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Fig. 1: Wordflow is an open-source social prompt engineering tool to help everyday users create, run, share, and discover

prompts for large language models (LLMs). (A) The Editor View offers an easy-to-use text editing interface, allowing users to run

an LLM prompt using the selected text as input by simply clicking on a button and examine the changes made by LLMs. (B) The

Prompt Manager enables users to edit and curate prompts, adjust LLM settings, and share their prompts with the community.

ABSTRACT

Large language models (LLMs) require well-crafted prompts for
effective use. Prompt engineering, the process of designing prompts,
is challenging, particularly for non-experts who are less familiar
with AI technologies. While researchers have proposed techniques
and tools to assist LLM users in prompt design, these works pri-
marily target AI application developers rather than non-experts. To
address this research gap, we propose social prompt engineering,
a novel paradigm that leverages social computing techniques to
facilitate collaborative prompt design. To investigate social prompt
engineering, we introduce Wordflow, an open-source and social
text editor that enables everyday users to easily create, run, share,
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and discover LLM prompts. Additionally, by leveraging modern
web technologies, Wordflow allows users to run LLMs locally
and privately in their browsers. Two usage scenarios highlight
how our tool’s incorporation of social prompt engineering can en-
hance laypeople’s interactions with LLMs. Wordflow is publicly
accessible at https://poloclub.github.io/wordflow.
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1 INTRODUCTION

Recently, there has been a surge in the popularity of large language
models (LLMs) such as GPT-4 [41], Gemini [57], and Llama 2 [59].
These pre-trained artificial intelligence (AI) models demonstrate a
diverse array of capabilities that are continually being discovered,
including summarization, question-answering, creative writing,
and translation [11, 52]. To instruct these general-purpose LLMs to
perform specific tasks, users need to provide them with prompts—
text instructions and examples of desired outputs [12, 32]. These
prompts serve as background contexts and guides for LLMs to
generate text that aligns with users’ objectives. Prompting enables
users to employ LLMs for various tasks with plain language; in fact,
well-crafted prompts can make general-purpose LLMs outperform
specialized AI models [40].

Designing effective prompts, known as prompt engineering, poses
significant challenges for LLM users [30, 33]. LLM users often
rely on trial and error and employ unintuitive patterns, such as
adding “think step by step” [31] to their prompts, to successfully
instruct LLMs. Prompt engineering, despite its name, is consid-
ered an art [45] and is even compared to wizards learning “magic
spells” [27, 65]. Prompt writers may not fully understand why cer-
tain prompts work, but they still add them to their “spell books.”
Furthermore, prompting is especially challenging for non-AI-experts,
who are often confused about getting started and lack sufficient
guidance and training on LLMs and prompting [70, 72].

There is a growing body of research on helping users prompt
LLMs. Researchers propose instruction tuning [17, 61] and rein-
forcement learning from human feedback [44, 53] to align a model’s
output with users’ intent. Prompt techniques [e.g., 12, 40, 62] are
introduced to improve LLMs’ performance on complex tasks. Li-
braries [13, 35] and interactive tools [e.g., 7, 20, 30, 55, 68] have also
been developed to streamline the prompt crafting process. How-
ever, these techniques and tools primarily cater to AI application
developers who use LLMs to build AI applications (e.g., chatbot
applications), overlooking non-expert users who use LLMs for ev-
eryday tasks (e.g., checking emails for grammar errors). To bridge
this critical research gap, we propose social prompt engineering,
a novel paradigm that leverages social computing techniques to
facilitate collaborative prompt designs.We contribute:

• Wordflow, the first social and customizable text editor

that empowers everyday users to create, run, share, and discover
LLM prompts (Fig. 1). It features a direct manipulation text edit-
ing interface for applying LLM prompts to transform existing
text, such as proofreading and translation, or generate new text,
such as creative writing. Users can easily customize prompts
and LLM settings, share prompts with the community, and copy
community prompts (§ 3). Two usage scenarios highlight how
Wordflow and social prompt engineering can enhance users’
interactions with LLMs (§ 4). Finally, we discuss future research
directions for integrating workflows, fostering user engagement
and responsible AI, and evaluation (§ 5).

• An open-source
1
, web-based implementation that lowers

the barrier for everyday users in designing effective prompts
and applying LLMs to their daily tasks. By leveraging modern

1Wordflow code: https://github.com/poloclub/wordflow

web technologies, such as WebGPU [37, 58], our tool enables
users to run cutting-edge LLMs locally without the need for
dedicated backend servers or external LLM API services (§ 3.4).
Additionally, we offer an open-source implementation to help
future designers and researchers adopt Wordflow for exploring
and developing future user interfaces for LLMs. To see a demo
of Wordflow, visit https://youtu.be/3dOcVuofGVo.

Using Wordflow as a design probe, we plan to release it to the
public and collect usage data to assess the effectiveness of social
prompt engineering and investigate how users collaboratively craft
prompts. We hope our work will inspire the design, research, and
development of collaborative interfaces that help everyone more
easily and effectively use LLMs.

2 BACKGROUND & RELATEDWORK

Using LLMs by prompting. LLMs are trained to generate plau-
sible output by continuing an input text, also known as a prompt.
These models are pre-trained on billions of text samples from the
internet, enabling them to perform various tasks specified in the
prompt through auto-completion. For example, given a prompt with
translation examples like “English: Hello. Spanish: Hola. English:
Good luck! Spanish:”, an LLM would auto-complete it with the
translation “¡Buena suerte!”, making LLMs useful for translation.
Recently, LLMs have been fine-tuned using user prompts to sim-
plify prompting [17, 44, 61]. To instruct an instruction-tuned LLM
to translate English to Spanish, one can prompt it with “Translate
the following English sentence to Spanish: Good luck!”, and the
LLM would output “¡Buena suerte!”.

Challenges of prompt engineering. The accuracy of LLMs
depends heavily on the prompts [33, 40]. However, prompt en-
gineering, the process of crafting effective prompts, is difficult.
Researchers have shown slight wording changes in the prompt can
significantly impact LLM accuracy [70]. A prompt’s effectiveness
can vary greatly across different models [66]. The LLM community
has discovered unintuitive prompting patterns that can greatly en-
hance LLMs’ performance, such as priming the LLM with phrases
like “you are a translation expert” and improving LLM’s reason-
ing capability with “think step by step” [31] or chain-of-thought
prompting [61]. The brittleness of prompts and unintuitive prompt-
ing patterns make it difficult for LLM users, especially everyday
users unfamiliar with AI, to write effective prompts [70].

Addressing prompt engineering challenges. Researchers
have proposed libraries such as LangChain [13], Guidance [35],
and Outlines [64] to help users write prompts programmatically
and control the structure of an LLM’s output. By formulating
prompting as programming, researchers propose integrated de-
velopment environment (IDE) features that help users edit [20] and
unit test prompts [54]. Similarly, CoPrompt [19] introduces a col-
laborative editor for multiple programmers to write prompts simul-
taneously. AI prototyping tools like PromptMaker [30], Google
AI Studio [25], OpenAI Playground [42], and PartyRock [4]
allow users to rapidly write and run prompts. Leveraging visual
programming techniques, AI Chains [68], PromptChainer [67],
Prompt Sapper [16], and ChainForge [7] enable AI application
developers to visually design and test complex prompts. Similarly,
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Fig. 2: With Wordflow, users can easily manage and customize their prompts. (A) The Personal Prompt Library provides an

overview of local prompts, allowing users to search, sort, and customize the quick-action prompt toolbar in the Editor View.

(B) The Prompt Editor, activated by clicking a Prompt Card, employs progressive disclosure to help users edit basic prompt

information, advanced settings (e.g., output parsing rules and LLM temperature), and sharing configurations.

PromptIDE [55], PromptAID [38], and Prompterator [56] em-
ploy mixed-initiative and interactive visualization techniques to
help LLM users brainstorm and refine prompts. These existing tools
function as IDEs that help AI developers craft prompts that will later
be integrated into other applications. In contrast, Wordflow aims
to serve as a runtime interface for everyday users, who act as both
the prompt engineers and direct users of their prompts, and may
not be well-versed in AI technologies.

Social prompt engineering. Online communities, including
Promptstacks [48], ChatGPT Prompt Genius [49], and ShareGPT [18],
serve as platforms for prompt creators to share tips, collaborate, and
stay updated on AI advancements. User prompts from social media
have been scraped to create prompt datasets for AI model develop-
ment [60]. Online prompt marketplaces, such as PromptBase [46],
PromptHero [47] and ChatX [14], have emerged to allow users to
buy and sell prompts for generative models. Midjourney’s Discord
server [29] allows users to run and share prompts for text-to-image
generative models, with dedicated sections for prompt critique and
improvement [43]. Building on the design of these communities,
Wordflow provides an easy-to-use interface that unifies creating,
running, sharing, and discovering LLM prompts. The most relevant
related work is PromptSource [9], an IDE for AI researchers and
developers to write and share LLM prompts. PromptSource targets
AI experts using LLMs for natural language processing tasks on
datasets (such as data annotation), and it requires users to provide
a dataset. In comparison, Wordflow targets everyday users using
LLMs for daily tasks, such as grammar checking, without the need
to provide any dataset.

3 SYSTEM DESIGN & IMPLEMENTATION

Wordflow is an interactive tool that empowers everyday users
to easily create, run, share, and discover LLM prompts. It provides

an easy-to-use interface that unifies prompt creation, execution,
and sharing. It tightly integrates four views: the Editor View (§ 3.1),
where users can write text, run LLM prompts, and inspect changes
made by LLMs; the Personal Prompt Library (§ 3.2), offering a prompt
manager for creating, editing, and curating prompts locally; the
Community Prompt Hub (§ 3.2), enabling users to explore and search
for the latest and popular prompts shared by the community; and
the Setting Panel, where users can configure LLMs to run their
prompts with remote or local models (§ 3.4).

3.1 Editor View

When users open Wordflow in their browser or its mo-
bile and desktop progressive web app, they are presented
with the Editor View (Fig. 1A). This view shows a familiar
text editor interface with a Floating Toolbar anchored on
the right. Users can type or paste text into the editor. The
Floating Toolbar consists of three prompt buttons and a
home button (shown on the right). Each prompt button is
represented by an emoji icon and corresponds to a prompt
template. Users can click the prompt button to run its prompt using
the current paragraph as the input text. If a user has selected some
text, the selected text is used as the input for the prompt. Users
can also click the home button to open a pop-up window that
contains the Personal Prompt Library (§ 3.2, Fig. 2A), the Community
Prompt Hub (§ 3.3, Fig. 1B), and the Setting Panel (Fig. 4).

Prompt input templating. In Wordflow, a prompt template
includes pre-defined prefix text and a placeholder for the input
text. For example, the prefix text can be “Improve the flow of the
following text”. The input placeholder in the template serves as a
variable that will be substituted with the selected text from the edi-
tor. Inspired by popular prompting tools such as LangChain [13]
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Fig. 3: The Prompt Editor allows users to easily configure

LLM settings such as temperature and output parsing rules.

and PromptMaker [30], our tool supports basic prompt templat-
ing. Users can include a special string {{text}} in their prompt
template to represent the input placeholder (Fig. 2B), which will
be replaced with the selected text from the editor before running
the prompt. If the user does not include the string {{text}} in the
template, the input text will be appended to the prompt template.

Prompt output parsing. To run users’ prompts, Wordflow
supports remote LLM API services, such as GPT 4 [41] and Gem-
ini [57] API services provided by OpenAI and Google, as well as
local open-source models, such as Llama 2 [59] and Phi 2 [1]. Users
can set their preferred models in the Setting Panel (Fig. 4). After
receiving the output from the LLM API service or local model,
the Editor View applies Myer’s diffing algorithm [21, 39] to com-
pare the output text with the input text. It then highlights the
changes made by the LLM (e.g., addition, replacement, and dele-
tion) using different text background colors (Fig. 1A). Users can
click on the highlighted text to accept or reject the changes. Inspired
by LangChain, Wordflow allows users to add optional output
parsing rules to a prompt by writing regular expression (regex)
text (Fig. 3). For example, a user can prompt LLMs to structure
the output in XML format (recommended by prompt engineering
guidelines [5]), such as “Improve the flow of the following text.
Put the rewritten text in an XML tag <output></output>”. The
user can then add a regex pattern .*<output>(.*)</output>.*
and a replacement rule $1 to parse the LLM’s output before it is
displayed in the Editor View. This feature is useful for disregarding
unrelated text in the LLM’s output. For instance, the output “Sure,
I can help you! <output>Over recent years...</output>” will be
parsed as “Over recent years...”. Furthermore, users can configure
the insertion mode for each prompt. In replace mode, the input
text is replaced with the LLM output, while in append mode, the
LLM output is appended to the input text.

3.2 Personal Prompt Library

After clicking the home button , users can open the Personal
Prompt Library to manage their local prompts (Fig. 2A). This view

organizes each prompt as a Prompt Card, allowing users to easily
search and sort prompts based on name, recency, and run count.
To change the prompts in the Floating Toolbar (§ 3.1), users can
simply drag a Prompt Card into one of the three prompt slots lo-
cated in the bottom row, each corresponding to a prompt button
in the Floating Toolbar . To add or edit a prompt, users can click
on the button or a Prompt Card to open the Prompt
Editor (Fig. 2B). The Prompt Editor comprises three forms: basic
prompt information (Fig. 2B), optional advanced settings (Fig. 3),
and optional sharing settings. In the basic prompt information sec-
tion, users can configure the title, icon, and prompt template. The
advanced settings allow more experienced users to set the LLM
temperature, output parsing rules, and insertion rules (Fig. 3). To
share a prompt with the community, users can provide a descrip-
tion, tags, and recommended LLM models in the sharing settings,
and then click on the button.

3.3 Community Prompt Hub

The Community Prompt Hub enables users to easily browse and
search for prompts shared by Wordflow users (Fig. 1B). Each com-
munity prompt is represented as a Prompt Card and is associated
with at least one tag. Users can filter prompts by clicking on a tag
and can also sort prompts based on recency and popularity (i.e., the
number of times they have been run). Additionally, users can view
the most popular tags on the top row of this panel. By clicking on a
Prompt Card, users can access the Prompt Viewer (Fig. 5) to examine
detailed information provided by the prompt creator, including the
title, description, prompt template, and recommended LLM models.
Finally, users can click on the button to include a copy of the
community prompt in their Personal Prompt Library (§ 3.2), where
they can run the prompt, make further refinements, and potentially
share it again with the community.

3.4 Open-source Implementation

Fig. 4: Wordflow supports re-

mote and local LLMs.

We implement Wordflow as
a progressive web app using
Web Components [36] and
LIT Element [23] as the fron-
tend framework. Users can use
Wordflow as amobile or desk-
top app by saving it as a Sa-
fari Web App [6] or a Chrome
app [24]. Wordflow allows
users to run LLMs through re-
mote API services, such as GPT
4 provided by OpenAI, or di-
rectly run open-source LLMs, such as Llama 2, Phi 2, and TinyL-
lama [71], in their browser (Fig. 4). We use Web LLM [58] and
WebGPU [37] to implement on-device LLM inference. In Word-
flow, all local prompts are stored in the local persistent storage of
the user’s browser. To enable users to share community prompts,
we use Amazon API Gateway [2] and DynamoDB [3] as a backend.
Additionally, we provide a Google Doc add-on (Fig. 6) that allows
Google Doc users to directly use Wordflow within their editor.
We open source Wordflow as a collection of reusable interactive
components that can be easily adopted by future researchers and
designers in their interactive LLM projects.
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Fig. 5: The Prompt Viewer shows detailed information about

a community prompt. Users can click a button to copy this

prompt into their Personal Prompt Library.

4 USAGE SCENARIOS

4.1 Improving Technical Writing

As a recently graduated junior software developer, Wade has been
struggling with writing API documentation and system architecture
descriptions. Specifically, Wade is unfamiliar with explaining tech-
nical concepts in simple language that can be easily understood by
different colleagues such as developers, UX designers, and program
managers. One day, Wade came across a forum thread where devel-
opers were sharing LLM prompts that had helped them improve
their technical documentation writing. Wade had never thought
about using LLM to assist him in his writing before. Intrigued, he
clicked on aWordflow prompt link shared in a popular comment
on the thread. The link opened Wordflow in a new tab, displaying
the Community Prompt Hub along with a pop-up showing a commu-
nity prompt (Fig. 5). Wade found the prompt and its description to
be suitable for his writing tasks, so he clicked on the button
to copy this community prompt to his local library.

Wade decided to try out this prompt to improve his writing. He
opened the Personal Prompt Library and dragged the newly added
prompt into one of the Favorite Prompts slots (Fig. 2A), and the
prompt appeared in the Floating Toolbar in the Editor View (Fig. 1A).
Wade copied a paragraph from the API documentation that he was
working on. However, before clicking on the prompt button in the
Floating Toolbar , Wade suddenly remembered that his company
prohibits employees from using LLM services (e.g., ChatGPT and
Bard) with work materials, as a measure to safeguard trade secrets
and sensitive information. Upon reviewing the documentation of
Wordflow, Wade discovered that Wordflow supports running
local LLMs directly in browsers without sending any data to third-
party services (e.g., OpenAI and Google). Therefore, he configured
the LLM model to Llama 2, a local LLM model, in the Setting Panel
before running the prompt on his writing. Then, he observed the
changes made by the LLM model, which were highlighted in the
Editor View, and found the new paragraph to be much easier to read.

Fig. 6: Google Doc users can directly useWordflow’s add-on

to apply prompts to text within their Google Doc documents.

After using this prompt for a few days, Wade shared the prompt
link on his company’s mailing list, and more developers from his
company began to use it to improve technical writing.

4.2 Customizing Translation Styles

Ember, a senior manager in a US financial firm, has faced a new
challenge since her company started collaborating with a Japanese
counterpart. Due to the absence of their Japanese translator, Ember
has resorted to using translation software to communicate with the
managers from the Japanese company. However, she has noticed
that the translations generated by the software occasionally lead to
confusion among her Japanese colleagues. For example, the soft-
ware translated the English idiom “break the ice” to “氷を砕く,”
which means “destroy the ice” instead of her intended meaning of
“relieving tension when people interact for the first time.”

Due to the recent popularity of LLMs, Ember decided to try using
them to translate her documents from English to Japanese. As she
writes in Google Docs, she explored the Google Doc Marketplace
for an AI add-on and came across Wordflow. Upon installation,
she opened the Community Prompt Hub (Fig. 1B) and selected the
tag , which showed various popular translation prompts.
She found a prompt titled “Translate English to Japanese.”

After adding this prompt to her library, she tried to run it with
the input “break the ice”. However, Wordflow appended the in-
correct translation “氷を砕く” to her document. Drawing from
her previous experience interacting with ChatGPT, Ember decided
to edit the prompt and provide additional instructions to guide
the LLM model in considering her translation context. She opened
the Editor View (Fig. 2B). and added a new sentence to the trans-
lation prompt: “My input text is used in US corporate commu-
nications” (Fig. 6 Right). Running the prompt again, Wordflow
generated a more suitable translation “雰囲気を和らげる,” which
means “ease the atmosphere” (Fig. 6 Left). Ember back-translated
the translation to English using her other translation software and
felt more confident in continuing to use this prompt for future trans-
lations. Finally, to help other people who need to translate English
to Japanese in business settings, she shared her updated prompt

with the community by clicking on the button (Fig. 2B).

5 DISCUSSION & FUTUREWORK

While Wordflow can help users create, run, share, and discover
prompts, the current system can be improved in terms of workflow
integration and social system design. Finally, we plan to conduct a
usage log study to evaluate social prompt engineering.
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Fitting into user workflows. The current version of Word-
flow requires users to copy and paste their input text into a web-
page or Google Doc. To minimize disruption to users’ workflow
(e.g., drafting an email, replying messages, or editing a PowerPoint),
future researchers can make Wordflow in situ and ubiquitous.
For example, Wordflow can be directly integrated into an operat-
ing system, running a prompt when users select text and trigger
a keyboard shortcut. Wordflow supports both external LLM API
services and on-device LLMs for running users’ prompts (§ 3.4).
With recent advancements in machine learning compilation [15]
and model compression [28], we see great potential for on-device
LLMs. Local LLMs allow users to avoid sending sensitive data to
external services, reduce API costs, and use LLMs without network
access. To enhance the usability and development experience of on-
device LLM tools, researchers can explore integrating local LLMs
into the operating system. This integration would enable various
AI tools to run LLMs as “system functions,” eliminating the need
for redundant LLM installations within each tool.

Promoting user engagement. Wordflow is the first social
prompt engineering tool to help everyday users create, run, and
share prompts. There are great research opportunities to enhance
user interaction with LLMs by leveraging social computing tech-
niques. For example, future researchers can draw inspiration from
gaming social platforms, such as Steam Community [51] and Poké-
mon GO forums [34], where gamers engage in research and share
strategies to overcome in-game challenges. By comparing prompt-
ing LLMs to fighting game bosses, we can explore the design of
social systems that motivate users to research and exchange prompt-
ing techniques. To incentivize user participation in prompt sharing,
researchers can explore intrinsic motivations, such as designing
an enjoyable social system [10], and extrinsic motivations, such as
virtual rewards and reputation systems [22, 69]. Lastly, Wordflow
users can filter and sort prompts by tags, recency, and popularity.
Researchers can explore using social media ranking techniques to
recommend relevant community prompts to users [50].

Fostering responsible AI practices. It has never been more
critical to address the potential harms associated with LLMs [63].
Social prompt engineering presents interesting opportunities and
challenges for responsible AI. On the one hand, social systems like
Wordflow can enable users to share prompting techniques [8]
to mitigate potential harms. On the other hand, without content
moderation, users can easily disseminate harmful prompts, such as
a misinformation generator [26]. In Wordflow, users can report
harmful prompts, and we will diligently monitor and moderate
community prompts. Future researchers can explore social system
designs that promote responsible prompting and develop methods
to detect potentially harmful prompts.

Planned usage log study. Using Wordflow as a research
instrument, we plan to conduct a usage log study to evaluate social
prompt engineering and investigate two research questions:

RQ1. How does social prompt engineering help everyday users
craft prompts?

RQ2. What do everyday users use LLMs for, and how do they
write prompts?

To answer RQ1, we will examine the evolution of prompts by ana-
lyzing the usage patterns of copying community prompts and the
modifications made to them before re-sharing these prompts. To an-
swer RQ2, we will conduct a mixed-method analysis of community
prompts to synthesize popular use cases of LLMs and prompting
patterns. Our institution’s IRB has approved our user study, and we
will start data collection after refining the design of Wordflow.

6 CONCLUSION

As LLMs are increasingly being used by everyday users in their daily
tasks, it is critical to help them write and run prompts easily. In this
work, we present social prompt engineering, a new paradigm that
leverages social computing techniques to facilitate collaborative
prompt design. To investigate social prompt engineering, we design
and develop Wordflow, an open-source and social text editor
empowering users to easily create, run, share, and discover LLM
prompts. Two usage scenarios highlight social prompt engineering
and Wordflow can assist everyday users in interacting with LLMs.
We discuss our ongoing work and future research directions. We
hope our work will inspire the design, research, and development
of social interfaces that make LLMs easy and enjoyable to use.
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