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Abstract

While much prior work examines Large Language Models (LLMs)
for solo development tasks (e.g., coding), far less is known about
how LLMs shape collaborative group work in software engineering.
This study focuses on one such collaborative task, namely software
design. It presents the results of an exploratory laboratory study of
18 pairs of software professionals who could use an LLM however
they saw fit, to design a university campus bicycle parking applica-
tion. Our findings reveal that introducing an LLM leads to distinct
patterns of joint use: shared-instance use facilitated shared under-
standing, whereas parallel use across separate instances sometimes
led to “context drift”. We also observe wide variation in reliance,
from non-use to treating the LLM as an information source or pro-
ducer. Across these modes, professionals scrutinized and reflected
on LLM responses, often yielding design insights; however, early
anchoring sometimes curtailed exploration. We provide implica-
tions for tools to aid designers while retaining the human-centricity
important to design.

CCS Concepts

- Software and its engineering — Software design engineer-
ing; « Human-centered computing — Collaborative and social
computing.
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1 Introduction

Design has long been recognized as an essential part of software
development [45]. It brings a product’s requirements closer to real-
ity by defining an appropriate solution to realize them [7]. In doing
so, factors such as quality attributes (e.g., scalability, performance,
security, maintainability), feasibility, priorities, and costs are consid-
ered alongside the requirements, leading to trade-offs and decisions
to determine the chosen solution to move forward [17].

Designing, like software engineering more broadly [49], is a
collaborative activity [50]. Designers are well-known for working
together at a whiteboard [9], either in person or remotely [28], to
shape the design. Such synchronous sessions enable them to rapidly
explore the problem and solution spaces necessary to address the
complexities inherent to software design [7]. While Large Language
Models (LLMs) show promise in aiding aspects of software design
(e.g., seeking knowledge [29] to address gaps), it is unclear to what
extent LLMs can aid more broadly in human-centric and collabo-
rative tasks such as software design. Studies outside of software
engineering exploring small teams engaging with Generative Al
(GenAl) in collaborative tasks, note that co-prompting an LLM can
aid in gaining a shared understanding [23], and that while GenAI
can help to generate ideas, there is a concern that its use leads to
loss of critical thinking [24].

With LLMs permanently altering the way we code [5], speeding it
up significantly [51], and even influencing human interactions [43],
design has been argued to already be and continue to become even
more important [30]. Moreover, unlike mundane activities, design
is unlikely to go away at the hand of LLMs, given the inherent
complexity in designing software [7] and the need for higher-level
abstractions, something LLMs struggle with [30]. However, within
the plethora of GenAl-related research, scholarship on GenAI’s
impact on software design remains scarce [25, 35]. Limited research
has focused on specific design tasks involving a sole designer using
GenAl, such as modeling (e.g., [12, 18]), where LLMs have shown
some assistance. To date, no study has examined how software
professionals may use an LLM to assist them in designing, especially
when working in a small group, a gap we address in this study. To
do so, we pose the following research questions:

RQ1 What collaboration patterns arise when pairs of designers
have access to an LLM?

RQ2 How do designers use the LLM and for what purpose?

RQ3 How do designers interpret and act on LLM responses?
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RQ4 What are designers’ perceptions about using an LLM for
software design?

To answer these questions, we conducted an exploratory study in
which 18 pairs of software professionals addressed a given software
design task, with the option to use an LLM. Pairs had 90 minutes
to produce a software design while working remotely over Zoom,
using collaborative design tools of their choice and a purpose-built
chat tool (leveraging ChatGPT APIs) that allowed each to invoke
the LLM independently. We found that collaboration practices of
designers with the LLM (shared or independent instances) and
the roles they assigned to the LLM (no-use, information source,
generator, producer) varied widely, yet they shared a common set
of assistance types. Our findings have implications for novel Al-
backed tools to support collaborative work such as software design.

2 Related Work
2.1 Software Design

Software design operates at three levels of abstraction: the system
architecture, high-level design (components and interactions), and
low-level design focusing on individual components [45] with de-
signers often moving between these abstractions [39]. There is no
single way to design, as illustrated by the many methodologies
and approaches available to practitioners, such as evolutionary de-
sign [21], domain-driven design [15], and model-driven design [33].
Due to their exposure to different approaches over time, experi-
enced designers have typically amassed a vast repertoire of strate-
gies and expert practices to call upon when designing [39].

Designing is often collaborative with designers commonly sketch-
ing at a whiteboard to help them understand, design, and commu-
nicate [9], a phenomenon explored by a rich history of research
examining the use of sketches and models by architects and design-
ers in industrial settings (e.g., [38], [2], [22]). Sketches can facilitate
design conversations in various ways, including helping to discuss
alternatives, review progress, and identify assumptions [32].

Studies have further explored human-centric aspects of design,
such as how expert designers make trade-offs and decisions [17],
including capturing the rationale behind decisions [46], and how
they reflect on their design [41]. Cognitive processes, too, have
been considered [16], exploring cognitive biases such as design
fixation [34]. Despite extensive work describing how designers
collaborate and reason with artifacts, such as sketches and models,
little is known about how these practices change when an LLM is
introduced. This gap is addressed by our study.

2.2 LLMs in Software Design

Studies involving the use of GenAl in industry have noted limited
use of ChatGPT to support design activities [31] and GenAl being
little used to support collaborative or creative tasks such as archi-
tecture or high-level design [37]. Among the small body of research
addressing the use of LLMs for software design, exploring LLMs
for modeling, a common task within software design, is a popular
theme. One study examining ChatGPT’s ability to generate UML
class diagrams, Entity-Relationship, and Business Process models
concluded that LLMs can help experts arrive at an acceptable model
faster than manually producing one [20]. In contrast, another found
that ChatGPT-generated UML class diagrams, while syntactically
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correct, are semantically incorrect and require substantial effort
from the designer to improve [12]. Low-quality requirement docu-
ments, including ambiguous requirements, omissions, and a lack of
contextual information, particularly affected the completeness and
correctness of Al-generated UML sequence diagrams [18].

Two studies explored the use of LLMs to generate Architec-
tural Decision Records (ADRs) [1]. One found that LLMs cannot
be relied upon independently—human review and assistance are
required [13]. Another explored a tool for novice designers to create
ADRs, noting the resulting ADRs lacked key data [14].

While these studies provide valuable insights into the potential
benefits and challenges of using GenAlI in software design, they
focus on a single aspect of design rather than considering how an
LLM may help produce a complete solution ready to guide devel-
opment. Moreover, unlike this study, these prior studies have not
examined how multiple designers jointly work with an LLM.

2.3 GenAl in Collaborative Group Work

Several studies have considered how Al chat-based interfaces can
support collaborative group work, identifying both benefits and
downsides. One study on group ideation that enabled participants
to generate ideas with an LLM found that AI can be helpful, such as
providing ideas when stuck, but its use raised concerns, including
the potential loss of skills [24]. Pairs working on a stage design
task found that using GenAl helped to build consensus on a task
and that the humans led the design process while taking advantage
of GenAT’s ability to automate laborious tasks [24]. By situating
our study within the novel context of GenAlI use in collaborative
software design, we contribute to prior research on GenAl in col-
laborative group work.

3 Research Method

To answer our research questions, we purposefully designed an ex-
ploratory, lab-based study that simulated a remote working environ-
ment. We wanted our participants to design as they typically would.
Therefore, we did not prescribe a specific methodology, format, or
content of the design document, or the design tools to be used, or
mandate the use of the LLM. Moreover, our participants worked
in pairs as design is often a collaborative activity [50]. The study
adhered to the University of California, Irvine’s Human Research
Protections protocols (IRB: #3652). Supplementary data, including
the PRD, interview questions, and codebooks are available [26].

3.1 Task Design

Participants were asked to design a mobile bicycle parking appli-
cation to help students find a place to park their bicycles on and
near a single university campus. This task was selected because it
was felt not to require specific domain knowledge and reasonably
understandable. While such a “greenfield” design task simplifies the
complexities of real-world applications, it enables us to observe how
designers collaborate with an LLM, which is the goal of our study.
The requirements, including the application’s goal, six key features,
and screen mockups, were described in a Product Requirements
Document (PRD).

Participants were provided with this PRD and asked to produce
a design document that articulates their solution. This solution
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typically considered and augmented the set of requirements to de-
termine what each pair believed would provide an appropriate user
experience, and articulated how the app would function, including
its architecture and database design. Different pairs emphasized
aspects within this design somewhat differently. They were given
access to an LLM via a custom wrapper that logged their interac-
tions, but otherwise did not intervene or alter the LLM’s behavior.
The custom wrapper (using ChatGPT 3.5 Turbo APIs) was designed
to mirror the interface of an off-the-shelf chat-based LLM, such as
ChatGPT, to further enhance the ecological validity of the study.

3.2 Participants

3.2.1 Recruitment. Eligible participants: (1) had experience design-
ing software in an industry setting, (2) were based in the United
States, (3) were 18 or older, and (4) spoke English. We did not require
them to be full-time software designers or architects, as many engi-
neers are expected to do software design alongside coding work.
Instead, we recruited based on experience in software design rather
than job title.

Participants were recruited through the researchers’ personal
networks and by advertising the study on their LinkedIn profiles.
To minimize social awkwardness, each interested participant was
asked to find their own partner. In two cases (Pairs 6 and 7), the
researchers matched participants who were unable to find a partner.
Participants were not compensated for their participation in the
study. Through this paper, we refer to the pairs as Pn, where n is
the pair identifier, and Pna and Pnb for the partners in pair n. e.g.,
Pla and P1b represented pair 1, partners a and b.

3.2.2  Participants’ LLM Experience and Demographics. Nearly all
36 participants had used LLMs for personal and/or work use before
engaging in the study. Most (n=25) had used an LLM at work, with
three (P5a, P13b, P18b) reporting using an LLM for software design.
Nine participants had only used an LLM for personal use outside
the workplace. The participants were diverse in terms of gender,
experience, and job roles. 27 participants were male and 9 were
female. Some were novices with only 1 year of experience, others
had upwards of 20 years, with an average of 11 years. The majority
(n=25) of participants were in technical roles (engineers, architects),
while other roles included UX design and product management.
We consider the four pairs (P3, P6, P13, P15) to be novices, as both
partners have less than 3 years of professional experience.

3.3 Procedure

Prior to the session, participants received the study information
sheet and a request for demographics data. Each session was held
remotely via Zoom with the pairs joining separately, except for one
instance in which the two partners were co-located in the same
room (P8). A researcher obtained verbal consent and permission to
record, and provided instructions, including the PRD and a short
user guide to the LLM wrapper.

Each pair was given up to 90 minutes to complete the design
before the researcher asked them to stop. 90 minutes was selected
as this was felt to be sufficient time to produce a design without
fatiguing participants while also respecting their time contributing
to the study. On completion, an exit interview immediately followed
to discuss their experience, with both participants interviewed
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together. Eight of the 18 pairs finished the design early, with the
shortest time being 59 minutes. The average completion time was
82 minutes. The exit interview lasted an average of 26 minutes,
ranging from 15 to 39 minutes. All sessions took place between
September 2023 and February 2024.

For each pair, Zoom recordings of the design session and inter-
view were collected, along with the LLM-wrapper log of prompts
and responses, and the design document. Demographics were col-
lected via a Qualtrics survey [40]. The exit interview of each Zoom
auto-generated transcript was reviewed and revised by the re-
searchers for quality and accuracy. All data collected was stored on
secure institutional drives, accessible only to the researchers.

3.4 Data Analysis

To answer our research questions, we conducted predominantly
qualitative analysis of our rich dataset of LLM conversation logs,
design session recordings, and interview transcripts. The same two
researchers were involved in the analysis tasks described below.

LLM Conversation Logs. Abductive coding [42] was used since
the authors had a pre-set agenda of things to look for, including
the types of assistance sought from the LLM (e.g., asking for help,
generating an artifact such as a UML class model) and amount
and type of context provided in the prompt (e.g., the entire PRD).
One researcher led the coding, followed by the second researcher’s
review. Disagreements were discussed, leading to an eventual con-
sensus. If a discussion led to changes to the codebook, previously
coded logs were revisited and recoded. Basic calculations were used
to calculate descriptive statistics, such as the average number of
prompts entered. This analysis helped answer RQ1 and RQ2.

Design Task Recordings. Analyzing the videos of the design ses-
sions enabled us to gain insights into: (i) the design process followed
by each pair (e.g., splitting tasks into smaller subtasks), (ii) use of
the LLM (including shared or individual use), and (iii) the rationale
for issuing prompts to the LLM and how a response was interpreted
and used in the design task. In so doing, we identified similarities
and differences across the pairs’ design workflows. The same two
researchers watched and analyzed all video recordings together
using abductive coding [42] and extensive memoing [11], while
referencing LLM conversation logs and design documents when
needed. Each LLM interaction was coded to capture the rationale for
entering the prompt, the wording of the prompt, the pair’s thoughts
(as spoken aloud) on the LLM’s response, and any resulting follow-
up action such as entering a revised prompt.All coded segments
were supplemented with memos providing additional context. This
coding enabled us to identify why designers sought assistance and
how they scrutinized and verified responses, reflected on their de-
signs, and modified proposed designs. A final memo summarizing
the design session was added at the end of each video. As we pro-
gressed through the recordings, we began to observe the different
roles the designers afforded to the LLM, leading to the identification
of the roles (no role, information source, generator, and producer).
We assigned each pair to one of these roles, including those pairs
already coded. We validated our observations through the LLM
conversation logs and the exit interviews. This analysis helped to
answer RQ1, RQ2, and RQ3.
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Exit Interviews. Inductive thematic analysis [6] was used to ana-
lyze post-task interviews. One reviewer first reviewed all 18 tran-
scripts, focusing on participants’ experiences and perspectives on
the use of LLM-backed tools to support software design. A second
researcher reviewed this analysis. The two researchers discussed
and agreed on the codes to use. Any differences between the two
researchers were resolved, with interviews that were coded prior
revisited to re-assess the relevant codes. The two researchers subse-
quently grouped the final codes into a cohesive set of themes using
a FigJam board [19]. Themes identified included trust and suitability
of LLM for software design. A third researcher reviewed the FigJam
board and, with the two researchers, discussed the themes further
until a consensus was reached. This analysis helped to answer RQ4
predominantly but also provided insights for RQ2 and RQ3.

4 Findings
4.1 What collaboration patterns arise when
designers have access to an LLM? (RQ1)
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Figure 1: Timeline of when prompts were entered by each
pair, split by partner. One line indicates only one part-
ner entered prompts. The pairs have been grouped and la-
belled to indicate their reliance on the LLM. DNU=No role;
IS=Information source; GE=Generator; PD=Producer.

We identified three distinct patterns of joint LLM use in how
pairs worked with the LLM during the design task: shared instance,
separate instances while co-working, and separate instances while
working individually. Before presenting these, we first provide a
brief description of the workflow the pairs followed on the design
task to aid the contextualization of our findings.

4.1.1  Workflow. In completing the design task, pairs broadly fol-
lowed a similar workflow. They quietly read the PRD, often indi-
vidually, before discussing the requirements and the task. All pairs
subsequently broke the task into smaller subtasks; they did not use
the LLM to do so. Each sub-task focused on producing a specific de-
sign artifact, such as a high-level architecture or a data model. Most
pairs worked through all their sub-tasks together, but five split up
mid-session to work independently in parallel (see Figure 1). This
was so they could “play to our strengths” (P1b) and complete the de-
sign more quickly. For example, P1a worked on user flows, and P1b

Jackson, Cha, Prikladnicki, van der Hoek

worked on the APIs. This decision to work separately consequently
influenced their joint use of the LLM (discussed below).

Unsurprisingly, all but one pair used collaborative design tools
such as document editors (e.g., Google Docs) and diagramming tools
(e.g., LucidChart), enabling concurrent contribution to the design
document. P7 was the exception, treating the LLM as a design tool
by producing their entire design within the LLM wrapper.

4.1.2  Patterns of joint LLM use. As the LLM wrapper only sup-
ported a single user (similar to commercial tools), several patterns
of joint LLM use emerged among the 16 pairs that used it. In some
cases, the pairs moved between the different patterns during the
design task (e.g., P1 shown in Figure 1). Across the 16 pairs that
used the LLM, ten primarily used a shared instance and six used
separate instances while co-working. Within those latter six, five
of the pairs at some point switched to working independently on
sub-tasks, using either separate instances or no LLM.

Shared LLM instance. The pairs used the LLM in a pattern akin
to pair-programming. One acted as the driver, entering all prompts
and often—but not always—sharing the screen so their partner
could contribute to both prompt crafting and the response review.

Separate LLM instances while co-working. Each partner entered
prompts into their own instance of the LLM wrapper. They con-
tinued to work together in shaping the design, yet varied who
entered the prompts. Sometimes, partners (e.g., P6) entered similar
prompts to deliberately exploit the LLM’s non-determinism and
receive different responses to compare. Other times, the partners
alternated who entered the prompt. For example, P15a asked about
Google Maps when discussing directions, while P15b asked about
different types of databases (SQL, NoSQL) when discussing the
solution architecture. Occasionally, this approach caused problems
due to “context drift”. For instance, P9 used the LLM to produce the
entire design. Both partners initially entered similar prompts, but
their designs began to diverge, so they settled on P9b entering all
prompts by collaborating via a Shared LLM instance.

Separate LLM instances while working individually: More rarely,
partners split up to work on separate sub-tasks. They sometimes
used separate LLM instances for each sub-task (P1) or had only
one partner use the LLM (P12, P13). Working individually required
additional coordination between the partners to ensure alignment
among the different parts of the design. This was particularly ob-
served in P12’s design, where P12b continued to use the LLM for
part of the design, while P12a worked on the object model. Negoti-
ation was required to ensure the separate parts were aligned.

4.2 How do designers use the LLM for
assistance? (RQ2)

By observing how pairs used the LLM for assistance, we identified

distinct roles afforded to the LLM and types of assistance sought.

4.2.1 Role of the LLM in designing. Across all pairs, we identified
four distinct roles the LLM played in the design workflow: no role,
as an information source, as a generator, or as a producer (see
Table 1). These roles occurred independently of the collaboration
patterns noted in Section 4.1.2. For example, pairs using separate
instances sometimes treated the LLM purely as an information
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source (e.g., P15), while others used the LLM as a generator for
their design (e.g., P1, P6). Interestingly, design experience did not
appear to affect the role the LLM played.

No role (DNU ): Two pairs (P3, P11) decided not to use the
LLM for their design task. Each pair did invoke the LLM, but the
queries had little to do with the task at hand. P3 simply invoked the
LLM at the start of the session to “make sure it was functional” (P3a),
and P11 ignored the LLM and used Stack Overflow in a browser
instead. They invoked the LLM twice: once to compare its response
with Stack Overflow and again to politely thank it.

Their reasons for not using the LLM included an unclear cost-
benefit trade-off, a general lack of trust in LLMs, and confidence
in their own abilities. P3a believed using the LLM would require
more effort than simply thinking through the design themselves:
“[Is it] going to be faster to explain it the problem and how I want
it to be solved, or just going ahead and spending that same brain
power on solving the problem?” P11a expressed distrust in the LLM
responses and “still want[ed] to find other search results”. They also
felt competent enough, that “there was nothing in there that we
couldn’t figure out between the two of us” (P11a).

Information source (IS ): Five pairs (P4, P5, P10, P15, P17) viewed
the LLM primarily as a knowledge bank, tapping into it when
they lacked specific information to help them progress. Often, the
utilization was similar to using a traditional search engine by asking
for specific information such as on Google Maps APIs. Other times,
pairs relied more on the LLM’s generative capabilities, for example
letting it offer guidance on choosing one type of database over
another. Regardless, they relied on their own design acumen to
think through and decide on their envisioned design, and manually
produced the entire design document.

Within these five pairs, reliance on the LLM varied in terms
of the number of prompts entered and the topics for which they
sought help. P5 issued four prompts, of which three were related
to understanding Google Maps. In contrast, P17 issued 14 prompts
for assistance on topics such as the Google Maps API and securely
storing API keys in a mobile application.

Using the LLM as an information source perhaps reflects a per-
sonal preference to solve the problem themselves by “figuring this
stuff out together, like we talk to each other more than relying on
the chat tool to design it for us” (P15). At the same time, these pairs
were comfortable in utilizing the LLM to address knowledge gaps
needed for progressing the design.

Generator ( GE :) Eight pairs’ usage extended beyond addressing
knowledge gaps, and treated the LLM as a partner assisting
them in creating aspects of the design. Each pair generated at
least one artifact included in their design document, albeit usually
not verbatim. Rather, they treated the generated artifact as a starting
point and made refinements. P1 used the LLM relatively early in
their session to generate a data model, for which they then modified
to their liking before asking the LLM for assistance in designing
an appropriate set of APIs for the refined data model. In addition,
P16 asked the LLM to create multiple parts of their design (e.g.,
non-functional requirements, data protection features, deployment
diagram). They used the generated first version of each artifact and
worked together to improve it and align it with other artifacts.
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Using the LLM to generate a starting point for subsequent it-
eration appeared to be an intentional decision “to get me in the
ballpark so that I can focus on the refinement... and now I've got the
right, maybe broken starting point, to then clean up” (P1b).

Producer (PD ): Three pairs (P7, P9, P14) took it even further,
treating the LLM as the producer of the entire design docu-
ment; no articulation work was performed by these pairs beyond
interacting with the LLM. Through continuous conversation be-
tween themselves (orally) and with the LLM (via prompting), each
of the three pairs steered the LLM towards generating a design
that incorporated both their suggestions and the LLM’s. Among
the three pairs, there was some variation in the granularity of the
design document content. One pair (P7) chose to include detailed
UML artifacts (a class diagram and a deployment diagram), whereas
the other two (P9, P14) produced higher-level design documents
that focused on an overview of the core architectural components
and their interactions.

All three pairs engaged in an early discussion about how best
to use the LLM for assistance. Notably, at least one partner in each
of the three pairs that used the LLM in this way had extensive
experience with an LLM, gained either at work or in academia. This
early discussion and initial positive results with the LLM seemed
to lead them to steer the LLM to generate the entire design. Such
usage perhaps indicates a high level of confidence in both their
design skills (to critically evaluate the response) and in using an
LLM to aid their work.

4.2.2  Level of context provided. Across the different roles afforded
to the LLM, we observed the designers provided varying levels of
context about the design task in their conversations with the LLM.
Those using the LLM as an information source typically provided
no context about the requirements, instead entering short, targeted
questions. The pairs using the LLM as a generator varied in the
amount of context shared with the LLM, with one (P8) only men-
tioning car park as an analogy, four providing the entire PRD, one
mentioning only the six core features and the goal of the application
(P16), one providing the goal only (P12), and one paraphrasing the
requirements (P13). All three using the LLM as a producer provided
the six core features, with one also providing the entire PRD.

While pairs commonly provided a sense of the requirements to
the LLM, only four chose to additionally inform the LLM of design
constraints and decisions made outside of the LLM. P14 provided a
design constraint, “agnostic to device” and a subsequent decision
following a review of the response, “going to use React”.

Such variations suggest that designers have different mental
models of what the LLM needs to perform effectively. This perhaps
reflects their views on how the LLM can assist, ranging from treat-
ing it as a search engine to a more context-aware design assistant
that needs to be kept abreast of decisions made outside its context.

4.2.3 Assistance sought from the LLM. Table 1 provides an overview
of the types of assistance sought from the LLM. Unsurprisingly, the
two most common types of requests concerned creating an
artifact (in line with the LLM’s overarching role as a generator or
producer) and seeking information (in line with the LLM’s role
as an information source).
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Type Description #Pairs

Create Artifact ~ Requesting the LLM to create 12
some or all of an artifact (e.g.,

a data model, API definitions)

GE PD
Seek Informa- Looking for assistance on topics 10
tion related to the design (e.g., Google
Maps API, NoSQL databases) (IS
GE PD
General Design Assistance on how to do software 7
Help design (e.g., advice on UML) IS
GE PD

Explore (Prob- Exploration of the problem space 5

lem Space) to better understand or refine the
requirements [IS| GE PD

Explore (Solu- Exploration of the solution space 5

tion Space) to garner potential design in-

sights [IS' GE PD

Asks the LLM to take a design de- 3

cision GE [PD

Table 1: Different types of assistance sought from the LLM
by three or more pairs. Each type of assistance is tagged with
the overarching roles (Section 4.2.1) in which it appeared (e.g.,
General Design Help was only sought by pairs that leveraged
the LLM in the role of Information Seeker or Generator).

Make Decisions

Pairs using the LLM as a generator to create artifacts adopted two
distinct approaches. In some cases, designers manually produced an
artifact and then consulted the LLM for an alternate version, which
they then compared with their own. For example, P2 prepared a
data model before asking the LLM to generate one. In other cases,
the LLM provided a starting point that they subsequently refined.
P16 followed this approach by asking the LLM to create a UML
sequence diagram that they redrew in draw.io to correct observed
mistakes in the LLM-generated version.

Several pairs went beyond seeking information on topics relevant
to their design and used the LLM to explore the problem or
solution space. One reason was to identify potential additional
requirements to consider, given that any requirements document,
including the one used in our study, is necessarily incomplete. This
led to one pair wondering about the potential number of users
for the application, so they could factor it into their design, as
they were keen for a scalable yet cost-effective solution: “Can you
give a specific number of users that we should expect based on total
population of students and faculty for a given year. This will help us
forecast the costs” (P14). The LLM also helped the designers explore
the solution space, often preceding the authoring of artifacts. The
requests to the LLM set the stage for potential solutions that the
designers may want to consider. For example, P6 asked “ What would
the backend look like for this application?”

Deciding on the appropriate route forward from the many com-
peting possibilities is a critical part of design [17], and we noticed
three pairs engaging in deferring an entire decision to the LLM,
rather than themselves exploring potential options and making a
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choice. P6, for example, was unsure what backend architectures
to consider or utilize, so they asked the LLM to recommend one.
Instead of prescribing a solution, the LLM presented potential trade-
offs for each of the two suggested approaches (monolithic or server-
less) and encouraged the pair to decide which to use. While they did
not succeed in getting the LLM to make the decision for them, the
intent was there. In contrast, P14 did succeed: they asked the LLM
to “choose the framework which is most widely supported and lowest
learning curve to be production...should be agnostic to device...”. The
LLM obliged, recommending React Native, which the pair adopted.
In summary, the roles afforded to the LLM highlight the varied
ways designers incorporated it into their workflow, from avoiding
it entirely to creating artifacts and even producing the entire design.
Across these usage roles, designers remained central, evaluating,
adapting, comparing, or rejecting LLM outputs as needed.

4.3 How do designers interpret and act on LLM
responses? (RQ3)

Across all of the LLM roles, designers engaged in substantive inter-

pretive work when reviewing LLM responses. This work involved

careful scrutiny, reflection, and iteration. All of which helped to

shape the emerging design.

4.3.1 Scrutinizing and verifying responses. Most participants care-
fully scrutinized the responses to determine whether the answers
met expectations. In verifying, the professionals sometimes com-
pared the response to the PRD (e.g., P13, P16), their existing design
(e.g., P1, P8), or used an online visual editor to visualize any model
language code generated by the LLM such as PlantUML (P2) and
Structurizr DSL (P18). The pairs often exclaimed an emotional reac-
tion to the LLM’s answer, varying from “this is extremely amazing!”
(P2b) to “ah, lame” (P18a), hinting at the usefulness of the response.

The LLM’s design artifacts were often used as a starting point.
Sometimes, the pairs extended the response (e.g., P6 noticed the
API produced by the LLM had “nothing for the photo” thus manually
added photo as a parameter to the API definition) or deleted parts
of the proposed artifact (e.g., P12 “clean[ed] up the parking piece”)
to remove references to requirements not mentioned in the PRD.
Some pairs cherry-picked which parts of the response to use: P15
included only three of the 10 suggested NFRs. Additional insights
into the design were gained by drawing a model based on the textual
response. P16 modeled a sequence diagram generated by the LLM in
draw.io. In a subsequent review of the model, issues were identified
with the original response, leading to a correction by P16.

Using the response as a starting point, while beneficial as pairs
“didn’t have to start from scratch” (P16b), anchored the design
early, thus curtailing exploration of alternatives. Only three
pairs sought alternatives: P6 entered a similar prompt into their
own LLM instances respectively, P7 re-entering the same prompt,
and P18 wiped the conversation history and started again.

Other times, participants were dissatisfied with the response due
to clear mistakes, omissions, or general dissatisfaction. In these
cases, no updates were made to the design, and the pairs either
attempted to correct the issue by submitting a new prompt or just
continued their own design work until they found another case
where they could benefit from LLM assistance. Some of this dis-
satisfaction could have stemmed from the LLM missing important
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context about the design task, leading it to provide a response
that did not meet expectations. Consider P13 who provided a para-
phrased part of the PRD to the LLM and asked it to “Can you write a
number of Gherkin style behaviors that we could expect to see?” P13a
found the response was “not useful” and proceeded to author a set
of Behavior Driven Design (BDD) tests manually without the LLM.

4.3.2  Reflection providing design insights. Beyond taking entire
or partial responses and incorporating them into the design, re-
viewing responses often went hand in hand with reflecting on the
existing design as it progressed, leading to decisions that affected
the design direction. This reflection led to the identification of
omissions in their design, as “it caught some stuff I missed”(P2b),
scope clarification, as the LLM included an expectation of some
functionality that would be required for the core functionality to
operate (P1), a discussion and decision to generalize part of their
design (P10), and a realization they could reuse Google Maps
API rather than “re-inventing the wheel” (P17b).

4.3.3  lterating with the LLM. Pairs frequently issued follow-up
prompts to correct errors, refine the design artifact, or explore a
line of inquiry further. Information-seeking behavior (e.g., P5’s
multi-step exploration of Google Maps APIs) led to updates to the
design as they gained additional knowledge. Producer pairs (P7, P9,
P14) engaged in extended prompt-review-revise cycles, gradually
“tuning” the model’s output by adding context or constraints. P7
issued multiple prompts to refine the proposed data model, P9 grad-
ually added additional context from their early prompts containing
the six core features to later ones containing the entire PRD, and P14
added additional constraints to help “[the design] be cost-efficient
and performant and scalable.” (P14a). There were some downsides
to this iteration, however. One generator pair (P18) seemed fixated
on ensuring the LLM returned an accurate response (a C4 architec-
ture model in valid Structurizr format) by issuing many prompts to
correct the LLM, only to give up.

Scrutinizing, reflecting, and iterating with the LLM highlight
that the LLM’s response is perhaps viewed as a straw man to be
debated rather than a definitive artifact to be used directly.

4.4 Perceptions on using LLMs for design (RQ4)

Across participants’ post-task reflections, several themes surfaced:
trust concerns, increased confidence, the value of human partner-
ships, and suitability for software design.

4.4.1 Trust. Similar to prior LLM and coding studies (e.g., [47]),
participants were concerned about hallucinations and whether they
could trust the LLM’s responses. This perhaps explains why par-
ticipants regularly scrutinized design artifacts generated by the
LLM: “It does require the user to have their own thoughts and good
understanding of the prompt because you have to check, you cannot
Jjust trust what it generates” (P7a).

4.4.2  Increased Confidence. Using the LLM gave participants con-
fidence in their design. This was partly due to the ability of the LLM
to “sanity check” their designs, as P6a shared how “it’s good as a ver-
ification, because you’re designing something, and then trying to get
ChatGPT to respond and verify that." Other times this was because
the response “started a conversation that I think led us down a certain
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path” (P18b). Additionally, P17a noted using the LLM reduced their
stress levels as it helped them to “know the unknowns”.

4.4.3 Value of Human Partnerships. Some felt it beneficial to work
alongside a partner rather than working alone with the LLM. The
partner helped provide insights leading to more effective use of the
LLM: “If it was only me [and ChatGPT] working on this design, ...
think ChatGPT would have gone astray based on the wrong assump-
tions I might have, or the wrong questions I might ask it. But when
you are working with someone, I feel like their understanding, their
insights helps you” (P4a). Interestingly, P15a (novice) felt they still
needed human expertise typically provided by more senior devel-
opers rather than working purely with an LLM, as they recognized
that they “don’t even know the gaps of what we don’t know” (P15a).

4.4.4  Suitability of an LLM for software design. While participants
broadly recognized that using an LLM for software design was ben-
eficial for reasons such as the automation of boilerplate design (e.g.,
APIs (P1)) or additional confidence it gave, they felt it was better
suited to certain types of design work such as “spike works” (P6b),
“high-level design” (P13b), and “greenfield design” (P2a). Others
thought it would only be helpful up to a certain point as there is a
cost-benefit trade-off to be made, as noted by P10b (who used the
LLM as a producer): “I would definitely use it at early stages of the
design. But as you get into complicated, through, like small details,
it’s probably more efficient to do it yourself” (P10b).

5 Discussion

Our study offers a novel contribution to the influence of LLMs on
software development by examining how pairs of software pro-
fessionals use a chat-based LLM during a relatively open-ended
design task. We contribute several findings, including: (1) differing
patterns of collaborative use, (2) four roles afforded to the LLM re-
flecting varying levels of reliance on the LLM, and (3) the centrality
of the designers’ expertise to the design process.

By bringing an additional participant (a chat-based LLM) into
the task, designers must decide how to incorporate it into their
design workflow. As we observed, the designers took different
approaches, ranging from sharing a single instance to maintaining
their own instances. Sharing an LLM instance with the attendant
co-prompting, shared response review, and discussion makes it
easier to establish the common ground [10] necessary for effective
remote collaborative work [36] as noted in prior research of pairs
collaborating with a single LLM [24]. Having separate instances
can lead to additional coordination and grounding work, as LLMs’
non-deterministic nature, along with variances in designers’ shared
understanding and context provided to the LLM, can cause drift
(as observed in several pairs). The presence of the LLM thus both
supports and complicates collaborative work, requiring additional
alignment not just with the designers but also with the LLM.

These different patterns of LLM use also reveal how LLMs can
aid the divergent thinking necessary for effective design [28], but
can lead to early narrowing of options. Although this was observed
only in one pair which deliberately exploited LLM non-determinism
by entering a similar prompt into separate LLM instances to ob-
tain different responses, using LLMs independently allows multiple
solutions to be quickly generated, discussed, and evolved before
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converging on a solution. Indeed, generating multiple competing
solutions is an established design practice [27], and LLMs have the
potential to support this. However, the level of context provided by
a designer to the LLM may hinder divergent thinking. Providing
too much, such as most or all of the requirements, may explain why
some participants anchored early onto the LLM’s first appealing de-
sign suggestion. These observations thus highlight that deciding on
the collaborative pattern and the prompting approach are important
task decisions that can influence the breadth and depth of explo-
ration. Exploring the extent to which collaborative LLM patterns
influence the resulting designs is a topic for future research.

Across all usage modes, the LLM’s outputs functioned as bound-
ary objects [44], helping coordinate understanding and negotiate
design decisions among the designers. Notably, teams rarely ac-
cepted the LLM outputs as is. Instead, they scrutinized them against
requirements and their existing designs, compared them to existing
artifacts, translated them into diagrams, or cherry-picked parts into
their evolving designs. This behavior mimics that noted in coding
studies, where developers selectively decide what to include [4].
The generated artifacts often served as a starting point for further
enhancements, consequently improving the design’s relevance and
demonstrating that human expertise and decision-making remain
central when designing with an LLM.

The four usage modes we observed (non-use, information source,
producer, and generator) indicate varying levels of reliance on the
LLM for design assistance. Across these usage modes, similar to
coding studies [4], we observed an acceleration mode where the
LLM could quickly answer questions to address knowledge gaps
and provide a starting point for design, and an exploration mode to
explore the problem or solution spaces. The extent to which pairs
chose to rely on the LLM is reminiscent of how programmers rely
on GenAl tools such as Copilot: prior work observes that people
exhibit different levels of comfort and usage of these tools [48].
In contrast to studies of LLM use for coding [51], the novices in
our study did not blindly accept the LLM responses, scrutinizing
them just like experienced participants. Whether this is due to our
small sample, a view that high level design carries more weight
than “simple programming” or to developers’ greater distrust and
skepticism in LLM answers when designing than when coding is
a topic to be explored further. Notably, two pairs decided not to
use the LLM for reasons such as distrust of the LLM or confidence
in their own abilities, showing a sense of self-efficacy [3]. These
observations mirror work on reasons for non-use of GenAI in UX
design, such as the need for human judgment and a desire to re-
tain designers’ agency [8]. Non-use also aligns with findings from
studies of LLMs in industry, which note that LLMs are not used
for collaborative and creative tasks such as design [37]. Indeed, our
participants questioned the suitability of LLMs for real-life design
work. While our study shows some potential benefits of LLM use
(such as increased confidence and quickly gaining a starting point),
whether LLM involvement improves design outcomes or simply
reshapes the process by which teams arrive at them remains in-
conclusive. Further research is required to determine the impact of
LLM use on design quality.

Finally, our findings have several implications for a novel LLM-
backed tool for supporting collaborative software design. Tools
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should support forking to enable parallel exploration with subse-
quent merging to allow comparison of potential designs. Diverging
contexts could be highlighted to ease coordination, and the tool
could provide alternatives to overcome cognitive biases such as an-
choring and fixation. Such features would benefit the collaborative
design process while keeping the designer firmly in control.

6 Limitations and Threats to Validity

As afirst study in exploring the use of LLMs in collaborative design
work, our study purposefully focuses on understanding how design-
ers use an LLM in software design. Out of scope is assessing how
well the LLM aids the design along dimensions such as solution
quality, creativity, or completeness.

In terms of credibility, we note that the prior LLM experience of
the software professionals in our study varied significantly. This
experience could lead to a bias toward or away from their use, de-
pending on the level of trust in LLMs and the capabilities they have
shown. While this is a threat, we believe that the variety of LLM
experience levels adds richness to our findings. We acknowledge
that advances in GenAl capabilities could encourage greater LLM
use or enable easier integration of responses into designs. This con-
cern warrants repeating the study with a more recent LLM. That
said, the types of assistance sought and the perspectives offered
by the participants suggest that designers prefer to be in control.
Moreover, the collaboration patterns we observed (shared or single
instances) or potential cognitive biases, such as anchoring, are un-
likely to change with a different model. As such, we do not expect
radically different results in a repeated study.

Our findings may not be transferable to solo or co-located design-
ers. Further studies are required to understand how solo designers
or co-located groups may use an LLM for software design. Ad-
ditionally, our findings may not be fully transferable to industry
settings, as the study was conducted in a laboratory setting with a
“greenfield” design task rather than for an existing system.

7 Conclusion

This paper examines how LLMs are used in collaborative software
design. We found that introducing an LLM led to distinct patterns
of joint use (shared vs. separate instances), which alternately aided
shared understanding and risked context drift. Reliance on the LLM
varied on a continuum: from non-use at one end through to steering
the LLM to generate the entire design at the other. At the heart
of the workflow were the designers themselves, who, leveraging
their expertise, scrutinized and adapted outputs, gained insights,
and led the design process and shaping of the resulting design. We
highlight opportunities to leverage tools to enrich collaborative
design while maintaining human oversight.
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