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Abstract
Extended Reality (XR) encompasses immersive technologies that blend the physical and digital worlds to enhance
human perception and interaction. Its potential is vast, driven by the wide range of applications that can be
developed across various domains. This paper explores the integration of Large Language Models (LLMs) into
XR to overcome the limitations of rigid, predefined interactions in current XR applications. The work is part of
the European project LUMINOUS, which focuses on applying this integration across diverse domains such as
neurorehabilitation, health and safety training, and architectural design review. During this work, we describe
how we plan to integrate LLMs in these applications and depict key cross-cutting NLP challenges that must be
addressed throughout the project.
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1. Introduction

Extended Reality (XR) encompasses several immersive technologies from Virtual Reality (VR) goggles
to smartphone applications that augment our perception of the real world, blending both the physical
and digital worlds. These technologies are growing due to the recent improvements in computational
power and spatial computing. Nevertheless, current applications are still constrained to predefined
interactions, limiting their ability to comprehend and react to complex real-world scenarios.

On the other hand, recent advancements in Natural Language Processing (NLP) have shown that
Large Language Models (LLMs) have general-purpose text-generation capabilities. Not only that, they
are also proficient at dialogue, enabling direct interactions with the end user via text or voice, and some
of them can process modalities other than text, such as images and audio.

Due to LLMs’ adaptive nature, we think that integrating emergent LLMs is key to alleviating the
rigidity faced by XR applications. This integration holds immense potential to achieve unprecedented
situational awareness and adaptive response. The European project LUMINOUS aims to tackle the
main NLP challenges that will allow the integration of several real-world innovative XR applications
across various domains, including neurorehabilitation, health and safety environment training, as well
as Building Information Modeling (BIM) and architectural design review.

The rest of the paper is organized as follows. Firstly, we define the existing literature in NLP and the
multimodal capabilities necessary to integrate LLMs in XR (Section 2). We then continue by describing
the Consortium of the project (Section 3) and different XR applications that are under development,
emphasizing the relevance of NLP in them (Section 4), followed by the main challenges that arise in this
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integration of LLMs (Section 5). Finally, we conclude by summarizing our work and ongoing research
(Section 6).

2. Related Work

Modern LLMs are task-agnostic, pretrained on vast text corpora, and require adaptation for specific
downstream applications [1]. Adapting LLMs to downstream tasks depends on various factors, including
task requirements, available data, and backbone model capabilities. Current approaches include prompt
engineering, retrieval-augmented generation (RAG), fine-tuning, and human preference alignment [2, 3].
Each strategy aims to refine an LLM’s performance, but all share a fundamental limitation: they predict
the next token in a sequence without inherent memory or verification. As a result, LLMs suffer from
their limited context window, as not everything can fit in their input [4]. Moreover, hallucinations are
very common in text generation due to its probabilistic nature. Researchers have attempted to mitigate
these limitations with varying degrees of success [5]. Despite advancements like chain-of-thought
prompting, LLMs still struggle with human-like common sense and multi-step reasoning. RAG offers a
promising way to reduce hallucinations by incorporating external knowledge retrieval, but its retrieval
mechanisms require further refinement [6].

A new frontier in LLM development is multimodal LLMs, which integrate textual capabilities with
other modalities, such as vision and audio, bridging the gap between LLMs and both real and virtual
environments [7, 8]. Multimodal models also struggle with hallucinations and limited reasoning abilities,
prompting research into potential solutions. Approaches, such as ViperGPT [9], leverage code generation
as an intermediary step to simulate reasoning for multimodal tasks like visual question answering.
Multimodal RAG has also been used to enrich the context of multimodal LLMs for knowledge-intensive
tasks, where text, images, and documents can be used to retrieve domain-specific information from
various sources [10].

These models enable applications in XR environments, where grounding concepts to the scene, either
mentioned in text or speech, is key for their success. The existing work is still minimal in the XR setting,
focusing on analyzing both the performance of current multimodal LLMs in downstream tasks [11] and
the variation in human engagement/performance with the addition of these models [12]. Otherwise,
our aim in the LUMINOUS project is to apply these models in real-world applications and tackle the
challenges that arise in these complex settings.

3. Consortium

The LUMINOUS project received funding from the European Research Council under the Horizon
Europe Funding Programme. The consortium is characterised by multidisciplinarity, complementarity in
expertise and purpose within the project. It brings together leading research institutes and universities
in Europe as well as a critical mass of innovative high-tech Small Medium Enterprises (SME), Large
Enterprises (LE) and organizations that represent the interests of end users. The project is composed
of 12 partners, in which 7 European countries are represented in the project (5 Member States, one
Associated country, and the UK).

Six key disciplines are involved in the project. The expertise required about Augmented Vision is
provided by DFKI1, Natural Language Processing is in charge of VICOMTECH2 and HiTZ3, while Avatar
Creation is led by HHI4. Health and Ethics are developed by UCL5 and UCD6, respectively. Scanning
devices are provided by RICOH, and Hypercliq IKE is devoted to Data Management and Analysis, which

1DFKI – German Research Center for Artificial Intelligence
2VICOMTECH – Fundación centro de tecnologias de interacción visual y comunicaciones
3HiTZ – University of the Basque Country (EHU/UPV)
4HHI - The Fraunhofer Institute for Telecommunications
5UCL - University College London
6UCD - University College Dublin
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Figure 1: We are integrating LLMs into three VR domains. From left-to-right, these domains are: a)
Neurorehabilitation, b) HSE training, and c) BIM & Architectural Design review.

completes the picture of a well-structured multidisciplinary consortium, where all partners have clear
and distinct roles and complement each other covering all required expertise.

The consortium is completed with five innovative Hi-Tech early adopters, in which MindMaze leads
the neurorehabilitation pilot, together with end-user partners Lausanne University Hospital and UCL.
Ludus will lead the Health, Safety and Environment (HSE) Training pilot, and Mindesk the BIM7 &
Architecture Design review pilot.

4. Applications

The technology developed in LUMINOUS will be tested in three domains: 1) Neurorehabilitation, 2)
health, safety, and environment training, and 3) architectural design review (see Figure 1).

4.1. Neurorehabiltation

Cognitive neurorehabilitation aims to restore functions like attention, memory, and language after a
brain injury. However, healthcare infrastructure is limited, and combining it with the established 1:1
therapist-to-patient model makes the rehabilitation harder to fulfill correctly. Rehabilitation technology
can address this by enabling high-intensity, extended therapy across hospitals and homes. A VR/XR
system integrated with an LLM could, for example, deliver personalized metacognitive cues for patients
with attentional and executive function disorders. Additionally, it could facilitate therapeutic conversa-
tions for aphasic patients, enhancing engagement and making progress without the presence of the
therapist at all times.

In this domain, LLMs will analyze the behavior of the patient across several mini-games or daily-life
tasks. Knowing the background and condition of the patient, the LLM will check the movements and
strategies that the patient is using to fulfill the task at hand, giving feedback at the end of each session.
In order to generate this feedback, we need to process several modalities, including visual (what the
patient sees), tabular (statistics and movements of the user during the task) and textual data (patient
history and other metadata).

4.2. Health, Safety, and Environment Training

HSE training courses help people develop the skills to create safe and healthy workplaces while reducing
environmental impact. Training exercises are varied, ranging from fire risk assessment to emergency
procedures. Nevertheless, many of these exercises involve high-risk scenarios that can be both dangerous
and costly to conduct in real-world settings. Although incorporating VR solves the aforementioned
problems, these VR training systems are currently rigid, limiting their effectiveness in transferring
knowledge to the trainees.

In this setting, LLMs will act as tutors during entire training sessions, where users will ask for tips to
advance in an ongoing task (e.g. fire extinguishing). Moreover, LLMs will have access to domain-specific
knowledge in order to enrich their responses with relevant information regarding laws, materials, and
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Figure 2: A first prototype for spatially-aware BIM querying. The user’s spoken query is transcribed
and fed to the LLM along the API documentation to generate code that is executed in the scene. Then,
the LLM informs about the changes, if done, to the user, synthesizing the generated text into audio.

alternative scenarios. A model capable of doing this will need to: 1) process the current state of the VR
session (e.g. is the fire still on?), 2) understand the actions that the user must take to fulfill a given task
(e.g. to extinguish the fire) and 3) maintain a coherent dialogue in a dynamic environment.

4.3. BIM & Architectural Design Review

Nowadays, architects, interior designers, and engineers can explore 3D representations of buildings (or
BIM objects) using immersive XR technologies. Each participant is usually represented by an avatar,
allowing real-time dialogues within the virtual space. However, interactions with the building are
non-existent or very limited in these applications.

We aim to integrate a system capable of answering spoken user queries about different entities (e.g.
walls, doors) found in the BIM. Furthermore, users should be able to refer to these objects relative to
their location (e.g. the left door) and apply some restricted changes to them (e.g. positioning, visibility).
Our first spatially-aware prototype takes advantage of a dedicated Python API, where an open-sourced
LLM first generates Python code given the user’s query and the API’s documentation and, then, informs
the user about the success or failure of the query given the query itself, the generated code snippet,
and the execution’s outcome (see Figure 2). All interactions between the user and LLM are via speech.
Therefore, we also use speech-to-text and text-to-speech models to transcribe audio and synthesize
text, respectively [13].

5. Challenges

Within these applications there are several transversal challenges from the NLP perspective that we will
address, effectively pushing the state-of-the-art in basic research: 1) grounding generation to multimodal
variables, 2) integrating domain-specific knowledge to correctly generate meaningful dialogues, 3)
enabling reasoning and commonsense in LLMs, and 4) collecting data and defining proper evaluation.

5.1. Grounding Generation to Multimodal Variables

In the context of LUMINOUS, LLMs need to be able to generate correct responses to user queries
grounded in a specific multimodal context, as well as proactively reacting and providing guidance
(see Figure 3). As mentioned in Section 4.2, in the HSE Training scenario, the LLM needs to generate
dialogue depending on the current status of the user in the series of instructions, position relative to
the fire, etc. This data is provided as metadata and the LLM needs to properly integrate the variable
data to generate useful further instructions [14].
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Figure 3: General approach for all applications in the LUMINOUS project.

However, current multimodal LLMs struggle with the task of linking entities between modalities
[15], as well as with the binding problem [16, 17], where they struggle to bind two different features to
the same object. Our project will need to address these problems to improve grounded dialogue.

Similarly, there is a problem of how to represent this metadata. While the most straightforward
option is to convert everything to natural language-like text, this approach can become unwieldy when
the metadata is very large, i.e., several full BIM files defining a large architectural project. Determining
when to change modalities and how to make these transformations is essential to successfully process
relevant information for the tasks at hand.

5.2. Domain-specific Knowledge Integration

Besides grounding a model to a specific scenario, there are larger domain-specific criteria which the LLM
must fulfill. In the Neurorehabilitation scenario, for example, the LLM should be able to know when to
retrieve vital domain-relevant information, e.g., patient history, patient data from the game, game data,
data from previous sessions, psychoeducation strategies. Moreover, the given feedback should consider
the patient’s history and prior performance so that it includes references to their evolution.

The LLM should also align its interactions with established clinical protocols and therapeutic goals.
This includes the ability to integrate psychoeducational content naturally within the conversation,
guide patients through cognitive exercises, and encourage metacognitive reflection. Similarly, while the
dialogue should be fluent and relevant, hallucinations are completely unacceptable in this situation.

5.3. Reasoning and Commonsense

The final transversal challenge that we have identified is the need for LLMs to perform reasoning
and incorporate commonsense. On the one hand, the user should not have to be pedantically specific
in order to complete a dialogue with the LLM. In an XR environment, however, there is a degree of
ambiguity. In the BIM scenario, for example, if a user asks the LLM to hide the door to their left, there
will often technically be many doors to the left, even though the user is likely referring to the one in
their field of vision. This ambiguity resolution is something that humans perform constantly, but which
must be accounted for within our framework.

A second overarching need for reasoning comes from enabling LLMs to use tools, following frame-
works such as ViperGPT [9] or ReACT [18]. In the case of our architectural application, we have two
dedicated APIs where the first can generate new objects in a BIM scenario and the other can query the
BIM to answer complex questions. Ideally, we would have a separate model that generates dialogue and
has the option of calling the APIs when needed. In this case, the model would need to be able to reason
about which one to use, given the previous dialogue, current user query, and available APIs.



5.4. Data Collection and Evaluation

As most of the challenges and use cases described are highly experimental, there is generally no
appropriate data available for training and evaluation. Therefore, we have initiated a data collection
process connected to all three pilots. The first priority is to collect human annotations in order to
evaluate each component in the applications automatically and is an ongoing task. The second priority
is to collect training data, which can come either as human annotation, or in several cases as synthetic
data that we generate on demand.

Besides curating evaluation datasets, we are also implementing human evaluation pipelines where
more stable prototypes can be assessed in further detail following domain-specific evaluation rubrics.

Finally, commonly used evaluation metrics, e.g., BLEU [19] or ROUGE [20], often fail for more
open-ended text generation scenarios. Therefore, we are actively exploring LLM-as-a-judge models
[21, 22] as alternatives. Moreover, all pilots will undergo a human assessment process in the final stages
of the project, ensuring the correct performance of our developed pipelines in real-world scenarios.

6. Conclusions and Ongoing Work

In this paper, we presented the European project LUMINOUS, where we aim to develop several real-world
XR applications based on multimodal LLMs as backbones. We described the three pilot scenarios that
we are developing: neurorehabilitation, HSE training, and architectural design review. We furthermore
highlighted the transversal problems related to NLP which will need to be addressed during the project:
grounded generation of multimodal variables, integration of domain-specific knowledge, and enabling
LLMs to incorporate reasoning and commonsense.

For future work, we aim to address the identified challenges. For grounded generation, we are
collecting datasets to enable finetuning and simultaneously exploring few-shot prompting techniques
to improve the LLMs ability to correctly link the modalities. Similarly, we are exploring techniques
such as RAG to integrate domain-specific knowledge. Finally, we aim to improve reasoning models to
enable tool use.
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