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ABSTRACT

Mixed reality (MR) systems have the potential to transform human-
computer interaction by embedding digital content directly into
the physical environment. However, existing approaches are often
limited by static interfaces, weak contextual awareness, and frag-
mented integration of perception and reasoning, including state-of-
the-art large language models (LLMs). In this work, we present a
unified, multimodal MR framework that integrates real-time per-
ception, visual retrieval, retrieval-augmented generation (RAG),
and dynamic interface generation. Our system uses a head-mounted
device to capture spatial information from the environment, while
a backend performs class-agnostic object detection and semantic
grounding using vision-language embeddings (SigL.IP-2) and a vec-
tor database (Weaviate). Detected objects are associated with 3D
locations and incorporated into user queries to support physically
scene-aware reasoning. We further introduce a schema-driven ap-
proach for adaptive UI generation, where a language model pro-
duces structured, spatially grounded interfaces that dynamically re-
spond to user intent and environmental context. We demonstrate
and visually validate the efficacy of the system through several
practical instruction-based use cases.

Index Terms: Context aware mixed reality, multimodal retrieval
augmented generation, adaptive 3D user interfaces.

1 INTRODUCTION

Mixed reality (MR) has emerged as a promising paradigm for seam-
lessly integrating digital information with the physical environ-
ment, but despite rapid progress in hardware and tracking capa-
bilities, current MR systems remain largely constrained by static
interface designs and limited contextual awareness. At the same
time, advances in large language models (LLMs) [15] and vision
language models (VLMs) [25] have significantly improved multi-
modal reasoning and contextual understanding. However, their in-
tegration into MR systems remains fragmented. A key issue is that
there is still a gap in creating generative, adaptive, and spatially
aware user interfaces that can be built dynamically according to the
physical environment and user intentions.

To address these limitations, we propose an end-to-end multi-
modal MR framework that unifies perception, retrieval, reasoning,
and interface generation into a single pipeline. Our system operates
with a head-mounted device (Meta Quest 3) as the front-end and
a local workstation as the computational backend. It captures ego-
centric RGB input alongside spatial cues such as depth and cam-
era pose, enabling efficient estimation of 3D object locations in
real time. We use YOLOE [24] as a class-agnostic object detec-
tion module that extracts candidate regions of interest, which are
subsequently refined through a lightweight post-processing pipeline
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to ensure robustness in unconstrained environments. Cropped ob-
ject regions are embedded using a vision-language model (SigLIP-
2 [22]) and queried against a vector database (Weaviate [27]) to
infer object identities through similarity search. This decoupling of
detection and naming allows the system to generalize beyond pre-
defined classes and dynamically expand its knowledge base without
retraining detection models.

Building upon this representation, we employ a retrieval-
augmented generation (RAG) framework [8] that integrates visual
context, user queries, and conversation history. Relevant documents
are retrieved and combined with scene-aware object information
to guide a large language model in producing grounded, context-
aware responses. This design enables the system to move beyond
simple visual recognition toward deeper semantic understanding
and task-driven assistance.

A key contribution of this work is the introduction of a schema-
driven interface generation mechanism in MR. Instead of render-
ing fixed UI layouts, a secondary LLM translates the generated re-
sponse and scene context into a structured Ul schema. This schema
specifies interface components (e.g., text, images, buttons) along
with their spatial placement in the 3D environment, and the result-
ing interfaces are dynamically instantiated and anchored to real-
world objects, enabling interactive and context-aware MR experi-
ences that evolve with user intent.

Furthermore, the system maintains session-based conversational
memory, allowing users to engage in multi-round interactions that
incorporate both past dialogue and newly observed visual context.
This persistent memory supports more coherent and personalized
interactions over time. In summary, our work advances the state of
mixed reality systems by tightly integrating perception, multimodal
retrieval, language reasoning, and adaptive interface generation.

2 PRIOR WORK

We review prior work at the intersection of MR, multimodal percep-
tion, and interaction systems. We focus on key research areas that
inform our approach, including object detection, vision-language
modeling, retrieval-augmented generation, and spatial user inter-
face design.

Object Detection in Resource-Constrained and MR Environ-
ments. Recent advances in object detection have enabled deploy-
ment on resource-constrained platforms such as mobile devices and
MR headsets [11]. Early R-CNN-based methods [29] achieved
strong accuracy but were computationally expensive, while single-
stage detectors like YOLO [23] improved speed for real-time
use [19]. In AR settings, additional challenges such as latency, tem-
poral stability, and robustness under varying lighting conditions be-
come critical [3]. Recent work also explores open-vocabulary and
class-agnostic detection for dynamic environments [21], alongside
vision-language models (VLMs) such as Florence-2 [28], though
these often struggle in unconstrained MR scenarios [20]. As a re-
sult, hybrid approaches separating detection from semantic reason-
ing have gained traction [2, 12].

Vision-Language Models and Multimodal Embeddings.
VLMs enable joint reasoning over images and text through shared
representations. Models such as CLIP [18] introduced a unified em-
bedding space for zero-shot classification and retrieval, while newer
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Figure 1: Our VRAG MR pipeline: egocentric images are captured
on the MQS3 (1) and processed on the server using class-agnostic ob-
ject detection and post-processing to obtain bounding boxes (2). 2D
centers are returned to estimate 3D locations, which are combined
with the user query and sent to the backend (3). Visual retrieval as-
signs semantic labels using vision-language embeddings and vector
search (4). Labels, query and conversation history are used with
RAG (5) to produce a response, and finally a generation stage con-
verts the output into a structured Ul (6) rendered in MR (7).

variants like SigL.IP improve alignment and scalability for large-
scale systems [14]. These methods are especially useful when ex-
plicit labels are unavailable, allowing image regions to be mapped
into a semantic space for the retrieval of similar instances. This
retrieval-based approach complements object detection by provid-
ing flexible semantic grounding without requiring retraining.

Retrieval-Augmented Generation (RAG). RAG [8] enhances
large language models by grounding responses in external knowl-
edge, improving factuality, interpretability, and adaptability. It has
recently been extended to multimodal settings [13, 5], where both
visual and textual inputs contribute to retrieval. These systems
commonly rely on vector databases such as FAISS [6] and Weav-
iate [27] for efficient similarity search over high-dimensional em-
beddings. In AR applications, RAG enables context-aware inter-
action by linking perceptual inputs from the physical environment
to external knowledge sources, supporting more informed and ex-
plainable assistance.

Spatial Computing and Mixed Reality Interfaces. Spatial
computing integrates digital content into the physical world [26],
requiring both accurate perception and meaningful placement of UI
elements. Prior work has explored spatial anchoring [17], world-
locked interfaces [9], and adaptive layouts to improve usability and
reduce cognitive load [10, 7]. Traditional 2D UI paradigms of-
ten do not transfer well to MR environments, motivating context-
aware and object-centric interfaces where elements are dynamically
placed based on the scene [4]. These methods emphasize align-
ing digital content with relevant physical objects to improve under-
standing and interaction.

Limitations of Existing Approaches. Despite progress in ob-
ject detection and the subsequent generation of in-situ instructions,
key limitations remain. Most detection models are still closed-set,
limiting open-world use. VLMs struggle with real-time constraints,

noisy AR inputs, and domain-specific robustness. RAG systems
are largely text-based with limited spatial and visual grounding.
In addition, MR interfaces are mostly manually designed and not
adaptive to changing scenes or user intent. Overall, these compo-
nents are typically developed in isolation, leading to fragmented
pipelines. Our approach addresses this gap by unifying class-
agnostic detection, visual retrieval, multimodal RAG, and dynamic
spatial UI generation in a lightweight, real-time system that lever-
ages 3D context beyond current VLM-based methods.

3 FRAMEWORK AND METHODOLOGY

As shown in Figure 1, our system follows a distributed client-server
architecture designed to support real-time visual understanding and
dynamic context-aware interaction in MR. A Meta Quest 3 headset
functions as the front-end device, while a local workstation func-
tions as the backend server. The server integrates multiple com-
ponents, including a class-agnostic object detector (YOLOE), a
vision-language embedding model (SigLIP 2), a vector database
(Weaviate), a RESTful API (FastAPI), and a large language model
(LLM) served via a local SGLang [30] runtime and optionally a
cloud-based API such as Anthropic Claude [1]. A lightweight web
interface is provided through an NGINX server for administrative
document management.

This system is designed to operate in two main stages: (1) fast
spatial perception and object localization, and (2) semantic un-
derstanding and response generation through a Visual Retrieval-
Augmented Generation (VRAG) pipeline.

3.1 Object Detection and Post-Processing

Given an RGB frame captured by the MR device, the image is trans-
mitted to the server via a /detect API endpoint. The YOLOE de-
tector processes the image in a class-agnostic manner, producing a
dense set of candidate bounding boxes. Since the objective is to
capture all salient objects rather than rely on predefined categories,
class labels are not directly used in downstream processing. Also,
we tested Florence-2 instead of YOLOE, but it could not detect
small objects in a more crowded scene.

To ensure robustness and reduce noise, a multi-stage post-
processing pipeline is applied. First, detections are filtered using
confidence and geometric constraints. Bounding boxes with con-
fidence scores below a threshold (0.5) are discarded, along with
boxes whose area is either too small or excessively large relative
to the image. Additionally, extreme aspect ratios are suppressed
to eliminate elongated artifacts often associated with background
edges or slicing errors.

Next, Non-Maximum Suppression (NMS) [16] is applied in a
class-wise manner using an Intersection-over-Union (IoU) thresh-
old of 0.55 to remove redundant overlapping detections. A second
pass further eliminates near-duplicate boxes across classes by en-
forcing a stricter IoU threshold (0.85), ensuring that each physical
object is represented by a single bounding region. The final output
of this stage consists solely of bounding box coordinates. To ensure
the correctness of projecting the points to the actual object, only the
centers of these boxes are then returned to the MR device.

3.2 3D Localization in Mixed Reality

Upon receiving the 2D bounding box centers, the Meta Quest 3
device computes their corresponding 3D positions using its inter-
nal spatial mapping capabilities. This design choice minimizes
server-side computation and leverages on-device depth estimation
and pose tracking for real-time performance.

Each detected object is thus associated with both 2D image-
space coordinates and world-space 3D positions. These enriched
object representations are then combined with the user query in nat-
ural language and forwarded to the backend via the /vrag endpoint.



3.3 Visual Retrieval and Object Naming

For semantic grounding, each detected object is cropped from the
original image on the server. These cropped regions are encoded
using the SigLIP 2 vision-language embedding model and queried
against a Weaviate vector database.

The retrieval process identifies the most similar stored image for
each crop, along with its associated metadata (e.g., textual descrip-
tion). This enables the system to assign approximate semantic la-
bels to previously unseen objects without requiring explicit classi-
fication during detection. The result of this stage is a set of named
objects, each linked to its 2D location, 3D position, and metadata.

3.4 Retrieval-Augmented Generation

The RAG module integrates visual context with textual knowledge
to generate informed responses. Given the user query and the list
of detected object names, the system retrieves relevant documents
from the vector database. These documents, together with the cur-
rent query and conversation history, are passed to the LLM.

The LLM generates a context-aware response that reflects both
the physical scene and external knowledge sources. Importantly,
conversation history is maintained through a session-based mem-
ory mechanism, enabling multi-round interactions. Visual retrieval
artifacts are preserved separately to support debugging and visual-
ization, while avoiding unnecessary prompt inflation.

3.5 Schema-Driven Spatial Ul Generation

To bridge high-level semantic reasoning and user interaction, the
system adopts a schema-driven approach for generating and render-
ing spatial user interfaces in mixed reality. Following the retrieval-
augmented generation stage, a second LLM transforms the gener-
ated answer, scene context, and retrieved knowledge into a struc-
tured UI schema. This schema defines the interface layout, compo-
nent hierarchy, and interaction flow as a sequence of steps, where
each step represents a self-contained Ul state.

Each step includes a unique identifier, a layout type (e.g., dia-
log), an optional spatial position, and an ordered list of Ul com-
ponents. These components specify both content and behavior, in-
cluding text elements, images, and interactive buttons. Actions as-
sociated with interactive elements define navigation between steps
as well as system-level operations such as closing or completing
the interface. The sequencing and flow of Ul elements are dynami-
cally determined by the LLM based on the user query and retrieved
instructional content.

A key feature of this design is spatial grounding. UI compo-
nents can be associated with the 3D positions of detected objects,
enabling the interface to be anchored directly within the physical
environment. When spatial context is not required, the system sup-
ports user-centered Ul placement relative to the viewer. This flexi-
bility allows the interface to adapt to both object-centric and general
interaction scenarios.

On the client side, the Meta Quest application parses the gener-
ated schema and dynamically instantiates Ul elements using pre-
defined prefabs (e.g., text blocks, images, and buttons). These el-
ements are composed into panels and positioned according to their
specified spatial attributes, enabling interactive and context-aware
MR experiences.

Each interaction session is associated with a unique chat ID,
shared between the /detect and /vrag endpoints. This mecha-
nism enables context-preserving conversational memory, allowing
users to iteratively refine queries, introduce new objects, and main-
tain continuity across multi-round interactions.

3.6 Design Considerations

A key design principle of the system is the separation of percep-
tion and reasoning. Fast, lightweight detection and localization are
performed first to maintain real-time responsiveness, while more

computationally intensive semantic reasoning is handled asyn-
chronously on the server. Furthermore, by decoupling object de-
tection from object naming, the system remains flexible and exten-
sible, capable of adapting to new domains through updates to the
retrieval database rather than retraining detection models.

Overall, this pipeline enables a seamless integration of spatial
perception, visual retrieval, and reasoning, forming the foundation
for interactive and context-aware mixed reality experiences.

4 EVALUATION

We evaluate our framework by conducting a basic systems test of
its end-to-end latency and response time as well as demonstrating
visual results

4.1 System Performance

We evaluate the runtime performance of the proposed pipeline on a
local workstation. The system is deployed on a Linux Ubuntu ma-
chine equipped with a /3th Gen Intel Core i9-13900KF CPU, 64
GB of RAM, and an NVIDIA GeForce RTX 4090 GPU. This config-
uration enables real-time object detection, embedding computation,
and generating UI Schema with acceptable latency.

For the language reasoning and generation components, we eval-
uate both locally hosted and cloud-based LLMs. In the local de-
ployment, we compared three state-of-the-art open source mod-
els: Llama-3.2-1B-Instruct, Qwen2.5-3B-Instruct, and
openai-gpt-oss-20b. Among these, Llama-3.2-1B-Instruct pro-
vided the best overall performance in our setting, primarily due to
more contextually relevant and consistent responses in our task set-
ting. In addition, we benchmark a closed-source model, Claude
Opus 4.7 by Anthropic, for higher-quality response generation in
complex reasoning scenarios; however, this comes at the cost of
significantly increased latency compared to local models.

This hybrid configuration enables the system to balance real-
time interaction requirements with high-quality language under-
standing. Lightweight local models are primarily used for schema
generation and fast inference, while larger closed-source models are
optionally employed when higher response quality is required and
latency constraints are relaxed.

Table 1: End-to-end system latency breakdown.

Component Latency
Object localization 65 ms
Object detection (VRAG) (per object) 29 ms
Document retrieval (per document) 8 ms
Answer generation (Local LLM*) 385 ms  *
Answer generation (Cloud LLM*%*) 3900 ms
UI schema generation (Local models*) 3000 ms
UI schema generation (Cloud models**) 11600 ms

Ul rendering (per step) 11 ms
Llama-3.2-1B-Instruct, ** Claude Opus 4.7 (Anthropic)

4.2 Qualitative Results: Spatial Ul Generation

We evaluate the proposed system through qualitative analysis of
end-to-end interaction scenarios in a practical MR scenario. Fig-
ure 2 illustrates a representative pipeline, demonstrating how the
system transitions from perception to interactive UI generation. In
this scenario, five objects are present in the scene: a keyboard, mon-
itor, mouse, battery pack, and Raspberry Pi. In the first step, the
system detects all the aforementioned objects by displaying an in-
dicator at each object’s center. The user then submits their query
by typing “How to set up these devices?”. The user intentionally
omits the names of any specific devices in order to evaluate the
accuracy of the visual retrieval system in identifying objects from
scene context alone.

Based on the query and scene context, the system generates inter-
faces in two forms: (i) user-centered (general) Uls independent of
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Figure 2: End-to-end example of the proposed mixed reality interaction pipeline. From left to right: (1) objects in the scene are detected and
localized in 3D space, (2) the user provides a query through the interface, (3) a general user-centered Ul is generated, (4-8) a spatially anchored
Ul is attached to each relevant object, which shows procedural instructions and interactive widgets such as buttons; and (9) the session concludes
with a completion screen. This demonstrates both object-centric and user-centered Ul generation within the same framework.

specific objects (steps 3 and 9 in Figure 2), and (ii) object-anchored
UlIs spatially aligned with relevant physical items (steps 4-8 in Fig-
ure 2). These interfaces are dynamically adapted to the task, with
instructional content first presented generally and then refined into
object specific guidance anchored directly to each device. This pro-
gression improves contextual relevance by signifying the relation-
ship between digital instructions and associated physical targets.

The final stage demonstrates interactive capabilities, where users
can engage with Ul elements such as buttons to navigate steps or
trigger actions. These interactions are integrated into the spatial
environment, maintaining consistency between visual context and
system response. Overall, the results highlight the system’s ability
to (1) ground semantic information in 3D space, (2) dynamically
generate adaptive Ul layouts, and (3) support interactive, multi-step
task execution within a unified MR framework. A comprehensive
quantitative evaluation, including latency analysis and user studies,
is left for future work.

5 DISCUSSION AND CONCLUSION

This work presents a mixed reality pipeline that integrates real-time
perception, retrieval-augmented reasoning, and dynamic UI gen-
eration to support interactive and context-aware XR experiences.
The results demonstrate the feasibility of building an end-to-end
system that connects object-level scene understanding with LLM-
assisted reasoning and interface generation. In particular, the sys-
tem shows that lightweight local perception models combined with
LLM-assisted reasoning can support responsive and interactive MR
applications under practical computational constraints.

Despite these promising results, several limitations remain. First,
the system is constrained by local hardware resources, particu-
larly GPU memory and computational throughput. This limitation
becomes more obvious when multiple models are loaded concur-
rently, such as object detection, embedding generation, and LLM
inference pipelines. Second, complex scene understanding remains
a challenge. In cluttered or highly dynamic environments, object
detection and tracking errors may propagate through the pipeline,
directly affecting downstream reasoning and UI generation qual-
ity. While the current system performs adequately in controlled

or moderately complex environments, robustness in unstructured
scenes requires further evaluation.

In future work, we plan to incorporate more advanced VLMs
and stronger object detection architectures to enhance scene under-
standing and semantic grounding. For example, videos can be used
to demonstrate step-by-step procedures. Third, the current system
is highly dependent on the quality and behavior of the underlying
LLMs. Variations in model parameter size, training data, and rea-
soning capability significantly affect the consistency and relevance
of LLM-generated outputs. To mitigate this dependency, we plan
to explore multi-agent reasoning architectures, where specialized
agents handle different subtasks such as perception interpretation,
reasoning, UI planning, and verification. Additionally, we aim to
introduce a local structured reasoning layer that reduces reliance on
external model inference for intermediate decision-making.

Another limitation is the expressiveness of the generated UL
At present, Ul generation is primarily schema-based and limited
to predefined interaction primitives. However, we aim to extend
this capability toward fully dynamic UI synthesis, where LLMs
can generate complex spatial interfaces, including 3D objects such
as arrows, signs, annotations, spatial highlights, and interactive
game-like elements. This would enable more expressive interaction
paradigms in MR environments and improve the system usability in
practial applications.

Furthermore, the current system does not incorporate user pro-
filing or context-aware personalization. We plan to integrate user
and context profiling mechanisms that allow the system to adapt
UI generation based on user preferences, behavior history, and task
context. This would enable more personalized and adaptive MR ex-
periences, where Ul are not only scene-aware but also user-aware.

In conclusion, this work demonstrates the feasibility of an end-
to-end mixed reality system that connects perception, reasoning,
and dynamic interface generation using a hybrid local and cloud-
based LLM architecture. While the current implementation shows
promising results, it also highlights several important directions for
future research. Overall, this work provides a foundation for more
intelligent, adaptive, and context-aware mixed reality systems.
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