

Comparing the two paired corpora, aside from the difference in quantity (462 vs. 1,768,

for the training split), the gap in source reference accuracy (21% vs. 4.6%) suggests two

possibilities: (1) a sampling difference, where the primary corpora may have a non-random

sampling bias; and (2) fitness for the direction of style transfer, as texts from interviews

with news reporters likely differ more stylistically from letters than do interviews with
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Table 6.16: Results on the Letters–Interviews (w/ reporters) corpora, on the validation split.
System Prompting Example Accuracy Avg. Prob. MNLI H-mean

All source (reference) - 4.6 0.047 1 0.091
All target (reference) - 95.2 0.951 1 0.975

NOEX - 96.5 0.962 0.416 0.581

SUP-NATINST
Long 52.9 0.531 0.808 0.641
Short 70.0 0.700 0.745 0.722

PREPAREDDESCR
Long 17.5 0.183 0.707 0.290
Short 21.2 0.213 0.655 0.321

STYLEREASONING
Long 19.2 0.197 0.653 0.302
Short 19.0 0.191 0.663 0.296

ENDGOAL
Long 13.9 0.145 0.711 0.241
Short 15.6 0.159 0.741 0.262

Figure 6.2: Point estimates of Average Probability (Avg. Prob.) and MNLI scores, with boot-
strapped 95% confidence intervals on the Letters–Interviews w/ Reporters corpora.

high school students. Regarding (1), both sets of source texts (from this corpora and the

previous corpora) were sequentially sampled from letter sentences in the order of their

appearance in the book, where letters are organized into chapters based on topics. I notice

that all original (source) texts in Table 6.14 pertain to domestic policy—a topic that, in my
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view, aligns well with the target style despite being letter sentences. This topical bias may

influence stylistic features and contribute to the higher accuracy. For (2), Reagan may use

more complex vocabulary in interviews with news reporters, making these utterances more

distinguishable from letter sentences.

The results for the systems in Table 6.16 are largely consistent with those in the previ-

ous table (6.13). For instance, SUP-NATINST remains the top performer by the harmonic

mean, reinforcing the effectiveness of prompting with basic instructions and short exam-

ples. Figure 6.2 plots the point estimates and bootstrapped confidence intervals for the

Letters-Interviews w/ Reporters corpora. There are a few new insights. SUP-NATINST

(Long) has a significantly more competitive MNLI score than other systems. Meanwhile,

it performs significantly worse than its short variant on Avg. Prob. While the differences in

Avg. Prob. and MNLI between the two variants of SUP-NATINST are not significant in the

Letters-Student Interviews corpora, they are significant for this corpora. Given this well-

controlled comparison, the observed effect can be attributed to the prompting examples

used. As described in the design of the proposed approaches (Section 6.2.1), compara-

ble examples were selected by searching using target texts as queries to find source texts.

Comparing the pos example output columns in Tables 6.4 and 6.5, the target texts from

interviews with reporters are generally more complex, especially in the long examples.

Having more complex expressions in the input may enhance content preservation, as there

is more information to convey and thus perhaps leaves less room for hallucination.

6.5.5 Results on the Letters–Presidential Debates Corpora

Table 6.17 presents results for the Letters–Presidential Debates corpora. The source

reference achieves an accuracy of 50.9%, and it has a high variance. This relatively high

reference compared to the primary corpora helps explain the observed increase in accuracy
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Table 6.17: Results on the Letters–Presidential Debates corpora, on the validation split.
System Prompting Example Accuracy Avg. Prob. MNLI H-mean

All source (reference) - 50.9 0.509 1 0.674
All target (reference) - 96.4 0.947 1 0.973

NOEX - 97.6 0.954 0.406 0.569

SUP-NATINST
Long 86.1 0.829 0.624 0.712
Short 87.9 0.845 0.666 0.745

PREPAREDDESCR
Long 70.3 0.685 0.543 0.606
Short 70.9 0.682 0.522 0.591

STYLEREASONING
Long 51.5 0.492 0.608 0.544
Short 48.5 0.471 0.588 0.523

ENDGOAL
Long 49.7 0.484 0.736 0.584
Short 49.7 0.463 0.694 0.555

across most systems compared to the previous corpora. For example, systems with complex

designs, i.e., those other than NOEX and SUP-NATINST, previously achieved no more than

27% accuracy for the primary corpora and no more than 22% for the Letters–Interviews

corpora, but now every system exceed 48% in accuracy. Manual inspection reveals that the

classifier attends to stylistic features beyond just discourse markers. For example, style-

transferred texts beginning with phrases like “We have consolidated...” “One of the more

challenging issues is...” and “This situation is of concern to us...” all receive an absolute

score above 0.9.

MNLI declines for all systems except NOEX, which continues to yield consistently low

scores. Since MNLI is not customized for this specific corpora, the observed downward

trend in MNLI scores is likely due to the use of different prompting examples rather than

characteristics of the corpora itself.

6.5.6 Results on the Letters–Public Papers Corpora

Table 6.18 presents results for the Letters–Public Papers corpora. Public papers in the

Reagan collection are transcripts of speeches delivered publicly by Reagan. The source and

target references achieve expected accuracy, 13.4% and 90.4% respectively, potentially due
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Table 6.18: Results on the Letters–Public papers corpora, on the validation split.
System Prompting Example Accuracy Avg. Prob. MNLI H-mean

All source (reference) - 13.4 0.148 1 0.258
All target (reference) - 90.4 0.905 1 0.950

NOEX - 99.8 0.997 0.412 0.583

SUP-NATINST
Long 90.5 0.900 0.538 0.674
Short 96.8 0.965 0.519 0.675

PREPAREDDESCR
Long 86.1 0.855 0.360 0.507
Short 88.9 0.887 0.414 0.565

STYLEREASONING
Long 78.1 0.783 0.495 0.606
Short 76.4 0.772 0.509 0.613

ENDGOAL
Long 69.6 0.694 0.540 0.607
Short 66.6 0.668 0.615 0.640

to the two types of texts having very distinct styles.

Among the systems, NOEX and SUP-NATINST (Short) achieve the best accuracy. In-

spection of the style transferred texts reveals that these two systems contain Discource

Markers (DMs) as stylistic enhancements. Content preservation is consistently lower than

for other paired corpora (see Section 6.2.1). This may be because no retouch was done to

the prompting examples for this corpora. For a balanced effect of style strength and content

preservation, SUP-NATINST (Short) remains the top system.

6.5.7 Style Classifier Limitations

The above experiments use different classifiers to measure transfer style strength. The

classifiers were trained with different paired corpora, and therefore whose prediction has

different interpretations. For example, the classifier for Letters–Student Interviews seems

to almost trivially predict based on the presence of discourse markers, while the classifier

for Letters–Presidential Debates seems to predict based on stylistic cues that are more com-

plex and diverse. These differences can be seen as different inductive biases arising from

the limited stylistic coverage in each of the four paired corpora.
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Figure 6.3: Average Probability and MNLI scores across systems with varying numbers of few-shot
examples on the validation split, for the Letters–Student Interviews paired corpora, along with their
bootstrapped 95% confidence intervals. For MNLI, as all values are above 0.2, the y-axis starts from
0.2 for clearer visualization.

6.5.8 Effect of the Number of Prompting Examples

To address RQ9, I investigate the impact of varying the number of prompting examples

for each system. Based on the the available set of three prompting examples per system, I

experiment with selecting N = 1, 2, 3 examples for few-shot prompting, and compute the

measure values on the validation split. For each setting, the process is repeated over all

possible combinations of selecting N out of three examples. When computing point esti-

mates and bootstrapped 95% confidence intervals, all measurement values from different

repeats are pooled together. Figure 6.3 presents the results on the primary corpora. The

plot for Accuracy is omitted as its overall pattern closely resembles that of Avg. Prob.
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For most systems, no significant differences in both average probability and MNLI

are observed across 1-shot, 2-shot, or 3-shot prompting. However, for Avg. Prob., SUP-

NATINST (both long and short variants) achieve statistically significantly higher scores

with 1-shot prompting. This observation is relevant to the discussion on classifier biases.

It is possible that 1-shot prompting directs at a smaller set of features the classifier should

attend to, whereas 2-shot prompting is less well-directed. For MNLI, both SUP-NATINST

(Short) and PREPAREDDESCR (Short) show statistically significant improvement with 2-

shot prompting compared to 1-shot. Additionally, PREPAREDDESCR (Long) further im-

proves its MNLI score when increasing from 2-shot to 3-shot prompting. It appears that

content preservation, as measured by MNLI, can sometimes benefit from a larger number

of prompting examples. Meanwhile, target style strength, at least as measured by Accuracy

or average probability, tends to score higher with fewer prompting examples.

6.5.9 Validating Automatic Measures with Human Evaluation

Section 6.4 presents human evaluation results on a subset of system outputs, while

Section 6.5 reports automatic evaluation results on the full set of system outputs. This

section repeats the validation study to understand whether automatic measures can reliably

reflect human preferences.

Given the pointwise human ratings on style strength and content preservation, and two

measures that approximate the same, it is possible to compute the correlation coefficient

for the two sets of paired scores. The correlation coefficient is the Spearman’s rank corre-

lation [148]. Spearman’s rank correlation is suitable for large datasets (N>20) and ordi-

nal variables (as human ratings are), and often used to correlate between automatic mea-

sures and human evaluation in natural language generation (NLG) and machine translation

tasks [61, 111, 132]. It assesses the presence or absence of a monotonic relationship: a
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value closer to 1 or -1 indicates a stronger positive or negative monotonic relationship be-

tween the two variables. There are 120 human ratings for style strength—30 each from

three systems’ output and target texts, see Section 6.4)—and 90 human ratings for content

preservation (30 each from three systems’ output). Corresponding classifier probabilities

(used to compute Avg. Prob.), and MNLI scores are also available in matching quantities

to those human ratings. Spearman’s rank correlation between style strength and classifier

probability is 0.209 (significant, p-value: 0.022, N=120). This is a weak correlation, which

may be explained by the earlier discussion about classifier limitations. Spearman’s rank

correlation between human content preservation ratings and MNLI is 0.494 (significant, p-

value: 7.5e-07, N=90). This is a moderate correlation, which is consistent with my earlier

inspection (Section 6.5.3).

6.6 Summary

In this chapter, I investigated style transfer from historical letters to a more conversa-

tional and public-facing style. I characterized the target style using four types of docu-

ments. I proposed approaches that prompt LLMs with style transfer instructions expressed

through general prompting schema, with and without chain-of-thought reasoning. I fur-

ther proposed to create comparable examples from the paired corpora as few-shot exam-

ples within the prompt. Experiment results show that systems that prompt LLMs with

basic instructions (SUP-NATINST) and short examples are most balanced between target

style and content preservation, achieving about 75% of an ideal high baseline. For the

best-performing system, the number of prompting examples impacts system performance:

2-shot prompting yields optimal results for content preservation, as reflected by MNLI

scores. By contrast, 1-shot prompting appears most effective for style strength, based on

Accuracy and average probability. Given the limitations of these style strength measures
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and the moderate alignment of MNLI with human preferences, I recommend developing

style transfer systems using SUP-NATINST with two short examples for few-shot prompt-

ing.
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Chapter 7: Conclusions

This dissertation envisions automated systems that engage in conversational interaction

as emulated historical figures, supported by historical document collections. This vision

is traditionally known as digital immortality. One natural setting for such a system is his-

torical museums. This dissertation aims to inform the museum studies community about

the potential to realize this vision using emerging technologies, such as retrieval technolo-

gies for conversations, and large language models capable of overcoming low-resource

language challenges. This prospective application also invites reflection on new challenges

it may introduce. This is an ongoing, iterative inquiry in which technical development and

conceptual understanding continually inform one another.

My inquiry begins with foundational conversational search techniques that enable ac-

cess to any document collection, including the historical document collection defined in

this dissertation. I develop a multi-stage pipeline—comprising query rewriting, passage re-

trieval, and re-ranking—evaluated using the TREC Conversational Assistance Track 2021

test collection (Chapter 3). Automatic query rewriting addresses the common challenge of

interpreting user utterances in context for conversational search [41]. To evaluate its im-

pact, I compare retrieval effectiveness with and without rewriting using nDCG@3, which

emphasizes top-ranked results suitable for voice assistant delivery. I similarly evaluate

three additional features of the retrieval pipeline. Results show statistically significant im-

provements, primarily at lower-ranked positions, though this may be influenced by pooling

bias in the TREC CAsT test collection. This chapter offers practical insights into design-
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ing effective multi-stage retrieval systems, detailing the configurations that shape retrieval

performance and, ultimately, the quality of conversational information access.

I then shift from the general TREC CAsT test collection to a custom historical document

collection based on the archival resources of Ronald Reagan. I build a prototype system

supporting single-turn, retrieval-based interaction, and conduct a need-finding study with

four experts in libraries, archives, and museums (LAM). After a think-aloud session issu-

ing queries and reviewing retrieved results, participants affirmed the prototype’s value in

returning useful content. In the semi-structured contextual interviews, they offered insights

into the envisioned system’s potential in historical museums. Iterative coding of interview

transcripts surfaced three design implications: (1) the need to create immersive experiences,

such as being multi-sensory elements, or temporal-spatial continuity to contextualize his-

tory, (2) raising awareness of archival limitations, including strategic challenges related

to digitization resources, and engaging curious, one-time museum visitors in long-term,

in-depth inquiry, highlighting the opportunity for curators and system designers to foster

synergy between archival content and public audiences.

The insights expose a gap between the current retrieval-based prototype and future im-

mersive systems, such as those enabling “in-the-moment” experience with historical fig-

ures. A major step towards bridging this gap is rewriting retrieved historical content. I

propose two sequential rewriting tasks: (1) contextualization, which augments unfamiliar

or unclear mentions in the retrieved content (referred to as uncontextualized mentions) with

elaboration texts, (2) style transfer, which adapts the retrieved content to reflect the speech

style of a historical figure conversing with general museum visitors.

For contextualization, I collect human annotations on Reagan’s letter sentences, chosen

for their brevity and insider tone. The data helps to examine inter-annotator agreement. Re-

sults show that while human-identified mentions often overlap, differences exist, requiring

fuzzy matching to make the most of the annotations. Human-generated elaborations also
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vary in length and interpretive depth. I then develop six LLM-based approaches that per-

form one to several passes of few-shot prompting, with each pass dedicated to either identi-

fying mentions, or generating elaboration texts. A comprehensive evaluation methodology

assesses how well systems can perform contextualization? It involves human evaluation di-

rectly to system outputs, and automatic evaluation comparing against human annotations,

accompanied with qualitative manual inspection on those outputs. Results show that most

proposed approaches, except one baseline, successfully identify helpful mentions and gen-

erate high-quality elaborations.

For style transfer, I adopt a data-driven definition of source and target styles [82] using

four non-parallel corpora from the Reagan collection. Letter sentences serve as the source

style, and public verbal materials (e.g., interviews, presidential debates, speeches) repre-

sent the target style. I propose LLM-based prompting systems built on a general schema

called SUP-NATINST, and using few-shot, comparable examples—sentence pairs on sim-

ilar or the same topics across source and target texts. To evaluate how well can systems

perform style transfer?, there are two standard dimensions: target style strength (measured

via a trained classifier as Avg. Prob.), and content preservation (using the MNLI entail-

ment score). Across all corpora, prompting without chain-of-thought reasoning and with

short comparable examples yields the highest harmonic mean between the two measures.

Meanwhile, to interpret this result as system performance, I conduct correlation analysis

and manual inspection to understand how they approximate real-world user preferences.

MNLI aligns moderately well with human judgments of content preservation. However,

style strength measures (e.g., Avg. Prob. and Accuracy) correlate weakly with human rat-

ings, likely due to overreliance on discourse markers rather than broader stylistic features.

This limitation stems in part from adopting a data-driven definition of style, where stylistic

diversity may be underrepresented or unevenly modeled.

While this dissertation makes promising contributions (see Section 7.1), it also faces
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certain limitations (Section 7.2) and highlights directions for future research (Section 7.3).

7.1 Contributions

The contributions of this dissertation fall into three categories: system (S), methodol-

ogy (P), and research (R). The proposed envisioned system was implemented in modular

components, including a general-purpose conversational search pipeline, a retrieval-based

prototype over the domain-specific Reagan collection, and two LLM-based systems that

use few-shot prompting to perform contextualization and style transfer, respectively. I ad-

dressed ten research questions through the design, implementation, and analysis of the en-

visioned system, each of which constitutes a research contribution. Technical development

and conceptual understanding are bridged through a diverse set of research methodologies:

the procedure for creating a historical document collection enables the transition from gen-

eral to domain-specific conversational search; the human annotation protocol allows human

annotators to effectively demonstrate human performance to the contextualization task; and

a multi-faceted evaluation framework supports analysis of whether each system component

fulfills its intended function.

7.1.1 System Contributions

• S1: Development of a multi-stage, general-purpose conversational search pipeline

incorporating query rewriting, passage retrieval, and re-ranking, along with empirical

evaluation of its specifications and their impact on retrieval effectiveness. (Chapter 3,

Section 3.2.1)

• S2: Development of a single-turn, retrieval-based prototype of the envisioned sys-

tem, integrating passage retrieval, re-ranking, and sentence extraction over the Rea-

gan historical document collection. This prototype served as a boundary object for a
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need-finding study with museum experts. (Chapter 4, Section 4.2)

• S3: Development of LLM-based approaches for contextualization using few-shot

prompting, with separate passes for identifying mentions and generating elaboration

texts, to perform contextualization. (Chapter 5, Section 5.2)

• S4: Development of LLM-based prompting approaches for style transfer using com-

parable examples with topical overlap for few-shot prompting. (Chapter 6, Sec-

tion 6.2)

7.1.2 Methodology Contributions

• M1: A procedure to scrape, segment, and index a historical document collection fo-

cused on Ronald Reagan, consisting of diverse document types including interview

transcripts, letters, diaries, public papers, and presidential debate transcripts. (Chap-

ter 3, Section 4.1, and Chapter 6, Section 6.3)

• M2: Development of a human annotation protocol for contextualization, including an

AMT-based tool and a fuzzy matching strategy to address inter-annotator variability.

(Chapter 5, Section 5.5)

• M3: A multi-faceted evaluation framework for contextualization, combining human

evaluation, automatic evaluation against human annotations, and manual inspection.

(Chapter 5.6)

7.1.3 Research Contributions

• R1: Validating the effectiveness of query rewriting at improving retrieval. (Chapter 3,

Section 3.3.2)
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• R2: Validating the effectiveness of retrieval techniques, including augmenting with

document-level evidence and combining dense and sparse retrieval through sharding

at improving retrieval. (Chapter 3, Section 3.3.2)

• R3: Validating the utility of the envisioned system, at a retrieval-based prototype

form, including presentation of authentic, primary source information. (Chapter 4,

Section 4.3.5)

• R4: Identifying three key design implications for deploying the envisioned system in

historical museum settings, based on expert interviews: designing immersive expe-

riences, considering archival assurance, and supporting visitor engagement for long-

term scholarly inquiry. (Chapter 4, Section 4.3.6)

• R5: Analysis of human performance on contextualization. Found that human-identified

mentions can overlap but vary slightly, and their elaboration texts vary in briefness

and interpretiveness. (Chapter 5, Section 5.5)

• R6: Analysis of system performance on contextualization. Found that most system-

identified mentions add value to the original content, and most system-written elab-

oration texts (except that by one baseline) are correct and high quality. (Chapter 5,

Section 5.4, and 5.6)

• R7: Meta-valuation of LLM-generated annotations as substitute for human annota-

tions in evaluation. Found that they may be potentially useful as a basis for recog-

nizing promising systems. (Chapter 5, Section 5.7)

• R8: Analysis of system performance on style transfer. Found that prompts excluding

chain-of-thought reasoning and including short, comparable examples produced the

strongest overall performance. (Chapter 6, Section 6.5)
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• R9: Analysis of the effect of the number of prompting examples on style transfer

effectiveness. Results show that 2-shot prompting achieves the best content preser-

vation, while 1-shot prompting yields the best target style strength. (Chapter 6, Sec-

tion 6.5.8)

• R10: Discussion of the strengths and limitations of automatic measures by com-

paring them with human judgments and conducting manual inspection. While the

content preservation metric correlates reasonably well with human preferences, style

strength measures exhibit weaker alignment. (Chapter 6, Section 6.5)

7.2 Limitations

I would like to highlight the following limitations on language resources, to readers

interpreting the results reported in this dissertation.

7.2.1 Other Historical Document Collections

While the Reagan collection (Section 4.1) provides a readily available language re-

source to populate the prototype and enables experiments on contextualization and style

transfer, the envisioned system is not intended to be limited to emulating Ronald Reagan

or any specific historical figure. Extending this dissertation to other historical collections

would be valuable for evaluating its generalizability. Appendix C enumerates a list of al-

ternative historical document collections of historical figures, including scientists Albert

Einstein, Richard Feynman, Ada Lovelace, Grace Hopper, and other professions. The set

of available collections will continue to grow. In general, the choice will depend on a

digitized collection, ideally in English, and with copyright permission.
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7.2.2 Systematic User Study

At the current stage of system development, no real user interaction has been incorpo-

rated due to the lack of a fully integrated end-to-end system. The completed need-finding

study involved participants prompting the prototype with spontaneous single-turn utter-

ances, which were typically simple and general questions. For example, “What was the

inaugural like?” It may be beneficial to conduct a larger-scale user study involving real

users interacting with certain components or the full end-to-end system.

7.2.3 Text Rewriting for Longer Texts

For the contextualization and style transfer tasks, I process the Reagan collection to

perform rewriting on sentences. A sentence-length unit can be intuitive: (1) users of con-

versational interaction may have limited attention to listen to texts beyond certain length;

(2) Sentences come with its original context, such as preceding text in the paragraph for

contextualization. However, current findings on how effectively systems can contextualize

or perform style transfer is limited to sentences. If inputs are longer texts, the proposed

approaches can be applied, although their performance may be different.

7.3 Future Work

Future research could advance this dissertation by addressing systematic ethical issues,

constructing a retrieval test collection, and building an end-to-end system with dialogue

management capabilities.
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Figure 7.1: One example interview between Reagan and reporters. The question by the reporter is
complex and can be simplified as a user utterance in the retrieval test collection.

7.3.1 Systematic Ethical Investigations

The complex issues of authenticity, consent, legislation, and the emotional impact of

AI-powered virtual immortality have long been recognized by scholars [136] and are in-

creasingly acknowledged by users as well [60]. In Chapter 4, the need-finding study high-

lights potential risks associated with representing the deceased to museum visitors, such

as the uncanny valley effect, which may cause user discomfort. Savin-Baden et al. identi-

fied various concerns, including ethical practices related to the hosting environment (often

a third-party service provider), preservation of personal repositories (referred to here as

personal historical collections), legislative ambiguity regarding posthumous digital pres-

ence, and distinctions between casual, formal, or entrepreneurial forms of digital immor-

tality [138]. It is therefore important to systematically investigate ethical concerns arising

from systems that posthumously represent historical figures. A valuable direction for future

work would be to conduct a structured interview study with ethicists, examining the system

both at the component level and as an integrated end-to-end system.
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(Input) Realistic interview questions

(Ouput) Rewritten questions

Figure 7.2: Annotation interface for collecting user utterances.

7.3.2 Constructing a Test Collection for Retrieval

User utterances and relevance judgments centered on the the current Reagan collection

or alternative historical document collections are necessary to evaluate the performance of

a retrieval component in a conversational search setting. Moreover, a sufficient quantity

of such data is valuable to develop a retrieval component within the framework. There

are two issues to consider when constructing such a collection. One is to construct single-

turn user utterances that users might actually use with a historical figure that express some

information need. The second is to collect relevance judgments to those utterances on the

collection.

For the first issue, some utterances can be adapted from interview questions from the

transcripts, primarily those raised by students, but possibly those raised by reporters. The
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original interview questions are contextual and specific. To be representative of questions

a museum visitor might ask, they would need to be made more general. Taking the inter-

view example in Figure 7.1, the original question in the blue box is a descriptive one on

South African Apartheid Policy, asked by a radio journalist. This question could be made

more general as “How do you react to actions taken in South Africa toward freedom for the

black majority?” Questions that were asked regarding other presidential administrations

may be suitable, such as The Nixon Interviews between President Nixon and journalist

David Frost [113], and the Exit Interview Project from the Jimmy Carter Presidential Li-

brary [81]. Questions asked to other historical figures that are general may be suitable

too. For example, prior work constructed a list of interview questions to Astronaut Alfred

Worden [170] or Holocaust survivors [159]. Past queries from web search logs about a his-

torical figure may reflect underlying information needs that search engine users have and

can potentially be rewritten as user utterances, not necessarily in a question format. Local

experts in history could be recruited to write or validate the user utterances. Figure 7.2

illustrates a potential interface to obtain user utterances from above language resources.

Relevance judgments are binary or graded labels that indicate whether a document (or

passage) being retrieved is relevant to a query (in my context, a user utterance). These

labels are used in retrieval evaluation to examine the effectiveness of a retrieval system.

One common method for collecting them is through pooling techniques, as described in

the TREC CAsT 2020 overview [42].

7.3.3 End-to-end System with Dialog Management

With components for retrieval, contextualization, and style transfer developed to inter-

act with user utterances in a pipelined design, the next step would be to integrate these

components into an end-to-end system. For example, rather than applying the style transfer
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component directly to original texts, it would operate on texts that have already been re-

trieved and contextualized, producing output that reflects the cascading effect of earlier two

components. The cascading effect brings two questions. First, will contextualization out-

put negatively affect the current style transfer process? For the first question, future work

can conduct style transfer evaluation against non-contextualized input and contextualized

input. Second, could style transfer negate the effect of contextualization—for example, by

removing references that are precisely the ones being contextualized? Most text style trans-

fer (TST) work assumes that style and content in a text are separable [82]. Nevertheless,

future work could evaluate the impact of style transfer on contextualization by comparing

outputs with and without post-hoc style transfer.

Additionally, dialogue management can be incorporated to generate well-situated re-

sponses based on the outputs of retrieval and rewriting. At this stage, multiple valid re-

sponses may be available from earlier components. A straightforward strategy is to select

the highest-ranked response based on retrieval scores (the “pick-one” strategy). Alterna-

tively, the system could summarize multiple responses (the “summarize” strategy), allow-

ing users to ask clarifying questions or explore specific aspects through further interaction—

ultimately guiding them toward a more deeply engaged conversation. Another possibility

for dialog management is to incorporate mediation strategies to improve user experience—

for example, experimenting with an antagonistic conversational agent emulating a mu-

seum visitor. Preliminary work on the benefits of introducing antagonism in AI suggests a

promising direction, in which the envisioned system might shift from being merely syco-

phantic to to adopting a more corrective stance [30].
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7.3.4 Utilizing Multimodal Content

The envisioned system focuses on textual material as input, and generates textual out-

puts that can be spoken by a virtual representation of a historical figure. However, historical

document collections may be enriched with multimodal content such as images, audio, and

video. At the basic level, close-up footage of Ronald Reagan speaking—though constitut-

ing only a small portion of the overall Reagan collection—can support video synthesis (as

discussed in Chapter 1) by enabling the construction of lifelike virtual agents capable of

realistic gestures and facial expressions. Additional multimodal content, including news

photographs from the same time period and audiovisual recordings of relevant events, can

serve as grounding context for interactive conversations. While the proposed system fo-

cuses on unimodal text-based retrieval and rewriting, recent work in multimodal retrieval-

augmented generation (RAG) explores how to integrate diverse modalities, such as texts,

images, audios, and videos, to enhance the quality and contextual richness of generated out-

puts [2]. From a learning perspective, both textual and non-textual modalities contribute to

meaning-making processes [116]. An exciting opportunity lies in developing multimodal

conversational interfaces in which a virtual historical figure dynamically presents visual or

auditory content, such as showing a photo or playing a clip, to deepen engagement, much

like a human presenter. Furthermore, multimodal augmented reality (AR) applications may

construct immersive environments, such as virtual dioramas of a newsroom or a conference,

enabling visitors to feel embedded within historical scenes and potentially fostering deeper

engagement with cultural heritage content [70].
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7.4 Final Thoughts

For conversational interaction with emulated figures supported by historical document

collection, a system that retrieves, contextualizes, and does style transfer can be valuable

from a museum studies perspectives, and the realization of this idea with prevailing retrieval

techniques and revolutionary Large Language Models (LLMs) is promising as verified from

independent investigation to each. This dissertation is a work with interdisciplinary signif-

icance. Situated at the intersection of cultural heritage data and the computational model-

ing of an emulated conversational agent, it may be seen as a two-way street—the former

motivates the development of techniques that are effective for novel tasks, and the latter

highlights the potential of cross-disciplinary approaches to foster meaningful engagement

and innovative uses of cultural heritage data.
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Appendix A: IRB Approval Letter for Chapter 4

184



185



Appendix B: IRB Determination (Not HSR) for Chapter 5 and 6
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Appendix C: Alternative Historical Document Collections

Figure C.1: Analysis of alternative historical document collections.
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Appendix D: Instructions to Annotators on Contextualization

Figure D.1 shows a screenshot of the instructions provided to annotators for the con-

textualization task.
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Figure D.1: Annotator instructions for contextualization on Amazon Mechanical Turk.
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Appendix E: Procedure of a Bootstrap Hypothesis Test

A bootstrap hypothesis test determines statistical significance on whether two statistical

measure values, such as the F1 scores or the BLEU-4 scores from two different systems (as

seen in Chapter 5.6), differ from each other. It does so by resampling the observed data

with replacement to generate an empirical distribution of their difference and calculating

the two-sided p-value under the null hypothesis. The null hypothesis states that the measure

value of interest, calculated from two systems, come from the same distribution. 1 The

alternative hypothesis is two-sided, stating that the F-score calculated from one system

differs from that of the other system. Note that if two systems yield the same measure

value in the original sample (i.e., no observed difference), the null hypothesis cannot be

rejected under any circumstances. In such cases, a bootstrap hypothesis test will always

produce a p-value of 1.

Take the measure value as F-score as an example, the procedure is as follows:

1. Combine the original two samples to create universal sample (under the null hypoth-

esis).

2. Repeat N(=50,000) times

(a) Draw a sample of the same amount, with replacement, to create Sample 1 and

compute its F-score, denoted as F1.

1Procedures based on lecture slides from the University of Washington, Summer 2020, CSE 312: Foun-
dations of Computing II for one-sided alternative hypothesis, and Stanford University Winter 2021, CS109:
Probability for Computer Scientists for two-sided alternative hypothesis.
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(b) Draw another sample of the same amount, with replacement, to create Sample

2 and compute its F-score, denoted as F2.

(c) Calculate the difference between two F-scores: F1 −F2.

3. Calculate the p-value as the proportion of absolute differences in F1 −F2 that are at

least as extreme as the observed absolute difference in F-scores from the original two

samples.
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Appendix F: Supplementary Experiments on Contextualization for Men-

tion Identification

This Appendix provides supplementary experiment results on identifying mentions

from Chapter 5. To expand on the identifying mentions, Table F.1 provides a separate

view within the overall mention identification results, on the validation split. Based on

the earlier design (Section 5.6), the table divides into two groups: External and Context,

based solely on the human decisions on whether a mention is best explained from external

resources or the context (“relaxed count”). A mention considered by human as External

is a true positive (TP) as long as a system extracts it; otherwise it is a false negative (FN)

if a system does not extract it. There is no FP per category reported in this table, because

there is no human decisions on a mention that human does not extract; hence no Preci-

sion reported. A1I annotations consider that the Joint (GPT) system has the top rank in

Recall for mentions that human think best explained by external sources, while the Joint

(Sonnet) system has the top rank in Recall for mentions best explained by context. A1J

annotations place both Joint (GPT) and Joint (Haiku) as the top rank in Recall for mentions

by external sources, and place the Joint (GPT) as the top rank in Recall for mentions by

context. Focusing on the Recall values highlights the task’s difficulty for LLMs: in this

task, when a human annotation extracts a mention, the best-performing LLM has a 77.5-

91.0% chance of extracting it. If a Joint system is used to mimic human annotation, they

can extract both External and Context types as human do, with a recall of 50-81%. The
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Table F.1: Results on mention identification with human annotations (relaxed count) on the valida-
tion split, through a separate view on the component values (i.e., sub-measures) of the overall F1.
There are two groups, External and Context, based on human annotations. The counts are relaxed
counts in that they do not divide by the LLM’s’ attribution of mention types.

Model
Family Approach External Context

TP FN Recall TP FN Recall

Human (reference) 497/459 110/260 0.819/0.638 145/183 49/140 0.747/0.567

Claude 3 Joint (Sonnet) 307/322 300/397 0.506/0.448 132/157 62/166 0.680/0.486
Joint (Haiku) 380/411 227/307 0.626/0.572 86/135 108/188 0.443/0.418

OpenAI

Joint (GPT) 385/409 221/306 0.635/0.572 112/160 82/163 0.577/0.495
NER 209/223 398/496 0.344/0.310 43/73 151/250 0.222/0.226

Coreference 60/79 547/640 0.099/0.110 119/112 75/211 0.613/0.347
Sequential 202/227 405/492 0.333/0.316 128/137 66/186 0.660/0.424

Coreference system has a low Recall (0.099/0.110) for mentions best explained by external

sources, while the NER system has a low Recall (0.222/0.226) for mentions best explained

by the context. Both cases are presumably tied to the design goal of tackling one specific

mention type over the other. Additionally, the Sequential system has competitive Recall

(Context) according to A1J, occupying the third rank and the value is 85.7% of that of the

top rank. The Kendall’s tau of the two rankings by two annotators on the five LLMs: 0.828

(p-value: 0.022) for recall of external mentions, and 0.467 (p-value: 0.272) for recall of

coreference mentions. Only the External mentions show a strong correlation in rankings

by either version of annotations.

Table F.2: Results on mention identification with human annotations (relaxed count) as Table F.1,
but on the test split.

Model
Family Approach External Context

TP FN Recall TP FN Recall

Human (reference) 203/190 75/388 0.730/0.329 161/174 71/93 0.694/0.652

Claude 3 Joint (Sonnet) 201/244 77/334 0.723/0.422 125/141 107/126 0.539/0.528
Joint (Haiku) 228/304 50/274 0.820/0.526 71/102 161/165 0.306/0.382

OpenAI

Joint (GPT) 228/286 50/292 0.820/0.495 107/137 125/130 0.461/0.513
NER 193/178 85/400 0.694/0.308 38/66 194/201 0.164/0.247

Coreference 46/56 232/522 0.165/0.097 119/124 113/143 0.513/0.464
Sequential 193/175 85/403 0.694/0.303 131/150 101/117 0.565/0.562
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Table F.3: Cohen’s κ between LLMs and human annotations for all validation split examples, on
classifying External or Context mentions. The two columns correspond to two annotator versions.
N is the total number of human-annotated mentions, followed by that of External and Context
mentions, separated by a slash.

LLM version Annotator #1 A1J (N=801, 607/194) Annotator #2 A1I (N=1,042, 719/323)

Claude 3.5 - Sonnet 0.588 0.417
Claude 3.5 - Haiku 0.519 0.343

GPT-4o 0.539 0.389
GPT-4o-mini 0.619 0.424

GPT-3.5-turbo 0.577 0.374

During the experiments, I also allowed the systems to attribute their extracted men-

tions into two categories, which provides information to report separate counts based on

both human labels and the attributions of types by proposed approaches. Like what human

annotators work in the interface Figure 5.3, each of the LLM-based approaches provides

class labels on each mention annotated by human as either Context, i.e., a mention that

is explainable with context, or External, i.e., a mention that is explainable with external

knowledge. Different LLMs annotate the same number of mentions as the human annota-

tions. Since the classification prompt is independently executed on the LLM, separate from

the prompts used for contextualization, the classification accuracy reflects the performance

of the underlying LLM models. In addition to the Claude 3.5 Sonnet and Haiku versions, I

also experiment with two additional LLMs: GPT-4o-mini (a smaller model) and GPT-3.5-

turbo (an earlier release). Table F.3 reports the LLM’s classification agreement with human

annotation using Cohen’s Kappa. The results validate that LLM-based approaches have a

good to substantial agreement with A1J annotations on classification, and an average good

agreement with A1I annotations on classification. The gap between the current agreement

and a perfect agreement suggests the influence of two factors: random or systematic human

errors and LLM’s classification accuracy.

Table F.4 and F.6) both report on the validation split with the separate view of External
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Table F.4: Results on mention identification with human annotations (strict count), on the validation
split. This table reports on External mentions as annotated by human annotators. An LLM needs
to attribution the types consistently with human annotations to be counted as a TP. A mention is a
Positive of the External type when LLM extracts this mention and attributes its type as External,
otherwise Negative.

Model
Family System

External
TP FP FN Precision Recall F1 F2

Human (reference) 434/434 285/173 173/285 0.604/0.715 0.715/0.604 0.655/0.655 0.690/0.623

Claude 3 Joint (Sonnet) 246/245 128/127 361/474 0.658/0.659 0.405/0.341 0.502/0.449 0.439/0.377
Joint (Haiku) 322/337 226/210 285/381 0.588/0.616 0.530/0.469 0.558/0.533 0.541/0.493

OpenAI

Joint (GPT) 266/267 138/134 340/448 0.658/0.666 0.439/0.373 0.527/0.478 0.470/0.409
NER 176/186 170/160 431/533 0.509/0.538 0.290/0.259 0.369/0.349 0.317/0.289

Coreference 18/20 15/13 589/699 0.545/0.606 0.030/0.028 0.056/0.053 0.037/0.034
Sequential 143/149 282/272 464/570 0.336/0.354 0.236/0.207 0.277/0.261 0.251/0.226

and Context respectively, but have a strict definition for true positives (TP). It requires con-

sistency between LLM and human attribution of mention types (“strict count”), which give

a closeup explanation on mention identification. This definition of Positive is consistent

with NER evaluation [175] that considers NER types. Microsoft Azure AI service 1 [175]

also has a similar definition for their NER tasks, where a TP (true positive) mention is a

mention extracted and correctly predicted for its type. In Table F.4, the Joint (Haiku) sys-

tem has the top rank for F1 and F2 for External mentions. In Table F.6), the Joint (Sonnet)

system has the top rank for F1 and F2 for Context mentions by A1J annotations, while Joint

(GPT) has the top rank by A1I annotations. The top system all stand out with the most

1According to the Azure AI documentation.

Table F.5: Results on mention identification for External mentions (strict count), on the test split.
Model
Family Approach External

TP FP FN Precision Recall F1 F2

Human (reference) 170/170 408/108 108/408 0.294/0.612 0.612/0.294 0.397/0.397 0.503/0.328

Claude 3 Joint (Sonnet) 159/192 116/84 119/386 0.578/0.696 0.572/0.332 0.575/0.450 0.573/0.371
Joint (Haiku) 188/241 243/190 90/337 0.436/0.559 0.676/0.417 0.530/0.478 0.609/0.439

OpenAI

Joint (GPT) 170/191 127/106 108/387 0.572/0.643 0.612/0.330 0.591/0.437 0.603/0.366
NER 166/143 120/143 112/435 0.580/0.500 0.597/0.247 0.589/0.331 0.594/0.275

Coreference 17/17 9/9 261/561 0.654/0.654 0.061/0.029 0.112/0.056 0.075/0.036
Sequential 156/119 232/264 122/459 0.402/0.311 0.561/0.206 0.468/0.248 0.520/0.221
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Table F.6: Results on mention identification with human annotations (strict count), on the validation
split. This table reports on Coreference mentions as annotated by human annotators. It has the
same setup as Table F.4 except it is about Coreference.

Model
Family System Context

TP FP FN Precision Recall F1 F2

Human (reference) 120/120 203/74 74/203 0.372/0.619 0.619/0.372 0.464/0.464 0.546/0.404

Claude 3 Joint (Sonnet) 128/116 263/275 66/207 0.327/0.297 0.660/0.359 0.438/0.325 0.548/0.345
Joint (Haiku) 79/85 279/273 115/238 0.221/0.237 0.407/0.263 0.286/0.250 0.348/0.258

OpenAI

Joint (GPT) 110/124 318/304 84/199 0.257/0.290 0.567/0.384 0.354/0.330 0.457/0.360
NER 41/43 124/122 153/280 0.248/0.261 0.211/0.133 0.228/0.176 0.218/0.148

Coreference 119/110 336/345 75/213 0.262/0.242 0.613/0.341 0.367/0.283 0.483/0.315
Sequential 126/115 503/514 68/208 0.200/0.183 0.649/0.356 0.306/0.242 0.448/0.299

competitive Recall to their respective annotations, even when they do not achieve the high-

est Precision. The Kendall’s tau between rankings by two annotators are: 1.000 (p-value:

0.003) for F1 score on external mentions, 1.000 (p-value: 0.003) for F2 score on external

mentions, 0.600 (p-value: 0.136) for F1 score on context mentions, and 0.733 (p-value:

0.056) for F2 score on context mentions.

There is “mass movement” of identified mentions between the relaxed count and the

strict count. Nevertheless, the two conditions differ only by definition. A sanity check

verifies that the number of human-annotated External mentions—calculated as the sum

of TP and FN in the External column of the relaxed count Table F.1 (total: 607/719)—

matches the corresponding TP and FN sum in the External column of the strict Table F.4.

Additionally, the number of all mentions extracted by a particular LLM—calculated as the

Table F.7: Results on mention identification for Context mentions (strict count), on the test split.
Model
Family System Context

TP FP FN Precision Recall F1 F2

Human (reference) 140/141 127/91 92/126 0.524/0.608 0.603/0.528 0.561/0.565 0.586/0.542

Claude 3 Joint (Sonnet) 120/122 285/283 112/145 0.296/0.301 0.517/0.457 0.377/0.363 0.450/0.414
Joint (Haiku) 58/76 322/303 174/191 0.153/0.201 0.250/0.285 0.190/0.235 0.222/0.263

OpenAI

Joint (GPT) 104/122 326/308 128/145 0.242/0.284 0.448/0.457 0.314/0.350 0.383/0.407
NER 33/46 133/120 199/221 0.199/0.277 0.142/0.172 0.166/0.212 0.151/0.186

Coreference 119/121 353/351 113/146 0.252/0.256 0.513/0.453 0.338/0.327 0.425/0.393
Sequential 125/131 539/529 107/136 0.188/0.198 0.539/0.491 0.279/0.283 0.393/0.379
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sum the sum of TP and FP in the overall Table 5.11—matches the sum of TP (External), TP

(Context) and FP (External, Context) in the strict Tables F.4 and F.6. Finally, the TP count

from Overall class can be larger or equal to the sum of TP count of External and TP count

of Context in the strict tables. The former is larger when a system extracts a mention but

attributes it to a different class than the human label, which will result in a TP in the relaxed

count table, but also one FN and one FP in the respective strict table. Under the External

grouping, take A1J annotations for example, the six systems each have 61 (out of 307,

19.9%), 58 (out of 380, 15.3%), 119 (out of 385, 30.9%), 33 (out of 209, 15.8%), 42 (out

of 60, 70%), and 59 (out of 202, 29.2%) mentions extracted but incorrectly attributed to the

Context type by the system. Under the Context grouping and take A1J annotations, the six

systems each have 4 (out of 132, 3.03%), 7 (out of 86, 8.14%), 2 (out of 112, 1.79%), 2 (out

of 43, 4.65%), 0, and 2 (out of 128, 1.56%) mentions extracted but incorrectly attributed to

the External type by the system. This highlights a difference in mis-classification patterns

by LLM: a human-annotated context mention is less likely to be misclassified by LLM as

External, whereas a human-annotated external mention is more likely to be misclassified

by LLM as Context. Among the systems, the Coreference method not only extracts very

few External mentions but when it does, it tends to classify them as Context mentions.

By looking at the two conditions on separate counts and single-value measures, the

advantage of the three Joint systems are still clear. Among the three other systems, their

rankings are topped by the NER system for external mentions, and topped by the Sequential

system for Context mentions in the relaxed sense, or topped by the Coreference system for

Context mentions in the strict sense. One explanation is that the Sequential system captures

more ambiguous mentions (e.g., those that could qualify as both External and Context, or

neither) as Context alongside mentions that have certainty (with a high Recall), whereas

the Coreference system for Context mentions focuses on extracting mentions that have

certainty (with a high Precision).
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Appendix G: Supplementary Experiments on Contextualization using LLM-

generated Annotations

This appendix presents supplementary results from an automatic evaluation of elabora-

tion quality on the test split, using LLM-generated annotations.

Table G.1: Results on elaboration quality using LLM-generated annotations by Joint (Sonnet) on
the test split.

System TP All Relevant (TP + FN) N=679
N BLEU-4 MNLI BLEU-4 MNLI

Joint (GPT) 463 0.173 0.503 0.118 0.343
NER 252 0.024 0.197 0.009 0.073

Coreference 297 0.200 0.589 0.087 0.257
Sequential 436 0.139 0.476 0.090 0.306

Table G.2: Results on elaboration quality using LLM-generated annotations by Joint (Haiku) on the
test split.

System TP All Relevant (TP + FN) N=810
N BLEU-4 MNLI BLEU-4 MNLI

Joint (GPT) 488 0.095 0.451 0.057 0.272
NER 333 0.025 0.235 0.010 0.096

Coreference 231 0.085 0.548 0.024 0.156
Sequential 436 0.060 0.411 0.032 0.221
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Petra Galuščáková. Hc3: A suite of test collections for clir evaluation over informal
text. In Proceedings of the 46th International ACM SIGIR Conference on Research
and Development in Information Retrieval, pages 2880–2889, 2023.

[93] Anton Leuski, Jarrell Pair, David Traum, Peter J McNerney, Panayiotis Georgiou,
and Ronakkumar Patel. How to Talk to a Hologram. In Proceedings of the 11th
International Conference on Intelligent User Interfaces, pages 360–362, 2006.

207



[94] Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin,
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