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Abstract
Large Language Models (LLMs) can enhance structured design
thinking, yet existing copilot approaches integrate them into hu-
man workflows rather than exploring their autonomous potential.
This paper investigates how LLM-based communicative AI agents
can independently tackle open-ended design problems and how
their strengths and limitations inform human-AI collaboration. We
iteratively design a system where AI agents play different roles
and simulate human design activity through conversational turns.
The agents investigate user needs, identify design constraints, and
explore the design space, with useful insights emerging from their
interactions. To assess reasoning quality, we conducted a human
jury evaluation with five HCI researchers and explored potential
applications through a contextual inquiry with seven professionals.
Our findings demonstrate that integrating human design think-
ing techniques enhances AI reasoning. AI agents effectively tackle
design problems, generating low-novelty yet well-grounded and
practical solutions that meet key design requirements.

CCS Concepts
• Human-centered computing→ HCI design and evaluation
methods; Interaction design process and methods.
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Generative AI; End-user interaction with LLMs and Multimodal
models
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1 Introduction
Just as past industrial revolutions saw machine automation greatly
improving labor efficiency, the rise of generative artificial intelli-
gence (GenAI) heralds a promising future for automating knowl-
edge work, with the potential for dramatic productivity gains.
Specifically, recent advancements in Large LanguageModels (LLMs)
have brought elements of automation into the Human-Centered
Design (HCD) process. Existing applications include: understanding
user needs [76]; informing brainstorming, designing, and coding
of a project at the early stage [99]; augmenting human creativ-
ity and inspiring divergent thinking [91]; facilitating nontechnical
communication and system understanding between technical and
nontechnical team members [72]; providing enjoyable design ex-
periences [51]; assessing the feasibility of designs during the early
design stage [51, 65]; informing the strategic decision-making pro-
cess by analyzing user trends, preferences and sentiments [65]; and
many more.

However, despite these promising advances, current copilot ap-
proaches leave critical gaps unaddressed. In practice, HCD projects
face persistent challenges due to the need for multidisciplinary ex-
pertise, sustained user engagement, and complex coordination, all
of which require substantial human effort. While LLM-based copi-
lots can assist with specific tasks, they do not relieve human teams
of the broader burdens of integration, management, and oversight.
Moreover, the design process is deeply experience-driven, which
can lead to blind spots or unproductive directions when teams lack
expertise or carry biases. This raises a critical question: can we
move beyond task-level augmentation toward fully autonomous
systems capable of simulating the end-to-end HCD process? Such
systems could not only test the boundaries of design automation
but also offer scalable, accessible, and potentially transformative
approaches to human-AI collaboration. Therefore, this paper in-
vestigates how a fully autonomous AI system can directly tackle
design problems. It serves as a foundational study that guides future
research on human-AI collaboration in design automation.

Essentially, HCD prioritizes users’ needs, preferences, and ex-
periences throughout the design process, aiming to create intu-
itive, effective, and satisfying products, services, and systems [81].
Achieving this requires a deep understanding of user behavior,
emotions, aesthetics, and the interplay between technology and
users. Further, given that this knowledge spans business, techni-
cal, manufacturing, and marketing domains, mastering HCD is
beyond the capacity of any single individual. Consequently, HCD
is typically carried out by multidisciplinary teams, often involving
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direct participation from end-users [33]. This process is inherently
time-consuming and resource-intensive [11, 19, 82], with discovery
activities lasting four to eight weeks and iterative testing cycles
extending the overall design timeline [87]. Additionally, the neces-
sity for sustained user engagement and collaboration across diverse
expertise further adds to the complexity and investment required.
To address this problem, Schmidt et al. [76] point out that LLMs can
be used to play user roles based on personas in the design problem
scenario. The rationale behind this is that LLMs encode a broad
array of experiences that people have recorded, which can offer a
vast amount of information mimicking human feedback.

Building on the work of Schmidt et al. [76], we conjecture that
LLMs can go even further. Beyond simulating end-users, LLMs
can simulate the roles of members within a design team, including
users and professionals. This presents significant potential benefits
for human design teams in terms of availability, scalability, and
efficiency:

Availability It is challenging to assemble multidisciplinary teams
as such expertise may be difficult to source or might be
unavailable at the time. AI agents can potentially fulfill such
roles, either fully or partially.

Scalability Automated or semi-automated design processes pro-
vide resource-efficient ways of exploring larger design spaces
by increasing the pace of ideation and critique. This enables
design teams to potentially consider more opportunities for
design than otherwise.

Efficiency Projects are resource-constrained in terms of time,money,
personnel, and so on. By allowing AI to manage some tasks
in the early design stage, human designers can focus on
other tasks. For example, by bootstrapping a design project
with a partial AI-generated design, human designers can
more rapidly focus on other aspects, such as stakeholder
engagement or detailed design.

We emphasize that humans can play a supervisory role in guiding
and monitoring AI agents’ work where humans do not directly
engage in the design for frontline tasks but stand behind the AI
agents to monitor their work and intercept and steer the work when
necessary. We hypothesize that this approach can increase the level
of automation of using AI in HCD tasks so that humans only need
to engage in the design process when necessary. However, this
requires a deeper understanding of how to enable AI agents to
automatically work with each other and produce usable outcomes
in tackling design problems.

To explore the automation boundary of AI agents in HCD tasks,
we iteratively design and develop a group of communicative AI
agents, each assigned distinct roles and responsibilities, to au-
tonomously tackle design problems through divergent and conver-
gent design processes. Additionally, the system includes a chatbot-
like assistant agent that helps users navigate and analyze the ex-
tensive text-based outcomes generated throughout the AI agents’
design activity (see Figure 1).

We iteratively evaluate this system with five HCI experts and
seven professionals from different domains who take the supervi-
sory role of these AI agents, and seek to answer the following four
research questions:

(1) How can we enable AI agents to autonomously tackle open-
ended design problems and improve the quality of their
outputs?

(2) How do humans perceive the quality of AI agents’ work?
(3) How can we present AI-agent-based design activity in a way

that is meaningful to humans?
(4) What insights can we gain from this approach?

The contributions of this work are the following:

• We present a system of multiple LLM-based communicative
AI agents, each assuming a distinct role within a design team.
These roles include end-users, a user researcher, a product
manager, a business analyst, an ethical advisor, an interac-
tion designer, and a developer.Working collaboratively, these
agents autonomously tackle open-ended HCD problems by
simulating human design activities. Their interactions follow
a high-level structured framework, enabling them to system-
atically investigate user needs, identify design constraints,
and explore the design space.
• We develop an interactive web application that presents the
generated design activity and enables post-hoc analysis of
insights produced during AI agents’ interactions.
• The results demonstrate that AI agents can effectively collab-
orate to generate informative and feasible design outcomes
with speed. Both a human jury evaluation with five HCI
researchers and a contextual inquiry with seven profession-
als find that while AI-generated solutions tend to lack nov-
elty, they are well-grounded, practical, and comprehensive—
addressing key aspects such as user needs, business require-
ments, ethics, user experience, and technical feasibility. Ad-
ditionally, the seven professionals identified potential ap-
plications for design students, user researchers, designers,
consultants, product managers, and project managers.

2 Related work
2.1 Large Language Models in Human-Centered

Design
Recent work has found that LLMs can be a powerful tool for aug-
menting human creativity and inspiring divergent thinking [101].
These AI tools are increasingly integrated into the HCD process to
assist designers in ideation [8, 25, 35], rapid prototyping [54, 76],
and decision-making [4, 32]. Typically, LLM-based AI tools gener-
ate a wide range of design alternatives or enhance existing ones,
enabling designers to explore novel possibilities and refine their
work more efficiently [71].

In addition to functioning as design tools, LLMs are increasingly
being utilized to simulate end users [76, 102]. This allows for more
informed decision-making early in the design process, potentially
minimizing the need for extensive user testing and iteration. The
underlying logic is that if themodel can provide insights comparable
to those from human users, it may be more efficient to rely on the
model. However, when human feedback offers deeper or more
valuable insights, bypassing it in favor of models could lead to
suboptimal outcomes.

Schmidt et al. [76] suggest that, besides simulating users, if we
see LLMs conceptually as a massive database of experiences, it
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should be possible to use their input to replace human feedback
in certain parts of the design process. Schmidt et al. [76] propose
four activities that LLMs can assist with: (1) understanding and
specifying user needs; (2) prototyping and implementing interfaces
and systems; (3) evaluating systems; and (4) discussing systems,
including teasing out ethical implications.

In this paper, we extend this idea by simulating the entire design
team’s cooperation and collaboration. While much research has
focused on how AI supports individual designers, less attention has
been given to how AI could simulate or augment team interactions
during the design process. Exploring how AI can transform collab-
orative practices is essential to fully realizing its potential in HCD.
In this vein, we seek to fully automate the entire design process.
Different from existing AI design tools serving as copilot systems
where humans play the role of co-workers of AI, we highlight that
humans can play a supervisory role in inspecting AI agents’ work.
This requires a system-level automation perspective for AI agents.

2.2 Traditional Multi-Agent Systems and Their
Opportunities in the AI Era

Multi-agent systems (MAS) research has a rich history encom-
passing various fields and several evolutions. A typical MAS is
usually an automated system that consists of multiple interacting
computing elements known as agents. These agents possess two
key capabilities: (1) they are at least to some extent capable of au-
tonomous actions of deciding for themselves what to do to achieve
their goals; and (2) they can interact with other agents through
human-like social activities such as cooperation, coordination, and
negotiation [96].

These agents can observe their environment and interact in a
shared environment to achieve common or conflicting goals. Each
agent has specified goals, and they can take specific actions to
modify the environment or send information to other agents, which
means they can impact each other’s decisions and actions directly
and indirectly [3].

This theoretical foundation suggests that MAS could be lever-
aged to address design problems, where each agent can be a mem-
ber with different roles in a design team. In a MAS, individual
agents may have different prior knowledge about the environment
while often only observing some partial information about the state
of the environment. Different agents may receive different obser-
vations about the environment. All these agents in the MAS are
goal-directed, and their actions are driven by their goals.

Traditional MASs work well with quantitative-data-driven tasks
in relatively restricted environments, such as autonomous driv-
ing [2, 78], multi-robot factories [38, 64], robotic rescue teams [27,
55], automated trading [43, 56], and commercial games [29, 40].
These tasks have two common characteristics. First, the environ-
ment is relatively static. Although the data may change, most fea-
tures for achieving the goal are known in advance. Second, the data
are quantitative, involving measurable variables such as distance,
energy consumption, weight, time, or money.

These conditions enable agents to calculate payoffs for their
actions using Shapley value [80] (or other values, such as Myerson
value [62]) so that they can adjust their strategies for finding an
optimal solution (i.e., finding the strategy for the highest overall

payoff). These ideas, rooted in economics and game theory, are
widely applied in traditional MAS research.

However, in knowledge-based tasks, such as those found in HCD,
calculating payoffs becomes exceedingly difficult. The data in these
tasks are qualitative (e.g., natural language conveying semantic
meaning and logic), making it challenging for traditional MAS
approaches to handle such complex problems. Thus, to address
knowledge work challenges, we need alternatives beyond tradi-
tional MAS.

The rapid advancements in LLMs have demonstrated their capa-
bility to effectively process semantic data, revealing great potential
for utilizing multiple LLM-based AI agents to process complex
knowledge work. For example, Zhang et al. [100] use LLM-based
MAS to facilitate ontology alignment, which typically necessitates
the involvement of cross-domain human experts. However, Ab-
delnabi et al. [1] introduce a benchmark to systematically evaluate
the arithmetic, inference, exploration, and planning capabilities
of LLM-based MASs via text-based, multi-agent, multi-issue, se-
mantically rich negotiation games. Their findings reveal that even
state-of-the-art models, including GPT-4 and Llama-3 70B, still un-
derperform in these tasks. Similarly, tackling design problems can
be framed as a text-based, multi-agent, multi-issue, semantically
rich negotiation process, where AI agents must reason about con-
flicting business requirements, user needs, ethical considerations,
and technical constraints. This suggests that simply combining
existing LLM-based AI agents is insufficient for reliably handling
such complex challenges. Accordingly, there is a need for a dedi-
cated system—one that is flexible enough to navigate open-ended
design tasks while maintaining a structured approach to ensure
high-quality performance.

2.3 Large Language Model-based Human
Activity Simulation and Human-Centered
Design

LLMs can be used to serve as agents to simulate human activities.
This is usually achieved by assigning personas to AI agents for role-
playing [1, 67]. The key observation is that LLMs encode a wide
range of human behavior from their training data [12, 14, 67, 79].
For specific use cases, researchers either fine-tune the LLMs [79] or
use a prompt chain [67, 97] to generate agent behaviors in context
by crafting an agent architecture that handles retrieval where past
experience is dynamically updated at each time step and mixed
with agents’ current contexts and plans. These agents are described
with personas, defining their identity, occupation, and relationship
with other agents [67].

Personas are also widely adopted in HCD [44, 58, 59], providing
a comprehensive and realistic representation of the target users to
aid in the design of more user-centered products and services. How-
ever, there is little research on simulating the entire design process,
expanding the focus from simulating individual-level agent per-
formance to simulating the performance and dynamics of a group
of co-working agents, which, besides persona, requires dedicated
group-level agent interaction mechanisms.

Traditional HCD theories, frameworks, and approaches provide
rich resources as foundations for simulating both individual-level
and group-level agent activities in design problem-tackling tasks
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from at least four perspectives: (1) contextual understanding [15,
16, 37, 74, 77, 89]; (2) ideation and creative engagement [21, 24, 30,
46, 48, 66, 90]; (3) design team and user engagement [5, 6, 9, 18,
26, 39, 45, 47, 61, 69, 75, 77, 84]; and (4) overall design process and
strategies [10, 13, 20, 60]. In this paper, we mainly focus on the
overall design process and strategies, which can build a foundation
for various follow-up studies from all these perspectives, ultimately
improving the quality of work produced by AI agents tackling
real-world design problems.

2.4 Interaction Between Multiple AI Agents
The rapid development of chat-based LLMs has substantially ad-
vanced the ability to tackle complex tasks. Recent studies have
explored using multiple AI agents to improve reasoning abilities,
evaluated in standard testing scenarios, such as mathematical and
strategic reasoning tasks [28, 52, 93]. However, these works intend
to improve the quality of responses in a single output rather than
maintaining a continuous discussion. This may be the best fit for
single-issue tasks in which one final answer can solve a problem.

However, a real-world problem can consist of a series of sub-
questions, some of which are initially uncertain and can only be
identified during the process. Li et al. [50] address this by propos-
ing a communicative agent framework in which two agents au-
tonomously collaborate to complete instruction-following tasks
with minimal initial human intervention. This work demonstrates
that, through prompt engineering and feeding the content gener-
ated by one agent to another, two LLM-based AI agents can con-
tinuously ask and answer questions to tackle problems. Thereby it
introduces a way for two AI agents to iteratively tackle a problem
that fundamentally aligns with the cooperative work process of
humans. However, despite its promise, this approach still requires
substantial improvements to generate more usable outputs for real-
world design problems. For example, instead of two agents, tackling
design problems usually requires more agents in a team to cover
various aspects of a design project. In order to produce human-
centered outcomes, these agents need to work together to carry
out typical divergent and convergent design thinking processes
using HCD approaches to clarify design goals, propose various
design options, evaluate these ideas, and form an overall design
solution [81].

Building on the work of Li et al.[50], we investigate how mul-
tiple LLM-based communicative AI agents can simulate human
design activities and generate valuable outputs for tackling design
problems.

3 Developing a System that Allows Multiple AI
Agents to Tackle Design Problems

Building upon the concept of MAS, we develop an automated sys-
tem where multiple LLM-based conversational AI agents play dif-
ferent roles in a design team. These agents collaboratively tackle
open-ended design problems through interactions in a shared envi-
ronment, operating entirely without human involvement. Figure 1
shows the system user interface where human designers can in-
teractively review and analyze the simulated design activity. From
left to right of the web application, human designers can gain an
overview of the simulated design activity outcome from the product

requirements document (PRD), which provides a structured sum-
mary of the AI-generated design activity, including design goals,
stakeholders, system features, and milestones. The center of the
interface displays the original activity details, allowing designers
to explore the original reasoning history of AI agents. On the right,
human designers can interact with the AI project assistant agent,
enabling further inquiries, refinements, and deeper engagement
with the design process.

3.1 Establishing Lines of Communication and
Knowledge Sharing

Traditional MAS research offers a formal way of describing mul-
tiple agents cooperatively working to solve a shared problem. We
use these concepts to guide the design of our system of multiple
LLM-based communicative AI agents cooperatively tackling design
problems. Formally, we define Equation 1 to describe the coopera-
tion modality [7]:

⟨⟨𝐶⟩⟩𝑃 (1)

where𝐶 is a collection of agents and 𝑃 is a property (or condition) of
interest. ⟨⟨𝐶⟩⟩𝑃 means that there exists a collection of strategies for
the agents𝐶 such that, if they follow these strategies, then 𝑃 will be
guaranteed to hold, regardless of the actions of other agents outside
𝐶 . More generally, ⟨⟨𝑁 ⟩⟩𝑃 (where 𝑁 is any agent set) denotes that
the agents in 𝑁 can cooperatively enforce 𝑃 under some strategy.
In this context, ⟨⟨⟩⟩ expresses the notion of enforceability—either
over all possible paths (universally) or over some paths (existen-
tially), depending on the surrounding formalism. Van der Hoek and
Wooldrige [88] added knowledge modalities 𝐾A𝑖

for each agent
A𝑖 (we amend the notation and expression to accommodate our
study):

⟨⟨A𝑖 ⟩⟩𝐾A 𝑗
𝑃 (2)

Equation 2 denotes the communication between two agents that
A𝑖 can ensure A 𝑗 , who has knowledge 𝐾A 𝑗

, comes to know 𝑃 . In
addition, Equation 3 defines the task processing of an agent A𝑖 :

⟨⟨A𝑖 ⟩⟩𝑃 ← 𝐾A𝑖
𝑄 (3)

It denotes that for the agentA𝑖 who has knowledge 𝐾A𝑖
, knowing

𝑄 is a necessary condition for being able to achieve 𝑃 . Accordingly,
we distill six essential rules from the MAS for creating the AI agent
design team to tackle design problems:

(1) Unlike human communication, which can naturally be one-
to-one or one-to-many, one-to-many communication among
AI agents is composed of multiple one-to-one communica-
tions (see Section 3.2).

(2) An AI agent must be equipped with practical knowledge and
provided with appropriate information to generate solutions
(see Section 3.3).

(3) AI agents can generate knowledge for other AI agents but
cannot generate knowledge for themselves (see Section 3.5).

(4) Therefore, the initial piece of knowledge (i.e., the design
problem) must be provided by humans as a prompt (see
Section 3.5).

(5) New information can be generated through communication
between two AI agents or by an individual AI agent process-
ing the provided information (see Section 3.2 and Section 3.5).
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Figure 1: The user interface (UI) of the interactive system. This screenshot is taken when a human expert (E7) uses the system
during the user study. The UI is split into three columns. The left column displays the overview of the design activity outcomes
of the AI agents, named the product requirements document (PRD). The middle column illustrates the event’s details in the
entire design activity simulation. Human users can click the tabs on the left to switch between events. The right column is
an LLM-based project assistant agent that can interactively carry out analyses and provide information based on the design
activity shown in the left and the middle columns.

(6) By default, each AI agent can communicate with any other
agents in the team. A communication network must be
designed if a specific system pipeline is required (see Sec-
tion 3.5).

3.2 Implementing Bilateral AI-Agent
Communication

To create a system where multiple AI agents can communicate and
contribute to the design process, we must first establish the fun-
damental one-to-one communication unit between two AI agents.
In a recent study, Li et al. [50] introduce inception prompting, a
prompt engineering technique that allows two AI agents to auto-
matically prompt each other in a loop, starting with only a seed
prompt provided by humans. The termination condition is typically
predetermined by the number of iterations.

In our study, this technique enables bilateral AI agent communi-
cation, functioning as a Q&A process with context memory, where
one agent asks questions and the other provides answers. Through
this iterative exchange, AI agents collaboratively explore the prob-
lem by generating, analyzing, evaluating, and selecting ideas from
their professional perspectives. The outcome of each conversation

serves as new context knowledge passed to the next pair of AI
agents with different expertise, ultimately tackling the given prob-
lem. This pipeline is detailed in Section 3.5.

We reproduce the mathematical expression of bilateral AI-agent
communication [50] to accommodate the purpose of this study. The
inquiry AI agent message obtained at time 𝑡 is denoted by I𝑡 , and
the reply AI agent message is denoted by R𝑡 . The set of messages
obtained up until time 𝑡 is denoted by Equation 4:

M𝑡 = {(I0,R0), . . . , (I𝑡 ,R𝑡 )} = {(I𝑖 ,R𝑖 )}
��𝑡
𝑖=0 (4)

At the next time step, 𝑡 + 1, the inquiry AI agent A𝐼 takes the
historical conversation message setM𝑡 and provides a new inquiry
I𝑡+1, as shown in Equation 5:

I𝑡+1 = A𝐼 (M𝑡 ) (5)

The new inquiry, along with the message setM𝑡 , is then passed
to the reply AI agent for generating a new reply R𝑡+1, as shown in
Equation 6:

R𝑡+1 = A𝑅 (M𝑡 ,I𝑡+1) (6)
After gathering the reply R𝑡+1 to the inquiry I𝑡+1, the updated
message setM𝑡+1 is defined by Equation 7:

M𝑡+1 ←M𝑡 ∪ (I𝑡+1,R𝑡+1) (7)
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3.3 Imbuing Agents with Individual Intelligence
Individual-level intelligence is the fundamental component that
defines the capabilities and attributes of an AI agent. Figure 2 (a)
illustrates a neutral AI agent, which is the basis of different roles in
the design team.

This individual-level intelligence can be realized using an LLM,
such as GPT-4o. The LLM enables the AI agent to process and
generate human-like text, facilitating effective interaction across
diverse task contexts. The persona, goal, knowledge, and code of
conduct are established through prompt engineering.

Given the variability of design problems, each AI agent assumes
a distinct role within the design team. Consequently, while the
content of the tasks may differ, the underlying problem-tackling
strategy remains relatively consistent. Thus, prompt engineering
should focus on guiding the strategy level rather than specific
content, ensuring that the AI agent can adapt to varying contexts
while maintaining a coherent approach to problem-tackling.

Traditional HCD theories, frameworks, and approaches are de-
sign thinking strategies that provide valuable insights to prompt
engineering, as mentioned in Section 2.3. We later report in Sec-
tion 4 how embedding these design thinking strategies in AI agents
improves the outcome of the simulated design activities regarding
user simulation realism and the quality of design task analysis.

3.4 Assigning Roles to Agents
Edmondson and Nembhard [31] highlight the value of bringing
professionals from different functions to work together on develop-
ment projects to create the highest quality product in the shortest
time. This business objective aligns with the principle of co-design,
which states that stakeholders should work together to form design
solutions [73]. In the context of industry-focused HCD, problem-
tackling refers to systematically identifying user needs and chal-
lenges and employing empathetic and collaborative approaches to
develop reliable solutions that align with user requirements and
business objectives to enhance product usability and market rel-
evance. Therefore, we identify six essential professional roles for
typical information technology (IT) industry project designs. We
do not consider project management as this is a subsequent stage
of product design, which highly relies on the actual development
team. We list the duties of these roles in the design stage in Table 1.

3.5 Forming Agents into a Team
We create a group of AI agents simulating the seven roles within
the design team (see Table 1) by adhering to the rules listed in Sec-
tion 3.1. Figure 2 (b) illustrates the network of the AI agent design
team: After the AI user researcher agent gathers the user needs
from the AI user agent, the AI product manager agent coordinates
the remaining design activity, communicating with other AI profes-
sional agents to address the design problem from their respective
expert perspectives.

We streamline this design process, as shown in Figure 3. The
entire design problem-solving task is composed of seven design
events. Specifically, there are three types of event compositions
consisting of multiple threads: a pair of AI agents communicating
with each other, a human assigning tasks to an AI agent, and a
single AI agent processing an assigned task. Each thread processes

a sub-task of the event, which involves one or several runs. A run
is a conversation turn between two participants. In this case, we as-
sign two chronological threads: one for understanding and tackling
the problem, and another for summarizing. The former focuses on
identifying and addressing the design challenge, while the latter ex-
tracts information from the conversation history. This summarized
conversation history is used for internal access, feeding knowledge
to other AI agents. The original conversation is displayed in the
web application, providing richer details about the design activity.

As shown in Figure 3, Events 1 and 7 do not involve inter-AI-
agent discussions, as only one AI agent processes the information in
each run. Events 2–6, however, are multi-turn discussions between
AI agents. Based on their functions, the events can be categorized
into two types: design development events and design support events.
Design development events, such as “gather business analysis” (the
first design event after understanding user needs), involve AI agents
working to form a loose or preliminary design solution by exploring
various aspects in depth. This is accomplished through the agents’
use of the expansive exploration strategy, as discussed in Section 4.
Design support events, which include tasks like “gather user needs”,
“gather ethical analysis”, “gather technical analysis”, and “gather
design analysis”, can occur either before or after design develop-
ment events. In these events, AI agents focus on providing detailed
information or exploring essential elements to support or refine
the design. This is accomplished through the iterative deepening
strategy adopted by the AI agents, as described in Section 4.

3.6 Iterative Refinement
To understand how to improve the quality of AI agents’ outputs
and how humans benefit from this system, we evolved the design
of this system over three main iterations. Each of these iterations
focused on addressing a particular concern as summarized below:
• Iteration 1: Strategy Concerns: We enable the fully auto-
mated design activity simulation using multiple AI agents.
The evaluation focuses on understanding the strategies of
AI agents tackling design problems.
• Iteration 2: Quality Concerns: We investigate methods to
improve the quality of simulated design activity, focusing
on how human designers perceive its effectiveness. To eval-
uate this, we conducted a human jury study with five HCI
professionals, assessing both the first and second versions
of the system.
• Iteration 3: Presentation Concerns: We seek ways to in-
teractively present AI agents’ work to human users. The
evaluation engages seven professionals, focusing on the util-
ity value of this approach.

For conciseness and clarity, this paper mainly introduces and
evaluates the current system rather than the previous versions of
the system. The Supplementary Material contains the complete
quantitative and qualitative evaluations that serve as a foundation
of the current system design. For brevity, we summarize the key
insights and findings from the previous systems here.

Through these three design iterations, we develop a system
consisting of three main parts:

(1) Multiple AI agents working as a design team in the back end
to tackle the given design problem (see Section 3.1–3.5);
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(a) The construction of individual level intelligence (b) The network of group level intelligence for the AI agent design team

Figure 2: (a) The individual-level intelligence composition. Each AI agent is composed of four key elements: persona, goal,
knowledge, and code of conduct. The persona defines the agent’s role and background, the goal specifies the objectives the
agent seeks to achieve during the design task, knowledge refers to the external information available to complete the task,
and the code of conduct regulates the agent’s behavior in asking and answering questions to sustain the conversation. (b) The
group-level intelligence network for the design team. All seven AI agents work together as a team. The circle represents the
shared environment in which all agents collaborate on the same problem. A two-way arrow indicates a conversation between
two AI agents, while a one-way arrow represents a data-sharing process.

Role Duties

User (U) People who directly use the designed product. They have unique personas and experiences associated with the
design problem. Their needs serve as the core value of the design.

User Researcher (UR) Focuses on gathering insights about user behaviors, needs, and pain points. They use research methods, such
as interviews, to inform the design and development process and ensure the product is user-centered.

Business Analyst (BA) Responsible for identifying business needs and market gaps and translating them into design requirements for
other team members. They aim to ensure the product aligns with the company’s strategic goals and solves
business problems.

Ethics Advisor (EA) Ensures that the product complies with ethical standards and regulations, particularly concerning data privacy,
user rights, and broader societal impacts. They help navigate ethical dilemmas and provide recommendations
to avoid harmful outcomes for users or the business.

Interaction Designer (ID) Focusing on creating an effective and user-friendly product design. They design product features by considering
user needs, business requirements, and ethical considerations.

Developer (D) Responsible for providing technical implementation options for product features, which may lead to different
interaction experiences. They also analyze the technical feasibility and implementation to ensure the product
is functional, scalable, and secure.

Product Manager (PM) Responsible for defining the product vision, strategy, and roadmap. They act as a bridge between various
stakeholders, including the user researcher, business analyst, ethics advisor, interaction designer, and developer,
to ensure the product meets all requirements from various perspectives.

Table 1: Roles and duties of AI agents for design problem tackling.

(2) A web application for visualizing the design activity simula-
tion (see Figure 1); and

(3) A project assistant agent integrated into the web application
that interactively responds to human queries (see Section 6).

4 Addressing Strategy Concerns
We identified four main findings from the previous iterations.

First, AI agents can adaptively switch between two con-
versational strategies. The inductive thematic analysis reveals
that when there is limited information about system features, AI
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Figure 3: The pipeline of the AI agent design team tackling design problems (see AI agent roles and abbreviations in Figure 2 (b)).
The task denotes the whole design problem-tackling process, which consists of multiple events. The event is a sub-task of
the overall task, with specific predefined focuses. Each event involves a pair of players, either a human and an AI agent or
two AI agents, except Event 7. An event can contain one or multiple threads. A thread is a mini-task of the sub-task, such
as identification, discussion, summarization, and generation. Each thread consists of one or multiple runs. A run denotes a
conversation turn. In Event 1, the human inputs a design problem, and an AI user researcher agent (UR) identifies multiple
end-user personas, which are passed to Event 2. In Event 2, the AI user researcher agent conducts interviews with each AI
user agent and provides an overall user interview summary of the interviews. This summary is passed to Events 3–6, where AI
agents carry out design problem-tackling discussions, focusing on business requirements, ethical requirements, interaction
design, and technical feasibility, respectively. Each event of 2–6 has two outputs: discussion history and discussion summary.
Finally, in Event 7, the AI product manager agent (PM) generates a product requirements document (PRD) based on all the
discussions. Note: *The human participant provides the design problem as an input and is not involved in the subsequent
design discussion.

agents tend to explore more information by adopting an expan-
sive exploration strategy. Conversely, when more information is
available, they tend to dig deep into certain topics by adopting an
iterative deepening strategy. This shift happens even without delib-
erate prompt engineering. That is, humans do not directly control
these two strategies by default.

Second, AI agents adopt a top-down thinking strategy. Un-
like humans, who usually are good at producing details and ex-
amples, AI agents tend to produce concepts and summaries. To
address this, we implemented a follow-up questioning mechanism
that prompts agents to go into more detail. However, this approach
can sometimes push the discussion into irrelevant or unproductive
directions. Incorporating an interactive human-AI conversation
process remains an important avenue for future work, enabling hu-
man designers to help steer the depth and relevance of AI-generated
content.

Third, refining the design process and prompts can address
missing design thinking steps in AI agents. Based on the de-
ductive thematic analysis driven by human-based design thinking

theories [85], the first version of the system tended to focus on di-
vergent (generating options) while ignoring convergent (evaluating
options) design processes, leading to the design focusing on sec-
ondary requirements while overlooking primary goals. This is im-
proved in the second system design iteration by embedding design
thinking theories, such as the concept of the double diamond design
process [20] (i.e., to incorporate divergent and convergent phases)
and user interview techniques [95] (e.g., to avoid asking leading
questions), to the prompt and adding an extra conversation turn
for evaluating proposed ideas. Figure 4 illustrates an improvement
in AI agents’ performance in tackling design problems, motivating
us to incorporate more user study and design thinking techniques
in the final version.

Fourth,AI agents can swiftly generate comprehensive ideas.
AI agents have the ability to facilitate parallel communication,
which allows them to ask and answer multiple questions simul-
taneously in one conversation turn—substantially enhancing the
communication rate compared to human conversations. As a re-
sult, they can swiftly generate a large number of requirements and
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potential solutions. In the first design iteration, 92 questions were
asked and answered across 20 conversation turns throughout six
events in an eight-minute span, summarized into 17 requirements,
and yielded 100 potential solutions. In terms of efficiency, each run
in the first version of the system incurred a cost of approximately
two dollars and took eight minutes. In the second system version,
each run cost around two dollars and took 20–25 minutes. Figure 5
illustrates the comprehensiveness of the generated design space of
an assigned design problem.
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Figure 4: Bar plot of the overall score for baseline and im-
proved versions from five human jurors after the second
design iteration. The scores indicate jurors’ perception of
AI performance (1–2: very poor, 3–4: poor, 5–6: neutral, 7–8:
good, 9–10: very good). The overall score is calculated as
the average of 50 sub-category scores, grouped into 22 cat-
egories (see a detailed analysis in the Supplementary Mate-
rial). Jurors P1 and P4 did not provide differentiated scores
between the two versions (<0.1), while P2, P3, and P5 assigned
higher overall scores to the refined version (>0.5). This find-
ing demonstrates that more than half of the human jurors
perceived a clear improvement from adopting human design
thinking methods and user study techniques. This suggests
that further integration of these approaches could lead to
even more noticeable performance gains.

5 Addressing Quality Concerns
We carry out a human jury evaluation with five jurors with HCI
backgrounds to understand the quality of the content generated by
the AI agents. Their feedback on both the baseline and improved
versions of the system demonstrates the three potential benefits for
human designers in terms of availability, scalability, and efficiency,
as mentioned in Section 1. However, there are three key challenges:
(1) creativity dilution; (2) in-depth discussion avoidance; and (3)
information presentation.

5.1 Creativity Dilution
To simulate design activities, AI agents tackle design problems by
iteratively asking and answering questions. Although AI agents
can produce vivid details at the beginning of the design activity,
they tend to discuss explicit requirements while overlooking the

implicit information and capture common ideas while ignoring
unique points. As a result, the design activity simulation opens
up a large design space that is insightful while ending up giving
safe but standard solutions. This limitation highlights the value
of incorporating human designers into the system loop to help
steer the discussion between AI agents, guide exploration, and
surface less obvious insights. For example, human designers could
identify promising themes emerging from the automated process
and actively direct the agents’ focus toward novel or underexplored
directions. This represents a concrete reason why human designers
remain essential and should not be fully replaced by AI. We see this
as an important and promising line of future work.

5.2 In-depth Discussion Avoidance
One of the key reasons for creativity dilution is that AI agents
avoid in-depth discussion by rephrasing, rather than answering,
questions posed by their paired AI agent. This is improved by
embedding design thinking methods into the prompt in the second
design iteration, as mentioned in Section 4. For example, prompts
are used to enable AI agents to capture detailed information that
can serve as potential design points and to ask relevant follow-up
questions. However, AI agents may still fall short in capturing these
nuances compared to experienced and creative human designers.
More powerful LLMs may also improve this, which, however, is out
of the scope of this paper.

5.3 Information Presentation
AI agents generate a large amount of text-based information that is
hard for humans to review, which includes around 20,000 to 25,000
words per design activity for tackling a given design problem. We
recognize this as the primary challenge among all challenges. The
third design iteration addresses this by providing an interactive
interface with an advanced chatbot, which we refer to as the Project
Assistant (see Figure 1).

Knowing the benefits and challenges of the design activity simu-
lation using multiple AI agents, we focus on addressing the primary
challenge of providing an efficient information presentation in-
terface for this multiple AI agents-based system. The rest of the
paper focuses on introducing and evaluating the third version of
the system, which is designed and developed based on the previous
two iterations.

6 Addressing Presentational Concerns
To enable humans to interact with the content generated by the AI
agents, we designed and developed an AI agent role as a project
assistant. The project assistant can help human users process the
large amount of text-based information generated by the rest of the
AI agents. Retrieval-Augmented Generation (RAG) [49] is adopted
to empower the AI project assistant.

RAG is a hybrid approach that combines the strengths of in-
formation retrieval and natural language generation to enhance
human interaction with large text datasets. RAG works by retriev-
ing relevant information from an external corpus based on a user
query and then using a language model to generate a coherent,
contextually relevant response. This technique allows for more
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dynamic and accurate responses than standalone language models
by grounding the generated text in specific, retrieved data.

In the context of our system, RAG facilitates human-AI inter-
action by enabling human users to query large, text-based design
activity datasets generated by the AI agents and obtain meaningful
summaries or detailed insights from the data. Figure 6 illustrates
this mechanism. The retrieval component ensures that the gen-
erated responses are based on specific, relevant sections of the
dataset, making it easier for users to explore and engage with a
large amount of complex information.

7 Contextual Inquiry
In this user study, we conduct a contextual inquiry with seven
experts from different backgrounds to understand how to design
an interactive application that is useful for humans. We present
each expert with a web application that displays the original design
activity details along with an interactive AI project assistant agent
(see the web application in Figure 1).

7.1 Study Process
Each participant will engage in a 1.5-hour contextual inquiry ses-
sion using the provided web application, with the total session time
controlled to stay within two hours. Participants are offered a £15
Amazon voucher as compensation for their time.

Considering the nature of generative AI, as emphasized byWeisz
et al. [94], where outputs may vary in character or quality even
when the input remains unchanged (referred to as generative vari-
ability), we assign the same design task to the AI agents for all
participants: Design an app that helps overweight people adopt a
healthy lifestyle. New design activities are generated for each par-
ticipant to account for this variability.

Before the user study, the researcher explains the study’s process
and goals. The web application and its key functions are demon-
strated, including navigating text materials and interacting with
the AI project assistant.

Each participant takes on the role of a supervisor overseeing the
AI agent team and completes three practice tasks at the beginning
of the session, such as finding the designed feature in the PRD
section, finding the motivation of a particular user in the Event
section, and asking the AI project assistant agent to compare the
different needs between two users (see the user interface in Figure 1).
During the test, the researcher conducts a contextual inquiry by
observing the participant’s interactions and asking questions. After
the session, participants complete a questionnaire evaluating the
realism of the AI agents’ ability to simulate human behavior and
their understanding of events, as well as the quality of the task
analysis. The user study concludes with an interview to gather
feedback on the participant’s experience with the web application.

Specifically, we categorize the seven events in the design problem-
tackling task as follows:

User simulation and understanding events This includes clar-
ifying user identities and gathering user needs. Participants
evaluate how closely the AI user agents reflect reality, con-
sidering the realism of the generated personas and how well
the AI agents’ responses align with those personas.

Task analysis events This includes gathering business, ethical,
technical, and design analyses, as well as generating the
product requirements document (PRD). Participants evaluate
the quality of ideas in terms of novelty, feasibility, relevance,
and specificity.

Based on the following detailed evaluation criteria, the participant
is asked to score the material from 1 to 10 (1–2: very poor, 3–4:
poor, 5–6: neutral, 7–8: good, 9–10: very good).

For user simulation and understanding events, we propose two
main dimensions and their sub-dimensions:
Persona Realism This dimension evaluates how accurately the

AI-generated personas represent real-world users based on
the given design task.
• Authenticity: The degree to which the generated persona
accurately represents the given HCD task.
• Consistency: The consistency with which the AI user
agent remains aligned with the persona throughout the
interaction without deviating from the defined traits or
motivations.
• Context Appropriateness: The appropriateness of the agent’s
responses based on the specific context of the HCD task
or scenario.

User Role Realism This measures how well the AI agents adhere
to and perform their assigned roles, simulating real user
behavior during interactions.
• Role Alignment: How well the AI user agent adheres to
its assigned role during interactions, such as answering
questions like a real user in that role would answer.
• Engagement Realism: The extent to which the AI user
agent demonstrates realistic engagement, including nu-
anced and contextually relevant responses typical of a
human user in the same situation.

For task analysis events, we adopt the idea quality evaluation
metrics [22] for this study, focusing on four main dimensions with
several sub-dimensions: novelty (originality and paradigm relat-
edness), feasibility (acceptability and implementability), relevance
(applicability and effectiveness), and specificity (explainability, com-
pleteness, and clarity).

7.2 Recruiting Participants
We recruited seven experts from different backgrounds to under-
stand how different people might use this system. All participants’
professional backgrounds are listed below:
E1 From the education technology field with four years of research

experience in information science.
E2 One year of experience in consulting and three years of experi-

ence in political research.
E3 Eight years of experience in strategy consulting.
E4 Five years of experience as a business owner in electronics

manufacturing with four years of research experience in
material science.

E5 Four years of research experience in design engineering.
E6 Six years of experience in human-computer interaction re-

search, user experience design, and mobile game design.
E7 20+ years of research experience in user-centered design, cre-

ativity, and drawing.
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Figure 6: The retrieval-augmented generation (RAG) model for the AI project assistant agent. It consists of two parts: a retriever
and a generator. The retriever encodes the human query and the text-based design activity documents into vectors, respectively.
A semantic search is conducted to find top-𝐾 document chunk matches. These text chunks, along with the original human
query, are sent to a LLM-based generator to produce the answer to the human query.

8 Results
8.1 Performance Ratings
Table 2 shows six experts rate the AI agents’ average performance as
good (E1–E6 scores are all above 7.0), and one expert (E7) thinks the
overall performance is better than neutral. Interestingly, four non-
designers (E1–E4) hold a similar view that the realism of personas
and user roles are all above average, while three designers (E5–
E7) hold an opposite view that categories of feasibility, relevance,
and specificity are above average. This difference roughly reflects
that designers and non-designers have different values in different
aspects. Notably, all seven participants agreed that novelty is one of
the lowest-performing categories of AI agents, with below-average
scores.

Two designers (E6 and E7) think the persona realism is neutral or
above neutral, and the rest of the participants believe it is good or
very good. For each category – user role realism (E6), relevance (E3),
and specificity (E4) – a different participant gave a rating above
neutral. For novelty, all participants except E4 believe the AI agents
perform poorly or neutrally. On the contrary, every participant
rates feasibility as good or very good.

This result reflects that people with different backgrounds may
have different standards and expectations for each category of AI
agents’ performance. Designers (E5, E6, E7) are more critical of user
simulation and understanding events as they are the foundation of
human-centered design. E6 and E7 acknowledge that the system
can identify typical end-users who meet expectations. However, it
does not include people who are not end-users but may still provide

Expert
Persona 

Realism

User Role 

Realism
Novelty Feasibility Relevance Specificity Average

E1 8.3 8.0 6.0 8.0 8.0 7.0 7.6

E2 9.3 10.0 5.0 8.0 9.0 9.0 8.4

E3 9.0 9.0 5.0 8.0 6.5 8.3 7.6

E4 8.3 9.0 7.5 9.0 7.0 6.7 7.9

E5 7.0 7.0 6.5 8.5 8.5 9.0 7.8

E6 6.7 6.5 5.0 9.5 8.0 7.7 7.2

E7 6.0 7.5 3.0 7.5 7.5 7.3 6.5

Table 2: Scores from all seven experts. Each score represents
the average of subcategory scores within a given category.
Scores above or equal to seven, indicating favorable evalua-
tions, are shown in green text, while those below seven are
shown in red text. Scores five to six are neutral, indicating the
result is not necessarily bad. Additionally, the background is
shaded green for scores above the participant’s average, and
red for those below.

value to the design. For example, E7 mentioned that he may recruit
people who live a healthy lifestyle, as they can be the goal for end-
users, which can further inspire design. In addition, E5 and E6 notice
that the AI user agents occasionally fail to follow their personas.
However, the business owner (E4) values the implementation plan
of the design so that it can be used directly for work arrangements.
Consultants expect (E2, E3) more reliable data sources with richer
details for business analysis so that they can better understand the
actual market sizes, market gaps, and business innovation points.
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In summary, the result reveals that the system can identify the
typical end-users, but is not able to adopt advanced user study skills
in recruiting participants out of the normal scope. The user simula-
tion is accurate in general but occasionally shows hallucinations.
Almost all experts think AI agents lack novelty but perform well
in other aspects, except they fail to provide accurate data sources
and merely generate a general project plan that can not be used to
assign work to the human product team.

8.2 Interview Findings
8.2.1 AI agents ask high-quality questions and generate safe but
not innovative ideas. When asked about the quality of AI agent-
generated ideas, E1, E2, and E4 believe it is very high overall. E2 and
E3 highlighted the quality of follow-up questions to the previous
conversation turns. E3, E5, E6, and E7 think these ideas are good in
terms of coverage (E3, E5, E6, E7), user needs understanding (E7),
ethical analysis (E6), technical analysis (E6), and can self-correct
(E5). However, the more prior experience participants have with
tackling design problems, the less they feel the design generated
by AI agents is innovative. Regarding innovation, consultants and
designers hold different views. As mentioned by the consultant
participant (E3),

“I’ve been in the industry for many years, and these
solutions all feel very familiar. They can solve the prob-
lems, but they don’t push beyond my current thinking
or bring any innovative value. However, it is unfair to
judge AI as not being creative in these projects. Actu-
ally, in real work, most projects only aim to play safe.
Due to the realistic constraints of every project, we often
sacrifice novelty and creativity to play safe. It performs
at a similar creativity level as the projects I am involved
in.”

However, the designer participant (E6) comments on the AI agents’
outcome for the healthy lifestyle application design that,

“I would prioritize gamification because changing habits
is not an easy task. It requires innovative elements to
engage users enough to keep them using the product.”

8.2.2 AI agents efficiently generate comprehensive and effective in-
formation that helps humans inspect the design problem. All partici-
pants believe AI agents generate a lot of structured and comprehen-
sive information that can effectively help humans systematically
inspect the design problem. Particularly, E7 highlighted that,

“ I actually think it’s pretty good, like it gives lots of good
lists. There are sorts of things that even a very insight-
driven project might neglect, such as accessibility or
data privacy. So that’s good at making sure it’s covered
all the bases.”

E1, E2, E3, and E6 highlighted that they could use around 70%
of the material generated by AI if assigned this design problem-
tackling task, which they believe can save tremendous time in
collecting information so they can spend more time on analyzing
and innovating. E2 and E3 mentioned that it usually takes the team
four weeks to conduct user interviews in an eight-week consulting
project, while this system only costs two dollars and takes less than
25 minutes. E5 expressed that, even if the system can not replace a

conventional user study with simulated users, it can still be used
as a supplementary tool and replace certain portions of what real
humans contribute to a user study. Interestingly, E4 expressed that,
as a business owner, he would give the report generated by the AI
agents to the product team to create a prototype so that they can
test it rapidly using an agile development strategy.

8.2.3 Informative details raised in the AI agents’ discussions are
not distilled into clear value propositions . Regarding user needs
understanding, E3, E5, E6, and E7 all mentioned that, sometimes,
what users say may not fully reflect what they actually want. This
implies that there are implicit value propositions hidden behind the
conversation details. However, as E3 and E6 pointed out, junior hu-
man user researchers also find it challenging to distill fundamental
design directions or value propositions that motivate and support
the design from these implicit details.

8.2.4 AI agents use different communication styles than humans. E3,
E5, and E6 indicated that the AI agents adopt a parallel questioning
and answering strategy, where multiple questions or answers are
asked or answered at a time, making it efficient for AI agents’
communication while inefficient for humans to read and process.
E3 also pointed out that,

“AI agents adopt a top-down strategy by providing con-
cepts and abstract ideas or guidance first while offering
more detailed information if asked. This is the oppo-
site of humans’ natural conversation habit, as we are
good at giving examples and providing details but may
find it challenging to summarize concepts quickly and
correctly.”

The rationale behind this could be that the training data of current
LLMs are recorded human experiences that can be regarded as a
massive database [76]. Only when we clearly specify the question
can LLMs retrieve the specific information in this massive database.
This can be achieved by enabling AI agents to iteratively ask and
answer follow-up questions, as introduced in Section 3.2.

8.2.5 Ten ways of using the AI project assistant agent. Through the
user study, at least ten ways of using the AI project assistant were
observed:

(1) Gathering detailed information on topics or concepts. - E1,
E2, E3, E4, E5, E6, E7

(2) Finding the link between two pieces of information, such as
system features and user needs. - E1, E2, E3, E4, E6, E7

(3) Helping the human participant understand the task or con-
tent, although it is not always successful. -E2, E3, E4, E5, E6,
E7

(4) Retrieving information. - E1, E2, E4, E5, E6
(5) Summarizing information. - E2, E3, E4, E5, E6
(6) Filtering information. - E2, E4, E5, E6, E7
(7) Providing additional information. - E1, E2, E3, E5, E7
(8) Comparing different pieces of information to gain a better

understanding of the design activity. - E1, E3, E7
(9) Running step-by-step role-playing simulation. - E5, E6
(10) Providing external information. - E5
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All participants find it easy and efficient to interact with the AI
project assistant agent. Particularly, E7 points out that misconcep-
tions can trigger human inspiration. For example, E7 asks the agent
“What misconceptions might someone have about healthy lifestyles
if they didn’t do their research?” and finds the reply inspirational
(see Figure 1). However, asking high-quality questions requires
a deep understanding of innovation and design theory in order
to distill an inspirational design space from the design activity.
Similarly, unique questioning skills, such as running step-by-step
role-playing simulations, also require extensive design backgrounds.
These observations from design experts can inform the future de-
sign iterations of the system.

8.2.6 Building trust with the system by cross-checking. Non-design
experts, such as E1, E3, E4, and E6, carry out different extents of
cross-checking at the beginning of the user study. After confirming
that the content in the PRD, original event logs, and AI project
assistant agent feedback are consistent, they are happy to trust the
AI agents’ output about the domains with which they are unfamiliar.
E4 notes that,

“The process of cross-checking is pretty intuitive for
humans to build trust when I am inmywork. I naturally
apply this technique to inspect AI agents’ work.”

Similarly, E6 expresses that,
“I didn’t trust the AI-based user research at the begin-
ning, but I built trust after I checked the conversation.”

This finding reveals the mindset of people attempting to develop
trust in such multiple AI agent systems.

8.2.7 The missing parts of the current system. All participants rec-
ognized the value of the system’s current output but suggested
that it could be further improved by addressing certain gaps to
make it more applicable for real-world tasks. For instance, E1, E2,
and E3 expressed the need for AI agents to provide more precise
sources for the numbers mentioned in the PRD or conversations.
They noted that the sources currently provided are too vague, mak-
ing it difficult to directly locate the original information, which
reduces their confidence in using the data. E4 suggested that the
system offer a more detailed project plan, such as a comprehensive
Gantt chart. The current plan is too basic and lacks the level of
instruction needed for practical use. E3, E5, E6, and E7 pointed out
that the text-based interaction with the system can be exhausting
and unintuitive. They recommended incorporating more diagrams,
tables, charts, figures, storyboards, and various data visualization
techniques to help them quickly understand the core concepts of
the generated design activity.

8.2.8 Increasing the level of control can improve system output and
increase trust. The experts noted that the AI agents relieved them
from tedious tasks within the design process, a benefit they appre-
ciated in their role as “supervisors”. However, they all agreed that
increasing their level of control and allowing them to guide the
direction of the AI agents’ conversations would not only help build
trust but also improve the quality of the output.

On the one hand, E5 and E7 mentioned that it is natural for users
to pay less attention to things they are not involved with. Seeing the
output is impacted by one’s input can build a sense of ownership

and increase trust. An important follow-up question is when and
how people could provide input to the system.

In addition, E6 mentioned that the perceived issues with system
output quality may due to the AI agents and humans not having
consistently aligned goals. This misalignment can result in the AI
agents focusing on aspects of the design problem that a human
might consider to be of less value. This misalignment at an early
stage of the design process can have an amplified impact on the
result. E3 and E6 highlighted that allowing people to supervise
AI agents’ work at essential decision-making points can enable a
higher goal and value alignment between humans and AI agents.
They point out that the essential decision-making points are typi-
cally at the end of each event, and human users can supervise by
commenting on or amending interim results. In this vein, people can
save their cognitive resources for more important and higher-level
decisions in the task. For example, deciding whether “voice input
for meal logging” (proposed by AI agents) is a necessary system
feature for the given design problem, rather than writing a detailed
interview script.

9 Discussion
9.1 Paying Attention to the Early Design Stage
Existing LLM-based productivity and design tools [4, 8, 25, 35] are
copilot systems providing fine-grained control and leveraging the
power of AI to augment experienced designers in producing specific
design artifacts.

Producing beautiful designs is important, and finding the correct
design problem is equally important, if not more so. This is because
we do not want to waste resources in designing a product to solve
a problem that does not exist.

Therefore, we suggest paying more attention to the early design
stage, which can potentially save a great amount of resources in
terms of time and money. Our system focuses on the early stage,
helping human users quickly understand user needs, market gaps,
ethical risks, potential system features, user experience, and tech-
nical dependencies. It can serve as a consulting tool for individuals
or organizations to better understand the design problem before
they carry out any design and development operations.

9.2 Generalizability of the System
To assess the generalizability of our system, we tested it on ad-
ditional design tasks beyond the initial evaluation domains. The
outcomes demonstrated a similar level of performance, suggesting
that the system’s core mechanisms and prompting strategies are
robust across contexts. This generalizability arises because the sys-
tem’s role-based agent structure and communication framework
are designed to be domain-agnostic and task-independent, focusing
on the process of divergent and convergent thinking rather than
specific content knowledge. While the current system operates ef-
fectively without embedded domain expertise, future extensions
could integrate specialized knowledge bases or expert models, en-
abling it to handle tasks that require deep domain-specific reasoning
and further expanding its practical applicability. We found that the
system generalizes well across different design contexts, maintain-
ing stable performance due to its domain-agnostic mechanisms. In
addition to the primary design case used in this study, we assigned
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the system several other example design tasks to further assess its
versatility: (1) Design a virtual career coach system for MBA students.
(2) Design a mobile health app to help elderly users manage chronic
conditions. (3) Design a digital toolkit for small business to reduce
carbon footprint. (4) Design an AI-powered personal finance assistant
for Gen Z users. Example outcomes for these tasks can be found in
the Supplementary Material. Moreover, we provide open-sourced
code so that readers can explore the system’s performance on their
own design tasks.

9.3 Strengths and Opportunities of Automated
Design Activity

Existing LLM-based HCD tools and methods [76, 99, 101] leverage
the power of AI to assist designers with information collection, idea
generation, and design analysis at different stages of the design
process. For example, a recent study [23] reveals that individuals
working with AI performed at a quality level similar to two-person
human teams without AI and that design teams can produce more
balanced, cross-functional solutions with AI. In these approaches,
AI plays the role of a tool to augment the designer’s ability, which
still requires designers to have a clear understanding of the design
process and techniques, such as asking the right questions at the
right time or providing appropriate prompts to these LLM-based
tools.

Our work extends this by providing a system that covers a wide
range of design processes with a holistic view of co-design, auto-
matically carrying out the design process by identifying end users,
gathering user needs, analyzing market opportunities, understand-
ing ethical requirements, providing design ideas, and evaluating
technical feasibility. AI agents are the design team members carry-
ing out the actual design activity, while the humans are supervisors
inspecting the AI agents’ work. This new human-AI cooperative
relationship introduces several major opportunities.

9.3.1 Reducing HCD Barriers. Human users are not required to
have HCD knowledge to use this system, as design activities are
carried out automatically by assigning a brief design problem de-
scription. This dramatically reduces the barrier of carrying out
HCD for non-experts or even junior practitioners. As supervisors,
humans can evaluate the outcomes rather than actively push the
design process.

9.3.2 Improving Project Progress. Automated design problem-tackling
activity dramatically increases efficiency. The high quality of the
output from the AI agents allows the user to start a project with
detailed materials rather than collect and analyze information from
scratch. In turn, this gives the user more time and financial re-
sources to focus on essential aspects based on the work of the AI
agents.

9.3.3 Scaling ideation and exploration. The system can rapidly
generate and evaluate a wide range of design directions, enabling
exploration of larger design spaces than what human teams could
reasonably cover on their own. This supports broader innovation
opportunities and helps surface alternative solutions that may oth-
erwise be overlooked.

9.3.4 Enhancing decision-making and focus. By automating large-
scale information collection, synthesis, and preliminary design
exploration, the system supports human designers in focusing their
attention on higher-level, value-driven decisions. Rather than being
consumed by routine or mechanical tasks, human designers can
dedicate more effort to critical areas such as aligning the design
with stakeholder needs, refining nuanced interactions, and ensuring
long-term ethical and social impacts. Additionally, because the
system explicitly surfaces ethical considerations as part of its design
activity, it encourages human supervisors to engage with these
issues proactively, rather than treating them as ad hoc or after-the-
fact fixes.

9.3.5 Providing a testbed for human-AI collaboration. Beyond im-
mediate practical benefits, this system offers a valuable platform
for studying the dynamics of human-AI collaboration in creative
tasks. It allows researchers to investigate when, where, and how
human supervision adds value, how trust and control evolve, and
how automation boundaries can be effectively balanced.

9.4 Limitations of the System
While the system demonstrates promising capabilities for auto-
mated design activity, several limitations must be acknowledged.

9.4.1 Creativity dilution. It is common to experience goal misalign-
ment in a team, which can reduce the efficiency and the quality
of teamwork [68]. AI agents in a fully automated workflow can
also experience goal misalignment with human designers, often
missing subtle or insightful design points that human creativity
and intuition can easily capture. While the system explores a broad
design space, it tends to converge on safe, conventional solutions,
limiting the novelty and divergence of outcomes.

9.4.2 Modality constraints. The current system operates through
text-based interactions and struggles with design tasks that require
visual [42], spatial [98], or embodied reasoning [53], such as cre-
ating physical prototypes [63], interpreting gestures [57, 83], or
accounting for environmental context [17]. Although recent stud-
ies have individually explored these design modalities [70, 86, 92],
expanding the existing system’s capabilities to effectively handle
multimodal design tasks remains an open challenge.

9.4.3 Generative biases. Although the AI agents cover a wide range
of design roles, their outputs are ultimately constrained by the un-
derlying LLMs [36]. This can lead to biases inherited from training
data, lack of cultural or contextual nuance, and a tendency to pro-
duce familiar or widely available solutions, potentially limiting the
novelty and originality of the outcomes.

9.5 Risks of Automated Design Activity
While automated design offer great opportunities, the deployment
also introduces important risks that need to be critically considered.

9.5.1 Reduced situation awareness. Automated systems can lower
the user’s ability to monitor and stay conscious of all relevant as-
pects of the task, a capacity known as situation awareness [34].
As AI agents autonomously handle complex design activities, hu-
man designers may lose track of how decisions are being made,
which options are being considered or excluded, and when critical
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turning points arise. This can lead to designers operating with an
incorrect or incomplete understanding of the system’s current state,
increasing the chance of overlooking errors, biases, or emerging
issues.

9.5.2 Complacency and skill degradation. There is a risk that de-
signers may excessively delegate tasks to automation, reducing
meaningful human involvement to passive oversight [41]. Over
time, this can erode human agency and degrade essential design
skills, as designers and researchers become less engaged in critical
tasks such as problem framing, evaluation, and creative exploration.
Additionally, as users grow accustomed to the system’s high-speed,
high-volume outputs, they may develop a false sense of confidence
in the AI’s results, overlooking the need for scrutiny and missing
the nuanced understanding, empathy, and contextual sensitivity
that only human designers can provide.

9.5.3 Automation reliability and error costs. The system’s relia-
bility depends on the underlying models, prompts, and mecha-
nisms [36, 50], which can produce flawed or biased outputs, espe-
cially when encountering edge cases or poorly defined problems.
Errors introduced by the system can propagate through the design
process, potentially incurring significant downstream costs in terms
of rework, misaligned products, or user dissatisfaction.

Overall, these risks we have raised here not only highlight prac-
tical challenges but also open important avenues for future ex-
ploration of human-AI cooperation in design. Specifically, they
raise questions about how to effectively balance automation and
human oversight, how to design interaction mechanisms that pre-
serve human skills and situational awareness, and how to ensure
accountability and trust calibration in collaborative AI systems,
offering a rich agenda for future research.

9.6 Potential Users of the System
As part of the contextual inquiry, the first author discussed the
potential users of the system with the experts.

9.6.1 Design students. As suggested by E5, the system’s compre-
hensive and structured approach makes it a promising tool for
teaching design students how to tackle complex design problems.
The recorded conversations between AI agents can serve as rich
case study materials, helping students understand various aspects
of the design process, including problem framing, qualitative data
analysis, and interdisciplinary collaboration.

9.6.2 User researchers and designers. E3 and E7 appreciate the
high speed and low cost of generating simulated users and note
how the system could potentially be used by user researchers and
designers as a supplementary approach to traditional user studies.
We suggest that simulated users could be used either before, during,
or after the user study to prepare better for the user interview
or to understand the boundary of the end-user group. However,
we should not arbitrarily use AI agents as the only approach to
understanding user needs. One of the reasons is that LLMs can also
be biased, considering the training data may not equally represent
each group. Another reason is that simulated users may not fully
represent the real users, even when assigning a real user’s persona

to an AI agent. Moreover, designers can gain extra insights from
nonverbal observations.

9.6.3 Consultants, product managers, and project managers. Sug-
gested by E2, E3, and E4, this system can also potentially be used
by consultants, product managers, and project managers to swiftly
gain an overview of project ideas at an early design stage. This can
substantially reduce the time spent collecting fundamental infor-
mation and clarifying initial directions. They can choose either to
accept or reject ideas generated by the AI agents by judging their
quality and validity, having established some trust in the fact that
the ideas are coherent and meaningful but may lack novelty.

10 Future Work
This work opens up several promising directions for future research,
both in evaluation design and system development.

First, future studies should involve a larger andmore diverse sam-
ple of participants to enhance the generalizability of the findings
across different user groups, domains, and contexts. Expanding the
participant base would strengthen the robustness and external valid-
ity of the system’s performance evaluations. Additionally, refining
the evaluation framework with a more fine-grained breakdown of
assessment criteria, along with more detailed statistical analyses,
would provide deeper insights into the system’s strengths and limi-
tations. This would help researchers more effectively identify areas
for improvement and guide future system iterations.

Beyond evaluation improvements, several system-level enhance-
ments are necessary to improve usability, control, and user experi-
ence. The current fully automated design process allows humans
only to monitor the system and conduct ad hoc evaluations, which
can reduce both the usability of outputs and users’ sense of control.
Moreover, the system’s long, text-based outputs substantially im-
pede user experience when humans attempt to inspect and make
sense of the generated materials.

These observations reveal three critical design requirements for
future work:

First, design for efficient and effective system control. Al-
lowing AI agents to run automatically in detailed tasks while in-
creasing human control at critical decision-making points can en-
sure efficiency and effectiveness at the same time. Moreover, pro-
viding semi-structured interaction guidance for human users can
help with on-boarding and reduce mental load.

Second, design for ownership and user trust. In addition to
allowing humans to steer the design activity, enabling easy cross-
checking of the information presented in the system can also build
trust. This can be achieved by, for example, providing source links to
specific data or allowing users to rapidly find information generated
by AI agents in the design activity when it is referenced by other
AI agents.

Third,use a variety of information presentation techniques.
We wish to ensure generated design solutions are correctly and
efficiently conveyed to humans. This can be achieved by presenting
information through tables, figures, and charts that improve the
readability of the system output for humans, and by providing sto-
ryboards, wireframes, and sketches that make the design solutions
more understandable.
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11 Conclusion
This paper has demonstrated the feasibility of automating coop-
erative knowledge work through the use of multiple LLM-based
communicative AI agents. We designed, developed, refined, and
evaluated a system of LLM-based AI agents for tackling design
problems. The system is capable of exploring design spaces, iden-
tifying constraints, and generating effective and feasible design
ideas based on a HCD problem given by the user. The system can
also interactively present this information via a web application
with a chatbot-like assistant agent. This approach enables users
to quickly gain a comprehensive understanding of a design prob-
lem at an early stage, incorporating multiple perspectives such as
business requirements, ethical considerations, interaction design,
and technical feasibility. This established understanding provides a
rich foundation for further design focusing on the aspects that AI
agents are not good at, such as novelty.

This approach is both low-cost and efficient, with each run cost-
ing approximately two dollars and taking less than half an hour—
substantially faster and more affordable than traditional design
activities. Conventional methods typically span at least one to two
months and require significant financial investment to involve ex-
perts across various domains and organize user studies. However,
we emphasize that we should not replace a conventional HCD pro-
cess with an approach based on AI agents. Instead, the current
method is a supplementary means for undertaking HCD.

Having demonstrated the potential for AI agents to simulate the
way we carry out design activities, our future work will focus on
improving the usability of the system and exploring how to better
integrate human input into the AI agents’ workflow. This is likely
to involve improving data visualization, finding optimal levels of
automation to ensure efficiency, and increasing user control to
enhance the quality of the design activity outputs.

12 Open Science
To stimulate further research on this topic, we make our code avail-
able here: https://github.com/boyiny/design_activity_simulation.
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