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ABSTRACT

The applications of generative Al are diverse and impres-
sive, and the interplay between users and Al in shaping
these applications’ impact is crucial. Current human-Al in-
teraction literature has taken a broad look at how humans
interact with generative AI, but it merits a deeper look into
the user interface designs and patterns used to create these
applications. Therefore, we present a survey that compre-
hensively presents taxonomies of how a human interacts
with Al and the user interaction patterns designed to meet
the needs of a variety of relevant use cases. We focus on ex-
plicit, user-initiated interactions and implicit, system-driven
engagements, addressing how these approaches tackle criti-
cal issues, such as how generative Al applications can best
be designed to meet user agency and control needs. With
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this survey, we aim to create a compendium of different
user-interaction patterns that can be used as a reference for
designers and developers alike. In doing so, we also strive to
lower the entry barrier for those attempting to learn more
about the design of generative Al applications.
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Introduction

The academic and general population have become increasingly en-
amored with generative artificial intelligence (AI) as it continues to
revolutionize just about every field of study it is involved in. So much
so, in fact, that the field of Human-Computer Interaction (HCI) has
shifted much of its focus to study a sub-field of HCI called Human-Al
Interaction (IXDF, 2024). In its current state, generative artificial intel-
ligence (Al) is a system that, given a prompt, uses deep learning models
to generate human-like content like images, text, videos, etc. (Lv, 2023).
While current Human-AI Interaction literature provides a broad view
of the field (Shi et al., 2023a), this survey aims explicitly to capture
the current state of user interfaces and the respective user interactions
being utilized within generative Al applications. Specifically, this survey
takes a snapshot of current trends and design techniques that involve
user-guided interactions (Section 2.1).

Contributing this perspective to the growing body of work in gener-
ative Al research is significant because it takes a deep dive into how
generative Al applications are being designed now, and how they should
be designed in the future. Much of the current work in this area fo-
cuses on the capabilities, innovations, and outcomes of generative Al

215
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applications, leaving the achievements in generative Al design largely
unexplored. This lack of exploration hinders the development of appli-
cations that are accessible and well designed. For this reason, we aim
to solve this issue by creating taxonomies that systematically examine
the current state of generative Al designs.

In doing so, we aim to create a design compendium that generative
AT designers, researchers, and developers can reference to understand the
current state of the user experience (UX) and user interface (UI) designs
of generative Al. The overall goal is to lower the barrier to entry for those
interested in the UX and Ul of generative Al by giving them a foundation
upon which to build. For designers and developers specifically, this survey
can serve as a design library to inspire their designs for generative Al
applications. This survey prevents designers and developers from needing
to partake in large competitive analyses and allows them to learn from
design patterns currently utilized by other generative systems. For
researchers, this survey can guide further explorations of human-Al
interaction. This survey lists dozens of different ways that humans and
generative Al applications are currently interacting and can serve as
a foundation for researchers to dive into a specific area of human-Al
interaction or to dive into the area in a general sense.

1.1 Summary of the Main Contributions

This survey contains several major contributions to the human-Al
interaction field based on our survey of more than a hundred relevant
generative Al articles. The key contributions include key definitions
and disambiguation, relevant taxonomies, and research-based design
principles. Specifically, the key contributions of this work are as follows:

1. A formalization of the key notions and definitions and a
disambiguation and expansion of key terms relating to UI
and interactions for generative AI applications (Section 2).
We formalize vital definitions that are relevant to understanding
how a user interacts with a generative artificial intelligence system.
We also disambiguate user interactions by proposing a novel
concept of user-guided interactions, which are interactions that a
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user engages in willingly and deliberately. These do not include
implicit interactions or interactions that the generative system
detects without the user’s knowledge. Additionally, we outline the
different modality types that users can utilize to interact with
generative systems. In doing so, we aim to enhance the general
understanding of user interaction terms and their pertinence to
generative Al

. A survey and taxonomy of Ul interaction techniques

for generative AI systems (Section 3). We highlight and
categorize common user-guided interaction design patterns and
the context in which they are used. We focus on user-guided
interactions, as these are examples of how users deliberately and
intentionally communicate with the generative systems. We orga-
nize these interactions into a taxonomy highlighting prompting,
selecting, system and parameter manipulation, and object manipu-
lation. We aim to create a compendium of user-guided interaction
techniques that designers can refer to as they plan the designs for
their own generative Al applications.

A survey and taxonomy of user interface layouts for gen-
erative Al systems (Section 4). We survey key user interface
design patterns utilized in various generative applications. In do-
ing so, we present a taxonomy that categorizes and highlights
common user interface structures we found through the survey. By
generalizing standard Ul layouts, we prevent designers from start-
ing from scratch and encourage using these common generative
AT design patterns.

A survey and taxonomy of human-AI engagement levels
for generative AI systems (Section 5). We survey human-Al
engagement levels, which consist of the intensity of deliberate
interaction and collaboration between a system and the user.
We aim to expand on existing literature that has characterized
human-Al engagement levels by presenting more recent generative
AT examples and by including additional human-Al engagement
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levels. In doing so, we aim to present a holistic survey of the
current state of human-Al interaction levels.

5. A survey and taxonomy of AI applications and use cases
for generative AI systems (Section 6). We highlight and
categorize the different applications of generative Al systems to
survey how they are used in various domains. We aim to survey
these different use case areas to discover which user interfaces and
interactions are most appropriate for use in various situations.
With this knowledge, designers can discern which interaction pat-
terns and user-guided techniques are best used in their respective
domains.

6. An overview of key open problems and challenges that
future work should address (Section 7). We outline problems
and open issues that future research can focus on to address
generative Al accessibility, growth, and ethics. In doing so, we
can continue to ensure that designers continue to create designs
that incorporate solutions to larger issues.

1.2 Scope of this Survey

This survey focuses on user-guided interaction techniques for generative
AT applications. Such user-guided interactions are sometimes referred
to as controllability techniques. One simple example of such techniques
is when a user prompts a generative model via text and/or images;
similarly, another example is when a user selects text or a specific part
of an image to control the generation. We do not attempt to survey
interaction or controllability techniques that are not user-guided, nor do
we survey techniques that leverage user/system feedback and the like.
Given this, the purpose of this survey is to provide a recommendation on
which interaction techniques are most effective when applied to specific
use cases.
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Background and Preliminaries

We begin with basic definitions and notations to formalize the terms
that will be used in subsequent sections as we discuss user-guided
interactions and connected concepts. We formally define and discuss
the notion of user-guided interactions and explain concepts such as the
interplay and differences between prompting and inputs. Then, finally,
we discuss different modalities that users can utilize to interact with
the generative Al systems.

2.1 User-guided Interactions

We begin by defining user-guided interactions in order to distinguish
them as a specific type of user interaction. While user interactions are
any interactions, whether explicit or implicit, made by a user to affect
a system, user-guided interactions focus solely on interactions that are
explicitly made by users to affect a system in a pre-desired way. Given
this, this survey will only focus on user-guided interactions and how
they are used in the context of generative Al

Definition 1 (USER GUIDED INTERACTION). User-guided interactions
are defined as explicit user-initiated actions that a user deliberately
makes that affect the respective computer system.

219
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In terms of generative Al, user-guided interactions consist of any
actions that a user explicitly takes to affect the generative system. This
can be anything from prompting the system to complete a certain task,
to selecting and manipulating objects within a system, to adjusting a
system’s parameters to create a specific output. For example, a user
might write a prompt that generates an image. Then they might adjust
sliders or select specific parts of the image to manipulate it further. All
of these are examples of user-directed interactions. This definition does
not, however, include implicit user interactions, which are implicit or
indirect actions made by the user that the system acts upon without
being explicitly tasked to do so. Implicit user interactions include implicit
behavioral interactions that the system uses to create a user profile or
implicit feedback where the system infers user satisfaction based on
word cues or interaction delays from the user. For instance, a system
might alter its answers based on a user’s chat history or surface different
news stories based on a user’s implied political beliefs. We acknowledge
that these interactions are a crucial part of the generative process, but
these interactions fall outside the scope of user-guided interactions.

All in all, we focus solely on user-guided interactions in order to
provide a holistic, but focused survey of these types of interactions.
Doing so affords us the ability to delve deeper into the complexities of
user-guided interactions and offer a wide palette of interaction solutions.
In addition, we constrain our scope solely to user-guided interactions
as these are the interactions, between the user and system, that are
explicitly visible. For example, one can visibly see the interaction of a
user selecting a Ul element or prompting a system, but they cannot,
however, see a system collect implicit feedback or user data. Given that
user-guided interactions are those with visible interactions, they are
also the interactions that can actually be visibly designed. Given this,
this survey’s goal is to be especially helpful to those product, visual,
user experience (UX), and any other type of designer that has been
tasked with designing a generative Al user interface. To conclude, we
deliberately highlight and focus on user-guided interactions as their
implementation can greatly enhance the overall generative Al user
experience. Utilizing this scope ensures that this survey is focused and
understandable for designers of all levels.
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2.2 Prompts and Inputs

Definition 2 (INPUTS). An input is a piece of data, information, or
content that the user uploads to the system. An input, if available, is
what the prompt acts upon.

Definition 3 (PROMPTS). A prompt is a type of user-guided interaction
in which the user asks the generative system to complete a certain job.

Prompting a generative system is often the most commonly thought
of user-guided interaction associated with generative Al. As mentioned,
it consists of a user asking a generative system to complete a specific
task. While text-prompting is the most commonly thought of prompt-
ing modality, other prompting modalities include visual, audio, and
multi-modal prompting. In essence, prompting is an essential way that
users interact with and guide the systems that they are working with.
Meanwhile, inputs are data, information, or content that is uploaded to
the generative system. Like prompts, inputs can be text-based, visual, or
audio. In tandem, or sometimes on their own, these are two important
aspects of the generative Al user flow.

An important distinction is that this section does not consider
“prompts” as an input. Instead, we view user prompts and inputs as
often two separate entities, where a prompt is used to query the system,
and the input is what is being acted upon. As seen in Figure 2.1, if
there is an audio editing generative system, then the input would be
an audio file, but the user prompt can be text such as “Can you edit
this audio clip so that it is only one minute long?”. Thus, the input and
prompting are distinct since the prompt is a user-guided interaction
that acts on the input video.

We separate “prompting” and “inputting” as two different terms
because, from a user interaction point of view, they are distinctly
different. Whereas an input interaction is essentially some data that
the generative system is acting upon, prompting is the user-guided
interaction that consists of actually instructing the system to complete
a specific task. Furthermore, distinguishing between the two components
simplifies and focuses the upcoming discussion sections: Input Modalities
(Section 2.3) and Prompting (Section 3.1).
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9:41 all T ==

© Prompt
\ Can you edit this audio clip so that it is only 1

minute long? Cut out the audio segment from
00:45 to 00:55 seconds.

° Input T AudioCiip >

Figure 2.1: Prompt vs Inputs (Section 2.3): A visual summary of the distinction
between prompts and inputs. A prompt is a user-guided interaction where the user
asks the system to complete a task. Whereas the input is the piece of data, information,
or content that the prompt is acting upon.

Text Visual Sound

7] QD (o= v

Natural Language Data Code Image Video Visual Interactions Audio Speech

Figure 2.2: Modalities: A high-level visual summary of the different modalities
that generative Als use (Section 2.3).

2.3 Input Modalities

This subsection will focus solely on the input modalities that a user can
use when interacting with generative Al systems (Figure 2.2). As they
pertain to generative Al user interactions, we define inputs as data or
information that the generative Al system is capable of analyzing or
processing to generate a different output. After surveying the modalities
of different generative Al systems (Figure 2.3), we present the different
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Figure 2.3: Taxonomy of works by their input/output modalities: This
table lists major Al applications and summarizes their different input mediums.
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input modalities currently in use: text-based inputs (Section 2.3.1),
visual inputs (Section 2.3.2), and sound inputs (Section 2.3.3).

2.3.1 Text-based

Natural Language: Text-based natural language is a modality com-
monly used to interact with generative Al systems (Achiam et al., 2023;
Padiyath and Magerko, 2021; Suh et al., 2023a; Wang et al., 2024b;
Petridis et al., 2024; Zhao et al., 2023; Kim et al., 2023a; Cho et al., 2024;
Wang et al., 2024a). As noted, the text inputs in questions are not the
same as prompts. Text inputs can be anything from PDF files, structured
texts, and unstructured texts, but they are unique as they do not explic-
itly ask the system to perform an action on its own. It is the prompts
that do that, as illustrated in Figure 2.1. Given this point, Wang et al.
(2024a)’s AesopAgent is a prime example of inputting natural language
text into a generative system to create something novel and unique.
With AesopAgent, a user can input a short text story and separately
prompt the system to create a full script for the given short text story.
The system obliges and outputs a full script with storyboard images and
can even create a matching video. In doing so, the system essentially
can create a short animated video from just an inputted text story.

Data: Generative Al systems are often used as a tool to synthesize,
clean, or gain insights from input data (Achiam et al., 2023; Setlur
et al., 2016; Singh et al., 2024; Schneider et al., 2019; Swanson et al.,
2024; Doe et al., 2019). In relation to generative Al, inputted data can
be thought of as either raw or structured information or data that can
be in the form of text files, structured data files, system log files, etc.
Datasets, in general, can be large, untenable obstacles when it comes
to completing both academic and industrial goals. Having generative
AT help synthesize and digest data can make existing tasks easier and
make new tasks possible. Take Synthemol (Swanson et al., 2024) for
example. This system takes in chemical data to synthesize and design
new chemical compounds that are novel and synthesizable. In essence,
using data in the generative process, whether structured or unstructured,
can help users complete tasks, like chemical synthesis, that would be
extremely difficult to do without generative Al
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Code: Code is a common type of text that is both inputted and
outputted from generative systems (Ross et al., 2023a; Achiam et al.,
2023; Barke et al., 2023a; Chen et al., 2021; Finnie-Ansley et al., 2022;
Yen et al., 2023; Li et al., 2023a; Okuda and Amarasinghe, 2024). When
talking about code as an input or output, this can take the form of
programming languages, structured scripts, markup languages, query
languages, etc., and users could input it into a system to get help
completing it (Achiam et al., 2023), debug it (Achiam et al., 2023), or
ask questions to understand it (Ross et al., 2023a). For example, in
Ross et al. (2023a)’s Programmer’s Assistant, users can input raw code
and ask the generative system natural language questions about either
the inputted code or how to create new code. By inputting already
established code into the system, the system can interact with the input
and present new potential interactions that the user can partake in.

2.3.2 Visual

Images: Using images as an input to interact with generative systems
has become common, as users attempt to do everything from generating
new images (Padiyath and Magerko, 2021; Jeon et al., 2021; Betker
et al., 2023), to captioning images (Singh et al., 2024; Alayrac et al.,
2022), to creating infographics (Setlur et al., 2016). In essence, the
image modality consists of the user interacting with images of any type,
whether they are infographics, photographs, illustrations, etc., and many
systems have differing and unique uses for image inputs. For example,
one aspect of Singh et al. (2024)’s FigurAlly is creating alt text for
figures in research papers. A user inputs figures and the system will
create captions and alt text to increase accessibility or even help the
reader get a deeper understanding of the paper. Overall, image inputs
have a wide range of uses and are an extremely versatile modality as it
pertains to generative Al systems.

Videos: Videos are also a common input and output modality for
generative systems and are especially common in multi-modal LLMs
(MMLLMs) (Liu et al., 2023b; Cho et al., 2024; Gao et al., 2023; Wu
et al., 2023; Goyal et al., 2023). Users can use these systems to do
anything from generating or finishing videos (Cho et al., 2024; Liu
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et al., 2023b) to highlighting or annotating them (Liu et al., 2023b).
For example, in InternGPT (Liu et al., 2023b), a user can input a video
and prompt the system to complete a task pertaining to that video.
So in the system, a user could prompt it to edit an inputted video so
it matched a TikTok format. Generative Al interactions with video
modalities, such as this, have a wide range of uses for both professional
and amateur users.

Visual Interactions: Visual interactions are an input modality
that consists of any visual interaction or gestural movement that the
system records as an input. This includes visual movements in virtual
or augmented reality spaces (Giunchi et al., 2024; Konenkov et al., 2024;
Doe et al., 2019) or directly manipulating UI elements in a way the
system takes as an input (Lin and Martelaro, 2024; Jiang et al., 2023;
Suh et al., 2023a; Masson et al., 2023; Kim et al., 2023b). For example,
Konenkov et al. (2024)’s VR GPT allows users to gesture at certain
items to ask the system to interact with it. So if a user is trying to learn
how to correctly pack a medical bag, they may gesture at a first-aid
item and ask, “What is that?” In doing so, their pointing gesture is
recorded in the system as an input and is used in tandem with the
spoken prompt to interact with the system in a unique way.

2.3.3 Sound

Speech: Speech is a growing medium that more and more generative
systems can interact with. In most use cases, speech is often used or
generated by the system to help the user complete a speech-related
task. Take Borsos et al. (2023)’s AudioLM, which is capable of taking a
recorded spoken input and generating an “end” to the recording. So if a
user generates the first half of a speech, AudioLM can generate the rest
of the speech. Interactions that use speech as a modality, such as this
one, often create novel and relevant use cases for their respective users.

Audio: Similar to the video modality, audio inputs and outputs
have become a versatile way that the user can interact with generative
Als (Borsos et al., 2023; Wang et al., 2024a; Zhao et al., 2023; Gao
et al., 2023; Wu et al., 2023; Copet et al., 2023; Agostinelli et al., 2023).
In Wu et al. (2023)’s NExT-GPT, a user can input a sound recording
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of something like a plane taking off. From there, the user can prompt
the system to do something along the lines of “create a video that
this sound would come from.” The system will then use the inputed
audio recording to create an accompanying video of a plane taking off.
Inputting audio recordings offers another dimension that can be utilized
to prompt the system to complete a unique set of tasks.
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User-guided Interactions

Definitions and Scope: In the case of generative Al, user-guided
interactions are defined as explicit and deliberate engagements between
the user and the system that the user initiates or guides in the generative
process. Therefore, the scope of this section will focus primarily on the
actual user interactions explicitly performed by the user, and not implicit
interactions such as how a user’s interactions can implicitly inform an
Al system over time about their preferences. Many of these interactions
are performed by interacting with Ul elements, which, in this case, are
defined as the visual components that users interact with to manipulate
the generative process.

In the context of generative Al, we propose the following taxonomy
that categorizes user-guided interactions into the following categories:
prompting (Section 3.1), selection techniques (Section 3.2), system
and parameter manipulation (Section 3.3), and object manipulation
and transformation (Section 3.4). The current state of user-guided
interactions in Al applications is summarized in Figure 3.1.

1. Prompting (Section 3.1): Prompting is a user-guided interac-
tion in which a user asks or “prompts” the system to complete a
certain task or job. Such user-guided prompting interactions in-

228
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Figure 3.1: User-Guided Interaction Taxonomy. Generative Al systems and
tools are summarized using the proposed user-guided interaction taxonomy (Section
3).
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User-guided Interactions

clude text-based prompts (Section 3.1.1), audio prompts (Section
3.1.3), visual prompts (Section 3.1.2), and multi-modal prompts
(Section 3.1.4).

. Selection Techniques (Section 3.2): Selection techniques use

various tools and methods to highlight or choose a specific Ul
element (e.g., prompting blocks, image or text previews, parts
of an image, etc.) within the generative Al system to be further
interacted with during the generative process. Such selection
interactions include single selection (Section 3.2.1), multi-selection
(Section 3.2.2), lasso and brush selection (Section 3.2.3), and
multi-modal selection (Section 3.2.2).

System and Parameter Manipulation (Section 3.3): System
and parameter manipulation consist of user interaction techniques
that allow the user to adjust the parameters, settings, or functions
of an overall generative Al system. These interactions are often
used to personalize generated outputs to meet user needs. Such
user-guided system and parameter manipulation interactions in-
clude menus (Section 3.3.1), sliders (Section 3.3.2), and explicit
feedback(Section 3.3.3).

Object Manipulation and Transformation (Section 3.4):
Object manipulation and transformation interactions occur in
situations where the user directly modifies, adjusts, and/or trans-
forms a specific Ul element, like a building block, puzzle piece,
or similar entity. Doing so gives the user deeper control over the
system and allows them to interact with the Ul elements in a
unique and novel way. Such user-guided object manipulation and
transformation interactions include drag and drop interactions
(Section 3.4.1), connecting (Section 3.4.2) and resizing (Section
3.4.3).

Motivation: There is likely no generative Al system that utilizes

all of the techniques that will be outlined, nor should there be. The goal
of these user-guided techniques is to ensure a seamless and user-friendly
navigation of the respective systems to improve the generative process.
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Moreover, surveying such a wide array of user-guided techniques in
generative Al will help the reader understand which generative Al
techniques are most appropriate in a number of different situations. The
goal is also to expose several novel user interaction techniques that are
not widely known and to empower designers and developers to leverage
them to create powerful and accessible generative Al systems.

Variability: As such, we survey works that have used any of the Ul
interactions (e.g., text, visual prompts, drag-and-drop, sliders, selection,
in-painting, and so on), and categorize the systems that use each, and
how they use them, and the different ways each are used to guide the
generation process. This is useful to understand how each Ul interaction
(e.g., sliders) was used by existing systems (e.g., in the case of sliders,
some work used sliders to adjust the generative model hyperparameters,
while others used it to adjust the attention weights of specific user-guided
selections such as text that was generated).

3.1 Prompting

Definition and Scope: Prompting is a user-guided interaction in
which a user asks or “prompts” the system to complete a certain task or
job. Prompting, specifically text-based prompting, is often thought of
as the primary interaction method utilized to interact with generative
Al systems. Prompting is different than just inputting content like
images or videos, as the user is explicitly asking the system to perform
a task. An important distinction is that in terms of generative Al user
interactions, a prompt is not the same as an input. For example, if
there is an Al system like video editing, the input could be a video,
but the user-guided prompt can be text, such as “edit the video so it is
no longer than 10 seconds.” Thus, the inputs and prompts are distinct,
where the prompt is a user-guided interaction that acts on the input
video.

1. Text-based Prompts (Section 3.1.1; Figure 3.2(a)): Text-
based prompts consist of using written text, often in the form
of natural language, to prompt the system to complete a certain
task.
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Figure 3.2: Prompting Visual Summary (Section 3.1): An overview of the
four main prompting subcategories. Prompting is a user-guided interaction where a
user asks or “prompts” the generative Al system to complete a certain task.

2. Visual Prompts (Section 3.1.2; Figure 3.2(b)): Visual
prompting consists of using visual communication, like gestures,
to prompt the system to complete a certain task.

w

. Audio Prompts (Section 3.1.3; Figure 3.2(c)): Audio prompt-
ing consists of using speech or any other type of audio to prompt
the system to complete a certain task.

B

. Multimodal Prompts (Section 3.1.4; Figure 3.2(d)): Multi-
modal prompting consists of using a mix of the previous methods
to prompt the system to complete a certain task.

3.1.1 Text-based Prompts

Text-to-text prompting: Text-based prompting is the most common
interaction medium a user uses when interacting with Generative Al
systems and has a wide range of applications (Goyal et al., 2024; Achiam
et al., 2023; Betker et al., 2023; Gero et al., 2022). While there are
several prompt mediums, systems like ChatGPT (Achiam et al., 2023)
and Dall-E 3 (Betker et al., 2023) heavily rely on text-based inputs.
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In ChatGPT (Achiam et al., 2023), for example, users primarily input
prompts like “explain the Krebbs cycle to me as if I were a child,”
and the system will output an explanation of the Krebbs Cycle in
plain English (Figure 3.2(a)). Meanwhile, in systems like Chen et al.
(2021), users can use text prompts to ask generative models to create
or continue a section of code for them.

Text-to-multimodal prompting: Meanwhile, multi-modal sys-
tems can also utilize text-based prompts and produce outputs of a
different medium like visuals (Alayrac et al., 2022; Liu et al., 2023b)
or audio (Copet et al., 2023; Agostinelli et al., 2023; Hadjeres et al.,
2017). Dall-E 3, for example, incorporates a text-to-image generation
system that takes text-based prompts and outputs an image. Another
example is text-to-video, where generative Al systems, like AESOP’s
agent (Wang et al., 2024a), take text-based prompts and create Al
videos. Text prompts are common in many multimodal generative Al
system interactions, with some examples consisting of, but not limited
to: text-to-image, text-to-video, text-to-audio, and so on. Similarly, some
generative Al applications (Zhao et al., 2023; Ren et al., 2023) allow
text-based prompts to ask questions about or manipulate multi-modal
inputs like an image or video. All in all, text prompts are often the
backbone of most user interactions because of their versatility and the
large amounts of different actions that can be performed.

3.1.2 Visual Prompts

Visual manipulation: Visual prompting consists of using visual
communication, like object manipulation, to prompt the system to
complete a certain task (Figure 3.2(b)). For example, Jigsaw (Lin
and Martelaro, 2024) created a set of puzzle pieces that each have a
corresponding instruction that the system can complete. So visually, the
user can manipulate, drag and drop, and connect these puzzle pieces
(each puzzle piece has a partial prompt) to create a new, larger prompt.
In doing so, they are visually manipulating Ul elements to prompt the
system uniquely.

Image-Prompts: As mentioned, there is a distinct difference
between prompts and inputs. A prompt is used to ask the system to
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complete a certain task, and some inputs can be used to do the same.
In turn, this makes it possible for some inputs, like visuals, to explicitly
prompt the system to perform a certain task. This is most common in
few-shot learning examples where a model can generate content based
on a limited number of training inputs (Alayrac et al., 2022; Wei et al.,
2023a; Radford et al., 2021). In Alayrac et al. (2022), an image of a
solved math equation can be inputted (i.e. 14+1=2, 14+2=3, etc.). Then,
using another image of an unsolved math equation (i.e., 1+3=7) would
prompt the system to generate a fill to that last equation. Whereas
the original picture of solved math equations would purely be seen as
inputs, the image of the unsolved math equations would be considered
a prompt, as it is prompting the system to provide an answer to the
unsolved equation.

3.1.3 Audio Prompts

Speech: When a user is embedded in a virtual environment and do not
have access to traditional text-based inputs, audio and speech become
one of the strongest ways to interact with AI models. In Konenkov
et al. (2024), the user can interact with the model by speaking into
the VR headset’s microphone. As it is a VR training application, users
can prompt the system by verbally asking it questions like “what is my
next step.” In situations like this, a user relies on speech as the primary
way to prompt the model for a response. Furthermore, speech opens
the door for those who struggle with traditional text prompts. Just as
LLMs such as ChatGPT rely on text-based prompts, models like these
embedded in VR environments often rely on spoken prompts in the
same way.

Audio Files: Some models (Borsos et al., 2023; Schneider et al.,
2019) can be prompted with just an audio clip. AudioLM is a novel
system that uses two audio clips, one being the input clip and the
other being the prompt clip, to extend the prompted audio clip. So,
for example, if a user has a ten-second speech (inputted clip) they can
prompt the system with the first three seconds of the clip, and then the
system will generate a new and unique continuation from those original
three seconds. This type of prompting is interesting because there is
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no natural language involved. Because the system’s only function is
to generate a continuation of the inputted audio, the only prompting
needed is the truncation of the original clip. This is significant because
few systems do not require either a spoken or written prompt. This
system is only able to use this novel system of prompting because it
only has a single function with essentially no extra parameters, so it
does not require extra written or spoken directions.

3.1.4 Multi-Modal Prompts

Dual-modality: DirectGPT (Masson et al., 2023) illustrates that it
is common for selection techniques to exemplify different modalities.
For example, Masson et al. (2023) explains how the DirectGPT system
incorporates a text-based and selection-based input simultaneously. In
this instance, users can highlight multiple words simultaneously and
then type a prompt that encourages the system to replace those words
with a synonym. Using a hybrid of several interaction techniques is
especially useful when a single-dimensional interaction does not address
the customer’s need on its own. Furthermore, hybrid interactions can
significantly reduce the amount of time it takes for a user to complete
a task, as seen in Masson et al. (2023), where users completed tasks 50
percent faster than those who utilized single dimensional interactions
like in ChatGPT.

Multi-modal LLMs: Meanwhile, multi-modal LLMs (MM-LMMs)
are becoming more common, as they are almost universal generative
tools that work in a number of different situations (Alayrac et al., 2022;
Achiam et al., 2023; Wu et al., 2023), NExT GPT (Wu et al., 2023)
is an empowered MM-LLM, meaning that it takes inputs from any
modality and can output in any modality. It relies on a mix of searching
for keywords and detecting the input modalities to decide what the
output modality should be.

3.2 Selection Techniques

Definition and Scope: Selecting, in terms of generative Al systems,
consists of choosing or highlighting a specific Ul element to further
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interact with it. Selecting UI elements and utilizing selection tools has
become a major user interaction method utilized in many generative
Al systems. Selectable Ul elements and buttons, selectable inputs and
outputs, and dropdown menus all offer a way to directly interact with
the system. Meanwhile, selection tools such as selection boxes, lassos, or
marquee tools enable users to choose precise areas or objects generated
by the Al. By incorporating these user-interaction techniques, users are
able to select content with more control and accuracy.

» Single Selection (Section 3.2.1; Figure 3.3(a)): A single-
selection interaction consists of clicking or choosing a single GUI
element that will be interacted with further. An example would
be a user choosing one of 3 outputs that they wish to iterate on
further.

o Multi-Selection (Section 3.2.2; Figure 3.3(b)): A multi-
selection interaction consists of clicking or choosing multiple UI
elements that will be interacted with further.

o Lasso and Brush Selection (Section 3.2.3; Figure 3.3(c)):
Lasso and brush selections are selection techniques where a lasso
or brush is used to create a bounding box that controls the region
where a specific prompt is applied (Figure 3.3(c)).

3.2.1 Single-Selection

A single-selection interaction consists of clicking or choosing a single
UI element (e.g., selecting one of several outputs, choosing part of an
image, etc.) that will be interacted with further (Lee et al., 2023; Suh
et al., 2023a). Luminate (Suh et al., 2023a) is an LLM that intakes a
prompt from an author writing a story and outputs several different
story options based on the original prompt. Utilizing single-selection,
the user clicks on and chooses which of the story options they want to
further iterate on. So if a user prompts the system to write a short story
about an astronaut, the system will output several stories. From there,
the user can click and select the story that best fits their needs. Selection
interactions, as opposed to prompting, are often utilized because of
their ease of use and efficiency.
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Figure 3.3: Selection Techniques (Section 3.2): Selecting, in terms of generative
AT systems, consists of choosing or highlighting a specific UI element in order to
further interact with it.

3.2.2 Multi-Selection

Multi-Select to Alter: Multi-selection consists of interactions where
users can select multiple elements simultaneously with the goal of
interacting with multiple elements at once. For example, Direct GPT
(Masson et al., 2023) allows the user to make one or more selections
within an inputted text and create a tool that affects all of the selected
words. For example, say a user is writing a story, but they feel that
their story is a bit bland, and they want to make the vocabulary more
descriptive. They can use multi-select the words that they want to make
more interesting, such as “run”, “eat,” and “said,” and then they can
type “replace with synonyms” in the prompt module. The system will
take all of the words that they selected and replace them with more
interesting words like “dashed,” “devoured,” and “exclaimed.” In using
the multi-select interaction, users can find and select multiple elements
or words that they want to interact with further.

Multi-Select to connect: Furthermore, multi-selection is often
used to select multiple outputs so that the user can connect them
together (Padiyath and Magerko, 2021; Jeon et al., 2021). For example,
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Padiyath and Magerko (2021) is a generative fashion Al system that
creates several dress outputs for a designer. The user can then use
multi-select to select multiple aspects from different dresses and add
them together to create a new dress. So, the fashion designer could
select the sleeves they like from one dress, the corset they like from
another, and the straps from another output, and use all these parts of
a dress to prompt the system to create new designs. In cases like this
one, multi-select is used to select and add together multiple elements
to prompt the generative Al system with the sum of those elements.

3.2.3 Lasso and Brush Selection

Inpainting: Lasso and brush selection, also known as inpainting, al-
lows users to use a tool to select very specific parts of a larger element.
Whereas other selection methods make you choose an entire element,
inpainting allows users to fine-tune and edit their selection. Prompt-
Paint (Chung and Adar, 2023) focuses on enhancing the generation
of images by brushing over the image to better control the generation
process where multiple prompts can be mixed. Different prompts can be
applied to different regions of the images. The paint-like interactions can
be seen as a type of visual selection via lasso, where the lasso bounding
box controls the region that a specific prompt is applied. Another work
called PromptCharm (Wang et al., 2024¢) allows the user to create a
mask M over a generated image I by brushing over the area of interest,
and then a new image I’ is generated by modifying only the pixels of T
that lie within the mask M. The user can guide the inpainting process
by typing a text prompt x; that is applied only to the masked region
of I.

3.3 System and Parameter Manipulation

Definition and Scope: The System and parameter manipulation cate-
gory consists of user interaction techniques that allow the user to adjust
the parameters, settings, or functions of an overall generative Al system.
These interactions are often used to personalize generated outputs to
meet the needs of a user. Some examples of this type of user-guided
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interaction consist of Menus (Section 3.3.1), Sliders (Section 3.3.2), and
Explicit Feedback (Section 3.3.3).

o Menus (Section 3.3.1; Figure 3.4(a)): When a user either
inputs their own parameters or chooses from preset options to
change the parameters of the generative process. An example
would be a user using dropdown menu options to alter the output
parameters.

o Sliders (Section 3.3.2; Figure 3.4(b)): A UI element that can
be “slid” to adjust the parameters of the generative Al system.

o Explicit Feedback (Section 3.3.3; Figure 3.4(c)): Explicit
feedback (i.e., thumbs up/down, written critiques, etc.) is a user
interaction that is used to expressly personalize the system to the
user’s preferences.

Thanks fo the feedback! Next tme | will 3sk

— —— >

.
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)
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(a) Menus (b) Sliders (¢) Explicit Feed-
back

Figure 3.4: System and Parameter Manipulation (Section 3.3): User inter-
action techniques that allow the user to adjust the parameters, settings, or functions
of an overall generative Al system.

3.3.1 Menus

Preset Option Menus: Menus are user-guided interaction features
that allow users to either input their own parameters or choose from
preset options (Wang et al., 2024b; Suh et al., 2023a; Jiang et al., 2023;
Kim et al., 2023a). A common example of a parameter-selection menu
is a drop-down menu that allows users to adjust the parameters of a
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system with preset parameters. An example of this can be seen in Suh
et al. (2023a), with a system that helps users write stories or poems. In
this system’s Ul, there are drop-down menus that allow users to impact
the output’s tone, mood, and overall structure. In menus like these, the
user can choose between pre-set parameters to adjust the overall output.
Being able to utilize Ul features to quickly adjust output parameters
drastically speeds up the user experience and lowers the user’s cognitive
load.

Input Menus: While drop-down menus are a common interaction
used to adjust parameters, some systems have menus that solely rely on
manual user input. These menus allow the user to input text parameters
that work in tandem with the prompt to create a concise output. For
example, in Setlur et al. (2016), users can create a data visualization
given a data file input and can adjust the generated data visualization by
changing typing in different parameters. So if a user prompts the system
to “map out all earthquakes in California,” there is a parameter menu
next to visualization where they can manually type parameters like time
range, location range, etc. that will affect the generated visualization.
Similarly, PromptCharm (Wang et al., 2024c) is an image generation
platform that allows users to generate images with text prompts and
menus. In terms of menus, for example, PromptCharm has an “image
style” menu where a user can input text separate from the original
prompt that allows them to specifically impact the image style. Overall,
menus allow users to add another dimension to their already existing
prompts and guide them to manipulate specific parameters within the
generative process.

3.3.2 Sliders

Range Adjustments: Sliders are visual Ul elements that are able to
manipulate the parameters of the generative Al system (Chung and
Adar, 2023; Setlur et al., 2016; Wu et al., 2022). For example, in Eviza
(Setlur et al., 2016), sliders are used to control the parameters of the
type of data that is being shown. Eviza is a data visualization software
that overlays data onto a map and the user can interact with the sliders
to affect the types of data that is being shown. So if the system generates
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a historical map of earthquakes in California, the user can manipulate
the output by using the sliders to ensure that only earthquakes with
magnitudes greater than 5.0 are shown. Essentially, in cases like this
one, sliders are used to manipulate data being and work in tandem with
the original prompt.

Attention Weights: During the generation process, PromptCharm
(Wang et al., 2024c) allows users to select specific tokens in the prompt to
then adjust their attention weights via a slider that is dynamically shown
for the token selected. This is another user-guided interaction to better
control the generated image and how the model attends to the specific
tokens in the prompt, which can be viewed as importance/influence
scores. Hence, the user can ensure that the tokens most important to
the user are also consistent with the importance in the model, giving
another axis of fine-grained controllability during the generation process.
This can also be viewed as an explainability feature that can help the
user refine the prompt directly as well (e.g., tokens in the current prompt
can be highlighted via a colormap that corresponds with the attention
weights of each, and then the user can modify the prompt by adding,
removing, or rephrasing the prompt accordingly).

3.3.3 Explicit Feedback

Binary Feedback: A user’s explicit feedback is a user interaction type
that can change a system’s parameters and, therefore, the generative
system as a whole (Petridis et al., 2024; Achiam et al., 2023). Giving
feedback to the system can be anything from giving an answer a thumbs
up or thumbs down (Achiam et al., 2023), to explicitly instructing the
system to respond a certain way, i.e. “Critique: when I talk about my
mom, ask how she is doing” (Petridis et al., 2024). For example, systems
like Achiam et al. (2023) offer binary feedback on whether the answer
that the generative model gave was good or bad. More specifically,
the system provides a thumbs up or down option to allow the user to
give explicit feedback as to whether or not they were satisfied with the
outputted answer.

Comprehensive Feedback: Meanwhile, systems like Petridis et al.
(2024) allow users to give more specific feedback than just a binary
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“good” or “bad” response. Constitutionmaker allows users to rate an
output by giving it kudos, critiquing it, or rewriting it. As seen in
Figure 3.4(c), a user can write out a specific critique, such as “Critique:
This response is bad because it gives me too much information at once.
Next time ask me follow-up questions instead.” The system will then
take this feedback and add it to its own constitution, and all of the
subsequent outputs will follow the rules set forth in the constitution.
Essentially, feedback techniques allow a user to adjust the parameters
of a system to their liking.

3.4 Object Manipulation and Transformation

Definition and Scope: Object manipulation and transformation inter-
actions involve the user directly modifying, adjusting, or transforming
a specific UI element. Doing so gives the user a deeper control over the
system and allows them to interact with the Ul elements in a unique and
novel way. Furthermore, these methods can also increase accessibility
for users who may find it difficult to interact with traditional input
methods. Some examples of this type of user-guided interaction consist
of Dragging and Dropping UI elements (Section 3.4.1) and Resizing a
UI element within the system, and (Section 3.4.3).

e Drag and Drop (Section 3.4.1; Figure 3.5(a)): Moving an
element to a specific location or in a way that manipulates the
generative system.

o Connecting (Section 3.4.2; Figure 3.5(b)) In connecting
interactions, a user stacks and connects two Ul elements in a way
that affects the overall generative process.

» Resizing (Section 3.4.3; Figure 3.5(c)): Altering the size of
a Ul element in a way that changes its function in the generative
process.

3.4.1 Drag and Drop

For Creation: Drag and drop interactions consist of moving an element
to a specific location or in a way that manipulates the generative system.
One work by Masson et al. (2023) leverages drag-and-drop interactions
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Figure 3.5: Object Manipulation and Transformation (Section 3.4): User
interaction techniques that modify, adjust, and/or transform a specific UI element,
like a building block, puzzle piece, or similar entity.

to help in modifying a vector graphic, e.g., they type “add a line from”,
then use drag-and-drop on the vector graphic to refer to the specific
locations, which are then included in the prompt being created via
direct manipulations.

To Connect: Dragging and dropping, as an interaction, often goes
hand in hand with the subsequent user interaction technique, connecting
(Section 3.4.2) (Kim et al., 2023b; Lin and Martelaro, 2024). Oftentimes,
users will drag and drop UI elements toward each other with the end
goal of connecting them. Take Jigsaw (Lin and Martelaro, 2024) for
example, a system that created a set of puzzle pieces that each have a
corresponding system instruction that the system can complete. The
user can then drag and drop the puzzle pieces to combine them, which
simulates connecting system instructions within a prompt. For example,
a user might connect a puzzle piece that has the prompt “Upload an
image” with two other puzzle pieces that say “remove people” and
“increase resolution.” By dragging and dropping these puzzle pieces
together, the user is essentially creating a prompt without having to
type it out. Dragging and dropping puzzle pieces with different system
instructions on them helps spur novel prompt creations and helps inform
the user what the application is capable of.
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To Disconnect: While the drag and drop interaction is often
used to connect two Ul components, often to prompt a system in a
unique way (Lin and Martelaro, 2024; Kim et al., 2023b), dragging and
dropping can be used to disconnect components. LMCanvas (Kim et al.,
2023b) is a system that uses sentence blocks as starting points that
users can interact with and generate content. In LMCanvas (Kim et al.,
2023b), users can write a sentence in a sentence block, use multi-select
to select half of the sentence, and then drag that half of the sentence
away from the other half of the sentence. In doing so, the user has
split the original sentence block, creating two sentence blocks that they
can further interact with. Essentially, drag and drop to split is another
way that users can interact with prompts in the generative system. All
in all, object manipulation techniques, such as this one, may be more
appealing to users who are more hands-on or are not as familiar with
the capabilities of generative Al.

3.4.2 Connecting

Prompt-to-input: As mentioned, connecting goes hand in hand with
drag-and-drop interactions. In connecting interactions, a user stacks and
connects two Ul elements in a way that affects the overall generative
process. For example, Kim et al. (2023b) aims to facilitate an easier
writing process by allowing users to create prompts and input “blocks”
that can be connected to simulate connecting a prompt to an input. For
instance, there may be a prompt/model block that says, “translate this
story from English to French.” Then, a user can drag an input block with
an English story onto that system instruction block, and the system will
recognize this as the user prompting the system to complete the task or
translating the inputted story to French. Interactions like these are ben-
eficial for visual or kinesthetic learners who may not be familiar with the
basic functionalities of traditional generative Al models like ChatGPT.

Prompt-to-prompt: A similar application that has already been
talked about, Promptpaint (Chung and Adar, 2023), allows users to com-
bine existing prompts together in a novel way. As mentioned, Prompt-
paint is a generative Al system that allows users to utilize multiple
prompts to create an image. A user can pick and choose which prompts
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on a prompt list they want to apply to a generated image. An interesting
feature that Promptpaint has is prompt mizing, where a user can add
prompts to a painter’s palette where each prompt is assigned a sort of
color blob, just as a normal painter’s palette would have. From there, the
user can “connect” the prompts together, which essentially connects the
contents of the prompt to create an image. This visual representation
of connecting prompts helps users visualize the connecting of two often
dissimilar prompts.

3.4.3 Resizing

General resizing: In terms of generative Ul interactions, resizing an
object can have drastically different outcomes depending on the system.
Suh et al. (2023b)’s proposed system, Senescape, is a generative Al
system that utilizes a resizeable canvas to make digesting information
much easier for the user. In Senescape, the user can resize the view port
of the canvas to adjust the amount of information that is generated and
subsequently shown to them. By essentially zooming in on an element on
the canvas, the system will generate more detailed information about the
respective element. Whereas if a user zooms out, they will see only high-
level information. In essence, using a resizing user-interaction technique
allows users to control the amount of information that is shown to them.
Doing so significantly reduces cognitive load and effectively gives the
user control over the system.
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User Interface Layouts for Generative Al

Definitions and Scope: In this section, we propose a taxonomy based
on different high-level user interface (UI) categories, looking at the
overall structures of generative Al user interfaces. Generally, a user
interface (UI) is defined as a means by which a human and a computer
communicate with one another (Norman, 1988; Chignell, 1990). In
the context of generative Al, we organize Uls into the following cate-
gories: conversational user interface (Section 4.1), canvas user interface
(Section 4.2), modular user interface (Section 4.4), and simulated user
interfaces (Section 4.5).

o Conversational User Interface (Section 4.1, Figure 4.1): A
conversational interface is an input-output based interface where
users interact with the Al on a turn-based cadence. This structure
mimics human conversation, allowing users to ask questions, input
media, and receive responses in a sequential format. Examples
include Al assistants like chatbots, zero-shot agents, and other
turn-based Al agents.

o Canvas User Interface (Section 4.2, Figure 4.2): A canvas
interface often revolves around generating and interacting with a
central piece of content. In this interface, the content in question
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Figure 4.1: Conversational UI: A conversational Ul is structured so that a user
interacts with the user prompt/input box. From there, their output(s) and output
history exist in a larger space within the Ul (Section 4.1).
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Figure 4.2: Canvas User Interface: A Ul structure with a central canvas area
that houses the primary content. The generative and other tools are often in the
periphery or off to the side (Section 4.2).

is often in the center of the Ul, and generative tools are often
on the peripheral. This interface category includes generative
systems that edit and generate content like images, videos, word
documents, code, data visualizations, and audio.

o Contextual User Interface (Section 4.3, Figure 4.3): Con-
textual Uls consist of a user interface where the generative element
is in a smaller Ul element that exists, structurally, in line with
a particular part of the larger UIl. Oftentimes, this contextual
generative Ul element exists near where the user is interacting
with the larger application.
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Contextual Ul Structure: Contextual Ul Diagram:

s Document

Subject Cenerative Ul Subject Generative Ul
Area Element
Area Element

Figure 4.3: Contextual User Interface: Ul Structures where the generative Ul
element appears inline in context to the primary user interaction space (Section 4.3).

o Modular User Interface (Section 4.4, Figure 4.4): Modular
Uls consist of user interfaces that are broken up into multiple main
interaction areas, with each of these interaction areas having a dif-
ferent function in the generative process. Modular user interfaces
are often used in systems with multiple levels of generation.

Modular Ul Structure: Modular Ul Diagram:

1 prompt Generaton 2 Graph Genaraton
l l > — f—

R 1 1

Function 1 Modules Function 2 Modules Function 1 Modules Function 2 Modules

Figure 4.4: Modular User Interface: A user interface layout that is broken up
into several interaction spaces, each with a different function (Section 4.4).

o Emergent Interfaces (Section 4.5): Emergent interfaces refer
to Uls that extend beyond traditional point and click graphical
user interfaces. Emergent interfaces are commonly thought of
as virtual reality (VR), augmented reality (AR), Tangible Uls,
voice user interfaces (VUIs), and any future interface that is not
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a traditional GUI. The goal of many emergent interfaces is to
provide a realistic and embodied,interactive experience that can
be used for training, entertainment, or exploration.
Motivation: We include this taxonomy as a compendium that
designers can use when designing a new generative system. The Uls that
follow all have specific use cases where they serve the user best, and
using the correct Ul in the appropriate scenarios will create a better
user experience overall. The goal of this section is to explain how and
when each UI structure can be used and to give real-world examples of
how these Ul structures are being used today.

4.1 Conversational User Interface

A conversational Ul is characterized as a user interface that is visually
structured in a way that mimics a conversation (Lister et al., 2020;
Achiam et al., 2023; Team et al., 2023; Miller et al., 2017), with there
being an exchange between a user and the Al system following a turn-
based cadence. This interaction space often consists of an input or
prompt box along with a section of the UI for interaction history
(Figure 4.3). Furthermore, this category will focus on conversational
user interfaces within GUIs, and not VUIs like Amazon Alexa and
Apple’s Siri.

In terms of generative Als, visual conversational user interfaces
primarily have the same or similar user interface structures. Generally,
much of the focus is on an input or prompting box where a user
can prompt the system to complete a certain task or ask it a question
(Achiam et al., 2023; Team et al., 2023). In conversational Uls a majority
of user-guided interactions will occur in this prompt or input box, as it
is the primary interaction space. Given this, the secondary interaction
space in conversational user interfaces is the chat history or output
section of the UT (Figure 4.1). The secondary interaction space houses
the output and/or a chat history of past interactions. This section can
store anything from past inputs and act as a chat history (Team et al.,
2023; Achiam et al., 2023) or even hold a single or a gallery of user
outputs that a user can select from (Betker et al., 2023; Lee et al., 2023;
Wang et al., 2024a). Furthermore, conversational Uls are especially
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accessible for users who may have lower technical literacy. In this UI,
all a user needs to do is type in the input box and prompt the model
to complete a task.

Although conversational Uls are mostly constrained by a turn-based
cadence and an input-and-output model, they are capable of a variety
of use cases. For example, systems like Team et al. (2023)’s Gemini can
be used to generate text and have general conversations, while systems
like Lee et al. (2023)’s BOgen can generate a gallery of 3D models.
Both of these scenarios also encapsulate one of the major strengths of
conversational Ul. Conversational Uls excel at asking the system to
make continuous incremental changes as the generative process goes
on (Achiam et al., 2023; Betker et al., 2023; Team et al., 2023; Liu
et al., 2023b). Similarly, conversational Uls excel at recalling information
from earlier in the conversation to inform more recent outputs. For
example, systems like Alayrac et al. (2022)’s Flamingo learn from earlier
conversations and inputs to perform one-shot tasks where they learn
how to identify images and patterns using past chat history. This is a
strength of visual conversational Uls, as both the system and the user
can reference earlier conversations. All in all, conversational Uls are
versatile in that they can be used to perform a variety of different tasks.

4.2 Canvas User Interface

As it pertains to the user interfaces of generative Al, we define canvas-
focused user interfaces as those that are structured with a focus on
a central canvas area within the Ul. Structurally, a majority of the
user interactions occur in this central canvas, with the generative tools
existing in the periphery (Figure 4.2). Canvas-focused user interfaces
are broken into two subcategories: content canvases and information
visualization canvases.

Content Canvases: Content Canvas user interfaces are a subcate-
gory of canvas Uls where the primary canvas area is occupied by a piece
of content such as an image or drawing (Chung and Adar, 2023; Liu
et al., 2023a; Lawton et al., 2023; Du et al., 2024; Padiyath and Magerko,
2021), a set of text (Shi et al., 2022), code (Ross et al., 2023a; Prather
et al., 2023; Barke et al., 2023a), or data visualizations (Setlur et al.,



4.2. Canvas User Interface 251

2016). An example of a content canvas is Du et al. (2024)’s DeepThlInk.
Deepthlnk (Du et al., 2024) is an Al art therapy tool that enables the
average person to draw in art therapy sessions. Its Ul is structured, so
there is a central canvas, and the generative and other art tools are on
the periphery. So the user essentially primarily interacts with the art in
the middle of the screen on the central canvas and can elicit help from
the generative tools on the periphery whenever it is appropriate. By
using this structure, most of the interaction is funneled to the central
canvas, whereas secondary interactions, like Al generation, occur on the
periphery (Figure 4.2).

Information Visualization Canvases: Information visualization
canvases focus more on visualizing input and output interactions on
a central canvas. While content canvases focus on a central piece of
content, information visualization canvases are essentially sandboxes
where users can directly manipulate components that alter the system.
These systems are used to help users visualize the interplay between
either the inputs (Lin and Martelaro, 2024; Masson et al., 2023; Kim
et al., 2023b) or the outputs (Suh et al., 2023a; Kim et al., 2023a; Jiang
et al., 2023; Suh et al., 2023b). Take Jiang et al. (2023)’s Graphologue,
for example. Graphologue (Jiang et al., 2023) is a system that takes
common prompts like “plan a vacation for me in San Diego” and outputs
a treemap that represents an itinerary for said trip. Whereas conversa-
tional Uls (Section 4.1) primarily output a block of text, visualization
canvases Uls output the same information in an easy-to-digest chart,
graph, or other visualization. Doing so lowers the cognitive load needed
to digest the outputted information and allows the user to interact
with specific parts of the output as needed. In the case of Graphologue
(Jiang et al., 2023), the system generates a canvas that visualizes the
output as a hierarchical treemap in which every “branch” represents a
part of the itinerary. Each branch can be expanded to reveal a list of
restaurants, a list of hikes, etc. Again, this type of Ul can be utilized to
break large pieces of information into easy-to-digest segments, lowering
the cognitive load of the user.
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4.3 Contextual User Interface

As it pertains to generative Al, a contextual user interface is a type of
UI where the generative interaction occurs in line with a specific aspect
of the larger subject area (Figure 4.3). Unlike canvas Uls, contextual
Uls’s generative action does not occur in the periphery and instead
occurs in line where the user is most likely looking. Oftentimes, the
generative Ul elements within contextual Uls appear unprompted, but
instead, as a result of something the user does within the subject area
(Jakesch et al., 2023; Chang et al., 2023; Fitria, 2021; Packer et al.,
2024). Other times, this UI structure is used to put prompting or other
toolbar interactions contextually within the subject area, as seen in
Masson et al. (2023). All in all, this type of Ul structure is an effective
strategy for lowering the cognitive load of the user as it displays relevant
interactions in context to the user.

Take, for example, Packer et al. (2024)’s MemGPT, a generative
Al system that contextually gives reminders to the user about the
person that they are talking to. This system works contextually within
a messaging application and “remembers” relevant facts about the
person the user is speaking with. Then, at appropriate times, a pop-up
window appears that reminds the user of relevant information about
the person they are chatting with. So, for example, if a user was talking
to their friend on their birthday, the system may contextually remind
them to say happy birthday and can go so far as to tell them what
birthday plans this person might enjoy doing. All of these interactions
happen contextually within the system and occur in what is essentially
another chat bubble. Contextual user interfaces are especially useful in
situations such as this one, where the generated output is relevant in
context to a specific unprompted input.

4.4 Modular User Interface

As it pertains to generative Al, modular Uls consist of user interfaces
that are broken up into multiple main interaction areas, with each of
these interaction areas having a different function in the generative
process (Figure 4.4). Modular user interfaces are often used in systems
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with multiple levels of generation. These systems necessitate a modular
design as each “module” is handling a different level of interaction (Yan
et al., 2023; Wang et al., 2024c; Singh et al., 2024; Petridis et al., 2024).
Take, for example, Wang et al. (2024c)’s PromptCharm. PromptCharm
(Wang et al., 2024c) is a text-to-image generative system with a modular
user interface. It is unique in that it has an interstitial step where the
system helps refine the user prompt to allow the text-to-image part
of the system to better capture the user’s original intent. This system
necessitates a modular design because it has two generative functions:
refining the user’s original prompt and generating an image based on said
prompt. For this reason, PromptCharm has three “modules” dedicated
to the generation and refinement of the original prompt and two modules
dedicated to the generation and refinement of the image. Given this,
modular Uls are useful in that they are versatile and can handle several
levels of interaction. Designers should consider utilizing them to design
interfaces for multi-level LLMs and other multi-functional generative
systems.

4.5 Emergent Interfaces

Emergent interfaces refer to Uls that extend beyond traditional point
and click graphical user interfaces. Emergent interfaces are commonly
thought of as virtual reality (VR), augmented reality (AR), Tangible
Uls, voice user interfaces (VUIs), and any future interface that is not
a traditional GUI. The goal of many emergent interfaces is to provide
a realistic and embodied, interactive experience that can be used for
training, entertainment, or exploration.

Simulated User Interfaces (VR/AR) allow users to interact
with generative systems in either virtual reality or some form of aug-
mented reality. Simulated Uls are often necessary when traditional GUIs
are incapable of helping a user complete a specific task. These interfaces
allow users to interact with the generative system in a way that can
teach them how to perform a certain task in a simulated environment
(Konenkov et al., 2024; Giunchi et al., 2024) or interact with data in a
tangible way (Doe et al., 2019). Take, for example, Doe et al. (2019)’s
DeepScope, a tangible user interface created in augmented reality that
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simulates the urban planning of a particular city. Deepscope essentially
helps users create a three-dimensional blueprint of a city that can be
used to discuss and visualize urban planning concepts. While they are
currently more difficult to create than GUIs, simulated interfaces, such
as DeepScope, are especially useful as they offer a tangible interaction
that GUIs lack. In turn, they are able to better train users how to
complete certain tasks or help them interact with “tangible” data in
real-time. Furthermore, they can increase accessibility for users who
may struggle to interact with traditional Al interfaces.

Voice User Interfaces (VUIs) have become embedded in many of
the mainstream generative Al applications such as ChatGPT (Achiam
et al., 2023), Gemini (Team et al., 2023), Llama (Touvron et al., 2023),
etc. The VUI in ChatGPT’s newest model, for example, can have a
full conversation, barely relying on the GUI at all. It is essentially
just a VUI version of their more traditional conversational interface.
Like with simulated interfaces, VUlIs increase accessibility for users
who may find it difficult to use traditional GUIs for whatever reason.
In addition, while current VUI technology is still primarily designed
with monolingual English speakers in mind, there emerges research on
exploring user control of multilingual style and developing a multilingual
conversational agent tailored to the needs of multilingual users (Zhu
and Zhao, 2025).
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Human-Al Engagement Taxonomy: From Passive
to Collaborative

In this section, we propose a taxonomy based on the different levels of
engagement in human-GenAlT interaction, going from least user interac-
tion to increasingly more (Shi et al., 2023a). More formally, engagement
is defined as the process by which interactors start, maintain, and end
their perceived connections with each other during an interaction (Oertel
et al., 2020; Sidner et al., 2003; Salam et al., 2023).

Specifically, we propose a spectrum of engagement levels going from
passive to fully collaborative. In particular, the main engagement types
identified include passive engagement (Section 5.1), deterministic engage-
ment (Section 5.2), assistive engagement (Section 5.3), and sequential
collaborative engagement (Section 5.4), and simultaneous collaborative
engagement (Section 5.5). We provide an intuitive summary of the
engagement level taxonomy in Table 5.1 and provide intuitive examples
of each in Figure 5.1. The engagement level dictates the application
scenarios supported by the generative Al system and the interaction
techniques.
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Table 5.1: Taxonomy of Human-GenAl Engagement. We summarize the
main categories of human-GenAl engagement and provide intuitive definitions and
examples of each.

Engagement Definition Examples
PASSIVE No direct user interaction - immersive news writing (Oh
ENGAGEMENT (§5.1) during the generation et al., 2020)
process leverages only user - personalized curated sports
profile and preferences articles (Kim and Lee, 2019)

- Al-generated user engagement
metrics (Gatti et al., 2014)

DETERMINISTIC Similar to passive, though - AI generated hierarchical
ENGAGEMENT (§5.2) user provides basic tutorials (Truong et al., 2021)
instructions to the genAl - automated newsgathering
model to start or stop the (Nishal and Diakopoulos, 2024)
generative process. - chemical synthesis (Truong
et al., 2021)
ASSISTIVE Offers indirect assistance to - follow-up question generation
ENGAGEMENT (§5.3) users such as making (Valencia et al., 2023)

suggestions. Systems using - autocompletion (Jakesch et al.,
assistive engagement must  2023)

understand the user - writing suggestions (Fitria,
intentions and high-level 2021)
goals.
TURN-BASED The generative process Turn-based conversational
COLLABORATIVE between the user and interfaces where the user makes
ENGAGEMENT (§5.4) generative model occurs in a a request, then AI generates
sequential fashion (i.e., content, and the process repeats
turn-based) in a turn-based fashion.
SIMULTANEOUS User and GenAl work A drawing system where user
COLLABORATIVE together in parallel to and generative Al draw

ENGAGEMENT (§5.5) generate the final content concurrently in
real-time (Lawton et al., 2023)

5.1 Passive Engagement

Passive engagement is defined as a system that generates content based
solely on implicit information gained by the user. The implicit inputs
can be anything from usage patterns, user preferences, or user search
history. Passive engagement consists of using these implicit inputs to
generate content, and in these scenarios, there is no active interaction
by the user. The systems generate content independent of user-guided
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Figure 5.1: Human-AI Engagement Taxonomy: A high-level visual summary
of the different Human-AI Engagement Levels (Section 5).

interactions and are often agent-initiated systems. Examples of passive
engagements in generative Al consist of social media engagement systems
that measure and generate user engagement metrics (Gatti et al., 2014;
Dorri et al., 2018), predictive Al medical models (Dogheim and Hussain,
2023; Farrokhi et al., 2024; Jeddi and Bohr, 2020), systems that curate
personalized news based on user preferences (Kim and Lee, 2019; Oh
et al., 2020), and systems that recommend personalized design assets
(Cai et al., 2022; Kadner et al., 2021).

An example of a system that leverages passive engagement is PINGS
(Personalized and Interactive News Generation System) (Kim and Lee,
2019). This system automatically generates personalized sports news
stories based on a user’s preferences. Systems that utilize passive en-
gagement are often used to create outputs that rely heavily on user
preferences or other implicit interactions. The best passive systems
successfully integrate themselves into user’s lives and require little in-
teraction from the user. Furthermore, the success of these systems is
often measured by how well they can interpret a user’s passive inputs.

5.2 Deterministic Engagement

Deterministic engagement consists of a user-Al interaction cadence
where the Al system works almost entirely, void of user input or interac-
tion. In these scenarios, the system is provided preset parameters that it
uses to complete predetermined task(s). Often times the extent of user
interaction at this level of engagement consists of a user inputting preset



258  Human-Al Engagement Taxonomy: From Passive to Collaborative

parameters and/or telling the system to START or STOP. Deterministic
generative Als often only have a single use that can range from anything
from news gathering (Nishal and Diakopoulos, 2024), chemical synthesis
(Yang et al., 2024), and educational content generation (Truong et al.,
2021; Arakawa et al., 2022),

A novel example of this is a generative system that is responsible for
a “newsgathering” task at a newspaper outlet (Nishal and Diakopoulos,
2024). Essentially, this generative system is responsible for gathering
leads, data, and potentially newsworthy leads within a given news cycle.
This process is automated, and the generative system determines what is
newsworthy based on preset parameters. When it is finished, it presents
the topics that it feels to be newsworthy. This is a wholly automated
process, with the only human engagement happening when the system
starts and when it stops.

5.3 Assistive Engagement

The assistive engagement level is characterized by interactions that offer
indirect assistance to the users such as helping them complete a question
(Fitria, 2021; Jakesch et al., 2023), auto-completing incomplete code
(Barke et al., 2023b; Ross et al., 2023b; Prather et al., 2023), and helping
users keep their focus (Arakawa et al., 2023). This level of engagement
enhances a user’s output without taking creative control. Generative
Al that engages at an assistive level is incapable of functioning as an
independent agent and is not prompted to act by the user. Assistive
engagement is often ongoing and can occur several times while a user is
working on a project

This level of engagement has a lot of potential in terms of accessibility.
Take Goodman et al. (2022)’s tool, Lampost, which is essentially an Al
assistant that specializes in helping users with dyslexia write emails. All
in all, this level of engagement has the potential to help mitigate a lot
of accessibility issues related to reading, writing, or learning disabilities
as it can act as a new way to mitigate difficulties.

Assistive engagement is especially valuable in creative or academic
use cases where users need to generate unique or personal content. In
these scenarios, users can benefit from generative Al without being
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flagged for plagiarism or feeling disconnected from the creative process.
For instance, a person designing art software might receive suggestions
about color palettes to use, or a computer science student might be
offered fixes for compiling errors. Essentially, assistive-level engagement
is utilized in designing for use cases where users desire autonomy over
the generative process while still benefiting from generative Al.

5.4 Turn-based Collaborative Engagement

Turn-based collaborative engagement consists of a user working in
tandem with generative systems to complete a task or create a final
product. Commonly, the Ul structure of this collaboration method
follows an almost sequential, turn-based cadence with the user and
the system taking turns inputting and outputting information (Achiam
et al., 2023; Masson et al., 2023; Petridis et al., 2024; Ross et al.,
2023a; Betker et al., 2023). Scenarios such as these involve information
exchanges and are typically conversational in style. Moreover, the human
and Al are working towards a single goal such as creating and editing a
data visualization (Setlur et al., 2016), editing a piece of visual content
(Lawton et al., 2023; Wang et al., 2024a; Davis et al., 2015; Yan et al.,
2023; Bangerl et al., 2024), or writing a story or other piece of creative
content (Suh et al., 2023a; Wang et al., 2024b; Jiang et al., 2023; Kim
et al., 2023a). Furthermore, this interaction dynamic requires the user
to have some level of subject matter experience to guide the system.
In order for the user and the system to work collaboratively with one
another, there may be instances where the user may have to act as a
guide.

While common turn-based collaborative models include the likes
of ChatGPT (Achiam et al., 2023) and Dall-E (Betker et al., 2023),
one novel turn-based collaborative system can be found in Davis et
al. (2015)’s Drawing Assistant. This system is a drawing model that
generates art asynchronously with its user. Essentially, the human and
the AI take turns drawing, with the AI basing its drawing on the user
input. The system operates on a turn-based cadence, with the human
and Al not working simultaneously. While collaborative interactions
do not need to occur in real-time, this section is underscored by a
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back-and-forth interaction between the user and the system and is the
most involved of any interaction level.

5.5 Simultaneous Collaborative Engagement

In this section, we discuss simultaneous collaborative engagement that
occurs at the same time. More formally, the human and AT are collabo-
rating concurrently on a given task (Deshpande, 2020; Lawton et al.,
2023). As an example, a user and Al may be working simultaneously
on an image editing task where the user and Al are making changes to
different parts of the image in parallel. This is in contrast to turn-based
collaborative engagement discussed previously in Section 5.4 where the
user and Al take turns.

One novel engagement related to simultaneous engagement can be
found in Reframer (Lawton et al., 2023), a human-Al drawing system
that enables the user and generative model to draw concurrently in
real-time, where the user interacts with the system through drawing,
and these interactions, in turn impact what the Al draws, and vice-versa.
The system also includes a prompt, drawing models, such as draw, focus,
and explore, and sliders to control more advanced drawing features, such
as a slider to allow the Al more freedom, a recency slider that indicates
to the Al to either use more history when drawing concurrently or the
immediate past and so on.

More recently, there has been work on multi-agent approaches (Wei
et al., 2023b). In terms of simultaneous collaborative engagement, there
is also the situation where multiple Als or agents (multi-agent) can
work together simultaneously towards the same goal. Take Repilot (Wei
et al., 2023b) for example, a multi-agent approach that works side by
side with Barke et al. (2023a)’s Co-pilot, refining its outputs. Essentially,
Repilot was created as a generative system that takes Co-pilot’s code
suggestions and outputs as its own inputs. Then it refines Co-pilot’s
suggestions and iterates on them to reduce hallucinations and improve
the accuracy of the code. Overall, multi-agent approaches, such as
Repilot, are effective simultaneous engagements that add another level
of Al generation to an already existing generative process.
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Applications

Generative Al is transformative not only due to its flexibility in engage-
ment but also due to its wide range of applications. As seen in Figure
6.1, the ability to be an effective tool in everything from content creation
(Section 6.1), to data analysis and forecasting (Section 6.2), to research
and development (Section 6.3), to task automation (Section 6.4), and to
personal assistance (Section 6.5) makes it important to categorize them
in this way. In doing so, we can highlight key applications of generative
Al and explicitly explore the specific benefits that every application
type provides users. Furthermore, we will focus on the interplay between
these applications and the impact it has on the different UI techniques
used by the generative system.

. Data Analysis & 5
Content Creation Research & Development Task Automation Personal Assistance
/J o —
<[> & —
anlli —

Definition: Using Al to generate Definition: Using Al to digest Definition: Using Al to facilitate Definition: Using Al to automate Definition: Using Al to provide

o edit visual, textual, or audio datasets, create visualizations, learning complex topics and tasks to reduce manual personalized support based on

material based on user inputs. and make data-driven decisions. developing complex tools. workload. user preferences.

Benefits: Increases creativity Benefits: Supports decision Benefits: Increases creativity, Benefits: Increases efficiency Benefits: Increases user

and lowers barrier to entry. making and democratizes data handles time consuming tasks, and lessens workload. engagement and efficiency.
analysis. and reveals hidden insights.

Figure 6.1: Applications Taxonomy: A high-level visual summary of the different
generative Al Applications (Section 6).
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6.1 Content Creation

Overview and Examples: Content creation in the context of genera-
tive Al consists of prompting the generative system to create a specific
piece of generated material with specific parameters. Content creation
consists of anything from creating or editing visual media (Liu et al.,
2023a; Tang et al., 2024; Jeon et al., 2021; Davis et al., 2015; Wang et al.,
2024c; Chung and Adar, 2023) to creating written content (Achiam
et al., 2023; Yuan et al., 2022; Chung et al., 2022; Wang et al., 2024a;
Suh et al., 2023a; Wang et al., 2024b) or audio content (Agostinelli
et al., 2023; Copet et al., 2023; Borsos et al., 2023). The incredible part
about generative Al in content creation is that it lowers the barrier
to entry for many creatives. Take, for example, Tang et al. (2024)’s
RealFill, a generative fill system that responsively and accurately “fills”
in gaps in existing images or expands them in a way that is in line
with the user’s requests. This case also exemplifies that content creation
generative systems can be used both to edit content and create it from
scratch. Furthermore, content creation systems are especially effective
at lowering the barrier to entry for many creative domains as they
make it easier for the average user to be creative without having to be
an expert in the domain. Furthermore, it also speeds up the creative
process as the user can spend less time writing, editing, and pushing
pixels, and more time creating and brainstorming.

Common User Interactions: Content creation platforms can
essentially come in all shapes and sizes, but there are some Ul layouts
(Section 4) that, through our literature reviews, we have found to be more
common. For example, content creation often goes hand-in-hand with
conversational user interfaces (Section 4.1) and canvas user interfaces
(Section 4.2). The conversational user interface is especially useful in
generating written content but can also be used to generate images.
Meanwhile, canvas user interfaces are often best used in generating
visual content. Furthermore, content creation systems often use a mix
of different user-guided techniques, but there is often a large emphasis
on prompting (Section 3.1). All this to say, that while content creation
systems use a wide range of user interaction techniques, these were the
ones found to be the most common.
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6.2 Data Analysis and Forecasting

Overview and Examples: Data analysis and forecasting is one of
the applications where generative Al has the potential to make the
largest impact. With data becoming more and more valuable and
data sets becoming larger and larger, gleaning insights from them
has simultaneously become more important and more time-consuming.
Generative Al can help data experts both digest and glean insights
from data (Goyal et al., 2024; Achiam et al., 2023; Team et al., 2023)
and also help them visualize and present data in an easy-to-understand
format (Singh et al., 2024; Setlur et al., 2016). In doing so, generative
Al makes it easier to make data-backed decisions and increases the
efficiency and speed at which those decisions can be made.

Common User Interactions: Data Analysis and Forecasting
generative platforms take many different shapes, but through our survey,
we found that there were many different throughlines. In terms of Ul
layouts, we found that most data-focused generative systems have mostly
are either information visualization canvases, modular user interfaces, or
even conversational user interfaces (Section 4). Modular user interfaces
were effective at acting almost as a dashboard and allowing users
to adjust many parameters at once, while information visualization
canvases were more focused on a single visualization. Conversational Uls
were most effective when a user was attempting to ask for specific insights
about the data. In terms of common user-guided interactions, data-
focused systems often use many system and parameter manipulation
techniques to adjust the data’s parameters (Section 3.3). All in all, there
is no one correct way to create a data analysis and forecasting generative
system, these were just the common through-lines that existed for these
types of applications.

6.3 Research and Development

Overview and Examples: Generative Al has begun to revolutionize
research and development in much of the same ways that it revolutionizes
other fields. In terms of research, generative Al has made it easier to
learn complex topics and skills as it allows users to learn in a personalized
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environment (Cao et al., 2024; Malandri et al., 2023). Meanwhile, it also
can help develop products and do research-related tasks that normally
would be extremely time-consuming (Petridis et al., 2023; Chang et al.,
2023; Liang et al., 2024; Yen et al., 2023). Like many of the other
applications, generative Al in the research and development field makes
processes more efficient and enables developers and researchers to spend
less time on menial tasks.

Common User Interactions: Like all applications, research and
development systems use a wide range of user interaction techniques.
However, we found that there were common design patterns that were
used in many of the research and development applications. For one,
research and development systems often rely on conversational user
interfaces as these interfaces synergize well with the question and answer
cadence common in research and learning (Section 4.1). Meanwhile, the
contextual Ul structure can be used in development and research writing
settings to give relevant edits and suggestions to the users’ development
process within the context of what they are working on (Section 4.3).

6.4 Task Automation

Overview and Examples: Task automation has become one of the
strongest applications of generative Al. Essentially, this application
consists of generative Al automating often repetitive tasks that a human
would normally do. However, just because the job is repetitive, does
not mean it is low-skill, as generative Al is able to automate what
are usually considered high-skill tasks (Dogheim and Hussain, 2023;
Farrokhi et al., 2024; Jeddi and Bohr, 2020; Kim and Lee, 2019; Oh
et al., 2020). Like many of the other applications, automating tasks
increases efficiency and eliminates menial tasks. In doing so, this gives
users more time to focus on the larger task they are trying to complete
and leaves more time for decision-making.

Common User Interactions: Since task automation, by nature, is
designed not to have a large level of human interaction, one can imagine
that there would not be a large amount of user-guided interactions.
For the most part, task automation is mostly done in conversational
Uls (Section 4.1) as this is where the user initiates the automation.
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Naturally, in the same way, the most common user-guided interaction
is prompting (Section 3.1), as the user will commonly use prompts to
initiate the automation. All in all, while many different user interactions
can be used to create a task automation system, these two are the most
common.

6.5 Personal Assistance

Overview and Examples: One of the strongest aspects of generative
Al is its ability to give personalized assistance to each of its users based
on the user’s preferences and individual needs. Most commonly, it can
act as a chatbot that can converse with the user and help them with
personalized information or advice (Achiam et al., 2023; Team et al.,
2023; Ang et al., 2023) but can also act in place of customer support to
increase engagement and streamline interactions (Brynjolfsson et al.,
2023; Verma and Kumari, 2023). Furthermore, it is often commonly
used in line to spell check, provide edits when creating something, or
offer personalized, contextual help (Fitria, 2021; Jakesch et al., 2023).
The benefit of this is that users can access personalized and often
professional-level assistance at little to no cost. This application is
especially impressive as it sometimes serves as a stand-in for low-level
medical, legal, or professional advice (Li et al., 2023b; Yue et al., 2023).
All in all, the application of generative Al as a personal assistant changes
the way that users can access personalized advice and makes “expert”
level guidance more accessible to those who may not normally be able
to obtain it.

Common User Interactions: While personal assistance appli-
cations come in many different forms, these applications skew heavily
toward having a conversational user interface (Section 4.1). This should
come as no surprise, as much of the interaction with personal assistance
synergizes well with conversational Uls, which are essentially just con-
versations. Naturally, this also coincides with the fact that the most
common user-guided technique is prompting, most specifically text or
speech prompts (Section 3.1). However, there are some personal assistant
systems that leverage contextual user interfaces (Section 4.3), effectively
providing in-context personal assistance to the user in real-time. Using
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contextual user interfaces is effective when creating personal assistants,
as they understand the context in which the user is working and can
give them specific instructions inline with their task.



7

Open Problems and Challenges

Generative Al is a fast-growing space with many implications for many
different fields. For this reason, it is important that research continues
in this area, specifically looking at the role that user interfaces and
interactions play in generative Al development. In this section, we
discuss open problems and highlight important challenges for future
work.

7.1 Evaluating Generative Al Designs

As generative Al applications become more prevalent and expand their
uses, evaluating their effectiveness and validity becomes more and more
important.

7.1.1 Traditional Evaluation Methods

Fortunately, traditional UX research methods (i.e. a/b testing, user
surveys/studies, design evaluations, questionnaires) remain relevant
when evaluating new Al application designs (Bubas$ et al., 2023; Mulia
et al., 2023; Alhejji et al., 2022). For example, Masson et al. (2023)
used a direct comparison between their own new Al application and
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traditional ChatGPT. Through this a/b evaluation method, they found
that users completed tasks 50% faster and that user prompts were about
72% shorter. In another study by Alabduljabbar (2024), the evaluators
made a large dataset of Al application reviews and extracted relevant
evaluation information from there. This study also used a Likert Scale
from 1-5 to evaluate the overall user satisfaction with the apps they
tested. In addition to the aforementioned evaluation methods, user
studies, focus group testing, surveys, and design heuristic evaluations
are still capable at judging Al applications (Nielsen, 1995). Also, case
studies and user scenarios have also been used in the literature to assess
the effectiveness and feasibility of Al systems in more realistic settings
(Liu et al., 2025). All in all, traditional user evaluation methods should
still be seen as the foundational approach to testing Al applications.

7.1.2 New Evaluation Methods

Despite the fact that traditional approaches to user research can mostly
be used to validate existing Al applications, additional work must be
done to explore what new frameworks must be created to specifically
test Al applications. Al poses a new frontier in terms of novel human-
computer interactions. Thus, there is a possibility that new evaluation
methods must be pioneered to evaluate these new interactions. For
example, Creativity Support Index (CSI) has been widely used in
evaluating Al tools for creative tasks such as Shi et al. (2023b); in
Lawton et al. (2023), a new evaluation method was proposed specifically
to test their co-creation art tool, Reframer. Their new evaluation, Mixed-
Initiative Creativity Support Index (MICSI), had to be established
because co-creation between humans and Al is a novel interaction. In
essence, this evaluation method consists of user interviews informed by
two short user tasks. New evaluation methods, like MICSI, underscore
the need to explore new evaluation methods to validate Al applications
and systems.
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7.2  Accessibility

7.2.1 Designing for Disabilities

Generative artificial intelligence has the opportunity to revolutionize
how people with disabilities interact with technology, offering tools
that can help disabled users with common difficult tasks like writing
or “seeing” who is at a meeting (Goodman et al., 2022; Iyer, 2023).
Furthermore, Glazko et al. (2023) talks about how generative Al can
be used to benefit neurodivergent users who have trouble using the
correct tone in different messages at work. They can use products like
ChatGPT (Achiam et al., 2023) or Gemini (Team et al., 2023) to help
adjust the tones of their messages. However, the user experience for
disabled users is still lackluster in that many disabled users cannot use
it entirely independently. Many times, disabled users need assistance
from coworkers to verify that the system understood their original query
(Glazko et al., 2023).

Future generative artificial intelligence applications need to take
more care of users with disabilities when designing interfaces. Many of
the works surveyed did not address how their system could be used by
users with disabilities, nor did they address how accessibility would play
a role in the future. A simple solution is to involve designers or users
more in the design process and to center their needs while designing
the system’s user interfaces. However, extensive research has been done
on the role accessibility should play when designing traditional user
interfaces and experiences (Petrie and Bevan, 2009; Sauer et al., 2020;
Aizpurua et al., 2016), but the field still lacks extensive literature on
how designers should specifically design generative Al user interfaces
for those with disabilities.

7.2.2 Designing for Limited Technical Literacy

Generative artificial intelligence has the opportunity to level the playing
field for those traditionally marginalized by technology access. It does
this by lowering the barrier to entry for many fields of practice like data
science, illustration generation, fictional and nonfictional writing, and
so much more. However, many users lack the technical literacy to take
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full advantage of the aforementioned benefits which leads users to be
frustrated with or abandon generative applications altogether.

The user interfaces of common generative Al applications are easy
to use, as many times, the Ul elements are limited to chat boxes and
conversational history (Section 4.1) (Achiam et al., 2023; Team et al.,
2023; Betker et al., 2023). However, many of the applications we surveyed
have complicated user interfaces that are most likely targeted at users
who already have some understanding of the process. This can be done
if the designs place a greater emphasis on educational design elements
or even design elements that make discoverability much easier. User
interfaces of generative Al have the opportunity to democratize their
systems capabilities by designing for users who exhibit a large range of
technical literacy, not just ones who are already capable of completing
a task without generative Al. Therefore, future research should focus
on how user interfaces should be designed to better assist users and
give personalized experiences to users with both high and low amounts
of technical literacy.

7.3 The Future of Generative Al

7.3.1 Designing for Future User Interfaces

Just as quickly as it rose to prominence, generative Al will continue to
grow and embed itself within new technology. We have already begun
to see how generative Al plays roles in virtual (Konenkov et al., 2024;
Giunchi et al., 2024) and tangible user interfaces (Doe et al., 2019).
This evolution of generative Al technology will necessitate much more
research into how user interfaces should be developed for these new
mediums. Because these interactions often occur in three dimensions,
many of the best practices for designing two-dimensional applications
are not applicable. Therefore, additional work needs to be done to
outline and survey the user interactions of new technologies as they
emerge.

On a similar note, as mentioned, multi-agent approaches, like Wei
et al. (2023b)’s Repilot, are becoming more common. Essentially, these
multi-agent systems consist of when generative Al agents interact with
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one another rather than directly with the user. Therefore, as these
multi-agent systems emerge, there should be extensive work surveying
the common user interactions that exist within them. The user interfaces
of multi-agent systems should be transparent and clearly communicate
to users what is happening and which agent is acting at what time. In
continuing research on emerging generative Al technology, such as this
one, we can get a better understanding of the user interactions that are
needed to best serve the user.

7.3.2 Designing for Growth and Scalability

As generative Al continues to grow and is forecasted to grow significantly
in the coming decade (Halal et al., 2016), it is important that the user
interfaces grow and evolve with it. In almost every field, generative Al is
forecasted to grow, and with that comes a larger need for the application
to handle a more diverse set of users and use cases. Furthermore,
it is important to retain consistent user interaction patterns as the
application grows, preventing users from having to continuously relearn
how to use the app with every iteration. One of the major difficulties
that comes with scaling up a generative Al application is the increased
abilities and complexities that the application must now account for.
At the same time, they must account for these complexities while
also ensuring that the user interface is straightforward and easy to
use. This will address the concern that user interfaces could become
overwhelming and cognitively complex with more features being added
to the generative Al application. All in all, as generative Al applications
grow in size, designers must adapt to the capabilities of the system
while also continuing to meet the needs of the user.

7.4 Ethics

7.4.1 Designing for Harmful Bias Mitigation

Current literature has addressed and surveyed the current state of
both bias and harmful bias mitigation in generative Al. Literature like
Gallegos et al. (2024) detail how generative applications inherit biases
present within the training data that they were provided. Therefore,
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generative applications are known to propagate harmful stereotypes,
incorrect data, and skewed answers. Given this, there is still a need
to explore the role that good design and effective user interaction
design techniques can play in mitigating bias in generative artificial
intelligence. Most of the user interfaces that were surveyed in this work
do not address that their generative systems may be biased in some
harmful way, despite the fact that many of them are biased (Gallegos
et al., 2024).

Future user interface design approaches can potentially address
this by designing in features that are transparent about the bias that
the system might exhibit. Furthermore, more research can be done to
discover if there are ways to leverage user interaction techniques to
mitigate harmful biases, such as being able to give explicit feedback on
whether or not an answer is explicitly biased. More work can be done to
leverage a collaborative approach between users and generative systems
to mitigate harmful bias.

7.4.2 Designing to Prevent Misuse

Generative Al is very much a two-sided coin: on one hand, it is an
amagzing invention capable of lowering the barrier to entry for many
complex fields. On the other hand, it can be extensively misused. If mis-
used, generative Al can facilitate everything from opinion manipulation
and misinformation to plagiarism and much more (Marchal et al., 2024;
Ferrara, 2024; Wach et al., 2023). This misuse can have long-lasting
and profound negative impacts on society; for this reason, developers
can and should design with these considerations in mind when creating
generative Al systems.

Given this, it is crucial for future works to consider designing user
interfaces that include elements aimed at preventing misuse. Among the
generative Al systems we surveyed, there was little to no warning from
these systems that a specific query could lead to misuse. For instance,
if a user asks a generative system to create a chatbot that responds to
social media posts with misinformation, the system should inform the
user that this behavior can be considered misuse and explain why. By
incorporating such warnings, generative systems would have built-in
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protections that could prevent misuse before it occurs. This, in turn,
could prevent many of the negative societal impacts that generative Al
could have moving forward.

7.5 Data Privacy

As generative Al grows larger and larger, many systems are integrating
into various aspects of daily life. Through this process, users are more
likely to surrender sensitive personal data to generative systems, either
knowingly or unknowingly. Often, this is for good reason, as generative
applications thrive when they can provide personalized experiences
to each user. However, there should be guardrails in place to prevent
generative Al applications from collecting overly sensitive user data
without the user’s permission.

That being said, there are few design patterns specifically created
for data transparency. For this reason, more research is needed on best
practices for communicating to users how their data is being used. There
should be user interaction features aimed explicitly at ensuring that
users understand what data is being collected and how it is utilized.
Furthermore, designers should explore more solutions that allow users
to choose which personal data is shared. They can also investigate
educational design flows that help users understand the best practices
for sharing data with generative systems. By empowering users, designers
can ensure that they are well-informed and have control over their data
privacy preferences.



8

Conclusion

We have presented a comprehensive survey detailing various dimensions
of generative Al user interactions and the different design techniques
used to facilitate them. We began by expanding on common user interac-
tion concepts, defining a user-guided interaction as a form of interaction
that is explicitly and deliberately initiated by the user. Furthermore,
we detailed the different input mediums that users can utilize when in-
teracting with generative artificial intelligence. Next, we presented four
instructional taxonomies that outline how current generative systems
are designed for generative Al. These taxonomies include a taxonomy
of user-guided interaction techniques for generative Al systems, a tax-
onomy of common user interface layouts, a taxonomy of human-Al
engagement levels, and a taxonomy of applications and use cases for
generative Al systems. Our first taxonomy categorizes different types
of generative Al user-guided interactions, focusing on interaction pat-
terns explicitly initiated by the user. The second taxonomy addresses
key user interface layouts, specifically examining how and when they
are employed. Thirdly, the taxonomy on human-Al engagement levels
for generative Al systems explores the extent of user involvement in
the generative process and the levels of deliberate interaction taking
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place. Finally, the taxonomy of generative Al applications highlights
the various ways generative Als are utilized and the user interfaces that
best align with these use cases. We conclude our survey with several
actionable open problems identified during our exploration of generative
applications. Through this work, we aim to create a compendium of
common generative Al user interactions to lower the barrier to entry
for designers and non-designers alike.
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