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ABSTRACT

In our modern society, integrating humans and computer systems
has transformed everyday tasks, including reading, annotating, and
reviewing documents. Annotating documents is an age-old practice
that involves adding markings and notes to engage with the material.
Although this process is crucial for understanding texts and facili-
tating collaborative communication, it has not evolved significantly
over the years. Tedious and repetitive workflows in current digital
annotation tools suggest missed opportunities for more intelligent,
adaptive design. This work introduces AnnotateGPT, a document an-
notation tool with a digital pen. It leverages a Large Language Model
(LLM) (1) to infer the underlying purposes of the user’s annotations
and (2) automatically generates annotations with the same purpose
throughout the document. AnnotateGPT aims to alleviate the burdens
of manual annotation, enabling users to focus on tasks that require
critical expertise.
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GLOSSARY

ANNOTATION information associated with a piece of content in the
document to explain or add information.

LARGE LANGUAGE MODEL foundation model that is trained on vast
amounts of data, enabling them to understand and generate
natural language and various types of content to perform a wide
range of tasks.
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INTRODUCTION

In our modern society, humans, machines, and computer systems of-
ten collaborate on various tasks. For example, booking appointments,
managing home security, and communicating with others. Recently,
artificial intelligence (AI) and large language models (LLMs) have be-
come integral components of our computer systems. This powerful
combination enables system designers to accomplish more complex
tasks, particularly the generation of human-like reasoning and expla-
nations using natural language, thereby increasing the accessibility
of other computing techniques, such as machine learning (ML). This
thesis leverages an Al agent, specifically OpenAl’s GPT agent, to assist
people in reading, annotating, reviewing, taking notes, and providing
feedback on lengthy text documents.

There are various methods for engaging with reading materials.
One of the primary and traditional approaches is close reading, which
involves analyzing the interactions between syntactic, semantic, struc-
tural, rhetorical, and phonetic features within a text. On the other
hand, distant reading [99], one of the more modern approaches to text
analysis, uses computational tools to detect patterns in a text corpus.
However, tools supporting only distant reading [1, 20, 28, 82] present
information before the readers have done any work. While it provides
a broad overview of text collections to support exploring trends across
documents, it overlooks the reader’s critical reading experience in
order to gain a deeper understanding of the text. Making annotations
is one of the common ways to engage with the materials to make sense
of the text.

Annotation is almost as old as writing. Starting in the 8" Cen-
tury BCE, the Greeks adopted alphabetic writing, initially considered
secondary to singing and speaking [73]. For centuries following its
creation, this writing system was vastly underused and even looked
down upon by society [73]. Eventually, one of the earliest texts docu-
mented is Homer’s oral poems, transcribed by Hellenistic scholars [9,
73], whose comments and explanations laid the foundation for the
editions we have today, in addition to the advancements in manuscript
technology that facilitated the meticulous copying of both the primary
texts and their accompanying notes [9] (see Figure 1). To note is “a
fundamental act of attention, of sharing, as basic as water or love.” To
note is an essential human act [9].

Readers annotate as part of their routine to understand and process
the material. An annotation consists of information associated with a
piece of content in the document to explain or add information [68, 81].
However, annotating documents can be time-consuming, repetitive
and tedious. Traditionally, annotations have been made on paper doc-
uments, such as textbooks or printed paper [68]. Electronic documents
have become increasingly popular, and digital annotation tools have



2

INTRODUCTION

Figure 1: Folio 12r of Venetus A [9], where the bolded text is the poem and
all other texts are annotations made by scholars.

been developed to facilitate the process [36]. Using digital annota-
tion tools has enhanced the process by creating new mechanisms for
annotation. For example, Adobe Acrobat [2] supports various types
of notes, including highlighting and sticky notes. Annotation tools
can also use semantic tags (e.g., question and discussion) to classify
annotations, such as loomp [43]. It is important to remember that an-
notating a document is a personalized process. However, some aspects
of a user’s annotation workflow may follow certain patterns [68, 69].
For example, highlighting is used to signal future attention or aid
memory. Although existing tools enable users to create annotations in
digital documents, the process can still be burdensome.

Automating the process of annotating is not trivial, as annotations
are idiosyncratic and personal to the user, making it difficult to iden-
tify patterns and regulations. Prior works aim to study annotation
and determine their common characteristics and properties amongst
individuals. Studies reveal that, naturally, every user has their own
mode of annotating to meet their demands, but the form of the anno-
tations remains consistent [69]. For example, they indicate a specific
piece of text by underlining or highlighting it. Several attempts have
been made to fasten the readers’ process by detecting these common
forms of annotations and using annotated words as queries to retrieve
relevant information [18, 38, 70, 93]. However, they cannot annotate
text within the same document, generalize the domain for which their
application can operate or ignore certain forms of annotation (e.g.,
handwritten notes). This indicates the need for a system that can
analyze all annotations and work flexibly within the user’s workflow,
while also being able to read the document for further annotations
that align with the user’s personalized annotation style.



1.1 SCOPE AND PURPOSE

The rise of transformer architectures [103] has enabled 1.LMs to
have incredible language and vision capabilities and has been in-
tegrated into applications for processing various interactions [117].
The most common types of LLMs are Bidirectional Encoder Repre-
sentations from Transformers (BERT) [29] and Generative Pre-trained
Transformer (GPT) [16]. The BERT series typically requires training
with a large dataset. However, this is not feasible in our case because
there are no annotation datasets, and datasets also limit the domain of
documents and can suffer from outdated knowledge. More promis-
ingly, the GPT series are generative models that involve translating
tasks into natural language to generate outputs without datasets.
While working with text annotations along with the pattern-finding
abilities of GPT and its ability to structure semantic inferences, it is
possible to condition GPT by inputting instructions that describe the
task to solve various tasks, also known as in-context learning and
prompting techniques [64]. For example, OpenAl’s GPT-4(V) [79, 115]
is one of the state-of-the-art LLMs with robust language and vision
capabilities trained on publicly available data (e.g., internet data) and
performs well in text generation. This thesis explores leveraging GPT-
4(V) for annotating documents by implicitly determining the purposes
of annotations and further refining them. The goal is to enhance hu-
man abilities through user interaction and user experience design.
The resulting tool, AnnotateGPT, enables human-Al collaboration in
document annotation, resulting in high-quality annotations and better
user experiences. This approach enables users to focus on tasks that
require human expertise, such as applying domain knowledge, giving
feedback, and conducting reviews.

1.1 SCOPE AND PURPOSE

According to Wolfe [112], annotation tools are diverse and can include
a variety of models. It includes input methods such as keyboards,
mice, digital pens, and voice recognition. Additionally, annotation
tools can have different types of interfaces, such as hyperlinks that
open in a separate window, highlighting, freehand marks directly
on the text, interlinear text and markings inserted into the body of
the primary text, columns aligned with the primary document, or
animated callouts. Annotation tools can be used on various documents,
including standalone text documents, web pages, sound files, videos,
emails, and other types of annotations. Finally, annotation tools can
have different anchors, such as a specific string or passage of text,
a particular paragraph, an entire document, or an absolute pixel
position.

This thesis focused on free-form annotation, as it is a priority to
integrate annotation with reading smoothly [78]. Paper is considered
an excellent medium for close reading, as it is easy to carry, versatile,
easily shareable, and supports various activities, such as annotation.
However, most keyboard and mouse interfaces for online annotation
are often cumbersome, requiring users to select a command, point with
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a mouse, and type on the keyboard. Hand-held reading devices that
allow pen-based freehand input can replicate the ease and functionality
of working with paper. Thus, AnnotateGPT uses digital ink to create
freehand marks directly on a pen-based device, closely mimicking
the functionality of paper. This thesis also focuses on stand-alone text
documents that are widely used (e.g., PDFs).

As discussed, previous approaches do not further annotate within
the same document or have a limited domain of documents to which
they can be applied. One way to tackle both challenges is to use the
general knowledge of LLMs through in-context learning or prompting
techniques. However, LLMs have a limitation on the maximum number
of input tokens they can handle and may not perform well when
dealing with long texts [63, 128]. Thus, placing the entire document
in the prompts or a significant portion of the document may not
be practical and could impact performance. Retrieval augmented
generation (RAG) addressed this issue, enabling the LLM to have
an additional knowledge base in addition to its general knowledge
base, by injecting the document contents into the LLM [131]. The last
challenge is to identify patterns and nuances that are personal to an
individual’s editorial style. In AnnotateGPT, it leverages the vision
capabilities of LLMs and RAG, which can be used to make inferences
about the purposes of annotations and then inject correct inferences
for future inferences. This leads to the following research questions,
which this thesis addresses:

RQ1: How effectively can an LLM infer the purposes behind docu-
ment annotations?

RQ2: How effectively can an LLM be used for comprehensive and
continuous document annotation?

Human-computer interaction (HCI) focuses on designing with users
in mind, emphasizing the importance of considering users’ perceptions
and thoughts when evaluating a system. To address these research
questions, a user study was conducted to compare AnnotateGPT
with a baseline (i.e., without assistance). The following two chapters
will provide background information and a review of past works on
annotation studies (Chapter 2) and large language models within the
context of annotations (Chapter 3). The system design of AnnotateGPT
is then described, detailing how LLMs are leveraged for annotation
(Chapter 4). The study design for the user study is then outlined,
along with the analysis of the results (Chapter 5). The next chapter
then discussed design implications and possible future directions
(Chapter 6). Finally, the thesis concludes with the main takeaways
(Chapter 7).



DOCUMENT ANNOTATION

Annotating a document is a process that engages with reading material.
It involves making markings associated with a piece of content to better
understand the document. Annotations are specific to their process
alone (idiosyncratic) and do not consistently serve the same purpose
for an individual (polymorphic) by nature [38, 70]. Thus, studies have
been conducted to better understand the purpose of these annotations.

2.1 STUDIES OF ANNOTATION

One of the well-known studies is Marshall’s, in which she investigated
annotations made by students in various textbooks [68]. The author
provided observations of common annotation forms and determined
their function. Later, Marshall and Brush observed the importance
of the spatial arrangement of annotations [69]. They also provide a
mapping of forms of annotations to their function, as shown in Table 1,
along with their anchor types.

Form Function

Within-text

Underlining or highlighting higher level structure; cross-outs ~ Signal future attention

Short highlightings; circled words or phrases Aiding memory
Words/phrases between lines Interpretation
Extended highlighting or underlining Trace progress through narrative

Marginal or blank space

Asterisks Signal future attention or aiding memory
Notation near figures or equations Problem-solving

Interpretation or

Notes, doodles, drawings L. .
reflect material circumstances of reading

Table 1: Mapping from annotation form to function along with their anchor
types (within-text and marginal or blank space) adapted from Mar-
shall’s work [68].

Annotations serve various purposes; they act as procedural signals,
aiding text navigation by marking important content. Annotations also
aid memory, helping readers retain crucial information by highlighting
or underlining key points. Additionally, they facilitate problem-solving
by allowing students to work through problems within the text in
real-time. These annotations also record interpretive activity, reflecting
readers’ insights and reflections on the text’s language, structure,
and themes [68]. They further serve as visible traces of the reader’s
attention, particularly in challenging texts, and may reflect external
circumstances.

Overall, annotations enhance the reading experience by guiding
readers, aiding memory, facilitating engagement, and providing in-
sights into readers’” interaction with the text and their surroundings.
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Mehta et al. [70] also investigated annotations made in the domain of
poetry but also arrived at the same conclusion, noticing the need to
support idiosyncratic annotations and the need to minimize distraction
from the reading task [68, 70]. Based on these works and observations,
Ovsiannikov et al. [81] built upon Marshall’s initial research to for-
mulate guidelines for an improved digital annotation system. They
conducted an empirical study on paper annotations to gain a deeper
understanding of the characteristics of an ideal annotation system.
Their findings indicated that the most prevalent annotation method
involved marking text sections with a marker, highlighting key terms,
and making notes in the margins. Upon examining the specific an-
notations made by participants, it was observed that markings made
with ink and highlighters facilitated quick text location for users. Con-
currently, margin notes kept related thoughts and ideas close to the
relevant text content. This followed Textension [13], a system which
exemplifies this balance by supporting margin notes and line-level
expansions while preserving the reading experience. The authors em-
phasized that pen interfaces would be more favoured if they provided
extra features and capabilities. This insight complements Marshall’s
work, suggesting a need for a delicate balance of introducing new fea-
tures and capabilities while minimizing the cognitive effort required.

2.2 ANNOTATION TOOLS

Originally, annotations were made on paper. Digital annotation tools
and digital documents have been developed to facilitate annotating.
There are many different models of annotation tools, each offering
many features and mechanisms to make the annotation process easier.
Typical contexts for annotation include the following [81]:

SELF-DIRECTED: Made by readers for personal use, like students
studying or researchers noting references.

AUTHOR-DIRECTED: Made by readers like teachers to share with the
author, often for works in progress.

READER-SHARED: Made by readers to share with others, like com-
ments in library books, annotated editions or
community highlights on Kobo eReaders.

AUTHOR-SHARED: Made by authors to share with readers, like T.
S. Eliot’s annotations on The Wasteland.

2.2.1  Paper and Digital Systems

Existing annotation tools address one of these contexts, tailoring their
design features to fit the specific context. A critical consideration be-
fore designing is the choice of medium for the annotations. In a study
conducted in 1999, O'Hara and Sellen [78] established that paper
outperformed traditional vertical computer setups in facilitating anno-
tations due to the enhanced affordances offered by paper. Ten years



2.2 ANNOTATION TOOLS

later, a follow-up study was conducted to also include tablets and
horizontal setups. It was found that vertical setups were still perceived
poorly, but tablets and horizontal setups provided a comparable anno-
tation experience to paper [72]. Thus, previous works have used fully
digital or hybrid mediums that coupled paper with digital systems
to support digital document annotation. A hybrid medium will have
greater interactivity and new ways of working with information [39].
This medium is implemented by enhancing paper as an input device
and extending its output capabilities to a digital device. For example,
INlumiPaper [51] integrates thin-film displays onto paper, enabling
the paper to serve as a direct-touch display. However, enabling this
medium requires additional hardware, such as specialized digital pens,
vision or motion capture technologies, embedded sensing electronics,
projectors, or custom-built devices [39]. Therefore, our work will fo-
cus on fully digital systems because they do not require additional
hardware.

Digital annotation tools offer the advantage of facilitating collabora-
tion and sharing annotated content [66, 101]. One way to implement
fully digital systems is by using digital ink to support exclusively
handwritten annotations [98]. For example, LiveNotes [48] supports
annotating instructor slides by hand, placing digital ink (see Figure 2a).
Alternatively, annotation tools offer highlighting, underlining, and
adding sticky notes to classify annotations [112]. These digital fea-
tures are standard in today’s annotation interfaces, such as Adobe
Acrobat [2].

2.2.2  Classification Mechanisms

Transitioning to the digital domain allows us to predetermine tags and
emphasize and classify annotations based on their style or semantic
meaning. For example, Adobe Acrobat [2] (see Figure 2b) supports
various annotation styles, such as highlighting, underlining, and sticky
notes on PDFs, each presenting the annotation differently. MyNote [22]
also presents a set of predefined tags but instead adds semantic mean-
ing behind the annotations (normal, question, answer, and discussion).
However, these predefined semantic tags are fixed and can vary across
different annotation tools [12, 19, 46, 96], lacking flexibility and may
not cover all scenarios.

Instead of having fixed tags, annotation tools can opt for having the
annotator define the tags themselves. For example, HyLighter [56] and
loomp [43] (see Figure 2c) both provide the same annotation features as
Adobe Acrobat, with the addition of organizing these annotations with
user-defined tags. These vocabularies have a significant advantage
because they are well-suited for annotation needs when created by
skilled annotation experts to fit specific annotation processes [36].
However, updating or modifying this vocabulary to accommodate
new concepts or changes can be time-consuming and require the
continuous involvement of the annotators.
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(@)

IMPLICIT PEN ANNOTATION ASSISTED BY LARGE

[LANGUAGE MODELS|

Test 3:01 FM %

BENEDICT LEUNG

Enter comment

(b)

Annotations

Country Region City District Lake River

History

The earliest evidence of settlements in today's Berlin central areas is a wooden
beam dated from approximately 1192. The first written mention of towns in the
area of present-day Berlin dates from the late twelfth century. The settlement
of Spandau is first mentioned in 1197, and Kdpenick in 1209, though these
areas did not join Berlin until 1920. The central part of Berlin can be traced
back to two towns. ColIn on the Fischerinsel is first mentioned in a 1237
document, and Berlin, across the Spree in what is now called the Nikolaiviertel,
is referenced in a document from 1244. The former is considered to be the
"founding date...

(©

Vocabularies

Geography

Berlin City

Country: Germany

Kdpenick District
City: Berlin
colin District
City: Berlin

Figure 2: Screenshots of different types of interfaces where (a) is from
LiveNotes [48] which supports freehand digital ink on instruc-
tor slides (fair use) (b) is from Adobe Acrobat [2] which supports
highlighting, sticky notes, etc. and (c) is from loomp [43] which
supports user-defined tags to classify annotations based on seman-

tics (used with permission).
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Autonyms Q

bliss in proof, and proved, a ver

Figure 3: Screenshot of the Metatation interface where the reader underlines
“bliss in proof, and proved, a very woe”. Metatation will search for
and identify all antonyms due to identifying an antonym relation
between “bliss” and “woe” [70].

2.2.3 Processing Annotations

There has been a lack of research on processing annotations in general.

One notable example is XLibris [38], a pen-enabled tablet display
that was the first to attempt using annotations to generate additional
relevant content. Words annotated with a single pen stroke were used

as keywords to find research papers related to the one being studied.

These papers were presented to the reader as links in the margin
near the corresponding pen stroke. Metatation [70] employs a similar
approach in the domain of poetry. Annotations are analyzed as the
reader processes the material to generate real-time, context-specific
supplementary data. The difference was that Metatation focused on
generating lower-level concepts, such as words or sentences, on the
same document. For example, if the reader annotates words with an
antonym relation, Metatation will retrieve and display all antonyms
to the reader in real-time (see Figure 3). Another example is where
Shipman et al. analyzed annotations by law students reading printed
case law and writing Moot Court briefs [93]. The annotations are then
processed and categorized to identify essential passages within the
document, thereby automating the summary process. While these
works demonstrate the potential for processing different types of
annotations, they cannot fully implicitly interpret the purpose of the
annotations beyond their domain, as the tool relies on the context of
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the provided annotations (e.g., extracting relevant papers, visualizing
key passages, and analyzing poetic elements). As previously discussed,
annotations are both idiosyncratic and polymorphic in nature. Thus,
assuming the annotation purpose greatly narrows the tool’s potential
and use cases. Ultimately, previous works cannot generalize the tool’s
domain or generate additional low-level, context-specific annotations.

2.3 SUMMARY

To sum up, annotations come in various forms and serve different
purposes. Annotation tools have been developed to simplify the anno-
tation process. This work will focus on fully digital systems, as they do
not require additional hardware, unlike hybrid systems. Ovsiannikov
et al. [81] emphasized that pen interfaces would be favoured if extra
features were provided. Therefore, this work will also present new
features to the pen interfaces that will provide a method to overcome
all three limitations that previous methods cannot all address:

1. Inability to fully interpret and process all annotations, such as
handwritten notes.

2. Difficulty in generating additional low-level context-specific an-
notations.

3. Lack of ability to generalize across different domains.

The next chapter will introduce large language models (LLMs) and
how they can address these limitations.



LARGE LANGUAGE MODELS FOR ANNOTATION

In recent years, large language models (LLMs) have become increas-
ingly popular for managing and creating new interactions with various
systems [117]. LLMs are ML models and typically refer to Transformer-
based [103] models that contain billions of parameters trained on
massive text data [126]. They can understand and generate human
language by predicting the likelihood of word sequences or generating
new text based on a given input [21]. Mainstream transformer-based
architecture generally falls into three categories [126]: (1) causal de-
coder, (2) prefix decoder and (3) encoder-decoder. This work will focus
on the causal decoder, the most developed and researched architec-
ture. Casual decoders include the unidirectional attention mask to
ensure that each input token can only attend to the preceding tokens
and itself [126]. The GPT-series is one of the most famous examples
of causal decoders (e.g. GPT-4) and has been demonstrated to have
human-like language understanding and generation [79]. One of their
abilities is called in-context learning (ICL), where the model is trained
to generate text based on a given context or prompt [21]. ICL enables
LLMs to be interactive and conversational agents, generating more
coherent and contextually relevant responses.

3.1 PROMPTING TECHNIQUES

Conversations with the LLM can typically accomplish tasks with
prompting alone, even without any datasets, which is optimal since no
datasets are available for document annotation. Prompts are instruc-
tions that describe the task to solve the said task [64]. One common
prompting technique to enable ICL is called few-shot learning [17],
where the prompt will contain exemplars of the solution before the
test prompt is given (see Figure 4a). For example, to employ few-shot
learning to sentiment analysis, the prompt can contain two exem-
plars (two-shot prompt) of the solution (e.g. I love ice cream! —
positive) before giving the test sample. Few-shot learning has been
demonstrated to improve overall performance on various tasks [17].
However, in some instances, it can hinder the inference process due to
the exemplars introducing bias and semantic contamination [64, 88].
Another way to enable ICL is zero-shot learning, where the prompt
contains no exemplars [64, 88] (see Figure 4b). Existing research has
reported that causal decoders have better zero-shot performance than
other architectures [126]. Zero-shot prompts are highly interpretable
and more straightforward as they only need to handle task instruc-
tions. The prompt structure is also flexible, allowing us to insert our
input wherever needed [64]. There are two approaches to creating
effective zero-shot prompts: (1) heuristic-based manual design and
(2) an optimization algorithm to find an optimal prompt. The second

11
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| ChatGPT

Sentiment analysis:
I love ice cream! —
positive

‘ | ChatGPT

I don’t like the movie. —
negative

Sentiment analysis:

I like to write — I like to write —

(a) Few-shot (b) Zero-shot

Figure 4: Sentiment analysis example using prompts where (a) gives two
exemplars before the test sample is given (few-shot) while (b) gives
no exemplar (zero-shot).

approach requires an evaluation set; again, it is unavailable for docu-
ment annotation. Mishra et al. [71] proposed five principles for a good
starting point in manual design: (1) using patterns about the expected
output, (2) using bulleted lists and assertions, (3) breaking down tasks
into multiple simpler ones, (4) adding explicit textual statements of
output constraints, and (5) customizing the instructions so that the
model can directly output the results.

Another prompting technique is improving the LLM’s reasoning
capabilities, such as arithmetic reasoning and math word problems.
Chain-of-Thought (CoT) [109] prompts can elicit reasoning in LLMs for
few-shot learning by presenting reasoning steps in the exemplars (see
Figure 5a). Later, a zero-shot CoT [52] was proposed by simply adding
“Let’s think step by step” into the prompt (see Figure 5b) and has
been optimized by an algorithm [129] to “Let’s work this out in a step
by step way to be sure we have the right answer.” CoT significantly
improves performance for problems that require reasoning rather than
standard prompting. This also suggests that prompts need to condition
or ask for good performance (e.g., “You are an expert on...”). This work
was inspired by existing prompting techniques for interacting with
LLMs and will be used to facilitate communication and collaboration
with users.

3.2 HUMAN-AI COLLABORATION WITH LLMS

Artificial intelligence (AI) has been incorporated into systems due to
its strong predictive performance [54, 92]. The aim is not to substi-
tute human abilities but to enhance and complement them, fostering
a collaboration that addresses each other’s weaknesses [122]. Al of-
fers speed, precision, and the capability to process large datasets,
while humans provide creativity, moral judgment, and rich contex-
tual insight [54, 122]. This approach ensures efficient decisions while
upholding societal values and ethical standards.

Additionally, the effectiveness of human-Al teamwork hinges on
trust and transparency [122]. When Al systems are designed to be
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ChatGPT

Q: Roger has 5 tennis balls. He

buys 2 more cans of tennis balls.

Each can have 3 tennis balls.
How many tennis balls does he
have now?

A: Roger started with 5 tennis
balls. Two cans of 3 tennis
balls each are 6 tennis balls. 5
+ 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls.

Half of the balls are golf
balls, and half of the golf
balls are blue. How many blue
golf balls are there?

A:

ChatGPT

Q: A juggler can juggle 16 balls.

Half of the balls are golf
balls, and half of the golf
balls are blue. How many blue
golf balls are there?

A: Let’'s think step by step.

The juggler can juggle 16 balls.

Half of the balls are golf balls.
So there are 16/2 = 8 golf balls.

There are 16 balls in total.

Half of the balls are golf balls.

That means that there are 8 golf

balls. Half of the golf balls
are blue. That means that there
are 4 blue golf balls.

Half of the golf balls are blue.
So there are 8/2 = 4 blue golf
balls. The answer is 4.

(a) Few-shot CoT (b) Zero-shot CoT

Figure 5: CoT prompts example on mathematical word problems adapted
from previous works [52, 109], where (a) gives reasoning steps in
the exemplar while (b) invokes reasoning steps by adding “Let’s
think step by step” in zero-shot prompts. Blue boxes represent the
user prompt, and green represents the output.

understandable, humans can grasp the rationale behind Al sugges-
tions, facilitating responsible reliance on them [54]. This collaboration
encourages mutual learning where humans direct Al with context
and expertise, whereas Al helps humans undertake tasks that once
seemed unattainable. Together, they achieve results neither could reach
individually, creating a future where Al enhances human capabilities.
For example, Al can make music and video recommendations to help
people make subjective decisions [54]. Even in critical areas such as
healthcare and criminal justice, Al tools offer suggestions and insights,
but the final decisions rest with human experts [54, 92].

Many recent works have used LLMs as collaborative agents. One of
the most popular Al agents used is OpenAl’s GPT series because it
is available publicly via its APL. These Al agents have demonstrated
collaboration across various areas. For example, they can work as
writing assistants, suggesting ideas for a story [26, 31, 35, 44, 91, 92,
97]. Users can explore themes and keywords generated by GPT to
guide the creation of a creative story. Multimodal LLMs also expand
the storytelling process to include Al-generated images combined with
the generated story [31, 106]. They have demonstrated an original and
effective way to build stories, providing controls supporting writers in
their creative flow.
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Another example is Al agents acting as teaching assistants for
language learning [57, 90, 92, 127] or general education [24, 89]. Ev-
eryone’s learning process is unique, and the goal of the LLM is to
adapt to each learner’s needs. Al agents interact with the learner and
generate personalized questions [90, 127] or break down long content
into multiple smaller lessons [24, 89]. It demonstrates that learners
using these Al agents have a higher proficiency in the subject, making
the learning process more engaging than traditional approaches.

Multiple AI agents can also collaborate, simulating real-world sit-
uations in a virtual environment, such as a small community [84], a
company for literary translation [114], or a hospital [62]. These exam-
ples have used OpenAl’s agents, demonstrating that they can interact
with the environment and other agents, and store previous experiences
to guide future interactions. For example, Agent Hospital [62] uses
OpenAl’s GPT agent to simulate doctors treating diseases. Starting
with empty medical knowledge, they can self-evolve by storing past
medical records and experiences in their medical knowledge, achiev-
ing a state-of-the-art accuracy of 93.06% on the MedQA dataset. It
suggests they can reflect on past inferences and improve on future
ones.

Recent works have also used LLMs to annotate text with humans
but not to make sense of a text document, rather than parsing the text
to extract critical information for information visualization [37, 47] or
easing the process of annotating datasets [50, 76, 77, 108, 120].

In summary, current research on OpenAl’s GPT agents demonstrates
their ability to collaborate effectively with humans by accommodating
their creative processes and specific requirements. Inspired by how
LLMs can work flexibly around users and reflect on their past expe-
riences, this work will explore human-Al interaction with OpenAl’s
GPT agent to enhance human abilities in co-annotating. To the best
of our knowledge, this particular collaboration has not been explored
before.

3.3 VISION

LLMs can be multimodal, meaning they can process different input
types simultaneously. One possible modality is vision, wherein the
input can contain images, and the task can be performed with the
image [5, 124]. Prompting techniques can also be applied to mul-
timodal LLMs to define and customize the desired output text for
arbitrary vision-language use cases such as object localization, im-
age captioning, visual question and answering, etc. [94, 107, 115]. As
discussed, GPT-4 possesses human-like text understanding and gener-
ation abilities. Now, OpenAl has developed GPT-40, which also excels
in comprehending the image domain while having the same abili-
ties as GPT-4 (see Figure 6). It can also be applied to many domains
due to its vision and text capabilities. For example, risk perception
in traffic [30], medical applications [113], even robotics control [105].
Given its generalizability across many domains and the idiosyncratic
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) ChatGPT

The image shows a black cup filled
with a beautifully crafted latte,
topped with latte art. The design
on the foam resembles a tulip or
rosette pattern, which is commonly
seen in latte art. The cup sits on
a matching black saucer, placed on
a glossy, dark-colored surface.
The smooth texture of the foam and
the rich brown color of the
espresso below it suggest a
well-made coffee beverage. The
background is slightly blurred,
drawing focus to the cup.

Describe the image

Figure 6: Multimodal prompt example on image captioning where ChatGPT
describes a coffee cup with extreme detail. Blue boxes represent the
user prompt, and green boxes represent the output.

and polymorphic nature of annotations, this work will use GPT-40 to
interpret the purposes or functions of annotations.

3.4 RETRIEVAL AUGMENTED GENERATION

Stand-alone generation models have been shown to have a substantial
amount of general knowledge without accessing any external mem-
ory. However, they cannot quickly expand and revise their memory
and can’t provide insight into their predictions [59]. They can also
produce content inconsistent with factual statements or user inputs;
this phenomenon is called “hallucination” [45]. LLMs also have a
limitation on the maximum number of input tokens they can handle
and may not perform well when dealing with long texts [63, 128]. To
address these issues, a retrieval module is added to the LLM, which re-
trieves relevant documents and feeds them into the generation model,
also known as retrieval-augmented generation (RAG) [23, 59, 60, 121,
125]. RAG enables the acquisition of knowledge in an explicit manner,
allowing for plug-and-play functionality, which results in great scal-
ability. Additionally, LLMs can also refer to human-written text [60].
An effective retrieval for LLMs has four components [125, 131]: (1)
query rewriter, (2) retriever, (3) reranker and (4) reader. First, the query
rewriter rephrases the original query to address vague queries or vo-
cabulary mismatches between the query and target documents [131].
Then, the retriever retrieves the relevant documents based on the
queries, and the reranker will rank these documents [125, 131]. Finally,
the reader summarizes the documents [131]. It has achieved state-of-
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the-art performance on NLP tasks [59] and exhibits a significantly
higher correlation between queries and results [23].

Previous human-AlI collaboration tools have used RAG to retrieve
past interactions [62, 84]. Even a simple retriever, without the other
three components, can guide future interactions based on past expe-
riences, as discussed previously. OpenAl has developed a retriever *
that parses and chunks documents, creates and stores embeddings,
rewrites complex user queries into multiple searches that can run in
parallel, conducts both keyword and semantic searches and reranks
search results to select the most relevant ones before generating the
final response. This work will use OpenAl’s retriever to help guide
future inferences from past correct inferences, similar to previous
applications. It can also be used to inject the document contents into
the LLM, as putting the entire document or a significant portion of it
in the prompts is not feasible.

3.5 SUMMARY

Based on past research and applications of LLMs, various tasks can be
solved by translating them into natural language via prompts. Prompt-
ing techniques can be applied to the document annotation domain,
which has been proven to condition the LLM for good performance. A
popular example of a multimodal LLM is GPT-4, which is used exten-
sively in this work to collaborate with humans to annotate documents.
Leveraging its general knowledge and combined with RAG, it will
help address the three limitations described in Section 2.3:

1. Inability to interpret and process all annotations, such as handwritten
notes.
Infer the purposes of annotations using GPT-4’s vision capa-
bilities. With the help of RAG, past correct inferences can be
incorporated into the LLM to aid in future inferences, providing
insight into the user’s personalized annotation style.

2. Difficulty in generating additional low-level context-specific annota-
tions.
RAG can also be used to inject the document contents into the
LLM and extract any content that matches the purpose of the
annotation

3. Lack of ability to generalize across different domains.
Naturally, the general knowledge the LLMs possess can be ap-
plied to many domains of documents.

1 https://platform.openai.com/docs/guides/tools-file-search
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Figure 7: A high-level overview of the interaction design of AnnotateGPT.
(@) The user manually annotates the document first. (b) Tapping
on the annotation will activate an assistant. (c) Upon tapping, the
assistant will guess the purpose of the annotation. (d) Selecting a
purpose will prompt the assistant to provide further annotations
(yellow highlights) based on the selected purpose. (e) Users can
read, verify and continue the feedback.

As discussed, one of the typical contexts for annotation is author-
directed, which is made by readers to share with the author [81]. For
example, teachers give feedback to students on an assignment. An-
notation enhances learning and assessment in student essays, where
it is helpful in terms of providing specific and accurate feedback [7].
This work will center on this type of context, and the design of our
proposed system will revolve around this context. This chapter in-
troduces AnnotateGPT and its design guidelines. The following will
detail methods used to employ implicit pen annotation assisted by
LLMs, including (1) clustering pen strokes, (2) inferring annotation
purpose, and (3) generating low-level context-specific annotations.

4.1 CHALLENGES IN PROVIDING FEEDBACK TO STUDENTS

As educational institutions shift from traditional to digital annotation
methods, both teachers and students express a preference for hand-
written comments. Both feel are more personalized and specific, hence
more effective benefit [14]. However, teachers report that handwritten
annotation practices are generally hindered by three issues: legibility,
strict time limitations, and inconsistent feedback quality.

The degraded legibility of annotations is primarily due to physical
and temporal constraints that affect the delivery of feedback to stu-
dents and teachers. Students struggle to interpret the annotations due
to their readability and unclearness [7, 27]. On the other hand, teach-
ers are unable to provide detailed, thoughtful feedback due to time

17



18

ANNOTATEGPT

constraints and the importance of prompt return to students [6, 14, 95],
affecting the quality of feedback. Furthermore, the tone of feedback
could be overly negative or opinionated, which could undermine the
student’s confidence [7, 85, 95]. Beyond these immediate challenges,
handwritten feedback often focuses too narrowly on surface-level
errors (e.g., grammar) rather than providing balanced, constructive
guidance [3, 85, 123].

This work will address these three issues by having an LLM collabo-
rate in the annotation process, offering legible, timely, and constructive
feedback. Annotations can be enhanced with Al-generated insights
that preserve the personal tone of human feedback while improving
clarity and depth. The LLM can support teachers by generating drafts
of comments based on their annotations, reducing manual labour
and enabling more consistent, high-quality responses. This hybrid ap-
proach aims to retain the personalized nature of handwritten feedback
while mitigating its common pitfalls, ultimately enhancing both the
efficiency and pedagogical impact of annotation practices.

4.2 DESIGN GUIDELINES

Based on the analysis of previous work, a system needed to be sensitive
to how people create and use annotations. Therefore, the following
goals were kept in mind when designing the interface:

DG1. Supports Pen-Based Devices. The use of pen-based devices has
grown in popularity due to the increased accessibility, decreased
costs, and enhanced sensing capabilities of pen-enabled devices
such as tablets and smart whiteboards [72]. Such devices af-
ford users direct, natural interaction with interface elements
and workspace content. However, they have also resulted in
disjointed, fragmented user experiences. For example, many
applications use hierarchical menus to organize supported func-
tionality. Users often rely on hotkeys, key holding, and mouse
clicking to access functionality. When using a pen within such
applications, users cannot use shortcuts, so they are required
to perform multiple “round trips” between a menu and their
workspace, which leads to increased interaction costs and user
frustration [33, 40, 87]. Instead, this work will use markers near
areas of interest (e.g. annotated texts), reducing menu “round
trips”, to support pen-based devices rather than traditional static
menu bars and hierarchical menus.

DG2. Similar to Paper Experience. Having the annotation experience be
similar to the paper is crucial. For example, a freehand interface
that supports multiple markings was perceived to have advan-
tages that do not support many markings [75] as reviewers and
editors rely on a wide range of markings when annotating paper
texts [32, 81]. Compared to “sticky note” interfaces, in which
reviewers insert textbox icons on top of text, it will be inferior
because sticky notes often obscure the underlying text [81]. Thus,



DG3.

DG4.

DG5.

43

4.3 FRAMEWORK

this work will use a pen-based device with digital ink, allowing
users to mark the document freely, much like on physical paper.

Limiting System Complexity. Past works would use gestures to
implement enhanced features for annotation [118, 119]. For ex-
ample, RichReview [119] uses a pigtail gesture to anchor an-
notations to the gesture. However, errors can arise when using
such gestures. Furthermore, this work evaluates the LLM’s ef-
fectiveness in annotation, and such gestures could affect the
results. Thus, the proposed system would use common gestures,
such as tapping, to reduce training time and mental demand,
while focusing on evaluating the performance of the LLM. The
simplicity also helps non-technical users, such as teachers, easily
integrate it into their workflow, given their prior experience with
annotation interfaces [92].

Maximum Workspace Size. There are significant effects of interface
layout where past works compare different types of layouts [111,
112]. Researchers have found that a split-screen interface, pre-
senting the main text and annotations in separate panes, was
less likely to produce and respond to annotations than an inter-
face that directly embeds annotations into the document. Fur-
thermore, documents with a large “virtual” margin area had
advantages over the traditional logical page regarding legibility
and time [86]. These results suggest that reviewers require a
workspace integrated into the document with sufficient space
to produce annotations. Following these results, this work will
initially hide all menus and markers, allowing users to display a
menu or marker with a hover gesture.

Give Users Agency. Taken from past works on systems incorpo-
rating Al it should enhance human capabilities on tasks, not
replace them. This approach not only provides more creative and
contextual insight but also upholds societal values and ethical
standards [54, 122]. For example, users can verify Al suggestions,
provide suggestions when asked, or select options to pick from

[92].

FRAMEWORK

This work introduces AnnotateGPT, a digital pen annotation tool that
leverages an LLM to create two Al agents: (1) to infer the annotation
form and purpose, and (2) to generate additional low-level context-
specific annotations. It first clusters pen strokes to classify which pen
strokes correspond to which annotations. A marker is assigned to
each cluster, and upon activation, it prompts agent (1) to generate
four potential annotation purposes. Finally, a user selects one of the
purposes to assign to agent (2). The framework overview is shown in
Figure 8.
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Figure 8: An overview of AnnotateGPT’s framework: (a) The user first annotates the document. (b) AnnotateGPT then clusters the pen strokes based on
spatiotemporal distance, representing an annotation. (c) The user taps on the cluster/annotation to activate and open the assistant. (d) The assistant
captures two images from the cluster, one with the underlying text and one without, and makes four guesses about the annotation’s purpose. (e) The user
then selects a purpose, which AnnotateGPT will remember for future inferences. (f) Finally, AnnotateGPT generates annotations based on the selected
purpose and (g) highlights them on the document.
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4.3.1  Stroke Clustering

A common challenge in marking-based interactions is interpreting pen
strokes. Annotations are often idiosyncratic, informal, and ambiguous.
A marking-based system must handle these variations for practicality
to interpret the user’s visual intent. A key challenge is determining
where one annotation ends and another begins. Existing systems
require users to press a button on the digital pen or pause between
symbols [34, 74]. Some systems even mandate that each object be
drawn in a single stroke [55]. These constraints compromise the natural
paper experience (DG2) and increase the system’s complexity (pG3),
conflicting with the design guidelines.

Alternatively, previous works employ a clustering algorithm to
group pen strokes into distinct clusters, allowing symbols to be nat-
urally drawn with an arbitrary number of strokes [25, 49, 70]. This
method uses a general-purpose clustering algorithm to process un-
processed pen strokes and group them into distinct clusters, each
representing a single symbol, in our case, a single annotation. Note
that the parser has no prior information about the sizes and shapes of
the clusters, the number of strokes they may include, or even the total
number of clusters to be identified.

This work will use hierarchical agglomerative clustering, as pro-
posed by Chiu and Wilcox [25], with single linkage, which has been
found to outperform mean and double linkage [70]. Starting with each
stroke as its cluster and repeatedly merging the two closest clusters
until a stopping criterion is met. The single linkage is the minimum
pairwise distance between pen strokes in the clusters, used to deter-
mine the distance between clusters. This work defines the distance
between two pen strokes as a weighted function of its spatial and
temporal distance (spatiotemporal distance) proposed from Metata-
tion [70]. The temporal distance between two pen strokes, s; and sy, is
defined as:

to(Sz) — tf(Sl)
At = 30
1 otherwise,

if to(s2) — tf(s1) < 30 seconds,

where to(s2) is the start time of s; and t¢(s;) is the end time of s;.
The temporal distance has an upper bound of 30 seconds to ensure
normalization across all pen stroke pairs. The spatial distance between
two pen strokes is the minimum Euclidean distance between two
bounding boxes of s; and s,. The size of the page then normalizes the
spatial distance. Thus, the spatiotemporal distance is defined as:

According to this definition, hierarchical agglomerative clustering
merges the closest pen strokes. As mentioned, the challenge is not
knowing the number of clusters in advance. If this number were
known, the clustering algorithm could stop once the target clusters
were identified. Fortunately, a heuristic can automatically identify
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(c) Step-by-step clustering process

Figure 9: Sample clustering process with and without a virtual stroke. (a)
In the absence of the virtual stroke, the clustering fragments the
annotation because it is the sole annotation. (b) The virtual stroke
helps to resolve the issue. (c) The steps of the clustering algorithm
are visualized, with each bounding box representing one step.

this number [49]. At each iteration or merge, the pairwise distance
between clusters increases. If there is a sharp increase in the closest
pairwise distance, it is indicative of a “forced merge,” a merge that
combines two distant clusters [49]. Thus, identifying the optimal
stopping iteration, i*.

i* = arg max dip1 —di X (diy1 —d;)
: di —di

The ratio in this expression compares the increase between consec-
utive iterations to detect sharp increases. However, if the previous
increase was tiny, even a minor rise can exaggerate the ratio, especially
in early iterations. The method prioritizes larger global leaps by using
the absolute increase (d; 1 — d;) as a scaling factor to address this.

However, through empirical observation, if the user produces a com-
plex annotation (i.e., an annotation consisting of more than 3 strokes)
and it is the only annotation on the page, the clustering algorithm frag-
ments it (see Figure 9). By adding another annotation, the algorithm
clusters correctly. The stopping criterion is the maximum distance
change between consecutive iterations, forcing the sole annotation to
fragment. Using this behaviour, a “virtual” stroke with a timestamp of
o and a size of 1 x 1 pixel is added to the page. As seen in Figure 9a,
the annotation consists of underlining, an arrow and a handwritten
note. The clustering cannot recognize the annotation as a whole based
on the stopping criterion. When inserting an initial virtual stroke, it
recognizes the complex annotation as a whole and the virtual stroke
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Figure 10: A hand-drawn underline with significant jitters, where segments
of the stroke are classified as cross-outs (blue) and underlining
(red). In this case, the stroke is classified as underlining, as most
points are. Also, only the first line is extracted.

as a separate cluster (see Figure gb). Note that this faulty behaviour
only occurs when a complex annotation is the only one on the page. A
sample clustering process is shown in Figure gc, where it first clusters
the arrow and then the word ‘test.” Afterward, it groups the arrow
and the underline and then groups all strokes into a valid cluster.
The cluster is assumed to be an annotation for further processing
(Figure 8b), which will be described in future sections.

4.3.2  Stroke Classification and Text Extraction

A heuristic classification is used for every stroke to classify strokes and
extract annotated text, emphasizing annotated text extraction. This
work classifies three types of annotations: (1) HIGHLIGHTING, CROSS-
ING OUT, and UNDERLINING (horizontal lines), (2) CIRCLING, and (3)
ANNOTATED. Text is extracted based on type for LLM input, described
in future sections. A stroke is defined by a list of xy coordinates
representing the digital pen’s position over time.

Algorithm 1 Horizontal Line Detection

function 1sHor1zoNTALLINE (P)
if length(P) < 2 then
return false
end if

Yo <= P[0].y
for i < 1 to length(P) —1 do
if P[i].y < yo — 20 or P[i].y > yo + 20 then
return false
end if
end for

if 0y > Ojary then
return false
end if
return true
end function

Two heuristics detect horizontal lines: (1) all y-coordinates must be
within 20 pixels of the first y-coordinate, and (2) y-variance, o, is less
than 0.,y = 5. These heuristics account for human error, as humans
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Figure 11: A hand-drawn enclosure, where red points represent past sliding
windows starting from one end and blue points on the other.
Green points represent the sliding windows that are “loosely”
intersected, classifying the stroke as a successful enclosure.

do not naturally draw perfect horizontal lines. Pseudocode is provided
in Algorithm 1. When a horizontal line is detected, it is assigned one
of three sub-types: HIGHLIGHTING, CROSSING OUT, Of UNDERLINING. To
assign sub-types, most stroke points must be near (within 10 pixels)
the center of the word for CROSSING OUT and HIGHLIGHTING, or below
the word for UNDERLINING. This process is not trivial due to human
error, as shown in Figure 10, where stroke segments are inconsistent.
The proposed solution identifies the majority of sub-types to handle
jitter errors, classifying this stroke as “underlining the first line” and
ignoring the second line. The leftmost and rightmost words affected
are extracted to capture all text in between, ensuring no short words,
like “a”, are missed due to the sampling rate. HIGHLIGHTING follows
the same criteria as cCrROsSING ouT, with additional checks for high-
lighter use. If no points are near text or a sub-type cannot be assigned,
it defaults to ANNOTATED.

To detect CIRCLING, the beginning and end of the stroke must be
close or intersecting. This method detects enclosures, not just circles,
such as circling a sentence that extends to the following line. A sliding
window is used at each stroke end, starting from one end to one-third
of the stroke’s length, with a minimum window size of 30 pixels.
Each iteration checks if two sliding windows are “loosely” intersected
using line segment intersections, where the intersection point falls
within the first line segment if 0 < A < 1 and within the second
if 0 < 9 < 1. To account for human error, the range is adjusted to
—1 < A, ¢ < 2, allowing for an intersection within two times the
segment length. Figure 11 illustrates the enclosure detection, showing

Algorithm 2 Line Segment Intersection

function INTERSECTS(a,b,¢,d, p,q,7,5)
det < (c—a)x (s—q)—(r—p) x(d—Db)

if det = 0 then
return false

else
A o (=@)x(r=a)+(p—r)x(s—=b)

det
(b—d)x(r—a)+(c—a) x(s—b)

Y= det
return -1 <A <2and -1 <y <2
end if

end function
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Algorithm 3 Enclosure Detection

function CHECKENCLOSED(P)

slidingWindow1:

for i; %Oto%do
o +1
X1 < P[ll]
y1 < Plin]y
Xy P[Zl + 0’1]
Yo P[Zl + 0’1]

while dist(x1, 1, x2,2) < 900 do
o o0y +1

ifiy+o01 > M then
break slidingWindow1
end if
Xy < Pliy + 0q].x
Y2 < Plih+ 1]y
end while

slidingWindow2:

for iy < length(P) — 1 to 72”6”?’1(1)) d

o 1
X3%P[12]
Y3 < Plia]y
X4 < P[lz—O’z]
Y4 — P[Zz—O’z]

while dist(x3,y3, x4, y4) < 900 do

oy —op+1

ifi, — oy < 2><len§th(P)
end if
Xy < Plip — o]
Y4 < Plia — ooy
end while

then
break slidingWindow2

> Sliding window

> Check line distance

> Sliding window

if INTERSECTS(X1, Y1, X2, Y2, X3, Y3, X4, Y4) then

return true
end if
end for
end for
return false

end function
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blue and red points for past sliding windows and green points for
loosely intersected windows. The pseudocode is in Algorithms 2 and
3. Once CIRCLING is detected, the underlying text is extracted if at least
50% of its bounding box is within the enclosure. The type changes to
ANNOTATED if no underlying text exists.

The final type, ANNOTATED, generally handles all other types of
annotation described in Chapter 2. Note ANNOTATED is assigned if
no underlying text can be extracted from the other types. Instead,
ANNOTATED will look for any text intersecting the stroke or nearby
text. Other annotations are assumed to be within the text or in the
side margins, as these are the typical cases [69]. Thus, any lines within
the range of the stroke’s bounding box on the y-axis are extracted. If
no lines are extracted, the closest paragraph is extracted instead.

4.3.3 Annotation Classification and Purpose Inference

All stroke classifications and extracted text, along with images of the
stroke cluster, will be fed into the LLM to classify and describe the
overall cluster/annotation. Due to the non-deterministic nature of
annotations described in Chapter 2, the LLM will output four differ-
ent guesses on the purpose/function of the annotation (Figure 8d).
The prompt consists of three manually designed parts: the problem
statement, input, and parsing instructions.

First, a system prompt describes the problem to ensure the LLM
understands what to expect from the input, consisting of two images
of annotation, stroke type, and annotated text. It lists various types
of annotations found in the wild [68, 69] and outlines the image
processing steps. Here is a brief overview of the steps:

(1). Describe the annotation using the types listed.

(2). Guess the purpose of the annotation based on the context.
(3). Use multiple branches of thinking.

(4). Review the history of annotation styles for personalization.
(5). Summarize and relate findings to the annotation.

(6). Make potential guesses about the annotation’s purpose by adopt-
ing different personas.

(7). For each guess, give two specific levels of detail: specific and
broad.

Step (4) initiates RAG to retrieve previously picked purposes based
on the annotated text, initially starting with an empty history. This step
injects the user’s personalized annotation style into the LLM. Step (6)
leverages this history to offer diverse interpretations by using multiple
thinking branches (step (3)) and adopting different personas [10]. Once
the user selects a purpose, the history updates to inform future infer-
ences in step (4). To better accommodate the user’s unique annotation
styles, step (7) aims to understand how the user engages with content
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Prompt

You are an expert in describing annotations and determining their
purpose. You will be shown two images of annotations from a
document a user has personally annotated. The first image shows
the annotation with the document, and the second shows the
annotation without the document. Do not give vague answers, such
as whether the user is interested in or emphasizing the text; be very
specific. Describe your steps first.

Types of annotation:

- circles or boxes

- underlining

- highlighting

- crossing out

- handwritten notes/text

- punctuation marks (e.g., commas, periods, question marks,
asterisks, etc.), choose which one

- arrows

- brackets, angle brackets, or braces

Here are the steps:

1. Describe the annotation by reviewing the list of annotation types
for possibilities.

2. Guess the purpose of the annotation based on the context.

3. Use [four / two] branches of thinking such as backtracking to
check for any other possibilities.

4. Look at past annotation history in your knowledge base

5. Summarize your past findings and relate them to the annotation
6. Give [four / two] different guesses of the purpose using different
personas and past annotation history. The purposes should have
different themes and relate to the context.

7. For each guess, give two levels of detail: specific and broad.
When describing with specific, describe the purpose so it is specific
to the words of the annotated text. When describing with broad,
use umbrella terms without using the annotated text.

[annotation image]
[annotation image without underlying text]

Context: The user is [context] and has [annotation type and annotated
text].

[Parsing instructions (format shown in Figure 12)]

Let’s work this out in a step by step way to be sure we have the
right answer.

Table 2: The prompt for annotation classification and purpose inference. Blue

text is only added when no stroke annotates more than two words
to understand further how the user engages with content.
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Here are the detailed steps to understand and describe the annotation:

1. xxAnnotation Descriptionxx:

- The screenshot shows two different handwritten annotations. Firstly,
there’s a circle around the word "he," which appears to indicate a
specific point of interest or critique within the text. Additionally,
there’s a handwritten text "they" which is replacing "he." This suggests
that this annotation is correcting or critiquing the gender-specific
pronoun for a more inclusive term. Secondly, there is a note or
replacement annotation under "you are simply." With "are" circled and
replaced by "is", likely indicating a change in verb tense or grammatical
structure.

2. *xPast Annotation Historyxx:
- Past history shows no recorded annotations present in the provided
document data [8:0fsource].

3. *xSummarize Past Findings*x:

- Lacking a history of annotations means we focus on the individual
context of this annotation. This personal revision indicates a critique
or suggestion, focusing on correcting gender pronouns and verb agreement.

4. xxGuessing the Purposexx with Different Personas:
‘' json

{ "annotationDescription": "Circle around 'he’ replaced by ’they’ and
'are’ replaced by ’'is’.",

"pastAnnotationHistory": "No past annotation history available.",

"purpose": [{
"persona": "English Teacher",
"purpose": "You are correcting grammatical errors and suggesting

gender-neutral pronouns.",
"purposeTitle": "Correcting Grammar & Inclusivity"

o {

"persona": "Student Preparing for a Test",

"purpose": "You are identifying common mistakes to avoid in future
writing.",

"purposeTitle": "Identifying Mistakes"

o {

"persona": "Editor Reviewing an Article",

"purpose": "You are ensuring the text adheres to inclusive language
standards.",

"purposeTitle": "Ensuring Inclusivity"

o {

"persona": "Writer Revising a Draft",

"purpose": "You are improving document clarity and inclusiveness during

the proofreading stage.",
"purposeTitle": "Proofreading for Clarity"
P11yt

Figure 12: Sample results for annotation classification and purpose inference
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on a word level, determining whether their intent is specific to the text
or more general. This allows for flexibility across various contexts and
preferences. Step (7) is triggered only when no stroke annotates more
than two words. The exact prompt is detailed in Table 2.

Secondly, a user prompt feeds two images of the annotation, its
context (provided by the user once), the annotation type, and the
annotated text. One image includes the underlying text, while the
other does not, ensuring clarity without unnecessary noise. For ex-
ample, isolating the handwritten notes that may overlap with the
document text or be embedded within the text. To give further hints,
the annotation type and annotated text are extracted as described in
Section 4.3.2. Note that stroke classification operates at the level of
individual strokes. Therefore, an annotation may include multiple
stroke types aggregated into the prompt. ANNOTATED is only consid-
ered if it is the sole stroke type among all strokes. Providing “hints”
will guide a black-box LLM toward a specific output and has been
shown to improve reasoning accuracy [65].

Finally, parsing instructions are provided to structure the output
into a standardized format, such as J[SON, XML, or a list, also known
as structured outputs. However, requiring an LLM to produce only
structured output instead of a free-form response may impair its
reasoning abilities [100]. Therefore, the parsing instructions will be
included as part of the free-form response at the end. This work uses
a JSON object to store the annotation description, related history,
and four guesses on the annotation purpose, each made by different
personas. Sample results from a pilot study are shown in Figure 12. In
this example, it can decipher the handwritten notes and their purpose
with grammatical structure and gender-neutral language.

4.3.4 Generating Low-Level Context-Specific Annotations

After a user selects a purpose, the LLM generates annotations accord-
ingly. The prompt outlines a seven-step annotation process:

(1). Specify details to look for based on the purpose.

(2). Offer feedback on why the sentence needs annotation.
(3). Offer improvement suggestions.

(4). Feedback is kept under 20 words for clarity.

(5). Avoid annotating sentences that need no modifications.

(6). Sentences and feedback are wrapped in delimiters: triple aster-
isks and double curly brackets, respectively (single tokens in
gpt-4’s vocabulary).

(7). Optionally, target specific words within the sentence, delimited
by triple quotation marks.

Step (1) ensures annotations are not too broad. For instance, if
the user annotates a comma for “punctuation usage”, the LLM won’t
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Prompt Role

System

User

User

Prompt

You are an expert at annotating documents. The user has annotated
the document I have given you. Given the purpose of an annotation,
you will find all sentences in the document that could be annotated
for the same purpose. Do not change the sentence from the
document in any way. Give one sentence in one annotation.
Describe your steps first. Do not ask follow-up questions.

[context]. Read every page and find sentences that could be
annotated with:

[purpose]
Here is a step-by-step list for annotating a document:

1. Describe what details in sentences to look for in the document.
Be specific. Do not change the original purpose in any way.

2. Explain why you annotated the sentence.

3. Suggest fixes for the sentence by describing the fix without
giving the answer.

4. Combine the explanation and suggestion without quoting the
sentence using less than 20 words.

5. Do not include any sentences that need no modification.

6. Make a list of sentences for each response using triple asterisks
for sentences and double curly braces for the explanation and
suggestion. For example:

## Response <number>

*** <sentence> ***
{{ <explanation and suggestion> }}

7. For each sentence, you can optionally target words in the
sentence to annotate. If you do, list the words or phrases to look for
in the sentence, separated by commas and enclosed by triple
quotation marks. For example:

## Response <number>

*** <sentence> ***

""" <words or phrase to look for (e.g. <word/phrase 1>,
<word/phrase 2>)> """

{{ <explanation and suggestion> }}

Make sure you have all the sentences needed to be annotated in the
format above.

Walk me through one question at a time in manageable parts step
by step, summarizing and analyzing as we go to make sure we
have all the sentences needed to be annotated

Table 3: The prompt for generating annotations by extracting the sentence

and its associated feedback and targeted words.
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...astudent will be able to get more of the grades and could get more attention if he

D . ) ; A Jr : ' '
ocument has the collection of various innovative ideas accompanied with the facts told by him
vs.
ChatGPT: A student will be able to get more attention if he
" has various innovative ideas accompanied with the facts told by him.

Figure 13: [llustration of the difference in the document and ChatGPT output.
Therefore, a more rigorous approach is necessary to accurately
match sentences from ChatGPT to the document.

search for other punctuation errors like periods, closely aligning results
with human expertise. Steps (2) and (3) provide an initial Al review
that encourages user comments about the addressed issues [111]. The
LLM can provide unnecessary modifications, so step (5) is provided
to avoid this. Step (7) lets the agent optionally focus on specific words,
allowing the user to identify the issue within the sentence quickly. The
detailed prompt is shown in Table 3. Thread of Thought (ThoT) [130]
prompts handle chaotic contexts (e.g., long documents with distrac-
tors) better than CoT by systematically breaking down and analyzing
information, plugging in “Walk me through this context in manageable
parts step by step, summarizing and analyzing as we go.”

The purpose of these delimiters is to easily extract each annotated
sentence along with its associated feedback and target words. Once
extracted, sentences will be searched for and highlighted in the docu-
ment. However, the solution is not trivial, as sentences generated by
the LLM may not precisely match those in the document. Through
testing, it was revealed that ChatGPT omitted words in the output,
yet still provided a valid sentence. Thus, a more rigorous approach is
needed (see Figure 13). The search algorithm performs in two scopes
(single-page and cross-page) at two levels (exact and fuzzy):

SINGLE-PAGE  Extracts all text from one page simultaneously.

CROSS-PAGE  Sentences can cross over to the next page. Therefore,
this scope extracts N characters from the end of one page and the start
of the next, where N is the length of the targeted sentence.

EXACT Searches for an exact match within the document. Non-
alphanumeric characters are filtered out and removed (e.g., commas
and periods) to optimize computation.

FuzzY Insome cases, ChatGPT can provide a valid sentence with
words omitted where exact will not detect, as discussed previously.
Thus, this scope does a fuzzy search using the Levenshtein dis-
tance [58]. Levenshtein distance measures the minimum number of
single-character edits (insertions, deletions, or substitutions) required
to transform one string into another, typically used for string similarity.
This metric will match the closest sentence with a minimum of N /2.
Non-alphanumeric characters are also not considered. At this level,
the sentence from Figure 13 would match.
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Question #1: Do you agree or disagree with the following statement?

Itis better to have broad knowledge of many academic subjects than to specialize in one specific
subject.

Use specific reasons and examples to support your answer.

Response #1:
Planning Future Ahead

College time is probably one of the most important times in a student’s life. | believe this is
so notonly because we are students and we get our education at colleges butalsoitis a place where
we actually shape our future by making our decisions now. Therefore while we are studying at college,
we should think ahead and focus on what we expect from ‘our” future.

In the country | live in, many students takes the national university entrance exam and after
they receive their scores couple of months after they took the exam. Then comes the decision
process, in which you are supposed to determine your college and department. As we might all
guess, a student may not perfectly choose the department he wants to be educated in since he is
quite young and inexperienced. The trend is that if you have higher scores, you are just placed to a
college and a department you have selected.

Let's imagine a case in which the student is not satisfied with the department and field he
has been placed. Since it is not always possible for students to be transferred to other departments,
he will probably have to keep on with the field that he is supposed to study. However, if he keeps his
area of study broad, he can have the chance to study about different topics he has been interested
in and maybe he can continue his studies further away in time.

The question of whether having a broad knowledge of many academic subjects has also
something to do with the year you spentin college. Forinstance, ifyou are an undergraduate student,
it might also be a good idea to study wide range of topics coming from different disciplines. This
would help you get a better understanding of yourself so that in turn, you can further define what you
really want to do in future, whether to study in a different field, whether to join the work life or to go
on further studying the subject in the prospective cycles of your education life.

Having a broad knowledge about many academic subjects may also come in handy when you
are hired for a job that requires you to collate your vast amount of knowledge coming from different
areas. Based on my experience, | can say that most multinational companies do have this tendency
of hiring people who have broad knowledge about many academic subjects. These companies
believe that thev can use the manoower *in terms of intellect* in various areas depending on the time

Figure 14: Prototype interface of AnnotateGPT comprises three components:
(a) the toolbar (from top to bottom: colour palette, highlighter, and
pen), (b) the document, and (c) the specialized scrollbar.

The order of scopes starts at single-page, then moves to cross-page,
while the order of levels starts at exact and then shifts to fuzzy. The
scope/level proceeds if the text cannot be found using that scope/level.
The same approach is applied to previously found texts to avoid
duplicates that the assistant may output.

4.4 IMPLEMENTATION

All methods have been implemented in a web application using
Next.js [104]. The official OpenAl API library [80] was used for execut-
ing prompts on gpt-4o for generating annotations and gpt-4o0-mini
for purpose inference. The interface comprises three components: the
toolbar (which includes a colour palette, highlighter, and pen), the
document, and a specialized scrollbar (see Figure 14). The toolbar is
located on the non-dominant side of the user for simultaneous thumb
and pen interaction for effective mode switching (pG1) [87].

4.4.1  Document Parsing

The implementation uses PDF (Portable Document Format), which
is widely supported across platforms and devices. They also embed
annotations such as highlighting and freehand markups. The interface
parses the PDF into two layers: (1) the image layer, where it displays
an image for each document page, and (2) the text layer, where it
displays text that is not visible to the user. The text layer aligns the
position of the text with the image. It also parses the text into words
where each word and character is marked by <span> tags in HTML for
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Figure 15: (a) Upon tapping an annotation, an assistant marker will appear
and open on the left side of the document, displaying the potential
purposes of said annotation. An input box is also provided for
the user to type a purpose. Hovering over the option will provide
more details about the purpose. (b) The assistant marker has three
possible states: waiting for purpose (yellow), processing (orange), and
done (green).

text extraction (Section 4.3.2) and displays AnnotateGPT’s annotations
(Section 4.3.4).

4.4.2  Assistant Marker

Using the clustering algorithm (Section 4.3.1), an assistant marker is
assigned to each cluster, initially hidden from the user (pG4). The as-
sistant marker enables users to interact with AnnotateGPT. To activate
the assistant, the user must tap on the cluster representing the annota-
tion with their finger. Once tapped, the marker appears on the user’s
non-dominant side of the document (see Figure 15a). Meanwhile, the
cluster/annotation is processed as described in Section 4.3.3, and the
marker’s border turns orange.

Once the images are processed, the marker displays the four guesses,
and its border turns yellow to inform the user to pick a purpose. An
input box is also provided in the marker if none of the options satisfy
the user’s expectations. Once the user picks a purpose, the assistant
will further annotate the document as described in Section 4.3.4. While
the assistant is processing, the user can continue to annotate the
document.

Figure 16: Tapping on the highlights will display a tooltip, where users can
read the associated feedback by AnnotateGPT. Additionally, they
can reply to continue the feedback. To verify the annotation, three
ratings are given (left to right): accept, helpful, and reject.
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Figure 17: A specialized scrollbar to display the location and state of the
annotations and assistant markers.

4.4.3 Verifying AnnotateGPT’s Annotations

Lastly, the user will review the annotations made by AnnotateGPT.
AnnotateGPT’s annotations appear in yellow highlights, whereas

the darker yellow highlights are the ones being targeted, as seen in
Figure 16. Upon tapping, a tooltip will display the associated feedback
for the sentence. Sometimes, a sentence can be annotated multiple
times from separate assistant invocations, in which the tooltip will
display all feedback.

The user can give one of three ratings inside the tooltip (DG5). (1)
accept if the annotation matches the purpose. Otherwise, (2) reject.
(3) If the annotation gave helpful feedback but does not match the
purpose, they can rate it helpful. Rating it accept or helpful will change
the highlights to green (and dark |green|), while reject will remove the
annotation entirely.

A reply box is also provided in the tooltip to continue annotating
AnnotateGPT’s comments and feedback. The arrow buttons beside the
tooltip will navigate to the previous or next annotation. Alternatively,
the user can tap another annotation.

4.4.4 Specialized Scrollbar

A specialized scrollbar is implemented to further assist in navigating
the annotations, showing the locations and states of annotations and
assistant markers. The scrollbar is separated into three columns: left,
middle and right (see Figure 17).

LEFT Shows the location and colour of the user’s annotations.

MIDDLE Shows the state (based on colour, see Figure 15b) and
location of the assistant markers.
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RIGHT Shows the location and state (accept, helpful, or unrated) of
the assistant’s annotations.

4.5 SUMMARY

This chapter introduces AnnotateGPT, a document annotation tool
with a digital pen. It leverages an LLM (1) to infer the purposes of
annotations and (2) automatically makes annotations with the same
purpose across the document. It also focuses on a specific context,
marking English essays, as it enhances a student-centred approach to
learning and is important for students, but differs from other feedback
forms [7]. However, annotations must be used and received appro-
priately [7]. This approach can be adapted to different contexts by
changing the prompts. Overall, AnnotateGPT aims to alleviate the
burdens of manual annotation, allowing users to focus on tasks that re-
quire critical expertise. The next chapter will detail how AnnotateGPT
will be evaluated.
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EVALUATION

Human-computer interaction (HCI), the field to which this thesis be-
longs, emphasizes the importance of designing with people in mind.
Users’ perceptions and thoughts regarding the system should be taken
into consideration when evaluating it. Through a participant study,
this work addresses the latter two research questions posed in Chap-
ter 1. In particular, (RQ1) whether LLMs can infer the purposes behind
annotations and (RQ2) whether they can be used for comprehensive
and continuous document annotation to address these questions thor-
oughly, various studies or longitudinal research must be conducted
to test different annotation contexts and to analyze whether they can
adapt to diverse annotation styles, as described in Chapter 2. However,
this falls outside the scope of this work. Instead, a smaller-scale user
study was conducted to test the preference between traditional anno-
tation interfaces and AnnotateGPT, as well as to gather self-reported
ratings to evaluate its performance in marking English essays.

5.1 USER STUDY

To assess whether AnnotateGPT can answer the research questions,
a user study was conducted to evaluate its effectiveness compared
to traditional digital annotation interfaces. The baseline of compari-
son against AnnotateGPT was free-form, digital ink annotations (i.e.,
AnnotateGPT without the assistant marker). The study evaluated the
usability, workload, and self-reported ratings for providing feedback
on English essays using free-form annotations. The user study com-
plies with the regulations of the Research Ethics Board #18136.

5.1.1 English Tests Creation

The data comes from essays written in response to two standardized
English tests, created using the ETS Corpus of Non-Native Written En-
glish [11]. This dataset comprises 12,100 essays written by non-native
English speakers as part of the TOEFL (Test of English as a Foreign
Language) international exam for academic English proficiency, which
was conducted in 2006 and 2007. Each essay is categorized into one of
eight questions (e.g., “Young people enjoy life more than older people
do”) associated with a low, medium, or high score level.

Essays with a high score level were randomly selected from each
question and compiled into a Microsoft Word document. A spell and
grammar checker was applied to reduce the number of superficial
annotations. The content is then exported into a PDF file. This process
was repeated for the second document curation and the training
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document, which had only one question. The resulting PDFs were
used to create the final study documents.

5.1.2 Participants

Six pre-service teachers and teachers (1 left-handed) were recruited,
of whom four are aged 18-24 and 2 are aged 25-34 with a minimum
proficiency level of upper-intermediate English (B2 on the CEFR). Par-
ticipants were recruited using recruitment posters on campus and a
mass email sent to students in the Faculty of Education. The participa-
tion criteria included full mobility of the hand and wrist to allow for
handwriting with a pen, normal or corrected-to-normal vision (e.g.,
glasses or contact lenses), and the ability to read and comprehend
English. Recruitment was conducted on a first-come, first-served basis.
Participants received the equivalent of $40 CAD for appreciation of
their time.

Based on the screening questionnaire, participants had 1 to 4 years
of teaching experience. Among them, four individuals teach in STEM
education (two at the high school level), one teaches English and
history, and one focuses on educational studies. Furthermore, partici-
pants shared their experiences with text annotation: for paper, 1 does
it daily, 3 weekly, 1 yearly, and 1 never; for digital annotation, 1 does it
daily, 2 weekly, 1 monthly, 1 yearly, and 1 never. All but one annotate
texts as part of their occupation.

5.1.3 Apparatus & Software

Using the Surface Pen, participants sat

before the Microsoft Surface Studio 2

(28" touchscreen). They adjusted the

screen until they felt comfortable with

its position. The web/study application

ran locally, and video recordings were

made of the screen and the back of their

shoulders to address usability concerns Figure 18: The setup used for
and capture quotes (see Figure 18). the study

5.1.4 Study Design

The study followed a within-subjects study design with one primary
independent variable, TECHNIQUE, with two levels (ANNOTATEGPT and
BASELINE). QUESTIONS form secondary independent variables with 8
levels/questions. Each participant will mark an English test consisting
of 8 QuEsTIONS with each TECHNIQUE. The order of the TECHNIQUE is
counterbalanced to minimize learning, where performance improves
through practice with the task, and fatigue effects, where performance
declines over time — half start with BASELINE.

The primary measures taken included the strokes made, annota-
tion ratings (accept, reject, helpful) and interactions from the assistant
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marker (purpose inference and generated annotations). Additionally,
questionnaires and interviews provided subjective measures.

5.1.5 Tasks & Procedure

PRE-STUDY & INSTRUCTIONS Upon arriving, participants were
first briefed on the work’s objective. They read and signed a consent
form, confirming their understanding and agreement to participate
in the study. Participants were then instructed to adjust the screen
until comfortable and completed the demographics questionnaire (on
Google Forms).

TRAINING Participants watched a video tutorial (~2 minutes for the
BASELINE, and another ~2 minutes for ANNOTATEGPT) on the features
of each technique. They then practised the technique on the training
document. The following tasks must be completed before proceeding
(BASELINE only has the first task): (1) Make an annotation. (2) Acti-
vate the assistant marker. (3) Generate additional annotations using
the marker. (4) Navigate the annotations. (5) Verify the annotations.
Participants can continue to practice until they are comfortable.

ANNOTATING Participants had 30 minutes to mark and annotate the
English test by giving feedback, ensuring realistic working conditions,
consistent time constraints across techniques, and reduced fatigue
effects. For ANNOTATEGPT, digital ink is disabled after 25 minutes to
allow them to finalize their ratings (accept, reject, helpful). A 5-minute
warning was given before it was disabled. Another warning was given
at the 30-minute mark to wrap things up. The same warnings were
given for the BASELINE, but at the 25- and 30-minute mark to finalize
their annotations. Participants were not required to finish annotating
all questions, as the priority is to evaluate the overall experience and
performance rather than task completeness.

QUESTIONNAIRES After each technique, participants completed
questionnaires, including NASA Task Load Index (TLX) [41, 42] and
System Usability Scale (SUS) [15]. TLX measures workload and the
cost of accomplishing tasks across six dimensions: mental, physical,
and temporal demands, frustration, effort, and performance. Partici-
pants answered six questions based on their self-assessment. On the
other hand, SUS measure the system’s usability by covering its effec-
tiveness, efficiency and satisfaction across ten questions. The study
used a 7-point and 5-point Likert scale for TLX and SUS, respectively.
Additional questionnaires asked about the participants’ self-perceived
performance in evaluating the test and the features of AnnotateGPT.

INTERVIEW A post-study semi-structured interview was conducted
to gather information about (1) which system they prefer and to
provide examples of why and (2) what issues they sought during the
test. Additional questions were asked based on observed participants’
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trends, such as annotation behaviours and comments on feedback
quality. The study took approximately go minutes to complete.

5.2 DATA ANALYSIS

The analysis employed an inductive thematic analysis to examine
all collected data, including annotations, system logs, questionnaires,
observational notes, screen recordings, and audio recordings of in-
terviews. To complement the qualitative analysis, statistical analyses
were conducted using the Wilcoxon signed-rank test (SciPy v1.15.3),
and ART ANOVA [110] with its post-hoc tests were conducted us-
ing R with Benjamini-Hochberg correction. Non-parametric tests are
used due to violation of normality and small sample size. Confidence
intervals were calculated using bootstrapping with 1000 resamples.

5.3 RESULTS

WORKFLOWS OBSERVED  There were three common workflows re-
garding how participants manually annotate to collaborate with An-
notateGPT:

1. ANNOTATE-INTERPRET: Participant makes one annotation, then
has the assistant interpret it and waits for the result.

2. ANNOTATE-N-INTERPRET-N: Participant makes N annotations,
then has the assistant interpret them concurrently.

3. ANNOTATE-FOLLOWUP: Participant makes an annotation to fill in
the gaps for the assistant.

Participants (N = 3) will follow ANNOTATE-N-INTERPRET-N to ini-
tially focus on making annotations as the assistant processes previous
ones, or they first annotate the entire question and then allow the assis-
tant to interpret multiple annotations afterward. The other participants
initially followed the ANNOTATE-INTERPRET workflow. Participants
(N = 3) have also used ANNOTATE-FOLLOWUP to address anything An-
notateGPT has missed, where they have manually annotated anything
AnnotateGPT did not highlight, as seen in Figure 19.

In addition to the annotation workflow, participants have three
common workflows on how they interact with AnnotateGPT:

1. GENERATE-VERIFY: Participant generates additional annotations
based on one of their annotations and verifies afterwards.

2. GENERATE-N-VERIFY: Participant generates additional annota-
tions based on N of their annotations and verifies all at once.

3. VERIFY-COMMENT: Participant will verify and continue to com-
ment on the annotation.

Participants used a mix of GENERATE-VERIFY and GENERATE-N-VERIFY
to generate and verify annotations made by AnnotateGPT. Participants
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Figure 19: Example of how a participant fills in the gaps of the automated
annotations, where the annotations were filling around the high-
lights.

(N = 3) used GENERATE-VERIFY to provide feedback on the first ques-
tion and then propagate the same feedback to the other questions
using AnnotateGPT one at a time. Participants (N = 5) who used
GENERATE-N-VERIFY to first manually annotate the first question with-
out using AnnotateGPT, then interpret and generate at the end. Partici-
pants (N = 4) used VERIFY-COMMENT to continue or fix AnnotateGPT’s
feedback during the verification process.

TYPES OF ANNOTATION The types of annotations can be placed
into two dimensions: form, which ranges TELEGRAPHIC-EXPLICIT, and
purpose, which ranges MICRO-MACRO (see Table 4). The TELEGRAPHIC-
EXPLICIT range describes whether the annotations are personal opaque
codings versus explicitly textual feedback. The MICRO-MACRO range
describes whether the annotation targets fine-grained textual features
(such as spelling) versus broader, structural aspects of the text (such
as logical flow). Participants have used a combination of these types of
annotations to give feedback on the English tests. In total, 310 and 73
annotations were manually made for the BASELINE and ANNOTATEGPT,
respectively.

ANNOTATION BEHAVIOURS Participants were also asked about
their annotation behaviours, as it was observed that telegraphic anno-
tations were used more for ANNOTATEGPT. Three participants (P1, P4
and Ps5) exhibited drastic differences in annotation behaviours between
the two techniques (see Figure 20 and Figure 21), where they were
significantly more telegraphic in their annotations with AnnotateGPT
compared to their baseline. For those participants, there was minimal
manual textual feedback. They noted that they “felt more responsible”
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Table 5: Examples of purpose inference along with its annotation description. Green text indicates AnnotateGPT correctly inferred the purpose, while red text

Description

The annotation consists of a pen crossing out the
word ‘now.’, indicating that the user intends to delete
or correct this word. This action suggests that it is
deemed unnecessary or incorrect in the context.

The annotation shows a crossing out of the phrase
‘coming from different’, indicating a need for clarity
and precision in language use.

The annotation is a handwritten note in red pen
stating, ‘Break your essay into paragraphs to separate
your thoughts.” This instruction emphasizes the
importance of organizing the essay clearly.

The annotation consists of a circle around the phrase
[...] This indicates that the user is focusing on this
passage for scrutiny during the grading process.

The annotation consists of a line circling the phrase
[...] The use of a circle emphasizes significance,
indicating it's noteworthy in the context of the
English test.

indicates participants manually typed the purpose.

Listed Purposes

. Language Correction

. Writing Improvement Guidance

. Language Correction (“now”

. Writing Improvement Guidance (“now”

A WO N R

. Promoting Clear Language

. Fostering Coherence in Writing

. Promoting Clear Language (word-specific)

. Fostering Coherence in Writing (word-specific)

~ QO N R

. Improving Essay Structure

. Constructive Criticism

. Emphasizing Clarity

. Fostering Skill Development

A WO N R

. Encouraging Critical Analysis

. Highlighting Key Content for Revision

. Promoting Clarity in Expression

. Identifying Areas for Conceptual Clarity
. Run On Sentence

U~ WO N R

. Emphasizing Life Lessons

. Focus on Clarity

. Inspiring Courage

. Critical Analysis

. Not Connected to the Answer

U~ WO N R
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Figure 20: Screenshots of the first page for P1—3. The left side is with the
baseline, and the right side is with AnnotateGPT. It shows different
annotation approaches where P1 was more focused on identifying
issues rather than providing textual feedback.
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Figure 21: Screenshots of the first page for P4—6. The left side is with the
baseline, and the right side is with AnnotateGPT.
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AnnotateGPT (User) Baseline
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Baseline- o So—=—
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Question Number
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(b) Average number of annotations per question
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Figure 22: Plots representing the inter- and intra-density of annotations. Only
user-authored annotations are included. It shows participants used
more explicit annotations for the baseline and focused more on
the first question.

[P1] when using the baseline and “letting [AnnotateGPT] to come up
with the comments” [P4], suggesting AnnotateGPT offloaded some of
the responsibility. This suggests participants were relying on Anno-
tateGPT to determine the purpose of the annotation without the “need
to add [explicit] comments because [AnnotateGPT] would write it for me”
[P5], using the underlying text as context. For example, a participant
noted, “I like how it can detect highlights [...] If I select the highlight, it
will recognize what I highlighted and give me feedback” [P2]. Despite the
annotations being telegraphic, AnnotateGPT was able to pinpoint the
purposes of the annotations (see Table 5).

MISCLASSIFICATIONS There were instances where AnnotateGPT
failed to infer the purpose of the annotations accurately. Out of 29
inferences, 9 were manually typed by the participants. All of the failed
cases involved telegraphic annotations, causing the LLM to produce
vague and general descriptions of the annotations. This guided the
LLM to make very broad guesses, which would not suffice to pinpoint
the purpose (see Table 5).
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Figure 23: Plot for annotating duration for AnnotateGPT and baseline for
each question. Only user-authored annotations are included. It
shows participants spent the most time on the first question.

DENSITY OF ANNOTATIONS The inter- and intra-density of anno-
tations significantly differ between TECHNIQUE and QUESTIONS (see
Figure 24). ART ANOVA revealed a significant main effect of TECH-
NIQUE, with an average of 53 strokes (95% CI: [30, 80]) and 11 strokes
(95% CI: [6, 17]) per annotation for BASELINE and ANNOTATEGPT, re-
spectively (see Figure 22a). This suggests telegraphic annotations were
used significantly more for ANNOTATEGPT.

Regarding the number of annotations per question, ART ANOVA
revealed significant main and interaction effects between TECHNIQUE
and QUESTIONS. Participants focused more on the first question than
on any other question (see Figure 22b). This suggests that fatigue
effects were present after the first question. However, there were
significant effects only for question 4. The same trend is observed for
ANNOTATEGPT, but this is due to the first question being the primary
interaction space of the assistant, with subsequent questions serving
as follow-ups. More details on the statistical tests can be found in the
Appendix (see Section A.2).

ANNOTATING DURATION The annotating duration for each ques-
tion is the time elapsed from the first to the last stroke being drawn
on said question. ART ANOVA revealed a significant main effect and
interaction effects between TECHNIQUE and QUESTIONS. Again, only
significant effects are for question 4. However, considering the number
of annotations with the annotating duration, participants were faster
in making annotations on the first question, further suggesting that
fatigue effects were present after the first question. Additionally, par-
ticipants spent more time on the first question for ANNOTATEGPT than
for BASELINE due to the diverse workflows described earlier, where
participants verify suggestions made by AnnotateGPT and then con-
tinue to annotate the first question. More details on the statistical tests
can be found in the Appendix (see Section A.2).
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Figure 24: Heatmaps of each participant’s annotations, where the left heatmap of each figure is with the baseline and the
right is with AnnotateGPT. It shows that significantly more user annotations are made for the baseline.
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| would imagine that most people would
learn to use this system very quickly.

| thought the system was easy to use.

| think that | would like to
use this system frequently.

| found the various functions in
this system were well integrated.

| felt very confident using the system.

-6

| thought there was too much
inconsistency in this system.

| think that | would need the support of a
technical person to be able to use this system.

| needed to learn a lot of things before
| could get going with this system.

| found the system very cumbersome to use.

| found the system unnecessarily complex.

-6
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Figure 25: Plot representing the SUS scores across AnnotateGPT and baseline. Both techniques had similar usability.
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Figure 26: Plot representing the TLX scores across AnnotateGPT and baseline.
It shows that AnnotateGPT required a significant reduction (p <
0.05) in physical demand, while other subscales exhibit similar
demands.

USABILITY On the System Usability Scale, ANNOTATEGPT was rated
68 (95% CI: [56, 79]), and the BASELINE was rated 77 (95% CL: [67,
85]), both typically considered to be rated “Good” [8] (see Figure 25).
TECHNIQUE did not significantly affect usability (Z = 2.0, p = 0.09),
suggesting ANNOTATGPT has similar usability as BASELINE. Due to the
small sample size, these findings are only indicative trends.

TASK LOAD INDEX NASA-TLX scores were collected to assess the
perceived workload across six subscales on a 7-point Likert scale (Fig-
ure 26). Among the individual subscales, physical demand showed
a statistically significant reduction (Z = 0.0, p < 0.05, r = 0.62) for
ANNOTATEGPT (Mdn = 2.0, IQR = 0.75) over BASELINE (Mdn = 2.5,
IQR = 2.5). No other subscales demonstrated statistically significant
differences. These findings suggest that ANNOTATEGPT can meaning-
fully reduce physical workload due to participants creating more
telegraphic annotations. Again, due to the small sample size, these
findings should be interpreted as potential trends. More details on
the statistical tests for each subscale can be found in the Appendix
(Section A.2).

QUESTIONNAIREs Participants also rated AnnotateGPT’s features
(Figure 27) and their overall experience in annotating the tests (Fig-
ure 28) on a 5-point Likert scale. Participants agreed that the auto-
mated annotations (Mdn = 4.5, IQR = 1.0) and feedback were very
helpful (Mdn = 4.0, IQR = 0.0) and easy to understand (Mdn = 4.0,
IQR = 0.0). Participants also agreed that AnnotateGPT was able to
provide helpful guesses on the purpose of their annotations (Mdn =
4.0, IQR = 0.75). However, participants found that AnnotateGPT was
unable to find all the issues (Mdn = 2.5, IQR = 1.0). These findings
suggest that AnnotateGPT can accurately infer the purpose of its an-
notations and provide meaningful feedback to the identified sentences.
However, there were some inconsistencies in targeting all issues.
Regarding their overall annotating experience, there were no sta-
tistical differences between TECHNIQUE. Participants found grading
the test (ANNOTATEGPT: Mdn = 3.5, IQR = 2.5; BASELINE: Mdn =
3.5, IQR = 1.75) and providing feedback to be easy (ANNOTATEGPT:
Mdn = 3.5, IQR = 1.75; BASELINE: Mdn = 3.5, IQR = 1.00). They
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Strongly Disagree I Strongly Agree

The automated feedback : 2 I
was easy to understand.
The automated feedback was helpful. 1 4 .

The automated annotations were helpful. 1 3

The automated annotations 3 3
found all the issues | was looking for.

A
The assistant provided helpful ] 5 I
guesses on the purpose of the annotation.
-4

AnnotateGPT Feature Ratings

Figure 27: Questionnaire responses for AnnotateGPT’s features on a 5-point Likert scale. Participants agreed that AnnotateGPT accurately inferred
the purpose of their annotations and provided helpful feedback. However, it was unable to identify all issues for a given purpose.

Navigating through the test was easy. 2 2 l 1 2 l
. Iam confident in the B B B 5 Al
final results of my annotations.
found all the issues in the test.
Grading the test was easy. 2 1 il 2
Giving feedback was easy. 1 2 dl 1 2 3

-5 -5
AnnotateGPT Ratings Baseline Ratings

—_
w

Figure 28: Questionnaire responses for the evaluation experience on a 5-point Likert scale. Participants found it easy to grade and provide feedback
on the essay, but they are not confident that they found all the issues for both techniques.
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Figure 29: Number of annotations between AnnotateGPT and baseline, along
with human-rated annotations for AnnotateGPT.

also reported comparable confidence in the final results of their anno-
tations (ANNOTATEGPT: Mdn = 3.0, IQR = 1.5; BASELINE: Mdn = 2.5,
IQR = 2.5) and in identifying all issues in the test (ANNOTATEGPT:
Mdn = 2.5, IQR = 1.75; BASELINE: Mdn = 1.5, IQR = 1.75). Fi-
nally, both techniques were rated similarly in terms of ease of navi-
gation (ANNOTATEGPT: Mdn = 4.0, IQR = 2.25; BASELINE: Mdn = 4.5,
IQR = 1.0), indicating overall similarity in user experience across
conditions.

FEEDBACK RATINGS Participants also verified each AnnotateGPT’s
annotations. On average, there were 54 (95% CI: [32, 78]) accepted
annotations, 21 (95% CI: [14, 30]) rejected annotations, 9 (95% CI: [3,
17]) helpful annotations and 10 (95% CI: [7, 12]) user annotations.
ANNOTATEGPT significantly (Z = 0.0, p < 0.05, r = 0.70) made more
annotations (see Figure 29).

FEEDBACK QUALITY [Participants generally perceived AnnotateGPT
as providing broader and more efficient support during the annotation
process when compared to the baseline. AnnotateGPT was able to
“look at a bigger scope” [P1] and “relying on [AnnotateGPT] to read it for
me and find all those errors” [P5], suggesting a perceived enhancement
in coverage. One participant noted they “graded more in total using
[AnnotateGPT]” [P3], attributing this to the Al’s ability to “look at
things I wasn't able to and save time” [P1] under time constraints.

A common theme in the difference between each technique’s feed-
back is that the baseline only states what the problem is (e.g. “awk”
or “reword”), while AnnotateGPT explicitly states the reason (see
Table 6). Several participants acknowledged AnnotateGPT’s strengths
in content-related feedback, with one stating that AnnotateGPT was
particularly effective when they were “looking more at the content of
answers” [P5] and another reflecting that “[AnnotateGPT] gave better
feedback than I would write” [P4]. However, this benefit also introduced
concerns about over-reliance. For example, one participant noted, “I
liked the suggestions it gave for [AnnotateGPT], I didn’t find it always con-
sistent” [P6] in finding the issues, while another reflected that they
were letting “the Al would write for me in a way” [P5].
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Category Purpose Example Feedback
Grammar and Grammar issue: Change
Grammar Punctuation “brought him in” to “brought
Issues him into.”
Revise “having a blast” to a
Vi Vocabulary L
ocabulary formal or descriptive term that
Enhancement . . .y
suits the discussion’s tone.
Promoting Sentence is overly complex and
Sentence o e
Clarity in verbose; divide into smaller
Structure E . .
xpression sentences for clarity and focus.
Use preceding transitions to
- Importance of connect the personal example to
Organization .
Transitional the broader argument smoothly.
& Coherence . .
Phrases Example: “This pursuit often

results in...”.

Emphasizes the emotional
aspect of guided tours
effectively. Specify how guides
enable this emotional
connection.

Recognition of
Strength

Task
Achievement

Table 6: Example feedback by AnnotateGPT from each category and has been
accepted by the participants.

Participants generally found AnnotateGPT beneficial for creating
faster and more in-depth feedback, particularly in complex or time-
sensitive situations. However, they also emphasized the importance of
balancing it with manual review. As one participant proposed, a better
workflow might be to “go through it and mark it first, and then use the
assistance as the secondary tool” [P5], which followed the workflows of
P3 and P6. AnnotateGPT was regarded as a valuable support tool for
surfacing major issues and enhancing the feedback process, especially
when used in conjunction with manual annotation.

5.4 SUMMARY

A user study (N = 6) was conducted to evaluate AnnotateGPT, a
system that leverages LLMs to generate feedback based on user anno-
tations during the evaluation of English essays. Participants engaged
with AnnotateGPT and a baseline annotation tool to evaluate essays,
revealing a tendency to rely on the model for interpreting short or
unclear annotations, but AnnotateGPT often accurately inferred user
intent (RQ1). Participants acknowledged the high quality of feedback
but noted some inconsistencies in coverage (rRQ2). Usability ratings
were comparable for both tools, with AnnotateGPT perceived to reduce
the physical effort required for annotation. These insights indicate that
LLM-based systems can significantly enhance human annotation by
providing context-sensitive suggestions, particularly when user input
is explicit and intentional.



DISCUSSION

This chapter examines the design implications of using annotations
to guide LLMs in feedback workflows. It also introduces example
scenarios on how it can be integrated into current annotation practices
and possible applications outside of making sense of text. It concludes
with a discussion of the study’s limitations and future work.

6.1 DESIGN IMPLICATIONS

Study findings suggest several design directions for LLM-integrated
annotation tools. These include using LLMs to augment feedback
workflows, support educational equity for diverse educators, and
rethinking annotation as a rich interaction paradigm for guiding Al
output. Together, these insights suggest that users can collaborate with
LLMs by using annotations.

6.1.1  LLMs as Cognitive Augmentation in Feedback Workflows

The user study suggests that AnnotateGPT functions as a cognitive
augmentation, helping users transform telegraphic annotations into
fully articulated feedback with ease. Users often relied on Anno-
tateGPT to extrapolate from little to no textual signals and found the
model’s interpretations aligned with their intentions. This aligns with
previous works on LLM-integrated systems [26, 31, 35, 44, 91, 97, 116],
where they aid in expression rather than idea generation, enabling
users to concentrate more on the overall content and less on specifics.
For example, Code Shaping [116] enables users to create and edit
code by making annotations and sketches, shifting the programming
process from a syntax-focused method to one that prioritizes code
structure and flow.

In this context, AnnotateGPT collaborates with the teacher in the
annotation process. Such systems can be especially valuable in scenar-
ios with high annotation throughput (e.g., large class sizes or timely
return time) by externalizing the labour of phrasing and formatting,
and allowing educators to focus cognitive effort on identifying issues
rather than constructing detailed responses. For example, participants
marked a telegraphic annotation on a student essay, and AnnotateGPT
returned a comment explaining the problems across paragraphs. The
user confirmed it was what they intended by verifying the annotations,
but would not have typed it out themselves. This demonstrates that
LLMs are not just automation tools, but cognitive collaborators that
can empower educators to focus on tasks that require critical expertise,
provided the system maintains alignment with pedagogical intent.
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6.1.2  Support Equity in Education

A crucial yet often overlooked impact of Al-driven systems is their
capacity to support educational equity. In educational settings where
classroom funding is limited, or a shortage of teachers results in teach-
ers having limited time, training, or language ability to offer high-
quality, detailed feedback to every individual student, AnnotateGPT
could effectively replace telegraphic notes with richer feedback. This
could be beneficial for teaching assistants or novice teachers who
struggle to provide clear and effective feedback in a timely manner.
For example, participants identified grammar and sentence structure
issues most frequently during the baseline. Conversely, AnnotateGPT
was used more to address organization and coherence issues, provid-
ing feedback on broader aspects of the text.

Previous research on human-AlI collaboration indicates that LLMs
can help level the playing field by enabling users access to domain-
specific knowledge or communication skills they may lack [61, 102].
In educational contexts, where the quality of teaching can vary, An-
notateGPT can provide novice teachers with timely, accurate, and
tailored feedback, especially in high-enrollment or under-resourced
settings. For instance, novice teachers can guide AnnotateGPT with
annotations and provide helpful, in-depth feedback aligned with the
curriculum objectives they are assessing, especially for a large num-
ber of student submissions. The curriculum objectives could also be
passed to the LLM to further align the feedback.

However, this benefit also has some limitations, where relying too
heavily on LLMs can promote a standard way of speaking or overlook
cultural differences, especially if these models are trained on data from
dominant cultural or academic perspectives. Therefore, it’s essential
to design systems that adapt to diverse cultures and personalize the
experience, ensuring that Al supports the teacher’s voice rather than
overshadowing it. For example, participants suggest marking the
document as Al-free first, then allowing the Al to review it a second
time. This was supported by earlier research indicating that revising an
essay with Al tools, after writing without Al, led to greater ownership,
better memory recall, and more strategic integration [53].

6.1.3 Annotation as an Interaction Paradigm

Our study highlights annotation as a central component, not just as
a tool for annotation, but as an interaction paradigm for engaging
with Al systems. While annotations have traditionally been private or
instructor-focused, their combination with LLMs like AnnotateGPT
transforms these annotations into expressive inputs that directly im-
pact system behaviour and feedback. This aligns with a broader trend
toward low-friction, in-context interfaces that leverage users’ micro-
actions (e.g., highlights, marginal notes, shorthand feedback) as signals
to Al systems [4].



6.2 EXAMPLE SCENARIOS

In our study, users frequently employed the system to “fill out”
or elaborate brief annotations into full suggestions, effectively using
annotations as a shared language between humans and Al This aligns
with recent research on intent-aware Al [67], wherein systems aim to
infer more robust context from user cues, and follows from previous
research that situates annotation as a space of interpretation and
sense-making [68, 112]. Instead of requiring explicit and deliberate
commands or form-based input, AnnotateGPT supports opportunistic
interaction wherein users write openly and let the Al infer intent, thus
reducing overhead and physical effort.

Future systems can build upon this paradigm by providing multi-
modal annotations or real-time previews of Al inferences to further
enhance transparency and accuracy. Ultimately, framing annotation
as an interaction paradigm creates a promising design space for col-
laborative, intent-aware interfaces that augment rather than replace
human input.

6.2 EXAMPLE SCENARIOS

Two usage scenarios are created to highlight the benefits of Anno-
tateGPT for teachers and demonstrate how it can be integrated into
existing annotation practices.

6.2.1 Lightweight Annotation for High-Volume Feedback

Justina teaches English at a public high school, where her two classes
total nearly 50 students. The current assignment, a persuasive essay on
environmental responsibility, has generated a high volume of student
writing that requires review. Given her limited time between classes
and meetings, she needs to provide meaningful feedback without
compromising consistency or clarity.

She turns to AnnotateGPT to streamline her evaluation process.
Justina prefers to work quickly: she highlights phrases and leaves
brief, often fragmentary annotations, such as “vague,” “support?,” or
“good rhetoric.” Rather than requiring her to slow down and write full
comments, AnnotateGPT treats these annotations as intent-rich cues
and generates expanded feedback suggestions on the fly.

Justina reviews each suggestion in line. She accepts many directly,
revises a few to match the tone she prefers for students by commenting,
and rejects others if they’re redundant. Since AnnotateGPT operates
within her natural annotation process, she doesn’t need to switch
modes or perform additional steps. Her shorthand becomes a trigger
for feedback expansion, enabling a smooth flow between recognition
and response.

Over the weekend, she can give detailed feedback on each submis-
sion much faster than at other times. Most importantly, the feedback
is consistent and structured even in high volume. For Justina, Anno-
tateGPT is not a substitute, but a cognitive amplifier that enables her
to give feedback effectively without compromising her pedagogy.
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6.2.2 Leveraging Annotation History Across Subjects

Ash is a teaching assistant responsible for evaluating writing assign-
ments across two distinct undergraduate courses: an introductory
academic writing class and a course on the ethics of computer science.
While both courses involve writing, the standards and priorities differ.
In academic writing, he emphasizes structural clarity, effective transi-
tions, and logical organization. In the ethics course, the focus shifts
to argumentative rigour, ethical frameworks, and engagement with
real-world case studies.

Ash uses AnnotateGPT to support giving feedback in both contexts.
As he works through multiple assignments each week, AnnotateGPT
silently builds an annotation history, observing patterns in his annota-
tions, identifying the types of annotations used for each context, and
linking those patterns to the course context and content.

Now, evaluating a paper for the ethics of computer science course,
Ash highlights a paragraph with a vague appeal to fairness in Al. He
writes “needs clarity.” Rather than suggesting feedback on vague writ-
ing mechanics, as might be provided in a writing course, AnnotateGPT
recognizes the course and essay topic and draws on prior annotations
related to ethics. AnnotateGPT correctly inferred that “clarity” in
this context referred not to sentence-level writing but to conceptual
framing, a distinction it has learned from its prior annotations in this
course. In contrast, the same input in the writing class would have
triggered feedback about transitions or sentence rephrasing.

For the ethics course, it uses exploratory language that encourages
ethical engagement, while in the writing course, it favours structural
advice. This style, maintained over several weeks, alleviates Ash’s
editing responsibilities, ensures consistent feedback, and allows him
to focus more on students’ ideas rather than punctuation and sentence
structure.

By retaining past annotations, AnnotateGPT enables Ash to teach
ethics while preserving the subtleties of his teaching style. The tool
adapts to the context of each class, enhancing the quality of feedback,
aligning with learning objectives, and providing timely feedback.

63 ENVISIONED APPLICATIONS

While annotations are traditionally used for making sense of text, they
also represent an underexplored yet powerful modality for interaction.
Their nature of intention, context, and simplicity makes them ideal for
guiding Al-enabled systems where explicit input is costly or disruptive
by re-imagining annotations not merely as metadata but as interactive
signals that highlight the expressive potential of annotations as a
primary interface paradigm.



63 ENVISIONED APPLICATIONS
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Figure 30: Sample use cases of using annotations to edit and refine generative
content, where (a) it can be used to refine image generation, (b)
make action flows for video generation, and (c) create and edit
user interfaces.

"Which of these app/es are best for ma/ein_g Ipie?" Can you translate or exlp/ain what this item is?”

Can you save this dress design/ (mage for later reference?”

Figure 31: Sample use cases of using annotations to interact with smart
glasses. Mid-air hand gestures can be used to create annotations
and form complex queries. For example, (a) which apples are
best for apple pies, (b) translation and (c) saving an item for later
reference. All sample queries are sourced from ChatGPT and
provided with the corresponding image.
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6.3.1 Editing Generative Content

Generative Al tools have been increasingly used in design workflows.
While text prompts serve as the primary input modality, users often
struggle to create effective prompts to refine generative content [83].
Annotations can be used to define spatial constraints and reference
elements within the content [83]. For example, annotations can help
refine images, specify action flows for video generation, or create and
refine user interfaces. Ultimately, using text prompts to iterate and
refine generative content can be costly, making annotations a valuable
alternative (see Figure 30).

6.3.2  Modality for Augmented Reality

As smart glasses, such as Meta’s Ray-Ban and Orion, continue to
evolve, they will likely incorporate enhanced augmented reality (AR)
capabilities, as well as possibly hand tracking and eye tracking. One
of the existing modalities for interacting with smart glasses is to use
a voice assistant to make complex queries. However, using voice in
public is not ideal as it can be intrusive. Annotations can be used
instead to convey their intent. Users can use mid-air hand gestures to
create annotations, and the LLM will transform them into a complex
query. For example, the user can leave a brief annotation, “Pie?”, near a
variety of apples, and the LLM can predict “Which of these apples are
best for making pie?” (see Figure 31). These queries are actually from
ChatGPT, provided with the corresponding image, demonstrating that
a single annotation can result in multiple actions (e.g., translation and
audio) with the smart glasses.

6.4 LIMITATIONS & FUTURE WORK

This work demonstrates that LLMs can enhance educational annota-
tion workflows. However, limitations of the study findings affect the
generalizability. First, the user study involved only six participants,
which restricted statistical power and diversity in pedagogical goals.
While suitable for exploratory HCI research, future studies should
recruit a broader participant pool across institutions and diverse teach-
ing experiences to validate the results.

Second, AnnotateGPT was evaluated in a single-session setting,
which overlooks the effects of long-term use, including trust and habit
formation. There are concerns that Al tools can lead to overreliance, so
longitudinal studies are necessary to understand how teachers adapt
to LLM-assisted workflows and whether improvements in efficiency
or feedback quality persist over time.

Notably, the evaluation focused on instructor experience rather than
student outcomes. Participants reported a reduced physical work-
load and appreciated the fluency of the generated feedback. However,
this work did not assess its impact on student learning or trust in
instructional communication. For example, participants found that



6.5 SUMMARY

AnnotateGPT did not find all issues. However, overcommenting can
undermine the students” motivation and confidence [95]. Understand-
ing the effects of Al-augmented annotation on students is a critical
next step.

Finally, future work must address the ethical implications of using
LLMs in education. Al assistance can overshadow the teacher’s iden-
tity. Transparent design choices, such as disclosing Al involvement and
preserving the educator’s voice, are crucial to enhancing pedagogical
goals. Future work could also explore implementing dynamic scopes
to support more workflows or encourage additional user annotations.
For instance, instead of searching the entire document, it could be
restricted to one question at a time or to one question across multiple
documents or students, forcing more user annotations. Future work
could also determine whether a user has finished annotating the doc-
ument or if the annotation is explicit before activating the assistant,
which may enhance ownership and preserve the educator’s identity
in the annotations. [53]

6.5 SUMMARY

In conclusion, the study findings illustrate how LLMs serve as cog-
nitive amplifiers in feedback workflows, transforming educators into
curators of feedback. This shift not only reduces physical workload but
also facilitates more dynamic interaction. In the future, annotations
can serve as a flexible interaction modality that promotes personal-
ization, content creation, and adaptation in various settings. These
trends suggest a future where annotations serve not only to make
sense of text but also to establish an interactive paradigm between
human intentions and Al
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CONCLUSION

This work explores how large language models can augment human
annotation practices, transforming feedback from a laborious task
into a collaborative interaction. This leads to two research questions:
(RQ1) whether LLMs can infer the purposes behind annotations and
(RQ2) whether they can be used for comprehensive and continuous
document annotation. Through a user study of AnnotateGPT, the
findings show that annotations are often ambiguous or shorthand,
yet still serve as surprisingly rich signals for LLMs, enabling efficient
and expressive interaction without compromising control (rQ1). In
addition, it was able to articulate in-depth feedback throughout the
document, reduce physical workload, and preserve educator control
(RQ2). However, these benefits also challenge traditional notions of
authorship and agency. As annotations shift from making sense of
text to an interaction paradigm, they blur the boundary between user
intention and system behaviour. Much like the saying “a picture is
worth a thousand words”, with the current technology, even a scribble
is worth a thousand words.
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APPENDIX

A1

ID

P1

P2

P3

Py

Ps

P6

ANNOTATION HISTORY

Last Annotation History Entry

The user has a pattern of marking significant terms and
grammatical elements in their annotations, often using red
to denote importance, as seen in previous annotations that
emphasized key beliefs and grammatical elements like
subject pronouns.

The user has previously provided annotations aimed at
improving clarity in student writing, recognizing strong
arguments, and informing students about structuring their
thoughts and engaging with their educational perspectives.

User has a history of using underlining for emphasizing
important phrases, red pen strokes for indicating questions,
and comments that encourage clarity and conciseness in
student writing.

Past annotations have included corrections and highlights
for clarity and precision, emphasizing the importance of
strong argumentative language and precise wording in
student writings.

Previous annotations in the history involve circling
significant phrases and marking corrections, emphasizing
the importance of clarity and coherent sentence structures.
The user often highlights crucial ideas or transitions,
indicating a focus on constructive critique and feedback for
student improvement.

The user’s annotations support both revision by
highlighting key educational arguments and targeted
feedback by clarifying student performance and future
planning.

Table 7: The annotation history shown at the last activation when inferring

the annotation purpose for each participant.
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A.2 ADDITIONAL STATISTICAL TEST RESULTS

Term Df
TECHNIQUE 1.0
QUESTIONS 7.0

TECHNIQUE X QUESTIONS 7.0

D fres F P
75.0 17.758 0.000 0.191
75.0 2.671 0.016 0.200
75.0 0.860 0.542 0.074

Table 8: ART ANOVA results for strokes per annotation

Term Df
TECHNIQUE 1.0
QUESTIONS 7.0

TECHNIQUE X QUESTIONS 7.0

D fres F p ’7%

75.0 42.704 0.000 0.363
750 7:589
75.0  2.882

0.000 0.415

0.010 0.212

Table 9: ART ANOVA results for number of annotations

Term Df
TECHNIQUE 1.0
QUESTIONS 7.0

TECHNIQUE X QUESTIONS 7.0

D fres F p 77%
75.0 15.364 0.000 0.170
75.0 7.783 0.000 0.421
75.0 2736 0.014 0.203

Table 10: ART ANOVA Results for annotating duration



Q1
Q2
Q3
Q4
Qs
Q6
Q7
Q8

Table 11: Pairwise Benjamini-Hochberg adjusted p-values between questions

Q1
Q2
Q3
Q4
Qs
Q6
Q7
Q8

Table 12: Pairwise Benjamini-Hochberg adjusted p-values between questions

ANNOTATEGPT
OO O Ol Ol ORy OIN®
Ol O Ul A~ WN R

Table 13

Q1

Q2

0.010

A.2 ADDITIONAL STATISTICAL TEST RESULTS

Q3
0.006

0.895

Q4
0.000
0.226

0.304

Q5

0.000
0.048
0.072

0.498

Q6
0.000
0.048
0.072

0.498
1.000

Q7

0.000
0.160
0.211
0.873
0.632
0.632

for ANNOTATEGPT regarding the number of annotations

Q1

Q2

0.341

Q3
0.400

0.927

Q4

0.020
0.200

0.160

Qs
0.318
0.986

0.895
0.211

Q6

0.001
0.014
0.010
0.263
0.015

Q7

0.000
0.005
0.003
0.136
0.005

0.755

for BASELINE regarding the number of annotations

Q1

0.509
0.001
0.001
0.000
0.000
0.000
0.000

0.000

: Benjamini-Hochberg adjusted p-values for ANNOTATEGPT Vs. BASE-

Q2

0.820
0.020
0.014
0.000
0.000
0.000
0.000

0.000

Q3

0.895
0.015

0.010
0.000
0.000
0.000
0.000

0.000

BASELINE
Q Qs
0.115 0.787
0.346 0.022
0.267 0.015
0.025 0.000
0.003 0.000
0.003 0.000
0.015 0.000
0.015 0.000

Q6
0.006

0.895
1.000
0.309
0.072
0.072
0.212

0.212

Q7

0.002
0.632
0.748
0.527
0.160

0.160

0.394
0.394

Q8

0.000
0.160
0.211
0.873
0.632
0.632

1.000

Q8

0.003
0.048
0.035
0.545
0.051

0.657
0.411

Q8
0.022
0.787
0.664
0.128
0.021

0.021

0.077
0.077

LINE across questions regarding the number of annotations
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Q1 Q2 Q3 Q4 Qs Q6 Q7 Q8

Q1 - 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Q2 - 0.851 0.244 0.051 0.051 0.121 0.315
Q3 - 0.354 0.084 0.084 0.194 0.434
Q4 - 0.452 0.452 0.736 0.912
Qs - 1.000 0.723 0.370
Q6 - 0.723 0.370
Qy - 0.630

Table 14: Pairwise Benjamini-Hochberg adjusted p-values between questions
for ANNOTATEGPT regarding annotating duration

Q1 Q2 Q3 Q4 Qs Q6 Q7 Q8

Q1 - 0194 0.522 0.010 0.058 0.000 0.000 0.000
Q2 - 0.529 0.233 0.598 0.025 0.011 0.009
Q3 - 0.062 0.228 0.003 0.001 0.001
Q4 - 0.535 0.321 0.198 0.175
Qs - 0.096 0.051 0.043
Q6 - 0.790 0.736
Q7 - 0.957

Table 15: Pairwise Benjamini-Hochberg adjusted p-values between questions
for BASELINE regarding annotating duration

BASELINE

Q1 Q2 Q3 Q4 Qs Q6 Q7 Q8

Q1 o0.951 0.223 0.578 0.013 0.071 0.000 0.000 0.000
Q2 0.000 0.023 0.003 0.301 0.089 0.968 0.817 0.770
E Q3 0.000 0.012 0.001 0.212 0.054 0.817 0.968 0.932
E Q4 0.000 0.000 0.000 0.025 0.003 0.228 0.370 0.417
% Q5 0.000 0.000 0.000 0.002 0.000 0.047 0.090 0.104
<Zn Q6 0.000 0.000 0.000 0.002 0.000 0.047 0.090 0.104
Q7 0.000 0.000 0.000 0.008 0.001 0.110 0.208 0.228
Q8 0.000 0.001 0.000 0.037 0.005 0.296 0.452 0.504

Table 16: Benjamini-Hochberg adjusted p-values for ANNOTATEGPT VS. BASE-
LINE across questions regarding annotating duration



Subscale

Physical
Frustration

Temporal

Performance

Effort
Mental

Table 17: NASA-TLX scores for ANNOTATEGPT and BASELINE

A.2 ADDITIONAL STATISTICAL TEST RESULTS

Mdn

(GPT — Base)
2.00 — 2.50
2.00 — 2.50
5.00 — 5.50
4.00 — 3.00
5.50 — 5.50
6.00 — 6.00

IQR

(GPT — Base)
0.75 — 2.50
1.50 — 2.50
3.75 — 4.00
2.25 — 0.75
1.75 — 2.50
1.50 — 2.25

Z

0.00
4.00
4.50
4.00
10.00

9.00

0.03
0.22
0.69
1.00
1.00

0.84

0.62
0.36
0.12
0.00
0.00

0.06
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