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o Mahajan was made an author affer his usage of NB; he had
no special incentive to make the NB succeed, aside from
an interest in teaching well.

o Our data from many of the other high-usage classes is qual-
itatively similar, as we aim to report in an extended version
of this article.

in i ing had 91 stu-
dents. The thrice-weekly class lectures came from a pre-
print version of Mahajan’s textbook. He assigned sections
of the book, usually about 5 pages long, for each lecture.

The previous four times he had taught the course, Mahajan

required students to submit a paper-based “reading memo”—

annotations taken on the sides of the lecture pages—at the be-
ginning of each class. This method was popularized by Edwin

Taylor [12). Mahajan required students to make a “reasonable

effort”, defined in the syllabus as follows: “For reasonable ef-

fort on a reading memo one comment is not enough unless it
is unusually thoughtful, while ten is too many”.

NB replaced the previous paper-based annotation system.
Mahajan left the reading memo model and instructions un-
changed but modified the deadline: instead of requiring that
annotations be delivered in class, he made the online annota-
tions due 12 hours before class, intending to peruse them prior
to lecturing (we discuss the consequences of this change in
the The Instructor Perspective section). There were no Teach-
ing Assistants (TAs) for this class.

Method

Our analysis is based on log data, user questionnaires, and
a small focus-group interview. The log data included user
actions down to the action level and were kept in a standard
log file. All annotations that users produced were stored, with

data [9]. These themes were discussed by all the authors, then
re-read to examine the agreed-upon themes in more detail.

FINDINGS

In this section, we assess the usage of NB by examining the
corpus of annotations and its creation process. We present ev-
idence that substantial amounts of collaborative learning [8]
occurred within NB. The annotations were primarily substan-
tive content [8] regarding the course. Discussion threads were
extensive. Students became active participants in questioning
and interpreting the course material, with a large majority of
questions by students answered by other students. Students
interleaved annotation with reading, benefiting from the op-
portunity to see content and respond to content while in the
‘midst of reading, instead of navigating to a different discus-
sion site. Exploiting the geographic situatedness of annota-
students posted comments that addressed several dis-
tinct but co-located threads simultaneously.
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assignment was 3.67. This quantity increased over the course
of the semester: a linear regression of this quantity over time
shows it increasine from 2.73 to 4.2 per assignment. an in-
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Figure 1: A screenshot of TractorBeam open on a paper, showing 1. The PDF viewer, where both human and LM annotations
are displayed directly on the PDF; 2. The “highlighters” view, where users can specify their own schema for annotation; 3. The
Al control panel, where users can configure and trigger AI highlighting; 4. An example modal dialog for users to accept or
reject LM highlights before iteratively re-annotating. In the viewer, solid and dashed underlines indicate user-provided positive

and negative examples, and squiggly highlights indicate AI highlights. The PDF in this example is Zyto et al. [66]

Abstract

Language model-based systems have become popular tools for
sensemaking. Despite their capabilities, including expanding the
scope of sensemaking to whole corpora, these systems still suffer
from issues of factuality and provenance, while encouraging pri-
marily top-down sensemaking. We present TractorBeam, a browser
extension-based mixed-initiative system that uses collaborative
annotation as an interface metaphor for sensemaking, re-framing
language model (LM) outputs as suggested highlights in a process
that we call collaborative machine annotation. This metaphor allows
us to present LM results in-context on PDF documents, directly
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addressing concerns of provenance and factuality, while allowing
users to iteratively construct mental schemata and queries for lan-
guage models directly in the context of a document. Participants in
our think-aloud and diary studies found that TractorBeam’s collab-
orative annotation interface allowed them to iteratively construct
useful, personalized highlighting systems, encouraged them to ac-
tively schematize their reading, and accomodated both top-down
and bottom-up sensemaking.
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1 Introduction

Making sense of large document collections is a fundamental task
for many kinds of knowledge work. Though the specifics and goals
may vary, the need to construct coherent understanding of a corpus
of documents persists across fields and domains. As a result of this
need, technological assistance for sensemaking has a long history
in the human-computer interaction literature [40, 54, inter alia].
The foci and affordances of sensemaking systems over this period
have varied widely, from tools that visualize document collections
in various ways, for example facilitating iterative or collaborative
search for documents [4, 49], visualization of documents based
on document attributes, whether from metadata, automatically
inferred, or user-specified [12, 26, 58], or in-context annotation of
document content [3, 19].

More recently, large language models (LLMs) have increasingly
been pitched as solutions that expand the scope of sensemaking.
LLMs allow users to express their intent to a deployed system via
natural language queries, and enable more user-specific process-
ing of documents across entire corpora. For example, systems like
ScholarQA [2] and DocWrangler [56] facilitate complex processing
over collections of documents, and LM-based assistance for qual-
itative coding is an active area of research [21, 42, 55, inter alia].
However, though these systems allow users to specify complex and
specific intents, they nonetheless raise a number of concerns.

First, the output of these systems often takes the form of gen-
erated text. Validating the provenance and accuracy of the infor-
mation in generated text remains a challenge. While citations have
often been presented as a fix for this problem, Ding et al. [16] found
that the presence of citations can increase trust in results even as
following those citations decreases it; Onweller et al. [47] find that
even where citations are referentially correct, the cited sources
often do not support the evidence presented. Earlier sensemaking
systems like Scim [18] or PaperPlain [3], though statically defined,
do not suffer the provenance issue by displaying their suggestions
as in-context augmentation of documents, which makes evaluating
accuracy and provenance much simpler.

More generally, LM-based sensemaking tools typically present
the LLM—whether as a chat interface or otherwise—as the primary
interface to the process of sensemaking. This results in what Pirolli
and Card [51] describe as a "top-down" process: sensemaking begins
in the LLM output rather than in the data itself. In the case of chat-
based systems like ScholarQA, requires the user having to have a
well-defined question to answer before using the system; in the
case of systems like DocWrangler, this requires the user to have
a set of desired results and a way to evaluate suggestions before
engaging with the system at all. Sensemaking, however, is often
iterative, moving from data to schema ("bottom-up sensemaking")
in addition to the top-down version that these tools facilitate in a
mutually constitutive relationship.
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LLM-based systems are also pose challenges to users because of
the unpredictability of LLM performance even on similar tasks, the
so-called “jagged frontier” of LLM performance [15]. Worsening
this further is the degree to which LLM performance can depend
on specific prompting patterns that users may be unaware of [63].
Prior work has studied extensively how to scaffold user-driven ,
iterative development of LLM systems on their own terms[1, 52],
and we argue that those tools must also be deployed in the service
of sensemaking.

To better support LM-assisted, iterative sensemaking, we present
TractorBeam, a browser extension-based system that conceptual-
izes sensemaking assistance as a process of collaborative annotation
on document content between a user and an LLM, a process that we
call collaborative machine annotation. TractorBeam draws on the
extensive study of collaborative annotation in educational settings
[11, 14, 23, 28, 45, 60, 66] that establish that annotation, both col-
laborative and individual, can increase engagement in reading. The
placement of annotations directly on the originating documents
encourages bottom-up sensemaking as users read, while at the
same time offering them the ability to engage with documents top-
down through annotations as suggested points of interest. Users
can additionally interactively evaluate and edit these annotations,
as in systems like PaTAT [22], ChainForge [1], or Raggy[52]. As
users develop deep familiarity with the models they build, these
models can also be extended to support top-down, corpus-level
sensemaking as in systems like DocWrangler[56].

2 Related Work

Al-assisted Sensemaking. We attempt to situate TractorBeam
in between two closely related lines of work. First, earlier reading
assistance-based sensemaking tools that render their suggestions in-
context on the document, like Scim [19] and PaperPlain [3]. Second,
TractorBeam depends on the flexibility and expressive power of
LLMs, as exemplified by sensemaking systems like ScholarQA [2]
and DocWrangler [56]. TractorBeam aims to provide users the
affordances of in-document highlights, while allowing them the
flexibility to determine what should be highlighted.

Collaborative Annotation. TractorBeam’s design frames LLM
sensemaking assistance as collaborative annotation on a PDF doc-
ument between a reader and the LLM. We design around collab-
orative annotation to draw upon its well-documented benefits to
reading, both in individual and collaborative settings. Hwang et al.
[28], Miller et al. [44], Su et al. [60] demonstrate, for instance, that
collaborative annotation systems help students’ performance on
evaluations in both individual and collaborative settings. Zyto et al.
[66] additionally discuss the benefits of highlighting specifically as
it pertains to the spatial dimension: highlights serve as an index of
the content of readings, to direct students’ attention. TractorBeam
operationalizes this directly with its minimap feature, as outlined
in section 4.

Qualitative Coding and Information Extraction. Highlighting doc-
ument content is also closely related to the processes of qualitative
coding as part of methods like thematic analysis and grounded the-
ory, and to information extraction in natural language processing.
Work in qualitative coding has studied both the formation of the
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codes, as well as their application with Al Jiang et al. [30] find that
researchers wish to retain agency over the creation of the codes,
but both they and Marathe and Toyama [42] find that qualitative
researchers would like support in the application of codes to new
documents. TractorBeam’s design is influenced by best practices in
qualitative coding assistance in centering the user’s role in defin-
ing what should be highlighted, while at the same time allowing
an evolving set of “codes” to be applied iteratively to both new
and old documents. We also derive inspiration from the vision of
next-generation information extraction outlined in Katz et al. [33],
which envisions a process of information extraction that is not
merely a search for predefined entities, as in classical named entity
recognitions, but a dynamic process that centers user-defined intent
to allow for the detection of fine-grained, idiosyncratic categories
of entities such as dinosaurs and dog breeds.

Scaffolded End-user Programming. The advent of LLMs has seen
arise in the degree to which end-users are expected to specify the
behavior of computer systems. As outlined in section 1, while LLMs
allow for granular specification of user intent, reasoning about the
effects of those changes can be challenging. Prior work handles this
in different ways that nonetheless focus on allowing users the abil-
ity to confidently make changes in LLM systems and reason about
the results. ChainForge [1], for example, facilitates the comparison
and evaluation of multiple LLMs by integrating evaluation results
directly into the prompt development flow. PaTAT [22] takes a
different tactic, transforming user annotations of qualitative codes
into interpretable combinations of lexical and grammatical rules
that are then used in place of an LLM. PaTAT additionally allows
users a great deal of flexibility in managing their codes through
renaming, merge/split operations, or outright deletions. Tractor-
Beam aims to scaffold the user specification of LLM behavior with
both direct evaluation of annotations on PDF content, as well as a
similar flexible annotation management system to PaTAT.

3 Background and Design Goals

TractorBeam builds on three lines of work to inform its design goals.
First, work that characterizes expert reading processes [6, 24, 46],
to inform where Al can support existing experts’ process of reading.
Second, the closely related literature on Al support for qualitiative
coding [17, 30, 42], which both identifies some similar needs to the
reading support literature, as well as suggesting best practices for
Al support. Finally, we incorporate the ML Ops perspective from
[57]. We discuss how each of these threads informs TractorBeam’s
design below.

Gururaja et al. [24] study the reading processes of experts across
two domains, and find similarly to Bazerman [6], Mysore et al.
[46] that experts’ reading processes are deeply idiosyncratic, and
typically involve the continual, iterative development of mental
schemata as reading progresses. They outline four principles for Al-
supported reading: that systems should allow users to personalize
systems to their own needs, rather than only those foreseen by the
developer; that that personalization must allow for iteration and
development as the goals for the reading support system, or the
reading itself, shift; that the tools must support users in reasoning
about the social context of documents, and how that social context
informs perceptions of relevance and quality; and finally, that these
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tools must be accessible, in that they should allow users to define
their reading support without the burden of context switching to a
dedicated annotation tool, or to code.

The iterative construction of idiosyncratic frames mirrors find-
ings from studies of qualitative coding, which also relies on the
affordances of highlights, typically as a preliminary step. Jiang et al.
[30], for instance, describe a common process across qualitative
traditions of finding “data snippets of interest” before iteratively
attempting to categorize or describe them. In addition to the shared
focus on idiosyncrasy and iterativity, they additionally describe
their participants focus on uncertainty, ambiguity, and serendipity:
participants feel adamantly that they do not wish for the automa-
tion of this type of analysis, and that the messy processes of finding
passages and categorization constitute the sensemaking process,
rather than being barriers to it. Later work in Al-supported qual-
itative work has reified this focus: Than et al. [61], for instance,
centers the iterative loop as part of developing a codebook in their
study of coding a news corpus; Ibrahim et al. [29] additionally sug-
gests documenting the iterative development of Al instructions
and codebooks is analogous to recording interactions with research
participants. Unlike in qualitative coding, however, we expect cate-
gorization for reading support tools to remain incomplete as users
continue to read.

Iterativity is not always simple to enable, given the unpredictabil-
ity of LLM behavior. Small user changes in the wording of prompts,
for example, can cause unpredictable changes in a model’s predic-
tive performance. Even were the user to configure, prompt, and
otherwise set the system up perfectly, the underlying models them-
selves have limitations—social reasoning, for example, is an under-
studied aspect of model behavior, with early results indicating that
models are often far too credulous [62] and make unpredictable in-
ferences from seemingly unrelated demographic and cultural cues
[31, 37]. Shankar et al. [57] outlines a three-principle framework
for machine learning operations (MLOps) that characterizes how
industry practitioners effectively build and operationalize machine
learning-based systems over time: they focus on the “three Vs” of
velocity, validation, and versioning. Velocity is primarily important
due to the unpredictability and experimental nature of machine
learning systems: being able to try several modeling choices easily
in order to determine which might work enables effective devel-
opment. Validation refers to the (typically quantitative) ways to
assess whether the impacts of a change are desirable or not, and
versioning refers to the ability to roll back to a previous state known
to be good if the experimentation is failing to produce a model that
meets desired performance characteristics.

We see several synergies between these three sets of goals—
reading assistance, qualitative coding, and MLOps—that inform the
following design objectives for TractorBeam:

Personalization amid Uncertainty The primary purpose of
the system should be to support readers’ idiosyncratic processes.
Any support that the tool offers must reflect user priorities, and as
such, should not attempt to anticipate user needs or otherwise act
without explicit user interaction, so as not to coerce the user to re-
solve ambiguity and uncertainty before they are ready. The system
should not require user input before the user has an information
need—it should support users organically coming to information
needs as they read.
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Iterativity Users must be able to modify, reconfigure, or oth-
erwise change the functioning of the tool, in order to tailor the
support provided by the tool to their needs. In addition to merely
allowing this iteration, however, the tool should proactively scaffold
this iteration such that users can effectively reason about changing
the functioning of the tool, in keeping with the MLOps principles
above: changes must be easy, viewing and evaluating the results of
those changes should be fast, and users must be able to roll back to
a previous version of the system if the changes are ultimately not
useful.

Design around failure In addition to the iterativity of the users’
reading, best practices for machine-learning based systems also
hinge on iterativity, because of the relatively high likelihood that
the change a user makes to a system will have unpredictable conse-
quences. As a result, the system must design around the potential
failures of models to accurately reflect the user’s intent, whether
because of underspecification or fundamental limits. Further, the
tool should allow differential use—users should be able to use the
provided support to the degree that it is useful, without that support
being an all-or-nothing choice.

Accessibility Finally, the tool should aim to minimize the degree
of context switching required of users. More traditional approaches
to the development of ML approaches involve pipelines spread
across multiple bespoke tools, often used by people in different
roles: computational notebooks for data scientists conducting ex-
ploratory analysis, annotation tools with data in custom formats for
annotation and resolving disagreement, and separate tools still for
training the model, evaluating its predictions, and monitoring its
performance. These choices reflect the separate expertise and effort
that go into maintaining machine learning systems. Given that this
tool aims to allow individual users to develop reading assistance
for themselves, this staged pipeline approach becomes impractical.
To the extent possible, the exploration, analysis, training, and eval-
uation should happen inside the user’s existing process, so as to
minimize the effort required of a user to keep their reading support
models up to date.

4 TractorBeam

In this section, we present TractorBeam, the system that we de-
signed and implemented in response to the design goals of the
previous section. TractorBeam is a browser-extension based system
that allows users to create, evaluate, and iterate on personalized Al
sensemaking systems from within the context of PDF documents.
TractorBeam frames this Al support as the output of a collaborative
annotation process, where both user highlights and AI outputs are
visualized as highlights on document content. We term this process
collaborative machine annotation. In this section, we discuss the
design choices that we made and how they were shaped by our
goals.

4.1 Collaborative Annotation in the PDF Viewer

Users access TractorBeam by launching the extension when they
are viewing a PDF document. TractorBeam then opens in its default
view, as seen in Figure 1: a PDF viewer and a sidebar containing the
controls for the user and machine annotation (which we discuss
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below). We chose to extend the browser and present a largely un-
modified PDF reading experience to address our goal of accessibility:
PDFs are often read in-browser, and staying in this environment
means less disruption to existing workflows. TractorBeam can ad-
ditionally access local files, and is therefore compatible with the
workflows of users that maintain local PDF libraries with systems
like Zotero.

Similarly, we choose to vendor in a copy of Mozilla’s pdf.js
viewer—the default in the Firefox Browser—rather than implement
a new PDF viewer, as in AI2’s Semantic Reader project [39]. This
provides users with an instantly familiar PDF experience that si-
multaneously frees us from re-implementing common PDF func-
tionality. The centrality of the PDF viewer to this implementation
also underlines how reading is the primary modality for this tool—
users, upon first opening TractorBeam, can begin by reading for
bottom-up sensemaking, though machine annotation is available
if they so choose. This supports differential use: should the user
not wish to engage in annotation at all, the controls sidebar can
be minimized, and the user’s experience gracefully degrades to a
familiar PDF viewer.

In the PDF viewer, we present a similar user experience as pre-
sented by existing collaborative annotation tools like Hypothesis!
or Margin?. Users highlight text in order to annotate it, and can
additionally write notes that are stored alongside highlights. In
addition to this, we present the user with visual indications that in-
dicate provenance and epistemic status, as seen in Figure 2: user and
machine annotations are visualized differently. User annotations
are indicated as underlines, and machine annotations are indicated
as squiggly highlights. Their relative visual weight corresponds
to how much we intend for them to call attention to themselves:
users are presumably already aware of what they have annotated,
requiring less visual weight; machine annotations are intended to
direct attention.

Collaborative annotation presents a number of properties that we
believe effectively support the definition, validation, and iteration
on desired LLM outputs. First, collaborative annotation on the part
of the user is data annotation. Presenting data annotation in-place in
a PDF viewer allows for a significantly more integrated experience
for annotating data than common, standalone tools like INCEpTION
[34] or brat [59]: users now annotate and evaluate in-place in a tool
that they might already use in their workflow. Further, while recent
LLMs allow users to specify their behavior in terms of prompting,
which can be extremely effective in the low-data regime [7, 36, 38]
(a feature that TractorBeam takes advantage of, see sections 4.2 and
4.3), providing example instances can be a powerful complementary
input, as seen with in-context learning [10] or even fine-tuning,
which allows for more granular representation of intent, and can
also work on much smaller models for more efficient inference.
Prior work on evaluating LLMs for codebook following [20, 25]
indicate that fine-tuning can often be necessary for LMs to label
nuanced concepts.

Second, collaborative annotations are located both on and in
document content: the annotation is not separated from the context
that generated it, and is located close to annotations on nearby

!https://hypothes.is
2https://margin.at
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both collaborative and individual, can increase engagement in reading. The placement of annotations directly on the

originating documents also allows users to continue their iterative and interpretive reading practices, while at the same

time offering them the ability to engage with annotations as suggested points of interest while interactively evaluating

and editing them, as in systems like PaTAT [24], ChainForge [3], or Raggy[54]. As users develop deep familiarity

with the models they build, these models can also be extended to suppc

DocWrangler.

2 Related Work

Raggy

— Negative Example
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Al-assisted Sensemaking. We attempt to situate TractorBeam in bety
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earlier reading assistance-based sensemaking tools that render their sugg

[21] and PaperPlain [5]. These systems directly inspire TractorBeam’s rendering of its suggestions inline in documents.

Second, TractorBeam depends on the flexibility and expressive power of LLMs, as exemplified by sensemaking systems

like ScholarQA [4] and DocWrangler [58].

Figure 2: A closeup of the different types of annotations in TractorBeam. User annotations are displayed as underlines to
indicate certainty, while machine annotations are squiggly to indicate uncertainty. Dotted underlines indicate a negative
example, which users typically use for model corrections. Human and machine annotations can be seen simultaneously,
indicating where models have correctly recovered human annotations.

content. This implicitly supports the validation of machine per-
formance. Because LLM outputs are not abstracted away from the
documents, understanding whether or not they satisfy the user
intent is much simpler than following citation links. Users can
also over time build a deep, qualitative understanding of a model’s
performance, rather than relying on summative statistics that do
not accurately convey the experience of using a model. Machine
annotations’ groundedness also preserves serendipity in the pro-
cess of reading, which Binst et al. [8] define as “user experience in
which the user unintentionally encounters content that feels fortuitous,
refreshing, and enriching.” Regardless of the correctness of the high-
lights, users are able to look through the surrounding context to
find content that they may not have known they wanted, allowing
for the iterative, exploratory phase of reading to continue, even
where their attention is being directed by machine annotations.

4.2 Managing User schemata

Annotation in TractorBeam is schema-driven. Schemata (which we
term “projects” for users) are composed of a list of schema classes
(termed “highlighters”), which indicate different types of things to
be annotated. Highlights, whether user or machine, must belong
to a schema class. Schema classes are defined by a name, optional
description, and a list of instances; each schema class additionally
has an associated color, which the highlights inherit. Schemata
contain no classes by default: the construction of schemata, i.e. the
goals for the reading support, are entirely user defined, enabling
tailored annotation for exactly what the user is looking for. Users
can maintain multiple parallel schemata for different kinds of anno-
tation. Figure 3 shows a closeup of the TractorBeam schema editing
view, with primary editing affordances highlighted.
TractorBeam’s schemata are designed to be highly flexible: the
names of the schema, class names, and class descriptions are all
freely editable at any time, new classes can be created or deleted, and
instances can be freely re-assigned between categories or deleted.

While we do not explicitly support merge and split operations,
these are achievable as reassignments of instances. Aside from the
constraint that highlights belong to a schema class, this imposes
very little upfront structure: users are free to determine how much
structure they would like at any point during the annotation process.
A user could, for example begin with a catch-all “interesting things”
class that contains all of their highlights, and create new classes as
they begin to construct a mental model, reassigning highlights to
the new classes that they create along the way. This supports the
preservation of uncertainty, and the iterativity that comes in both
reading and qualitative coding: classes can be created, progressively
refined, or even completely redefined as the process of reading
demands. Despite the freeform structure, however, we do not allow
uncategorized annotations to encourage users to actively consider
categorization and schematization while using the tool, in keeping
with the model in Pirolli and Card [51].

4.3 Machine Assisted Annotation

LLM annotations in TractorBeam are controlled through the panel
in the bottom right (see element 3 in Figure 1 and Figure 4). As
with requiring user definition of the schemata for support, Tractor-
Beam requires users to trigger ML annotation, rather than it being
automatically applied to documents. This is also designed to allow
users to engage with the system in ways that suit where they are
in the sensemaking loop: they can begin either by looking at the
document itself, or with machine annotations to guide their atten-
tion. The machine annotation’s goals are entirely defined by the
user’s schema. When the user clicks “highlight with ATI”, Tractor-
Beam constructs a system prompt that specifies what to highlight
using the schema class names, descriptions, and examples. We use
a popular form of LLM-based structured information extraction[48]
that frames text highlighting as a sequence-to-sequence translation
problem, where the input sequence is the original text, and the
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Figure 3: Closeup of schema viewer, showing: 1. Controls
that allow for schema management, including adding new
classes (expressed as “highlighters”), bookmarking specific
schema versions, and rolling them back; 2. Schema classes
themselves, which consist of a title, a description, and list
of examples (all editable); and 3. an example of the schema
class, i.e. a highlight on the current document. The notes
are freely editable, the example can easily be reassigned to
another class, and clicking on the example navigates to it in
the document.

output sequence is the original text augmented with XML tags in-
dicating the entity type. This form of information extraction allows
us to correctly calculate the span of the entity text in the original
context, and find its position in the document deterministically. To
keep the document content size appropriate for a wide range of
LLM context windows, we use the geometric XYCut algorithm to
parse document layout into visual chunks that typically align with
paragraphs. This architecture assumes the use of a prompt-based
LLM; we make this choice for the well-documented ability of such
LLMs to take instructions and incorporate examples with some
degree of success[10]. That said, we implement the ML function-
ality behind an interface such that were we to use models with
different affordances, e.g the GLINER line [64, 65], that change is
not burdensome.
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Within the tool itself, TractorBeam additionally allows for user
configuration of what models will be run: we support both OpenAI-
and Anthropic-compatible backends, and users are free to specify
the base URL and bring their own API key to configure what service
their reading support will rely on. The support for user supplied
base URLs extends TractorBeam’s compatibility to popular third-
party LLM hosting services, as well as self-hosting options like
Ollama, vLLM, and SGLang. Users are additionally free to select
from a list of available models within each provider. We provide
this degree of flexibility to offer users control over the machine
annotations applied to their documents, along multiple axes: what
specific models are run on document content, where the document
content is allowed to be stored (especially important in the case
of e.g. internal company documents, or academic papers whose
publishers disallow LLM use on their material), and the cost of
inference. We argue that this degree of control is necessary for any
tool that intends to see long-term use. In the use of machine learning
systems, users often build mental models of how the ML models
will function, and replacing that model with another model, even
one that is considered stronger or demonstrates better evaluation
results, can nonetheless result in qualitative changes that result in
the invalidation of a user’s mental model [5]. Over time, this can
result in an erosion of trust in the LLM system [13, 41], a problem
that is accentuated by LLM API providers’ tendency to either make
silent updates to models, or to deprecate popular models with little
notice. In the spirit of user control, we additionally experimented
with LLMs run entirely within the browser using the WebLLM
project [53], but found that the supported models’ latency and
performance were ultimately insufficient to provide a reasonable
user experience; we intend for the integration of in-browser models
to be a line of future work.

In addition to using models to annotate documents, users can
use the model highlights to further specify the behavior of those
models. We present two affordances for this. Users can observe
patterns in the observations and update the description of their
schema classes to include more specific instructions (e.g. “Highlight
whole sentences”). They can also directly indicate on a machine
highlight whether it is correct or incorrect, by adding it to the
relevant schema class as either a positive or negative example.
These examples then take on the status of user annotations, and
their positive/negative status is also indicated in the style of the
underline (see Figure 2. This type of feedback is available to users,
but is never required: the purpose of this tool is to facilitate users
developing their own reading assistance tools, rather than curating
a comprehensive dataset; to require this type of feedback on each
annotation would require enormous amounts of time and effort
for unclear benefit. This is additionally why TractorBeam does not
attempt to quantitatively evaluate its highlighters: the precision
or recall of a highlighter is variably correlated to its downstream
utility as a highlighting model, and we do not consider optimizing
for those numbers a productive use of users’ time.

Our approach to machine annotation relies extensively on mod-
els considered “black box”, whose internal function is ultimately
poorly understood. In this, we make notably different choices from
similar tools like PaTAT [22], which argues that interpretability is
a necessary factor in building trust for machine annotations, and
builds a system that infers interpretable lexical and grammatical
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Figure 4: (a) Controls for machine annotation. Users trigger Al annotation by clicking the “highlight with AI” button. They
choose the model to run against document text by selecting the caret next to the model name, and configure model backends
via the gear icon. Previous annotation runs are viewable via the history button immediately next to the “highlight with AI”
button, and annotations can be dismissed with the hide icon. (b) Annotation controls for finer-grained annotation, allowing
users to apply machine annotation to a single page, page range, or document section.

rules from the user’s annotated instances. This approach prioritizes
interpretability over the expressiveness possible in machine high-
lights, and we choose a different tradeoff. In TractorBeam, machine
annotations are easy to evaluate in context, users are continually
reading the associated document content, and additionally iterating
on model performance, improving it as they go; we also want users
to be able to specify highly complex, interpretive criteria for high-
lighting. Given these factors, the expressivity of the highlighting is
much more a concern for TractorBeam, and that the end behavior
of the highlighting model—rather than its reasons for highlighting—
are more important, especially in cases where the highlights are
not being used to make corpus-level measurement of the incidence
of certain kinds of highlight.

Interpretability, continuous evaluation, and iteration are all hedges
around the failure of models, and this does present a real concern.
We design TractorBeam to therefore treat machine highlights as
inherently less certain than human ones; machine highlights are
considered “provisional”, and are not considered part of a user’s
schema, until the user explicitly indicates that they are a positive
or negative example. We visualize machine highlights as squiggly
to convey this sense of uncertainty, relative to a user’s straight-line
underlines.

4.4 Scaffolding Iteration

In earlier sections, we have discussed TractorBeam’s support for
iterative development, e.g. the ability to continuously change its
schemata or update machine annotation in-place on schemata. How-
ever, as we have noted, LLM behavior is often unpredictable under

change. To design around the potential of user changes not achiev-
ing their goals, we additionally build features into TractorBeam to
allow users to confidently reason about changes that they make.

First, activity in TractorBeam is versioned: schemata are stored
using an event sourcing architecture, which keeps a log of re-
playable events that modify the schema, rather than editing the
state itself. This directly enables time-travel debugging on schemata:
users can view a log of all changes made to the schema, including
new classes, added examples, or edits to descriptions, and roll back
to any previous state. Similarly, each instance of a user trigger-
ing machine annotation is stored as a “run” that contains metadata
about the model configuration that was run, as well as a pointer back
to the schema version that was used to construct its system prompt.
Each run is also given a shortname in an adverb-verb format, and
automatically creates a named bookmark in the schema history,
such that every run is linked to a named version of the schema,
allowing users to reason about which versions of the schema bet-
ter captured their intent. All model runs are additionally stored
and can be visualized on the document at any point, facilitating
some degree of in-place comparison between model runs; a direct,
head-to-head comparison between model versions is future work.

Additionally, TractorBeam provides tools to support rapid iter-
ation: users can choose to apply machine annotations to subsets
of document content, such that they can rapidly iterate on e.g. a
single page to their satisfaction, before generalizing that annotation
out across the whole document. TractorBeam supports annotating
individual pages, page ranges, and if the PDF contains a table of
contents, annotating sections of documents.
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4.5 Using Highlights

Finally, TractorBeam provides features to enable navigation both of,
and using, both user and machine highlights. Given the potential
richness of users’ desired annotation schemata and the possibility
of long documents, providing ways to handle large volumes of high-
lights is necessary. First, we provide a “highlights” tab in the sidebar
alongside the “highlighters” view where users edit their schemata,
that provides a complete list of all highlights on the document,
both user- and machine-originated. This view enables navigation
by highlight, in that clicking on a highlight will scroll to it in the
document and flash it; it also enables a highlight-centric workflow,
in which users can jump from highlight to highlight to quickly skim
a document according to their own schema. This highlight view is
filterable along several different axes: the highlight’s schema class,
its location in the document (page range or document section), and
whether it was user- or machine-originated.

TractorBeam also provides a minimap overlay of the scroll bar,
visualizing where highlights of different types occur across the
document. This presents a previeww of the document similar to
the traces of document “wear” presented by [27], or the overview
panel in [12]. This minimap view aids in not only navigation—users
can easily see where in the document certain kinds of annotations
occur or cluster, get a preview of the surrounding context in a
popover by mousing over the minimap, and navigate to that spot
by clicking—but also in users getting a distributional sense of the ac-
curacy of their machine annotations. For example, for an academic
reading scientific papers, users can verify that quantitative results
and methodology occur largely separately, and that the highlights
appear grouped in the document structure as they would expect.
The filters from the highlights tab also apply to the minimap, al-
lowing users to distributionally assessing subsets of the highlight
types.

Finally, to enable users to get a more complete overview of
their annotations across documents but within a single schema,
TractorBeam provides a “Project Manager” view, which provides
a CSV-style visualization of annotations within a project across
documents. Users can see and filter highlights by schema class, the
URL of the PDF on which they were made, the highlighted content,
any user notes, and controls to navigate to the highlight in the
context of the original document.

5 Evaluation

We ran a formative evaluation of TractorBeam in two modalities:
a think-aloud study, and a two-week diary study. In total, we had
13 participants for the think-aloud study, five of whom elected to
participate in the diary study. Of these 5, 3 completed the full diary
study protocol. Participants were required to be above 18 years
of age, to have spent at least 3 years in their current field, and to
engage in reading and analyzing PDFs as part of their regular work.
All study procedures were approved by our institution’s IRB.

Our think-aloud study consisted of a single 60-90 minute session
with each participant, in which we first demonstrated TractorBeam
and its major features. We then had users install TractorBeam on
their own computers (though a research computer was made avail-
able, were anyone to not want to install software on their comput-
ers), and use the tool for the majority of the session on documents
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that were related to their work. Machine annotations were run
using the Anthropic Claude Sonnet 4.6 model as a backend, made
available to participants through a researcher-provided API key.
We ensured that participants only used documents that were not
sensitive, and could be uploaded to a cloud service. Each partici-
pant was asked to bring multiple documents. Following participant
use of the tool, we concluded with a short debriefing, including
asking about demographic information like age, field, and years
of experience in their respective fields. We recorded screen shares
and audio through all sessions. Following the sessions, we analyzed
the recordings using thematic analysis [9], in which we corrected
automatic transcription of recordings, coded the transcripts, and
developed themes, which we report below.

All of the participants for the diary study were drawn from the
population of participants that had already participated in the think-
aloud study, and therefore did not need to be introduced to the tool
before beginning the diary study. Participants were asked to use
the tool over the course of two weeks, and were compensated $40
for their time if they completed four diary entries about having
used the tool in that time. Participants were also asked but not
required to participate in a 30-minute debrief interview after the
diary period. We provided continued access to the Anthropic API
key through this time, though in the case of P0, their workplace
banned the use of Anthropic models midway through the diary
period. We provided an OpenAI API key as a replacement. We used
Al assistance in generating code for the visualization of diary study
activity, and reviewed this code.

Over the course of the diary period, we also collected telemetry
data from participants of their use of the tool. This data collection
was designed such that no document content or metadata was ever
reported; we collected only content generated by the participants
themselves: updates to schemata and runs of machine annotation.

Our participants ranged widely in disciplinary focus: environ-
mental policy scholarship (P0 and P5), materials science (P1, P4,
P12), materials informatics (P2), journalism (P3, broadcast and P8,
financial), law (P11), and academic research in cultural studies (P10),
history (P7), and computer science (P6, P9). Participants had a mean
of 10.2 and a median of 7 years of professional experience. Partici-
pants were generally in the 25-34 age bracket, with one exception
each in the 18-24, 45-54, and 65+ brackets. We report a summary, in-
cluding how participants self-identified their professional domains,
in Table 1

We note that participants approached this tool with widely vary-
ing prior experience with both highlighting and AI. While some of
our participants commonly highlighted and annotated their reading
before using this tool, many found highlighting to be a new modal-
ity of document interaction. Similarly, participants had varying
levels of both exposure to, and trust in, Al products generally. Sev-
eral of our participants (P1, P2, P4, P5, P6, P9, and P12) use machine
learning approaches in their own research, some use consumer Al
products as part of their jobs (P8, P11), and others still largely avoid
Al, citing concerns about ethics, trustworthiness, and model capa-
bility (PO, P3, P7, P10). These positions were not mutually exclusive:
P1, for example, uses Al in research, but generally distrusts the
technology.
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Participant ID Field (self-identification) Years of Experience  Age Bracket
PO Energy/environmental NGO Scholarship 11.5 25-34
P1 Materials Science 8 25-34
P2 Materials Informatics 7 25-34
P3 Broadcast Journalism 10 25-34
P4 Materials Science 45 65+
P5 Environmental Economics 15 45-54
P6 Computer Science/Al 6 25-34
P7 Academic History 5 25-34
P8 Financial Journalism 8 25-34
P9 CL, NLP, Cognitive Science 5 25-34

P10 Asian American Literature, Film, and Culture 5 25-34
P11 Legal 4 25-34
P12 Materials Science 3 18-24

Table 1: Participant Demographics

5.1 Findings: Think-Aloud Study

Participants found the highlighting affordance was useful in mul-
tiple ways. Participants found machine highlighting to generally
be useful in two ways. Some found machine highlights to be useful
to guide their reading and attention, especially in conjunction with
the use of the minimap, much in the way that Fok et al. [19] describe
how users use Scim, albeit with entirely user-defined categories.
Multiple participants noted that in their professional capacity, they
were “hella time constrained” (P3), and spending time in documents
was “a luxury at this point” (P0). For these participants, the addi-
tional structure that TractorBeam provided acted as a personalized
index of document content. To hear P1 describe it: “So that does
actually make reading a lot easier...I could see myself highlighting
everything automatically and then using that to guide readership as I
go. That’s something that I think good writing typically does, kind of,
visually guide the reader with headers, et cetera, but... It’s not always
the case. So a lot of academic reading is sifting through somebody
else’s writing and formatting decisions. So help with that is always
appreciated.”

Other participants found highlights useful as a support for their
thoroughness in reading papers, and appreciated the call to at-
tention in areas that they had missed. P6 describes having their
attention called back to a table that they had missed, because they
“skipped through background”, and PO describes being reminded of
content in a document that they themselves had authored: T forgot
we talked about the Federal Power Act when we wrote this...that’s
helpful to have flagged there.”

TractorBeam’s requirement for structured highlighting encour-
aged organization and schematization of information, regardless of
whether they used machine highlighting. Participants described the
benefits of TractorBeam’s requiring upfront specification of schema
classes for individual highlights: “The strict delineation of categories
was helpful..when I'm working on my own, it smooshes together
a little bit in my brain” (P7), ‘I didn’t find it a drag...it also gives
me an opportunity to maybe synthesize what I'm thinking” (P10),
“now that I've described it for an AI model, that has forced me to be
more descriptive, and so future me or a collaborator might have a
better...understanding of what we were doing in the first place.” (P06)

We also saw support in the think-aloud session for the idea
that machine highlights prompted metacognitive behavior from
users about their schemata: users frequently used the review of
machine highlights as a prompt to create new classes. P6, for exam-
ple, engaged in a lengthy process of reasoning about why a model
may have made a certain annotation, eventually conceding that
their schema needed to be updated:® “T think it makes sense that this
should have been CREATION METHODOLOGY, and I think the reason that
I had put in USER INFORMATION is because, like, I care about whether
demographic data was available as a part of the user information.
Yeah. And so maybe then that should have just been a different class.”.
This process occurred frequently through the think-aloud sessions.
Though users did tend to bring an upfront schematization to docu-
ments, those schemata rarely, if ever, remained unchanged when
reviewing machine highlights: participants actively split classes,
created new ones, and refined definitions as they worked. Despite
the utility of highlighting, however, multiple users noted the degree
of effort it required, especially at startup: “it was just more work. I
was inputting more than I was getting”P11. P6, even amid the recon-
figuration of their schema, discussed how, while this was causing
their schema to better represent their mental model, that “the goal
of this reading is not to create the most robust schema there is” (P6).
That said, both users did feel like improvements in the systems
obviated this concern over time.

Participants felt TractorBeam’s design choices were trustworthy,
and respected their agency. TractorBeam’s affordances seemed to
address users’ existing concerns about Al more broadly. PO and P1
both mentioned “real trust issues with LLMs” (P0) and that they are
“always a skeptic about this stuff” (P1). Participants also discussed
their skepticism about particular capabilities of LLMs, especially
with regard to questions of socially determined importance or rel-
evance, as in the case of disciplinary standards: “there is a world
in which I might [highlight] "things that look suspicious"...but then
I'don’t know I trust the Al system to do that” (P6), or the degree to

3The names of P6’s schema classes are indicated in SMALL CAPS.
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which they find LLM systems to be too credulous in their genera-
tion: ‘T wouldn’t base my reading on [AI summaries]...because people
Jjust be saying things in their writing” (P1).

Participants found that highlights alleviated some of these con-
cerns, for two reasons. First, the presence of highlights on the page
allowed the verification of model predictions, through their ground-
ing in page content. Participants frequently sought to establish the
context of quotes to understand whether the highlight was correct,
e.g. “the model is right...it’s just that when I saw that highlight for
the first time, I had to go looking for the start of the sentence” (P6).
Second, TractorBeam’s design affordances also struck some users
as respecting their agency as readers, rather than replacing it, as in
the case of P0: “it feels much more like this tool is oriented towards
‘how can L..support your work?’ whereas orientation of most LLM
tools...have this sort of vibe of ‘let me do your work for you.” P7
goes further: “having the AI tool be optional is really important for
having the tool be something I'm even willing to consider using” (P7).
P10 additionally discussed how TractorBeam’s general utility made
them more likely to use the built-in AL This was not true of all
participants, however, some of whom continued to feel the tension
between delegation to an Al and the acceleration it provided. P3,
for instance, felt that TractorBeam “takes out so much thinking that
it’s so bad”, and disliked the behavior that the tool encouraged: “it’s
fundamentally not a shortcut, which is good. But also, I find myself
looking for things I think of as shortcut moves.” P1, while appreciating
machine highlights, made clear that they did not view TractorBeam
as appropriate for all types of reading, stating “if I was reading for
a comprehensive phenomenology of what they’re doing, I would need
to be much more careful...But for specifically extracting these details,
I'm ok with this.”

Participants were able to iterate on machine annotations, and make
them more useful over time. Over the course of sessions, all users
reported feeling like they were able to improve the performance
of the machine highlighting. This held true regardless of whether
the machine highlighter did a good job on first pass; in perhaps the
majority of cases, TractorBeam’s initial set of highlights needed
heavy correction, both in terms of example instances and the writ-
ten schema class description updates, before users felt that the
machine annotations adequately captured their intent. As P3 puts
it, “T'would say it’s the second pass that I saw utility on”. Users gener-
ally leaned more on correcting examples than specifying behavior
in class names and descriptions, perhaps reflecting that it was “a lot
of effort to put this in actual words” (P6). Participants could usually
arrive at machine annotations that reflected their intent while iter-
ating in their first document; many participants opted organically
to begin reading the second document by initiating Al highlighting
before starting to read it themselves. Participants appreciated that
the highlights reflected their own interests, which one participant
characterized as them wanting “to do different things than a pro-
grammer thinks I should want to do.” (P7). Participants also described
being able to gain a sense of how their edits to the schema affected
highlighting. P8 described it thus: T felt like it improved a lot. I felt
like it learned a lot. I felt like I learned how to calibrate the highlights
better, which helped me, which helped TractorBeam, which helped
TractorBeam help me.”
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Specifying how LLMs should behave still presents challenges. De-
spite users’ ability to effectively iterate on the functioning of the
machine annotations, we nonetheless noticed several indications
that behavior specification over time still presents challenges. Per-
haps due to the complexity of the tool in the introductory sessions,
participants did not use the versioning features; iteration was lin-
ear and incremental. Participants also largely did not engage with
model configuration unless prompted to by the research team. P10,
upon being asked to try a different model to evaluate its perfor-
mance on some of the more interpretive parts of their schema,
stated ‘T probably don’t know enough about the different versions...to
discern what each one can find better.” (P10).

Users also felt that they did not know what they could ask for
from models, typically citing an ignorance of prompting technique.
More concerningly, however, we found a frequent tension in what
users understood the role of the schema to be. Multiple users did
not understand that TractorBeam constructed instructions for ma-
chine annotation from their schema descriptions: ‘I did not instantly
realize that I was telling the model anything. I thought I was telling
myself things” (P8). Users felt a distinction between features that
were “for” them versus “for” a model, as in the case of P6, reflecting
an uncertainty about what was appropriate to put in a schema class
description: “if I was just writing the project description for myself, I
would stop here, but then I'm almost tempted to add instructions” (P6).
Users did not associate changing schema descriptions with shaping
machine annotation as much as they did the effects of providing
feedback on highlights.

5.2 Findings: Diary Study

For the diary study, we collected information about schema updates
and model runs from three participants over a two week period. We
report general summary statistics about this in Table 2. Overall, we
observe two modes of interacting with TractorBeam in this data:
a style focused on machine highlights, with consistent addition of
instances to the schema (P0), and a style much more focused on
manual highlights, with machine highlights appearing only after
a great deal of manual annotation (P9), or only towards the end
(P7). P7 and P9 discussed the utility of the highlighting itself for
their reading, indicating that the machine annotations were per-
ceived as optional in the tool, rather than required. P9, for instance
spoke about how they “got what they intended out of highlighting in
general”, and how their experience with the tool improved as they
learned to “ignore the machine highlights” as they ran them in the
background. PO also brought up the metacognitive work that this
tool encouraged, both at the level of concept definition (“when I
was dealing with sort of bigger, slightly messier concept...it prompted
me to sort of, like, think about the boundaries between them, and
what would go in what classification, and what the relationship was
between them.”), and at the level of how they organize information
in their writing (“I'm definitely thinking about [writing] documents
a little bit more in terms of the highlight clusters.”). Participants also
continued to feel like TractorBeam’s affordances made Al more
trustworthy: PO discussed not feeling like they were delegating
too much to TractorBeam: “where I felt like TractorBeam was of
limited utility because [documents] were well organized...I ended up
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Participant Documents Events Highlighted (+/-) Promoted (+/-) Class renames Class re-descriptions
PO 15 217 24/0 65/20 3 3
Po7 4 64 28/0 5/1 0 2
P09 11 283 174/0 23/11 5 3

Table 2: Per-participant summary statistics over the study period. Participants generally did not update class names or
descriptions, instead favoring adding instances to specify behavior. Two participants accumulated over a hundred annotations

in the two-week period.

disregarding it and reading [the document] as is”; P7 felt it was “a
tool premised on language modeling in a way that didn’t feel gross.”

A common behavior shared by the participants over the period
of the diary study was that while participants did successfully iter-
ate on the machine highlight performance over time, they much
more frequently did so by adding examples to schema classes than
changing the definitions or names of those schema classes. Over the
course of the two week period, PO and P9 created over a hundred
examples each to substantiate their classes, but edited the descrip-
tions of those classes fewer than five times. P9 confirmed this in the
debrief interview, stating ‘T knew that adding a description would
probably make the system work better, but I didn’t think it was neces-
sarily worth my time trying to, like, optimize off of that. I kind of just
hoped that, implicitly, with more examples, that a language model
could pick up on some latent [intent]”. For P9, avoiding descriptions
was additionally a way to preserve interpretive ambiguity as they
continued to read. In response to a question about whether they
were able to stay uncertain: ‘T stayed uncertain...a lot of my cate-
gories either only had, like, a very brief description, or sometimes no
description at all” (P9). This is corroborated by the data: category
creation happened largely towards the beginning of the use period,
indicating that users tended to bring categories to their reading,
rather than discovering them in exploration during this test; when
we asked about this during the debrief interview, participants re-
ported being in more confirmatory reading phases in their work
during the time of the diary study. However, we note that category
creation did often happen during reading itself: all but one of P7’s
created classes (and 4/15 of P9’s) were created directly from the PDF
viewer, rather than the sidebar. We visualize this in the timeline
views in Figure 5. In the timelines, e can see that both P0 and P9
engaged in upfront definition of classes, typically before running
machine annotations, and activity following machine annotations
consisted almost entirely of adding new instances. In P0’s case, this
was typically accepting or rejecting machine annotation sugges-
tions; in P9’s it was primarily new highlights on the docs, unrelated
to machine highlights.

Finally, we observed that participants continued to engage in ma-
chine highlighting throughout their use of the tool, while number
of instances that they added decreased over time. This trend indi-
cates that participants tended to converge on machine annotation
schemata that worked for them over time. This echoes behavior
in the think-aloud study, where participants tended to guide their
reading of a second document with machine annotations from the
beginning, rather than reading it themselves first, as P9 outlines:
“once I had up to 3 or 4 documents in a project I felt more comfort-
able just running the automatic highlighting from the get-go”. PO

takes this further, arguing that TractorBeam’s primary utility for
them was “for either poorly structured documents, or big documents”,
using the minimap as a navigation aid; this was a result of their
configuration of the model: “once I set it up and knew I had a work-
able schema of highlights, I pretty much let it run and reinforced it
as convenient...or correct it.” (P0). Both P0 and P9 noted, however,
the longer-term labor involved in these tools. In P0’s case, they
discussed how this could be an effective way to leverage others’
expertise, and having a shared set of knowledge to pull on, en-
visioning shared highlighters: “are you trying to navigate the U.S.
federal code regarding X?...Then here’s a highlighter that might be
helpful to start.” In P9’s case, they discussed how if their schema
shifted after reading a variety of documents, the thought of redoing
categorization felt “daunting”.

6 Discussion and Future Work

Our observations across both think-aloud and diary study suggest
that TractorBeam is a tool that users view as a potentially useful
addition to their reading process. In particular, users found Trac-
torBeam’s highlighting affordances—highlights sorted into classes,
machine highlights, and the improvement of machine highlights—
useful in several ways: as a way to clarify their own thinking, as
a skimming aid with which to guide their attention, and as a tool
that assists in more comprehensive directed reading. In this section,
we further contextualize some of our findings.

One of our major research questions in this study was to es-
tablish whether TractorBeam’s model of collaborative machine
annotation was a useful way of reframing LLM outputs, along a
few different axes: whether users felt the LLM outputs were trust-
worthy, whether users felt able to effectively iterate and arrive
at a system they felt was useful for reading assistance, and the
degree to which the deliberate design frictions that TractorBeam
imposed were valuable. On trustworthiness, users felt positively
about TractorBeam’s design: they felt that TractorBeam respected
their existing agency and reading processes in allowing them to
specify the goals of the tool, and in the offer of differential use.
Further, the groundedness of annotations in the original document
context allowed for a user experience that provided many of the
benefits of information extraction or coding—the direction of atten-
tion, a better understanding of the structure of documents through
where entities occur—while sidestepping many of its concerns. In
particular, TractorBeam relaxes the need for quantitative evaluation
that looks at exact span matches, in that users were presented with
the context, and could focus on parts of that context that may not
have been within the original span. Zyto et al. [66] term this kind of
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Figure 5: Timeline visualization of user interactions, early and later in the diary study period. Participatns engaged in more
schema editing ahead of running machine annotations, and usually fixed machine annotations afterwards. Schema edits in
this figure consist of class creation, renaming, and re-description (including initial naming and description). Manual events are
highlights from users in the PDF viewers, and promoted examples are machine annotations that received feedback. Note that,
due to a bug that caused lag in the storage of model runs, some feedback may appear before the model run was reported.

utility “geographic” in discussing how annotation grounded to lo-
cations in documents allows for students to index and answer each
other’s questions based on content; we find that the geographic
nature of annotations serves us here as well.

Users additionally were able to effectively iterate on their high-
lighting systems, usually producing systems that suited their intent
over the course of 40 or so minutes of use of the tool. This of-
ten occurred after the models on first attempt failed in multiple
ways. Participants, even those without machine learning knowl-
edge, were able to use both collecting further example instances
and re-describing what they were looking for as effective levers to
improve model performance and personalization over time. In fa-
voring primarily collecting examples, participants were additionally
able to preserve interpretive ambiguity. In the diary study, use of
the machine annotation often stayed steady, despite an abatement
in schema iteration, indicating that users asymptotically approach a
solution that continues to work for them. We note that users found
machine annotations useful despite their black box nature, and
sometimes even because of it—annotations that did not fit users’
expectations sometimes caused them to reconsider their schemata
in ways that helped them. While TractorBeam’s machine annota-
tions are not interpretable, their presentation as provisional, rather
than absolute, combined with the ease of evaluation and iteration,

meant that participants did not always need them to be reliable or
interpretable in order to find them useful.

The specification of machine annotations, however, also showed
room for future work to better communicate how the machine
learning components of our system behaved. In particular, partici-
pants did not fully understand what the presented affordances of
the machine learning were, or how their descriptions fed into the
machine annotation, and correspondingly tended to update models
primarily by way of example. This could, however, be related to the
act of annotation itself, however: Marshall and Brush [43] find that
annotators of physical books rarely share all of their annotations
when digitizing them, instead sharing only a curated subset after
further editing. Clarifying what and how the machine annotation
relates to personal reading without increasing the complexity and
burden of the Ul remains a challenge. This, however, is well-studied
in prior literature Zamfirescu-Pereira et al. [63] study the difficul-
ties of prompting for non-technical users, and Petridis et al. [50]
suggest that constructing "constitutions" or prompts from examples
might help users specify behavior; we argue that it could also help
users formalize their thoughts for unifying principles behind their
examples in ways that support sensemaking. This also dovetails
with work in NLP that suggests that prompts can express the same
range of behavior as large numbers of examples. [36].
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The design frictions we built into TractorBeam expose further
area for future work. P9, in the diary study debrief, discussed an
ongoing concern with schema updates over longer time horizons,
and P3 in the diary study requested a way to have TractorBeam
automatically suggest categories for highlights. Given that multiple
participants accumulated over a hundred annotations in the space
of a few weeks, the question of how to handle schema changes
becomes pressing. PaTAT [22] handles this elegantly: in composi-
tionally constructing codes from rules, it avoids requiring users to
manually re-label instances when splitting classes. Earlier work,
such as Kulesza et al. [35], suggests structuring by labels and tags
can facilitate re-labeling diverse concepts as schemata shift.

The concerns over long-term maintenance additionally echo
concerns raised in Karasti et al. [32], which discusses the tensions
between representations suitable for long-term schemata shared
out across organizations. Given that TractorBeam is built around
the idea of collaborative annotation, we see it as a reasonable ex-
tension of scope to study how to support users collaboratively
editing schemata with each other as well. This raises a host of new
questions: should users be beholden to synchronize schema repre-
sentations, and if not, how should divergent changes to schemata
be handled? Should AI assistance continue at the level of the indi-
vidual user, such that users only present Al results to each other if
verified, or should Al be involved in teams of multiple humans?

7 Conclusion

We present TractorBeam, a mixed-initiative, browser-based system
that supports the construction of personalized, Al-based highlight-
ing systems, framed as collaborative annotation on the content
of a paper. We evaluate TractorBeam across a think-aloud study
with 13 participants, 3 of whom additionally completed a two-week
diary study. We found that participants found the affordance of
structured collaborative annotation useful both with and without
Al and that the affordances that it provided made Al more trust-
worthy for participants who were wary of incorporating Al in their
work. Participants were able to iteratively construct model schema
that evolved over time, and found our design encouraged them
to formalize their thinking process, though they noted ongoing
schema management as an area of continued friction.
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