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ABSTRACT

Generative artificial intelligence (GenAlI) systems introduce new
possibilities for enhancing professionals’ workflows, enabling novel
forms of human-AlI co-creation. However, professionals often strug-
gle to learn to work with GenAl systems effectively. While research
has begun to explore the design of interfaces that support users in
learning to co-create with GenAl, we lack systematic approaches
to investigate the effectiveness of these supports. In this paper, we
present a systematic approach for studying how to support learn-
ing to co-create with GenAl systems, informed by methods and
concepts from the learning sciences. Through an experimental case
study, we demonstrate how our approach can be used to study and
compare the impacts of different types of learning supports in the
context of text-to-image GenAl models. Reflecting on these results,
we discuss directions for future work aimed at improving interfaces
for human-AI co-creation.
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1 INTRODUCTION

Generative Al systems are rapidly improving, enabling new forms
of human-AlI “co-creation” [12]. Such systems have the potential to
enhance professionals’ creative practices, for example, by generat-
ing media artifacts like text, images, or video from user descriptions.
Various studies have shown that GenAl systems can enhance cre-
ative work, especially at early stages such as ideation or sketching
[22, 23].

However, research also shows that professionals struggle to work
with GenAl systems effectively—especially in more goal-directed
tasks where professionals aim to produce a specific outcome with
the help of GenAL In recent years, the HCI community has docu-
mented various challenges that professionals face in working with
GenAl systems across a range of domains such as coding, illustra-
tion design, or engineering [17, 27, 29]. For example, in the context
of text prompt-based interactions, users often struggle to craft input
prompts in ways that will achieve desired outcomes, and they face
difficulties in interpreting and repairing erroneous outputs [49].

Given these challenges, research has begun to explore mecha-
nisms and interfaces to better support professionals in working
co-creatively with GenAl For example, Zamfirescu-Pereira et al.
[49] propose interfaces that help users interactively explore Al
model capabilities and limitations by labeling and comparing LLM-
generated utterances in the context of a chatbot dialogue design sys-
tem. Following a different approach, several works have proposed
support interfaces that automatically suggest prompt variations
that are meant to reflect best practices for prompting [6, 41].

While such systems explore promising directions, recent work
has called for a more systematic approach to studying how to
support human-AI co-creation [39, 43]. We build on these calls,
drawing particular attention to the dearth of knowledge about how
to support people in learning how to work co-creatively. Given the
rapidly changing capabilities of GenAl systems, there is a need for
new support interfaces that help professionals adapt to emerging
modes of Al-augmented work.

In this paper, we take a first step to address this gap: We present
a methodological approach for studying how to support
learning to co-create with Al systems. Our approach is inspired
by prior evidence-based methods from the field of learning sciences
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Figure 1: A process for studying and designing learning supports for human-AI co-creation. Top row: Learning science-inspired
design process. Bottom row: Process as applied in our experimental case study.

for systematically studying the impacts of particular learning inter-
ventions, with respect to particular learning goals [11, 14, 25]. While
these methods have been used to study and support learning in
well-defined, closed-ended tasks in domains such as geometry or
stoichiometry [15, 20], it is less clear how they can be adapted for
more open-ended, co-creative contexts.

In this work, we explore an adaptation of this approach to study
and design learning supports for working with GenAlI systems. We
propose following a learning science inspired pipeline consisting
of the following steps: (1) identifying learning goals, (2) de-
veloping measures, (3) designing support mechanisms, and
(4) evaluating the resulting learning effects (see Figure 1 top).
Through an experimental case study with professional illustrators
who worked with a text-to-image diffusion GenAI model for the
first time, we demonstrate how this approach can be used to study
and compare the impacts of different types of learning supports for
human-AI co-creation with GenAl. Reflecting on these results, we
highlight directions for future work aimed at studying and design-
ing learning supports in the context of human-AI co-creation.

Overall, this paper makes two contributions: (1) we introduce
an evidence-based workflow for studying and designing learning
supports for human-AI co-creation, and (2) we provide an end-to-
end demonstration of this workflow through an experimental case
study.

2 TOWARD A RIGOROUS APPROACH FOR
STUDYING LEARNING TO CO-CREATE
WITH AI

Outside of human-AI (HAI) interaction research, the field of learn-
ing sciences has developed evidence-based methods for studying
the impacts of learning interventions with respect to specific goals
for human learning [11, 14, 25]. Core to these approaches is a "back-
ward" approach to instructional design. Rather than starting with
the design of the learning interventions themselves, researchers and
designers first identify a set of fine-grained learning goals: specific
skills and knowledge that learners should be able to demonstrate
if a learning intervention is successful. Next, these approaches in-
volve identifying or developing respective measures: instruments
that can assess learning with respect to the identified learning goals.

Learning interventions are then designed to align with these learn-
ing goals. Finally, the learning interventions’ effectiveness, with
respect to the learning goals, is evaluated through experimental
studies using the learning measures.

Following this approach, studies have shown that measuring
learning with respect to finer-grained learning goals that can be
tied to specific observable abilities, rather than vague notions of
“understanding,” allows one to gain more informative insights for
evaluating and refining learning interventions [4, 42]. We believe a
similar methodological approach is a promising starting point for
rigorously studying how to support learning to co-create with Al
systems.

In this work, we explore to what extent this approach can be used
to study how to support learning to co-create with Al systems. We
propose a pipeline consisting of the following steps: (1) identifying
learning goals, (2) developing measures, (3) designing support mecha-
nisms, and (4) evaluating the resulting learning effects (see Figure 1
top). In the next section, we demonstrate this process through an
experimental case study.

3 AN INITIAL END-TO-END CASE STUDY

To explore the value of this approach in the context of HAI co-
creation, we set up and ran an initial experiment. Below, we describe
the process of designing the experimental study, following the four
steps outlined in the previous section.

3.1 Context: Supporting illustrators in learning
to co-create with text-to-image GenAl

Our goal was to study learning to co-create with GenAl in an open-
ended task domain. In this case study, we focused on illustration
design tasks given that these involve complex conceptualization and
communication skills [16]. Illustration design often balances goal-
directed and open-ended requirements, making it a rich domain for
studying human-AI co-creation.

Our study focused on supporting illustrators in learning to create
images for a children’s book using Stable Diffusion—a prompt-
based open-source text-to-image diffusion model [38]. Such GenAI
models take an input text prompt and try to return an image that
best matches the input description. To run our experiment, we
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Figure 2: Interface elements of the chat-based GenAlI design tool developed for our study. (A) First, participants submit a text
prompt describing the desired image and (B) optionally, a negative text prompt describing concepts or elements that should be
excluded from the image. (C) Next, the generated image and the original prompt appear in the chat history view. (D) Depending
on the study condition, additional system-generated messages are displayed: (E) Prompt Suggestions offer alternative prompt
variations by expanding the user’s prompt with subject and style modifiers. (F) Guided Exploration suggests context-dependent
trial-and-error exploration strategies along with (G) related worked examples.

developed a React-based web application that integrates Stable
Diffusion into a simple chat-based interface (Figure 2).

Given our focus on illustration, we chose to study support mech-
anisms in the context of learning to co-create with text-to-image
GenAl Effectively working with current text prompt-based sys-
tems relies on a user’s prompt engineering abilities—the skill of
iteratively crafting effective input text prompts to achieve desired
model outcomes. Beyond today’s models’ limitations, we expect that
prompt engineering in its current form will substantially change,
for example, due to models’ increasing capabilities in interpreting
user intents [48] or by enabling multi-modal input modalities, in-
cluding sketching [32]. Nonetheless, we anticipate that the need
will remain for users to learn and adapt their communication to
the capabilities of specific co-creative Al agents, particularly when
working in open-ended task domains. Thus, we use current text-to-
image GenAl systems as a context through which to explore our
broader approach.

3.2 Identifying Learning Goals

For the purpose of testing our approach, we selected two examples
of skills that we speculate to be relevant for effective human—-AI
co-creation in prompt-based text-to-image AI models. However,
we stress that there are many other learning objectives that are
likely equally or more relevant to HAI co-creation, which should
be explored by future research. In the following, we describe our
process of identifying two goals for studying learning effects.

To select our two learning goals, we took inspiration from prior
research that aims to improve human-AlI collaboration by leverag-
ing mechanisms known to support effective human-human collabo-
rations, such as group cognition, shared mental models and theory of
mind [1, 2, 8, 19, 24, 46, 47, 51]. While it remains an open question

to what extent principles from human-human collaboration apply
to human-AI teams, such constructs may provide useful starting
points for identifying valuable goals and measures for human-AI
co-creation. For example, in our study context, to work success-
fully with a given text-to-image AI model, a user must first learn
about the model’s limitations (for example, that achieving certain
complex image compositions is challenging for the model). Further-
more, after learning about existing model limitations, the user then
has to learn which prompting techniques can help to overcome
these limitations (for example, emphasizing certain keywords in the
prompt). This forms the foundation for our two selected learning
goals, described below.

3.2.1 Conceptual Skill. For the first goal, we selected knowledge
of a specific model’s limitations (classified as a conceptual skill).
Past research on HAI collaboration in decision-making contexts
has shown that users’ ability to recognize model limitations can en-
hance the overall quality of decision-making. For example, Bansal
et al. [1] demonstrated that when humans rely on Al-generated
output for decision-making, their understanding of the AI’s error
boundary, i.e., the areas where the Al is accurate versus inaccurate,
helps them anticipate possible errors and decide when to override
the automated inference. In the context of human-human collabo-
ration, knowledge of a teammate’s capabilities and limitations is
known to enable adaptation and thereby support more effective
collaborative work [40].

3.2.2  Procedural Skill. For the second goal, we selected the ability
to overcome model limitations by employing model-specific
prompting techniques or strategies, which we classified as a
procedural skill. This skill was informed by previous studies on
text prompt-based GenAl systems, which identified that effective
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prompting requires specific techniques and strategies to overcome
model limitations. For example, following instruction-like template
structures, including specific keywords (prompt modifiers) or re-
peating phrases to emphasize concepts, can drastically improve
model output [9, 28, 33]. Furthermore, previous studies indicate that
effective prompting techniques can be learned through hands-on
trial-and-error practice and that recreating images through prompt-
ing can serve as a proxy task to measure this skill [34, 45]. Through
the lens of human-human collaboration, a crucial skill for effective
collaboration is the ability to (partially) adapt one’s own behavior
to other group members’ abilities and limitations [7, 40]. Trans-
lated to the context of learning to co-create with prompt-based
text-to-image Al models, we speculate that this skill relates to a
user’s ability to adapt their prompting strategy according to the
models’ limitations to generate desired image outputs.

3.3 Developing Measures

We next developed measures to assess learning toward each of these
two learning goals. To assess the conceptual skill (the ability to
identify model limitations), we constructed a survey instrument
that asks users to estimate the likelihood that a text-to-image
model would generate a given image based on a shown input
prompt (see Appendix Figure 3). The instrument consists of a
prompt-image pair and several six-point Likert-like items. Each item
asks participants to estimate the likelihood of the shown prompt
resulting in an image that would match the depicted image in terms
of style, composition, and meaning.

Furthermore, in line with prior literature, we constructed differ-
ent assessment items (prompt-image pairs) to differentiate between
near and far transfer assessment items to measure how well the
application of a learned skill generalizes across different contexts.
In particular, “near transfer” assessment items were more similar to
those that participants would practice during the design task itself.
“Far transfer” assessment items were intended to test generalization
by introducing aspects participants would not encounter during
the design task.

To assess the procedural skill (the ability to overcome model lim-
itations), we constructed an interactive survey instrument that
asks participants to recreate a challenging image as closely as
possible by prompting (see Appendix Figure 4). The instrument
asks users to provide positive and negative prompts to recreate a
depicted target image. After submission, a new image is generated
from the provided prompts and shown next to the target image
for visual comparison. Then, users can refine their prompts and re-
generate images two more times. After generating the third image,
users select one image that best matches the target. This task design
was inspired by previous studies of text-to-image AI models that
used similar approaches to study prompting practices and model
steerability [34, 45].

3.4 Designing Support Interfaces

After defining goals and measures, we implemented two support
interfaces: Prompt Suggestions and Guided Exploration (Figure 2). We
designed these based on interactions proposed in prior literature for
supporting text prompt-based GenAl tasks. Although these support
interfaces from prior literature were designed to support GenAl
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workflows, and were not explicitly designed to support learning,
our aim was to understand the impacts these interactions might
have on human learning.

We designed the first support interface, Prompt Suggestions,
based on prior research prototypes [6] and commercial systems
such as DALL-E 3 [5] that support users in working with text
prompt-based GenAl systems by automatically suggesting prompt
variations. In our implementation, after a user submits a prompt, the
system automatically suggests an alternative prompt that follows
common prompting best practices by extending and editing the
user’s original prompt. To implement this mechanism, we utilized
an LLM pipeline similar to recent support systems such as [6] (see
Appendix Figure 5 for further implementation details).

The second support interface, Guided Exploration, was in-
spired by prior work that proposes to support users in working with
GenAl through a trial-and-error exploration of model capabilities,
such as systematically testing different input-output combinations
[49]. In our implementation, the system frequently provides support
messages with suggestions for systematic trial and error strategies,
along with worked examples of successful prompt and image pairs.
We identified these prompt image-pair examples by conducting
a literature review [9, 28, 33], screening online prompt support
resources [21, 26, 44], and running formative pilot sessions prior to
the actual case study experiment. The aim of the developed support
interface is to guide users in systematically testing out different
prompting techniques to overcome specific model limitations. We
implemented this mechanism as a rule-based chatbot that would
provide context-aware support messages (see Appendix Figure 6
for further implementation details).

3.5 Evaluation Study: Procedure

To investigate the learning impacts of each support interface with
respect to our two specific learning goals, we conducted a remote
between-subject study with 90 illustrators (age in years M=34.3,
SD=11.7). We recruited participants via the online platform Prolific
who had at least two years of professional illustration experience
(years M=10.5, SD=9.6) and little or no prior experience in working
with prompt-based generative Al tools (such as ChatGPT or DALL-
E). All participants were native or fluent in writing English and
were paid 20 USD per hour. The study underwent approval by
our university’s IRB (#2023_00000192). Each study session took 120
minutes and was split into four phases: (1) Onboarding, (2) Pre-test,
(3) Design Task, and (4) Post-test.

Onboarding: At the beginning of the session, participants were
presented with a prompt guide that described common prompting

Number of Professional
Condition Participants Experience (years)
PROMPT SUGGESTIONS 30 M=9.1, SD=7.2
GUIDED EXPLORATION 30 M=10.7, SD=9.1
BASELINE 30 M=11.6, SD=12.0

Table 1: Participant counts and professional experience, by
experimental condition.
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techniques, basic functionalities, and general limitations of the
Stable Diffusion model (see Appendix Figure 9 for further details).

Pre-test: In the 30-minute long pre-test, participants completed
several activities that tested their abilities to recreate images
through prompting and identify model limitations (the measures
for assessing conceptual and procedural skills described in section
3.3).

Design Task: After the pre-test, participants started with the
design task. First, they watched a short video explaining the design
tool’s interface functionality. Then, they were presented with a de-
sign brief that asked them to create two illustrations for a children’s
book using our generative Al web application. After that, partic-
ipants had 20 minutes to work on each illustration task, during
which they could generate as many images as desired. Participants
were randomly assigned to one of the three support conditions
that controlled the type of learning intervention they would be
supported with during the design task: (1) Prompt Suggestions, (2)
Guided Exploration, and (3) Baseline — no interactive support (see
Table 1 for details). After task completion, they submitted one final
image for each illustration task.

Post-test: Lastly, after the design task, participants completed a
30-minute post-test identical to the pre-test. To mitigate possible or-
der effects, we randomized the sequence of the individual activities
across all pre- and post-tests.

3.6 Analysis

To assess participants’ learning, we compared their individual
scores from the pre- and post-tests. To measure the impacts on
participants’ ability to identify model limitations, we compared the
pre- and post-test scores of the Likert-like item responses for the
style and composition likelihood estimations of the near and far
transfer tasks. To measure participants’ ability to overcome model
limitations, we compared whether a participant’s images from the
pre- or post-test were visually closer to the given target image (in
terms of style and composition). To assess the visual similarity of
each image with the target image, we computed the cosine similar-
ity between the image’s CLIP embeddings and the target image’s
text prompt [36]. To analyze learning effects for each skill and
transfer distance, we fitted linear models—estimated using ordinary
least squares (OLS)—to predict participants’ post-test scores with
the support mechanism conditioned on participants’ pre-test scores
(formula: post-score ~ mechanism * pre-score).

3.7 Highlighted Findings

Overall, our results show that designers who received support
through any of the two interactive interfaces performed slightly
better than those designers without interactive support (Table 2).
Among participants with lower prior ability (as measured by the
pre-test), Prompt Suggestions had a positive effect on their ability to
overcome model limitations in the image recreation task, compared
with the Baseline condition, but had no significant effect on their
ability to explicitly identify these limitations (see Appendix Figure 7
for further details). Meanwhile, Guided Exploration had the opposite
effect. This intervention had a positive effect on participants’ ability
to identify model limitations (particularly in identifying style simi-
larity but not compositional similarity) compared with the Baseline
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Conceptual Skill Procedural Skill

The ability to identify
Condition ~ model limitations

The ability to recreate an
image through prompting

PROMPT SUGGESTIONS Positive effect *
GUIDED EXPLORATION  Positive effect *

BASELINE

*statistically significant

Table 2: Overview of measured learning effects of conceptual
and procedural skills after receiving different support mes-
sages (conditions). Participants in the Prompt Suggestions
condition improved in the procedural skill, while those in
the Guided Exploration condition improved in the conceptual
skill. There were no learning effects observed for participants
in the Baseline condition (see Appendix Figures 7 and 8 for
further details).

condition. However, Guided Exploration had no significant effect
on participants’ ability to overcome these limitations (see Appendix
Figure 8 for further details).

4 DISCUSSION

In the previous sections, we proposed an evidence-based workflow
for studying and designing learning supports for human-AI co-
creation, drawing upon established approaches from the field of
learning sciences. Through an experimental case study, we demon-
strated that this approach can yield insight into the learning im-
pacts of different interventions with respect to specific learning
goals for human-AI co-creation. More broadly, we believe that the
demonstrated approach provides a valuable and practical method-
ological foundation for future research aimed at improving HAI
co-creation across task domains and Al models. Below, we reflect
on our takeaways from this initial experiment and discuss possible
opportunities to refine and apply this methodological approach in
future research on HAI co-creation.

4.1 Reflections on the Case Study

Overall, although the observed effects were small, the results of
our experiment indicate that both interactive support interfaces
can support learning to work with generative Al systems. However,
each support mechanism promotes human learning toward
different skills. This points to the importance of designing learn-
ing supports for human-AI co-creation with particular learning
goals in mind, and running evaluations to ensure that the targeted
goals are truly supported.

Our Guided Exploration interface was intended to guide users
in systematically testing out different ways to overcome a specific
model’s limitations. However, to do so, this interface often explicitly
highlighted the model limitations themselves. This may be why
this intervention improved participants’ ability to explicitly identify
such limitations, even though it did not improve their ability to over-
come them. By contrast, the Prompt Suggestions interface appears
to have been more effective in helping participants learn effective
prompting strategies by example. However, this intervention did
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not explicitly highlight and name specific model limitations, which
may be why participants in this condition improved in their ability
to overcome model limitations, but not to explicitly identify these
limitations.

4.2 Toward a Taxonomy of Learning Goals
for Human-AI Co-creation.

The learning goals we selected in the case study primarily served to
test and demonstrate our approach to measuring fine-grained learn-
ing effects. While these goals for HAI co-creation via text-based
prompting were inspired by factors identified in prior literature,
we could have chosen many other reasonable learning goals that
might exist. Here, we deliberately focused on these learning goals
for the purpose of an initial exploration via an end-to-end case
study. However, by building upon our process, future work should
continue to identify more fine-grained learning goals for effectively
working with GenAlI systems. This includes skills for working with
text-based prompt systems (as in our demonstration) but also for
other non-text input modalities and domains, such as 2D sketching
[50] or 3D geometries [30]. Comparing the results of different stud-
ies would also allow identifying more generalizable HAI co-creation
skills across different GenAI models and task domains. Ultimately,
the goal would be to create a taxonomy of learning goals for
human-AI co-creation. As a starting point, future work could
seek further inspiration from prior literature that has identified
learning goals in open-ended tasks across various domains, such as
debugging in CS education, project-based learning in maker spaces,
or team learning within design teams [3, 35, 37].

4.3 Refining Measures and Analytics.

We constructed the measures in our case study to assess the extent
to which participants would master a specific prompt-related skill.
In the case of the conceptual skill (the ability to identify model limi-
tations from given prompt-image pairs), the assessment relied on a
likelihood estimation through Likert-like survey items, which di-
rectly reflects users’ estimations. However, to assess the procedural
skill (the ability to recreate images through prompting), we relied
on measuring the visual similarity of the user-generated images
with the target image. While we carefully calibrated our similarity
comparison mechanisms based on comparable approaches found in
prior literature [31], this analysis does not reveal any insights into
specific prompting techniques and strategies employed in creating
the images. Therefore, future work should, in addition to assess-
ing the generated outcomes, also develop methods to analyze the
prompting strategies of users. For example, in the case of text-based
prompting, some prior work has started to utilize NLP methods to
better assess users’ prompting patterns and structures [13, 34].

4.4 Designing Support Mechanisms
Tailored to Learning Goals.

Our primary goal was to provide an end-to-end demonstration of
our method’s ability to generate insights about different learning
interventions’ impacts with respect to specific, fine-grained learn-
ing goals for human-AI co-creation. For the purpose of testing our
study approach, we chose to design and implement two support
interfaces that follow different approaches for supporting working
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with GenAl systems as proposed by recent HCI work. Since the
results show different learning effects for both interfaces, we are
confident that the method generally allows us to detect nuanced
learning effects in the context of HAI co-creation tasks. In future
work, our workflow can be used twofold: (1) To evaluate the ef-
fectiveness of existing support strategies and interfaces to inform
their improvement and (2) to design new support interventions
specifically tailored toward fine-grain learning goals.

4.5 Exploring Continuous Evaluation
Mechanisms

The case study’s evaluation approach utilized pre- and post-tests to
gauge learning effects within an experimental study setting. This
approach allowed us to control the number of opportunities for par-
ticipants to demonstrate their knowledge and to directly compare
learning effects between support conditions. However, future work
should also explore approaches to continuously evaluate skills
inside the task itself to allow more opportunities for skill
demonstration. Such knowledge tracing-inspired mechanisms
[10] could eventually be directly integrated into a co-creative tool
itself as a way to interactively adjust and offer support interventions
depending on a user’s skill level.

5 CONCLUSION

While emerging GenAlI systems have the potential to augment pro-
fessional work and enable new forms of human-AlI co-creation,
current systems pose many challenges for professional users to
adopt GenAl systems into their workflows. Recent research has
started to suggest mechanisms to better support users in learning
to work with GenAlI systems. However, we currently lack a sys-
tematic approach to evaluate the impact of support interventions
on humans’ learning to co-create with AL In this paper, we pre-
sented an evidence-based workflow for studying and designing
learning supports for human—-AI co-creation by taking inspiration
from prior studies in the field of learning sciences. Furthermore,
we demonstrated that by following this approach, we were able to
gain insights into the impacts of different support interventions on
fine-grained learning goals within the context of working with text-
to-image GenAI models. While this paper represents a first attempt
to study the learning effects of support interfaces within text-to-
image GenAl tasks, we believe that the demonstrated approach
provides a valuable and practical methodological foundation for
future research aiming at improving human-AI co-creation across
task domains and AI models. We hope our work inspires future
research to build upon and collectively enhance support systems
for more effective and complementary human-AI co-creation.
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A APPENDIX

Imagine a situation in which an illustrator is trying to create an image using the
generative text-to-image Al system.

Question:
How close do you think the prompt on the left would get them to the desired goal
image on the right?

Prompt Goal Image

a family of four walking
next to each other, father
holds son on his
shoulders, mother holding
daughter pulling father’s
shirt from behind,
magazine illustration,
minimalistic, bright colors

Strongly Slightly Slightly Strongly
disagree Disagree disagree agree Agree agree

This prompt would generate

an image that matches the O O O O O O

goal image's style

This prompt would generate

an image that matches the O O O O O O

goal image's composition

This prompt would generate

an image that matches the O O O O O O

goal image's meaning *

Figure 3: Example of the survey instrument to assess participants’ ability to identify GenAI model limitations (conceptual
skill). The instrument consists of a prompt-image pair (middle) and several six-point Likert-like items (bottom). Each item
asks participants to estimate the likelihood of the shown prompt resulting in an image that would match the depicted image
in terms of style, composition, and meaning. In this example, the shown prompt is relatively simple and would probably not
generate an image that matches the goal image’s composition because it depicts different characters with complex interactions,
which is challenging to achieve with this model.



Here you have access to an Al system that turns your textual input prompts into
digital artwork. Your task is to recreate a given image with text prompts as
closely as possible.

Question:
What positive and negative prompts would you provide to create this image?

Positive Prompt

Negative Prompt

Figure 4: Example of the interactive survey instrument to assess participants’ ability to recreate a given image through
prompting (procedural skill). The instrument asks users to provide positive and negative prompts to recreate a depicted target
image. Not shown in this figure: After submission, a new image is generated from the provided prompts and shown next to
the target image for visual comparison. Then, users can refine their prompts and regenerate images two more times. After
generating the third image, users select one image that best matches the target.



Generating Few Shot Examples . >
with MagicPrompt-SD

otter swimming alone]|

FEW SHOT EXAMPLES (5x)

bright colors,
masterpiece, trending on
artstation, highly
detailed, stunning, hdr,
smooth”

2a

W

Generating Subject Modifiers with GPT-4

You are SubjectGPT, an assistant that expands the subject of natural language
commands for DALL-E. DALL-E is a text-to-image generative AI model.

You will assist a professional illustrator in generating prompts for DALL-E for
a children's book.

SubjectGPT will increase the level of description of the subject of the natural
language command. SubjectGPT will help ideate variations of the subject by
expanding on the visual description of the subject.

SubjectGPT will only output the expanded subject of the natural language
command. SubjectGPT will not output any mentioned style descriptions from the
original natural language command.

SubjectGPT's subject expansions will follow the guideline for generating
expanded subjects:

SubjectGPT's generation should have no mention of style, type of art medium, or
artist. SubjectGPT's generation should not mention any style modifiers such as
type of art medium, or artist.

Guideline for generating expanded subjects:

Be specific when describing the subject, including appearance, clothing,
actions, scene and background.

Here are examples of prompts from previous users:

FEW SHOT EXAMPLES

Original user prompt by professional illustrator:
<original-prompt> </original-prompt>

Only output 3 to 4 subject keywords! Do not output any style keywords. Only
describe subjects and scene.

Expanded subject (subject phrases only, comma separated, do not ouput a
numbered list):

Suggested Prompt

e ,

2b

A4

Generating Style Modifiers with GPT-4

You are StyleGPT, an assistant that expands the style of natural language
commands for DALL-E.

You will assist a professional illustrator in generating prompts for DALL-E for
a children's book.

You will increase the level of description of the style of the original prompt
command. You will help the professional illustrator in exploring different
styles. Your style expansions will follow the guideline for generating expanded
styles. You will only output the expanded style of the prompt command for DALL-
E. Your generations should have no mention of subject.

Guideline for generating expanded styles: A good style command includes five key
components: artistic medium, artistic style, artist’s name, and resolution.
Including artistic mediums, such as digital painting, photography, or
illustration, can dramatically change the style. Including artistic style, such
as impressionist or surrealist, can steer the overall feel of the image.
Including resolution, such as using keywords such as highly detailed, sharp
focus, 4k, 8k can affect the sharpness and level of detail in the image. Do not
use phrasal verbs. Do not repeat any keywords from the original prompt command!
Only output 5 to 10 keywords.

Here are examples of prompts from previous users:
FEW SHOT EXAMPLES

Original user prompt by professional illustrator:
<original-prompt> </original-prompt>

Only output 5 to 10 style keywords!

Do not repeat style keywords from the original prompt.

Do not repeat any keywords from the original prompt command!

Paraphrase style keywords from the original prompt.

Use style keywords related to illustration and avoid keywords such as hyper
realistic, photo realistic, or realistic.

Expanded style (style keywords only, comma separated):

subject Cheerful otter leisurely swimming in calm

waters, envisioning an island paradise
filled with luscious fruit trees and
vibrant flowers, dancing bubbles indicating
its dream state

style Digital watercolor texture, vibrant H
palette, highly detailed, 8k resolution, T
trending on Behance

Figure 5: Process diagram of LLM pipeline for generating Prompt Suggestions: (1) First, five different prompt variations are
generated from the original user prompt using MagicPrompt-SD [18], a GPT-2-based large language model fine-tuned on 80,000
stable diffusion prompts from the online community platform lexica.ai. This is done to generate domain context-specific
few-shot prompt examples for GPT-4 at a later stage. Then, subject and style modifiers are generated separately (2a and 2b) by
prompting GPT-4. These prompts consist of static instructions along with the dynamically generated few shot examples and

the original user input prompt.



Not really sure if the style modifiers in your prompt are actually having an
effect on the image?

If yes, here is what you can try:

« Experiment with adding or removing modifiers one at a time.
» Generate a new image to compare the difference.

Example

Adding a style modifier

Original prompt
an ice cream cone

Updated prompt
a cartoon ice cream cone

Are you not seeing drastic enough changes between iterations?
If yes, here is what you can try:

« Introduce volatility by looking for style modifiers online and
introducing them one by one into your prompt.

« Adding specific types of style modifiers like medium, artist name, or
time period may help.

Is there a mood, , object or il
emphasize more in your image?

you want to

If yes, here is what you can try:

« Experiment with repeating those elements to reinforce their
importance.
« Keep exploring variations of the prompt to see how the Al responds.

Example
Adding specific types of modifiers

Original prompt
a shark lying on the sand at the beach

Updated prompt
a digital painting of a shark lying on the sand at the
beach, by Paul Cezanne, Gothic Period...

Example
Repeating Keywords
Original prompt ~
...an illustration of a koala drinking tea and eating
cookies... |’
<
Updated prompt

an illustration of a koala drinking tea and eating

cookies, ... ki k ki

Are there subjects that get merged together in the images?
If yes, here is what you can try:

« Experiment with describing interactions of your subjects.
« Explore variations of the prompt to see how the Al interprets it
differently.

Example

Describing interactions

Original prompt
... abear and a rabbit ....

Updated prompt
... a bear dancing with a rabbit .......

")
(@

Are there any elements you would like to remove from an image?
If yes, here is what you can try:

» Add them to the negative prompt or modify your positive prompt
accordingly.

Example

Using Negative Prompt

Original prompt
...a photo of an astronaut in space...

Positive prompt
...a photo of an astronaut in space.

Negative prompt
moon, planet

Do all of your latest images look the same?
If yes, here is what you can try:

« Set the Seed to “Auto” and try generating the prompt multiple times to
observe if there are variations in the results.

« Sometimes, the prompt can yield different
outputs that might align better with your expectations.

Example

Generating with the same prompt

First Attempt
...a cat sleeping under a tree...

Second Attempt
...a cat sleeping under a tree......

Has the system generated an image close to what you envision, but you
want to make it more similar?

If yes, here is what you can try:
« Reuse the seed of that image and only slightly modify the prompt in

each iteration to continue working off of it with more acute changes.

« Click the Reuse Prompt and Parameters  button below an image to
reuse its seed and prompts.

Example

Reusing an image seed

Original prompt
... a butterfly, flowers, ...

[seed: 8633]

Second Attempt
... an organge butterfly, flowers, ...

[seed: 8633]

Does the Al system understand your prompt like a person would?
If not, here is what you can try:

« Find better descriptions of your design goal for the Al by
experimenting with synonyms or alternative words to your original
description.

s Try using less or specific ter
outcomes closer to your intended goal.

, which might lead to

Having trouble finding the right words to describe your idea?
If yes, here is what you can try:

» Look for style modifiers in prompt books or style guides and try them
one by one or with different combinations to achieve a more diverse
range of visual outputs.

- Here is a style guide for further reference

Example

Synonyms

Original prompt
a Greek goddess...drinking from a crystal cup

Updated prompt
a Greek goddess ...drinking from a crystal wine glass...

Example
Using popular modifiers

Original prompt
allama in a suit \

Updated prompt
a llama in a suit, studio lighting, waist and torso shot,
award-winning photogr i
surrealism,trending on artstation

Figure 6: Examples of messages designed for the Guided Exploration support bot mechanism. Each message contains suggestions
for systematic trial and error exploration (upper part) and worked examples of successful prompts and image pairs (lower part)
following best practices identified in prior literature.




Procedural Skill — Near Transfer Task

We fitted a linear model (estimated using OLS) to predict Post with Pre and Condition (formula: Post ~ Pre * Condition).
Standardized parameters were obtained by fitting the model on a standardized version of the dataset. 95% Confidence Intervals (CIs)
and p-values were computed using a Wald t-distribution approximation.
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We fitted a linear model (estimated using OLS) to predict Post with Pre and Condition (formula: Post ~ Pre * Condition).
Standardized parameters were obtained by fitting the model on a standardized version of the dataset. 95% Confidence Intervals (Cls)
and p-values were computed using a Wald t-distribution approximation.
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Figure 7: Linear regression results for assessment items targeting participants’ ability to overcome model limitations (procedural

skill).




Conceptual Skill — Far Transfer Task (Style Similarity)
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We fitted a linear model (estimated using OLS) to predict Post with Pre and Condition (formula: Post ~ Pre * Condition).
Standardized parameters were obtained by fitting the model on a standardized version of the dataset. 95% Confidence Intervals (Cls)
and p-values were computed using a Wald t-distribution approximation.
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and p-values were computed using a Wald t-distribution approximation.

Figure 8: Linear regression results for assessment items targeting participants’ ability to identify model limitations (conceptual
skill).



@ Guide to creating images with generative text-to-image Al
systems

Generative text-to-image Al systems can turn textual descriptions into images via prompting.
The Al model you work with during this study is called “Stable Diffusion.”

1. Prompt Example [&]

Hereis an prompt and corresp ing image:

Generated Image

a beautiful landscape of a tiny futuristic village in
the french countryside during spring season,
painting by studio ghibli backgrounds and frederic
edwin church hd and louis remy mignot hd, nice
spring afternoon lighting, smooth tiny details, soft
and clear shadows, low contrast, perfect

2. Negative Prompts X

In addition to the prompts, you can specify negative prompts, which can be used to say what should NOT

appear in the image.

The example negative prompt “Bright colors, people, realism”will result in images avoiding bright colors,
people as a subject, and realism as a style.

3. Seed

The seed parameter is a number that guides the creation of the image by defining a starting point. The
same seed with the same prompt produces the same image every time. Keeping the same seed enables
p! ibility while

the seed enables the exploration of different variations.

4. Common Best Practices
e For image generation, sticking to a standard prompt structure like
[Subject] [Medium] [Artist(s)] [Details] [Style Modifiers]

may help make it an easier format for the Al to understand your design goal.

e Prompts can be composed of so called style modifiers, which are descriptive words or short

p that are sep by that are used to dictate the aesthetic of the image.
Modifiers can include historical or artistic periods, artists, mediums, or adjectives. These can
heavily influence the overall look and quality of an image, so do not be afraid to include as many as

you can to communicate your design goal with the Al system.

e Negative Prompt: Usually, it is better to simply input the elements or styles that you don't want
(without "no" or "remove") in the negative prompt. E.g. "horse" instead of “no horse" if you want to
exclude a horse from your image.

e If you find part of your prompt is missing from the generated images, you can try adding synonyms,
using repetition, or rephrasing.

e Remember that the Al"! " words diff ly from people and may respond better to

specific keywords, styles, or internet terms.

5. How does this work? g

The underlying generative Al system is trained with images and image captions from the internet.

By detecting patterns and structures within these image and text pairs, the models can generate new
images that match a given text description (prompt).

However, generative models, like all Al models, are impacted by the data used during their training. When
biases exist within the training data, these biases can manifest in the images produced by the model in
various ways. In particular, due to its training data sourced from the internet, the model could exhibit a

p! inati specific key [ hetics that p!

d as popular trends on social
media platforms and applications.

6. Known Limitations of Generative Models

e Hands and feet are famously difficult for Al to generate.

e The systems require specific and detailed textual descriptions. If the prompt is vague or lacks
clarity, the resulting image may not accurately depict the intended concept.

e Producing realistic and precise images poses a problem for generative models, as they often
introduce extra elements or fail to capture essential details.

e The systems can face difficulty in p! the among obj;

within an image, leading to the generation of image outputs that may appear odd or unrealistic.

7. Safety Filter ¢

e Like many other generative Al models, this text-to-image model has a content filter to prevent
generating images that contain potentially harmful or illegal content.

e Even if your prompt does not explicitly request harmful or illegal images, terms such as “children,”
“kids,” or similar terms might trigger the content filter mechanism in certain cases.

e If you encounter such issues, rephrase your prompt and avoid potentially problematic terms.

8. Online Help Resources &

There are many helpful online resources available for learning to work with generative Al systems. For
example, a useful resource for prompting is lists of popular style modifiers or collections of generated
images along with their prompts.

Here are some websites you can use to get started:
Please open these links and keep them open in separate tabs

e Acollection of popular Style Modifiers grouped by categories
e Alist of Art Mediums with image examples

e Acollection of Aesthetics

Figure 9: The prompt guide that all participants received at the beginning of the study session before the pre-test.
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