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Abstract. Recent advancements in eXtended Reality (XR) technolo-
gies have found application across diverse domains. However, creating
complex interactions within XR environments remains challenging for
non-technical users. In this work, we present EUD4XR, a project aiming
to: i) empower end-user developers (EUDevs) to customize XR envi-
ronments by supporting virtual objects and physical devices; ii) involve
an intelligent conversational agent which assists the user in defining be-
haviours. The agent can handle multimodal input, to drive the EUDev
during the rule authoring process, using contextual knowledge of the
virtual environment and its elements. By integrating conversational as-
sistance, EUD4XR seeks to lower further the usage barriers for end-users
to personalize XR experiences according to their needs.
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1 Introduction

Over the past decade, we have witnessed a significant maturation process in eX-
tended reality (XR) devices, exemplified by products such as Meta Quest, Mi-
crosoft HoloLens, and Steam Valve Index, along with connected smart devices,
and the combination of them. Once primarily associated with entertainment,
these technologies have now found applications in diverse domains such as auto-
motive, healthcare, wellness, and manufacturing. As these tools have matured,
the research community and commercial/open-source products have prioritized
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empowering end-user developers (EUDevs), individuals possessing expertise in
specific domain applications but lacking professional developer skills, to person-
alize or adjust these applications to suit their specific needs.

While existing solutions facilitate the creation of XR environments [17, 36,
27, 34] and define the behaviour for virtual objects [2, 9, 5] and physical devices
[23, 24, 4, 14, 8, 19], they do not completely eliminate user errors resulting from
potential misunderstanding. A possible solution to address this issue should: i)
propose an immersive environment that empowers end users to customize the
behavior of virtual and physical objects within XR environments using rules
expressed in natural language, and ii) implement an intelligent conversational
agent capable of managing multimodal inputs to guide users through the cus-
tomization process. In this paper, we review the state of the art on this topic and
examine the engineering challenges involved in building such a chatbot, including
multimodal input processing, intent-to-rule conversion, and available interaction
exploration capabilities.

2 Related Work

Modern professional tools like Unity, Unreal, and WebXR allow users to build
and define XR environments and their logic. Such tools require advanced pro-
gramming knowledge, making them unsuitable for end-user developers (EU-
Devs).

For this reason, EUD authoring tools are designed to enable EUDevs to ad-
dress these tasks. The ceiling of these tools may not be as high as that of profes-
sional tools, but they can still provide powerful support while keeping the entry
knowledge barrier low. We can distinguish between non-immersive (desktop-
based) and immersive (head-mounted display-based) tools in the literature. The
former are well-explored, as they leverage already investigated EUD techniques
from screen-based applications, while the latter attempt to adapt classic EUD
techniques for the domain of XR, which is less explored and documented. Various
commercial and open-source desktop tools exist for XR environment creation.
Tools like Hubs 3 and Spoke 4 help non-technical users in creating virtual expe-
riences. Fungus 5 focuses on supporting novice developers to create interactive
storytelling by using flowcharts. Immersive tools have the advantage that, since
the user is immersed in the augmented environment, they can perform operations
more intuitively through direct manipulation. ECARules4All [5] supports end-
users in designing XR experiences. The Template Builder (TB) creates virtual
environments and tags virtual objects from a built-in taxonomy. The End-User
Developer (EUDev) personalizes this pre-built content by defining object be-
haviours through natural-language rules. These rules follow the event-condition-
action (ECA) scheme. Immersive authoring tools also find applications in the
automation domain. MagicHand [33] and HoloHome [23] support end-users in

3 https://hubs.mozilla.com/
4 https://hubs.mozilla.com/spoke/
5 https://fungusgames.com/
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supervising a restricted set of IoT devices, while BricklAyer [32] and MagiPlay
[31] leverage immersive authoring and building blocks metaphor to help, respec-
tively, adults and children without programming skills. However, both tools have
limitations in terms of the complexity of interactions they can support. On the
other hand, immersive tools are less flexible and require more focus compared
to non-immersive tools.
Significant efforts have been made in Language Models in recent years, lead-
ing to the development of Large Language Models (LLMs). These models have
been utilized as smart conversational agents in various fields, including medicine,
judiciary, and education [35, 25, 20].

Researchers are exploring LLMs’ capabilities also to support users in creat-
ing, modifying, and prototyping XR environments. While early works focused
on integrating LLMs within Unity [28, 26], the research community has begun
to exploit them in more sophisticated frameworks that automate certain tasks.
For instance, in [12], the authors propose a framework that leverages LLMs to
assist users in generating virtual objects to populate 3D scenarios. The frame-
work consists of the use of GPT-4, prompt-tuned in several tasks: i) Planner,
analyzes the user’s prompt and breaks it down into simpler tasks; ii) Scene An-
alyzer, examines the Unity scene the user is working on, generating a JSON
representation of the scene; iii) Skill Library, searches for pre-existing code and
elements, such as meshes or textures, to solve each simpler task; iv) Builder,
generates the code to resolve the problem starting from the elements identified
by the Skill module; v) Inspector, iteratively verifies the generated code received
from the Builder. The Builder and Inspector modules may engage in several it-
erative steps, gradually refining the solution. Once the Inspector approves, the
generated code is compiled and executed on the Unity engine to produce the
user’s desired functionality.

3 EUD4XR in a Nutshell

In the EUD4XR project, we aim to introduce two key functionalities: i) support-
ing end-users without programming skills to define XR automations, involving
both virtual content and physical devices; ii) lower the threshold for creating
such automations through an intelligent conversational agent.

Considering that, in general, XR environment are quite complex to define
from scratch, we define a workflow similar to the one used in Content Man-
agement Systems (CMS) for the web, where users wanting to build a website
but lacking development skills start from a template and configure it iteratively
adapting the starting point to their needs.

The engineering process we envision is an application of a meta-design model [3,
13, 11] where we define three roles (Figure 1):

– The Element Builder (EB), who creates generic virtual templates and an-
notates virtual objects and physical devices. This role typically corresponds
to professional developers, who have the technical knowledge for modelling
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the objects and creating the XR system that will be open for end-user cus-
tomisation.

– the End-User Developer (EUDev), who customises these templates and
personalizes their behaviours using a rule language. This role typically rep-
resents the domain expert, thereby a role that does not have any specific
skills in programming, but is interested in customising a joint behaviour of
virtual and real objects.

– the Final User, who represents the final consumer of the customised XR
contents. This role can, in some situations, coincide with the role of End User
developer, when the latter one also benefits of the created customisations.

Fig. 1. Roles for the meta-design of XR environments in EUD4XR.

3.1 Object Taxonomy and Rule Language

To support both EBs and EUDevs in managing and defining interactions, our
solution requires describing the properties (i.e., the variables defining the state)
and the actions (i.e., the supported operations) each virtual and physical object
supports through a vocabulary understandable for EUDevs. We started from the
extendable taxonomy described in [5] defined for virtual objects, to include phys-
ical objects as well. This taxonomy categorizes entities into two types: Objects
and Behaviors. The former represents entities based on perceivable character-
istics such as shape or functionality, while the latter encompasses actions that
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entities can perform. In our approach, each entity, such as a smart light or a vir-
tual chair model, is assigned to an Object category and can possess zero or more
Behaviors. Notably, entities in different Object categories can share common
Behaviors, enabling flexible customization across diverse entities. For example,
consider a smart chandelier item: it belongs to the Electrical Appliance category
and cannot be assigned to the Vehicle category. However, both a smart chan-
delier and a truck emit light, sharing a common Behaviour. The EB annotates
the environmental objects with the taxonomy types, while the EUDev exploits
tagged objects for defining behaviours.

The EUDev defines object behaviours through a natural language rule system
based on an event-condition-action (ECA) schema. EUDevs interact with the
rule management system in an immersive way. Each rule follows a ”WHEN-
IF-THEN” structure, where the WHEN block delineates the trigger event that
activates the rule; the IF block is optional and describes the conditions that
must be met for the rule’s trigger to be raised, and EUD4XR should support
one or more conditions; and the THEN block illustrates the action, or actions,
to be performed when the rule is triggered.

Existing works adopt the ECA schema to focus on event-type triggers, lever-
aging states as filter conditions. EUD4XR differentiates, and handles triggers
based on their type [18]:

1. Instantaneous action. It does not cause a state change in the environment
and is managed through a single rule.

2. Temporary state change. It involves a temporary state change and automat-
ically returns to the starting state after a certain time.

3. Prolonged state change. The object’s state does not automatically revert,
and EUD4XR may handle it by defining a rule for each possible state.

3.2 AI Rule Authoring

To better support EUDevs in creating XR environments, they may interact with
a chatbot. Since the user is immersed, speaking is preferred over writing. Given
that the user will interact through their voice, they may find it natural to help
themselves by pointing out elements of the XR environment. Additionally, the
user may naturally look at some of the fundamental elements.

In summary, our chatbot must be able to manage a multimodal input stream,
comprehending user voice and gaze, as well as their pointing, if any. This input
will be merged with the environment context, meaning the information about
the virtual elements and their status, such as the ECA tag, if any, and by the
custom annotations (i.e., metadata on classes, methods and instance variables)
specifying the high-level actions each tag can perform. The model should be ca-
pable of reading and synchronizing the sources to extrapolate the user’s intent
in ECA rules. The intent must contain four key pieces: the temporary aspect
(when?), the action part (what?), the spatial positioning (where?), and the ob-
jects involved (who?). If any key piece is not provided by the user, the chatbot
should explicitly ask for it by directing to the user further questions either for
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specifying missing parts in the concerned rule, or for removing possible ambi-
guities existing in its current specification. If a user’s intent is not feasible, the
chatbot should explicitly state this to users, suggesting the closest feasible inten-
tion could be. For example, if they say ”When the user selects the door [points
to the door they are referring to], then the door should fly over that shelf [points
to the shelf]”, and knowing that a door has no high-level action for flying, the
chatbot should reply with something like ”The door cannot perform the action
flying. Instead, you can use the following actions: close, open, and lock”.

To understand how end-users define automations when interacting with an
intelligent agent, we have conducted two studies. The two studies have been
both set up as ”Wizard of Oz” and have explored two different domains to
be more general: a smart home, and a virtual museum scenario. The results
of the user studies will be used to tune the prompt of a model so that it can
more easily recognise users’ automation intentions. The studies both analysed
not only how users express themselves when specifying the creation of new rules
in specific scenarios, but also how they define their customisation intentions
when they want just to modify existing rules. An additional goal is to discover a
possible interaction paradigm or interaction phases during the dialogue between
the agent and the users so that we can design the agent in guiding end users in
the automation definition.

4 Engineering Challenges

From an engineering point of view, defining an intelligent agent that can sup-
port a user without programming skills in creating automation presents different
challenges. LLMs’ rapid scale and spread have provided the scientific community
and businesses with a powerful tool for processing several data types, quickly
creating virtual assistants for repetitive tasks, and enhancing customer care. One
factor contributing to the rapid adoption of LLMs is their ability to extract rel-
evant information to answer questions across a wide range of topics, resulting
from the training on large text corpora.

Literature explores several solutions that do not rely on LLMs [7, 6, 16].
However, these virtual assistants may limit users’ ability to express themselves
freely, as these agents need a rigid dialogue flow. In contrast, LLMs have a
superior capacity to understand semantics independently of the exact words the
user chooses.

A direct application of LLMs to domain-specific problems still requires en-
hancing them through custom knowledge bases [21] since the quality of LLMs’
answers decreases when the dialogue focuses on topics for which they have not
been trained [15]. We can envisage two opposite solutions in defining an LLM:
fine-tuning a new model or prompt-tuning a pre-trained model. Each solution
presents pros and cons; for the first solution, the fine-tuning of a local model can
guarantee a faster execution and no privacy issues and fees; however, there is a
need for expensive hardware to train the model and create a lengthy dataset can
be challenging. On the other hand, the prompt-tuning approach exploits previous
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knowledge of the LLM and the In-Context Learning method, where the model
learns to address a new task during inference by receiving a prompt, including
task examples. However, a possible limitation of prompt-tuning a generic model
is that, since the model was pre-trained on a wide range of data, it is not neces-
sarily optimized for a specific domain. We are moving toward a prompt-tuning
solution because it proved to be less expensive in terms of the resources needed
to define a large dataset and to train the model accordingly. From an interac-
tive system engineering point of view, it is very common to require LLM-based
agents that should provide good responses to domain-specific questions, consid-
ering that seldom the goal is to provide a general-purpose answering agent. This
is also the case for EUD4XR, where we need LMM support to create a chat-
bot that supports automation creation in an XR environment. A generic LLM
can interpret the user’s prompt to extract the overall concept of the automa-
tion they wish to create by leveraging its generic knowledge. To overcome this
problem and improve response accuracy, additional context can be provided to
the model along with the user prompt. This context consists of data that allows
the model to generate a more appropriate and relevant response, improving the
LLM’s ability to adapt to the user’s query without the need for a huge number
of training examples [10].

In the following subsections, we explore and analyse what we consider to
be the main challenges in developing an intelligent agent that can assist users
without programming skills in creating interactions and behaviours within spe-
cific scenarios, such as home automation or the customisation of a VR museum
application.

4.1 Multimodal Input

XR interfaces can exploit the surrounding space to provide context for the infor-
mation. This might encourage end-users to take advantage of different modalities
to refer to physical and virtual objects, e.g., by pointing, using demonstrative
pronouns, etc. The intelligent agent should have access to multiple data sources
to support the user in generating appropriate automation for the environment.
The research community is actively studying and developing LLMs able to handle
different data sources beyond text, including video, audio or images [22, 30, 29].
However, currently, no model can integrate all the functionalities the solution
we propose needs, e.g., gesture pointing and spatial information. The challenge
here is to collect the information from different input streams and interpret and
transform it into something the LLM can consider for generating its answers. For
instance, the relevant contextual information may be a list of available physical
and virtual objects, their executable functionalities, the existing rules, etc.

Figure 2 shows an example of the rule authoring we envision in an XR envi-
ronment. Consider a scenario where the manager of a cleaning company needs
to train new employees on room sanitization protocols, such as Covid-19 dis-
infection procedures. To ensure effective training, the manager exploits an XR
environment where new staff can interact with a blend of virtual and physical
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elements. Using the natural language, the manager creates an automation that
makes the training interactive.

For instance, the automation defined by the manager could be expressed as
follows: “When the employee enters this room, virtually highlight these surfaces
to disinfect”. The manager’s statement includes references to the services virtual
devices provide (highlight), demonstrative adjectives specifying which elements
the user is referring to (surfaces), rule triggers (When the employee enters this
room), condition (to disinfect), and ambiguous parameters whose definition need
further questions by the chatbot (these surfaces). The LLM agent requires data
about the current state of the XR environment (e.g., the framed device or the
pointed virtual object), a description of the API supported by both physical
and virtual devices to control them, a system prompt describing what the agent
has to produce (an interaction rule) and, of course, the user’s utterance and the
context from previous interactions.

Fig. 2. Example of authoring an interaction rule using multimodal inputs.

4.2 Guidance from intent to a correct rule

The intelligent agent guides the end user from formulating intent to generating
valid automation within the XR environment. Starting from a similar problem
addressed by Nielsen and Norman Group [1], where the authors describe the steps
users follow to generate images with AI, we revisited the process of generating
valid automation with the support of an intelligent agent according to these four
stages: Define, Explore, Refine and Confirm.

In the Define stage, users declare the automation objectives they want to
reach, often using high-level, ambiguous terms. This could imply specifying the
final outcome that users want to achieve, or the automation ”intent”, i.e., “I
don’t want to feel cold when I return home” or “I want the virtual door to become
invisible”. If users can express their automation in terms of specific sensors and
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devices from the beginning, this phase can be skipped and users can go directly
to the next one (Explore).

Since the automation’s objectives identified at the end of the Define phase
can be realised in different manners, in the Explore stage, the user explores and
determines which objects and capabilities will be involved to realise the desired
automation concretely. Thus, while the previous phase answers to ”what” should
be achieved, this phase aims to understand ”how” to realise the intent defined
before. Here, the intelligent agent, leveraging the description of the environment
and its content, supports the user in identifying the objects, virtual or physical,
to utilise to achieve the intention specified in the previous stage. For instance, it
may suggest using the heat pump to warm the house. The output of this stage is
still an incomplete automation, where the user has typically selected the objects
and their capabilities that will form the basis of the automation.

In the Refine stage, the chatbot and the user refine the automation to finally
meet the desired goal. In this stage, the agent may ask the user to specify any
necessary parameters, such as the time or the minimum temperature threshold
for activating the heat pump or the distance from home, which may trigger
the event “when I return home”, exploiting the smartphone GPS to understand
when the user returns home. It may also request to disambiguate a ”reverse”
scenario, such as what to do when the house temperature becomes too high,
or suggest adding conditions, i.e., to switch off the heat pump once a certain
temperature is reached. The output of this step is a valid automation within the
environment.

Finally, the Confirm stage is where the end-user confirms and saves the
automation generated with the help of the intelligent agent, or chooses to discard
it.

The phases described in [1] originally followed a linear sequence. However,
since the process of generating valid automations with the aid of a chatbot is
iterative and flexible, we envisage that, when exploiting such steps for automa-
tion generation, some of such phases may be re-visited several times, or even
skipped, before arriving at the final version of the automation.

4.3 Exploring the Available Interactions

Another feature we want to support through the conversational agent is explor-
ing the services offered by different physical devices and the actions supported
by virtual content. This will help end-users find possible automation suggestions
that could be useful for them. In addition, the interface must support the user in
recalling or finding out which are the currently defined automations, i.e., rules,
associated to a given object or defined in the environment. The list of avail-
able interactions provides the agent with an additional source of information for
building knowledge about the objects present in the system and their capabili-
ties. This data can be made available to the agent in different ways, for example,
through an external service or by injecting it into the context. Regardless of the
chosen approach, the support system should consistently be able to:
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– Access the list of all automations defined up to that moment.
– Retrieve all the automation’s components, i.e., triggers, conditions, and ac-

tions, as well as their status if provided by the automation management
system.

– Convert the list of automations and their respective components into a tex-
tual format.

5 Conclusion

In this work, we analysed existing work on the EUD authoring tools for creating
XR environments and interactions, also outlining a solution for an immersive
environment that empowers end-users to customize the behaviour of virtual and
physical objects in XR settings using rules expressed in natural language. The
solution also includes the support of an intelligent conversational agent which
leverages the use of LLMs to lower the barrier to entry for non-technical users,
enabling them to create personalized and immersive XR experiences. Future
work will be dedicated to implement and evaluate the effectiveness and usability
of our solution in real-world scenarios.
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