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Figure 1: Integrating a Large Language Model (LLM) with a graphical and voice user interface (H-UI) introduces UX conflicts.
Approach: shaping LLM as a second user with a tailored interface (AI-UI), based on an intention-based information architecture.

Abstract

The integration of Large Language Models (LLM) into systems that
combine voice and graphical user interfaces causes a paradigm shift
from designing for humans only to designing for collaborative in-
teraction. However, the non-deterministic, natural language-based
nature of LLMs also causes conflicts with the deterministic, struc-
tured GUI interaction. We argue that to seize collaboration and
mitigate conflicts, UX designers must design the LLM as a second
user, creating one interface for human users and one for the LLM.
We designed an exemplary prototype as a case study, identifying
through this hands-on process three unique challenges for prac-
tical UX design: (a) Since humans express objectives rather than
commands, the information architecture should be intention-based;
(b) the system should translate interactions between human and AI
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to foster mutual understanding; and (c) the natural language dialog
with the LLM should be integrated with the structured interaction
typical for GUIs through targeted use of modalities.
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Table 1: Conflicts arising from the nature of LLMs and the user’s expectation of GUIs

LLM GUI (traditional)
Behavior non-deterministic deterministic
Input paradigm intention-based command-based
Dialog style informal, natural language formalized, structured data

1 Introduction and Background

Large Language Models (LLMs) are fundamentally changing inter-
action: LLM-driven Voice User Interfaces (VUIs) offer more natural
interaction, better handle ambiguity and the unpredictability of
spoken language, and support complex multi-turn conversations,
outperforming traditional rule-based systems [11, 26, 27]. Their ad-
vanced capabilities are driving a paradigm shift from using systems
as tools for the execution of commands with a precise expectation of
the outcome to experiencing them as collaborative partners, capable
of interpreting intentions and generating context-driven content
(system as a partner) [2, 13, 15, 36]. This idea evolved in the field
of HCIL, where researchers have explored how such systems and
humans can jointly solve problems as active participants [28].

However, the potential for collaborative work, where two or
more partners work together toward a shared goal on shared con-
tent [12, 41], remains limited without integration with a Graphical
User Interface (GUI). GUIs are essential for many tasks — particularly
for collaborative content work — as they provide a comprehensive
view of information and allow for direct content modification [43].
We anticipate that LLM-based VUIs will therefore progressively
merge with GUIs wherever creating, viewing, or changing con-
tent is relevant, e.g. in mobile phones, smart glasses, smart home
assistants, and automotive environments [1, 31, 39, 40].

Prior research in the HCI field has explored multimodal interac-
tion, notably combining speech and gestures to support user input
in GUIs [1, 6, 8, 30]. These early works demonstrated how point-
ing or touching could be integrated with speech to disambiguate
references and enhance the interpretation of users’ commands by
systems. More recent systems, such as PixelTone [22], work by Lee
etal. [24] or Valletto [19] demonstrated how speech and touch could
be combined for more intuitive interaction. However, these systems
rely on rule-based approaches limiting natural language interaction.
Introducing LLMs extends the capabilities for interpreting user in-
tentions across multiple modalities, including unpredictable ones,
more closely resembling human-to-human interaction [26, 27].

At the same time, integrating LLMs with GUIs poses new chal-
lenges: VUIs inherently fit the non-deterministic nature of LLMs
and their design for informal interaction through natural language
[11, 27]. In contrast, user expectations of GUIs focus on determin-
istic and structured interaction [33], which inherently differ from
LLM behavior. Moreover, traditional user interfaces are designed
exclusively for human users, assuming full initiative and control
[17], while LLMs introduce substantial UX challenges like limited
controllability and unexpected output [9, 38]. From these differ-
ences, we identify three core conflicts for design, outlined in Ta-
ble 1: (1) While users expect deterministic behavior from GUISs,
LLMs are non-deterministic systems [16, 34]. (2) LLMs are built for
intention-based interaction, while GUIs are command-based. (3)
LLMs support informal natural language dialog, while GUIs are a

highly formalized dialog system with a structured presentation of
information [32].

Design guidelines exist for interacting with Artificial Intelligence
(AI) [2, 4] and for combined voice and graphical user interfaces
[44]. However, neither of them provides design considerations for
the conflicting nature of traditional GUIs and Als like LLMs. In this
paper, we examine these conflicts through the system as a partner in-
teraction paradigm. In particular, we aim to leverage the capabilities
of LLMs for effective, efficient work on alphanumeric content, while
making them controllable where possible (e.g. enabling manual
changes and reversion in the collaboration history [2, 4]). To reflect
the inherent limitations with regard to controllability, we design
the user experience of the interaction with the LLM to resemble an
interaction with a second user who is semi-autonomously working
on the content. As such, a key design decision is the creation of two
interfaces, one for the human user and one for the LLM as a user.

We explore how these ideas can be put into practice by building
a prototype integrating an LLM and enabling interaction both via
VUI and GUI modalities. Drawing on the insights from designing
the prototype, we derive three challenges UX designers face in this
emerging context — both in terms of the design process itself and
the interface and system design —, and give suggestions on how
to address them. These suggestions are intended not as definitive
guidelines, but as a foundation for community discussion and ex-
change, aiming to inspire further exploration and development in
this field.

2 Prototype Development Using a
Research-through-Design Approach

We designed an LLM-based system for collaborative creation of
alphanumeric content via a VUI and a GUI, such as with a mobile
device or built into a car interface for a passenger. Our prototype
enables the user to communicate an intention via voice interaction
and then refine results via voice and touch. The LLM is used to
generate and modify content, but not to generate the layout or
style of the GUIL We decided on the creation and modification of a
list and an email as exemplary use cases, because they are general,
frequently performed tasks, in which utilizing an LLM can help
substantially [45]. Also, they involve a variety of interactions, text
formatting, and UI elements. In our user journey, the user has the
goal to plan a sightseeing trip with a colleague on the next day. It
includes creating a list of sights via the LLM, changing the list, and
writing an email referring to the list (see Figure 2a).

The input modalities are voice and touch, the output modalities
are sound and visual feedback on a central information display.
A cloud-based speech processing service (Alexa) was integrated.
However, the heart of the system contains the business logic in
natural language and manages the communication with the LLM
(OpenAr’s GPT-40 mini) as well as the user input (via voice and
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Figure 2: The prototype: The flow across the user journey (a)
and a screenshot of the H-UI (b)

touch). Among other things, the system enables the LLM to trigger
actions (both in the business logic and the GUI) by calling predefined
tools via function calling [37]. That way, the LLM can, for example,
trigger the display of generated content in the GUI via a function
provided by the system.
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The goal of this early research phase was to investigate the
conflicts listed in Table 1 and to develop a design approach and
artifacts to address them. We employed a research-through-design
process [46], developing a prototype informed by findings from
related work, as prior research has demonstrated that prototyping
per se is valid to provide valuable insights [10, 48].

In our process, we (1) extracted from desk research the conflicts
described in Table 1 and an initial set of design principles; (2) defined
high-level tasks derived from common list and email applications
as well as associated intentions considering the LLMs capabilities;
(3) created an information architecture based on these intentions;
(4) created a basic layout adhering to the design principles and
a user journey including wireframes; (5) iteratively developed a
prototype, refining the information architecture with information
needed by the LLM and engaging in informal discussions with over
40 professionals in UX and Al software development.

While not part of a formal study and data collection, the dis-
cussions exposed recurring design tensions and informed design
decisions. We conducted 16 sessions, each with up to 6 experts,
spread over a prototype development period of 8 months. Each ses-
sion consisted of (1) a short introduction to the goal of the research
and the resulting conflicts as described in Table 1 (2) a demonstra-
tion of the prototype based on the user journey (3) a free exploration
of the prototype by the experts and a discussion on challenges, de-
sign decisions and next steps. These discussions directly informed
the respective next cycle of design decisions and development.

Questions that arose during the iterative design were docu-
mented along with the solutions we decided upon based on related
work, such as human Al guidelines and prior work on multimodal
interfaces, lessons learned from prototype development, and the
informal expert discussions. The following chapter reflects on these
insights and our design approach, but does not claim generalizabil-
ity or empirical validation.

3 Insights from the Prototype: Key Design
Considerations for the LLM as a Second User

As outlined in the introduction, we decided to design the users’
experience of the LLM as a second user. We therefore developed
two distinct types of interfaces: a Human-oriented UI (H-UI), op-
timized for human ergonomics, and an Al-oriented UI (AI-UI) for
the unique capabilities and limitations of LLMs (see Figure 1). Us-
ing a traditional H-UI would be inefficient for LLM interactions,
as it would force the LLM to use modalities optimized for human
ergonomic and cognitive capabilities rather than computational
efficiency. Similarly, traditional application programming interfaces
(APIs) typically facilitate structured, deterministic data exchanges
between software systems, which limits their ability to leverage
the natural language understanding, probabilistic reasoning, and
context-sensitive strengths of LLMs. Therefore, an effective AI-UI
must bridge this gap by providing a structured toolkit described
clearly in natural language, enabling LLMs to autonomously select
and apply tools within a mixed-initiative framework.

The following sections present the insights we gained while
designing and developing the H-UI and the AI-UI, which can be
summarized in three key design considerations for UX practition-
ers: (a) Designing the interfaces via an intention-based information
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architecture, (b) aligning user and LLM understanding via collabo-
rative interactions, and (c) integrating natural language interaction
driven by the LLM with structured GUI interaction

3.1 Designing the interfaces via an
intention-based information architecture

Traditional Uls without LLM integration either structure the tasks
according to the domain, presenting the related functions and infor-
mational objects in parallel or, if more guidance is necessary, utilize
a rigid workflow. In contrast, we propose an intention-based infor-
mation architecture facilitating a flexible and reduced workflow (via
the dialog with the LLM) in combination with a permanent domain-
specific representation of functions and information objects (via
the GUI e.g. within apps). This promotes efficiency, effectiveness,
and controllability as it offers a high-level of guidance via the LLM
dialog, yet it leaves the choice to the user to utilize the guidance or
select another sub-task from the GUI to work on. This is illustrated
in step 4 and 5 of Figure 2a: The user utterance “create an email to
Mary .." will trigger (1) an LLM dialog providing guidance by re-
questing missing information, and (2) the visualization of the result
in the email app, providing a structured overview of the generated
content and interaction options for manual changes [2, 4]. Further-
more, an efficient workflow is promoted by automating sub-tasks
and capitalizing on the LLMs potential to complement information
using, for example, the dialog history or content from another app.
In the email example the LLM complements the email with details
from the list, illustrated in Figure 2b.

3.1.1 Design for flexible interaction based on high-level tasks. Sup-
porting the user to interact via intentions will reduce the number of
steps and the granularity of user input. Users no longer need to pre-
cisely plan workflows, instead they can iteratively refine outcomes
together with the LLM. This improves interaction efficiency and
reduces mental load [5]. However, when developing the prototype,
we had to realize that more implicit user expectations require more
precise instructions for the LLM. This asks for extra effort during
design time. We had to create an overview of the tasks implicitly
included in each intention. As an example, we abstracted the in-
tention "create an email with .." to a high-level task (create mail)
and split it into sub-tasks like “open email app”, “create subject”,
“specify recipient”, ..., “send mail”. We decided to automate all
sub-tasks except “send mail”, for controllability reasons. We also
defined where to leverage the LLM for automation and where a
deterministic approach is more beneficial [42], avoiding the LLM’s
unexpected behavior, latency [7, 34], and power consumption [25].
In addition, we specified the expected user input and LLM out-
put (e.g. the recipient’s email address) and defined strategies for
mitigating missing user input (e.g. looking up the recipient’s email-
address in the address book or asking back to the user to choose
the intended recipient, as in step 4 of Figure 2a).

The resulting overview we refer to as intention-based informa-
tion architecture. From our work on the prototype, we derive that
designers need to specify this to support the flexible, reduced work-
flow as well as the structured representation of the LLM’s results,
and must pay special attention to the following aspects:

(1) Translate high-level tasks into sub-tasks.
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(2) Determine the sub-tasks that could be automated and whether
the LLM or a deterministic approach is more beneficial.

(3) Specify the information needed for automation by the LLM
and the content and format of the output expected.

(4) Provide information to mitigate incomplete task descrip-
tions.

3.1.2  Design the Al-Ul using the intention-based information ar-
chitecture. Based on the resulting information architecture, both
the H-UI and the AI-UI need to be designed, the latter comprising
of context information including the dialog history and a set of
tools usable by the LLM. In collaboration with software engineers,
UX designers must divide the task hierarchy into these tools. Tools
must include clear task descriptions, helping the LLM to choose
the appropriate one for the current task. In addition, UX designers
need to support software engineers in translating the information
objects and their relationships from the information architecture
into data structures provided to the LLM. An example from the
email use case is specifying the structure of the input the LLM
needs to give to the email creation tool, such as strings with the
recipients’ email address and the message body. By providing the
tools and supporting their selection, the AI-UI enables the LLM to
facilitate sub-task automation and compensates for incomplete task
descriptions by using context information or requesting targeted
input from the user.

3.1.3 Design the interfaces for a ubiquitous LLM. In command-
based systems, UX designers structure the information architecture
within the boundaries of one app. However, the intention of a user
per se is independent of an app and can include several (high-level)
tasks, for instance, planning your birthday party might involve
finding a location, planning the buffet, sending invitations, and
finding decoration ideas. Part of the appeal of conversational user
interfaces (CUI) stems from the ability to interact independently of
the narrow boundaries of functionality of a particular application
[47]. However, in order to effectively work on content, we still re-
quire the functionality and content visualization in well-established
apps. During the development of the prototype, it became clear
that the LLM needs to be able to operate across apps to unleash
the potential of intention-based interaction in this setup. As an
example, for creating the email based on the list, it needed to still
have access to information from the list, autonomously switch to
the email app and to show this by highlighting the app, as in step
5 of Figure 2a. Insights from prototype development indicate that
the LLM should:

(1) Maintain a shared context or knowledge base across apps to
reuse content from previous interactions.

(2) Autonomously select, open and switch apps as needed.

(3) Have a ubiquitous visual representation for interaction, for
instance, to highlight, overlay, or augment elements, as a
layer on top of the deterministic system. In environments
like vehicles, this might extend beyond displays to physical
controls or objects being controlled by the LLM.

(4) In line with the guideline of Amershi et al. [2] to "Pro-
vide global controls", a central, task-independent “Al home”
should provide users with easy access to overarching func-
tions to control the state and chat history (e.g. buttons for
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AT on/off, deleting the dialog history, and reverting the last
interaction, as illustrated in Figure 2b).

3.2 Aligning user and LLM understanding via
collaborative interactions

The goal is to support the human to understand the LLM and vice
versa, and to impede a mismatch of data shown in the GUI and
the context the LLM works with. Mutual understanding ensures
effective collaboration, preventing and handling errors, and facili-
tating a seamless flow of interaction [43]. However, as a human and
an LLM work via different interfaces on the content they are not
automatically aware of each other’s actions. The system therefore,
needs to transfer the information about each interaction step to the
other user. This information consists of the following components:
<AcCTION><OBJECT><CONTEXTUAL INFORMATION>. Sending infor-
mation about the actions and objects promotes a common focus,
as whenever we show a dialog partner what our focus is, we also
influence their focus.

3.2.1 Inform the user of the LLM’s focus and changes via the H-UI.
When the LLM performs an action in the system (such as creat-
ing and modifying a list in Figure 2), the user’s attention should
be guided towards the working area of the LLM and the result of
the last interaction step to promote a common focus and facilitate
reviewing of changes, aligning with prior work on transparency
in human-AlI collaboration [2, 4, 43] and joint attention in inter-
active systems [21]. To make this possible, the user needs to be
able to know which app the LLM is currently using via the H-UI
(e.g. by opening and highlighting the app). For a more detailed
focus, displayed objects created or modified by the LLM should be
recognizable. Highlighting changes, as the "45 min" in Figure 2b,
facilitates their review, thereby supporting efficient correction [2].
Inline with transparency goals [2, 4], users should be able to access
additional information on how the prompt was interpreted by the
LLM and what actions were taken (e.g. in an overlay showing the
dialog reply, accessible via the “Al home”; see Section 3.1.2). Finally,
consider informing the user about the context used by the LLM e.g.
this could also be done via displaying relevant information bits in
an overlay via the “Al home” [4].

3.2.2  Make user interaction understandable for the LLM. System
support for LLM understanding of user interactions can be split
into two cases. Firstly, if the user interacts with the system without
utilizing the LLM, such as when deleting the list items via touch
in step 2 of Figure 2a, the system needs to inform the LLM of the
result via the AI-UL Manual changes of content and other results
where the LLM was not involved need to be written in the history
of the LLM’s context, so the user and the LLM are on the same page.

Secondly if the user prompts the LLM with their intention, the
system should make it easier for the LLM to understand the prompt,
as well as support the human user to formulate their prompts. The
following aspects could be considered:

(1) Reference objects across modalities: Transfer object refer-
ences (e.g. list item selected via touch) via the AI-UI to the
LLM prompt. Complement voice input with multimodal sig-
nals (e.g. touch, gesture and/or gaze) to clarify objects or
locations referenced by the user (see chapter 3.3.2) [24].
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(2) Simplify GUI references: Design GUI elements to be easily ref-
erenced in prompts, using an unambiguously referenceable
layout, distinctive color, concise labels, or visually distinct
icons. For textual content, use paragraph or line numbers
for easy reference.

(3) Provide relevant contextual information: Since there is evi-
dence that LLM output is improved by context [29], identify
context crucial to user intentions (e.g. the user’s location,
time, and weather conditions) and transfer it to the LLM
via the AI-UL When the user is interacting with the display,
explicitly provide visible content either as textual context or
image input for the LLM.

(4) Align language consistently: Employ the users’ typical choice
of words not only for the GUI but also for the tool description
in the AI-UI to increase the likelihood of selecting the right
tool and wording. There is evidence that LLMs are sensitive
to the exact wording of the prompt for calling tools [37].

3.3 Integrating natural language interaction
driven by the LLM with structured GUI
interaction

Our goal here is, on the one hand to leverage the full potential of the
open-ended dialog of an LLM, and on the other hand, to leverage
a GUI to display content and facilitate efficient interaction. The
resulting challenge is that we need to integrate an informal dialog
(with the LLM via VUI) [17] with a highly formalized, structured
dialog system (the GUI).

3.3.1 Output: “formalize” the dialog where necessary. When design-
ing for the most suitable output modality, we found that when the
LLM'’s result contains content creation or changes to content, it
should be displayed in the GUL Voice output is the better solution
only when the user’s attention needs to be drawn [20] and the LLM
has not altered content but rather replied as part of a multi-turn
chat-like informal dialog (e.g. when requesting additional informa-
tion or stating that the intent could not be processed) [27]. When
designing for GUI output, the genuine style of an LLM reply, natural
language, is not suitable. Instead, the reply should be formalized
to fit well-established structures for the type of information. As
an example, an email created by an LLM should be displayed in a
typical GUI format with the recipient, subject, and content. The
data is structured in the information architecture, which is the basis
for the GUI template as well as for the tool description of the AI-UL
This ensures the content structures in the H-UI and the AI-UI are
aligned.

3.3.2 Input: Design for the most efficient modality and seamlessly
combine them. Voice input is particularly beneficial for communi-
cating intentions that the system cannot anticipate, as there is no
need for a predefined graphical representation, and through the
integration of the LLM, the unpredictability can be managed [27].
This might be intentions which contain one or more high-level
tasks like “create an email” as well as more specific intentions like
“I need a more inspiring title”. Also, especially when there is no
hardware keyboard available, voice input is great for alphanumeric
input. On the other hand, voice is in many cases very inefficient
in comparison to a formalized input via e.g. touch. As an example,
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when the user wants to delete several items from the list, he would
need to read out or describe each item in addition to the action
(delete). Via touch, this might be done a lot faster by tapping the
delete buttons of the items, as in step 2 of Figure 2a. Whenever the
user references a GUI element, formalized input is beneficial, as it
is fast and unambiguous. It is especially suitable for selection (e.g.
of a GUI element or of a position within a GUI element) and for
activation of a predictable function.

The full potential of a multimodal LLM-based system for in-
creasing efficiency is unleashed when combining the advantages
of the input modalities in one interaction: e.g. the user selects a
list element via touch and changes it via voice using the LLM as
in step 3 of Figure 2a. As shown in prior work by Bolt [6] and Lee
et al. [24], such modality combinations not only enhance efficiency
but can also be used to decrease ambiguity e.g. when using gaze,
touch, and gesture in addition to the language command to optimize
interpretation of which object the user is talking about.

4 Discussion and Future Work

Having outlined specific design considerations from our prototype
development, we now reflect on the broader implications and future
work. The insights address critical challenges in bridging the gap
between the non-deterministic nature of LLMs [16, 34], built for
an informal, intention-based natural language dialog [13], and the
structured, formalized interactions and deterministic responses
typically expected in GUIs [18, 23, 33]. Following the system as
a partner paradigm, we integrate the LLM as a second user. As a
consequence, we propose to design two interfaces, an H-UI for the
human user and an AI-UI tailored to the unique capabilities and
limitations of the LLM. The AI-Ul is a key enabler for the intention-
based user input, the translation between informal LLM dialog and
formalized GUI interaction, the exchange of contextual information,
and for supporting a common focus between user and LLM. In
addition, the AI-Ul is a lever for controllability, allowing to steer
the LLM towards using an adequate tool and creating appropriate
output.

Both interfaces, AI-UI and H-UI, need to be designed for mutual
understanding. In the H-UI, the collaboration is made visible for the
user [43]. However, much of UX design for LLM integrated systems
does not have direct visual impact as traditional UI design would
have, but is rather about the orchestration of the collaboration, and
is implemented in the background of the system [2, 7]. It is built on
the intention-based information architecture, which allows the UX
designer to optimize for efficiency, effectiveness, and controllability
by defining what is to be automated, when to support formalized
GUI interaction vs. informal LLM dialog, and to specify the structure
of the AI-UIL The intention-based information architecture also
promotes the careful decision for which task the LLM provides
significant added value over its drawbacks, such as latency, lack of
controllability [7, 34], and high economic and ecological costs [25].
In many cases, such as when the result expected by the user can
be predefined, a deterministic approach is more advantageous. A
targeted use of the two paths and their deep integration is necessary.
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4.1 Towards evaluation of design considerations
and generalizability to other use cases

We focused on collaborative work on alphanumeric content via the
use cases of creating lists and emails with a voice interface and a
touch screen as a GUL A flexible combination of interaction modal-
ities and exploiting generation and structuring based on minimal
user input appeared to enhance the UX in our setting. However, the
insights presented may not be directly applicable to other use cases
or contexts. More research is needed to evaluate the generalizability
of the design considerations and their applicability to a broader
range of scenarios, as for collaborative work on non-alphanumeric
content like images. Additionally, our work does not provide an
in-depth, formal evaluation of the proposed approach with UX de-
signers, and the design considerations have not been tested with
end-users. Collecting user feedback and assessing the real-world
effectiveness and UX of the LLM-integrated multimodal interface
is an important next step for refining our insights and confirming
their practical implications.

4.2 Predefining the H-UI vs. allowing for a
generative Ul

A basic mechanism we propose is the formalization of the LLM’s
output for a predefined H-UIL This allows for a classical GUI style
with domain-specific apps offering well-established, pre-designed
information visualization and interaction patterns. However, it lim-
its the graphical output to the predefined GUI To address this, we
have proposed to reduce the UI to voice for these cases, seizing the
flexibility of the informal natural language dialog. Another option
would be to enable the LLM to freely combine information objects
relevant for the user’s intent and add UI controls to manipulate
them or navigate to related content. This extension of our concept
to a generative Ul is an intriguing thought, yet shortcomings in
usability common to adaptive user interfaces have to be consid-
ered [35]. A main remaining difficulty is likely user orientation
in a changing layout. A potential approach could be to use a pre-
designed GUI only for the main use cases and integrate graphical
“sandboxes” which may contain a purpose driven, LLM-generated
UL which could also be semi-controlled via the AI-UI by using tools
for its creation.

4.3 Specifying the AI-UI during design time vs.
approaches for runtime

A second basic mechanism is the AI-UI, a purpose-built interface
for interaction between the system and the LLM. Creating the AI-UI
during design time again demands for pre-designing interaction,
limiting the system to predictable use cases, at least for the GUL
In future work, it could be considered to automatically create the
AI-UI from existing GUIs during runtime, provided the GUI code is
accessible. Another approach would be to let the LLM use a GUI
[14], as e.g. explored by Anthropic in the paradigm of computer-
use [3]. This might be powerful for enabling the LLM to access a
broad range of unforeseeable systems. However, it seems inefficient
for intensive system use, as it requires transferring large amounts
of data, such as images and potentially video, to the LLM. For
predictable, frequent use cases with systems within the developer’s
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sphere of influence, a purpose-built interface, such as the AI-UI, is
more efficient and controllable, as the LLM’s actions are executed
via specifically designed tools. Both approaches have their areas of
application, and a combination might be most suitable in certain
cases and should be explored as well.

In summary, pre-designing the AI-UI and H-UI can enhance
controllability and efficiency for predictable use cases. However,
to fully harness the generative potential of the LLM and accom-
modate a wider range of use cases, it is essential to explore the
combination of pre-design with approaches that grant the LLM
greater autonomy. This highlights the designer’s responsibility to
balance controllability with the LLM’s capabilities.

5 Conclusion

UX designers need to address the shift from traditional Uls designed
exclusively around human users to systems where the LLM can
also initiate actions and work semi-autonomously on content. We
contribute specific design considerations for combined graphical
and voice interaction with LLMs in a system as a partner paradigm.

Understanding the conflicts outlined in this paper is crucial for
designing this collaborative interaction to match UX goals like effec-
tiveness, efficiency, and controllability. The design considerations
offer practical suggestions for approaching the design process and
for effectively shaping interaction between the human user and the
LLM. With these insights, we aim to stimulate a discussion in the
community of UX designers on why and how to address the com-
plexities of integrating LLMs into combined voice and graphical
systems, taking advantage of LLMs as partners while mitigating
their shortcomings.
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