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Scientific research is inherently creative. Scientists rely on their creativity constantly,

whether to identify new means of inspiration, invent novel research ideas, or find in-

novative framings of their work to communicate to broader audiences. However,

scientists face two key challenges when entering a creative process. To start, they

must overcome fixation, a common phenomenon that leads people to think about

a problem in familiar terms rather than seek out new solutions. For scientists, this

means exploring concepts and ideas outside of their immediate research area and

scholarly circles. Furthermore, scientists must work within the context of an expo-

nentially growing body of scientific literature, which can be unwieldy to organize

and utilize to its full potential. Artificial intelligence (AI) and large-language-model

(LLM) systems are increasingly being used for creative purposes and can provide

suggestions to help scientists overcome fixation. In combination with information

ii



retrieval, AI systems can also provide suggestions that make creative use of the ex-

pansive scientific literature. Nonetheless, many modern AI systems are black boxes

that do not present explanations to understand their actions or controls to steer

them.

In this dissertation, I demonstrate that scientists working on creative steps of the

scientific process benefit more from AI suggestions when mixed-initiative methods

are implemented to help them (1) verify the suggestions for relevance to their creative

vision and (2) steer the suggestions to better align with that vision, all while staying

rooted in the literature. I begin by showing the complementary benefits of local and

global content-based explanations for understanding and adjusting an AI research-

paper recommendation feed. Next, I present Papers-to-Posts, a human-LLM tool for

translating research papers into blog posts through a novel mechanism–interactive

reverse source outlines, which allow users to recognize and change what source con-

tent was and was not selected by the LLM for inclusion in the summary article.

I then introduce Scideator, a system that implements a human-LLM workflow for

iterative research idea generation through transparent, controllable recombination of

research-paper facets. To conclude, I reflect on opportunities for future work with re-

spect to investigating the generalizability of the presented mixed-initiative methods

as well as exploring the spectrum of scientific literature components used in these

methods.
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Chapter 1

Introduction

1.1 Motivation

The scientific process presents many opportunities for AI support. Some scientific

tasks, being relatively formulaic and repetitive, are amenable to automatic AI inter-

ventions, such as gathering papers related to a particular topic [35, 97] or identifying

and testing relatively low-level or highly scoped hypotheses [83, 9, 121]. On the other

hand, most scientific tasks are not straightforward and require creativity, which often

thrives on a diversity of viewpoints [82] and therefore may benefit from the combined

efforts of scientists and AI. In alignment, prior work has explored human-AI collab-

oration with respect to scientific tasks, such as literature exploration [89, 92, 53],

research ideation [117, 118, 23], and research communication [58, 72, 96].

Scientists encounter two main obstacles when engaging in creative endeavors. For

one, like all people, scientists are inclined to think about problems in manners that

are familiar to them. In cognitive science, this is referred to as fixation [84, 48].

However, some of the most groundbreaking scientific ideas come from those who are

able to draw on knowledge from outside their immediate research area [76, 158].

For example, Christiaan Huygens proposed his wave theory of light by creating an

analogy between the properties of light and the properties of sound, which was known

to travel in waves [158, 76]. As another example, Charles Darwin was inspired to

come up with the idea of natural selection to explain species’ evolution when he read

Malthus’ work, which discussed how human population growth in a world of limited
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resources could lead to competition for survival [76]. Even when scientists break out

of their filter bubbles and commit to exploring ideas beyond the topics with which

they are most familiar, identifying and organizing pertinent information within the

large space of scientific literature is difficult [177, 32].

AI systems can support scientists in tackling both of these challenges. With re-

spect to fixation, scientists can supplement their thinking with AI, drawing from

its wide range of knowledge rather than the limited pool of topics familiar to the

scientists. AI can also help scientists to effectively utilize the ever-expanding body

of scientific literature by not only providing access to a vast amount of information

but also helping to organize and process this information. On the other hand, hu-

mans can think critically about the information presented to them and have unique

perspectives based on their individual experiences that can contribute to creativity.

Thus, scientists and AI can combine their efforts to effectively utilize the literature

for impactful creativity. In this work, I investigate how AI can best support scientists

in ameliorating these challenges related to creative endeavors.

1.2 Contributions

Through this dissertation, I argue that, during creative steps of the scientific pro-

cess, researchers benefit more from AI suggestions when mixed-initiative methods

are implemented to help them 1) verify the suggestions for relevance to their cre-

ative vision and 2) steer the suggestions to better align with that vision, all while

staying rooted in the literature. I substantiate this argument with three contri-

butions (Figure 1.1). Each presents a different mixed-initiative method that utilizes
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Figure 1.1: I present three mixed-initiative methods for utilizing scientific literature
components to produce creative AI suggestions. Each method answers a different
question regarding the relationship between the literature components and AI sug-
gestions.
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Figure 1.2: The combined local and global explanations from the local-global project
answer the question of what literature components should influence creative AI sug-
gestions, for the task of finding interesting research papers to read. The local expla-
nation describes why the model shows a particular suggestion to the user, while the
global explanation describes how the model produces suggestions in general. The
two explanations work together to aid scientists in understanding their AI-curated
paper recommendation feed, which they may adjust by increasing or reducing the
weights of different keywords.

scientific literature components to verify and steer creative AI suggestions. I define

a scientific literature component as any element of a scientific document, whether

extractive (e.g., keyword) or abstractive (e.g., summarizing bullet point).

1.2.1 Contribution 1

I demonstrate how two types of component-based explanations–local and

global–may complement one another in supporting scientists’ understand-

ing and control of which literature components are used to generate cre-

ative AI suggestions [150]. Local explanations describe why the AI provides a
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particular suggestion to the user, whereas global explanations describe how the AI

generates suggestions in general [155]. I investigate the roles of the two explanation

types in facilitating scientists’ ability to interpret and steer an AI recommendation

feed for the creative task of discovering new research papers of interest. For this

exploration, I adapt a system from prior work [111], in which the local and global

explanations are unigram or bigram terms from papers. Figure 1.2 shows an exam-

ple of global and local explanations for a recommendation feed of papers related to

“technology in education.” In the actual system, each term presents an associated

weight assigned by the model, which the user may adjust. Based on formative study

feedback, I set the local explanation to consist of the two to four top terms related to

a single paper recommendation. Meanwhile, I set the global explanation to present

the top 80 terms considered by the recommender system for all paper recommenda-

tions and provides the ability to search for other terms of interest to view and change

their weights.

To evaluate the role of local and global explanations, I conduct two mixed-

methods user studies, one exploratory and one controlled, during which scientists

attempt to create a recommendation feed that aligns with particular research topics.

In both studies, I compare three conditions in a partial within-subjects manner, in

which the recommender system supplies 1) only local, 2) only global, or 3) both

explanations. Through the exploratory study, I find evidence suggesting that 1) pro-

viding both explanations rather than either alone ensures that scientists reach the

best understanding of how the recommendation feed can improve, and 2) scientists

prefer more diverse local explanations when they are not accompanied by global
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Figure 1.3: Papers-to-Posts answers the question of which literature components
should be included in versus excluded from creative AI suggestions, for the task of
translating research papers into blog posts. The system implements an interactive
reverse outline of the paper, with bullet points pre-selected by the system and syn-
thesized in a generated blog post draft. The user iterates on (a) what bullet points
are selected as well as (b) what the blog post sections are in order to improve upon
the draft until they are satisfied with its content coverage.

explanations in order to better steer their recommendation feed. Through the con-

trolled lab study, however, I find that both explanations may be less helpful than

global explanations alone in efficiently identifying false-positive and false-negative

recommendations.

1.2.2 Contribution 2

After presenting methods to help scientists understand which literature components

are used in AI suggestions, my next step is to introduce a method to assist scientists

in grasping what the full space of literature components available to the AI look like.

I show that providing an outline of literature components available to the
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AI allows scientists to recognize and modify what components are being

excluded from their AI suggestions. More specifically, I introduce interactive

reverse source outlines, a novel mechanism that allows users to review and revise an

LLM’s selection of bullet points within an LLM-generated source outline, which is

used to draft a detailed summary of the source document. I apply this mechanism

to a common creative task for scientists–summarizing findings from research papers

to reach broader audiences, in this case through blog posts. I implement interactive

reverse source outlines for this application in a system that I call Papers-to-Posts

(Figure 1.3).

Papers-to-Posts’ human-LLM workflow begins with a warm start (Figure 1.3a).

Here, the system takes the scientist’s research paper to be summarized as input. The

system generates an outline of the paper, consisting of one to three bullet points per

paragraph. The system selects ten relevant bullet points to synthesize for each pre-

set section of the blog post draft, which are “introduction,” “methods,” “results,” and

“conclusion.” These bullet points are synthesized based on section-specific instruc-

tions, which are drawn from resources on writing academic blog posts. This initial

draft is presented to the scientist. For each blog post section, they can review and

adjust the bullet point selection (Figure 1.3b) along with the section-specific instruc-

tions for the LLM, in order to re-generate the section. The scientist can also add and

delete sections. To add a new section, the scientist first specifies the section header.

Next, they can select bullet points for the section themselves or let the system select

ten relevant bullet points to include based on their provided header (Figure 1.3c).

The system then synthesizes the bullet point selection to generate the new section.
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Throughout the interaction, the scientist can also manually adjust the blog post text

as they see fit, and Papers-to-Posts provides affordances for modifying the generated

text (e.g., “simpler terms,” “more dramatic”).

Through two mixed-methods user studies, I evaluate how well Papers-to-Posts

supports scientists in recognizing and iterating on the content coverage of each of

the LLM’s suggested blog post sections. The two studies compare Papers-to-Posts

to a strong baseline consisting of access to an LLM-generated initial blog post draft

and free-form LLM prompting. Participants are asked to write blog posts for their

own research papers using the assigned tool. In a within-subjects controlled study

with time constraints, I find that participants are significantly more satisfied with

their final blog posts created with Papers-to-Posts, primarily with respect to content

coverage. I then conduct a between-subjects deployment study to assess the effects

of Papers-to-Posts in a real-world environment. In this setting, participants are not

given time constraints but are required to put their best effort towards creating a

blog post to share with others, whether by social media, email, or some other means.

Although I do not see the same significant increase in blog post satisfaction, this is not

surprising given the lack of time constraints. Across both studies, I uncover evidence

that participants found Papers-to-Posts more helpful, making incorporating paper

content in the blog post easier and iterating on the blog post easier. Furthermore,

I observe that participants demonstrate increased editing power (change in the blog

post within a given amount of time or writing actions) using Papers-to-Posts.
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Figure 1.4: Scideator answers the question of how literature components should be
combined to create novel AI suggestions, for the task of scientific ideation. The
system assists scientists in (a) identifying and selecting analogous paper facets to
recombine, (b) recombining these facets in diverse new research ideas, and (c) as-
sessing these ideas for novelty relative to the literature.
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1.2.3 Contribution 3

Next, I aim to assist scientists in understanding and controlling not only what litera-

ture components are included versus not included in creative AI suggestions, but also

how and why certain literature components should contribute to an AI suggestion.

I demonstrate that descriptions of how literature components may be re-

combined aid scientists in identifying and selecting interesting candidate

components to include in AI suggestions, while assessments of component

recombination suggestions help scientists to recognize flaws in the sugges-

tions and iterate accordingly. For the task of scientific ideation, I introduce the

system Scideator, which supports mixed-initiative recombination of paper facets into

new research ideas as well as facet-based novelty assessment of these ideas (Figure

1.4). The paper facets include purpose (problem addressed by the paper), mechanism

(paper’s proposed method to solve the problem), and evaluation (paper’s method to

determine if the mechanism solved problem).

Scideator implements a human-AI workflow for scientific ideation through three

retrieval-augmented generation modules. The first module, the Analogous Paper

Facet Finder, takes the user’s overarching ideation topic and small set of relevant

papers (e.g., 1-5) as input. The module retrieves a set of analogous papers of varying

topical distance from the input papers and extracts key facets from the input and

analogous papers, which become its output (Figure 1.4a). The second module is the

Faceted Idea Generator. Its input is a set of paper facets selected by the user, if any.

The module selects paper facets for the user if they did not select enough on their

own and recombines those facets into new ideas to output (Figure 1.4b). The third
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module, the Idea Novelty Checker, assesses user-selected ideas for novelty, providing

a binary novelty classification as well as a paragraph explaining how the idea is novel

or not relative to retrieved related papers (Figure 1.4c). The module also presents

suggestions for how to iterate upon ideas classified as not-novel by the system or

user.

In a mixed-methods within-subjects user study, I evaluate Scideator with respect

to how well it assists scientists in exploring research ideas, which describe how to

combine diverse paper facets, as well as in assessing and iterating on these ideas’

novelty. I ask participants to complete an idea generation task and an idea novelty

assessment task under two conditions. Both conditions provide access to Semantic

Scholar as well as free-form LLM prompting for the novelty assessment task. The

treatment condition also provides access to Scideator, while the baseline condition

also provides access to a simplified version of Scideator, which supports recombining

input papers rather than diverse paper facets and does not support novelty assess-

ment. Based on the Creativity Support Index [29], I find that scientists experience

significantly more creativity support using Scideator, particularly with respect to

the aspect of exploration, which relates to identifying and selecting different paper

facets to include in research ideas. Furthermore, while I do not observe a significant

increase in scientists’ confidence in their idea novelty assessments with Scideator,

I do observe that scientists who receive a not-novel idea classification adjust their

idea novelty assessment more than scientists who receive a novel classification or no

classification (from the baseline). Thus, not-novel idea classifications do appear to

help scientists in recognizing flaws in their AI-suggested research ideas.
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1.3 Prior Publications and Authorship

Although I am the first-author of all work that appears in this dissertation, each

associated project was the result of collaboration with my advisor and several other

researchers and mentors at the Allen Institute for AI and Adobe. The work on local

and global explanations (Chapter 3) appeared as an extended abstract at CHI 2022

[150] and was done in collaboration with Doug Downey, Kyle Lo, Zoran Popović,

and Dan Weld. The work on Papers-to-Posts (Chapter 4) is published on arXiv

[152] and undergoing peer review. It was done in collaboration with Dan Weld,

Joseph Chee Chang, Pao Siangliulue, and Jonathan Bragg. The work on Scideator

(Chapter 5) is published on arXiv [151] and undergoing peer review. It was done

in collaboration with Simra Shahid, Raymond Fok, Pao Siangliulue, Tom Hope, and

Dan Weld. In particular, I would like to acknowledge that Simra completed most of

the work to develop the backend of Scideator’s novelty checker module. To reflect

my collaborators’ contributions, I use the first-person plural in Chapters 3-5.
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Chapter 2

Related Work

2.1 Mixed-Initiative Methods

Mixed-initiative methods are those that support human collaboration with AI [80]. In

this dissertation, I focus on a key principle of mixed-initiative interfaces: “providing

mechanisms for efficient human-AI collaboration to refine results” [80]. To that end, I

develop and evaluate mixed-initiative methods that promote granular feedback from

the user, as suggested by Amershi et al. in their guidelines for human-AI interaction

[5]. This feedback is used within a communicative human-AI workflow, in which the

human and AI take actions based on the feedback of the other [62]. For each mixed-

initiative method presented in this dissertation, the user interface acts as a boundary

object between the human and AI, providing them a shared language through which

they may create an artifact of interest to the user [165, 71].

2.2 Mixed-Initiative Methods for Creativity

Colton and Wiggins define computational creativity research as “the philosophy, sci-

ence and engineering of computational systems which, by taking on particular re-

sponsibilities, exhibit behaviors that unbiased observers would deem to be creative”

[37]. “Particular responsibilities” indicates that the systems are not merely creativity

support tools but take some creative action themselves. In addition, the authors

describe three maxims for computational creativity projects. First, they should cel-

ebrate the creative act in addition to simply the artifact that is produced. Second,
13



such projects should consider the artifact as an invitation to engage with not only

the artifact but the creator, culture, and oneself. Lastly, such projects should frame

their processes and outputs well. In alignment with the first two maxims, this disser-

tation proposes methods for mixed-initiative creation that emphasize the role of the

scientist in creating and engaging with system artifacts. Furthermore, in alignment

with the last maxim, these methods all involve providing a framework through which

scientists can verify and control an AI system’s processes and artifacts.

More recently, Ding and Chen introduced a mapping of the design space for

human-AI text co-creation tasks [44], but this mapping can easily extend to non-

textual tasks as well. This dissertation mainly focuses on high-creativity tasks that

vary in terms of complexity in human-AI interaction patterns, but the complexity

never falls to minimal human intervention (Figure 2.1). A human-AI interaction

with this level of creativity and complexity may benefit from a shared language

through which the human and AI can communicate to complete the task at hand

[71, 165]. In coincidence, Yannakakis et al. note that mixed-initiative co-creativity

often constitutes a type of diagrammatic lateral thinking, which refers to using vi-

sual representations of problems to solve them in a creative manner [188]. In this

dissertation, I describe mixed-initiative methods that visually represent tasks within

the creative scientific process, by breaking scientific documents into components that

are utilized by the scientist and AI alike.
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Figure 2.1: This dissertation focuses on human-AI creation tasks that are high-
creativity and medium- to high-complexity. This figure is taken from Ding and Chen
[44].

2.3 Mixed-Initiative Methods for Science

There has been an increasing interest in mixed-initiative co-creation systems for

exploring [192, 53, 191], defining [117, 148], and communicating [120, 58, 96] scientific

research.

For exploring scientific research, prior work has focused on supporting co-creation

of scientific paper summaries for readers [192, 12, 53]. Of note, ConceptEVA [192]

and Qlarify [53] offer features for verifying the output text, respectively a concept

visualization and direct paper text attribution. Prior work has also explored LLM-

powered tools for defining scientific research. For example, the tool CoQuest supports

generating many potential scientific research ideas in a breadth-first or depth-first in-

teraction [117], while the tool IdeaSynth supports developing a single input research

idea [148]. Other works have investigated human-LLM interactions for communicat-

ing scientific research. For instance, Gero et al. introduce a system for generating

scientific “sparks,” or sentences meant to inspire people writing about science [58].

Long et al. study how LLM scaffolding helps people to generate captivating hooks
15



for complex scientific topics [120], and Kim et al. examine how an LLM system can

support science writers in producing extended metaphors for scientific ideas [96].

Recently, efforts have been made to create AI scientists that support, if not re-

place, humans throughout the scientific process, from generating potential hypothe-

ses to reporting experimental results [60, 121]. I aim to build upon all of these prior

works in my dissertation, offering mixed-initiative methods to support verification

and control of AI systems that address complex, creative tasks in scientific research.
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Chapter 3

Exploring the Role of Local and Global Explanations in

Recommender Systems

In this chapter, we investigate how AI systems may help scientists to verify and

steer what literature components influence their creative suggestions grounded in

the literature. We find evidence that combining local and global explanations,

rather than presenting one or the other alone, to support this verification and control

leads scientists to a better understanding of how their suggestions can be improved.

Explanations are well-known to improve AI recommender systems’ transparency

[10, 24, 61, 114] and controllability [10, 61, 99, 110]. These explanations may be lo-

cal, explaining individual recommendations, or global, explaining the recommender

model overall. Despite their widespread use, there has been little investigation into

the relative benefits of the two explanation approaches. We conduct an exploratory

user study (n=30) and a controlled user study (n=30) with a research-paper rec-

ommender system that presents paper-keyword explanations to assist scientists in

curating their recommendation feed to cover a research topic of interest. We analyze

how providing local, global, or both explanations assists scientists in verifying and

controlling what paper keywords influence their recommendations. Our results pro-

vide evidence suggesting that both explanations are more helpful than either alone

for understanding how to improve recommendations, yet presenting both may be

less helpful than presenting global alone for efficiently identifying false positive and

false negative recommendations. We also observe that scientists appear to desire
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more diverse local explanations when there is no global explanation present, which

we reason may be in order to better steer the model.

3.1 Introduction and Related Work

Recommender systems are used daily by millions of people, and explanations that

clarify their behavior are well-known to improve users’ perceptions of their usefulness

[10, 16, 17, 173, 99, 51, 176, 47, 174], controllability [10, 61, 99, 110], trustworthiness

[19, 156, 2, 114, 110, 51], and transparency [10, 24, 61, 114, 99, 172, 106, 110].

Recommenders may provide users with local explanations describing why a specific

item is recommended [38, 110], a global explanation describing how recommendations

are selected overall [140, 93], or both, presented separately [144, 2, 100, 173, 10, 86,

130] or in a unified manner [61, 16, 17, 19, 159, 43].

Despite widespread use of local and global explanations in recommender sys-

tems, to the best of our knowledge there has been no investigation into how each

influences recommender transparency. In machine learning broadly, global explana-

tions explain how a model behaves generally, while local explanations explain a single

model output, as first distinguished by Ribeiro et al. [156]. Some works find that

local explanations are more useful for model faithfulness [156, 66]. Others discuss

benefits from both explanations in terms of understanding and evaluating models

[132, 81, 46, 74, 103]. We build on these works to address how local and global

explanations affect recommender transparency.

Recommenders differ from most AI systems in that their output cannot be ob-

jectively evaluated as correct or not. Local and global explanations may be used
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differently when users must subjectively decide recommendations’ relevance and pro-

vide feedback. Do the two explanation types play complementary roles in helping

users understand how the system may improve? Is one better for detecting false

positive or false negative recommendations? Are local explanations used differently

if a global explanation is also present, or vice versa? We examine these questions

and more using Semantic Sanity, a website allowing users to create recommendation

feeds of computer-science research papers.

In summary, we make the following contributions:

• A formative study regarding how to present local and global explanations in a

research-paper recommender.

• An exploratory study and controlled user study, each with 30 computer-science

researchers, using the recommender to investigate several hypotheses surround-

ing three conditions: local, global, and both explanations.

• Evidence suggesting that 1) both explanations help users explain how to im-

prove recommendations better than either alone, but 2) both is less helpful

than global alone for efficiently identifying false positive and negative recom-

mendations. Also, 3) users prefer less diverse local explanations when a global

explanation is also available.

19



3.2 Study 1: Formative Study for System Design

3.2.1 Existing System

Semantic Sanity, a website to generate recommendation feeds of computer-science

research papers, is the existing system that we adjusted for our studies. The recom-

mender system uses a linear model with 15000 paper terms (unigrams and bigrams)

as features. Despite the model’s linearity, the large number of features prevents the

model from being fully interpretable. Thus, to help users understand the model’s

recommendations, the system presents local and global explanations consisting of the

paper terms used as model features. These explanations are a form of the common

content-based explanation [104, 54, 10, 16, 86, 2]. By presenting the explanations as

simple key terms, as in some other explainable recommenders [16, 86, 2], we prevent

the explanations from adding too much clutter to the already information-heavy user

interface. The global terms have the most positive weights in the recommender’s lin-

ear model. The local terms have the most positive products of model weight and

TF-IDF value for the associated paper; we use LIMEADE’s approach [110] for in-

troducing some randomness to diversify the local terms.

3.2.2 Formative Study

In a formative interview study, we asked six computer-science researchers for their

thoughts on design mockups to determine how best to present local and global ex-

planations in the research-paper recommender Semantic Sanity. A majority of par-

ticipants preferred that local and global explanations be toggle-able, so they would
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see them only when they desired to do so. Furthermore, most participants wanted

the explanations to be presented in a unified manner when they were both available.

This means that the local explanation is visualized as a filtered version of the global

explanation, rather than a completely separate explanation. Participants also pre-

ferred that the explanations be actionable, meaning that the user may manipulate

the explanation widget to provide feedback [110]. Lastly, participants easily under-

stood that when local explanations had varying numbers of terms, only the most

significant terms were shown. Thus, within the constraint of two to four terms total,

the system added terms to a local explanation until the term weights hit a plateau

so that the explanation had the most salient terms.

Figure 3.1 shows the resulting interface for the local-global condition. In all

conditions, users can like or dislike papers and give feedback on explanation terms.

In the local-global (LG) condition, the “Feed Explanation” button opens a sidebar

(open by default) containing the global explanation. The sidebar shows the top

80 feed terms and allows users to search all 15,000 terms. Users can adjust term

ratings between 0.0 and 1.0 by using the plus and minus buttons to add or subtract

0.1. The “Paper Explanation” button under each paper displays a local explanation.

This surfaces two to four paper-relevant terms in the sidebar, and clicking the carrot

underneath them puts the terms in context of the global explanation. The global

(G) condition looks similar but does not include the “Paper Explanation” buttons.

In the local (L) condition, the “Paper Explanation” button under each paper reveals

two to four terms explaining why the paper was recommended (Figure 3.2), and a

“View All Paper Explanations” button opens all local explanations.
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Figure 3.1: UI for Study 2 LG condition. Left: default layout. Right: layout when
a local explanation is open. Irrespective of condition, these features are present:
“(More)” buttons to see full abstracts, “More like this”/“Less like this” buttons for
paper feedback, bookmark buttons to save papers, “Refresh” button to apply feed-
back, “Undo Term Annotations Applied By Refresh” button shown directly after
refresh to undo all term annotations applied by refresh, and “Undo All Term Anno-
tations” button to return all terms to original ratings.

Figure 3.2: A paper recommendation in Study 2’s L condition, with the local expla-
nation open at the bottom.
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Table 3.1: Study 2 metrics for hypotheses in Section 3.3.1. Questions are 7-point
Likert-type questions. LFM means log file metric.

Hypo. Metric ID Metric

- Q0: feed success “The recommendation feed helps me find relevant pa-
pers.”

H1 Q1: past actions “The explanation(s) help me to understand why the sys-
tem returned the papers it did.”

H2 Q2: future actions “The explanation(s) help me to anticipate what kinds of
papers the system will return in the future.”

H3 Q3: understand me “The explanation(s) help me to know when the system
doesn’t understand my interests.”

H4 Q4: change behavior “When the feed is not completely relevant, I can explain
how I would like the system to behave to be more rele-
vant.”

H5 Q5: false pos paper “The explanation(s) help me to determine whether a pa-
per is relevant or irrelevant.”

Q6: false pos term “The explanation(s) help me to understand which term
might cause an irrelevant paper to appear in my feed.”

LFM1 % of annotated terms that are annotated negatively
H6 Q7: false negative “The explanation(s) help me to understand how likely the

feed is to miss papers that I’d consider relevant.”
H7 Q8: local diversity “I would like the Paper Explanations to cover a less di-

verse set of terms, focusing more on the highest-rated
terms.”

H8 LFM2 # of annotated terms

3.3 Study 2: Exploratory Study

3.3.1 Study Design

Hypotheses

Study 2’s overarching research question RQ1 was: how do people utilize local and

global explanations in a research-paper recommender? The first six hypotheses sur-
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round how the explanations affect the recommender’s transparency and are inspired

by target purposes of AI explanations enumerated in previous work [73, 67]. They

state that there is at least one paired difference among the L, G, and LG condi-

tions in terms of utility in... H1: understanding past recommender actions, H2:

understanding future recommender actions, H3: understanding how well the sys-

tem understands the user, H4: understanding how the system can improve, H5:

identifying false positive recommendations, and H6: identifying false negative rec-

ommendations. The last two hypotheses address how users’ interactions with the

explanations are affected by the explanation types provided. H7: There is a differ-

ence between L and LG with regards to desired diversity of local explanation terms,

and H8: there is at least one paired difference among L, G, and LG with regards to

amount of explanation feedback. The hypotheses’ metrics are in Table 3.1.

Participants and Treatments

Thirty researchers who read at least one computer-science research paper monthly

interacted with the recommender for a half-hour to one-hour and were compensated

with $25 Amazon gift cards. Fifteen participants received the G and L conditions

in randomized order; the other 15 interacted only with the LG condition. There

was no baseline condition (no explanation) because explanations’ importance to rec-

ommender transparency is well-established [10, 24, 61, 114, 99, 172, 106, 110]. In

signing up, participants provided two topics of interest for their feed topics.
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Procedure

We first presented participants with a condition-specific slide tutorial and then in-

structed them to navigate to a specified link to access the recommender. Clicks were

recorded in a log file. Participants started the recommendation feed about their cho-

sen topic with 4 seed papers, found using keyword search, and named and generated

the feed. The participants’ objective was to make the feed as relevant to them as pos-

sible. They had 15 minutes to do so, but if they felt that it was not going to become

any more relevant before 15 minutes passed, they stopped early. The number of seed

papers and time for each feed were chosen so that the study would not be too long

and fatiguing. We also asked participants to think aloud as they interacted with the

system in case there were any helpful insights into their interactions or they needed

a reminder of how to use a certain system feature. At the end of each condition,

participants filled out a Google Forms survey without looking at the system. The

survey asked for short answers regarding in what situations, if any, they found each

explanation type useful. It also asked for any other thoughts on the explanations.

Next, they answered the Likert-type questions in Table 3.1. Lastly, they returned to

the feed and categorized the final top ten papers as relevant, neutral, or irrelevant.

However, this data depended heavily on factors other than successful feed curation

(e.g. the number of papers published on the feed topic), so we did not use it.
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Figure 3.3: Study 2 results for each Likert-type question and condition. 1 means
“strongly disagree,” and 7 means “strongly agree.” Triangles represent the mean
responses for each question/condition. Circles represent individual responses. Q4:
With both explanations rather than only global (p=0.015, uncorrected) or local
(p=0.030, uncorrected), participants were more confident in explaining how they
would like the system to improve. Q8: Participants desired less diverse local expla-
nations when global was present (p=0.038, uncorrected).
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3.3.2 Results and Discussion

Quantitative Results

Here we discuss results for RQ1’s related hypotheses and metrics (Table 3.1). For

Likert-type questions, we compared the L and G conditions with the within-subjects

two-tailed Wilcoxon signed-rank test and the remaining condition pairs with the

between-subjects two-tailed Mann-Whitney-Wilcoxon test (Figure 3.3). For log file

metrics, we analyzed all condition pairs with a one-way ANOVA test. The signifi-

cance threshold was p < 0.05. Though all results were insignificant after Bonferroni

corrections, results for H4 and H7 would be significant otherwise.

Regarding H4, participants in the LG condition demonstrated more confidence

than participants in the G (W=55.5, p=0.015, uncorrected) or L (W=61.5, p=0.030,

uncorrected) condition in explaining how they would like the system to behave to

be more relevant. However, there was no difference indicated between the L and

G conditions. This suggests that both explanations together are better than

either alone for helping users understand how the recommender can im-

prove. While similar results have been shown in other machine learning systems

[74, 81], this is a distinct insight for recommenders, as their output is not objectively

correct or not. Judging and rating output according to their own standards, users

may benefit differently from local and global explanations.

To create appropriately transparent interactions, a designer needs to know what

kinds of information users seek from local explanations. H7’s result suggests that

local explanations’ ideal content depends on whether or not a global explanation is
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present. In particular, participants desired less diverse and more consistent

local explanations when the global explanation was also present (W=62.5,

p=0.038, uncorrected). This may be a consequence of the “explanation-action trade

off” [110], which refers to how actionable local explanations without a global expla-

nation in recommenders must balance two competing goals: 1) returning the most

accurate (and often consequently more uniform) explanations and 2) affording more

opportunities for users to adjust the model. We address this in Semantic Sanity by

explicitly introducing randomness to diversify the local explanations, as in Lee et al.

[110].

Qualitative Results

In their short-answer responses, participants commented more often that they

forgot or did not find much use for the local explanations, as compared to

the global explanation. Of the 30 participants, nine mentioned either forgetting

local explanations or using them rarely, whereas only one mentioned not using the

global explanation. However, this difference may be due in part to a user interface

design issue described in Section 3.4.1. Participants also noted that local and global

explanations may serve different purposes in terms of research exploration. Four

participants explained that the ability to adjust the importance of the global

explanation terms was useful to avoid unintended bias toward specific

authors or topics. P17 noted, “The system seemed to be suggesting a particular

author and listed that in the feed explanation column. I reduced that so that I could

have a more unbiased feed of people I don’t often read....” Two participants mentioned
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that the global explanation allowed them to introspect about their own

research interests. P11 commented, “[Global] gave me a better idea of what my

inputs... seemed to have in common.” On the other hand, two participants found that

local explanations were useful for characterizing unexpected interesting

papers. P24 wrote, “There was a paper suggested to me that I found relevant, but I

was also surprised to find it in my recommendation list. . . [Local] was useful for me

to check out why that paper was recommended....”

3.4 Study 3: Controlled User Study

3.4.1 Study Design

Hypotheses

Study 3’s first research question aimed to reaffirm Study 2’s results. RQ2: are both

explanations more helpful than either alone for understanding how to improve rec-

ommenders? To address RQ2, we have the hypothesis H11: both are better than

either alone for understanding how the recommender may improve. The second re-

search question sought to expand on Study 2’s findings. RQ3: how do local and

global explanations complement one another to help users understand recommender

output? To address RQ3, we have two hypotheses reflecting a framework for how

the two may complement each other. H9: Local is better than global for identifying

false positive (FP) recommendations, and H10: global is better than local for identi-

fying false negative (FN) recommendations. The hypotheses’ associated metrics are

provided in Table 3.2 and are described further in Section 3.4.2.
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Table 3.2: Study 3 metrics for hypotheses in Section 3.4.1. Scores are described in
Section 3.4.2. Question is a 7-point Likert-type question.

Hypo. Metric ID Metric

H9 M1 score on false positive survey (between -42 and 42)
H10 M2 score on false negative survey (0 or 1)
H11 Q9 “I can explain how the system should be updated to be more

relevant.”

Participants and Treatments

In the same manner as in Study 2, thirty computer-science researchers were recruited

and separated into treatments. A few changes were made to the explanations. Their

titles were made purple and revised to better draw attention. The local explanations

were renamed from “Paper Explanation” to “Why This Paper,” and the global expla-

nation was renamed from “Feed Explanation” to “Why This Feed.” Also, as described

in Section 3.4.1, Study 3’s procedure no longer required participants to curate rec-

ommendation feeds, so the only clickable buttons were for looking at explanations

and abstracts. The remaining buttons were included to provide context for how

the recommender would work overall. Furthermore, the LG condition was updated

so that the local and global explanations were presented separately because their

unified presentation in Study 2, in which local explanations could only be opened

one-by-one, may have reduced focus on the local explanation. Study 2 participants

in the L condition opened an individual local explanation 9.3 times on average, while

those in the LG condition did so only 2.7 times on average.

Study 2 participants’ feed topics varied largely in breadth and familiarity, which

may have hindered our ability to observe significant results. Thus, Study 3 partici-
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pants were randomly assigned to one of two preset feeds for each condition: “misin-

formation on social media” or “educational technologies for demographically diverse

users.” These topics were chosen based on three criteria: 1) for researchers from

various areas to engage with and understand the feed, the topic had to use limited

jargon, 2) the topic had to be specific enough that FPs occurred, and 3) the topic had

to be broad enough that a FN cluster emerged. For example, in the “misinformation

on social media” feed, true positives (TPs) were exclusively about covid-related mis-

information, so any papers discussing misinformation on social media unrelated to

covid formed a FN cluster. Each feed was seeded with five carefully selected papers.

Three annotators classified the top 20 papers of each 250-paper feed as FPs or

TPs and the bottom 50 papers of each feed as FNs or TNs, based on paper titles

and abstracts. Only papers upon which there was unanimous agreement were added

to the pool of papers that participants could encounter. The local explanations for

each annotated paper were then kept constant so that no new randomized terms were

introduced for diversification. Subsequently, the twenty-first paper from the “educa-

tional technologies for demographically diverse users” feed was added to the pool of

papers in order to have enough TP papers for the study. Also, the “misinformation

on social media” feed had ten FNs. Two did not belong to the FN cluster about

misinformation on social media unrelated to covid. To ensure that all participants

interacting with this feed would see a FN from the same cluster, the two FNs were

removed from the pool of papers.
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Procedure

Participants first opened a link to the recommender. For each condition, they then

logged into one of two accounts to access a preset feed with six recommendations.

Next, we gave them a condition-specific tutorial on using the system. The partic-

ipants then answered three Google-Forms surveys to address each hypothesis. H9

was addressed first with a FP survey. The survey asked participants to label each of

the six paper recommendations in the feed as relevant or not and rate how confident

they were in their answers on a 7-point scale. The recommendations were randomly

ordered and selected such that half would be FPs. About half of all the TPs had

optimal local explanations containing information pertinent to both aspects of the

given feed topic. For instance, in the “misinformation on social media” feed, the

optimal local explanation may have the term “fake news” related to “misinformation”

as well as the term “twitter” related to “social media.” To make sure this category of

TP was represented accordingly, one such TP was randomly chosen to be included

in each participant’s feed. H10 was addressed next with a FN survey. The survey

presented participants with three new paper recommendations for the feed. Two

were TPs and one was a FN. The survey asked participants to rank these papers

based on how they believed the recommender system would rather than should rank

them. Ideally, the participant would be able to recognize that the FN paper would

be ranked last by the system. Finally, H11 was addressed with a survey asking

participants to answer the 7-point Likert-type question Q9. The survey also asked

participants to explain to a software developer how to make the recommendations

more relevant, but we found that participants did not understand this question as
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intended, so it was discarded.

3.4.2 Results and Discussion

Here we discuss the results for the hypotheses and metrics in Table 3.2. The FP

survey score M1 was calculated as follows. For each recommendation, if the par-

ticipant classified it correctly as relevant or not to the feed topic, 1 multiplied by

their confidence (1 to 7) was added to their score. If they classified it incorrectly,

-1 multiplied by their confidence was added. The FN survey score M2 was 1 if the

FN paper was ranked below the two TP papers and 0 if not. For M1 and M2, we

analyzed all condition pairs with a one-way ANOVA test. For Q9, we compared the

L and G conditions with the within-subjects two-tailed Wilcoxon signed-rank test

and the other condition pairs with the between-subjects two-tailed Mann-Whitney-

Wilcoxon test. The significance threshold was p < 0.05. All pre-registered results

were insignificant.

Regarding RQ2, the slight difference in wording between H11’s Q9 and Study

2’s Q4 may have implied that, to respond affirmatively, the participant needed a

technical rather than merely conceptual understanding of how the system could im-

prove. Also, they may have had more trouble conceptualizing how it should improve,

as they did not choose the feed topic. These points may explain the lower average

response to Q9 (4.67) as compared to Q4 (5.36).

Regarding RQ3, while we did not find a significant difference among the condi-

tions with respect to how well participants completed the FP (H9) or FN (H10) sur-

vey, we observed uncorrected significant differences among the conditions in terms of
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Figure 3.4: How much time Study 3 participants spent on the FP (top) and FN
(bottom) surveys as a function of condition, under the “misinformation on social
media” feed. Top: Participants spent more time on the FP survey when both ex-
planations were present as compared to only global (p=0.020, uncorrected) or only
local (p=0.045, uncorrected). Bottom: Participants spent less time on the FN sur-
vey when only global was present as compared to both (p=0.018, uncorrected) or
only local (p=0.135, uncorrected). The global explanation alone thus appears more
helpful than both explanations together for identifying FPs and FNs efficiently.
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how quickly participants completed the FP (F(2,19)=5.216, p<.05) and FN (F(2,19)=

4.801, p<.05) surveys for the “misinformation on social media” feed, as illustrated in

Figure 3.4. Twenty-two participants interacted with this feed (8 in the G condition,

7 in each of the other conditions). Time spent on each survey was rounded to the

nearest half-minute. For these results, we analyzed all condition pairs with a one-way

ANOVA test followed by a Tukey HSD test. These results are not further corrected

because they were not pre-registered for analysis. Figure 3.4 shows that participants

with the “misinformation on social media” feed in the LG condition completed the

FP survey slower than those in the G (p=0.020, uncorrected) and L (p=0.045, uncor-

rected) conditions. This suggests that providing both explanations rather than

either alone causes users to identify FPs more slowly, which may simply be

due to the fact that there is more information to consider when both explanations

are available. However, this result is not obvious, as having both explanations could

have allowed participants to more easily recognize FPs. For the same feed’s FN sur-

vey, Figure 3.4 shows that participants in the G condition completed it faster than

participants in the LG condition (p=0.018,uncorrected), suggesting that providing

only a global explanation rather than both explanations helps users iden-

tify FNs more quickly. Though insignificant, participants in the G condition also

completed the survey faster than participants in the L condition (p=0.135, uncor-

rected). These results make sense for two reasons: 1) with LG, users have more

information to evaluate, and 2) in comparison to L, G’s top terms provide users a

more straightforward indication of which terms the model may be considering too

important or unimportant, which can cause FNs.
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Reasons we did not see the same results for the “educational technologies for

demographically diverse users” feed may include: 1) the topic appeared more difficult

to understand, 2) the FNs resulted from an over-specification (for cultural diversity)

as opposed to an unnecessary specification (for covid), and 3) the FN-related global

terms were less prominent.

However, in a follow-up formative study with time-constrained surveys, partici-

pants were not evidently better at identifying FPs or FNs in one condition versus

another. The time constraints may have been too severe or too relaxed to see a

difference.

3.5 Conclusion, Limitations, and Future Work

Following a formative study to determine how content-based local and global expla-

nations should be presented in a research-paper recommender system, we conducted

an exploratory study comparing the two explanation approaches’ uses in this sys-

tem. We saw evidence suggesting that each explanation type plays a unique role

in augmenting the system’s transparency around what literature components influ-

ence the recommendations. Specifically, our results suggested that providing both

explanations rather than either alone ensures scientists reach the best understanding

of how the recommender can improve. Furthermore, we saw evidence that scien-

tists prefer more diverse local explanations when they are alone compared to when a

global explanation is also available, which may be attributable to the need for more

options to steer the system without a global explanation. We also found qualitative

evidence that, in the domain of research papers, local and global explanations may
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have different advantages with respect to research exploration.

In a subsequent controlled user study, we investigated how local and global ex-

planations may complement one another to help users understand their recommen-

dations, in particular by revealing false positive and false negative recommendations.

While we did not find differences between the two explanations in terms of user ac-

curacy in identifying false positives or negatives, we did observe evidence suggesting

that having both rather than either alone slows users’ identification of false positives,

and having a global explanation alone rather than both quickens users’ identifica-

tion of false negatives caused by unnecessary specifications. However, a follow-up

formative study did not corroborate these findings.

Limitations of this work include that the user studies were relatively small-scale

and that only one recommendation domain (computer-science research papers) and

explanation style (content-based) were studied. Future work may study the use of

local and global explanations for more opaque recommendations such as author or

artist recommendations; an explanation is less necessary if the recommendation itself

summarizes its contents, as with papers. Future research may also explore how these

explanations are used in higher-stakes recommendation settings such as education or

healthcare, in which explanations often bear greater importance. Finally, future work

may investigate how these explanations are used for purposes other than clarifying

recommendation relevance, such as discovery of more diverse recommendations.
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Chapter 4

Papers-to-Posts: Supporting Detailed Long-Document

Summarization with an Interactive, LLM-Powered Source

Outline

In the last chapter, we saw that scientists may benefit more from literature-grounded,

creative AI suggestions when they are provided more affordances to verify and con-

trol what literature components influence those suggestions. In this chapter, we

explore the benefits of an AI system that answers the question of which literature

components should be directly included in or excluded from generated sugges-

tions. To assist with this, we introduce a novel mechanism called an interactive

reverse source outline, which delineates which literature components are and are

not selected to incorporate in generated suggestions. We find that a system im-

plementing this mechanism leads to significantly higher satisfaction with the final

creative artifact, under time constraints, compared to a strong baseline without this

mechanism.

Compressing long and technical documents (e.g., > 10 pages) into shorter-form

articles (e.g., < 2 pages) is critical for communicating information to new audiences,

for example, translating scientific research papers into blog posts or dense court pro-

ceedings into legal briefs. While large language models (LLMs) are powerful tools

for condensing large amounts of text, current interfaces to these models lack sup-

port for understanding and controlling which content is included versus not included

in a detailed summary article. Recognizing and adjusting excluded information is
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especially important for detail- and technical-oriented domains, in which tactical se-

lection and coherent synthesis of key details is critical for effective communication to

the target audience. For this, we present interactive reverse source outlines, a novel

mechanism for verifying and steering long-form summarization through an LLM-

generated outline with automatic bullet point selections that the user can iteratively

adjust to obtain the desired content coverage. We implement this mechanism in

Papers-to-Posts, a new LLM-powered system for authoring research-paper blog

posts. Through a within-subjects lab study (n=20 scientists) and a between-subjects

deployment study (n=37 blog posts, 26 scientists), we compare Papers-to-Posts

to a strong baseline tool that provides an LLM-generated draft and access to free-

form prompting. Under time constraints, Papers-to-Posts significantly increases

writer satisfaction with blog post quality, particularly with respect to content cov-

erage. Furthermore, quantitative results show an increase in editing power (change

in text for an amount of time or writing actions) while using Papers-to-Posts,

and qualitative results show that scientists find incorporating key paper insights into

their blog posts easier while using Papers-to-Posts.

4.1 Introduction

Condensing long and technical documents into shorter forms for different audiences is

crucial for many applications, from blog posts about scientific papers to legal briefs

about court proceedings. In science, communicating scientific ideas from research

papers to broader audiences increases awareness and impact [88, 20]. Scientists often

seek different ways to publicize their work, such as through tweets or blog posts [57,
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Figure 4.1: Interactive reverse source outlines in the Papers-to-Posts system.
Users input a long-form source document (research paper) and the system provides
(a) a WARM START for the summarization task by generating a reverse document
outline. The system then produces a draft summary article (blog post) with sec-
tions based on outline bullet points (and associated source paragraphs) selected by
the LLM. Given the draft, users can perform two main actions: (b) SUMMARY
REVISION, where users adjust the system’s bullet point selection for the summary,
triggering system re-generation of the summary; and (c) SECTION ADDITION,
where users provide a header for a new desired section, based on which the system
selects bullet points and generates a draft of the section content. Users may also edit
the draft manually. 40



120, 184, 75]; indeed, tweeting about research papers has been shown to raise their

citation count [125]. While some tools have been created to help author short-form

derivatives like tweets [120], significant challenges remain for scientists seeking to

create more detailed derivatives like blog posts. Summarizing long documents (10k+

words) in detailed articles (500-1000 words) takes considerable time and effort, even

with LLM support. Detailed articles require the writer to identify large amounts of

relevant content from the source document. Given a long document, identifying all

the important information to include can be daunting. While LLMs have impressive

abilities to synthesize information from a long piece of text, what the LLM chooses

to leave out is unclear to the user, and quickly iterating on the selected content is

difficult. In domains like science, law, and business, attention to detail is critical; a

summary missing key content could lead to misrepresented work and misinformed

readers.

While some prior work has investigated fully automatic summarization of long

documents [102], a mixed-initiative approach allows users to have more control over

their summaries, which is important in detail-oriented domains like scientific re-

search. Prior work in human-AI text summarization has often focused on help-

ing create short-form summaries around a paragraph in length, which are easier to

control through selection of a few source-document sentences [194, 182]. However,

when writing longer summaries, selecting source content at the sentence level be-

comes unwieldy. Other work in human-AI text summarization has looked into other

interactions that may support longer-form summaries, but these works involve in-

teractions detached from the source narrative, like post-editing of an automatically
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generated summary [116, 108, 134] or selecting concepts to include in the summary

[192, 12, 8, 7, 45]. Without sufficient context from the source document, making sure

that important details are not missing in a longer summary is difficult.

Inspired by prior work on LLM-supported reverse outlining for general writ-

ing [40], we present interactive reverse source outlines, a new interaction mecha-

nism for controlling summary content selection with an interactive LLM-generated

source outline, which maintains the source’s narrative structure and simplifies the

task of selecting relevant content (Figure 4.1). To the best of our knowledge, this is

the first mixed-initiative approach for detailed and grounded summarization of long

documents (Figure 4.2).

We implement this mechanism in Papers-to-Posts, a mixed-initiative system

that helps researchers write research-paper blog posts. The system follows a plan-

draft-revise writing workflow [52]. In the planning phase, the user may review the

system’s initial blog post draft and adjust the system’s selection of key bullet points

within an LLM-generated paper outline. In the drafting phase, the user may cus-

tomize preset instructions (e.g., include a hook, write one paragraph) to the LLM for

each blog post section. The LLM then uses the selected bullet points and adjusted

instructions to generate new text for the given section. In the revising phase, the

user may further refine text with LLM-powered macros that encapsulate frequent

editing transformations for scientific blog post writing (e.g., to reduce jargon, to

better capture attention).

We evaluated Papers-to-Posts through two studies in which participants wrote

blog posts for their own papers. In these studies, we compared our tool to a strong
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baseline tool–an LLM-generated draft and access to free-form LLM prompting. In a

within-subjects lab study (N=20 participants) in which researchers wrote blog posts

for two papers (one per tool), we found that Papers-to-Posts led to significantly

higher writer satisfaction with the final blog post, and participants were particularly

more satisfied with the content covered in the final blog post. Furthermore, partici-

pants had higher confidence that all essential information was in the final blog post

when using Papers-to-Posts. To study Papers-to-Posts in a more realistic set-

ting, we also conducted an unmonitored, between-subjects deployment study (N=37

blog posts, 26 participants). Across both studies, participants found Papers-to-

Posts more helpful. They found it easier to incorporate research-paper content in

the blog post and to iterate on that content. Moreover, participants demonstrated

increased editing power (change to the provided blog post draft for a given amount

of time or for a given number of writing actions) without an increase in cognitive

load.

In summary, we make the following contributions:

• Interactive reverse source outlines, a novel mechanism for more user control

in human-LLM detailed summarization of long documents, consisting of an

LLM-generated reverse outline of the source document with pre-selected bullet

points for an initial draft of the summary, with which the writer iteratively

interacts to control content selection

• Papers-to-Posts, a tool that implements this mechanism for the purpose

of writing research-paper blog posts, a common long-document summarization

task that requires attention to detail
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• Findings from a within-subjects lab study (N=20 participants) and a between-

subjects deployment study (N=26 participants) showing that Papers-to-

Posts...

– Under time constraints, significantly increases writers’ satisfaction with

their summaries’ quality (primarily with respect to content coverage)

– Is considered more helpful by writers, making incorporating source content

in a detailed summary easier and iterating on the summary easier, with

increased editing power (change in writing within an amount of time or

writing actions) and no increase in cognitive load

4.2 Related Work

4.2.1 Human-LLM Text Summarization

Although there is much work on automatic text summarization [102, 49], issues

remain with the output summaries, such as inaccuracies and style misalignment

[123, 102]. To address these issues, other works have looked into supporting humans

in working together with LLMs to generate a summary [28]. These tools may be

divided into groups in terms of 1) the summary length that they support and 2) how

grounded the interaction is in the context of the source document (Figure 4.2).

Some prior work in human-LLM text summarization supports an interaction in

which the human selects sentences extracted directly from the source [182, 194] (Fig-

ure 4.2, top left). For a short summary, identifying the few key sentences from the

source to include may be manageable, but for a detailed summary, this would re-
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Figure 4.2: Comparing interactive reverse source outlines in Papers-to-Posts
(blue, upper right) with other affordances for control of LLM summarization, in terms
of 1) how grounded the affordance is in the source narrative and 2) the length of the
output summary that is supported. Papers-to-Posts is the first LLM-powered
tool to provide writers with highly grounded control over a detailed summary.

45



quire considerable time and effort. One work enables more detailed summaries by

generating expanded text based on the user selecting a few source sentences [12]

(Figure 4.2, middle right), but what source content has been included versus ne-

glected then becomes unclear. Other prior work provides users with automatically

generated summaries that they can adjust through interactive editing (e.g., via rat-

ings, gaze) [14, 56, 185, 186] or post-editing [134, 22, 108] (Figure 4.2, bottom right).

While these interactions are flexible in terms of the length of summary generated,

they do not support users in understanding what source content has or has not been

represented. Yet another group of prior works strikes a balance between generating

longer summaries and grounding them in the source document, by having the user

select concepts or keywords to include in the summary [192, 12, 8, 7, 45] (Figure

4.2, center). Concepts are easier to sort through than full sentences, which makes

generating a longer summary more feasible, and selecting concepts provides users

some sense of what source content is utilized overall. Nevertheless, concepts are

high-level and abstract, limiting their utility for generating detailed summaries and

easily identifying what source details are and are not included. Our novel interactive

reverse source outlines, implemented in Papers-to-Posts (Figure 4.2, top right),

support both grounded and long-form summarization by allowing users to select out-

line bullet points directly tied to the source document in order to generate a detailed

summary.
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4.2.2 Outlines in Human-LLM Writing

There are some works in human-LLM writing that have utilized LLM-generated

outlines for writing. Some focus on outlining output content, rather than outlining

input content for summarization [195, 124]. For instance, Zhang et al. introduce

the tool VISAR, a human-AI argumentative writing assistant that allows users to

iterate on their draft with adjustments to a visual outline of the draft [195]. Other

works focus on outlining input content (as we do), but the outline is not utilized to

synthesize a detailed summary of the input [146, 189]. As an example, AngleKindling

generates a few main points from an input press release as a quick overview for

journalists to then ideate about potential angles for reporting on the press release

[146]. However, there is no support for interacting with the main points to generate

a summary of the press release.

Most related to our work, Dang et al. present a text editor that generates sum-

maries of each paragraph written in the editor to comprise a reverse outline of the

writing [40]. The summaries then become affordances to help writers think about

how to revise their writing. Our work also generates a reverse outline, but it is

an outline of the input document for users to interactively guide summary genera-

tion. For summarizing a long source document, an outline is particularly useful, as

reviewing the entire source itself requires substantial time and effort.

4.2.3 Human-LLM Scientific Writing

Several works have investigated how to support human-LLM writing. Most of these

works focus on tools for creative writing [163, 33, 131], but a few cater to scientific
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writing. A few works have investigated human-LLM scientific writing for broader

science communication tasks that do not involve a source document. Gero et al.

present a system for generating scientific “sparks,” or inspiring sentences [58]. Long

et al. examine how LLM scaffolding can help people generate relatable hooks for

complex scientific topics [120], and Kim et al. investigate how science writers can

generate extended metaphors for scientific ideas with the help of an LLM [96]. The

few prior works that have explored human-AI scientific summarization [116, 192, 12]

do not support fully grounded and detailed summaries like Papers-to-Posts, as

described in Section 4.2.1. Also of note, Google’s tool NotebookLM for general

human-AI document summarization does not permit any content selection [59].

4.2.4 Scientific Blog Posts

Scientists can engage with broader communities through various channels, including

press releases, magazines, journals, and tweets [6, 58]. This work focuses on scien-

tific blog posts, which offer increased recognition and transparency of one’s work,

editorial freedom, and public engagement [85, 13, 196]. There are several forms of

scientific blog posts, such as academic commentary, free commentary, and mediation

of research to laypersons [126]. Here, we focus on blog posts with the primary goal

of communicating information from a research paper to people unfamiliar with the

paper’s specific research topic.
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Figure 4.3: Papers-to-Posts’ user interface. a) The Blog-Post Area, where the
user writes the blog post in sections. b) The Planning-Support Area, which contains
both the interactive paper outline and original paper text. c1) The Drafting-Support
Area, which contains inputs and outputs for generating text. c2) The Drafting-
Support Area continued, seen if one scrolls below the c1 area. d) The Revising-
Support Area, which contains inputs and outputs for modifying text and is located
below the Drafting-Support Area. (Not Pictured: The modification output appears
below the modification buttons, with a button to copy the output text and buttons
to view previous modifications and their inputs.)

4.3 The Papers-to-Posts System

This section describes the design goals for Papers-to-Posts and provides a walk-

through of the resulting system’s four main panel areas, which show the blog post

draft and enable executing the Plan-Draft-Revise workflow on individual blog post

sections.1 We developed Papers-to-Posts based on key design goals and pilot

study feedback. The pilot study feedback helped us to identify system features to

1. A walkthrough video of the tool may be found in the supplementary materials.
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add for increased transparency, flexibility, and ease of use.

4.3.1 Design Goals

When communicating scientific research in a detailed summary, making sure all im-

portant details are covered is key. Otherwise, the research may be misinterpreted,

leading to misinformed readers. Indeed, in a closely related work on human-LLM

scientific text summarization, a featured design goal based on their preliminary sur-

vey of professors was to provide provenance for summary content by showing “direct

or indirect contributors to a summary to help the user verify whether the summary

reflects the structure and key components of the original document” [192]. This also

applies to similar domains, such as law and business, in which delivering informa-

tion with accuracy and precision is critical. However, existing text summarization

tools (including the one just referenced) either 1) do not fully ground the summary

content selection in the source, which makes understanding what content is versus is

not included difficult, or 2) only support selection of summary content at the level

of source sentences, which is unwieldy when writing a detailed summary (see Section

4.2.1).

Furthermore, we identified and synthesized guidelines for academic blog posts

from popular resources [105, 175, 145, 34], prior work [127], and feedback from three

communications experts, recruited from our institutions. There are multiple guide-

lines on the content, format, and language for academic blog posts. Papers-to-

Posts seeks to address these guidelines by default but does not enforce them.2

2. The synthesized guidelines may be found in the appendix.
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Thus, Papers-to-Posts’ design goals are as follows (science domain-specific

details in parentheses):

• DG1: Help users (researchers) to understand what long-document (research-

paper) content is versus is not included in its detailed summary (blog post).

• DG2: Help users (researchers) to control and iterate on what long-document

(research-paper) content is included in a detailed summary (blog post).

• DG3: Help users (researchers) to follow domain-specific guidelines (guidelines

for academic blog posts), as a starting point.

4.3.2 Implementation Details

The frontend of Papers-to-Posts was developed using React and TypeScript,

while the backend was developed with Python. Unless otherwise noted, the LLM

was GPT-4 in the lab study and GPT-4-0125-preview in the deployment study.

4.3.3 Walkthrough of Warm Start Step

The Blog Post Area (Figure 4.3a) is the user’s main working area for reviewing

the target blog post artifact. At the top, the user views the blog post’s word count,

a preview of the full blog post, and tips for writing blog posts (described in Section

4.3.1). The user then reviews the blog post draft, divided into sections. To mitigate

cognitive overload, the user selects one section at a time to focus on. The selected

section is the target of subsequent Plan-Draft-Revise workflow actions, described in

the other step descriptions below.
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In order to obtain the initial blog post draft for the user’s input research paper,

we developed an LLM-powered pipeline that first generates a reverse source outline,

selects relevant points, and then generates a draft (Figure 4.1a).

Preprocessing

We used a public tool for converting scientific PDFs to HTML3 to extract the pa-

per text from the paper PDF. For the lab study, we then manually adjusted the

parsed HTML so that the section headers were correct, no section or subsection was

completely missing, and only the main paper text was included (i.e., no appendix,

references, or footnotes). We also manually retrieved the tables and figures from the

parsing. For the deployment study, the text parsing was automatic to better align

with a real-world setting, and there was no table or figure retrieval.

Outline generation

We used GPT-3.5 Turbo to generate between one and three bullet points to summa-

rize each paragraph in the parsed paper, depending on the length of the paragraph.

While we used GPT-4 (GPT-4-0125-preview in the deployment study) for all of

Papers-to-Posts’ other tasks, we decided to use GPT-3.5-Turbo for this task for

two reasons: 1) it produced shorter bullet points that were quicker to read, and 2)

it was many times cheaper for this token-intensive generation task. All together, the

generated bullet points formed a paper outline.

3. https://papertohtml.org
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Outline point selection

We provided the LLM with all of the paper’s bullet points along with the request to

select 10 bullet points relevant to the initial four blog post sections: introduction,

methods, results, and conclusion. We requested 10 bullet points per blog post section

in order to provide the model sufficient content without overwhelming it.

Summary generation

We prompted the LLM to generate each section in succession using the selected

bullet points for that section, the paragraphs associated with the selected bullet

points (to better ground the model), the portion of the blog post that had already

been generated, and section-specific guidelines (see Section 4.3.1). We observed that

this process of generating one draft section at a time with the context of prior sections

helped to make the draft more coherent while avoiding overwhelming the model with

instructions for multiple sections. The model was prompted to make each section

around 125 to 250 words and around one to three paragraphs.4

4.3.4 Walkthrough of Planning Step

In the Planning-Support Area (Figure 4.3b), the user works with Papers-to-

Posts’s interative reverse source outline to plan the blog post section on which they

are currently working, addressing DG1 and DG2. All of the user’s planning actions

(as well as drafting and revising actions) are connected to the user’s selected blog

4. The prompts for generating the initial draft are in Appendix A.2.2. An example initial draft
and associated selected bullet points are in Appendices A.6.1 and A.6.2.
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post section. In other words, the state and history of all inputs and outputs for text

generation are stored separately for each section. This is somewhat similar to the

fragmented document history proposed by Buschek [21].

The user sees the interactive reverse source outline, divided into sets of bullet

points, each corresponding to a paragraph from the original text, which can be

viewed by clicking the button to the left of the bullet point set. 5 They review the

tool’s pre-selected bullet points for the current blog post section by scrolling through

the full outline or clicking the “Show Selected Only” button.6 The user adjusts the

selection of bullet points (or paragraphs) for the LLM to use in generating text for

the current blog post section (Figure 4.1b). Selecting a paragraph does not affect

the selection of associated bullet points, and vice versa, from the user’s perspective.

The system, however, does receive associated paragraphs with selected bullet points

for grounding.

4.3.5 Walkthrough of Drafting Step

In the Drafting-Support Area (Figure 4.3c), the user works with the tool to syn-

thesize text for the blog post section on which they are currently working, addressing

DG2 and DG3.

5. In the lab study, the tool presented figures/tables in a final collapsible portion of the paper
outline. Their captions could be copied for pasting in the editor to help the user plan where to put
figures in the final blog post.

6. When this filter button is activated and the user is under the Paper Text tab, if a paragraph
is not selected but a corresponding bullet point is selected, the tool notes that “A corresponding
bulletpoint(s) is still selected”; the opposite is true for the Paper Outline tab.
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Section Revision

At the top of the Drafting Support Area, the user changes the desired length of the

generated text to their liking. The length defaults to “auto” and may be updated to

one sentence, one paragraph, or a few paragraphs. Below, the user sees the toggle

is on to provide the LLM with the context of blog post sections above the one on

which they are working. In the “Custom Bulletpoints” text field, the user enters any

additional bullet points that they want their generated text for the blog post section

to cover. In the “Custom Instructions” text field, the user adjusts the instructions

for the section’s generated text. For each of the initial draft sections, this box is

pre-filled with section-specific instructions, which are based on blog post guidelines

we collected on content and formatting for different academic blog post sections

[105, 175, 145, 34, 127]. In the text field labeled “Starting Text to Continue from”,

the user optionally provides text that should be at the start of the generated text.

The LLM then generates revised text for the section at hand with the user’s

adjusted selection of bullet points and paragraphs as well as their adjusted section-

specific instructions (Figure 4.1b).7 With respect to the selected bullet points, the

model receives the context of the associated paragraph for each selected bullet point,

even if the associated paragraph was not selected by the user. This is to ensure that

the model’s generation is grounded in the actual paper text. When the user selects

the “auto” length for generated text, the model is instructed to generate text that is

125 to 250 words and between one and three paragraphs.

7. The prompts for drafting text may be found in Appendix A.2.4, and example outputs are in
Appendices A.6.1 and A.6.2.
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The user copies and pastes all or part of the generated text into the highlighted

blog post section and edits it as they see fit. If the user wants to remember what

they generated previously for this section, they may peruse a history of their inputs

(paper content selection, LLM instructions) and outputs (text generations).

Section Addition

The user can also add new sections to the blog post (Figure 4.1c). In the Blog Post

Area, the user clicks the plus-sign button next to an existing blog post section, and

the tool places the new section below the existing one. The tool gives the user the

option to either create a blank section or generate a section based on the section

header that they provide. To generate a new section, the LLM selects 10 bullet

points for the section based on the provided header and generates text based on

those bullet points and associated paragraphs.

4.3.6 Walkthrough of Revising Step

In the Revising-Support Area (Figure 4.3d), the user works with the tool to

revise the blog post section on which they are currently working, addressing DG3.

At the top of this area, the user pastes the text that they want to modify in the text

field. This text may be anything, including text from the blog post draft, the paper,

or a model generation. The user then adjusts the desired length of the modified

text if need be, as in the Drafting-Support Area (Section 4.3.5).8 The user leaves

the second toggle on, indicating that the LLM will utilize the currently selected

8. The desired length “auto” is unique to each modifying action.
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paragraphs and bullet points to generate the modified text. The user considers the

five preset modification options: 1) expand the text, 2) condense the text, 3) rewrite

the text in simpler terms to be more understandable to a layperson, 4) rewrite

the text in a less dramatic tone to align better with the unadorned language of

scientific writing, and 5) rewrite the text in a more dramatic tone to better capture

readers’ attention. The preset modification buttons called prompts based on our

synthesized guidelines for academic blog posts (see 4.3.1), which suggested avoiding

jargon [105, 175, 145, 34], sensationalism (noted by a communications expert), and

wordiness [105, 175, 145]. There is also a “custom modification” button that will

follow specified custom instructions.9 The user copies and pastes the modified text

into the highlighted blog post section and edits it as needed. If the user wants

to remember their previous text modifications for this section, they may peruse a

history of their instructions and modifications. With the user’s instructions, the

LLM modifies the user’s provided text snippet.10

4.4 Evaluation Studies

4.4.1 Lab Study

We conducted a within-subjects lab study to determine if and how Papers-to-

Posts may support researchers in writing blog posts about their research papers.

9. If the user utilizes a preset modification button, they may still provide custom instructions
for the LLM to take into consideration.

10. The prompts for revising text may be found in Appendix A.2.4, and example outputs are in
Appendix A.6.3.
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Hypotheses

We hypothesized that, compared to a baseline consisting of an LLM draft and the

ability to prompt the LLM, Papers-to-Posts would provide participants a better

experience and outcome. Our individual hypotheses were as follows:

• H1: Papers-to-Posts leads to higher satisfaction with the output blog post

than the baseline.

• H2: Papers-to-Posts leads to higher satisfaction with the tool than the

baseline.

• H3: Papers-to-Posts leads to lower cognitive load than the baseline.

• H4: Papers-to-Posts leads to less time spent to generate a blog post that

the writer would be comfortable posting publicly, in comparison to the baseline.

Participants

We recruited 20 participants (M: 14, W: 6) via academic social networks and insti-

tutional mailing lists and compensated them with $83.33 USD for 2.5 hours of their

time. Participants were predominantly early career researchers (PhD student: 17,

master’s student: 1, postdoc: 1, industry researcher: 1), who are often lead authors

tasked with writing blog posts. All participants conducted research in computer

science. Participants had a broad range of experience in terms of LLM use (>10 sit-

tings: 14, 6-10 sittings: 3, 2-5 sittings: 2, <2 sittings: 1). Most had not authored a

research-paper blog post before (0 posts: 14, 1-2 posts: 5, 3-10 posts: 1). In order to
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simulate a naturalistic setting, participants were required to have authored at least

2 research papers for use in the study (2 papers: 1, 3-10 papers: 14, >10 papers: 5)

and to be more interested than not in writing blog posts for their research papers.

Study Conditions

In the treatment condition, participants interacted with Papers-to-Posts de-

scribed in Section 4.3.11 The tool in the baseline condition was designed to be a

simplified version of Papers-to-Posts without affordances developed to address

the design goals (Figure 4.4). The baseline provided the input paper’s text, sourced

from the PDF and divided into paragraphs and collapsible sections as in Papers-to-

Posts. The baseline also provided the ability to prompt GPT-4 with any instruc-

tions and copy its output. A history of generations and their associated instructions

was retained for the user’s perusal. Lastly, the baseline had an editor for writing

the blog post, which was pre-populated with an LLM draft generated by GPT-4-32k

using the entirety of the input paper.12 GPT-4-32k was used rather than GPT-4

because the context window for GPT-4 was insufficient for longer research papers.

The prompt was designed to mirror the prompt for Papers-to-Posts’ initial draft

sections (Appendix A.2.1), so the resulting draft also had an introduction, methods,

results, and conclusion section. However, the prompt did not contain section-specific

instructions.

In each condition, the tool was set up for one of the participant’s two research

11. The system figures above show how the tool looked for the deployment study, after minor
usability updates (see Section 4.4.2. Appendix A.20 shows how the tool looked for the lab study.

12. An example of a baseline initial draft is in Appendix A.5.
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Figure 4.4: The baseline tool’s user interface, consisting of areas for writing the blog
post (left), viewing the paper (top right), and providing instructions to the LLM for
generating writing (bottom right).
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papers submitted in the recruitment survey. Each paper was required to have been

published online between 2018 and the study period in 2023, with the participant

as an author. Only one paper was published in 2018, and the rest were published

during or after 2020. There was no significant difference in publication dates between

conditions (Paired-Samples t-Test, t(19)=0.90, p=n.s.). The average input paper

length across conditions differed by less than 10% (baseline: 8452 words, treatment:

7742 words).

Study Procedure

The study was within-subjects, so each participant completed two study sessions, one

in the treatment condition and one in the baseline, in randomized order and following

a counter-balanced design. The participants’ selected papers were also assigned to

conditions in randomized order. Each study session lasted up to about 75 minutes.

For sufficient flexibility, participants selected two study sessions within a week of

each other, but the majority of sessions were a day apart (1 day: 13, 2 days: 3, 3

days: 3, 4 days: 1).13

Participants completed a participation agreement before the study. We recorded

and transcribed each session in Google Meet.14 To start, the session coordinator

introduced the task and presented a video tutorial on the assigned tool.15 Partici-

pants then had two minutes to interact with and ask questions about the tool in the

13. The condition order was counter-balanced within the group of participants with sessions one
day apart and within the group of participants with sessions over one day apart.

14. The lab study session script may be found in the supplementary materials.

15. The tutorial scripts are in the supplementary materials.
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context of a sample paper that was not their own. Next, participants opened a tool

link initialized with one of their research papers. The coordinator asked them to

assume that their audience was people in their broad area (i.e., computer science),

which was the most common audience for whom potential study recruits wanted to

write blog posts (52/60). The coordinator instructed participants to work as if they

were not there, but to let them know if any questions about the tool arose. They

also instructed participants not to use any external tools or information.16 Lastly,

the coordinator asked participants to let them know if they reached a point at which

they would feel comfortable publicly publishing the blog post in its current state.

Each participant had up to one hour to work on the blog post. At the 20-minute

and 40-minute marks, they were reminded to let the coordinator know if they reached

the point of comfort with publication. If the participant reached that point, the

coordinator asked them to save their draft and continue revising the blog post. After

the first four study sessions, we noticed that participants were sometimes done early

and did not desire to revise further. Thus, we added an additional rule that the

participant would let the coordinator know if they reached a point at which they

were proud of the blog post and saw no reason to revise further. If the participant

reached that point, or if an hour had passed, they submitted their final blog post and

moved on to a survey regarding their experience with the tool. The survey consisted

of Likert-type questions regarding perceived efficiency, cognitive load, ease of using

the tool in relation to the design goals, satisfaction with the tool, satisfaction with the

16. We made an exception twice when participants wanted to view their paper’s PDF due to
issues with its parsing in the tool.
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final blog post, perceived control, and perceived ownership.17 There were also short

answer questions regarding the difficulties and benefits of using the tool in relation

to the design goals.18 At the session’s end, the coordinator told the participant to

close the tool and not to access it before the next session if they had one. Each time

the participant prompted the LLM or submitted the blog post, a log of the action

along with the state of the blog post was saved for analysis.

4.4.2 Deployment Study

We conducted a deployment study to understand if and how the results of the lab

study translate to a less controlled and more realistic setting. To make the deploy-

ment study more realistic than the lab study, participants wrote blog posts on their

own time with the explicit goal of sharing the blog post with others (e.g., on social

media, in an email to colleagues).

Research Questions

Having observed that the lab study participants had significantly more editing power

when using Papers-to-Posts rather than the baseline tool, we investigated if

Papers-to-Posts leads participants to have greater editing power in this real-

world context (RQ1). As in the lab study, we also evaluated satisfaction with the

final blog post, satisfaction with the tool, and cognitive load (RQ2). We did not

17. See Appendix A.1 for a discussion of the exploratory results regarding participants’ perceived
control and ownership.

18. The survey may be found in the supplementary materials.
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evaluate task completion time in the deployment study, as the lab study did not

demonstrate any interesting difference between the conditions.

• RQ1: How is participants’ editing power impacted by Papers-to-Posts ver-

sus the baseline tool in a real-world setting?

• RQ2: How do participants perceive the outcome (blog post satisfaction) and

experience (tool satisfaction, cognitive load) of interacting with Papers-to-

Posts versus the baseline tool in a real-world setting?

For the deployment study, we posed research questions rather than evaluated

hypotheses for statistical significance because power analyses indicated that we would

need a larger sample size than we could obtain to see the same significant results

from the lab study.19

Participants

We recruited 26 participants (M: 17, W: 8, undisclosed: 1) through academic social

networks and institutional mailing lists. They were compensated with $50 over

PayPal for each blog post that they wrote, with a maximum of two blog posts.

Participants were predominantly early career researchers (undergraduate student: 1,

master’s student: 4, PhD student: 13, postdoc: 2, professor: 2, industry researcher:

4). All participants conducted research in an area of computer science, except for

one who studied cognitive science. The majority of the participants had interacted

19. The significant editing power result would have required 29 participants per condition
(power=0.95, alpha=0.05, effect size=0.45), and the significant blog post satisfaction result would
have required 83 participants per condition (power=0.95, alpha=0.05, effect size=0.98).
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with an LLM several times (>10 sittings: 21, 6-10 sittings: 4, 2-5 sittings: 1). The

participants had varied experience in writing blog posts (0 posts: 16, 1-2 posts: 9,

3-10 posts: 1). They were required to have authored at least one research paper (1-2

papers: 6, 3-10 papers: 11, >10 research papers: 9) and to be more interested than

not in writing research-paper blog posts. We also required participants to be willing

to share their final blog posts with others if they were able to reach the point at

which they would feel comfortable doing so. Lastly, the papers that the participants

wanted to write about had to be compatible with our tools’ PDF parser.

Study Conditions

While the treatment and baseline conditions were largely the same as in the lab

study, several minor usability issues identified in the lab study were addressed before

proceeding with the deployment study. For example, there were better instructions

and less intrusive highlight colors, as depicted in the system figures above. We also

replaced GPT-4 and GPT-4-32k with the newer GPT-4-0125-preview model, which

had a larger context window and became available after the lab study. This enabled

both conditions to support longer inputs. In the deployment study, participants could

freely close and reopen their assigned tools in their browsers to work on their drafts

when convenient, and they could save their progress across sessions with a newly

added save button. Furthermore, the treatment tool now automatically parsed the

input paper. We note that, due to the manner in which text was logged in the

deployment study, the tool in both conditions had a lag if participants pasted a

chunk of text more then a couple paragraphs long.
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The majority of the 37 papers about which participants wrote were published in

2023 or 2024 (26 papers). The two oldest papers were from 2019 and 2008. The

average parsed paper length across conditions differed by less than 5% (baseline:

37064 characters, treatment: 35845 characters).

Study Procedure

The task for the deployment study was to share a blog post with others, which can

require substantially higher effort than voicing comfort in publicly posting the blog

post, as in the lab study. Considering this difference for participant recruitment, we

opted for a between-subjects design, so each participant only had to write one blog

post. Still, we allowed participants who wished to participate twice (N=11/26 par-

ticipants) to use both tools in randomized, counter-balanced order. Their selected

papers were assigned randomly to each condition. When analyzing these partici-

pants’ results, we treated them as unpaired data. Eighteen participants completed

the baseline, and 19 completed the treatment. Participants had up to six days to

complete a paper blog post using the assigned tool on their own time. We provided

a link to the tool, a video tutorial on the tool20, and a link to the paper about

which to write. We noted that participants should aim to share the final blog post

with others, but if they felt that they could not reach that point, they would still

be compensated. Participants were required to spend at least 20 minutes using the

tool. We recorded participants’ interactions, including prompting and text edits, in

logs. In addition, we also took snapshots of the blog post whenever they (re)opened

20. The scripts for the video tutorials are in the supplementary materials.
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the systems in their browsers and every 60 seconds during active usage.

Once participants were satisfied with their draft, they shared it. We provided

instructions on how to create blog posts on the Medium platform,21 but they were

allowed to use other publishing platforms if they preferred. They then emailed us the

blog post link and a screenshot or link showcasing evidence that they shared the blog

post with others (e.g., tweet, email to co-authors, Slack channel message, LinkedIn

post). Only 2 of the 26 participants (one under both conditions and one under

the treatment) could not reach the point at which they felt comfortable sharing the

blog post with others in the allotted time.22 Participants then completed the same

survey from the lab study regarding their experience (see Section 4.4.1).23 The only

difference was the removal of a few questions irrelevant to this study. Lastly, the first

author engaged willing participants (15) in a 15-minute semi-structured interview to

discuss their experience and survey responses.

4.5 Evaluation Studies’ Results

In this section, we present the quantitative and qualitative results of the lab and

deployment studies in parallel. To obtain the qualitative results, the first author

conducted inductive thematic analysis [18] of the participants’ interview and short-

answer responses across the two studies. Please note that the hypotheses from

21. https://medium.com/

22. We note that some participants indicated that the blog post was part of an experiment when
sharing with others, which may have increased their willingness to share it; regardless, they were
willing to share a post at the end of the study.

23. We note that four participants who we realized had not completed 20 minutes of interaction
were asked to do so after completing the survey.
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Lab Study Deployment Study

Figure 4.5: Survey responses to 7-point Likert-type questions regarding design goals
in the a-d) lab study and e-h) deployment study. Responses are shown for both the
treatment and baseline conditions.

the within-subjects lab study were not re-evaluated for significance in the between-

subjects deployment study because there were not enough participants to do so (see

Section 4.4.2).

4.5.1 Design Goals 1 and 2

We analyzed participants’ Likert-type responses to questions related to fulfilling our

first two design goals, which focused on helping researchers understand and control

what content is included in their research-paper blog posts (Figure 4.5a-c,e-g).

Lab Study - Exploratory

Based on the median results, using Papers-to-Posts, participants were only slightly

more confident that all essential information was in the blog post (treatment: M=6.00,

Q1=3.00, Q3=6.25; baseline: M=5.00, Q1=3.00, Q3=6.00). They found it easier to
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incorporate information from the paper (treatment: M=6.00, Q1=5.00, Q3=6.00;

baseline: M=5.00, Q1=4.75, Q3=6.00), and they found it easier to iterate on the

blog post text (treatment: M=6.00, Q1=5.00, Q3=6.00; baseline: M=5.00, Q1=4.00,

Q3=6.00) (Figure 4.5a-c). The interaction logs showed that participants utilized

Papers-to-Posts’ affordance designed to support these outcomes, selecting rele-

vant paper bullet points and paragraphs from the LLM-generated source outline to

incorporate in the blog post. All participants adjusted the LLM’s pre-selected con-

tent to some degree. On average, participants added or removed 28 bullet points

and 13 paragraphs. 24 Participants also added their own custom bullet points an

average of 1.70 times.

Deployment Study - Exploratory

Looking at the median results, participants did not indicate an improvement in

feeling confident that all essential information was covered with Papers-to-Posts

(M=5.00, Q1=4.50, Q3=6.00) as opposed to the baseline (M=5.00, Q1=4.25, Q3=6.00).

Nevertheless, participants still indicated an increased ease in incorporating informa-

tion from the paper in the blog post with Papers-to-Posts (M=6.00, Q1=5.00,

Q3=6.00) compared to the baseline (M=4.50, Q1=3.25, Q3=5.75). In addition,

the median participant still indicated that Papers-to-Posts (M=6.00, Q1=4.50,

Q3=6.00) facilitated iterating on the blog post more so than the baseline (M=5.00,

Q1=3.50, Q3=6.00).

24. Some added bullet points come from automatic selection of bullet points used to generate a
new section rather than manual selection. These averages do not include 2 participants due to a
logging error.
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Summary

In both studies, the median participant using Papers-to-Posts indicated increased

ease in incorporating paper content in the blog post and iterating on the blog post

text. However, the two studies presented little evidence of a difference between

the conditions with respect to participants’ confidence in all essential information

being covered in the blog post. That said, participants were still more satisfied

with their blog posts’ content coverage under time constraints (see Section 4.5.4).

Perhaps participants were happier with the content they were able to include under

time constraints but still needed more assurance that all essential information was

covered.

4.5.2 Editing Power

As DG2 focuses on helping researchers to iterate on the content of their blog posts,

we conducted a related investigation of how participants’ editing power (change in

writing for a given amount of time or writing actions) changed between conditions.

Lab Study - Exploratory

Lab study participants made greater change to the initial draft blog post when us-

ing Papers-to-Posts as compared to the baseline tool. For each condition, we

calculated the Levenshtein distance between the initial draft blog posts and partic-

ipants’ blog posts at the point at which they would feel comfortable publicly pub-

lishing the blog post. Levenshtein distance measures how many character insertions,
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(a) (b) (c)

Figure 4.6: Per condition, Levenshtein distance between a) initial blog post and blog
post comfortable with publishing publicly as a function of time spent using the tool
(lab study), b) initial and final blog posts as a function of active time spent using the
tool (deployment study), and c) initial and final blog posts as a function of number
of writing actions taken (deployment study). Across the two studies, participants
using Papers-to-Posts consistently showed more editing power, or change in the
blog post for a given amount of time or writing actions. Note that the lab study
duration was controlled (up to 60 minutes), whereas deployment study participants
wrote on their own time.

deletions, and replacements would be needed to transform one text into another.

For statistical testing, we employed a paired-samples t-test and observed that this

Levenshtein distance is significantly higher with Papers-to-Posts (M=3977.05,

SD=1146.46) compared to the baseline (M=2764.15, SD=1042.16) (Paired-Samples

t-Test, t(19)=4.31, p<.0005).25 The difference in Levenshtein distance does not ap-

pear attributable to the time spent on the task or the change in blog post length. Par-

ticipants did not spend substantially more time to reach the point at which they were

comfortable publicly publishing the blog post using Papers-to-Posts as compared

to the baseline (see Section 4.5.7). Figure 4.6a shows Levenshtein distance plotted

25. We note that this significance test was not part of our initial hypotheses and was therefore
exploratory in nature.

71



against the time taken to get to a publishable blog post, with the removal of one

outlier. Furthermore, participants changed the length of their blog posts, measured

in characters, less with Papers-to-Posts (M=-162.00, Q1=-1126.25, Q3=297.00)

than with the baseline (M=1971.00, Q1=965.25, Q3=2514.25).26

Deployment Study - RQ1

In the deployment study, we investigated editing power in terms of not only amount

of time taken but also amount of writing actions taken. We define writing actions as

insertions and deletions of a character or text span in the draft or LLM instructions.27

To analyze editing power, we excluded the three study runs in which the participant

made no change to the initial draft. We also excluded six study runs in which the

participant claimed to have made edits to the blog post outside the tool, beyond small

edits like those related to grammar, formatting, and adding images. The resulting

analysis thus included 28 study runs (treatment: 14; baseline: 14).

Participants using Papers-to-Posts took fewer writing actions to create one

unit of change in Levenshtein distance to the blog post (Figure 4.6c). Papers-to-

Posts also led to a greater final Levenshtein distance for a given amount of active

time, which we define as time during which participants were taking any actions in

the tool (Figure 4.6b). Once more, this is despite the fact that participants did not

spend substantially more active time using Papers-to-Posts (M=25.71 minutes,

26. As you can see in Appendix A.18b, the initial length of treatment drafts was significantly
higher than the initial length of baseline drafts.

27. We did not count when participants moved, inserted, or deleted a blog post section in Papers-
to-Posts as a writing action because these actions involved clicking a button rather than manip-
ulating text.
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SD=14.72) than the baseline (M=35.93 minutes, SD=34.38) (Appendix A.19a).28

Furthermore, participants changed the length of their blog posts, measured in char-

acters, less using Papers-to-Posts (M=-5.50, Q1=-525.25, Q3=961.00) than using

the baseline (M=710.00, Q1=47.25, Q3=4261.25). 29

Summary

In the lab study, our exploratory analysis revealed that Papers-to-Posts led to

increased editing power, in the sense that participants made more change to their blog

posts in a given amount of time. In the deployment study, participants experienced

the same outcome in a more realistic setting, and we further found that participants

made more change to their blog posts for a given number of writing actions. This

aligns with the fact that participants found iterating on their blog posts easier with

Papers-to-Posts.

4.5.3 Design Goal 3

We analyzed participants’ Likert-type responses to questions related to fulfilling our

third design goal, which focuses on supporting researchers in following guidelines for

academic blog posts (Figure 4.5d,h).

28. Considering that there were three outliers with a high amount of active time in the baseline
condition, we can also look at the median behavior. We again see little difference between the
conditions (treatment: M=22.00, Q1=17.25, Q3=34.00; baseline: M=22.50, Q1=16.00, Q3=27.00).

29. As you can see in Appendix A.19b, the initial length of treatment drafts was significantly
higher than the initial length of baseline drafts.
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Lab Study - Exploratory

Participants’ found it easier to produce appropriate blog post text (treatment: M=6.00,

Q1=5.00, Q3=6.00; baseline: M=5.00, Q1=4.00, Q3=6.00) in the treatment condi-

tion (Figure 4.5d). Furthermore, the interaction logs for the treatment condition

indicate that participants took advantage of affordances designed for generating and

modifying text in alignment with the guidelines for academic blog posts (Appendix

A.17). For an average of 6.85 generations per treatment condition, participants often

included custom instructions (5.70 times); though participants may have modified

the custom instructions, they were pre-filled by default to better fulfill the guidelines.

In addition, participants modified text 6.85 times on average, with the “condense”

(1.85 times), “custom” (1.80 times), and “simpler terms” (1.40 times) modifications

being the most common.

Deployment Study - Exploratory

There was no difference in the median for how well Papers-to-Posts (M=5.00,

Q1=4.00, Q3=6.00) versus the baseline (M=5.00, Q1=5.00, Q3=6.00) facilitated

production of appropriate text, unlike in the lab study (Figure 4.5e-h).

Summary

While lab study participants thought Papers-to-Posts improved their ability to

produce appropriate text for the blog post, deployment study participants did not.

Perhaps without the pressure of time constraints, deployment study participants
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Lab Study Deployment Study

Figure 4.7: Survey responses to 7-point Likert-type questions regarding satisfaction
with the a-d) output blog post in the lab study, e-i) tool in the lab study, j-m) output
blog post in the deployment study, and n-r) tool in the deployment study. Responses
are shown for both the treatment and baseline conditions.

found it easier to determine how to prompt the baseline tool or adjust its generated

text in order to produce appropriate writing.

4.5.4 Blog Post Satisfaction

To measure participants’ satisfaction with their final blog posts, we utilized their

Likert-type response to the statement “I am satisfied with the overall quality of the

blog post” (Figure 4.7a,j).
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Lab Study Deployment Study

Figure 4.8: Survey responses to 7-point Likert-type questions regarding cognitive
load in the a-e) lab study and f-j) deployment study. Responses are shown for both
the treatment and baseline conditions. Please note that for the performance question,
the labels for the left and right end of the scale were actually respectively “Perfect
Performance” and “Failure Performance.”

Lab Study - H1

To compare responses under the two conditions, we employed a non-parametric test,

given the data’s Likert nature. Furthermore, we used a sign test rather than a

Wilcoxon signed rank test, which is normally used to analyze non-parametric within-

subjects data for two conditions of one factor, due to the violation of that test’s

assumption of a symmetric distribution of the paired differences about the median.

Participants were significantly more satisfied with the final blog post generated with

Papers-to-Posts (M=6.00, Q1=5.00, Q3=7.00) as compared to the baseline tool

(M=5.00, Q1=5.00, Q3=6.00) (Dependent-Samples Sign Test, S=11, p<.05). The

majority of participants (11) were more satisfied in the treatment condition (equally:

7, less: 2).

Inspecting participants’ Likert responses regarding aspects of their blog post
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satisfaction, we see that participants particularly demonstrated more satisfaction

with the content covered in the Papers-to-Posts blog post (M=6.00, Q1=5.00,

Q3=7.00) compared to the baseline blog post (M=5.50, Q1=4.75, Q3=6.00) (Fig-

ure 4.7b). The majority of participants (14) were more satisfied with the content

under the treatment condition (equally: 2, less: 4). The median participant was

only slightly more satisfied with the blog post’s tone under the treatment (M=6.00,

Q1=5.00, Q3=6.00) compared to the baseline (M=5.50, Q1=5.00, Q3=6.00) (Figure

4.7c). With respect to the blog post’s structure, the median participant was equally

satisfied using Papers-to-Posts (M=6.00, Q1=5.00, Q3=6.25) compared to the

baseline (M=6.00, Q1=5.00, Q3=6.00) (Figure 4.7d).

In addition, looking at participants’ perceived failure to complete their task (Fig-

ure 4.8c), we observe that the median participant had lower perceived failure with

Papers-to-Posts (M=2.00, Q1=2.00, Q3=3.00) than with the baseline (M=3.00,

Q1=2.00, Q3=4.00). The plurality of participants (9) thought that they were more

successful in writing a research-paper blog post with Papers-to-Posts compared

to the baseline (equally: 7, less: 4). This further corroborates participants’ blog post

satisfaction under the treatment condition.

Deployment Study - RQ2a

In the deployment study, we observed no difference in the median blog post sat-

isfaction under Papers-to-Posts (M=6.00, Q1=5.00, Q3=6.00) versus the base-

line (M=6.00, Q1=5.25, Q3=6.00) (Figure 4.7j). Again with respect to median

satisfaction, participants were equally satisfied with the blog post content (treat-
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ment: M=6.00, Q1=5.00, Q3=6.50; baseline: M=6.00, Q1=3.50, Q3=6.00; Figure

4.7k), tone (treatment: M=6.00, Q1=5.00, Q3=6.00; baseline: M=6.00, Q1=5.00,

Q3=7.00; Figure 4.7l), and structure (treatment: M=6.00, Q1=6.00, Q3=6.00; base-

line: M=6.00, Q1=5.25, Q3=7.00; Figure 4.7m) when using Papers-to-Posts ver-

sus the baseline. In terms of perceived failure to complete their task (Figure 4.8h),

participants had equal median perceived failure with Papers-to-Posts (M=3.00,

Q1=2.00, Q3=3.00) and the baseline (M=3.00, Q1=2.00, Q3=3.00).

Summary

We observed a significant increase in blog post satisfaction under the treatment

condition during the lab study and found that participants were particularly more

satisfied with the blog post content, suggesting that Papers-to-Posts best ad-

dressed its design goals to support understanding (DG1) and control (DG2) of the

content included in the blog post. We did not observe the same increases in blog

post satisfaction in the deployment study. This discrepancy may be related to the

fact that participants were not writing under the pressure of a time constraint. With

sufficient time to write the blog post to their liking (only three blog posts were not

shared with others), participants may not have noticed a pronounced difference in

blog post quality between conditions.

4.5.5 Tool Satisfaction

For measuring tool satisfaction, we used the five-question Likert scale on tool accep-

tance from Kocielnik et al. [101] (Figure 4.7e-i). The five answers were averaged to
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obtain one score.

Lab Study - H2

We used the sign test to evaluate the lab study data, as it was non-parametric data

and violated the Wilcoxon signed rank test’s assumption of a symmetric distribu-

tion of the paired differences about the median. While the median participant had

a higher satisfaction with Papers-to-Posts (M=5.90, Q1=5.20, Q3=6.50) than

the baseline tool (M=5.60, Q1=4.80, Q3=6.00), this difference was not significant

(Dependent-Samples Sign Test, S=13, p=n.s.).

Based on median results, participants under the treatment condition more often

found the tool helpful (treatment: M=6.00, Q1=5.75, Q3=7.00; baseline: M=5.50,

Q1=4.75, Q3=6.00) and useful for productivity (treatment: M=6.00, Q1=5.00,

Q3=7.00; baseline: M=5.50, Q1=5.00, Q3=6.00). Meanwhile, participants were

equally likely under both conditions to use the tool if it were available (treatment:

M=6.00, Q1=5.00, Q3=7.00; baseline: M=6.00, Q1=5.00, Q3=6.00), recommend

the tool (treatment: M=5.50, Q1=4.75, Q3=7.00; baseline: M=5.50, Q1=4.00,

Q3=6.00), and find the tool annoying or distracting (treatment: M=2.00, Q1=2.00,

Q3=3.00; baseline: M=2.00, Q1=2.00, Q3=3.00). For each of the first four questions,

at least four more participants increased rather than decreased their Likert rating

from the baseline to the treatment condition. However, only two more participants

indicated decreased rather than increased annoyance with Papers-to-Posts (less:

8, more: 6, equal: 6).
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Deployment Study - RQ2b

Similarly to the lab study, we observed little increase in the median tool satisfac-

tion under the treatment condition (M=5.60, Q1=5.00, Q3=6.40) compared to the

baseline condition (M=5.40, Q1=4.05, Q3=5.80) (Figure 4.7n-r). Based on me-

dian results, participants under the treatment condition were more likely to find the

tool helpful (treatment: M=6.00, Q1=5.00, Q3=6.50; baseline: M=5.00, Q1=5.00,

Q3=6.00), use it if it were available (treatment: M=6.00, Q1=5.00, Q3=7.00; base-

line: M=5.00, Q1=4.00, Q3=6.00), and recommend the tool (treatment: M=6.00,

Q1=5.00, Q3=6.50; baseline: M=5.00, Q1=3.25, Q3=6.00). They were also slightly

less likely to find the tool annoying (treatment: M=2.00, Q1=2.00, Q3=4.00; base-

line: M=2.50, Q1=2.00, Q3=4.00). On the other hand, they were equally likely

under both conditions to find the tool useful for productivity (treatment: M=6.00,

Q1=4.50, Q3=7.00; baseline: M=6.00, Q1=4.00, Q3=6.00).

Summary

In both studies, we observed little difference in satisfaction with Papers-to-Posts

versus the baseline tool. However, participants appeared to find Papers-to-Posts

more helpful than the baseline across the two studies.

4.5.6 Cognitive Load

To measure cognitive load, we used the NASA TLX Index questionnaire [70] and

summed the responses for the mental demand, temporal demand, effort, and frus-
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tration questions (Figure 4.8a-b,d-e)=.30

Lab Study - H3

We utilized the sign test to evaluate the lab study data, as it was non-parametric

data and violated the Wilcoxon signed rank test’s assumption of a symmetric dis-

tribution of the paired differences about the median. We saw no significant differ-

ence between the baseline and treatment conditions (Dependent-Samples Sign Test,

S=8, p=n.s.). The median participant reported slightly lower median cognitive load

with Papers-to-Posts (M=13.00, Q1=11.50, Q3=16.30) than the baseline tool

(M=14.50, Q1=12.00, Q3=18.30).

We saw the largest difference in median results with respect to perceived effort

(treatment: M=3.50, Q1=3.00, Q3=5.00; baseline: M=5.00, Q1=3.75, Q3=5.00).

The majority of participants (11) reported using less effort with Papers-to-Posts

than with the baseline tool (more: 4, equal: 5). Meanwhile, Papers-to-Posts

led to little change in perceived mental demand (treatment: M=5.00, Q1=3.00,

Q3=5.00; baseline: M=4.00, Q1=3.75, Q3=5.25). The small plurality of participants

(9) perceived more mental demand with Papers-to-Posts (less: 8, equal: 3).

We saw no change in the median result for perceived temporal demand (treatment:

M=3.00, Q1=2.00, Q3=4.25; baseline: M=3.00, Q1=2.00, Q3=4.25) or frustration

(treatment: M=2.00, Q1=1.00, Q3=4.00; baseline: M=2.00, Q1=2.00, Q3=3.00).

30. See 4.5.4 for discussion of the responses to the performance question
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Deployment Study - RQ2c

Once again, we found very slightly lower median cognitive load under the treatment

(M=15.00, Q1=9.50, Q3=17.50) in comparison to the baseline (M=15.50, Q1=10.75,

Q3=18.75) (Figure 4.8f-g,i-j). Considering the median participant, the treatment

led to little change in perceived mental demand (M=4.00, Q1=2.00, Q3=5.50) than

the baseline (M=5.00, Q1=3.25, Q3=5.75) but higher perceived effort (treatment:

M=5.00, Q1=3.00, Q3=6.00; baseline: M=4.50, Q1=3.00, Q3=5.00). We found

no change in the median result for perceived temporal demand (treatment: M=3.00,

Q1=2.00, Q3=4.00; baseline: M=3.00, Q1=2.00, Q3=4.00) or frustration (treatment:

M=3.00, Q1=2.00, Q3=5.00; baseline: M=3.00, Q1=2.00, Q3=4.75).

Summary

In both studies, we observed little difference in cognitive load from the baseline to

the treatment condition. Participants consistently perceived little difference in the

tools with respect to mental demand, temporal demand, and frustration. However,

their perceptions varied across the studies in terms of effort.

4.5.7 Task Completion Time

Lab Study - H4

We recorded two metrics for task completion time. One was the amount of time

participants needed during the session before they would be comfortable publicly

publishing the blog post. The other was the perceived amount of time participants
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would need after the session before they would be comfortable publicly publishing

the blog post. As participants reached that point of comfort during most sessions, we

focused on the former metric. The mean participant worked slightly faster with the

baseline tool (M=44.32 minutes, SD=12.51) in comparison to Papers-to-Posts

(M=45.99 minutes, SD=13.88) (Appendix A.18a), but this difference was not signif-

icant (Paired-Samples t-Test, t(19)=0.55, p=n.s.).

4.5.8 Qualitative Analysis - DG1 and DG2

Across the two studies, participants’ survey and interview comments reflected the

difference between the two tools in terms of supporting understanding (DG1) and

control (DG2) of what content is versus is not included in the blog post.

Overall, participants using the baseline tool most commonly cited the initial

draft (lab: 6/20, deployment: 8/18) as a helpful aspect of the tool. Thus, the most

valued baseline feature was not useful for understanding or controlling what content

was omitted from the detailed summary. With respect to the initial draft, multiple

participants noted editing or adding to the initial draft rather than replacing it. For

example, P20-dep explained, “It’s easier to critique than it is to generate,” and P26-

dep shared, “It was very useful to have a straw-person of what the blog post could look

like (generated by the LLM). I mostly used the draft as a place to edit and steer in the

direction I wanted the post to take.” Without an affordance to help them consider

all the possibilities of content to include in the blog post, the participants seem to

have focused more on augmenting the content already selected by the tool.

With respect to Papers-to-Posts, participants often noted the selectable paper

83



bullet points and paragraphs as a helpful feature (lab: 10/20, deployment: 14/19).

Several described the outline as helpful for selecting relevant content to generate

text. For instance, P15-lab noted, “I could rewrite entire sections or direct it with

just a few bullets.” Seven participants mentioned that the outline was useful even

just for reviewing the paper’s content or structure. P4-lab commented, “The outline

was really helpful in providing a quick overview of what content I had written [in the

paper].” For two lab participants, the bullet points provided transparency around the

origins of the initial LLM draft and generations. P12-lab explained, “I liked the bullet

point features to see what was being fed in vs not.” Thus, participants’ interviews

reflected how Papers-to-Posts’ outline affordance facilitated review and selection

of content to include in the blog post.

That said, participants also specified difficulties related to the outline mechanism.

For instance, two lab participants were overwhelmed with the number of bullet points.

P9-lab described the outline as “really bloated and hard to navigate.” Meanwhile,

three lab participants were confused or encumbered by aspects of utilizing the bullet

points. For example, P3-lab “felt stressed by choosing between the entire paragraph

at hand and the (presumably) AI-generated summary bullets.” Future work may

investigate how to make the outline mechanism more usable.

4.5.9 Qualitative Analysis - DG3

Across the two studies, participants’ survey and interview comments reflected the

difference between the two tools in the tradeoff between supporting flexibility and

providing scaffolding for alignment with academic blog post guidelines (DG3).
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A number of participants noted the baseline tool’s flexibility as a benefit (lab:

6/20, deployment: 4/18). For example, P18-lab shared, “I was able to provide in-

structions that fit my mental model of constructing a blog post and it being there as

a ‘copilot’ is just what I need.” Flexibility in drafting text may help writers obtain

the edits they want. However, the writer holds more responsibility in steering the

LLM appropriately; P7-lab reflected, “As a CS student, I like this way more [than

the treatment’s way of supporting writing], but I think it needs more thinking to use

it creatively.”

Regarding Papers-to-Posts, participants frequently mentioned the utility of

its text modification abilities, which were designed with the guidelines in mind (lab:

12/20, deployment: 9/19). For example, P18-dep reflected, “The ‘MODIFY WRIT-

ING’ section is helpful. I like that the interface contains this particular section to

support iterating on existing text.” All of the preset modification buttons (“sim-

pler terms”, “condense”, “expand”, “more dramatic”, “less dramatic”) were specifically

mentioned as helpful affordances at least once in the lab study alone. The most

commonly noted one was the “condense” button. For example, P12-lab commented,

“I sometimes put the modify text through multiple rounds of expand and contract, fo-

cusing on different parts. I found that helpful.” Three participants commented that

they desired more preset modification buttons. For instance, P16-lab wanted a “more

technical” button, while P14-dep wanted “more or less casual” options. P7-lab then

added, “Or even let user to add their favorite rewrite button.” Interestingly, P2-lab

found the preset modification buttons useful for understanding the tool’s capabili-

ties: “It was nice to know what options the tool already knew of, and would perhaps
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have success with. For example, I would probably not have gone to a blank-box tool

and said, ’please make the following more dramatic’. I would have stuck to more

basic things like ‘please summarize the following’.” Several participants (lab: 5/20,

deployment: 10/19) also noted the usefulness of at least one aspect of the customiz-

able instructions for either generating or modifying text using Papers-to-Posts.

P9-shared, “...being able to include explicit instructions for the model to generate text

from was helpful in being able to control the information in the text that it generated.”

Thus, participants’ comments indicate that Papers-to-Posts’s preset yet flexible

LLM instructions for generating academic blog post text provided utility.

Participants also discussed difficulties that they encountered in devising instruc-

tions to Papers-to-Posts. Four lab participants expressed wanting to take specific

actions that were not explicitly supported by Papers-to-Posts, contrasting with

the baseline’s flexibility that participants appreciated. Two wanted assistance with

checking for redundancies in the blog post, and the other two wanted feedback on

the blog post writing. Regarding the affordances for modifying text, 8/20 lab and

5/19 deployment participants noted a difficulty. Four lab participants raised con-

fusion about how or when to use certain affordances. As an example, P6-lab was

unsure of “when to use which one of the six [modification] options.” Another recur-

ring issue noted by five lab participants was a modification affordance not working as

desired. For P20-lab, setting the desired length of the modified writing to one para-

graph still resulted in three, as the back-end prompts are not guaranteed to work

as planned. For P12-lab, modifications were sometimes too exaggerated, while for

P16-lab, a custom modification to make writing more technical was too subdued. A
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couple deployment participants also noted that modifying text sometimes introduced

errors. Future work may address these points of restriction and confusion noted by

the participants using Papers-to-Posts.

4.6 Discussion

Based on our results, we reflect on design implications for other mixed-initiative tools

for detailed long-document summarization.

4.6.1 Post-Editing is Not Enough

Both Papers-to-Posts and the baseline tool included initial drafts generated with

powerful LLMs. Nevertheless, while participants had the option to simply post-edit

the initial draft and refrain from interacting further with the LLM, only two baseline

and two treatment participants across the lab and deployment studies did so. This

suggests that writers may benefit from additional support other than an

initial draft when writing detailed summaries of long-documents.

4.6.2 Increasing Understanding and Control of Content Selection for

LLM-Generated Detailed Summaries

We presented a novel mechanism to support understanding and controlling the con-

tent of detailed long-document summaries– an interactive LLM-generated outline

of the long document. This mechanism was implemented in Papers-to-Posts.

Compared to a strong baseline, Papers-to-Posts made incorporating research-
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paper content in a blog post summary easier for researchers. Furthermore, under

time constraints, researchers were more satisfied with their blog posts written using

Papers-to-Posts, particularly with respect to their content coverage. Researchers

also found it easier to iterate on their blog posts with Papers-to-Posts. Although

the scaffolded and preset LLM instructions for adhering to academic blog post guide-

lines may have also facilitated iteration, researchers consistently noted the interactive

paper outline as one of the most useful features of the tool. In alignment with in-

creased ease of iteration, researchers experienced increased editing power (i.e., change

in the blog post per minute or writing action) with Papers-to-Posts. We therefore

conclude that LLM-generated interactive outlines of long documents show

promise for making detailed summaries easier to write.

On the other hand, researchers often described the baseline as more flexible and

allowing them more freedom. Thus, utilizing the two tools in combination may

prove useful. A tool like Papers-to-Posts may be used when the writer is unsure

of what content to include in their detailed long-document summary, and a tool like

the baseline tool could be used when the writer already has a specific set of points

in mind or wants to give themselves creative space to use the LLM in a variety of

manners.

4.7 Limitations and Future Work

Most participants were PhD students in computer science, who may benefit from

raising awareness of their early-career work through blog posts; future work may

investigate how more senior researchers utilize a tool like Papers-to-Posts. Fu-
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ture studies can also examine how researchers in other fields, who are generally less

familiar with LLMs and may have different traditional paper formats, may benefit

from a tool like Papers-to-Posts. Future work may additionally investigate how

different aspects of the input paper such as length, recency, and author position

affect the user experience and outcome.

Papers-to-Posts itself has several limitations. For one, multiple deployment

study participants commented on how the automatic paper parsing makes mistakes

and misses parts of the paper text. The tool also does not support incorporating fig-

ures and tables in the blog post. Moreover, how detailed the paper outline should be

remains uncertain. While several participants appreciated the bullet points, a cou-

ple mentioned that the outline was overwhelming. In addition, Papers-to-Posts’

outline only had one level of bullet points, but future work could explore the effects

of a hierarchical outline. Lastly, future work may look into how writers’ expertise

may be utilized in supporting their blog post writing; a recent tool for Q-and-A

research-paper summarization, for example, utilizes the researcher’s background to

personalize its output [116].

4.8 Conclusion

We introduced interactive reverse source outlines, a novel mechanism for summa-

rizing long-documents in detailed articles. The mechanism consists of an LLM-

generated reverse outline of the source document with pre-selected bullet points

for an initial draft of the detailed summary, which the user reviews and adjusts

to control the content covered in the summary. We implemented this mechanism
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in Papers-to-Posts, an LLM-powered tool for writing research-paper blog posts.

We validated that Papers-to-Posts helps users to understand and control the

content represented in their blog post draft through two user studies: a within-

subjects lab study (N=20 participants) and a between-subjects deployment study

(N=37 blog posts, 26 participants). The studies compared how researchers write

about their own papers with Papers-to-Posts versus a strong baseline (LLM blog

post draft and free-form LLM prompting). In the time-constrained within-subjects

study, Papers-to-Posts significantly increased participants’ satisfaction with their

final blog posts, especially in terms of the content covered. Furthermore, across both

studies, participants found incorporating document content in their blog posts easier

and demonstrated increased editing power.
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Chapter 5

Scideator: Human-LLM Scientific Idea Generation and

Novelty Evaluation Grounded in Research-Paper Facet

Recombination

The previous chapter provided evidence that literature-grounded, creative sugges-

tions from generative AI are more beneficial to scientists when they are provided

with a means of understanding and steering which literature components are included

versus not included in those suggestions. This chapter investigates the benefits of

helping scientists to answer the follow-up question of how literature components

should be combined to make novel suggestions. To this end, we present a novel

human-LLM workflow for exploring and assessing recombination of literature

components. When comparing this workflow to a strong baseline without support

for component recombination, we find that scientists experience significantly more

creativity support with this workflow.

The scientific ideation process often involves blending salient aspects of existing

papers to create new ideas, and facet-based ideation is an established framework for

idea generation. To see how LLMs might assist in this process, we contribute a novel

mixed-initiative ideation tool called Scideator. Starting from a user-provided set of

scientific papers, Scideator extracts key facets — purposes, mechanisms, and eval-

uations — from these and related papers, allowing users to explore how paper facets

may be recombined in research ideas. Scideator also provides idea novelty

assessments regarding if a facet-based idea should or should not be considered novel
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relative to the literature. To support these tasks, Scideator introduces three LLM-

powered retrieval-augmented generation (RAG) modules: Analogous Paper Facet

Finder, Faceted Idea Generator, and Idea Novelty Checker. In a within-subjects

user study (n=22) with computer-science researchers comparing Scideator to a

strong baseline, our tool provides significantly more creativity support, particularly

with respect to exploration, which participants consider the most important factor

for idea generation.

5.1 Introduction

Research papers are major sources of inspiration for scientific ideas, as they expose

scientists to relevant concepts that can be recombined into new ideas [147, 91, 23,

162]. However, generating research ideas by recombining concepts from research

papers is difficult for multiple reasons. For one, scientists must wade through an ever-

expanding literature to find relevant concepts [15, 87]. Moreover, the phenomenon

of fixation biases scientists against considering more diverse concepts and concept

recombinations; instead, they are predisposed to think about a problem in familiar

terms, which hinders the stimulation of novel ideas [48, 149]. Even if a scientist

manages to identify interesting concept recombinations to form potential research

ideas, assessing the ideas’ novelty relative to existing literature is a cumbersome yet

critical task.

Prior work has demonstrated the effectiveness of using a facet-based approach to

find analogies between research papers for idea inspiration [23, 91, 147]. Still, the

non-trivial task of recombining concepts and evaluating their associated ideas was
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Figure 5.1: The Scideator workflow. 1) The interaction begins with the user
providing an ideation topic and set of input papers as a starting point for ideation.
2) Scideator responds by retrieving analogous papers to the input papers and
extracting facets (purpose, mechanism, and evaluation) from the input and analogous
papers. (The evaluation facets are omitted in the figure for clarity, as it is not part
of the main logic.) 3) The user then selects paper facets as well as adds their own
facets for which they want to generate ideas. 4) Scideator recombines these selected
facets into ideas with one purpose and one mechanism. If a purpose or mechanism
facet is unspecified, the tool selects one. 5) The user selects an idea to assess for
novelty. 6) Scideator classifies the idea as “novel” or “not novel” and provides a
short rationale. 7) The user reviews the novelty classification and adjusts it if they
disagree. 8) If the idea is deemed “not novel,” Scideator suggests more novel ideas
with one of the initial idea’s facets replaced.
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left to the scientists themselves, preventing scientists from exploring more recombi-

nations. Meanwhile, recent work has demonstrated large-language-models’ (LLMs’)

promise in assisting with scientific ideation. These works explored breadth-first ver-

sus depth-first ideation support [117], persona-based feedback on ideas [118], and idea

development support [148]. LLMs make it possible to quickly synthesize and evalu-

ate ideas. However, none of these human-LLM works support facet-based scientific

ideation.

In this work, we present Scideator, an LLM-powered tool for facet-based sci-

entific idea generation and novelty evaluation. Scideator employs a human-AI

approach (Fig 5.1). To begin, the user provides an ideation topic and set of input

papers that they would like to use as a starting point for ideation. Scideator ex-

tracts key facets (purpose, mechanism, and evaluation) from the input papers. As

in prior work, a paper’s purpose facet describes the problem addressed by the paper,

while its mechanism facet describes the paper’s proposed solution to the problem

[147, 91, 23]. We also include an evaluation facet, describing each paper’s method

to determine if the mechanism successfully addressed the purpose. Scideator then

retrieves papers with analogous purpose-mechanism pairs similar to those from the

input papers. The scientist works with Scideator to select candidate facets from

retrieved and input papers for recombination. The tool generates analogies involving

the candidate facets and produces ideas based on the most promising ones. Based

on relevant retrieved literature and carefully constructed in-context examples, Sci-

deator then provides a novelty classification and reason for proposed ideas, making

it easy for scientists to verify the tool’s assessment. Finally, the tool provides facet-
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based suggestions for how to improve ideas deemed not novel.

We investigate how Scideator impacts scientific ideation through a within-

subjects user study with 22 computer-science researchers comparing their idea gen-

eration and novelty evaluation when using Scideator versus a strong baseline. Par-

ticipants experienced significantly more creativity support in idea generation with

Scideator, particularly with respect to exploring different ideas, which they con-

sidered the most important factor for creativity support in idea generation. The

results also suggested that Scideator’s novelty checker is effective in helping scien-

tists to filter out unoriginal ideas. Participants generally changed their idea novelty

assessments when Scideator classified an idea as ‘not novel,’ which participants

could verify using the related papers and explanation provided by the tool.

In an additional automated evaluation of our idea novelty checker, we compare

our approach to recent automatic novelty evaluation methods ([121, 160]). For the

same collection of papers relevant to an idea, the module improves agreement with

human novelty ratings by more than 10x compared to a recent approach for LLM-

based novelty ratings [121], and leads to approximately 13% higher agreement than

another recent approach [160]. In terms of training LLMs to assess novelty, we

further show that our approach of manually annotating generated ideas with nov-

elty labels and concise reasons leads to better outcomes than other approaches that

employ only literature retrieval, peer-review data from OpenReview [142], or LLM

“prompt optimizers” [95, 190]. Furthermore, ablation experiments demonstrate the

importance of each component of our novelty checker.

In summary, we make the following contributions:
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• A human-AI workflow for scientific ideation that...

1. takes a set of papers as input and finds a set of analogous papers,

2. extracts key facets from the input and analogous papers,

3. recombines those facets into new ideas,

4. evaluates those ideas for novelty,

5. iterates upon those ideas to improve their novelty, and

6. allows seamless human refinement at each step.

• Scideator, a mixed-initiative system that implements this workflow.

• A within-subjects user study (N=22) demonstrating that, compared to a strong

baseline, Scideator significantly increases creativity support, especially ex-

ploration, which participants consider the most important factor for idea gen-

eration.

• An automated evaluation of our novelty checker highlighting its advantages

compared to other baselines and ablations.

5.2 Related Work

5.2.1 Divergent and Convergent Thinking

In ideation, there are two main stages of thinking: divergent and convergent [157, 39].

While engaging in divergent thinking, the ideator is not worried about generating

the most high-quality ideas. Instead, they aim to produce as many ideas as possible
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in an effort to leave no stone unturned in considering potential ideas. At this stage

of the ideation process, avoiding fixation on familiar concepts is important [48, 149].

Otherwise, the ideator may miss strong candidate ideas simply because they uti-

lize more distant concepts. In contrast, while engaging in convergent thinking, the

ideator concentrates on narrowing down their ideas and determining which ideas to

pursue. Scideator provides support for both divergent and convergent ideation.

For divergent ideation, the tool helps users to gather inspiration from many sources

and come up with several potential research ideas. For convergent ideation, the tool

supports evaluating ideas for novelty relative to the literature.

5.2.2 Human-AI, Scientific Ideation

Several prior works have looked into automating scientific ideation [180, 107, 9], but

automatic methods are currently insufficient for formulating novel, impactful research

ideas [180, 78, 83]. In response, many works have studied the benefits of human-AI

collaboration in scientific ideation [187, 68]. With the rapid advancement of LLMs,

recent work has explored LLM-powered scientific ideation tools [60]. For example,

the tool CoQuest supports divergent generation of many ideas. It allows users to

direct an LLM with plain-text feedback, and the LLM generates potential ideas in a

breadth-first or depth-first manner [117]. Other works have investigated supporting

convergent human-AI scientific ideation, focusing on the development and expansion

of a single input research idea rather than the creation of several diverse candidate

ideas [148, 118]. Unlike Scideator, none of these works utilize facet recombination

or facet analogies to create ideas, which prior work has demonstrated may benefit
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the ideation process in general (see Section 5.2.3) as well as the scientific ideation

process in particular (see Section 5.2.4). Also unlike Scideator, these works do not

directly support evaluating ideas for novelty, though they do provide some features

that could be used for idea novelty evaluation (e.g., related papers [117, 118], an

interactive related literature review [148], general critiques and revisions of the idea

[118]). To assist with novelty evaluation, Scideator provides scientists not only

with relevant papers to the idea but also with a binary classification of its novelty

relative to these papers as well as a reason for the classification.

Scientific Idea Novelty Evaluation

Dean et al. determined novelty, relevance, feasibility, and specificity as the most

prominent metrics to constitute a “good” idea [42]. For supporting idea evaluation,

we focus on the aspect of novelty that they referred to as originality, which is defined

as “the degree to which the idea is not only rare but is also ingenious, imaginative, or

surprising.” There has been an increase in work on automatic evaluation of research

idea novelty [121, 119, 180]. In the area of human-LLM interaction, Nigam et al.

introduced Acceleron, a mixed-initiative, LLM-powered tool that uses an agent-based

architecture with distinct personas to assess and improve upon the novelty of a

research proposal relative to similar papers [137, 138]. Related work has also emerged

regarding automatic paper reviews, which often involve assessing the paper’s novelty

[41, 115]. In terms of human-LLM paper reviews, Sun et al. presented an LLM-

powered tool to support novice peer reviewers, which included in-situ knowledge

support for novelty evaluation [167].
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However, all of these works related to scientific idea novelty evaluation do not

explore support for facet-based ideation, while Scideator does. Furthermore, these

works focus on convergent thinking and do not include any component for divergent

idea generation, while Scideator supports a seamless back-and-forth between the

idea generation and idea novelty evaluation processes. In addition, Acceleron, which

to our knowledge is the main prior work exploring human-LLM novelty evaluation

of potential research ideas, had a modest evaluation– a qualitative analysis of three

scientists’ interactions with the system, whereas Scideator is evaluated through

both automatic analyses and a mixed-methods user study with 22 participants.

5.2.3 Human-AI, Facet-Based Ideation

Concept combination and analogy are key methods for creating ideas [94, 171, 76].

Often, concept combination refers to the fusing of two concepts into a new emergent

concept. We use the phrase “concept combination” or “facet combination” more

broadly to refer to the use of multiple concepts in creating a new idea.

Related work has investigated how concept combination may be used in LLM-

powered tools for ideation in non-scientific domains. BIOSPARK presents a human-

AI tool to support facet-based ideation for engineering designs inspired by biological

analogies. The tool helps users to identify inspiration for solving one of a few spe-

cific, preset engineering problems by drawing on a dataset of biological mechanisms.

Meanwhile, AnalogiLead allows users to combine facets from preset design problems

and analogous situations in order to produce new ideas [164]. We build upon these

works by developing and evaluating a human-LLM tool that supports facet-based
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ideation for any user-provided ideation topic1 and small set of input papers, based

on which the system identifies analogous papers and extracts facets to recombine.

Some prior works focused on human-AI facet-based ideation have, like Sci-

deator, addressed more flexible ideation topics [25, 109]. For instance, Creative-

Connect allows users to recombine keywords to generate a graphic sketch [30], and

Luminate helps users to recombine values of various dimensions to generate diverse

LLM responses [166]. Scideator is still different from these tools in two man-

ners. First, Scideator recombines facets through the use of analogy, which is an

established framework for supporting facet-based ideation (see 5.2.4). Second, Sci-

deator provides affordances for idea novelty evaluation. In the scientific domain,

this is particularly important.

5.2.4 Human-AI, Facet-Based, Scientific Ideation

Of particular note to scientific ideation is a line of work that describes ideas in terms

of two facets: the purpose (i.e., the problem) and the mechanism (i.e., the proposed

solution to the problem). Hope et al. found that this faceted idea framework helps

identify useful analogies for ideation [77]. If two ideas have similar purposes, then the

mechanism of one idea may apply well to the purpose of the other idea. Similarly,

if two ideas have similar mechanisms, then the purpose of one may combine well

with the mechanism of the other. Subsequently, the framework has been shown to

facilitate the creation of useful analogies between product ideas [77, 79], biological

1. The system is currently set up for computer science ideation topics but can be easily adjusted
for other research areas.
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and design ideas [90], research papers [91, 23], and research-paper authors [147]. A

recent work has tried to apply LLMs to this faceted framework [63], but our work

is the first to explore a human-LLM tool to support this framework. With the

power of LLMs, Scideator differentiates itself from prior work in human-AI, facet-

based, scientific ideation. Not only does it present analogous papers with facets to

recombine, as done in prior work, but it also supports users in selecting research-

paper facets to recombine and turning those facet recombinations into research ideas.

Furthermore, it supports idea novelty evaluation, an important part of the scientific

ideation process.

5.3 System

5.3.1 Design Goals

We developed Scideator with two design goals in mind.

• DG1: Help scientists to generate research ideas using a facet-based

framework. Prior work has demonstrated the benefits of facet-based tech-

niques for ideation. These works provide evidence that facet-based ideation

helps people to discover facets to recombine and generate more ideas [30],

avoid fixation and engage in design space thinking [166], and utilize analogies

to produce ideas [90, 164]. In the scientific domain, an established facet-based

framework represents research papers in terms of purposes (i.e., problems)

and mechanisms (i.e., proposed solutions to problems). This framework has

been shown to facilitate creative ideation [91] and identify useful analogies for
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ideation [23].

To address DG1, our system retrieves facets relevant and analogous to the user’s

input paper facets, which can be recombined to form research ideas, with as much

or as little input from the user as they prefer. To enhance the expressiveness of the

faceted idea framework consisting of purpose and mechanism facets, we introduce

the facet of evaluation, or the method to determine whether the proposed solution

solves the problem. Our system also allows users to add their own facets.

• DG2: Help scientists to evaluate ideas for novelty. Prior work has

established novelty as a key component for a good idea [42]. Scientists want

to work on novel research ideas in order to make meaningful contributions

to the scientific community, which is why several works on automatic novelty

evaluation for scientific ideas already exist [121, 119, 180]. Because the main

decision-maker for which scientific idea to pursue is still the scientist, it is im-

portant to study human-LLM tools for idea novelty evaluation. Furthermore,

LLM-generated research ideas may plagiarize existing work [69], making hu-

mans critical for thorough idea novelty assessment. An important challenge

in finding a novel research idea is determining if an idea is novel compared to

a vast pool of existing literature and improving upon its novelty if need be

[180, 137].

To address DG2, our tool provides idea novelty assessments that classify an idea as

‘novel’ or ‘not novel’ relative to retrieved related work and present a rationale to

explain the classification. If the idea is classified as ‘not novel,’ the tool provides

suggestions for more novel ideas, with one facet replaced.
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5.3.2 Paper Facets

To generate ideas, Scideator utilizes three facets from papers: the purpose, mech-

anism, and evaluation. The purpose facet describes the problem being addressed

by the paper, the mechanism facet describes the paper’s proposed solution to the

problem, and the evaluation facet describes the paper’s method to determine if the

proposed solution actually solves the problem.

5.3.3 Workflow and Implementation

In this section, we provide an overview of the Scideator workflow and its imple-

mentation. The frontend of Scideator was developed using React and TypeScript,

and the backend with Python. Unless noted otherwise, we used the LLM gpt-4o-

2024-08-06 and a temperature of zero. In addition, whenever we mention using a

paper, we only use its title and abstract. The prompts to the LLM for each module

may be found in the appendix.

Our workflow has three steps: Papers –> Facets, Facets –> Ideas, and

Idea –> Novelty Assessment (Figure 5.1). Each step is driven by the follow-

ing modules respectively: Analogous Paper Facet Finder, Faceted Idea Generator,

and Idea Novelty Checker.
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Figure 5.2: Scideator’s cold start. Above, the user selects or adds facets to generate
ideas. They can also generate more facets to consider, and add custom instructions
for the idea generation. Below, the user peruses their ideas and evaluates an idea for
novelty by clicking the search icon to its left. The ideation topic here is human-AI
collaboration in art.
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Figure 5.3: The Analogous Paper Facet Finder module. For a set of input papers,
Scideator uses Semantic Scholar’s API to retrieve similar papers (very near). It
uses the input and very-near papers to create a summary of relevant works. Next,
the tool extracts key facets from the input papers and determines the input papers’
overarching purpose and mechanism, which it uses to come up with three queries for
papers with an analogous purpose and mechanism. The queries are for analogous
papers with varying distances from the input paper: same topic (near), same subarea
(far), and different subarea (very far). Those queries are fed to the Semantic Scholar
API to retrieve analogous papers. Finally, the facets of all the analogous papers are
extracted by the LLM.
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Workflow Step 1: Papers –> Facets

A user enters a broad ideation topic2 and a set of one or more papers that they

would like to use as a starting point. Scideator uses the input to find relevant

paper facets to recombine.

Scideator’s Analogous Paper Facet Finder3 (Figure 5.3) first retrieves in-

formation for the input papers as well as four similar papers from the Semantic

Scholar API [98]. To ensure a balance among these papers, we request the two

top-ranked papers (with a retrievable title and abstract) from the “all-cs” corpus

and another two from the “recent” corpus. Thus, Scideator retrieves four papers

very near to the input paper. Scideator then uses the input and very-near pa-

pers to create a summary of relevant works. This summarization step is inspired

by CoQuest’s “search and summarize” action for coming up with research questions

[117].

Next, Scideator’s LLM is prompted to extract the overarching purpose and

mechanism of the input papers. The LLM subsequently generates twelve purpose-

mechanism pairs that are analogous to the overarching purpose and mechanism of

the input papers. More specifically, it generates four analogous purpose-mechanism

pairs from the same topic within computer science research (near), four from the

same subarea (far), and four from a different subarea (very far). For each analogous

purpose-mechanism pair, the LLM also generates a query for finding relevant papers.

2. The system is currently set up for computer science ideation topics but can be easily adjusted
for other research areas.

3. The LLM prompts for the Analogous Facet Finder module are in Appendix B.1.
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Scideator uses the Semantic Scholar API to retrieve the top four papers (with

retrievable titles and abstracts) relevant to each query from the “all-cs” corpus. If no

paper is found, Scideator iteratively shorten the query until a paper is returned.

The first retrieved paper becomes the representative paper for the analogous purpose-

mechanism pair, while the other three papers act only as additional context for the

representative paper. Thus, Scideator prepares four near, four far, and four very-

far analogous papers.

Scideator generates the key facets (purpose, mechanism, and evaluation) of the

input papers and the 16 papers of varying distance from the input papers, based on

their titles and abstracts. The LLM is prompted to write the facets as short phrases

(no more than 7 words).4

As shown in the top half of Figure 5.2, the tool presents all of the extracted paper

facets to the user. They can track facet provenance to see if the facet originated from

their own input (input paper, manually-added facet, or facet generated based on a

user-provided query) or from a paper of increasing distance from the input papers

(very near, near, far, or very far). If the user is unsure what a particular facet is,

they can hover over the facet’s associated question mark to see its description. Also,

by clicking the facet’s associated paper icon, the user can open the Semantic Scholar

link to the paper from which the facet came.

4. To confirm reasonable consistency in facet distance, the first two authors annotated previously
unseen purposes/mechanisms generated by the tool for three papers not used in the user study. It
was an earlier but similar version of the tool compared to what was used in the study. Facets
were grouped into generally near and far categories. Both annotators classified the majority of
near purposes, near mechanisms, far purposes, and far mechanisms like the tool. One annotator
demonstrated substantial agreement (Cohen’s Kappa = 0.61) and the other demonstrated moderate
agreement (Cohen’s Kappa = 0.53) with the tool.
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Situation Selected Facet(s) Input

Four Output Ideas
<purpose, mechanism, evaluation>
* = evaluation selected by user or from
the purpose’s or mechanism’s papers.

Initial None
• Relevant papers’ LLM summary
• Input papers with facets
• Analogous papers with facets

• <input/very-near, near, either>
• <near, input/very-near, either>
• <input/very-near, far/very-far, either>
• <far/very-far, input/very-near, either>

No-P-no-M
No purpose
No mechanism
Optional evaluation

• [Same inputs as the Initial method]
• Selected evaluation facet(s)

• <input/very-near, near, *>
• <near, input/very-near, *>
• <input/very-near, far/very-far, *>
• <far/very-far, input/very-near, *>

P-or-M
Only purpose(s)
or mechanism(s)
Optional evaluation

• [Same inputs as the Initial method]

• Selected purpose or
mechanism facet(s)

• Selected evaluation facet(s)

• 2x: <selected, near, *> or
<near, selected, *>

• 2x: <selected, far/very-far, *> or
<far/very-far, selected, *>

P-and-M
Both purpose(s)
and mechanism(s)
Optional evaluation

• [Same inputs as the Initial method]
• Selected purpose facet(s)
• Selected mechanism facet(s)
• Selected evaluation facet(s)

• 4x: <selected, selected, *>

Table 5.1: The Faceted Idea Generator module generates analogies between two
purpose-mechanism pairs from different papers. It then uses these analogies to inspire
novel ideas combining the purpose from one paper with the mechanism from another.
The module aims to combine papers of varying distance from the input papers, but
which papers are involved in the analogies depends on whether the user has selected
any purposes or mechanisms.

Users can also type in their own facets directly. Furthermore, they can use the

“Generate More Facets” button to synthesize new ones, optionally specifying a query

as direction. If they provide a query, Scideator retrieves four papers relevant to

the query: the top two from the “all-cs” corpus and top two from the “recent” corpus.

Otherwise, the system retrieves four papers from each distance category with the

Analogous Paper Facet Finder. Then, Scideator generates the key facets from

each of the retrieved papers and adds them to the interface.
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Workflow Step 2: Facets –> Ideas

Once the user has gotten a sense of the facets available, they either select facets or

allow the system to choose in order to generate ideas (Figure 5.2, top half). Based

on the facet selection, the tool generates four ideas.

Table 5.1 summarizes how Scideator’s Faceted Idea Generator module re-

combines facets for idea generation.5 6 The module is designed to handle idea

generation in four situations: when the user 1) first loads the system (Initial), 2)

does not select a purpose or mechanism (No-P-no-M), 3) selects at least one pur-

pose but no mechanism or vice versa (P-or-M), and 4) selects at least one purpose

and mechanism (P-and-M).

The module aims to combine papers of varying distance from the input papers.

No matter the situation, the LLM is prompted twice to generate analogies and cor-

responding ideas between two groups of papers, which are selected based on which

of the four situations arise. For each of the two prompts, the LLM generates six can-

didate analogies between a group-1 paper’s purpose and mechanism and a group-2

paper’s purpose and mechanism. The LLM selects the two analogies that best fit

carefully described criteria for a good idea (i.e., understandability, relevance, feasi-

bility, specificity, and novelty). The LLM then converts one analogy into an idea

combining the group-1 paper’s purpose and the group-2 paper’s mechanism. It con-

verts the other analogy into an idea combining the group-1 paper’s mechanism and

5. The prompts to the LLM for the Faceted Idea Generator module may be found in Appendix
B.2.

6. In this module, the LLM’s temperature is set to 0.75 to make the responses more varied.
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the group-2 paper’s purpose. The LLM is instructed to come up with ideas related to

the ideation topic but differentiate its ideas from the existing work described in the

relevant works’ summary and the papers from which it ideates. It is also instructed

to take a step to improve upon its ideas in terms of the criteria for a good idea.

To start, the system creates four ideas using our Initial idea generation method.

In this situation, for generating the first two analogies and corresponding ideas,

the group-1 papers are the input/very-near papers, and the group-2 papers are the

near papers. For generating the second two analogies and corresponding ideas, the

group-1 papers are again the input/very-near papers, and the group-2 papers are the

far/very-far papers. Each generated idea’s evaluation facet is selected by the LLM; it

is the evaluation facet either from the purpose’s associated paper or the mechanism’s

associated paper. Afterwards, Scideator produces four ideas each time based on

the user’s choice of facets and its corresponding situation, as outlined in Table 5.1.7

Table 5.2 presents a sample of user study participants’ favorite ideas, which were

generated using the different methods of this module.8.

As the user explores their facet-based ideas, they can see a more detailed version

of each by clicking the ‘Expand’ button (Figure 5.2, bottom half). Not pictured, the

user can also add their own idea, and the LLM is prompted to extract its facets,

which are added to the list of available facets.

7. Note that, if one of the selected purposes or mechanisms is manually entered and therefore
does not have an associated paper, the system generates a purpose or mechanism to pair with the
selected facet for the sake of creating analogies with another paper.

8. The expanded versions of the sample ideas are in Appendix B.5.
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Situation Topic Purpose Mechanism Evaluation Custom Instruc-
tions

Short Version of Idea

Initial,
Treatment

LLM
ex-
plain-
ability

to enhance
medical in-
formation
retrieval
(near)

sequential
knowledge-
guided
prompt-
ing (paper
input)

medical
question-
answering
benchmarks
(near, unse-
lected)

None Create a medical information retrieval system us-
ing sequential knowledge-guided prompting to sim-
ulate diagnostic pathways. This system will inte-
grate electronic health records (EHRs) with clini-
cal guidelines, leveraging prompts to identify and
follow potential diagnostic routes. Using medical
question-answering benchmarks, the system will
evaluate the accuracy and relevance of retrieved
information in real-time.

P-or-M,
Treatment

human-
AI col-
labo-
ration
in art

to enhance
designer-ai
collab-
oration
(very near,
selected)

residual
learning
framework
(far)

empirical
performance
analysis
(far, unse-
lected)

I want to know
if designer want to
work with ai

Develop a residual learning framework for AI de-
sign tools where designer feedback on specific el-
ements like color schemes and layouts is treated
as residuals. The AI iteratively refines these ele-
ments, enhancing the final design. The feedback
loop is designed to be intuitive, allowing designers
to easily indicate areas for refinement, which the
AI then uses to adjust its design suggestions dy-
namically.

P-and-M,
Treatment

LLM
ex-
plain-
ability

to explain
text gen-
eration
outputs
(paper
input)

explanation
logic verifier
(own input)

quantitative
and qualita-
tive analysis
(paper
input, se-
lected)

Use different veri-
fication approaches
from NLI, math,
program to ensure
the explanation fol-
lows a logical con-
sistency

Develop a platform where a mathematical logic
verifier validates LLM-generated mathematical ex-
planations and employs graph-based visual proof
representations. These visual tools will illustrate
each logical step, aiding comprehension and en-
gagement. The verifier will ensure explanations
are logically consistent and accurate, using the vi-
sual aids to guide users through complex reasoning
processes effectively.

P-and-M,
Treatment

AI
tools
for
educa-
tion

to per-
sonalize
vocabulary
learning
(very near)

ai-generated
virtual speak-
ers (very
near)

participant
feedback
analysis
(very near,
unselected)

make the idea more
focused and specific

Develop a personalized vocabulary learning plat-
form using AI-generated virtual speakers that tai-
lor dialogue scenarios to user-uploaded images.
The AI analyzes images to identify objects and
contexts, generating dialogues that incorporate
relevant vocabulary for enhanced learning.

Baseline dealing
with
LLM
hallu-
cina-
tions

N/A N/A N/A Can the reward
model in Selk-
Knoelwdge tuning
be changed to
incorporate more
fine-grained feed-
back (e.g. from
Halogen like met-
rics) [all 3 papers
given to LLM]

Develop a comprehensive reward model for Self-
Knowledge Tuning that integrates specific HALo-
GEN metrics, such as atomic unit verification and
error classification. The model will be tested
across multiple domains to assess its effectiveness
in reducing hallucinations in LLMs. This approach
not only refines the feedback loop with detailed
evaluations but also establishes a robust testing
framework to validate improvements in factual ac-
curacy.

Baseline AI
tools
for
educa-
tion

N/A N/A N/A Generate ideas that
use non-traditional
mediums for ed-
ucation, so avoid
using textbooks
or other material
commonly found
in classrooms. [all
3 papers given to
LLM]

Develop an AR-based mobile app powered by AI
that personalizes ecological education for children
by adapting content to local biodiversity. The app
will guide users in exploring their surroundings to
identify species and offer contextual ecological in-
sights. AI will craft personalized learning journeys,
adapting to the user’s pace and knowledge level. It
will include virtual simulations of diverse ecosys-
tems for users in less biodiverse areas, ensuring
inclusivity and broader educational reach.

Table 5.2: A sample of participants’ favorite ideas from the user study. The treatment
ideas are generated with the different methods of the Faceted Idea Generator
module, depending on whether the participant selected any purposes or mechanisms.
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Figure 5.4: Scideator’s novelty assessment modal for one idea, which presents the
idea (a) as well as its facets (b), related papers (c), adjustable novelty classification
(d), and adjustable classification reason (e). When the idea is classified as “not
novel,” the system provides a set of three suggestions for more novel ideas (f), each
of which replace one of the idea’s original facets. The ideation topic here is human-AI
collaboration in art.
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Workflow Step 3: Ideas –> Novelty Assessments

After collecting a few candidate ideas, the user evaluates ideas for novelty and finds

more novel ones. To evaluate an idea, the user opens the novelty checker modal

(Figure 5.4) by clicking the search button to the left of an idea. The user reviews the

tool’s retrieved papers related to the idea, novelty classification of the idea (“novel’

or “not novel”), and short classification reason referencing the related papers. The

user can manually overwrite Scideator’s classification and reason. When the idea is

marked as “not novel”, Scideator presents the user with three new idea suggestions,

each replacing a different facet in the original idea.

The Idea Novelty Checker module (Figure 5.5) powers these interactions

through four steps: 1) retrieve candidate relevant papers, 2) select most relevant

papers, 3) evaluate idea novelty, and 4) suggest more novel ideas.9

Step 1: Retrieve candidate relevant papers. To assess an idea’s

novelty, we compare an idea against a comprehensive collection of relevant papers.

This collection includes many papers, including all of the papers that the previous

modules retrieved. Scideator also finds more related papers to these papers using

the Semantic Scholar API [98]. However, simple retrieval methods often overlook

contextual aspects of ideas such as their purpose, mechanism and evaluation facets

[136, 135, 178]. To improve the paper collection’s coverage, Scideator generates

search queries based on various keywords directly related to the idea to retrieve

relevant papers, a query-based retrieval method used in [122, 161]. The search

queries themselves are LLM-generated keywords and potential titles based on the

9. The prompts to the LLM for the module are listed in Appendix B.3.
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Search API

Input Idea

Idea-Keyword 
& Title Papers

Candidate Papers

STEP 2: Select Most Relevant PapersSTEP 1: Retrieve Candidate Relevant Papers

STEP 3: Evaluate Idea Novelty

Compare Specter 
Embeddings 

RankGPT  
Re-Ranking

Top N Papers 
Similar to Idea Most Relevant Papers

Novelty Classification and Reasoning

Input Idea

Most Relevant Papers

Keywords
&

Titles

Extract 
Keywords 
from Idea 

Input Idea

Expert Labeled Examples 

..
Classification: Not Novel
Reasoning: The idea is not novel because it closely resembles existing tools like 'Bursting 
Scientific Filter Bubbles'[4], Bridger[9] and ResearchRabbit[3], which also use citation-based 
suggestions and visualizations. The proposed tool's combination of citation networks and author 
profiles is already well-covered by these systems.

…

Most Relevant 
Papers

Idea Classification 
and Reasoning

..

This idea is not novel 
because…

This idea is novel 
because…

This idea is not novel 
because…

Related Papers

Snippet API
Idea-Snippet 

Papers

Input Idea

Input + 
Analogous Papers

LLM

LLM

STEP 4: Suggest More Novel Ideas

Most Relevant 
Papers

Idea Classification 
and Reasoning

This idea is not novel 
because…

Input/Analogous 
Paper Facets More Novel 

Idea Suggestions

LLM

Figure 5.5: The Idea Novelty Checker module follows a retrieve-then-re-rank ap-
proach for novelty evaluation. In Step 1, it gathers a comprehensive set of papers
relevant to an idea. This includes papers originally used to generate the idea, related
papers, and additional papers retrieved through keyword and title searches extracted
directly from the idea, as well as snippet searches using the entire idea as input. In
Step 2, a two-stage re-ranking process is applied, where an embedding-based ranking
strategy filters the large collection to top-N papers, followed by a facet-based LLM
re-ranker to identify the top-k most relevant papers. In Step 3, these top-k papers
are used to assess the idea’s novelty, guided by in-context examples that evaluate
novelty with grounded reasoning. In Step 4, if an idea is classified as “not novel” by
the tool or user, the LLM generates three idea suggestions, each replacing a differ-
ent facet in the original idea in order to make the idea more novel compared to the
relevant papers.
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idea description.

The keyword-based search results sometimes introduce irrelevant results. For ex-

ample, consider the idea in Figure 5.5 about citation-based suggestions for scientific

innovation; a keyword like ‘scientific innovation’ is extracted from the idea. Search-

ing with this keyword would indeed retrieve relevant papers but might also include

unrelated articles merely because the phrase appears in their title and abstract. To

counter this limitation, Scideator retrieves relevant text snippets directly from the

full text of papers on Semantic Scholar using its snippet-text API10. The system

forms the query using the entire proposed idea, finding snippets from papers with

potentially high relevance.

The papers utilized in the prior modules, additional retrieved papers related to

them, and the additional papers obtained through both keyword-based and snippet-

based searches collectively form the comprehensive candidate paper set for the idea

novelty assessment process.

Step 2: Select most relevant papers. To identify the papers most

likely to overlap with the idea, we implement a two-stage re-ranking process that

combines embedding-based filtering with an LLM-based re-ranking approach. This

follows established information retrieval practices of retrieve-then-re-rank [55, 139,

1, 128, 168, 11].

The first stage is embedding-based filtering. Scideator computes the se-

mantic similarity between the idea and each paper in papers from STEP 1 using

Semantic Scholar SPECTER embeddings [36]. It selects the top N most similar

10. api.semanticscholar.org/api-docs/#tag/Snippet-Text
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papers to the idea based on cosine similarity. This embedding-based ranking ef-

ficiently narrows down the paper collection but, compared to LLMs [154], fails to

capture more contextual relationships between different facets of the idea and related

papers.

The second stage addresses this limitation with an LLM-based re-ranker,

RankGPT [169], which goes beyond surface similarities. We use RankGPT to com-

pare the papers against the idea’s application domain, purpose, mechanism, and

evaluation.11 It ranks the papers based on the following priorities (from high to

low): 1) papers with all the idea’s key facets; 2) papers with a similar application

domain and purpose; 3) papers with a similar purpose, mechanism, or evaluation;

and 4), papers with partially matched or related facets.

This approach ensures that the final ranking accurately reflects the and depth

of each paper’s connection with the idea. Finally, Scideator selects the k-most

relevant papers for the novelty assessment. The default N papers that proceed after

the embedding-based ranking is 100, and the default k papers that proceed after the

LLM-based re-ranking is 10. We use the LLM gpt-4o for this step.

Step 3: Evaluate Idea Novelty. Using the top-k relevant papers as com-

parison points, Scideator prompts an LLM to assess an idea for novelty. The LLM

outputs a binary classification (‘novel’ or ‘not novel’) accompanied by its reason-

ing, which points to the related papers for any similarities and differences. However,

determining the novelty of an idea in relation to existing scientific literature is a com-

plex and subjective task. To guide the LLM’s judgment, our prompt incorporates

11. RankGPT’s relevance criteria were changed to match with our key idea facets.
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in-context examples drawn from formative annotation studies (see Section 5.4.1).

Each example is comprised of an idea, the top-k papers related to the idea, the nov-

elty classification label, and classification reason. These examples reflect the experts’

criteria for novelty: an idea is considered novel if it 1) differs from all retrieved pa-

pers in purpose, mechanism, or evaluation, 2) presents a unique combination of these

facets, or 3) applies the same facets to a new application domain. We use the LLM

o3-mini for this step, given its focus on reasoning.

Step 4: Suggest More Novel Ideas. Based on the classification reason-

ing, the LLM is instructed to come up with three suggestions for ideas that are more

novel compared to the related papers. Each suggestion replaces a different facet in

the initial idea with another available facet of the same category (e.g., purpose). For

increased variance in responses, we use a temperature of 0.75 in this step.

5.4 Formative Studies for Idea Novelty Checker

In this section, we describe formative studies conducted to 1) understand the chal-

lenges of scientific idea novelty evaluation through annotations of ideas’ novelty, 2)

investigate the importance of each component of our novelty checker and 3) explore

how our novelty checker performs relative to baselines.

5.4.1 Annotation Studies

In the context of scientific literature, novelty evaluation faces two challenges. First,

identifying the most relevant papers from the hundreds of millions available is inher-

ently difficult, as the space of potentially overlapping work is vast. Second, deter-
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mining criteria for judging novelty is challenging because novelty itself is subjective

and can be defined in multiple ways.

To better understand and address these issues, we conducted a formative study,

in which the first two authors assessed the novelty of ideas based on retrieved rele-

vant papers. The authors evaluated 51 ideas– 46 generated by Scideator and five

adapted from accepted and rejected papers from OpenReview (ICLR 22, NeurIPS

23). Fewer examples were taken from OpenReview since the primary focus was on

evaluating ideas from Scideator. For every idea, the system identified the most

relevant papers through a two-step process. It first gathered candidate papers using

keyword-based queries and subsequently re-ranked them for relevance to the idea

using an LLM-based re-ranker [169]. The authors classified each ideas as novel,

moderately novel, or not novel based on the top 10 papers. They achieved moderate

agreement (Cohen’s Kappa = 0.64) with 17 disagreements out of 51 classifications.

The agreement may not have been higher because the authors sometimes relied on

broader domain knowledge rather than restricting judgments to the most relevant

papers, which were often insufficient. Additionally, using three categories led to

disagreements, as the distinction between novel and moderately novel is itself sub-

jective.

Building on observations from the formative annotation study, we conducted a

second study. In this study, we based our judgments solely on the provided pa-

pers, and the classification categories were simplified to just novel and not novel.

Inspired by prior work [147, 91, 23] that categorizes research ideas into core facets

such as purpose and mechanism, we also agreed on defining novelty as follows. An
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idea is considered novel if it differs from all 10 retrieved papers in at least one core

facet (purpose, mechanism, or evaluation). An idea is also considered novel if it

uniquely combines these facets or applies them to a new application domain. Using

this controlled framework, we annotated a set of 51 ideas– 34 new ones generated by

Scideator and 17 from the previous study where external knowledge had influ-

enced novelty judgments. By narrowing the focus to the relevant papers alone and

simplifying the classification options, we observed fewer disagreements (8/51) and

achieved a higher agreement rate (Cohen’s Kappa = 0.68). This study highlights

that a robust novelty checker depends critically on (i) high-quality retrieval, which

we aim to support with two-stage re-ranking and retrieval, and (ii) a well-defined

notion of novelty, which we aim to provide in our LLM prompting.

Resulting Dataset

From our annotation studies for novelty assessment (Section 5.4.1), we collected 67

consensus-labeled examples of novelty classification (39 labeled as novel and 28 as

non-novel) as our dataset. We split the examples into training and test sets (35 for

training and 32 for testing) with a balanced distribution of novel and non-novel ideas.

Please refer to Table B.2 in Appendix B.7 for sample examples.
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5.4.2 Ablations

Methods

To assess the contribution of each component in our novelty checker, we conducted

ablation studies using 58 ideas (comprising 13 ‘not novel’ instances from our test set

and 45 Natural Language Processing papers from the literature). For this experi-

ment, we focus on ‘not novel’ cases, since the ideas labeled ‘novel’ in expert-labeled

test data can vary with different retrieved paper sets. In our ablations, we consid-

ered the following variations: (i) Complete System: used keyword and snippet

retrieval (each returning the top-k documents based on Semantic Scholar’s rank-

ing), embedding filtering, and facet-based RankGPT re-ranking; (ii) Relevance

RankGPT: used the same retrieval methods (keyword and snippet) plus embed-

ding filtering, but replaced the facet-based RankGPT re-ranker with one based on

general relevance [169]. This variation differs from the complete system only in the

LLM re-ranking component, allowing us to assess the importance of facet-based re-

ranking; (iii) Embedding Filtering: omits the LLM re-ranker entirely, relying only

on the embedding-based filtering. This setup allows us to assess the importance of

the LLM re-ranking step; and (iv) Snippet Retrieval and Keyword Retrieval:

each of these setups returned the top-k documents from their respective retrieval

method (without embedding filtering or any LLM re-ranking), leveraging the inher-

ent ranking/scoring provided by Semantic Scholar. This setup allows to assess the

importance of both re-ranking steps. This structured setup enabled us to isolate

the contribution of each component (retrieval method vs. re-ranking strategy) and
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Table 5.3: Accuracy of Scideator ablations in predicting “not novel.”

Method Accuracy

Complete System 89.66%
Relevance RankGPT Instead of Facet-Based RankGPT 13.79%
Embedding Filtering w/o RankGPT 10.34%
Only Snippet Retrieval w/o Embedding Filtering or RankGPT 8.62%
Only Keyword Retrieval w/o Embedding Filtering or RankGPT 5.17%

Table 5.4: Comparing each ablation to the complete system in terms of overlap in
retrieved papers and paper rankings. Overlap indicates how many papers overlap on
average with the complete system’s top-10 papers. Rank Shift measures the average
absolute difference in rank positions (only among overlapping papers).

Method Overlap (↑) Rank Shift (↓)

Relevance RankGPT 7.97 0.67
Embedding Filtering 7.93 0.84
Snippet Retrieval 2.88 1.85
Keyword Retrieval 1.17 1.39

evaluate whether they collectively brought key papers for novelty assessment into

the top 10. We use gpt-4o for re-ranking and o3-mini for evaluating novelty.

Results

Table 5.3 shows that the complete Scideator system, which employs facet-based

re-ranking in RankGPT, significantly outperforms its ablated variants in accuracy.

The results demonstrate that methods relying only on keyword or snippet-based

retrieval have much lower accuracy, and even alternate re-ranking strategies with a

single embedding-based reranker or both embedding and general relevance RankGPT

are insufficient to consistently bring key papers into the most relevant paper set.
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These findings show that combining facet-based reranking with embedding filtering

is critical for identifying the most relevant papers.

Table 5.4 compares the top-10 most relevant papers retrieved under each ablation

setting with those from the complete system. Approximately 30% of the papers differ

when using either Embedding Filtering or general Relevance RankGPT. Additionally,

notable rank shifts are observed from the facet-based LLM reranker in the complete

system to the relevance-based LLM reranker (Relevance RankGPT). Further, with-

out the reranking steps, both snippet and keyword retrieval exhibit minimal overlap

with the final system’s top paper results, highlighting the importance of the reranker

stage.

5.4.3 Comparison to Baselines

Methods

We evaluated multiple baselines to benchmark our novelty evaluation approach.

First, we employed a zero-shot prompt as a straightforward baseline, and further re-

fined this manually written prompt using Anthropic’s prompt generator12. We also

applied popular prompt optimization techniques such as DSPy [95] and TextGRAD

[190], which optimize the prompt instructions using a train/validation split created

from formative study examples. In experiments with TextGrad [190], we investigated

how specific prompt instructions influence an LLM’s ability to classify the novelty of

an idea.

12. https://docs.anthropic.com/en/docs/build-with-claude/prompt-engineering/pro
mpt-generator
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As an alternative to using in-context examples from the formative study, we ex-

tracted reviews from ICLR and NeurIPS submissions via the OpenReview API [142].

These reviews comprise aspects such as strengths, presentation, limitations, sound-

ness, weaknesses, questions, confidence, contribution, summary, and rating. The

input title and abstract were adapted to match the ideas in the training data using

a style-change prompt. After rigorous filtering, we identified approximately 8,156

submissions discussing idea novelty and manually selected reviews that specifically

evaluated the core idea rather than the entire paper. From these, we randomly sam-

pled 20 idea-review pairs to serve as an additional baseline with different in-context

examples. Since OpenReview reviews do not reference the associated papers, we eval-

uated our expert-labeled examples both with and without including relevant papers

to ensure a fair comparison.

In addition to these baselines, we also compare our novelty checker ‘prompt ’ with

that of AI Scientist [121] (different from its paper reviewer) and AI Researcher [160]

on the same test set of ideas and fixed top 10 papers. We compare only the prompts

to assess novelty, rather than the entire systems, because the test set containing the

novelty judgments by experts were based on a fixed set of the 10 most relevant papers

for each idea. Since different retrieval methods could introduce new papers and

potentially change novelty classification, we standardized the most relevant papers

to ensure a fair comparison of the prompts alone. Additionally, since both setups

require a different style of input idea, we adapted the ideas to match the requirements

of each system.

We compared all of these baselines to various ablations of our expert-labeled in-
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Models Accuracy Precision Recall F1 Cohen Kappa

Zero Shot Setting
Zero Shot 0.68 0.76 0.64 0.65 -
+ improved prompt using Anthropic prompt generator 0.68 0.70 0.64 0.64 -

Prompt Optimizers
DSPy
- with idea, most relevant papers, class 0.68 0.83 0.62 0.58 -
- with idea, most relevant papers, class, reasoning 0.66 0.82 0.58 0.52
TextGRAD
- with idea, most relevant papers, class 0.78 0.76 0.76 0.76 -

In-context Setting
Open-Review Examples
- with idea & review (i.e., reasoning) 0.59 0.55 0.51 0.43 -
Expert Labeled Examples
- GPT-4o
- with idea, reasoning 0.75 0.76 0.77 0.75 -
- with idea, most relevant papers, class 0.78 0.77 0.76 0.77 -
- with idea, most relevant papers, class, reasoning 0.81 0.84 0.78 0.79 0.59

- o3-mini
- with idea, most relevant papers, class, reasoning 0.78 0.77 0.89 0.83 -

Other Novelty Checkers
AI Scientist [121] 0.47 0.55 0.53 0.44 0.05
AI Researcher [160]
- GPT-4o 0.78 0.81 0.74 0.75 0.52
- Claude-3-5-sonnet 0.56 0.63 0.61 0.56 0.19

Table 5.5: Experimental results on expert-annotated dataset comparing Sci-
deator’s novelty checker to various baselines. Unless otherwise noted, GPT-4o
was used to obtain these results.

context examples. When we include papers in the expert-labeled examples, they

consist of titles and abstracts only. For our best performing setting, we also experi-

mented with o3-mini.13

13. Please refer to Appendix B.9 for additional details about the experimental setup for all of
these approaches.
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Results

As shown in Table 5.5, our experiments indicate that incorporating expert-annotated

data as in-context examples significantly enhances novelty classification accuracy

compared to zero-shot prompts, DSPY, TextGRAD, and setups using OpenReview

examples. We compared two configurations for DSPY, one with reasoning and one

without. Our expert-labeled prompt consistently achieved higher performance than

the prompt optimizations produced by these methods, and we posit that the number

of examples for train/validation were not sufficient for prompt optimizers with GPT-

4o. Meanwhile, the TextGRAD prompt optimizer did not improve upon its initial

system prompt. Notably, even when we excluded the relevant papers from the expert-

labeled examples, our approach still outperformed the OpenReview baseline. For our

best performing setting, which includes the idea, most relevant papers, classification,

and reasoning, we also experimented with o3-mini and observed a better recall than

GPT-4o. o3-mini was able to better reason about analogous similarity across papers

and ideas.

Although the TextGRAD prompt optimizer did not improve upon its initial sys-

tem prompt, it provided valuable insights into LLM prompt sensitivity. Figures in

Appendices B.1, B.2, and B.3 present the accuracy of various prompts optimized

with TextGrad on our dataset (train=25, validation = 10, test = 32). Prompts

with both non-zero and zero validation accuracy ludluded various instructions for

evaluating the novelty of ideas. Through this prompt optimization process, we ob-

served interesting ways in which LLMs may evaluate novelty, such as considering

historical context, considering frequency of similar studies, conducting comparative
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analysis with existing works, and examining arguments for both novel and non-novel

perspectives. However, prompts without these specific instructions also influenced

accuracy, suggesting the complexity of novelty evaluation with LLMs. Notably, some

prompts with similar instructions showed different performance on validation data.

For example, both Prompt 3 (accuracy = 0) and Prompt 9 (accuracy = 0.6) include

instructions to evaluate if the idea introduces unique methodologies and how it com-

pares to existing work. However, the difference in their performance suggests that

subtle variations in wording and instruction framing can significantly impact the

classification performance. It remains unclear why certain prompts perform better

despite having similar instructions. This analysis highlights the LLM’s sensitivity to

prompt design when assessing novelty of an idea. Even minor variations in wording

and structure can lead to substantial performance changes, emphasizing the need for

careful prompt engineering and well-chosen in-context examples to guide the LLM

for idea novelty evaluation.

Furthermore, our approach achieved over 10 times more agreement with

expert-labeled examples compared to AI Scientist, and approximately 13%

higher agreement than AI Researcher, further validating the effectiveness of our

novelty checker. It is important to note that AI Scientist defaults to “not novel” when

it fails to reach a conclusion in novelty evaluation (18 out of 32 times), which may

have impacted its agreement rates. Appendix B.8 qualitatively compares novelty

evaluations by AI Scientist, AI Researcher, and Scideator on two research ideas.

Scideator provides concise justifications for its novelty decisions by referencing

key similarities and differences with existing works. For example, in Example 1, it
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correctly identifies the idea as ‘novel’ by highlighting these aspects. In contrast, AI

Researcher evaluates each paper individually, classifying an idea as ‘not novel’ if any

paper is considered citable; but in our examples, none of the papers were flagged as

citable despite sharing similar purposes, leading to a ‘novel’ classification. Due to

space constraints, we show insights only from the first paper for each example. Figure

B.6 indicates that while AI Scientist’s judgments generally align with the ground

truth and offer actionable suggestions, it sometimes misinterprets the idea—as in

Figure B.5, where its focus shifts from the idea to the accompanying code.

5.5 User Study Methods

We evaluated Scideator against a strong baseline tool that supports combining

ideas at the paper level instead of the facet level.

5.5.1 Research Questions

• RQ1: Does Scideator lead to more creativity support for idea generation

than a strong baseline?

• RQ2: What are common ideation patterns while using Scideator as com-

pared to a strong baseline?

• RQ3: Does Scideator improve confidence in idea novelty assessments more

than a strong baseline?
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5.5.2 Participants

We recruited 22 computer-science researchers (W: 7, M: 15) through institutional

mailing lists and academic social networks. We compensated them with a $60 Ama-

zon gift card. Twelve participated as human-computer interaction (HCI) researchers

and 10 as natural-language-processing (NLP) researchers. Most were PhD students

(PhD student: 16, master’s student: 5, industry researcher: 1). Generally, the par-

ticipants interacted with LLMs often (a few times per... day: 12, week: 7, month:

1, few months or longer: 2).

5.5.3 Study Design

We conducted a within-subjects study, in which each participant completed tasks for

the treatment and baseline conditions in randomized order. The ideation topics for

the treatment and baseline conditions were also randomized. Overall, participants

had no difference in their familiarity ratings (7-point, Likert-type) for the assigned

treatment topic and assigned baseline topic (M=0.00, Q1=-1.00, Q3=1.00). There

were two preset topics for HCI researchers (human-AI collaboration in art, AI tools

for education) and two for NLP researchers (dealing with LLM hallucinations, LLM

explainability). For each topic, there were three associated input papers to use as a

starting point.14

For the treatment tool, we modified Scideator to more effectively address our

research questions. Our study separates the idea generation task from the idea

evaluation task. To keep the study controlled, we disabled some of Scideator’s

14. The input papers for each topic may be found in Appendix B.4.
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Figure 5.6: The cold start of the baseline UI for the user study’s idea-generation
task. The ideation topic here is human-AI collaboration in art.
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functionalities: on-demand novelty evaluation, manual idea addition, and facet gen-

eration when there is no query. The Idea Novelty Checker module was only activated

in a separate ‘Idea Novelty Evaluation’ tab for the idea evaluation step. There was no

support for adjusting the novelty assessment or iterating on the idea’s novelty. The

tab also provided access to a ChatGPT-like interaction in which participants could

prompt the LLM directly in order to help them evaluate their ideas for novelty. The

chat kept a thread for each participant to remember their exchanges when forming a

response. Lastly, the tab provided a text field where the participant could keep any

notes on their novelty assessments.

For the baseline tool, in the ‘Idea Generation’ tab (Figure 5.6), participants could

select any combination of the three input papers as input to the LLM gpt-4o-2024-

08-06, the same LLM used for most of Scideator’s functionality. If they did not

select any papers, all three were provided to the LLM. Participants could also provide

custom instructions to the LLM like in the treatment tool, but the character limit

was 75000 rather than 25000 to account for the fact that the set idea generation

prompt was longer in the treatment tool. The LLM prompt for idea generation was

a simplified version of the one in Scideator. It did not utilize any facet-based

framework or carefully crafted criteria for a good idea. However, like Scideator, it

generated six candidate ideas for every two presented to the participant and followed

instructions to improve upon the idea. The The ‘Idea Novelty Evaluation’ tab was

similar to that in the treatment tool except there was no Idea Novelty Checker

module output (i.e., related papers, novelty classification, and classification reason

for each idea).
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5.5.4 Procedure

Each within-subjects study session was 105 minutes. The sessions were recorded and

transcribed using Google Meet.15 In each condition, the session coordinator provided

the participant with the assigned tool, a document with the titles and abstracts of

the input papers for the assigned ideation topic, and a link to the scientific search

engine Semantic Scholar16. They had access to these three resources throughout the

condition. The participant completed two tasks with each tool– an idea-generation

task followed by an idea-novelty-evaluation task.

For the idea-generation task, the participant entered their assigned ideation

topic and three input papers into the tool. While the tool loaded, the coordinator

went over the task instructions and gave the participant a tutorial describing the

tool’s features. The participant then had up to two minutes to review the three

input papers’ titles and abstracts. With access to the tool, Semantic Scholar, and

the input paper document, the participant subsequently spent 20 minutes generating

and saving as many research ideas as possible. To save an idea, the participant had

to confirm that the idea was at least somewhat relevant to the ideation topic and

somewhat interesting to think about further. They also had to provide a seven-

point Likert-type rating of how different the idea was from ideas that they had or

encountered before the study; they were told to aim for saving ideas that were at

least somewhat significantly different. The coordinator alerted the participant when

five minutes remained. If the participant was rating an idea to save it when 20

15. The study script may be found in the supplementary materials.

16. https://www.semanticscholar.org/
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minutes had passed, they completed the rating before moving on to the next step.

Once 20 minutes had passed, the participant opened a ‘Saved Ideas’ tab to se-

lect their two favorite ideas and answer additional 7-point Likert-type questions

about their perceived novelty, feasibility, specificity, impact, and imaginativeness

of each idea.17 The participant also rated their confidence in their novelty assess-

ment. The participant then completed a survey regarding their experience with the

idea-generation task. This included seven-point Likert-type questions about their

familiarity with the assigned topic and if they encountered concepts that they had

not previously heard about or encountered in the context of the ideation topic. It

also included the well-established Creativity Support Index (CSI) questionnaire [29].

In the survey for the second tool, the participant also answered questions for each

pair of CSI factors to determine which factors they considered most important, as is

standard for the CSI. The coordinator then spent up to around five minutes engaging

the participant in a semi-structured interview about their idea generation experience.

Moving on to the idea-novelty-evaluation task, the participant opened the

‘Idea Novelty Evaluation’ tab, and the coordinator provided an overview of this

portion of the tool. The participant spent five minutes evaluating their two favorite

ideas for novelty. For each idea, they provided a final seven-point Likert-type rating of

perceived novelty and confidence in their novelty assessment. Finally, the coordinator

spent up to around three minutes conducting a semi-structured interview about the

17. There were two instances in which a participant had only saved one idea in the 20 minutes
allotted. In this case, we asked them to select their next favorite idea in order to proceed with two
favorite ideas.
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participant’s idea evaluation experience.18

5.6 User Study Results

We analyzed participants’ survey responses, interaction logs, and semi-structured

interview responses from the user study.19 We analyzed the interview responses

using inductive thematic analysis [18]. We refer to participant by their unique ID

number, research area, and tool they were using at the time (e.g., P1-HCI-treatment).

5.6.1 RQ1: Creativity Support in Idea Generation

To compare participants’ responses to the Creativity Support Index (CSI) question-

naire after using Scideator versus the baseline tool, we conducted a Wilcoxon

signed-rank test 20. As shown in Figure 5.7a, participants experienced significantly

more creativity support with Scideator (M=70.50, Q1=57.50, Q3=79.00) com-

pared to the baseline (M=61.00, Q1=42.25, Q3=71.50) (Wilcoxon Signed-Rank Test,

V=208.50, p<.01)21. Breaking the CSI down into its factors, we saw that participants

benefited most from Scideator in terms of exploration, followed by expressiveness.

Most participants also benefited from Scideator in terms of enjoyment and their

results being worth the effort, but participants did not experience much of a differ-

18. All survey and interview questions may be found in the supplementary materials.

19. Survey responses and consenting participants’ interaction logs are provided in the supplemen-
tary materials.

20. The data did not violate the assumption of symmetry of within-subjects differences about the
median

21. The unweighted CSI score range is from 0 - 100
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Figure 5.7: (a) The difference between participants’ unweighted CSI scores for Sci-
deator versus the baseline tool. Participants experienced significantly more cre-
ativity support with Scideator. (b) For each CSI factor, the difference between
participants’ ratings for Scideator versus the baseline tool. (c) How many times
each CSI factor wins against other factors in terms of what is most important to
participants while generating ideas.

ence from the baseline with respect to immersion (Figure 5.7b). Looking at which

factors participants found most important for the task of generating ideas (Figure

5.7c), we observed that participants chose exploration over other factors the most,

followed by results-worth-effort, expressiveness, enjoyment, and finally immersion.

Thus, Scideator largely benefited the participants in the manners that were most

important to them.

Exploration Factor

Scideator helped participants to explore different ideas, the most important CSI

factor according to our participants. However, looking at participants’ 7-point Likert-

type ratings of their favorite ideas’ average newness to them, we see that the median

participant had only a slightly higher rating in the treatment than the baseline
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(treatment-baseline: M=0.50, Q1=-0.375, Q3=0.875). Nonetheless, in the inter-

views, when participants commented that they found new concepts in the baseline

condition, it was most often from the input papers rather than the tool’s output

(6 of 8 participants). On the other hand, in the treatment condition, participants

who identified new concepts cited the tool’s facets or ideas as the source (6 of 6

participants). For example, P18-HCI-treatment shared, “When I thought of human-

AI collaboration in art, for example, I did not think about also supporting artistic

pursuits of students.... When I was thinking about the topic, I thought more about...

a human prompting an AI for generating images or for image exploration which is

more related to the papers that were given..” Meanwhile, P5-NLP-baseline reflected,

“The papers themselves were really interesting, but I don’t think the tool generated

anything super beyond a synthesis of the ideas that were in those three papers.”

As four participants noted in their interviews, the facet-level interaction may have

also supported exploration by providing more transparency to help them understand

the idea generation process. For example, P5-NLP-treatment reflected, “I think the

first thing that I noticed was that it was very easy to context switch. That was my

main problem with the [other] tool before. I couldn’t figure out which idea dealt with

what aspect of the research that I was engaging with. Very easy to do that here.”

Expressiveness and Enjoyment Factors

Scideator also helped participants to express and enjoy themselves while generating

ideas. In interviews, 14 participants noted that Scideator’s facet-level interaction,

designed to help researchers express their ideas, was useful or interesting. In par-
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ticular, seven participants appreciated how it provided them more control over the

idea generation process. For instance, P11-NLP-treatment explained, “I like this tool

better because it sort of distilled the different aspects of the input papers into very

concrete blocks that you could plug into each other.... it’s just that the information

was presented in this tool... in a more digestible manner, and that helped combine

information across papers better.” Furthermore, as described in Section 5.6.2, partic-

ipants included custom instructions to the LLM more in the baseline tool, indicating

that Scideator helped them to express their thoughts without the need to type a

prompt themselves.

Also of note, after using the baseline tool, four participants said that they wanted

a way to input more papers to better express themselves, and five more felt limited

by the three input papers. P14-NLP-baseline, for example, “would have liked to add

a different paper because it felt like I had exhausted... the creativity in the system to

some extent.” While participants could add information from papers to their custom

instructions, there was no system feature for adding more papers to the list of input

papers. Future work may compare Scideator with a modified version of the baseline

tool that allows users to add as many papers as they want for recombination.

Results-Worth-Effort Factor

Participants generally found their results to be more worth the effort while using Sci-

deator compared to the baseline tool. However, comparing Scideator and the

baseline tool, there was little difference (treatment - baseline) in participants’ average

ratings of their favorite ideas in terms of perceived feasibility (M=0.00, Q1=-0.50,
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Q3=0.50), specificity (M=0.00, Q1=-0.88, Q3=0.50), and imaginativeness (M=0.00,

Q1=-0.50, Q3=0.38). Meanwhile, the baseline tool performed better with respect

to generating impactful ideas (M=-0.25, Q1=-0.50, Q3=0.00). Perhaps participants

could more clearly see the potential impact of ideas that were grounded in just a

few set input papers, which they reviewed, versus several papers, most of which

were not reviewed by them. Comparing their baseline experience to their treatment

experience, P10-HCI-baseline posited, “since now I know the paper, I read them, I

kind of understand the vocabulary... it is easier for me to see where these ideas are

coming from. So even when the ideas are written somewhat vaguely, I can still...

imagine how that would pan out because I read the paper.” Thus, Scideator’s

results being more worth the effort may predominantly be based on Scideator

helping participants find ideas that utilize more concepts than what is already in the

input papers or participants’ minds (see Section 5.6.1). A sample of participants’

favorite ideas from the two conditions is in Table 5.2.

Immersion Factor

Overall, participants did not find Scideator more helpful than the baseline tool

for becoming immersed in the idea-generation task. The interviews and interaction

logs provide some reasons why this may be true. For one, Scideator presents the

user with several features about which to learn. The cognitive demand of learning

about these features might have prevented immersion. Four participants commented

on the high cognitive load of using Scideator; P2-HCI-treatment commented, “I

would say that it took me more mental effort to figure out how the tool [is used]
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rather than work with ideas.” Furthermore, the system’s latency in outputting ideas

may have made it difficult to stay immersed in the task. Due to more complex

prompting, the average latency for generating two ideas in Scideator was 22.04

seconds, compared to 15.21 seconds in the baseline tool.22

5.6.2 RQ2: Idea Generation Patterns

Benefits of Facet-Level and Paper-Level Interactions

In our study, participants can generate ideas from inputs with two levels of granu-

larity: facet-level (Scideator condition) and paper-level(baseline condition). Par-

ticipants commented on benefits of both the baseline tool and Scideator in terms

of their input granularity. Fourteen participants found Scideatorś affordance for

facet-level interactions useful or interesting, noting increased control (Section 5.6.1)

and greater transparency (Section 5.6.1) as advantages of the facet-level interaction.

On the other hand, five participants appreciated the baseline’s paper-level interac-

tions in addition to or more than Scideator’s facet-level interactions. Three of

these participants liked the paper-level interaction as it felt more directly connected

to the literature. P22-NLP-baseline explained, “ I think papers for me were more

natural than facets.... I think to me it’s more like a map of literature, so I could see

it more with papers..”

Three participants thought a combination of the two tools would be helpful. Two

participants even proposed distinct roles for the two tools: divergent-ideation for

22. Ideas were generated in groups of four, two at a time, so the first two ideas took less time to
generate than the last two ideas.
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Scideator and convergent-ideation for the baseline. P7-HCI-treatment shared, “In

the [baseline tool], I started from a broader view and then I narrowed it down. Here

[in Scideator], I started from a very specific thing and then I tried to add new facets

or ideas so that I can expand the idea. So you see the other process is elimination

process, here I was trying to expand.”

Lower Need for Custom Instructions with Scideator

When using Scideator, participants most often did not provide custom instruc-

tions to the LLM for generating either of their two favorite ideas (M=0.00, Q1=0.00,

Q3=1.00 of 2 ideas). On the other hand, when using the baseline, the median par-

ticipant provided custom instructions for generating 1.50 of their two favorite ideas

(Q1=1.00, Q3=2.00). This indicates participants were able to utilize the scaffolding

in the treatment to express themselves rather than have to type their own custom

instructions. P1-HCI-treatment commented, “I didn’t need to add any custom in-

structions because these [facets] served like custom instructions.”

Facets Used for Saved Ideas in Scideator

In their interviews, seven participants described how they appreciated the ability

to control their ideas’ generation through the facet-level interaction (Section 5.6.1).

This aligns with participants’ proclivity to select facets for their favorite ideas them-

selves. Participants’ favorite ideas more often included evaluations, mechanisms, and

especially purposes selected by themselves rather than the LLM (Figure 5.8a). Given

that participants were assigned ideation topics, P18-HCI-treatment explained why
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Figure 5.8: (a) Participants more often opted to select their own facets rather than
let the LLM select for them. (b) Participants used input facets and facets nearer to
the input more than facets farther from the input.

participants may have decided to prioritize selecting purposes themselves: “I think

the purpose is the most relevant to the topic. So within an area, there can be many

ways of doing the same tasks, but the task is ultimately what defines the area.”

Participants tended not to find the evaluation facets as helpful as the purpose

and mechanism facets. Four participants commented that they found the evaluation

facet unimportant. P13-HCI-treatment elaborated, “For evaluation, I really don’t

think it’s necessary for me because once you have the problem, you have the solution.

Automatically you know how to evaluate it, like what study you need, what kind of

experiment you want to have, and what variables you are measuring.” Thus, future

work may investigate whether or not the presence of an evaluation facet is useful for

mixed-initiative, facet-based generation of research ideas.

In addition, we explored how participants utilized facets of different distances

from the input. We observed that participants were reluctant to use far facets,
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particularly for an idea’s purpose (Figure 5.8b). Participants’ primary reason for

avoiding far facets was that they were not relevant enough to the ideation topic,

though four participants found the far facets helpful for discovering different ideas.

As an example, P9-NLP-baseline commented, “that very near, near, far kind of

thing... it kind of adds some sort of discovery factor.”

5.6.3 RQ3: Confidence in Idea Novelty Assessment

For this research question, we include the 17 (of 22) participants who completed the

idea-novelty-evaluation task with the intended task time and setup.23 To compare

how participants’ confidence in their novelty assessments changed after using Sci-

deator versus the baseline tool for idea novelty evaluation, we conducted a sign

test24. We found that Scideator’s novelty checker did not significantly improve

participants’ confidence in their novelty assessments (Sign Test, S = 5.00, p=n.s.).

However, we also conducted a between-subjects comparison of ideas that were 1)

classified as novel by the treatment, 2) classified as not-novel by the treatment, and

3) not classified by the baseline (Figure 5.9). Even though the change in participants’

confidence in their novelty assessments was not meaningfully different across the three

situations, the change in participants’ perceived idea novelty was. We observed a

trend in which participants who received a not-novel tool classification of their idea

made more change to their own novelty assessments than participants who received

23. One participant did not get to spend the full five minutes allotted for the task, and four
participants experienced a different version of the Scideator novelty checker due to an issue with
an API call.

24. We had planned to run a Wilcoxon signed-rank test but found that the data violated the
assumption of symmetry of within-subjects differences about the median
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Figure 5.9: Participants’ average perceived idea novelty before (a) and after (b)
utilizing their assigned tool for idea novelty evaluation, as well as the average change
from initial to final perceived novelty (c). The baseline tool was the assigned tool
when ideas had no classification, while Scideator was the assigned tool when ideas
had a novel or not-novel classification.

a novel tool classification or no tool classification of their idea (Figure 5.9f).

This suggests participants’ novelty assessments are most impacted when Sci-

deator classifies an idea as not novel. Given that it is straightforward to verify

that an idea is not novel using the idea’s related papers provided by Scideator,

it makes sense that it would be more likely to affect people’s classifications. Still,

it is not guaranteed that people would agree with the classification after taking

some time to review its related papers and reason. Thus, we have evidence that

the novelty checker is useful for judging ideas that the classifier deems “not novel,”

but not necessarily for judging ideas that it classifies as ”novel.” P17-HCI-treatment

echoed this sentiment: “Seeing a list of related work is very helpful for giving you

the context. It was very convincing in the case of telling me that an idea was not

novel.... When it provides [a novel classification], it’s less convincing but is helpful.”

Three participants noted that the papers retrieved by the tool to evaluate an idea
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for novelty were more useful to them than the tool’s novelty classification or reason.

P8-NLP-treatment provided a rationale: “I didn’t really paid much attention to these

reasons because reasons can be kind of made up to explain why their generation is

novel. So, I kind of relied more on the references that it retrieved.”

5.7 Discussion

Grounding mixed-initiative scientific ideation in research-paper facets shows

promise for supporting idea generation. We introduced Scideator, a mixed-

initiative, LLM-powered tool for scientific ideation through research-paper facet re-

combination. While prior work established the utility of extracting purpose and

mechanism facets from research papers for identifying scientific analogies [91, 23, 147],

we are the first to apply this framework to a human-LLM interaction for scientific

ideation, offering support not only in finding analogous papers but also in generating

paper facets and recombining those facets in research ideas. Aligned with our goal of

supporting divergent ideation [157, 39], results from our within-subjects user study

showed that participants experienced significantly more creativity support when us-

ing Scideator as opposed to a strong baseline tool. Through semi-structured in-

terview responses, we observed that participants appreciated being able to mix and

match relevant purposes and mechanisms for research idea generation.

While we posit that facet-based interaction is an essential mechanism for ideation,

we are aware that it is not the only one. Some participants also valued paper-

level interactions, through which they could generate ideas from a set of selected

papers rather than paper facets. Papers are directly connected to the literature and
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compress a great deal of information into a single entity. We believe that tools that

provide users opportunities to interact with ideas on different levels of granularity

and abstraction (e.g., papers, facets, concepts) will lead to richer interactions and

better outcomes.

For mixed-initiative idea novelty assessment, our results suggest that

providing related papers to the idea is key, and a ‘not novel’ classification

may be more helpful than a ‘novel’ one. When commenting on the bene-

fits of Scideator’s idea novelty checker, participants more often mentioned the

relevant papers that the tool would surface, rather than the tool’s novelty classifi-

cations or classification reasons. Participants appreciated being efficiently provided

with preliminary means to conduct the novelty assessment themselves, whereas they

sometimes did not trust or agree with the tool’s novelty classifications. That said,

‘not-novel’ classifications were seemingly the most utilized classifications, as partici-

pants noted they could easily verify whether or not the related papers render the idea

not novel. Indeed, participants changed their novelty assessment the most when they

received a ‘not-novel’ classification from Scideator, as opposed to a ‘novel’ clas-

sification from Scideator or no classification from the baseline tool. Future work

may explore the benefits of a mixed-initiative tool that provides the best argument

for a ‘not-novel’ classification regardless of the input idea.

More support is needed for generating ideas that are both very new to

the scientist and capture the scientist’s interest. Although participants ex-

perienced more creativity support with Scideator, there is room for improvement

in terms of helping scientists to come up with ideas that are very new to them yet
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still relevant to their ideation topic. Participants’ favorite ideas were not meaning-

fully newer to them when using Scideator versus the baseline. Using far facets

might have helped them to discover ideas more new to them, but some participants

described avoiding far facets because they considered them too irrelevant to the as-

signed ideation topic. Correspondingly, we observed that participants did not save

ideas with far facets as much as ideas with input and near facets. By avoiding distant

facets, scientists may miss opportunities for generating ideas that are completely new

to them, helping them think of more ideas that would never have occurred to them

otherwise. While we provide short descriptions of facets in Scideator, we could

take a step further with in-context question-answering to help users understand a

facet to whatever degree is necessary. To help users recognize the utility of unfamiliar

facets and the feasibility of associated ideas, the tool could also allow users to ask

questions about how they might use the facet in general or in relation to a particular

idea. In addition, the tool could be more transparent and provide users the analogy

between two papers that it used to generate an idea. This could help users to more

easily see the connection between the input or near facets and the far facets.

5.8 Limitations

Our study has a few limitations. First, the system was set up for computer science

research ideas, and all participants had some experience with LLMs. Future work

may investigate how scientists in other research areas with different LLM-familiarity

might work with a tool like Scideator. Second, Scideator currently looks for

analogies of varying distance within a broad research area (i.e., computer science),
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but future work could explore extending to analogies across research areas. Third,

there were only 22 participants. Given the small sample size, future work may

validate the results observed here with larger samples. Fourth, participants had

limited time to interact with the tools– not enough to master a system with multiple

steps like Scideator. Future studies may explore how scientists utilize a tool like

Scideator over a longer period of time. Fifth, we compared Scideator to a

strong baseline– another LLM-powered tool for scientific ideation. However, it would

be interesting to explore how interaction with Scideator compares to other tools

for scientific ideation such as CoQuest [117]. Sixth, due to latency constraints, the

system only extracted papers’ titles and abstracts and only utilized 10 relevant papers

from Semantic Scholar’s database to assess the novelty of an idea. Future work could

look into how scientists interact with the system when it has access to more paper

text and relevant papers. Seventh, to keep the study relatively simple, we provided

three papers to the tools as input. Future work may evaluate how the interaction

changes with more input papers. Eighth, to keep the study controlled, we assigned

ideation topics to participants rather than letting them select their own. Future work

may examine how the research area, familiarity, and recency of input papers impacts

the experience and outcome of working with Scideator.

5.9 Conclusion

We presented Scideator, a novel mixed-initiative tool for scientific ideation that

extracts key facets (purposes, mechanisms, and evaluations) from a set of input and

analogous papers. Users can explore diverse suggestions for how to recombine these
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facets in succinct ideas. They can also use Scideator to evaluate and iterate on the

facet-based ideas’ novelty. We introduced three LLM-powered retrieval-augmented

generation (RAG) modules to support Scideator’s workflow: Analogous Paper

Facet Finder, Faceted Idea Generator, and Idea Novelty Checker. We found that

computer-science researchers experienced significantly more creativity support with

Scideator than with a strong baseline, particularly in terms of exploring different

ideas, which the scientists considered most important for idea generation.
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Chapter 6

Conclusion

In this dissertation, I introduce three mixed-initiative methods for creative endeavors

in the scientific process. All three methods utilize research-paper components as a

shared language or boundary object [165, 71] between the scientist and AI, in order

to help scientists verify and control AI suggestions that help them explore diverse

ideas. By comparing the methods to strong baselines, I gather ample evidence that

researchers working on creative steps of the scientific process benefit more from AI

suggestions when mixed-initiative methods are implemented to help them (1) verify

the suggestions for relevance to their creative vision and (2) steer the suggestions to

better align with that vision, all while staying rooted in the literature.

The first method provides both local and global component-based explanations

in order to help scientists verify and adjust what components influence their creative

AI suggestions. I apply this method to the task of curating a research-paper feed,

which recommends relevant papers from the sprawling literature that the user may

not have otherwise thought to seek out. The component-based local and global expla-

nations consist of keywords from research papers along with a representation of their

weights. I find evidence that supplying both explanations rather than either alone

helps scientists to more easily understand how to improve their recommendations.

The second method introduces an interactive reverse source outline for summa-

rizing long-documents like research papers into detailed articles like blog posts. I

implement the interactive outline in a system called Papers-to-Posts, which allows

scientists to understand and control not only which paper components (in the form of
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bullet points) are included in an LLM-drafted blog post, but also which components

are excluded. This provides scientists both the creative freedom to explore different

combinations of content to include as well as the ability to maintain high attention

to detail when summarizing a long document, which is required in a domain like

scientific research. Comparing Papers-to-Posts to a strong baseline, I observe that

Papers-to-Posts leads to a significant increase in blog post satisfaction under time

constraints, particularly with respect to content coverage.

The third method presents a human-LLM workflow to help scientists avoid fixa-

tion and gather inspiration from the literature for scientific ideation. The workflow

is implemented in the system Scideator, which suggests diverse research-paper com-

ponents to recombine, recombinations of components into new research ideas, and

iterations on those ideas to improve their novelty. At each step, the scientist may

verify and control the system’s creative suggestions. In this case, the paper com-

ponents are core facets: purpose, mechanism, and evaluation. The purpose is the

problem addressed by the paper, the mechanism is the proposed method to solve the

problem, and the evaluation is the method to determine if the mechanism addresses

the purpose. I find that scientists experience significantly more creativity support

with Scideator compared to a strong baseline.
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Chapter 7

Discussion and Future Work

While there has been significant progress in methods for human-AI interaction, both

in scientific research and beyond, many interesting avenues for future work remain.

In this chapter, I review a few of the most relevant avenues to this dissertation.

Furthermore, I reflect on observations from my dissertation to discuss what tasks

within a mixed-initiative workflow may be more suitable to humans versus AI.

7.1 Evaluating Mixed-Initiative Methods’ Impact on Process

rather than Outcome for Scientific Research

Mixed-initiative methods to support scientific research may be evaluated in terms

of the artifact they produce or the experience they provide. For example, Chap-

ter 4 focused on how Papers-to-Posts supported blog post satisfaction, a measure

of output quality, while Chapter 5 focused on how Scideator assisted scientists in

creative exploration, a measure of process quality. Reflecting on this dissertation, I

argue that the process is equally if not more important to evaluate, particularly with

respect to how it affects the scientist’s thinking and behavior. As AI systems become

more present throughout the scientific workflow, it is crucial to understand how they

may influence how scientists operate. The benefit from mixed-initiative systems for

creativity stems from their ability to combine the strengths of humans (i.e., unique

perspectives, understanding of human priorities) with the strengths of AI (i.e., access

to a diversity of ideas, lack of bias). Scientists must continue to be able to engage
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in critical thinking about their work, independently from AI. If not, they risk los-

ing their distinct viewpoints, and the synergy between the two entities is likely to

fail. I call on future work to take seriously the impact of mixed-initiative methods

on the scientific mind. This will require not only evaluating mixed-initiative meth-

ods in terms of the user experience (e.g., creativity, cognitive load, efficiency) but

also conducting longitudinal studies to elucidate how scientists are adapting to these

methods over time. In alignment, I encourage future work to develop mixed-initiative

methods with the goal of supporting scientists in developing their creativity and crit-

ical thinking skills, as opposed to merely helping scientists achieve better short-term

outcomes.

7.2 Investigating Generalizability of the Mixed-Initiative Meth-

ods

The three mixed-initiative methods that I introduce in this dissertation may be

applied to help users understand and control various AI-facilitated creative endeavors

of the scientific process and beyond. However, each method is not fully present in

all three projects because the methods do not generalize to all use cases, particularly

with respect to tasks requiring predictive AI systems versus tasks requiring generative

AI systems. Here, I review why the methods were or were not present in each project

and, more broadly, for what creative tasks the methods might be best suited.
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7.2.1 Local and Global Component-Based Explanations

For the first method, I provide both component-based local and global explanations

for creative AI suggestions within an AI recommender system for the scientific task

of identifying interesting research papers to read. While not the emphasis of the

other two projects, the concept of local and global explanations may be applied

to Papers-to-Posts and Scideator as well. In Papers-to-Posts, the interactive reverse

source outline presents a local explanation in the form of selectable bullet points that

are used to generate the current blog post draft. Papers-to-Posts does not include

a true global explanation, which would explain the LLM’s process for synthesizing

any selection of bullet points. In Scideator, the selected facets associated with each

output research idea may be considered local explanations, but I did not include a

global explanation, which would explain the LLM’s process for combining a given

set of facets.

I did not include a global explanation in the LLM-supported systems of Papers-

to-Posts or Scideator because understanding the AI’s process for generating output

independent of input appears less useful in the context of generative AI. In contrast

with predictive AI output, generative AI output itself, along with the prompts that

produce the output, already essentially summarize how inputs are synthesized, and

the user can steer the synthesis process with natural language instructions. Further-

more, creating global explanations for generative AI models would be more complex

than for predictive AI models. Predictive AI models can be approximated with sim-

pler, more interpretable models. For example, a classifier can be approximated with

a logistic regression model, and a regression model can be approximated with a linear
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regression model. On the other hand, even the simplest generative AI models are

difficult to interpret, without clear-cut features being used for inference.

Perhaps global explanations should be re-imagined for the context of generative

AI systems. Given the relative transparency of output synthesis in generative AI,

global explanations for generative AI might focus more on summarizing the model’s

development (e.g., training data, evaluation metrics, ethical considerations), as is

currently detailed in model cards [133], rather than summarizing the model’s infer-

ence. The explanations could be more detailed than model cards, describing the

model developers’ motivations for the final model settings. For example, the model’s

fine-tuning might have involved reinforcement learning with human feedback that

focused on making the model’s responses less toxic. Noting this point would help

the user to recognize why the model might tend to give more positive, agreeable

responses.

Future work may investigate how both global and local explanations

impact verification and control of model behavior in generative AI sys-

tems, as compared to predictive AI systems. First, formative studies should

be done to understand how global and local explanations could be designed for a

few different common generative AI use cases (e.g., text summarization, question

answering). Next, user studies could investigate if local, global, or both explanations

improve upon a no-explanation baseline in terms of supporting users in understand-

ing and steering the generated model output. I suspect that local explanations will

almost always be useful for verifying that the model is working as expected and un-

derstanding how to better steer the model. We observed this with Papers-to-Posts
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and Scideator, and local explanations in the form of chain-of-thought reasoning is

popular in many AI products today, including ChatGPT’s and Google Gemini’s Deep

Research features 1. Contrastingly, I suspect that a global explanation will only be

helpful if the explanation provides information on how the model was trained. If

the explanation only provides information on how the model performs inference, this

may not provide much insight beyond what the natural-language prompt-completion

pair provides.

7.2.2 Outline of Selected and Unselected Components

For the second method, I present an interactive reverse source outline for summariz-

ing long-documents in detailed articles, which is applied to the task of translating

research papers blog posts. The other projects do not focus on supporting users in

identifying literature components that are included versus excluded from creative AI

suggestions, but both projects do present relevant features. In the project on local

and global explanations, the global explanation allows users to search for terms that

the recommender system might have weighted. In this way, the user can determine if

a certain literature component has positive or negative influence on the recommen-

dations. Unlike in the case of the interactive reverse source outline, however, this

feature does not help users to understand the full space of literature components

available. In the Scideator project, on the other hand, users can see the full space

of facets that the system considers for its suggestions because it is a generative AI

system like in the Papers-to-Posts project. Such a system is able to synthesize cre-

1. https://chatgpt.com/,https://gemini.google.com/app
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ative suggestions from only a few inputs, and the space of the potential inputs is

artificially constrained by the system scaffolding. In a recommender system like in

the local-global project, reviewing the full space of literature components that are

inputs to the system would be infeasible in terms of cognitive load. The space would

need to be summarized first before presenting it to the user, which is essentially the

role of the global explanation in recommender systems. Future work may explore

how to best summarize the full space of literature components available

in predictive AI systems for creative endeavors in science.

7.2.3 Steerable Recombination of Components

For the third method, I introduce a human-LLM workflow for scientific ideation

through research-paper facet recombination. The other two projects do not support

component recombination. The local-global project does not support component

recombination because it involves a recommender system, which does not generate

any output to utilize facet recombination. While the Papers-to-Posts project does

iteratively recombine paper bullet points in a blog post, the system does not itself

suggest different bullet point recombinations. It only suggests one recombination per

blog post section, which the user can then adjust.

Future work may look into how generative AI systems can support ex-

ploration of literature component recombinations at creative steps of the

scientific process other than initial idea generation, such as research com-

munication or study design. For instance, Papers-to-Posts could be extended for

multi-document summarization and help users to explore recombining bullet points
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of different papers in diverse manners. While it does not use components from spe-

cific papers, IdeaSynth is a relevant work [148]. It allows scientists to build a research

brief based on an input idea by combining different potential components of a brief,

such as “proposed design and solution” and “contribution and impact.”

7.3 Exploring Spectrum of Scientific Literature Components

The three methods that I present in this dissertation all use scientific literature com-

ponents, which can be easily manipulated by both the scientist and AI in terms of

weight, selection, or recombination. The components help scientists to balance cre-

ativity with practicality, by encouraging diverse lines of thinking but also grounding

those ideas in the literature.

The methods utilize distinct types of literature components, which differ primar-

ily in terms of granularity. The local-global project has the most coarse-grained

components–paper keywords. Scideator has medium-grained components, which are

short phrases describing the purpose, mechanism, and evaluation facets of papers.

Papers-to-Posts has the most fine-grained components–bullet points from a paper

outline. The granularity of the components increases with progress along the sci-

entific process. When a scientist is at the beginning stages of a new project and is

simply looking for inspiration from the literature, they generally do not need highly

specific suggestions on what to read. Rather, they need a variety of high-level paths

to explore. Conversely, when a scientist is at the final stages of a project and wants

assistance in communicating their work with the world, they need suggestions that

properly convey their work with sufficient detail. Nevertheless, there are examples
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of prior work that indicate relatively fine-grained paper details are useful in early

steps of the scientific process, and vice versa. For instance, PaperWeaver, which sup-

ports scientists in the early step of identifying interesting papers to read, provides

recommendation explanations containing much more detail than just keywords, such

as the paper’s method and findings [112]. As another example, ConceptEVA allows

users to summarize papers based just on keywords. Although the system is intended

to support an early step in the scientific process–summarizing new papers that one

reviews for inspiration, the system could also theoretically help scientists with a late

step in the process–summarizing their own papers to share their work with broader

audiences [192]. Future work may more thoroughly investigate the relation-

ship between the granularity of literature components and their utility

over the course of the scientific process.

One may also consider the type of system paired with the granularity of the

literature component. Compared to predictive AI systems, generative AI systems

perform well with more detailed inputs to steer them, so it makes sense that gener-

ative AI systems would be better suited to more fine-grained literature components.

In this dissertation, the earlier-step project involves a recommender system, while

the later-step projects involve generative AI systems. If a generative AI system is

applied to an earlier step in the scientific process, such as paper recommendation,

then somewhat more fine-grained components might be appropriate, but this would

still need to be balanced with the fact that the scientist should explore a diverse

array of ideas without getting bogged down in details. Similarly, if a predictive AI

system is applied to a later step in the scientific process, such as recommendations
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for summarizing a project, then more coarse-grained components might be useful,

but this would need to be balanced with the fact that the scientist should home in on

details suitable to describe their particular project. Future work may examine

to what extent more granular literature components are more useful for

generative AI use cases, as compared to predictive AI use cases.

7.4 The Role of the Human and AI for Different Tasks in a

Mixed-Initiative System

Through my work on this dissertation, I have identified task characteristics that

appear more amenable to humans versus AI systems. When tasks are repetitive and

objective, using AI alone seems to be the better choice. Redundancy and clear rules

make these tasks relatively easy to automate and tedious to a human. Examples

of such tasks include writing bullet points to summarize a paragraph (Chapter 4)

and finding papers relevant to a generated idea (Chapter 5). Outside of my work,

examples might include generating search terms to support legal practitioners in

precedent search [65] or doing a first pass at translating code from one language to

another [183].

On the other hand, subjective or creative tasks require more diversity of thought

and offer more interesting processes for humans to control. Because AI systems

usually present averaged or at least amalgamated viewpoints, they are not ideal

for presenting unique or rare ideas. Thus, it seems advantageous for the human to

complete subjective and creative tasks, using AI output only for inspiration. For

instance, in Chapter 4, the human iterates on what bullet points should contribute
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to their blog post’s content after the AI presents an initial bullet point selection, and

in Chapter 5, the human identifies paper facets that they think are interesting to

recombine after the AI presents a large set of potential paper facets to recombine.

Examples of subjective tasks beyond my dissertation might include crafting a movie

script [170] or identifying an angle to take on a press release [146].

Furthermore, tasks that are higher-stakes or the final steps in an overarching

process appear to benefit from a combination of a human and AI for maximal ver-

ification. The AI may attempt to complete the task, and the human can verify its

output to ensure that the final outcome meets their standards. As an example, in

Chapter 5, the final step of deciding whether an idea is novel or not is the result of

the AI and human working together. The AI presents relevant papers to the idea

along with its binary novelty classification and reasoning based on the relevant pa-

pers. The human then reviews the AI’s reasoning and adjusts the novelty assessment

as they see fit. Separate from my dissertation, high-stakes examples might include

tutoring a student [181] or determining if a patient has one disease or another [143].

Meanwhile, tasks that are lower-stakes or earlier steps in an overarching process

usually present less risk for AI automation, as the human will subsequently have

the opportunity to improve the AI’s output. For example, in Chapter 3, generating

an initial paper recommendation feed was completely AI-automated. This was the

first step in the process of curating a paper recommendation feed of interest to the

user. Later, the user was able to step in and provide feedback on the keywords being

utilized by the feed to improve the feed’s relevance to the user. Examples apart from

my work might include creating news article summaries that will be post-edited by a
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human [108] or transcribing a meeting for an attendee, who can validate the content

[26].
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Appendix A

Papers-to-Posts

A.1 Exploratory Analysis of Perceived Control and Owner-

ship

We analyzed participants’ Likert-type responses to questions related to control and

ownership (Figure A.1).

A.1.1 Lab Study

The median participant did not indicate higher perceived control (treatment: M=5.00,

Q1=4.50, Q3=6.00; baseline: M=5.00, Q1=3.00, Q3=6.00) or satisfaction with

their control (treatment: M=5.00, Q1=2.75, Q3=6.00; baseline: M=5.00, Q1=3.00,

Q3=5.25) under the treatment condition (Figure A.1a-b). However, if we look within-

subjects, 11 participants had higher perceived control with Papers-to-Posts than

the baseline tool (equal: 2, lower: 7), and 10 participants had higher satisfaction

with their control using Papers-to-Posts (equal: 4, lower: 6). On the other

hand, participants did not demonstrate increased perceived ownership (treatment:

M=6.00, Q1=5.75, Q3=6.00; baseline: M=6.00, Q1=5.00, Q3=6.00) or satisfac-

tion with ownership (treatment: M=6.00, Q1=4.00, Q3=6.25; baseline: M=6.00,

Q1=5.00, Q3=6.00) under the treatment condition (Figure A.1c-d). Although they

felt that they had more control over Papers-to-Posts, participants may not nec-

essarily have felt that the tool contributed more or less to the blog post’s creation.
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Lab Study Deployment Study

Figure A.1: Survey responses to 7-point Likert-type questions regarding perceived
control and ownership in the a-d) lab study and e-h) deployment study. Responses
are shown for both the treatment and baseline conditions.

A.1.2 Deployment Study

As shown in Figure A.1e-h, participants indicated higher median satisfaction with

control in the treatment condition (treatment: M=5.00, Q1=3.00, Q3=6.00; base-

line: M=3.00, Q1=3.00, Q3=4.75), but they showed no difference in median per-

ceived control (treatment: M=5.00, Q1=5.00, Q3=6.00; baseline: M=5.00, Q1=3.00,

Q3=5.00), perceived ownership (treatment: M=6.00, Q1=4.50, Q3=6.00; baseline:

M=6.00, Q1=6.00, Q3=6.00) or satisfaction with ownership (treatment: M=6.00,

Q1=4.00, Q3=6.00; baseline: M=6.00, Q1=5.00, Q3=6.00) in the treatment condi-

tion.

A.1.3 Summary

While lab study participants had higher median perceived control, deployment study

participants did not. However, we saw some evidence in both studies of higher
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perceived satisfaction with control under the treatment condition. Participants may

have been more satisfied with their control without perceiving a higher control in the

sense that they were more comfortable with letting the tool have a certain amount

of control in exchange for more editing power. Across the two studies, we did not

see a change in median perceived ownership or satisfaction with ownership.

A.2 Prompts

A.2.1 Prompt for Initial LLM Draft for Baseline Tool

Figure A.2: Prompt for initial LLM draft for baseline tool.

A.2.2 Prompts for the Warm Start Step of Papers-to-Posts

Figures A.3–A.5 show the prompts for the initial LLM draft for Papers-to-Posts.
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Figure A.3: Prompts for generating bullet points for each paragraph in full paper
being summarized. Each prompt corresponds to different length paragraphs. The
top prompt generates three bullet points for paragraphs of more than 100 words, the
second generates two bullet points for paragraphs of between 51 and 100 words, and
the third generates one bullet point for paragraphs less than 51 words long.
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Figure A.4: Prompt to select top 10 bullet points relevant for each of the initial
draft’s blog post sections (introduction, methods, results, conclusion).
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Figure A.5: Prompt to generate each of the initial draft’s blog post sections (intro-
duction, methods, results, conclusion) using the 10 relevant selected bullet points.
The section-specific guidelines are as follows. Introduction: “-Present hook (e.g.,
interesting fact, quote, promise of change in knowledge, illustrating example of the
topic). If context allows, visual or sensory elements are helpful anchors.-Provide
high-level description of problem being solved.-Explain why work is interesting and
a solution to the problem matters.-Do not repeat information from prior blogpost
sections.” Methods: “-Focus on methods and do NOT discuss results.-Do not repeat
information from prior blogpost sections.” Results: “-State key takeaway.-Discuss up
to 3 most interesting aspects of work.-Do not repeat information from prior blog-
post sections.” Conclusion: “-Restate key takeaway in new way.-Present future work
ideas. [optional]-Loop back to hook. [optional]“
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A.2.3 Prompts for Drafting Step of Papers-to-Posts

Figure A.6: Prompt for selecting bullet points for generating a new section based on
the section header provided by the user.

Figure A.7: Prompt for generating text for a blog post section when there are selected
paragraphs or bullet points as well as custom bullet points, custom instructions, or
starting text.

188



Figure A.8: Prompt for generating text for a blog post section when there are selected
paragraphs or bullet points but no custom bullet points, custom instructions, or
starting text.

Figure A.9: Prompt for generating text for a blog post section when there are no
selected paragraphs or bullet points, but there are custom bullet points, custom
instructions, or starting text.
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A.2.4 Prompts for Revising Step of Papers-to-Posts

Figure A.10: Prompt for the “expand” modification when there are no custom mod-
ification instructions. The automatic modLength variable for this modification is
“twice the length that it currently is.”
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Figure A.11: Prompt for the “expand” modification when there are custom modifi-
cation instructions but no selected paragraphs or bullet points of which to be aware.
The automatic modLength variable for this modification is “twice the length that it
currently is.”
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Figure A.12: Prompt for the “expand” modification when there are selected para-
graphs or bullet points of which to be aware and custom modification instructions.
The automatic modLength variable for this modification is “twice the length that it
currently is.”
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Figure A.13: Prompt for the “condense” modification when there are selected para-
graphs or bullet points of which to be aware and custom modification instructions.
The automatic modLength variable for this modification is “half the length that it
currently is.” The other prompts for this modification mirror those for “expand.”
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Figure A.14: Prompt for the “simpler terms” modification when there are selected
paragraphs or bullet points of which to be aware and custom modification instruc-
tions. The automatic modLength variable for this modification is “about the same
length that it currently is (no more than 25 words longer or shorter).” The other
prompts for the this modification mirror those for “expand.”
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Figure A.15: Prompt for the “more dramatic” modification when there are selected
paragraphs or bullet points of which to be aware and custom modification instruc-
tions. The automatic modLength variable for this modification is “about the same
length that it currently is (no more than 25 words longer or shorter).” The other
prompts for the this modification mirror those for “expand.”
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Figure A.16: Prompt for the “less dramatic” modification when there are selected
paragraphs or bullet points of which to be aware and custom modification instruc-
tions. The automatic modLength variable for this modification is “about the same
length that it currently is (no more than 25 words longer or shorter).” The other
prompts for the this modification mirror those for “expand.”

A.3 Additional Log Analysis Plots

Figures A.17 and A.18 show additional log analysis plots for the lab study, while

Figure A.19 shows additional log analysis plots for the deployment study.
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Figure A.17: Number of times each input or button related to generating and mod-
ifying text was used by each participant in lab study. From left to right: the act
of generating text, inputs/buttons related to generating text, the act of modifying
text, inputs/buttons related to modifying text.
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(a) (b)

(c)

Figure A.18: Additional plots for lab study.
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(a) (b)

(c)

Figure A.19: Additional plots for deployment study.
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A.4 Lab Study Version of Tool

Figure A.20 shows how the tool looked for the lab study.

(a) (b)

Figure A.20: Papers-to-Posts in the lab study. a) Blog-Post Area, b) Planning-
Support Area, c) Drafting-Support Area, and d) Revising-Support Area.

A.5 Example Baseline Initial Draft

Below is example output from the baseline tool for the paper “ConceptEVA: Concept-

Based Interactive Exploration and Customization of Document Summaries” [192].

Note that this output is for the deployment study version of Papers-to-Posts,

which used automatic paper parsing without manual fixes. This example was gener-

ated in October 2024.
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A.5.1 Introduction

In the realm of academic research, distilling the essence of long, multi-topic docu-

ments into concise summaries is a formidable challenge. This task becomes even

more daunting when considering the diverse backgrounds of readers who may seek

to understand these documents. Traditional summarization techniques, both extrac-

tive and abstractive, often fall short in addressing the nuances of such complex texts.

Recognizing this gap, our research introduces ConceptEVA, a novel system designed

to revolutionize the way we approach the summarization of academic papers. Con-

ceptEVA leverages the latest advancements in natural language processing (NLP) and

artificial intelligence (AI) to offer a mixed-initiative approach, enabling users to gen-

erate, evaluate, and customize summaries tailored to their specific interests. This

system not only promises to enhance the accessibility of academic literature but also

to enrich the reader’s engagement with the material.

A.5.2 Methods

ConceptEVA is built upon a multi-task Longformer Encoder Decoder (LED), fine-

tuned to adeptly handle the summarization of lengthy, multi-domain documents. This

innovative system employs attention mechanisms to efficiently process extensive texts

while maintaining high information fidelity. A key feature of ConceptEVA is its in-

teractive visualization of document concepts, presented as a network that illustrates

semantic relatedness and co-occurrence. Users can interact with this visualization

to select concepts of interest, which ConceptEVA then uses to automatically update

the summary, emphasizing the chosen concepts. Our evaluation of ConceptEVA in-
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volved two iterations: an initial expert review and a subsequent within-subjects study,

comparing ConceptEVA’s performance against manually-generated summaries.

A.5.3 Results

The findings from our study indicate a clear preference among participants for Con-

ceptEVA’s customized summaries over their manually-generated counterparts. Par-

ticipants appreciated the ability to tailor summaries to their interests, resulting in

higher satisfaction levels with the summaries produced by ConceptEVA. However, in-

corporating critique into summaries remained a challenge, highlighting an area for

future improvement. Despite this, the overall response to ConceptEVA was posi-

tive, with users finding the system helpful for exploring and verifying concepts within

documents, especially those outside their domain of expertise.

A.5.4 Conclusion

ConceptEVA represents a significant step forward in the field of document sum-

marization, particularly for academic literature that spans multiple topics and do-

mains. By integrating interactive visual analysis with advanced NLP techniques,

ConceptEVA offers a user-friendly platform for generating, evaluating, and customiz-

ing summaries. This mixed-initiative approach not only improves the summarization

process but also enhances the user’s engagement with the document. While challenges

remain, particularly in integrating critique into summaries, the positive feedback from

our study participants underscores ConceptEVA’s potential as a valuable tool for re-

searchers, educators, and anyone seeking to navigate the complexities of academic
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literature. Future developments will focus on refining ConceptEVA’s capabilities,

further bridging the gap between comprehensive document analysis and user-centric

summarization.

A.6 Example Papers-to-Posts Output

Below is example output from Papers-to-Posts for the paper “ConceptEVA: Concept-

Based Interactive Exploration and Customization of Document Summaries” [192].

Note that this output is for the deployment study version of Papers-to-Posts,

which used automatic paper parsing without manual fixes. These examples were

generated in October 2024.

A.6.1 Initial Draft

Introduction

In the rapidly evolving field of natural language processing and artificial intelligence,

the challenge of effectively summarizing long, complex documents that span multiple

topics remains a significant hurdle. This is particularly true for academic papers,

which often contain dense, multi-disciplinary content that can be difficult to distill

into a concise summary. Traditional methods of extractive summarization, which rely

on pulling key sentences directly from the text, fall short in capturing the nuanced

essence of such documents. The advent of abstractive summarization, which para-

phrases the original text to produce a more human-like summary, offers a promising

solution but is still plagued by challenges, especially when dealing with documents
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that cover a broad range of knowledge domains.

Enter ConceptEVA, a novel mixed-initiative approach designed to tackle the com-

plexities of summarizing long, multi-topic academic documents. By integrating ad-

vanced machine learning techniques with interactive visual analysis, ConceptEVA

allows users to generate, evaluate, and customize summaries in a way that is both

efficient and tailored to their specific interests. This system represents a significant

leap forward in automated text summarization, offering a more dynamic and user-

centric solution to the problem of digesting extensive academic literature.

The significance of ConceptEVA lies not only in its ability to produce concise

summaries of complex documents but also in its interactive nature, which empowers

users to steer the summarization process. This human-in-the-loop approach ensures

that the generated summaries are relevant and valuable to the reader, addressing the

long-standing challenge of creating universally applicable summaries for documents

that traverse multiple domains. As we continue to push the boundaries of what’s

possible in automated text summarization, ConceptEVA stands out as a beacon of

innovation, promising to transform how we engage with and understand academic

literature.

Methods

In developing ConceptEVA, we employed a multi-faceted approach to address the chal-

lenges of summarizing long, multi-topic documents. At the core of ConceptEVA is a

custom multi-task Longformer encoder-decoder, specifically designed for the summa-

rization of extensive documents. This model leverages the power of attention mech-
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anisms from transformers to efficiently manage memory usage while ensuring high

fidelity in information preservation across longer texts. The attention mechanisms

operate at both local and global levels, facilitating a nuanced understanding and pro-

cessing of the document’s content.

To enhance user interaction and customization, ConceptEVA integrates interac-

tive visualizations of document concepts as a network. This visualization reflects

semantic relatedness and co-occurrence, allowing users to focus on and select con-

cepts of interest. These selected concepts can then automatically update the summary

to emphasize them, supported by a "focus-on" function that surfaces and highlights

related concepts. This interactive component is underpinned by a multi-domain on-

tology for concept identification and a force-directed layout for visual representation,

ensuring a user-friendly interface for customizing summaries.

The iterative development of ConceptEVA was informed by an initial survey of

eight research practitioners and underwent two stages of refinement based on expert

reviews and a within-subjects study. This process included fine-tuning a pre-trained

Longformer encoder-decoder for scientific document summarization, incorporating

paraphrasing and semantic sentence embedding techniques, and developing an in-

teractive summary editor to facilitate better human-AI collaboration. Additionally,

we utilized Faiss, a similarity search library for dense vectors, to enhance the sum-

marizer’s context understanding, thereby improving the quality and relevance of the

generated summaries.
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Results

Our study revealed that ConceptEVA significantly enhances user satisfaction with

the summarization process, particularly when compared to manually-generated sum-

maries. Specifically, 8 out of 12 participants preferred the summaries generated using

ConceptEVA’s human-in-the-loop approach over the baseline, indicating a clear pref-

erence for the customized summaries provided by our system. This preference was

especially pronounced among participants reviewing documents outside their domain

of expertise, underscoring ConceptEVA’s utility in helping users explore unfamiliar

topics through efficient and focused summarization.

Moreover, the integration of ConceptEVA’s "focus-on" function, which allows

users to select and emphasize specific concepts of interest, was instrumental in achiev-

ing higher satisfaction levels. This feature not only facilitated a more interactive and

personalized summarization experience but also highlighted the system’s capability to

adapt summaries based on user input. However, it was noted that participants with

less experience in the subject matter found it challenging to incorporate critique, such

as limitations and implications, into their summaries, suggesting an area for further

improvement in guiding users through more nuanced aspects of summarization.

A significant association was found between the summarization approach employed

by ConceptEVA and the summary satisfaction rating, as evidenced by a chi-squared

test of independence. This statistical validation, along with user feedback, underscores

the effectiveness of ConceptEVA in enhancing the summarization process through

mixed-initiative interactions and customized content, paving the way for future de-

velopments in automated text summarization technologies.
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Conclusion

In conclusion, ConceptEVA represents a significant advancement in the field of au-

tomated text summarization, particularly for academic documents. By leveraging

a human-in-the-loop approach, ConceptEVA not only enhances the relevance and

quality of summaries but also fosters a more collaborative interaction between users

and AI. This system’s ability to integrate interactive visual analysis with natural

language processing techniques allows for a more nuanced and customizable summa-

rization process, addressing the critical need for summaries that cater to individual

user interests and requirements. The positive feedback from our user study, especially

regarding the system’s content-specific assistance and the preference for ConceptEVA-

generated summaries over manual efforts, underscores the potential of this approach

to significantly improve how we engage with and digest complex academic literature.

Looking forward, we aim to expand ConceptEVA’s capabilities by testing it on

a broader range of documents and incorporating additional features based on user

feedback. This will include enhancing the system’s flexibility to adapt summaries

more dynamically to user priorities and further refining the AI’s ability to maintain

logical and narrative coherence throughout the summary. By continuing to focus on

the synergy between human expertise and AI efficiency, ConceptEVA is poised to set

new standards in the automation of document summarization, making it an invaluable

tool for researchers, scholars, and anyone looking to efficiently extract insights from

extensive academic writings.
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A.6.2 Initial Draft Bullet Point Selection

Introduction Section’s Selected Bullet Points

• ConceptEVA is a mixed-initiative approach for summarizing long and multi-

topic documents.

• CHI 2023 conference in Hamburg, Germany featured a multi-disciplinary re-

search paper with an auto-generated summary

• Automated text summarization aims to present key concepts in a concise man-

ner and reduce repetition.

• Challenges in abstractive summarization include summarizing long, complex

documents spanning multiple knowledge domains.

• A human-in-the-loop approach is needed for interactive generation of relevant

summaries.

• ConceptEVA integrates visual analysis and NLP for evaluating and customizing

long document summaries.

• ConceptEVA introduces a human-in-the loop, mixed-initiative approach to eval-

uate and customize document summary generation

• Our work focuses on interactively exploring concept focus in generated sum-

maries and emphasizing concepts of interest in academic publications.

• ConceptEVA customizes summaries by updating them with user-selected con-

cepts of interest.
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• ConceptEVA is an interactive document summarization system for long, multi-

domain documents.

Methods Section’s Selected Bullet Points

• It incorporates a custom multi-task longformer encoder decoder for summariz-

ing longer documents.

• Interactive visualizations of document concepts as a network in ConceptEVA

help users focus on concepts of interest

• Attention mechanisms from transformers used at local levels to reduce memory

usage

• ConceptEVA design informed by initial survey of eight research practitioners

and refined through two stages of development and evaluation

• ConceptEVA includes fine-tuning an LED model, identifying concepts using an

ontology, and providing interactive visualization for customization.

• Maintain the user&#x27;s mental map of the original document by preserving

its layout

• We use Faiss to implement the approach, a similarity search library for dense

vectors in large scale.

• Extended ConceptEVA with an interactive summary editor for better human-AI

collaboration
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• We constructed a set of guidelines for participants to follow when generating a

summary manually or using ConceptEVA.

• The second iteration includes a longformer encoder-decoder pre-trained for sci-

entific documents, fine-tuned for paraphrasing and sentence embedding, and

concepts visualized using a force-directed network.

Results Section’s Selected Bullet Points

• Participants&#x27; satisfaction with ConceptEVA customized summaries is

higher than their own manually-generated summary

• ConceptEVA is helpful for examining and verifying ideas

• ConceptEVA is more useful for participants outside their domain of interest

• Inexperienced participants found it difficult to incorporate critique into the sum-

mary

• Text embeddings are pre-computed for each sentence in the source document

and retrieved when users select concepts.

• 8 out of 12 participants rated the summary generated using ConceptEVA&#x27;s

human-in-the-loop approach (task T3) higher than the baseline

• Study used 6 participants to summarize ConceptScope and 6 participants to

summarize BodyVis
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• A significant association was found between summarization approach and sum-

mary satisfaction rating

• Higher rating for human-in-the-loop approach led to more efficient location and

focus on concepts

• Participants preferred summaries created through ConceptEVA&#x27;s human-

in-the-loop approach

Conclusion Section’s Selected Bullet Points

• ConceptEVA is a mixed-initiative system for academic document readers and

writers to generate, evaluate, and customize automated summaries.

• ConceptEVA integrates visual analysis and NLP for evaluating and customizing

long document summaries.

• ConceptEVA&#x27;s approach better exploits human-AI collaboration and it-

eratively improves the summary

• Saliency, fluency, novelty, and coherence are key factors in evaluating auto-

mated summarization techniques

• The technique should be flexible enough to change the summaries based on the

priority of the user.

• Research shows that regular exercise can improve mental health by reducing

symptoms of depression and anxiety.
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• The AI-generated summarization approach prioritizes content over the flow

of the summary, compromising logical and narrative connections between sen-

tences

• Participants examining their own summaries can reveal insights into the effec-

tiveness of the human-in-the-loop approach.

• We will eliminate the limitation by testing ConceptEVA on more diverse papers

in the future

• ConceptEVA was found helpful for content-specific aspects of summarization

A.6.3 Example Modifications

We present modifications of the first sentence in the initial draft, using the preset

modification macros and default settings for the LLM instructions (except we toggled

off “Check if want modified writing to be based on selected paragraphs and bullet

points”).

Original Sentence

In the rapidly evolving field of natural language processing and artificial intelligence,

the challenge of effectively summarizing long, complex documents that span multiple

topics remains a significant hurdle.
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Input Text to be Modified

In the rapidly evolving field of natural language processing and artificial intelligence,

the challenge of effectively summarizing long, complex documents that span multiple

topics remains a significant hurdle.

Expanded Version

In the rapidly evolving field of natural language processing (NLP) and artificial in-

telligence (AI), the challenge of effectively summarizing long, complex documents

that span multiple topics remains a significant hurdle. This is particularly true for

academic papers, which often contain dense, multi-disciplinary content that can be

difficult to distill into a concise summary. Traditional summarization techniques,

which may work well for shorter, single-topic documents, often fall short when ap-

plied to these more complex texts.

Condensed Version

In the fast-paced domains of natural language processing and artificial intelligence,

summarizing lengthy, multi-topic documents is a major challenge.

Simpler-Terms Version

In the fast-changing world of computer programs that understand and use human

language, finding a way to briefly explain long, complicated texts that cover many

subjects is still a big challenge.
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Less Dramatic Version

In the field of natural language processing and artificial intelligence, summarizing

lengthy, multi-topic documents is a notable challenge.

More Dramatic Version

Title: Tackling the Complexity of Summarizing Multi-Topic Documents in AI

In the dynamic world of AI and natural language processing, we’re constantly fac-

ing the tough challenge of summarizing lengthy, intricate documents covering various

topics.
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Appendix B

Scideator

B.1 Prompts for Analogous Paper Facet Finder

B.1.1 Prompt to extract facets from a paper title/abstract.

def promptTextToPurposeMechanism(papers, corpus_ids, text=None):

if text:

prompt = f"""

{text}"""

else:

prompt = f"""

TEXTS:"""

for id in range(0,len(corpus_ids)):

prompt += f"""

Text { id + 1}

Title: {papers[corpus_ids[id]]["title"]}

Abstract: {papers[corpus_ids[id]]["abstract"]}"""

if "introduction" in papers[corpus_ids[id]]:

prompt += f"""

Background: {papers[corpus_ids[id]]["introduction"]}"""

prompt += f"""

INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

Present the purpose, mechanism, and evaluation of each text above.

The purpose is the problem being addressed (e.g., to assist with writing scientific tweetorials,

to answer questions over the scientific literature).↪→

The mechanism is the proposed method to solve the problem (e.g., LLM chain-of-thought reasoning,

AI-supported reverse outlining).↪→

The evaluation is the method used to determine how well the proposed solution solved the problem

(e.g., lab user study, science QA benchmarks).↪→
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Follow the rules below for generating each facet (purpose, mechanism, and evaluation):

1. Specific enough to be helpful in coming up with research ideas.

2. Substantially different from the facets you generate for other texts.

3. Single short phrases only (no more than 7 words). If you cannot write the facet in a short

phrase, it is too specific.↪→

4. No numbers unless they are part of a name (e.g., GPT-4, big 5 personality traits).

5. No acronyms or abbreviations.

6. If the text has more than one of the same type of facet, combine them into one.

7. No referencing the purpose in the evaluation facet.

Examples of bad vs good purposes:

- bad (too specific): to generate creative writing activities for third-grade English lessons

--> good: to support elementary creative writing↪→

- bad (too broad): to support healthcare --> good: to provide clinical decision support

- bad (more than one purpose that are uncombined): to improve engagement between content

creators and audience, to decrease negative effects of social media --> good: to improve

social media creator-audience interaction

↪→

↪→

Examples of bad vs good mechanisms:

- bad (too specific, numbers that aren't part of a name, acronym): LLM chain-of-thought from

gpt-3.5-turbo trained up to 11/06 with temperature=0.7 --> good: LLM chain-of-thought

reasoning

↪→

↪→

- bad (too broad): recommendation system --> good: collaborative filtering

- bad (too broad): human-AI collaboration --> good: human-generative AI co-planning

- bad (too broad): deep learning algorithm --> good: topic modeling

- bad (more than one mechanism that are uncombined): content-based AI explanations, social-based

AI explanations --> good: content-based and social-based AI explanations↪→

Examples of bad vs good evaluations:

- bad (too specific, references the purpose): between-subjects 4x4 user study with 32 teachers

--> good: Wizard of Oz user study↪→

- bad (too broad): questionnaire --> good: NASA-TLX Index

- bad (too broad): qualitative evaluation --> good: semi-structured interviews
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Follow the rules below for generating definitions of each facet.

1. Should be up to 2 sentences.

2. Replace proper nouns with their definitions.

3. Replace jargon with their definitions.

4. Write out acronyms.

5. Should be self-contained. Do NOT include information that is beyond the definition of the

facet.↪→

6. Do NOT reuse the words already in the facet.

Examples of bad vs good definitions:

- facet: longitudinal study.

bad: a study that evaluates the tool Toolio over the course of a year --> good: a study that

takes place over a long period of time extending at least multiple days↪→

- facet: Toolio for creative writing.

bad: Toolio implements SLM for generating creative writing --> good: a mixed-initiative tool

that uses large language models to scaffold the process of writing creative short stories by

implementing the Standard Learning Method

↪→

↪→

- facet: to help users better understand black-box models.

bad: to help users better understand AI-Bot-360 --> good: to help users better understand how AI

models work when their algorithm cannot be fully known↪→

Make sure all information is faithful to the associated text.

It is very important that you follow the answer format provided below!

FORMAT FOR ANSWER:

Text <number>

Purpose: To <verb> <rest of purpose here>

Purpose Definition: <purpose definition here>

Mechanism: <noun phrase mechanism here>

Mechanism Definition: <mechanism definition here>

Evaluation: <noun phrase evaluation here>

Evaluation Definition: <evaluation definition here>

ANSWER:

"""
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return prompt

B.1.2 Prompt to retrieve facets from papers associated with an analo-

gous query.

def promptFacetsFromQueryPapers(papers, corpus_ids, query, type="", query2="", type2=""):

prompt = f"""

TEXTS:"""

for id in range(0,len(corpus_ids)):

prompt += f"""

Text { id + 1}

Title: {papers[corpus_ids[id]]["title"]}

Abstract: {papers[corpus_ids[id]]["abstract"]}"""

if "introduction" in papers[corpus_ids[id]]:

prompt += f"""

Background: {papers[corpus_ids[id]]["introduction"]}"""

prompt += f"""

INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

Present the purpose, mechanism, and evaluation of each text above."""

if type:

prompt += f"""

The {type} should be relevant to but not a copy of the following query: {query}."""

else:

prompt += f"""

The facets should be relevant to but not a copy of the following query: {query}."""

if type2:

prompt += f"""

The {type2} should be relevant to but not a copy of the following query: {query2}."""

prompt += f"""

The purpose is the problem being addressed (e.g., to assist with writing scientific tweetorials,

to answer questions over the scientific literature).↪→
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The mechanism is the proposed method to solve the problem (e.g., chain-of-thought from large

language models, AI-supported reverse outlining).↪→

The evaluation is the method used to determine how well the proposed solution solved the problem

(e.g., lab user study, science QA benchmarks).↪→

Follow the rules below for generating each facet (purpose, mechanism, and evaluation):

1. Specific enough to be helpful in coming up with research ideas.

2. Substantially different from the facets you generate for other texts.

3. Single short phrases only (no more than 7 words). If you cannot write the facet in a short

phrase, it is too specific.↪→

4. No numbers unless they are part of a name (e.g., GPT-4, big 5 personality traits).

5. No acronyms or abbreviations.

6. If the text has more than one of the same type of facet, combine them into one.

7. No referencing the purpose in the evaluation facet."""

if type:

prompt += f"""

6. The {type} should be relevant to but not a copy of the following query: {query}."""

else:

prompt += f"""

6. The facets should be relevant to but not a copy of the following query: {query}."""

if type2:

prompt += f"""

7. The {type2} should be relevant to but not a copy of the following query: {query2}."""

prompt += f"""

Examples of bad vs good purposes:

- bad (too specific): to generate creative writing activities for third-grade English lessons

--> good: to support elementary creative writing↪→

- bad (too broad): to support healthcare --> good: to provide clinical decision support

- bad (more than one purpose that are uncombined): to improve engagement between content

creators and audience, to decrease negative effects of social media --> good: to improve

social media creator-audience interaction

↪→

↪→

Examples of bad vs good mechanisms:
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- bad (too specific, numbers that aren't part of a name, acronym): LLM chain-of-thought from

gpt-3.5-turbo trained up to 11/06 with temperature=0.7 --> good: chain-of-thought from large

language models

↪→

↪→

- bad (too broad): recommendation system --> good: collaborative filtering

- bad (too broad): human-AI collaboration --> good: human-generative AI co-planning

- bad (too broad): deep learning algorithm --> good: topic modeling

- bad (more than one mechanism that are uncombined): content-based AI explanations, social-based

AI explanations --> good: content-based and social-based AI explanations↪→

Examples of bad vs good evaluations:

- bad (too specific, references the purpose): between-subjects 4x4 user study with 32 teachers

--> good: Wizard of Oz user study↪→

- bad (too broad): questionnaire --> good: NASA-TLX Index

- bad (too broad): qualitative evaluation --> good: semi-structured interviews

Follow the rules below for generating definitions of each facet.

1. Should be up to 2 sentences.

2. Replace proper nouns with their definitions.

3. Replace jargon with their definitions.

4. Write out acronyms.

5. Should be self-contained. Do NOT include information that is beyond the definition of the

facet.↪→

6. Do NOT reuse the words already in the facet.

Examples of bad vs good definitions:

- facet: longitudinal study.

bad: a study that evaluates the tool Toolio over the course of a year --> good: a study that

takes place over a long period of time extending at least multiple days↪→

- facet: Toolio for creative writing.

bad: Toolio implements SLM for generating creative writing --> good: a mixed-initiative tool

that uses large language models to scaffold the process of writing creative short stories by

implementing the Standard Learning Method

↪→

↪→

- facet: to help users better understand black-box models.

bad: to help users better understand AI-Bot-360 --> good: to help users better understand how AI

models work when their algorithm cannot be fully known↪→
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Make sure all information is faithful to the associated text.

It is important that you follow the answer format provided below!"""

prompt += f"""

FORMAT FOR ANSWER:

Text <number>

Purpose: To <verb> <rest of purpose here>

Purpose Definition: <purpose definition here>

Mechanism: <noun phrase mechanism here>

Mechanism Definition: <mechanism definition here>

Evaluation: <noun phrase evaluation here>

Evaluation Definition: <evaluation definition here>

ANSWER:

"""

return prompt

B.1.3 Prompt to obtain queries for analogous papers from same topic,

same subarea, and different subarea compared to input paper.

def promptAnalogyQueries(purpose, mechanism, previousQueries, topic, number=1):

prompt = f"""

INITIAL PURPOSE/MECHANISM:

Purpose: {purpose}

Mechanism: {mechanism}"""

if previousQueries != []:

prompt += f"""

PREVIOUS QUERIES:"""

for q in previousQueries:

prompt += f"""

{q}"""

prompt += f"""
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INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with novel and

useful research ideas.↪→

What are some analogous purposes and mechanisms to the initial purpose and mechanism above that

would inspire novel and useful research ideas?"""↪→

if number > 1:

prompt += f"""

Provide {number} analogous purpose/mechanism pairs that are from the same topic of computer

science research, {number} that are from the same subarea but different topics of computer

science research, and {number} that are from different subareas of computer science

research."""

↪→

↪→

↪→

else:

prompt += f"""

Provide one analogous purpose/mechanism pair that is from the same topic of computer science

research, one that is from the same subarea but different topics of computer science

research, and one that is from different subareas of computer science research."""

↪→

↪→

prompt += f"""

The relationship between the initial purpose and mechanism should be very similar to the

relationship between the analogous purpose and mechanism.↪→

Also, provide a query (up to 5 words) for finding research papers relevant to each analogous

purpose/mechanism."""↪→

if previousQueries != []:

prompt += f"""

Make sure you come up with new analogous purposes/mechanisms that are NOT covered by the

previous queries above."""↪→

prompt += f"""

FORMAT FOR ANSWER:

Analogies within same topic of computer science research:

Same Topic: <topic of initial purpose/mechanism and analogous purpose/mechanism here>

[number]. Analogy: {purpose} is to {mechanism} as <analogous purpose here> is to <analogous

mechanism here> because both relationships involve <specific common relationship description

here>.

↪→

↪→

Purpose: <analogous purpose here>
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Mechanism: <analogous mechanism here>

Query for Relevant Research Papers: <query combining analogous purpose and mechanism here>

Analogies within same subarea of computer science research, but across different topics of

computer science research:↪→

Same Subarea: <subarea of initial purpose/mechanism and analogous purpose/mechanism here>

[number]. Different Topic: <topic of analogous purpose/mechanism here>

Analogy: {purpose} is to {mechanism} as <analogous purpose here> is to <analogous mechanism

here> because both relationships involve <specific common relationship description here>.↪→

Purpose: <analogous purpose here>

Mechanism: <analogous mechanism here>

Query for Relevant Research Papers: <query combining analogous purpose and mechanism here>

Analogies across different subareas of computer science research:

[number]. Different Subarea: <different subarea from initial purpose/mechanism here>

Analogy: {purpose} is to {mechanism} as <analogous purpose here> is to <analogous mechanism

here> because both relationships involve <specific common relationship description here>.↪→

Purpose: <analogous purpose here>

Mechanism: <analogous mechanism here>

Query for Relevant Research Papers: <query combining analogous purpose and mechanism here>

ANSWER:

"""

return prompt

B.1.4 Prompt to shorten a query for papers in the event that it is too

long to retrieve 4 relevant papers.

def promptShortenQuery(query):

prompt = f"""

QUERY: {query}

INSTRUCTIONS:
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You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

The query above is too specific to retrieve any research papers.

Please provide a simpler and shorter version of the query to find relevant research papers.

If you must lose some meaning when shortening the query, prioritize the most important

information.↪→

ANSWER:

"""

return prompt

B.1.5 Prompt to summarize input and very near analogous papers to

obtain related works’ summary.
def promptSummarizePapers(facets, papers, corpus_ids):

prompt = f"""

PAPERS:"""

index = 0

for t in corpus_ids:

index += 1

prompt += f"""

Paper {index}:

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

prompt += f"""
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INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

Summarize the prior work above in around 300 words.

Do not summarize individual papers one-by-one. Instead, summarize their contributions as a whole.

That way, you will know what has already been done in research and will not propose similar

ideas.↪→

Instead, you will come up with novel ideas that build upon the designated papers.

ANSWER:

"""

return prompt

B.2 Prompts for Faceted Idea Generator

B.2.1 Prompt to obtain ideas using Initial or No-P-no-M method.

def promptInitialAnalogyIdeas(

topic,

papers,

facets, query,

designated_papers,

analogous_papers,

summary,

paper_background,

set_eval=[],

prior_ideas="",

custom_instructions="",

number=6,

idea_number=2):

prompt = f"""

INSTRUCTIONS:
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You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

First, read the summary of prior work and the papers below.

That way, you will know what has already been done in related research."""

if prior_ideas:

prompt += f"""

Next, read your prior ideas below in order to make sure you do not generate similar ideas to

those that you have already proposed."""↪→

if number:

prompt += f"""

Next, come up with {number} different analogies between the purpose/mechanism of a designated

paper and the purpose/mechanism of an analogous paper."""↪→

else:

prompt += f"""

Next, write down all {len(designated_papers)*len(analogous_papers)} possible analogies between

the purpose/mechanism of a designated paper and the purpose/mechanism of an analogous

paper."""

↪→

↪→

prompt += f"""

Example Analogy: The purpose "to expand exploration of creative design spaces" is to the

mechanism "structured generation framework" as the purpose "to enhance personalized

mathematics learning" is to the mechanism "guiding and adaptive prompts" because both

relationships involve providing flexible yet structured experiences in order to support

personalized and useful knowledge acquisition.

↪→

↪→

↪→

↪→

Also, come up with one short research idea associated with each analogy. Some should combine the

designated paper's purpose with the analogous paper's mechanism, and others should combine

the analogous paper's purpose with the designated paper's mechanism.

↪→

↪→

Next, select the {idea_number} best analogies that inspire research ideas that meet the idea

requirements below."""↪→

if set_eval:

prompt += f"""
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Finally, for one analogy, create a research idea that combines the purpose from the analogous

paper, the mechanism from the designated paper, and one of the evaluation options below in

an imaginative and smart manner.

↪→

↪→

For the other analogy, create a research idea that combines the purpose from the designated

paper, the mechanism from the analogous paper, and one of the evaluation options below in an

imaginative and smart manner."""

↪→

↪→

else:

prompt += f"""

Finally, for one analogy, create a research idea that combines the purpose from the analogous

paper, the mechanism from the designated paper, and the evaluation from either paper in an

imaginative and smart manner.

↪→

↪→

For the other analogy, create a research idea that combines the purpose from the designated

paper, the mechanism from the analogous paper, and the evaluation from either paper in an

imaginative and smart manner."""

↪→

↪→

prompt += f"""

SUMMARY OF PRIOR WORK:

{summary}"""

if prior_ideas:

prompt += f"""

PRIOR IDEAS:

{prior_ideas}"""

prompt += f"""

DESIGNATED PAPERS:"""

index = 0

for t in designated_papers:

index += 1

prompt += f"""

Paper {index}:

Title: {papers[t]["title"]}
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Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

if query:

prompt += f"""

ANALOGOUS PAPERS RELATED TO {query}:"""

else:

prompt += f"""

ANALOGOUS PAPERS:"""

index = 0

for t in analogous_papers:

index += 1

prompt += f"""

Paper {index}:"""

if papers[t]["relevantQuery"] != "none":

prompt += f"""

Theme: {papers[t]["relevantQuery"]}"""

prompt += f"""

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

228



if "relatedWork" in papers[t]:

if papers[t]["relatedWork"]:

prompt += f"""

Related Work: {papers[t]["relatedWork"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

if set_eval:

prompt += f"""

EVALUATION OPTIONS:"""

ind = 0

for eval in set_eval:

prompt += f"""

{ind}. Evaluation Text: {eval[1]}

Evaluation ID: {eval[2]}"""

ind += 1

prompt += f"""

FACET REQUIREMENTS:

The purpose/mechanism/evaluation IDs should be written VERBATIM from what is provided.

Do NOT make up facet IDs that are not explicitly given above.

IDEA REQUIREMENTS:

1. Understandability::

1a. Each idea should be logical.

1b. Each idea should be grammatically correct.
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1c. Each idea should be self-contained and should not require researchers to have read the

provided papers. For example, saying "Use Tool X" is not self-contained because the

researcher might not have read the relevant paper to know what Tool X is. Instead, you could

say "Use a tool to do Y."

↪→

↪→

↪→

1d. If an aspect of the idea may not be familiar to someone studying computer science broadly,

make sure the idea describes the aspect enough for them to understand it.↪→

2. Relevance::

2a. Each idea should be at least somewhat relevant to the overarching ideation topic: {topic}.

This means you may or may not have to adjust the purpose to be relevant to the ideation

topic. For example, if the purpose is "to support human-AI creativity" and the topic is

"scientific idea generation", then the purpose is relevant enough to the topic and does NOT

need to be adjusted. On the other hand, if the selected purpose is "to support bird

identification" and the topic is "scientific idea generation", you might adjust the purpose

to "to support scientific idea identification" or "to support identifying different types of

scientific ideas." That said, it is important to keep as much of the purpose's meaning as

possible if/when adjusting it to be relevant to the ideation topic.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2b. Ideas should NOT refer to analogies.

3. Specificity::

3a. Each idea should be described in 100 to 150 words (expanded version 200 to 250 words). 90%

of the idea should focus on describing how the mechanism will be used to address the purpose

in a novel manner.

↪→

↪→

3b. Each idea should be as specific as possible given the word limit.

3c. Each idea should be focused and precise. For example, if the idea involves a visualization

feature, describe WHAT kind of visualization it is and HOW it will be used.↪→

3d. Each idea should be specific such that the reader understands how the idea would be

implemented and what direction it would take.↪→
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3e. Each idea should be very specific in describing HOW the mechanism will be implemented to

address the purpose in a novel manner. For instance, an idea saying to 'apply a faceted

representation to clinical data, creating a multidimensional profile of each patient,

integrating medical history, genetic information, lifestyle factors, and current health

data' is not novel because prior work has already looked into creating multidimensional

patient profiles. If the idea provided a more specific, imaginative description of HOW to

create the multidimensional profiles and HOW to apply it to clinical decision-making, then

it could be novel.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3f. Each idea should be specific enough that it is significantly different from your prior ideas.

4. Feasibility::

4a. A research lab with moderate resources should be able to carry out each idea.

4b. Each idea should make sense scientifically and be grounded in the summary of prior work and

papers noted below.↪→

4c. Each idea's purpose and mechanism should work well together. If necessary, adapt the purpose

or mechanism to work well with the other. For example, if the overarching ideation topic is

"scientific ideation", the purpose is "to support culinary ideation", and the mechanism is

"scientific research graphs", you might adjust the purpose to "to support scientific

ideation." Meanwhile, if the overarching ideation topic is "culinary ideation", the purpose

is "to support culinary ideation", and the mechanism is "scientific research graphs", you

might adjust the mechanism to "culinary recipe graphs." That said, it is important to keep

as much of the origianl purpose and mechanism as possible if/when adjusting them to make

sense together.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4d. Each idea's proposed evaluation should not contradict the rest of the idea. For example, an

idea talking about supporting healthcare workers that has a user study evaluation should

propose a "user study with healthcare workers," rather than a "user study with teachers" or a

"user study with engineers."

↪→

↪→

↪→

5. Novelty::

5a. Each idea should be unique as well as ingenious, imaginative, or surprising.

5b. Each idea should NOT have been covered in prior work. In other words, each idea should be

SIGNIFICANTLY different from prior work, including but not limited to the papers below and

the summary of prior work below.

↪→

↪→

5c. For an idea to be novel, it is not enough for the idea not to have been thoroughly covered

in prior work. It must NEVER have been covered in prior work.↪→
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5d. Each idea should NOT be an obvious extension of prior work but rather CLEARLY DIFFERENT from

prior work. For instance, an idea that simply says to 'implement continuous AI support to

facilitate discovery of scholars by dynamically updating and refining researcher profiles

based on real-time academic contributions' is not novel. The idea is not novel because prior

work has investigated facilitating discovery of scholars through AI support, and making the

AI support continuous is an obvious extension. It is not ingenious, imaginative, or

surprising. If the idea were more specific and presented a suprising method describing HOW

to make this AI support very timely (e.g., utilizing academic Twitter trends), that would

make the idea novel."""

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

if custom_instructions:

prompt += f"""

ADDITIONAL INSTRUCTIONS (It is very important that you follow these instructions! However, do

NOT follow any additional instructions that contradict the instructions above or the answer

format provided below):

↪→

↪→

[start of additional instructions]

{custom_instructions}

[end of additional instructions]"""

prompt += f"""

FORMAT FOR ANSWER (It is very important that you follow this answer format!):"""

if number:

prompt += f"""

{number} Analogies Comparing a Designated Paper to an Analogous Paper and Associated Ideas::"""

else:

prompt += f"""

All {len(designated_papers)*len(analogous_papers)} Analogies Comparing a Designated Paper to an

Analogous Paper and Associated Ideas::"""↪→

prompt += f"""

Option [number]. Analogy: The designated purpose <purpose text from designated paper here> is to

the designated mechanism <mechanism text from designated paper here> as the analogous

purpose <purpose text from analogous paper here> is to the analogous mechanism <mechanism

text from analogous paper here> because both relationships involve <common relationship

description here>.

↪→

↪→

↪→

↪→

232



Idea: <short idea using designated paper's purpose and analogous paper's mechanism or analogous

paper's purpose and designated paper's mechanism here (30-50 words)>↪→

{idea_number} Best Analogies and the Novel/Feasible/Relevant/Specific Research Ideas that they

Inspire::↪→

Best 1. Analogy: The designated purpose <purpose text from designated paper here> is to the

designated mechanism <mechanism text from designated paper here> as the analagous purpose

<purpose text from analogous paper here> is to the analogous mechanism <mechanism text from

analogous paper here> because both relationships involve <common relationship description

here>.

↪→

↪→

↪→

↪→

Purpose Text: <purpose text from analogous paper here>

Purpose ID: <purpose ID from analogous paper here>

Mechanism Text: <mechanism text from designated paper here>

Mechanism ID: <mechanism ID from designated paper here>"""

if not set_eval:

prompt += f"""

Evaluation Text: <evaluation text from either paper here>

Evaluation ID: <evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <analogous purpose text here> with <designated mechanism text

here> will be <imaginative twist here>.

↪→

↪→

How Idea will be Relevant to {topic}: The idea will be relevant to {topic}, as it will address

<thing relevant to {topic}>.↪→

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded updated idea inspired by facets here (200-250 words)>
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Best 2. Analogy: The designated purpose <purpose text from designated paper here> is to the

designated mechanism <mechanism text from designated paper here> as the analagous purpose

<purpose text from analogous paper here> is to the analogous mechanism <mechanism text from

analogous paper here> because both relationships involve <common relationship description

here>.

↪→

↪→

↪→

↪→

Purpose Text: <purpose text from designated paper here>

Purpose ID: <purpose ID from designated paper here>

Mechanism Text: <mechanism text from analogous paper here>

Mechanism ID: <mechanism ID from analogous paper here>"""

if not set_eval:

prompt += f"""

Evaluation Text: <evaluation text from either paper here>

Evaluation ID: <evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <designated purpose text here> with <analogous mechanism text

here> will be <imaginative twist here>.

↪→

↪→

How Idea will be Relevant to {topic}: The idea will be relevant to {topic}, as it will address

<thing relevant to {topic}>.↪→

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded updated idea inspired by facets here (200-250 words)>

ANSWER:

"""

return prompt
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B.2.2 Prompt to obtain ideas using P-or-M method.

def promptFillAnalogyIdeas(

papers,

facets,

summary,

designated_papers,

analogous_papers,

relevant_purposes,

relevant_facets_by_paper,

topic,

paper_background,

set_eval=[],

prior_ideas="",

custom_instructions="",

number=6,

idea_number=2

):

prompt = f"""

INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

First, read the summary of prior work and the papers below.

That way, you will know what has already been done in related research."""

if prior_ideas:

prompt += f"""

Next, read your prior ideas below in order to make sure you do not generate similar ideas to

those that you have already proposed."""↪→

if number:

prompt += f"""

Next, come up with {number} different analogies between the purpose/mechanism of a set-1 paper

below and the purpose/mechanism of a set-2 paper below."""↪→

else:
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prompt += f"""

Next, write down all {len(designated_papers)*len(analogous_papers)} possible analogies between

the purpose/mechanism of a set-1 paper and the purpose/mechanism of a set-2 paper."""↪→

prompt += f"""

If a set-1 paper does not have a purpose or mechanism, create an appropriate one for the sake of

the analogy.↪→

If possible, the paper from which the purpose comes must have a different distance than the

paper from which the mechanism comes.↪→

Example Analogy: The purpose "to expand exploration of creative design spaces" is to the

mechanism "structured generation framework" as the purpose "to enhance personalized

mathematics learning" is to the mechanism "guiding and adaptive prompts" because both

relationships involve providing flexible yet structured experiences in order to support

personalized and useful knowledge acquisition.

↪→

↪→

↪→

↪→

Also, come up with a short research idea based on each analogy that combines the purpose from

one paper with the mechanism from the other paper.↪→

Next, select the {idea_number} best analogies that inspire research ideas that meet the idea

requirements below.↪→

"""

if relevant_purposes:

if set_eval:

prompt += f"""

Finally, for each analogy, create a research idea that combines the purpose from the set-1 paper

with the mechanism from the set-2 paper, and one of the evaluation options below in an

imaginative and smart manner."""

↪→

↪→

else:

prompt += f"""

Finally, for each analogy, create a research idea that combines the purpose from the set-1

paper, the mechanism from the set-2 paper, and the evaluation from one of those two papers

in an imaginative and smart manner."""

↪→

↪→

else:

if set_eval:

prompt += f"""
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Finally, for each analogy, create a research idea that combines the mechanism from the set-1

paper, the purpose from the set-2 paper, and one of the evaluation options below in an

imaginative and smart manner."""

↪→

↪→

else:

prompt += f"""

Finally, for each analogy, create a research idea that combines the mechanism from the set-1

paper, the purpose from the set-2 paper, and the evaluation from one of those two papers in

an imaginative and smart manner."""

↪→

↪→

prompt += f"""

SUMMARY OF PRIOR WORK:

{summary}"""

if prior_ideas:

prompt += f"""

PRIOR IDEAS:

{prior_ideas}"""

prompt += f"""

SET-1 PAPERS:"""

index = 0

for t in designated_papers:

index += 1

prompt += f"""

Paper {index}:"""

if t in papers:

prompt += f"""

Distance: {papers[t]["distance"]}

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

if "relatedWork" in papers[t]:
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if papers[t]["relatedWork"]:

prompt += f"""

Related Work: {papers[t]["relatedWork"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

else:

prompt += f"""

Distance: input

Title: n/a

Abstract: n/a"""

if relevant_purposes:

prompt += f"""

Purpose Text: {relevant_facets_by_paper[t][0]["text"]}

Purpose ID: {relevant_facets_by_paper[t][0]["id"]}

Mechanism Text: <any relevant mechanism to the purpose>

Mechanism ID: n/a

Evaluation Text: n/a

Evaluation ID: n/a"""

else:

prompt += f"""

Purpose Text: <any relevant purpose to the mechanism>

Purpose ID: n/a

Mechanism Text: {relevant_facets_by_paper[t][0]["text"]}

Mechanism ID: {relevant_facets_by_paper[t][0]["id"]}

Evaluation Text: n/a

Evaluation ID: n/a"""

prompt += f"""
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SET-2 PAPERS:"""

index = 0

for t in analogous_papers:

index += 1

prompt += f"""

Paper {index}:

Distance: {papers[t]["distance"]}"""

if papers[t]["relevantQuery"] != "none":

prompt += f"""

Theme: {papers[t]["relevantQuery"]}"""

prompt += f"""

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

if "relatedWork" in papers[t]:

if papers[t]["relatedWork"]:

prompt += f"""

Related Work: {papers[t]["relatedWork"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

if set_eval:

prompt += f"""

EVALUATION OPTIONS:"""

ind = 0

for eval in set_eval:
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prompt += f"""

{ind}. Evaluation Text: {eval[1]}

Evaluation ID: {eval[2]}"""

ind += 1

prompt += f"""

FACET REQUIREMENTS:

The purpose/mechanism/evaluation IDs should be written VERBATIM from what is provided.

Do NOT make up facet IDs that are not explicitly given above.

IDEA REQUIREMENTS:

1. Understandability::

1a. Each idea should be logical.

1b. Each idea should be grammatically correct.

1c. Each idea should be self-contained and should not require researchers to have read the

provided papers. For example, saying "Use Tool X" is not self-contained because the

researcher might not have read the relevant paper to know what Tool X is. Instead, you could

say "Use a tool to do Y."

↪→

↪→

↪→

1d. If an aspect of the idea may not be familiar to someone studying computer science broadly,

make sure the idea describes the aspect enough for them to understand it.↪→

2. Relevance::

2a. Each idea should be at least somewhat relevant to the overarching ideation topic: {topic}.

This means you may or may not have to adjust the purpose to be relevant to the ideation

topic. For example, if the purpose is "to support human-AI creativity" and the topic is

"scientific idea generation", then the purpose is relevant enough to the topic and does NOT

need to be adjusted. On the other hand, if the selected purpose is "to support bird

identification" and the topic is "scientific idea generation", you might adjust the purpose

to "to support scientific idea identification" or "to support identifying different types of

scientific ideas." That said, it is important to keep as much of the purpose's meaning as

possible if/when adjusting it to be relevant to the ideation topic.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2b. Ideas should NOT refer to analogies.

3. Specificity::
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3a. Each idea should be described in 100 to 150 words (expanded version 200 to 250 words). 90%

of the idea should focus on describing how the mechanism will be used to address the purpose

in a novel manner.

↪→

↪→

3b. Each idea should be as specific as possible given the word limit.

3c. Each idea should be focused and precise. For example, if the idea involves a visualization

feature, describe WHAT kind of visualization it is and HOW it will be used.↪→

3d. Each idea should be specific such that the reader understands how the idea would be

implemented and what direction it would take.↪→

3e. Each idea should be very specific in describing HOW the mechanism will be implemented to

address the purpose in a novel manner. For instance, an idea saying to 'apply a faceted

representation to clinical data, creating a multidimensional profile of each patient,

integrating medical history, genetic information, lifestyle factors, and current health

data' is not novel because prior work has already looked into creating multidimensional

patient profiles. If the idea provided a more specific, imaginative description of HOW to

create the multidimensional profiles and HOW to apply it to clinical decision-making, then

it could be novel.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3f. Each idea should be specific enough that it is significantly different from your prior ideas.

4. Feasibility::

4a. A research lab with moderate resources should be able to carry out each idea.

4b. Each idea should make sense scientifically and be grounded in the summary of prior work and

papers noted below.↪→

4c. Each idea's purpose and mechanism should work well together. If necessary, adapt the purpose

or mechanism to work well with the other. For example, if the overarching ideation topic is

"scientific ideation", the purpose is "to support culinary ideation", and the mechanism is

"scientific research graphs", you might adjust the purpose to "to support scientific

ideation." Meanwhile, if the overarching ideation topic is "culinary ideation", the purpose

is "to support culinary ideation", and the mechanism is "scientific research graphs", you

might adjust the mechanism to "culinary recipe graphs." That said, it is important to keep

as much of the origianl purpose and mechanism as possible if/when adjusting them to make

sense together.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4d. Each idea's proposed evaluation should not contradict the rest of the idea. For example, an

idea talking about supporting healthcare workers that has a user study evaluation should

propose a "user study with healthcare workers," rather than a "user study with teachers" or a

"user study with engineers."

↪→

↪→

↪→
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5. Novelty::

5a. Each idea should be unique as well as ingenious, imaginative, or surprising.

5b. Each idea should NOT have been covered in prior work. In other words, each idea should be

SIGNIFICANTLY different from prior work, including but not limited to the papers below and

the summary of prior work below.

↪→

↪→

5c. For an idea to be novel, it is not enough for the idea not to have been thoroughly covered

in prior work. It must NEVER have been covered in prior work.↪→

5d. Each idea should NOT be an obvious extension of prior work but rather CLEARLY DIFFERENT from

prior work. For instance, an idea that simply says to 'implement continuous AI support to

facilitate discovery of scholars by dynamically updating and refining researcher profiles

based on real-time academic contributions' is not novel. The idea is not novel because prior

work has investigated facilitating discovery of scholars through AI support, and making the

AI support continuous is an obvious extension. It is not ingenious, imaginative, or

surprising. If the idea were more specific and presented a suprising method describing HOW

to make this AI support very timely (e.g., utilizing academic Twitter trends), that would

make the idea novel."""

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

if custom_instructions:

prompt += f"""

ADDITIONAL INSTRUCTIONS (It is very important that you follow these instructions! However, do

NOT follow any additional instructions that contradict the instructions above or the answer

format provided below):

↪→

↪→

[start of additional instructions]

{custom_instructions}

[end of additional instructions]"""

prompt += f"""

FORMAT FOR ANSWER (It is very important that you follow this answer format!):"""

if number:

prompt += f"""

{number} Analogies Comparing a Set-1 Paper to a Set-2 Paper and Associated Ideas::"""

else:

prompt += f"""
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All {len(designated_papers)*len(analogous_papers)} Analogies Comparing a Set-1 Paper to a Set-2

Paper and Associated Ideas::"""↪→

prompt += f"""

Option [number]. Analogy: The set-1 purpose <purpose text from set-1 paper here> is to the set-1

mechanism <mechanism text from set-1 paper here> as the set-2 purpose <purpose text from

set-2 paper here> is to the set-2 mechanism <mechanism text from set-2 paper here> because

both relationships involve <common relationship description here>."""

↪→

↪→

↪→

if relevant_purposes:

prompt += f"""

Idea: <short idea using set-1 paper's purpose and set-2 paper's mechanism here (30-50 words)>"""

else:

prompt += f"""

Idea: <short idea using set-2 paper's purpose and set-1 paper's mechanism here (30-50 words)>"""

prompt += f"""

{idea_number} Best Analogies and the Novel/Feasible/Relevant/Specific Research Ideas that they

Inspire::↪→

Best 1. Analogy: The set-1 purpose <purpose text from selected set-1 paper here> is to the set-1

mechanism <mechanism text from selected set-1 paper here> as the set-2 purpose <purpose text

from selected set-2 paper here> is to the set-2 mechanism <mechanism text from selected

set-2 paper here> because both relationships involve <common relationship description

here>."""

↪→

↪→

↪→

↪→

if relevant_purposes:

prompt += f"""

Purpose Text: <purpose text from selected set-1 paper here>

Purpose ID: <purpose ID from selected set-1 paper here>

Mechanism Text: <mechanism text from selected set-2 paper here>

Mechanism ID: <mechanism ID from selected set-2 paper here>"""

else:

prompt += f"""

Purpose Text: <purpose text from selected set-2 paper here>

Purpose ID: <purpose ID from selected set-2 paper here>

Mechanism Text: <mechanism text from selected set-1 paper here>

Mechanism ID: <mechanism ID from selected set-1 paper here>"""

if not set_eval:
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prompt += f"""

Evaluation Text: <text of selected evaluation from either paper here>

Evaluation ID: <selected evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

if relevant_purposes:

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-1 purpose text here> with <set-2 mechanism text here> will

be <imaginative twist here>."""

↪→

↪→

else:

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-2 purpose text here> with <set-1 mechanism text here> will

be <imaginative twist here>."""

↪→

↪→

prompt += f"""

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded idea inspired by facets here (200-250 words)>

Best 2. Analogy: The set-1 purpose <purpose text from selected set-1 paper here> is to the set-1

mechanism <mechanism text from selected set-1 paper here> as the set-2 purpose <purpose text

from selected set-2 paper here> is to the set-2 mechanism <mechanism text from selected

set-2 paper here> because both relationships involve <common relationship description

here>."""

↪→

↪→

↪→

↪→

if relevant_purposes:

prompt += f"""

Purpose Text: <purpose text from selected set-1 paper here>

Purpose ID: <purpose ID from selected set-1 paper here>

Mechanism Text: <mechanism text from selected set-2 paper here>
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Mechanism ID: <mechanism ID from selected set-2 paper here>"""

else:

prompt += f"""

Purpose Text: <purpose text from selected set-2 paper here>

Purpose ID: <purpose ID from selected set-2 paper here>

Mechanism Text: <mechanism text from selected set-1 paper here>

Mechanism ID: <mechanism ID from selected set-1 paper here>"""

if not set_eval:

prompt += f"""

Evaluation Text: <text of selected evaluation from either paper here>

Evaluation ID: <selected evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

if relevant_purposes:

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-1 purpose text here> with <set-2 mechanism text here> will

be <imaginative twist here>."""

↪→

↪→

else:

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-2 purpose text here> with <set-1 mechanism text here> will

be <imaginative twist here>."""

↪→

↪→

prompt += f"""

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded idea inspired by facets here (200-250 words)>

ANSWER:

"""
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return prompt

B.2.3 Prompt to obtain ideas using P-and-M method.

def promptFacetsToIdeas(

topic,

summary,

papers,

designated_papers,

analogous_papers,

relevant_facets_by_paper,

facets,

paper_background,

set_eval=[],

prior_ideas="",

custom_instructions="",

number=6,

idea_number=2):

prompt = f"""

INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

First, read the summary of prior work and the papers below.

That way, you will know what has already been done in related research."""

if prior_ideas:

prompt += f"""

Next, read your prior ideas below in order to make sure you do not generate similar ideas to

those that you have already proposed."""↪→

if number:

prompt += f"""

Next, come up with {number} different analogies between the purpose/mechanism of a set-1 paper

below and the purpose/mechanism of a set-2 paper below."""↪→
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else:

prompt += f"""

Next, write down all {len(designated_papers)*len(analogous_papers)} possible analogies between

the purpose/mechanism of a set-1 paper and the purpose/mechanism of a set-2 paper."""↪→

prompt += f"""

If a paper does not have a purpose or mechanism, create an appropriate one for the sake of the

analogy.↪→

If possible, the paper from which the purpose comes must have a different distance than the

paper from which the mechanism comes.↪→

Example Analogy: The purpose "to expand exploration of creative design spaces" is to the

mechanism "structured generation framework" as the purpose "to enhance personalized

mathematics learning" is to the mechanism "guiding and adaptive prompts" because both

relationships involve providing flexible yet structured experiences in order to support

personalized and useful knowledge acquisition.

↪→

↪→

↪→

↪→

Also, come up with a short research idea based on each analogy that combines the set-1 paper's

purpose with the set-2 paper's mechanism.↪→

Next, select the {idea_number} best analogies that inspire research ideas that meet the idea

requirements below.↪→

"""

if set_eval:

prompt += f"""

Finally, for each analogy, create a research idea that combines the purpose from a set-1 paper,

the mechanism from a set-2 paper, and one of the evaluation options below in an imaginative

and smart manner."""

↪→

↪→

else:

prompt += f"""

Finally, for each analogy, create a research idea that combines the purpose from a set-1 paper,

the mechanism from a set-2 paper, and the evaluation from one of those two papers in an

imaginative and smart manner."""

↪→

↪→

prompt += f"""

SUMMARY OF PRIOR WORK:
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{summary}"""

if prior_ideas:

prompt += f"""

PRIOR IDEAS:

{prior_ideas}"""

prompt += f"""

SET-1 PAPERS:"""

index = 0

for t in designated_papers:

index += 1

prompt += f"""

Paper {index}:"""

if t in papers:

prompt += f"""

Distance: {papers[t]["distance"]}

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

if "relatedWork" in papers[t]:

if papers[t]["relatedWork"]:

prompt += f"""

Related Work: {papers[t]["relatedWork"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}

Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}
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Evaluation ID: {papers[t]["evaluation"]}"""

else:

prompt += f"""

Distance: input

Title: n/a

Abstract: n/a

Purpose Text: {relevant_facets_by_paper[t][0]["text"]}

Purpose ID: {relevant_facets_by_paper[t][0]["id"]}

Mechanism Text: <any relevant mechanism to the purpose>

Mechanism ID: n/a

Evaluation Text: n/a

Evaluation ID: n/a"""

prompt += f"""

SET-2 PAPERS:"""

index = 0

for t in analogous_papers:

index += 1

prompt += f"""

Paper {index}:"""

if t in papers:

prompt += f"""

Distance: {papers[t]["distance"]}

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if paper_background and "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

if "relatedWork" in papers[t]:

if papers[t]["relatedWork"]:

prompt += f"""

Related Work: {papers[t]["relatedWork"]}"""

prompt += f"""

Purpose Text: {facets[papers[t]["purpose"]]["text"]}

Purpose ID: {papers[t]["purpose"]}
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Mechanism Text: {facets[papers[t]["mechanism"]]["text"]}

Mechanism ID: {papers[t]["mechanism"]}"""

if not set_eval:

prompt += f"""

Evaluation Text: {facets[papers[t]["evaluation"]]["text"]}

Evaluation ID: {papers[t]["evaluation"]}"""

else:

prompt += f"""

Distance: input

Title: n/a

Abstract: n/a

Purpose Text: <any relevant purpose to the mechanism>

Purpose ID: n/a

Mechanism Text: {relevant_facets_by_paper[t][0]["text"]}

Mechanism ID: {relevant_facets_by_paper[t][0]["id"]}

Evaluation Text: n/a

Evaluation ID: n/a"""

if set_eval:

prompt += f"""

EVALUATION OPTIONS:"""

ind = 0

for eval in set_eval:

prompt += f"""

{ind}. Evaluation Text: {eval[1]}

Evaluation ID: {eval[2]}"""

ind += 1

prompt += f"""

FACET REQUIREMENTS:

The purpose/mechanism/evaluation IDs should be written VERBATIM from what is provided.

Do NOT make up facet IDs that are not explicitly given above.

IDEA REQUIREMENTS:

1. Understandability::
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1a. Each idea should be logical.

1b. Each idea should be grammatically correct.

1c. Each idea should be self-contained and should not require researchers to have read the

provided papers. For example, saying "Use Tool X" is not self-contained because the

researcher might not have read the relevant paper to know what Tool X is. Instead, you could

say "Use a tool to do Y."

↪→

↪→

↪→

1d. If an aspect of the idea may not be familiar to someone studying computer science broadly,

make sure the idea describes the aspect enough for them to understand it.↪→

2. Relevance::

2a. Each idea should be at least somewhat relevant to the overarching ideation topic: {topic}.

This means you may or may not have to adjust the purpose to be relevant to the ideation

topic. For example, if the purpose is "to support human-AI creativity" and the topic is

"scientific idea generation", then the purpose is relevant enough to the topic and does NOT

need to be adjusted. On the other hand, if the selected purpose is "to support bird

identification" and the topic is "scientific idea generation", you might adjust the purpose

to "to support scientific idea identification" or "to support identifying different types of

scientific ideas." That said, it is important to keep as much of the purpose's meaning as

possible if/when adjusting it to be relevant to the ideation topic.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2b. Ideas should NOT refer to analogies.

3. Specificity::

3a. Each idea should be described in 100 to 150 words (expanded version 200 to 250 words). 90%

of the idea should focus on describing how the mechanism will be used to address the purpose

in a novel manner.

↪→

↪→

3b. Each idea should be as specific as possible given the word limit.

3c. Each idea should be focused and precise. For example, if the idea involves a visualization

feature, describe WHAT kind of visualization it is and HOW it will be used.↪→

3d. Each idea should be specific such that the reader understands how the idea would be

implemented and what direction it would take.↪→
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3e. Each idea should be very specific in describing HOW the mechanism will be implemented to

address the purpose in a novel manner. For instance, an idea saying to 'apply a faceted

representation to clinical data, creating a multidimensional profile of each patient,

integrating medical history, genetic information, lifestyle factors, and current health

data' is not novel because prior work has already looked into creating multidimensional

patient profiles. If the idea provided a more specific, imaginative description of HOW to

create the multidimensional profiles and HOW to apply it to clinical decision-making, then

it could be novel.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3f. Each idea should be specific enough that it is significantly different from your prior ideas.

4. Feasibility::

4a. A research lab with moderate resources should be able to carry out each idea.

4b. Each idea should make sense scientifically and be grounded in the summary of prior work and

papers noted below.↪→

4c. Each idea's purpose and mechanism should work well together. If necessary, adapt the purpose

or mechanism to work well with the other. For example, if the overarching ideation topic is

"scientific ideation", the purpose is "to support culinary ideation", and the mechanism is

"scientific research graphs", you might adjust the purpose to "to support scientific

ideation." Meanwhile, if the overarching ideation topic is "culinary ideation", the purpose

is "to support culinary ideation", and the mechanism is "scientific research graphs", you

might adjust the mechanism to "culinary recipe graphs." That said, it is important to keep

as much of the origianl purpose and mechanism as possible if/when adjusting them to make

sense together.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4d. Each idea's proposed evaluation should not contradict the rest of the idea. For example, an

idea talking about supporting healthcare workers that has a user study evaluation should

propose a "user study with healthcare workers," rather than a "user study with teachers" or a

"user study with engineers."

↪→

↪→

↪→

5. Novelty::

5a. Each idea should be unique as well as ingenious, imaginative, or surprising.

5b. Each idea should NOT have been covered in prior work. In other words, each idea should be

SIGNIFICANTLY different from prior work, including but not limited to the papers below and

the summary of prior work below.

↪→

↪→

5c. For an idea to be novel, it is not enough for the idea not to have been thoroughly covered

in prior work. It must NEVER have been covered in prior work.↪→
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5d. Each idea should NOT be an obvious extension of prior work but rather CLEARLY DIFFERENT from

prior work. For instance, an idea that simply says to 'implement continuous AI support to

facilitate discovery of scholars by dynamically updating and refining researcher profiles

based on real-time academic contributions' is not novel. The idea is not novel because prior

work has investigated facilitating discovery of scholars through AI support, and making the

AI support continuous is an obvious extension. It is not ingenious, imaginative, or

surprising. If the idea were more specific and presented a suprising method describing HOW

to make this AI support very timely (e.g., utilizing academic Twitter trends), that would

make the idea novel."""

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

if custom_instructions:

prompt += f"""

ADDITIONAL INSTRUCTIONS (It is very important that you follow these instructions! However, do

NOT follow any additional instructions that contradict the instructions above or the answer

format provided below):

↪→

↪→

[start of additional instructions]

{custom_instructions}

[end of additional instructions]"""

prompt += f"""

FORMAT FOR ANSWER (It is very important that you follow this answer format!):"""

if number:

prompt += f"""

{number} Analogies Comparing a Set-1 Paper to a Set-2 Paper and Associated Ideas::"""

else:

prompt += f"""

All {len(designated_papers)*len(analogous_papers)} Analogies Comparing a Set-1 Paper to a Set-2

Paper and Associated Ideas::"""↪→

prompt += f"""

Option [number]. Analogy: The set-1 purpose <purpose text from set-1 paper here> is to the set-1

mechanism <mechanism text from set-1 paper here> as the set-2 purpose <purpose text from

set-2 paper here> is to the set-2 mechanism <mechanism text from set-2 paper here> because

both relationships involve <common relationship description here>.

↪→

↪→

↪→

Idea: <short idea using set-1 paper's purpose and set-2 paper's mechanism here (30-50 words)>
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{idea_number} Best Analogies and the Novel/Feasible/Relevant/Specific Research Ideas that they

Inspire::↪→

Best 1. Analogy: The purpose <purpose text from set-1 paper here> is to the mechanism <mechanism

text from set-1 paper here> as the purpose <purpose text from set-2 paper here> is to the

mechanism <mechanism text from set-2 paper here> because both relationships involve <common

relationship description here>.

↪→

↪→

↪→

Purpose Text: <purpose text from selected set-1 paper here>

Purpose ID: <purpose ID from selected set-1 paper here>

Mechanism Text: <mechanism text from selected set-2 paper here>

Mechanism ID: <mechanism ID from selected set-2 paper here>"""

if not set_eval:

prompt += f"""

Evaluation Text: <text of selected evaluation from either paper here>

Evaluation ID: <selected evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-1 purpose text here> with <set-2 mechanism text here> will

be <imaginative twist here>.

↪→

↪→

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded idea inspired by facets here (200-250 words)>

Best 2. Analogy: The purpose <purpose text from set-1 paper here> is to the mechanism <mechanism

text from set-1 paper here> as the purpose <purpose text from set-2 paper here> is to the

mechanism <mechanism text from set-2 paper here> because both relationships involve <common

relationship description here>.

↪→

↪→

↪→

Purpose Text: <purpose text from selected set-1 paper here>

Purpose ID: <purpose ID from selected set-1 paper here>
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Mechanism Text: <mechanism text from selected set-2 paper here>

Mechanism ID: <mechanism ID from selected set-2 paper here>"""

if not set_eval:

prompt += f"""

Evaluation Text: <text of selected evaluation from either paper here>

Evaluation ID: <selected evaluation ID here>"""

else:

prompt += f"""

Evaluation Text: <selected evaluation option text here>

Evaluation ID: <selected evaluation option ID here>"""

prompt += f"""

Imaginative Twist to Add to Facet Combination: The imaginative and smart twist that I will add

to the facet combination of <set-1 purpose text here> with <set-2 mechanism text here> will

be <imaginative twist here>.

↪→

↪→

Initial Research Idea: <idea inspired by facets here (100-150 words)>

Issues with Initial Idea: <describe how initial idea doesn't meet idea requirements here (50-100

words)>↪→

How to Address Issues: <describe how will resolve issues here (50-100 words)>

New Research Idea: <updated idea inspired by facets here (100-150 words)>

Expanded New Research Idea: <expanded idea inspired by facets here (200-250 words)>

ANSWER:

"""

return prompt

B.3 Prompts for Idea Novelty Checker

B.3.1 Prompt to assess idea novelty.

def promptNoveltyChecker(idea, similar_documents, incontext_part):

relevant_papers = []

for i, (_, row) in enumerate(similar_documents.iterrows()):

relevant_papers.append(

{
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"role": "user",

"content": f"Paper ID [{i}]: Title: {row['title']}. Abstract: {row['abstract']}",

}

)

prompt = [

{

"role": "system",

"content": "You are ReviewerGPT, an intelligent assistant that helps researchers

evaluate the novelty of their ideas.",↪→

},

{

"role": "user",

"content": f"""You are given some papers similar to the proposed idea. Your task is to

evaluate the idea's novelty using the related papers only.↪→

Types of novelty categories:

- Not Novel: The idea closely replicates existing work with minimal or no new

contributions.↪→

- Novel:

- The idea introduces new concepts or approaches that are not common in existing

literature.↪→

- The idea uniquely combines concepts from existing papers, but this combination

does not occur in any related papers.↪→

- A new application with same approach is also novel.

Instructions:

- Use the example reviews below to write a review for the provided idea by comparing

it to the related papers.↪→

- Don't assume any prior knowledge about the idea.

- When referencing a related paper, then use paper id in the review, mention it in

this format: [5]. The paper ID is present between Paper ID [<paper_id>]: Title.↪→

- After reviewing, classify the idea into one of this category: novel or not novel.

- Make sure the generated review follows the format in example reviews provided

below.↪→
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- The review should be concise - around 60 to 100 words.

{incontext_part}

Output Format:

- Class: [novel / not novel]

- Review: The idea is [novel / not novel] different because...

""",

},

{"role": "assistant", "content": "Sure, please provide the IDEA."},

{"role": "user", "content": f"Here is the idea: {idea}"},

{"role": "assistant", "content": "Okay, now provide the related papers."},

]

prompt.extend(relevant_papers)

return prompt

B.3.2 Prompt to extract specific keywords and generate concise research

titles from an IDEA.

def get_keywords(idea):

prompt = [

{

"role": "system",

"content": "You are an intelligent assistant that extracts high-quality keywords and

generates specific research paper titles based on the provided IDEA.",↪→

},

{
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"role": "user",

"content": """You are tasked with extracting specific keywords and generating potential

research paper titles that closely align with the provided IDEA. These should

capture both the novelty and mechanisms of the IDEA, especially where it diverges

from existing work.

↪→

↪→

↪→

**Keyword Extraction Guidelines**:

1. Highlight unique methods, technologies, and application areas.

2. Ensure the keywords specifically capture what sets this idea apart from others.

3. Generate 3-6 keyword phrases, each consisting of 3-6 words.

4. Avoid overly general keywords (e.g., "machine learning" or "data science").

5. Ensure the keywords reflect the precise purpose, mechanisms, and novelty of the idea.

**Title Generation Guidelines**:

1. Keep titles concise (max 5 words).

2. Avoid generic terms or overused phrases.

3. Reflect the uniqueness and novelty of the idea in each title.

4. Include a key concept from the IDEA's mechanism (e.g., ''retrieval-augmented

generation for idea synthesis'').↪→

5. Ensure the title reflects the application domain.

**Output Format**:

<keywords>

["specific keyword phrase 1", "specific keyword phrase 2", "specific keyword phrase 3"]

</keywords>

<titles>

["Title 1", "Title 2", "Title 3", "Title 4"]

</titles>

""",

},

{"role": "assistant", "content": "Sure, please provide the IDEA."},

{"role": "user", "content": idea},

]

return prompt
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B.3.3 Prompt to extract key facets from an IDEA for facet-based rele-

vance re-ranking of papers.

def prompt_noveltyCheckLLMRerank_IdeaFacets(idea):

prompt = [

{

"role": "system",

"content": "You are Research Idea Reviewer GPT, an intelligent assistant that helps

researchers evaluate the novelty of their ideas.",↪→

},

{

"role": "user",

"content": """Your task is to extract key facets from a given idea to assist in

re-ranking passages based on their relevance to the idea. These key facets should

capture the essential elements of the idea, such as the application domain, purpose,

mechanisms, methods, and evaluation metrics.

↪→

↪→

↪→

Instructions:

1. Carefully read and understand the idea.

2. Identify and list the key facets of the idea, including but not limited to:

- Application Domain: The specific field or area the idea pertains to.

- Purpose/Objective: The main goal or intention behind the idea.

- Mechanisms/Methods: The techniques or approaches proposed to achieve the

purpose.↪→

- Evaluation Metrics: The criteria or measures used to assess the effectiveness

of the idea.↪→

Examples:
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Idea 1: Develop a system that uses a faceted representation of authors to

understand food-health relationships by analyzing the sentiment of research

papers and publications. The system will identify key authors in food and

health research, map their sentiments towards various topics, and use this

information to reveal hidden connections and trends. An experimental results

showcase will evaluate the system's ability to uncover novel food-health

relationships and its impact on interdisciplinary research.

↪→

↪→

↪→

↪→

↪→

↪→

Key Facets to Look for in Passages:

- Application Domain: Food and health research.

- Purpose: To understand food-health relationships through sentiment

analysis.↪→

- Mechanism: Using a faceted representation of authors to map sentiments

toward various topics.↪→

- Method: Analyzing the sentiment of research papers and publications.

- Evaluation: Experimental showcase evaluating the system's ability to

uncover novel relationships and its interdisciplinary impact.↪→

Idea 2: Develop a hierarchical topic model that integrates multi-level capsule

networks to balance sparsity and smoothness in topic models. The capsule

networks will capture the hierarchical structure of topics while enforcing

sparsity at lower levels and smoothness at higher levels. This model will be

validated on benchmark datasets such as PASCAL VOC 2007 and 2012, using

metrics like log-likelihood and topic coherence to ensure both high

reconstruction accuracy and generalization capability.

↪→

↪→

↪→

↪→

↪→

↪→

Key Facets to Look for in Passages:

- Application Domain: Topic modeling in machine learning.

- Purpose: To balance sparsity and smoothness in topic models.

- Mechanism: Integrating multi-level capsule networks.

- Method: Developing a hierarchical topic model with capsule networks

capturing hierarchical structures.↪→

- Evaluation: Validation on benchmark datasets (e.g., PASCAL VOC 2007 and

2012) using metrics like log-likelihood and topic coherence.↪→
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""",

},

{

"role": "assistant",

"content": "Sure, please provide the research idea",

},

{

"role": "user",

"content": f"""Here is the idea: <idea> {idea} </idea>.

Please provide Key Facets to Look for in Passages for the provided idea between <facets>

</facets> tags.↪→

""",

},

]

return prompt

B.3.4 Prompt to rank passages based on relevance to a query and its

key facets.

def prompt_noveltyCheckLLMRerank(query, idea_priority_facets, num):

return [

{

"role": "system",

"content": "You are RankGPT, an intelligent assistant that can rank passages above based

on their provided priority and relevance to the query and its facets.",↪→

},

{

"role": "user",

"content": f"""I will provide you with {num} passages, each indicated by number

identifier [].↪→

Your task is to rank the passages based on their relevance to the query idea and the

provided priority:↪→

**Query** Idea: {query}
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Key facets to look in passages for ranking:

{idea_priority_facets}

Use the following criteria in order of priority for ranking the passaeges:

1. **Priority 1:** Passages that closely match **all** key facets of the **QUERY**

IDEA.↪→

2. **Priority 2:** Passages that match the **application domain** and **purpose**

but may differ in mechanism or method.↪→

3. **Priority 3:** Passages that share a similar **purpose** or **mechanism** or

**evaluation**, even if the application domain differs.↪→

4. **Priority 4:** Passages that partially match the application domain or address

related topics but lack alignment with the purpose or mechanism.↪→

""",

},

{

"role": "assistant",

"content": "Can you provide an example idea, facets and how to rank passages?",

},

{

"role": "user",

"content": """Here is an example:

Idea: Enhance topic model evaluation by incorporating anomaly detection machine learning

techniques. The goal is to improve topic model evaluation by identifying and

flagging anomalies within topic distributions that may indicate incoherence or

redundancy. This approach provides a more robust evaluation framework that detects

subtle inconsistencies that traditional metrics might miss. The effectiveness of

this integrated evaluation method would be assessed through a systematic comparison

and meta-analysis of different topic models, ensuring comprehensive and reliable

evaluation outcomes.

↪→

↪→

↪→

↪→

↪→

↪→

↪→
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Key Facets to Look for in Passages:

- Application Domain: Topic modeling and evaluation.

- Purpose: Improving topic model evaluation by detecting anomalies indicating

incoherence or redundancy.↪→

- Mechanism: Incorporating anomaly detection machine learning techniques into topic

model evaluation.↪→

- Method: Identifying and flagging anomalies within topic distributions.

- Evaluation: Systematic comparison and meta-analysis of different topic models to

assess effectiveness.↪→

Passages:

[0] An Enhanced BERTopic Framework and Algorithm for Improving Topic Coherence and

Diversity↪→

[1] Evaluation of Unsupervised Anomaly Detection Methods in Sentiment Mining

[2] LDA_RAD: A Spam Review Detection Method Based on Topic Model and Reviewer Anomaly

Degree↪→

[3] Apples to Apples: A Systematic Evaluation of Topic Models

[4] Machine Learning Approach for Anomaly-Based Intrusion Detection Systems Using

Isolation Forest Model and Support Vector Machine↪→

[5] OCTIS: Comparing and Optimizing Topic Models is Simple!

[6] Qualitative Insights Tool (QualIT): LLM Enhanced Topic Modeling

[7] An Exhaustive Review on State-of-the-art Techniques for Anomaly Detection on

Attributed Networks↪→

[8] Topic Modeling Revisited: New Evidence on Algorithm Performance and Quality Metrics

[9] A Robust Bayesian Probabilistic Matrix Factorization Model for Collaborative

Filtering Recommender Systems Based on User Anomaly Rating Behavior Detection↪→

Ranking:

[2] > [1] > [5] > [3] > [0] > [8] > [6] > [7] > [4] > [9]

""",

},
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{

"role": "user",

"content": """Here is another example:

**Idea:** Develop a system that uses sentiment analysis to detect political bias in news

articles. The system will analyze language patterns and sentiments to identify

biased reporting, and will be validated using a dataset of news articles over the

past decade.

↪→

↪→

↪→

**Key Facets:**

- **Application Domain**: News articles analysis.

- **Purpose**: Detecting political bias through sentiment analysis.

- **Mechanism**: Analyzing language patterns and sentiments.

- **Method**: Using a dataset of news articles from the past decade.

- **Evaluation**: Validated through analysis of historical data.

**Passages:**

- **[0]** **Detecting Political Bias in News Articles Using Sentiment Analysis**

- **[1]** **Sentiment Analysis of Social Media Posts for Political Trends**

- **[2]** **Machine Learning Techniques for Stock Market Prediction**

**Ranking:**

[0] > [1] > [2]

""",

},

{

"role": "assistant",

"content": "Okay, please provide the passages which I have to compare with **Query**

Idea",↪→

},

]
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B.3.5 Prompt to generate more novel idea suggestions for an idea clas-

sified as “not novel.”

def promptMoreNovelIdea(idea, papers, facets, topic):

prompt = f"""

INITIAL IDEA:

Short Version: {idea["shortened_text"]}

Long Version: {idea["text"]}

PRIOR WORK FROM WHICH MORE NOVEL IDEA SHOULD DIFFERENTIATE:"""

ind = 1

for t in list(papers.keys()):

prompt += f"""

Paper {ind}"""

if "title" in papers[t]:

prompt += f"""

Title: {papers[t]["title"]}

Abstract: {papers[t]["abstract"]}"""

if "introduction" in papers[t]:

prompt += f"""

Background: {papers[t]["introduction"]}"""

ind += 1

prompt += f"""

SUMMARY OF WHY INITIAL IDEA IS NOT NOVEL COMPARED TO PRIOR WORK:

{idea["novelty_review"]}

FACETS AVAILABLE TO ADD TO INITIAL IDEA:

"""

for facet_key in facets:

facet = facets[facet_key]

if facet["id"] not in idea["facets"]:

prompt += f"""

{facet["text"]+" (ID: "+facet["id"]+")"}

"""
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prompt += f"""

FACETS AVAILABLE TO REMOVE FROM INITIAL IDEA:

"""

for facet_id in idea["facets"]:

prompt += f"""

{facets[facet_id]["text"]+" (ID: "+facets[facet_id]["id"]+")"}

"""

prompt += f"""

INSTRUCTIONS:

You are ScientistGPT, an intelligent assistant that helps researchers come up with

understandable, relevant, specific, feasible, and novel research ideas.↪→

First, read the above prior work and summary of why the initial idea is not novel compared to

the prior work.↪→

That way, you will know what has already been done in related research.

Second, provide 3 options for ideas that are more novel and useful than the initial idea.

Each more novel/useful idea should utilize one new facet and remove one existing facet from the

initial idea.↪→

The summary of facets available to add and to remove are above.

Make each novel/useful idea as specific as possible but describe it in 100 to 150 words.

FACET REQUIREMENTS:

The purpose/mechanism/evaluation IDs should be written VERBATIM from what is provided.

Do NOT make up facet IDs that are not explicitly given above.

IDEA REQUIREMENTS:

1. Understandability::

1a. Each idea should be logical.

1b. Each idea should be grammatically correct.

1c. Each idea should be self-contained and should not require researchers to have read the

provided papers. For example, saying "Use Tool X" is not self-contained because the

researcher might not have read the relevant paper to know what Tool X is. Instead, you could

say "Use a tool to do Y."

↪→

↪→

↪→
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1d. If an aspect of the idea may not be familiar to someone studying computer science broadly,

make sure the idea describes the aspect enough for them to understand it.↪→

2. Relevance::

2a. Each idea should be at least somewhat relevant to the overarching ideation topic: {topic}.

This means you may or may not have to adjust the purpose to be relevant to the ideation

topic. For example, if the purpose is "to support human-AI creativity" and the topic is

"scientific idea generation", then the purpose is relevant enough to the topic and does NOT

need to be adjusted. On the other hand, if the selected purpose is "to support bird

identification" and the topic is "scientific idea generation", you might adjust the purpose

to "to support scientific idea identification" or "to support identifying different types of

scientific ideas." That said, it is important to keep as much of the purpose's meaning as

possible if/when adjusting it to be relevant to the ideation topic.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

2b. Ideas should NOT refer to analogies.

3. Specificity::

3a. Each idea should be described in 100 to 150 words (expanded version 200 to 250 words). 90%

of the idea should focus on describing how the mechanism will be used to address the purpose

in a novel manner.

↪→

↪→

3b. Each idea should be as specific as possible given the word limit.

3c. Each idea should be focused and precise. For example, if the idea involves a visualization

feature, describe WHAT kind of visualization it is and HOW it will be used.↪→

3d. Each idea should be specific such that the reader understands how the idea would be

implemented and what direction it would take.↪→

3e. Each idea should be very specific in describing HOW the mechanism will be implemented to

address the purpose in a novel manner. For instance, an idea saying to 'apply a faceted

representation to clinical data, creating a multidimensional profile of each patient,

integrating medical history, genetic information, lifestyle factors, and current health

data' is not novel because prior work has already looked into creating multidimensional

patient profiles. If the idea provided a more specific, imaginative description of HOW to

create the multidimensional profiles and HOW to apply it to clinical decision-making, then

it could be novel.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

3f. Each idea should be specific enough that it is significantly different from your prior ideas.

4. Feasibility::
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4a. A research lab with moderate resources should be able to carry out each idea.

4b. Each idea should make sense scientifically and be grounded in the summary of prior work and

papers noted below.↪→

4c. Each idea's purpose and mechanism should work well together. If necessary, adapt the purpose

or mechanism to work well with the other. For example, if the overarching ideation topic is

"scientific ideation", the purpose is "to support culinary ideation", and the mechanism is

"scientific research graphs", you might adjust the purpose to "to support scientific

ideation." Meanwhile, if the overarching ideation topic is "culinary ideation", the purpose

is "to support culinary ideation", and the mechanism is "scientific research graphs", you

might adjust the mechanism to "culinary recipe graphs." That said, it is important to keep

as much of the origianl purpose and mechanism as possible if/when adjusting them to make

sense together.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

4d. Each idea's proposed evaluation should not contradict the rest of the idea. For example, an

idea talking about supporting healthcare workers that has a user study evaluation should

propose a "user study with healthcare workers," rather than a "user study with teachers" or a

"user study with engineers."

↪→

↪→

↪→

5. Novelty::

5a. Each idea should be unique as well as ingenious, imaginative, or surprising.

5b. Each idea should NOT have been covered in prior work. In other words, each idea should be

SIGNIFICANTLY different from prior work, including but not limited to the papers below and

the summary of prior work below.

↪→

↪→

5c. For an idea to be novel, it is not enough for the idea not to have been thoroughly covered

in prior work. It must NEVER have been covered in prior work.↪→

5d. Each idea should NOT be an obvious extension of prior work but rather CLEARLY DIFFERENT from

prior work. For instance, an idea that simply says to 'implement continuous AI support to

facilitate discovery of scholars by dynamically updating and refining researcher profiles

based on real-time academic contributions' is not novel. The idea is not novel because prior

work has investigated facilitating discovery of scholars through AI support, and making the

AI support continuous is an obvious extension. It is not ingenious, imaginative, or

surprising. If the idea were more specific and presented a suprising method describing HOW

to make this AI support very timely (e.g., utilizing academic Twitter trends), that would

make the idea novel.

↪→

↪→

↪→

↪→

↪→

↪→

↪→

↪→

FORMAT FOR ANSWER (It is very important that you follow this answer format!):
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1. Removed Purpose: <one removed purpose text here>

Removed Purpose ID: <removed purpose ID here (e.g., [purpose-string-123456789])>

Added Purpose: <one added purpose text here>

Added Purpose ID: <added purpose ID here (e.g., [purpose-string-012345678])>

More Novel Idea: <more novel idea here>

Why Idea is More Novel: <sentence on why idea is novel here>

Why Idea is Useful: <sentence on why idea is useful here>

2. Removed Mechanism: <one removed mechanism text here>

Removed Mechanism ID: <removed mechanism ID here (e.g., [mechanism-string-34523235])>

Added Mechanism: <one added mechanism text here>

Added Mechanism ID: <added mechanism ID here (e.g., [mechanism-string-634902049])>

More Novel Idea: <more novel idea here>

Why Idea is More Novel: <sentence on why idea is novel here>

Why Idea is Useful: <sentence on why idea is useful here>

3. Removed Evaluation: <one removed evaluation text here>

Removed Evaluation ID: <removed evaluation ID here (e.g., [evaluation-string-123456789])>

Added Evaluation: <one added evaluation text here>

Added Evaluation ID: <added evaluation ID here (e.g., [evaluation-string-348950684])>

More Novel Idea: <more novel idea here>

Why Idea is More Novel: <sentence on why idea is novel here>

Why Idea is Useful: <sentence on why idea is useful here>

ANSWER:

"""

return prompt

B.4 Input Papers for Each Ideation Topic

• Human-AI Collaboration in Art

1. LumiMood: A Creativity Support Tool for Designing the Mood of a 3D

Scene [141]

2. Prompting for Discovery: Flexible Sense-Making for AI Art-Making with
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Dreamsheets [4]

3. Algorithmic Ways of Seeing: Using Object Detection to Facilitate Art

Exploration [129]

• AI Tools for Education

1. VIVID: Human-AI Collaborative Authoring of Vicarious Dialogues from

Lecture Videos [31]

2. Scientific and Fantastical: Creating Immersive, Culturally Relevant Learn-

ing Experiences with Augmented Reality and Large Language Models [27]

3. Putting Things into Context: Generative AI-Enabled Context Personal-

ization for Vocabulary Learning Improves Learning Motivation [113]

• Dealing with LLM Hallucinations

1. Deductive Closure Training of Language Models for Coherence, Accuracy,

and Updatability [3]

2. Self-Alignment for Factuality: Mitigating Hallucinations in LLMs via Self-

Evaluation [193]

3. HALoGEN: Fantastic LLM Hallucinations and Where to Find Them [153]

• LLM Explainability

1. LLMFactor: Extracting Profitable Factors through Prompts for Explain-

able Stock Movement Prediction [179]
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2. TextGenSHAP: Scalable Post-Hoc Explanations in Text Generation with

Long Documents [50]

3. Digital Socrates: Evaluating LLMs through Explanation Critiques [64]

B.5 Expanded Version of Sample Ideas from Table 5.2

The expanded version of each sample idea in Table 5.2 may be found in Table B.1

below.
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Situation Topic Purp Mech Eval Custom Inst Expanded Version of Idea

Initial,

Treatment

LLM

explain-

ability

to enhance

medical in-

formation

retrieval

(near)

sequential

knowledge-

guided

prompting

(paper

input)

medical

question-

answering

bench-

marks

(near,

unselected)

None The proposed system focuses on developing a

robust medical information retrieval platform

using sequential knowledge-guided prompting

to simulate diagnostic pathways. By integrat-

ing electronic health records (EHRs) with es-

tablished clinical guidelines, the system lever-

ages prompts to dynamically identify and fol-

low potential diagnostic routes, thereby en-

hancing the precision and relevance of informa-

tion retrieval. The process begins by extract-

ing key medical factors from EHRs and match-

ing these with clinical pathway prompts to

simulate diagnostic reasoning. This approach

allows the system to adjust retrieval strate-

gies based on real-time patient data, ensur-

ing contextually relevant information is pro-

vided to healthcare professionals. The sys-

tem’s effectiveness will be rigorously evaluated

using medical question-answering benchmarks,

which will assess the accuracy and pertinence

of information retrieval against standard medi-

cal queries. This evaluation not only measures

the system’s performance but also its ability

to improve clinical decision-making processes.

Ultimately, the research aims to bridge gaps

in current medical retrieval systems by offer-

ing a more transparent and context-aware tool

for healthcare providers, significantly enhanc-

ing the explainability and utility of LLMs in

the medical domain.
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P-or-M,

Treatment

human-

AI

collab-

oration

in art

to enhance

designer-ai

collab-

oration

(very near,

selected)

residual

learning

framework

(far)

empirical

perfor-

mance

analy-

sis (far,

unselected)

I want to know

if designer

want to work

with ai

In this novel approach, we apply a residual

learning framework to AI design tools, treating

designer feedback as residuals to refine specific

design elements such as color schemes and lay-

out structures. This framework allows design-

ers to provide targeted feedback easily, which

the AI tool uses to iteratively improve its sug-

gestions. The process starts with the AI gener-

ating an initial design, which the designer can

annotate with feedback. This feedback is then

incorporated as residuals, prompting the AI

to make adjustments that align more closely

with the designer’s vision. The feedback loop

is engineered to be highly intuitive, integrat-

ing seamlessly into the designer’s workflow,

thus fostering a more collaborative and ef-

ficient design process. An empirical perfor-

mance analysis will evaluate the effectiveness

of this approach, measuring improvements in

design quality and collaboration efficiency.
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P-and-M,

Treatment

LLM

explain-

ability

to explain

text gener-

ation out-

puts (paper

input)

explanation

logic ver-

ifier (own

input)

quantitative

and qual-

itative

analysis

(paper

input,

selected)

Use different

verification

approaches

from NLI,

math, program

to ensure the

explanation

follows a logi-

cal consistency

Create an innovative platform that enhances

the validation of LLM-generated mathemati-

cal explanations by integrating a mathematical

logic verifier with visual proof representations.

The platform will employ the verifier to ensure

explanations adhere to logical principles, as-

sessing each step for accuracy. Simultaneously,

it will generate graph-based visual proofs, pro-

viding intuitive visual cues for each stage of

the reasoning process. These representations

will guide users through complex explanations,

making abstract concepts more accessible and

engaging. The system will also feature inter-

active elements that allow users to explore dif-

ferent parts of the proofs, deepening their un-

derstanding. This approach will be evaluated

through comprehensive quantitative and qual-

itative analysis, assessing improvements in ex-

planation accuracy, user comprehension, and

satisfaction. By combining rigorous logic veri-

fication with engaging visual aids, the research

aims to significantly improve the interpretabil-

ity and reliability of LLM-generated mathe-

matical content, fostering user trust and learn-

ing.
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P-and-M,

Treatment

AI tools

for edu-

cation

to per-

sonalize

vocabulary

learning

(very near)

ai-

generated

virtual

speakers

(very near)

participant

feedback

analysis

(very near,

unselected)

make the idea

more focused

and specific

This innovative platform leverages AI-

generated virtual speakers to create person-

alized vocabulary learning experiences. Users

upload personal images, and the AI analyzes

these images to identify objects, settings,

and potential vocabulary links. The virtual

speakers then generate dialogue scenarios

around these elements, allowing learners to

engage with new vocabulary in a personally

relevant context. For example, an image of a

beach vacation might lead to dialogues about

seaside activities, weather, and local culture,

enriching the vocabulary acquisition process.

This personalized approach not only aids

retention by linking words to familiar con-

texts but also enhances engagement through

interactive AI-driven dialogues. Participant

feedback analysis will assess the platform’s

effectiveness in improving vocabulary acquisi-

tion and learner satisfaction, guiding further

refinements. By integrating AI with personal-

ized content, this research aims to transform

vocabulary learning into a more engaging and

contextually meaningful experience.
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Baseline dealing

with

LLM

halluci-

nations

N/A N/A N/A Can the reward

model in Selk-

Knoelwdge

tuning be

changed to in-

corporate more

fine-grained

feedback (e.g.

from Halogen

like metrics)

[all 3 papers

given to LLM]

This research focuses on developing an ad-

vanced reward model for Self-Knowledge Tun-

ing by incorporating specific metrics from the

HALoGEN framework. The core of this model

lies in leveraging atomic unit verification to

dissect LLM outputs into fundamental compo-

nents, evaluating each against reliable knowl-

edge bases. By integrating HALoGEN’s error

classifications, the model can provide targeted

feedback that distinguishes between different

types of hallucinations, such as those aris-

ing from incorrect recollections, faulty training

data, or fabrications. This nuanced feedback is

expected to enhance the calibration of LLMs,

reducing the frequency of factual inaccura-

cies. The model’s efficacy will be tested across

diverse domains, including programming and

scientific attribution, to ensure broad appli-

cability. A comprehensive validation frame-

work will be established, involving both au-

tomated and human evaluations, to rigorously

measure improvements in model accuracy and

coherence. The outcome of this research could

significantly advance the development of more

reliable and trustworthy LLMs, providing a

foundation for future enhancements in self-

supervised learning techniques.

276



Baseline AI tools

for edu-

cation

N/A N/A N/A Generate ideas

that use non-

traditional

mediums for

education, so

avoid using

textbooks or

other material

commonly

found in class-

rooms. [all 3

papers given to

LLM]

This AR-enabled mobile application is de-

signed to engage children with their local envi-

ronment while providing a robust educational

platform about biodiversity and ecology. The

AI component will analyze user interactions

and location data to curate a personalized ed-

ucational journey. For a child in an urban

environment, the app might focus on urban

wildlife and plants, providing detailed informa-

tion, conservation tips, and interactive quizzes

tailored to their locality. For children in rural

settings, it might explore more diverse ecosys-

tems, encouraging them to document and learn

about various species..

Table B.1: A sample of participants’ favorite ideas from the user study, presenting the
expanded version of each idea rather than the shorter version. The treatment ideas
are generated with the different methods of the Faceted Idea Generator module,
depending on whether the participant selected any purposes or mechanisms.

B.6 Insights from LLM Prompt Optimization Using TextGrad

In our experiments with TextGrad, we investigated how specific prompt instruc-

tions influence an LLM’s ability to classify the novelty of an idea. Figures B.1, B.2,

and B.3 present the accuracy of various prompts optimized with TextGrad on our

dataset (train=25, validation = 10, test = 32). Prompts with both non-zero and

zero validation accuracy included various instructions for evaluating the novelty of

ideas, such as assessing the uniqueness of methods and their comparison to existing

research. Through this prompt optimization process, we observed interesting ways

in which LLMs may evaluate novelty, like considering historical context, frequency
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of similar studies, comparative analysis with existing works, examining arguments

for both novel and non-novel perspectives. However, prompts without these specific

instructions also influenced accuracy, suggesting the complexity of novelty evalua-

tion with LLMs. Notably, some prompts with similar instructions showed different

performance on validation data. For example, both prompt 3 (accuracy = 0) and

prompt 9 (accuracy = 0.6) include instructions to evaluate if the idea introduces

unique methodologies, and how it compares to existing work. However, the differ-

ence in their performance suggests that subtle variations in wording and instruction

framing can significantly impact the classification performance. It remains unclear

why certain prompts perform better despite having similar instructions.

Our analysis highlights the LLM’s sensitivity to prompt design when assessing

novelty of an idea. Even minor variations in wording and structure can lead to sub-

stantial performance changes, emphasizing the need for careful prompt engineering

and well-chosen in-context examples to guide the LLM for idea novelty evaluation.
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Figure B.1: Performance trends of test accuracy across prompts during prompt opti-
mization with TextGRAD. Highlighted text shows unique instructions used to eval-
uate the novelty of ideas. The final test accuracy was 0.78125, showing that none of
the optimized prompts (1 to 12) improved over the original.
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Figure B.2: contd. TextGrad Prompt Optimisation.
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Figure B.3: contd. TextGrad Prompt Optimisation.
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B.7 Expert-Labeled Examples

Table B.2 presents expert-labeled examples from the annotation study.

Table B.2: Expert-labeled examples from annotation study

Example 1

Idea: Develop a natural language processing classifier designed to improve

scientific paper revisions by automatically identifying and categorizing reviewer

comments that are most likely to lead to substantial and actionable revisions. The

system would be trained on a manually-labeled dataset analysis of scientific

review comments and the corresponding paper edits, leveraging features such as

linguistic cues, sentiment, and comment specificity to predict the likelihood of a

comment being acted upon. This classifier could then be used to prioritize reviewer

feedback, helping authors focus on the most impactful suggestions first.
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Most Relevant Papers:

1. ARIES: A Corpus of Scientific Paper Edits Made in Response to Peer Reviews

2. Can large language models provide useful feedback on research papers?

3. A Dataset of Peer Reviews (PeerRead): Collection, Insights and NLP Appli-

cations

4. arXivEdits: Understanding the Human Revision Process in Scientific Writing

5. Characterizing Text Revisions to Better Support Collaborative

6. Can We Automate Scientific Reviewing?

7. DeepReviewer: Collaborative Grammar & Innovation Neural Network for Au-

tomatic Paper Review

8. Aspect-based Sentiment Analysis of Scientific Reviews

9. Aspect-based sentiment analysis of online peer reviews and prediction of paper

acceptance

10. ReviVal: Towards Automatically Evaluating the Informativeness of Peer Re-

views

Reasoning: The idea is novel because it uniquely focuses on prioritizing reviewer

comments for actionable revisions, which is not explicitly addressed in ARIES[1] or

other related works like ReviVal [10].
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https://www.semanticscholar.org/paper/fd8c64d0b912795e1cefc0aba4c6d90499132755
https://www.semanticscholar.org/paper/f2209eb5ac6747319a29b87dedabb97770be3243
https://www.semanticscholar.org/paper/53489041a08ef1a6cd19b4c95ce092a148283b6b
https://www.semanticscholar.org/paper/53489041a08ef1a6cd19b4c95ce092a148283b6b
https://www.semanticscholar.org/paper/e53b0d9c061a1a108d87d79826c47cf77bac85d6
https://www.semanticscholar.org/paper/7c311d7918800fc842dd50a46e6e9a8df86d6424
https://www.semanticscholar.org/paper/cefd3993db4d065b95ab8f105452fb728c02b60e
https://www.semanticscholar.org/paper/28c26e7b3a30fa2808ed103aade1fcb4d752906e
https://www.semanticscholar.org/paper/28c26e7b3a30fa2808ed103aade1fcb4d752906e
https://www.semanticscholar.org/paper/2b4edb9515a26561ea3f9ee2a63a506721c8369e
https://www.semanticscholar.org/paper/a091744cbcf4e209f1accf098671d0810282e7bf
https://www.semanticscholar.org/paper/a091744cbcf4e209f1accf098671d0810282e7bf
https://www.semanticscholar.org/paper/f14b82fd35335667083d1141f6d1fc65e614644e
https://www.semanticscholar.org/paper/f14b82fd35335667083d1141f6d1fc65e614644e


Example 2

Idea: Develop a systematic review-based framework designed to align LLM

evaluation with human preferences, ensuring that evaluation criteria are contin-

uously refined based on comprehensive reviews of user feedback and emerging model

behaviors. This framework will utilize content analysis of user interactions and

feedback to identify patterns and areas of improvement. The effectiveness of this

framework will be assessed through a qualitative study involving iterative cycles

of user feedback and criteria refinement.
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Most Relevant Papers:

1. EvalLM: Interactive Evaluation of Large Language Model Prompts on User-

Defined Criteria

2. Humanely: Human evaluation of LLM yield, using a novel web-based evalua-

tion tool

3. Evaluation of Code Generation for Simulating Participant Behavior in Experi-

ence Sampling Method by Iterative In-Context Learning of a Large Language

Model

4. Human-Centered Evaluation and Auditing of Language Models

5. Aligning Model Evaluations with Human Preferences: Mitigating Token Count

Bias in Language Model Assessments

6. Who Validates the Validators? Aligning LLM-Assisted Evaluation of LLM

Outputs with Human Preferences

7. Human-Centered Design Recommendations for LLM-as-a-judge

8. CheckEval: Robust Evaluation Framework using Large Language Model via

Checklist

9. Discovering Language Model Behaviors with Model-Written Evaluations

10. Prometheus 2: An Open Source Language Model Specialized in Evaluating

Other Language Models
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https://www.semanticscholar.org/paper/6098ac103ba222f9c3b089714ef3100357993255
https://www.semanticscholar.org/paper/52570796ad1fdc20a367caf1d099e729d6456241
https://www.semanticscholar.org/paper/afd83013ba5e6cefb0b1c09084e8c6a15a47e0c3
https://www.semanticscholar.org/paper/afd83013ba5e6cefb0b1c09084e8c6a15a47e0c3
https://www.semanticscholar.org/paper/cef330bacf014d60daabbd489647b2006af130ca
https://www.semanticscholar.org/paper/ecdd53eaab7455daea27609b07a418a21aa7ad35
https://www.semanticscholar.org/paper/ecdd53eaab7455daea27609b07a418a21aa7ad35


Reasoning: The idea is not novel because it closely resembles existing frameworks

like EvalLM[1] and HumanELY[2], which already align LLM evaluations with human

preferences using user-defined criteria and human feedback.

B.8 Comparing Scideator’s Novelty Checker to Baselines

Figures B.4, B.5, and B.6 present information related to comparing Scideator’s

novelty checker to baselines.
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Figure B.4: Two example ideas used as the basis for comparison in subsequent figures,
evaluated by Scideator (Ours), AI Scientist, and AI Researcher.
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Figure B.5: Reviews corresponding to idea 1 in Figure B.4.
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Figure B.6: Reviews corresponding to idea 2 in Figure B.4.
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B.9 Experimental Setup Details for Comparing Scideator Nov-

elty Checker to Baselines

The best-performing in-context setting used 15 novel and non-novel examples with

seed 100. For the OpenReview examples, the best setup involved 5 idea-review pairs.

For DSPy we used 2 bootstrapped examples, and trained both DSPy and TextGRAD

for 12 prompt iterations.
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