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Abstract

This project presents a novel pipeline for guided object detection and retrieval on head-mounted
devices, with a particular focus on real-time object finding tasks. Our approach leverages state-
of-the-art Vision-Language Models, Large Language Models, and open-vocabulary object de-
tectors to interpret user queries, identify target objects in mixed reality environments, and
provide intuitive guidance to the wearer. By integrating these components into the Magic Leap
2 headset, our system is able to understand the spatial environment and visualize the location
of objects directly in the user’s field of view. In doing so, we demonstrate how combining real-
time object detection with VLM-based guidance can expedite the process of locating, tracking,
and retrieving items, addressing a variety of real-world scenarios such as finding misplaced tools
or navigating dynamic workspaces. Moreover, we showcase the system’s extensibility, which
opens up new avenues for future mixed reality applications, including collaborative assistance,
inventory management, and enhanced accessibility support.
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Chapter 1

Introduction

1.1 Background & Aims

Recent breakthroughs in deep learning have propelled Large Language Models (LLMs) and
Vision-Language Models (VLMs) to the forefront of cutting-edge research. These models, ca-
pable of interpreting text, images, or a combination thereof, have demonstrated remarkable
performance across various tasks, including natural language understanding, image captioning,
and object detection. Their ability to perceive, reason, and generate contextually relevant out-

puts has enabled exciting new applications in elds such as robotics, healthcare, and interactive
systems.

Meanwhile, advancements in Virtual Reality (VR) and Augmented Reality (AR) have rev-
olutionized how users interact with digital content, merging virtual elements with physical en-
vironments to create immersive, user-centric experiences. Building upon these concepts, Mixed
Reality (MR) extends the synergy between the real and virtual worlds by integrating virtual
overlays that are spatially aware of the user's surroundings. The combination of deep learn-
ing models with MR platforms presents a unique opportunity to harness intelligent perception
and human-computer interaction, paving the way for robust, adaptive systems that cater to
real-world tasks.

Recently, a growing number of applications have demonstrated the power of combining
VLMs/LLMs with MR headsets to deliver context-aware experiences [1] [2] [3] [4] [5]. These
systems leverage advanced spatial mapping, sensor inputs, and real-time rendering capabilities
to empower Al-driven applications that enhance user perception and decision-making. By sit-
uating deep learning models within the user's immediate environment, MR devices can provide
interactive guidance and immersive feedback that surpass traditional screen-based interfaces.

Against this backdrop, our goal is to harness these breakthroughs to create a novel mixed
reality application that performs agent-based guided object detection. Speci cally, we seek to
address the real-time challenge of locating, identifying, and guiding users toward target objects
in complex environments. By combining open-vocabulary object detectors with VLM-based
reasoning, our pipeline can interpret user requests, analyze the visual scene, and o er on-the-
y assistance in nding and retrieving objects. We deploy this solution on the Magic Leap 2
(ML2) headset, leveraging its multimodal sensor inputs and robust spatial capabilities to deliver
context-aware and user-friendly guidance.

This project outlines the development and evaluation of our system, highlighting how inte-
grating LLMs/VLMs with MR can enhance daily tasks such as object nding. We further show
that the proposed framework opens up many possibilities for future applications in areas like
collaborative problem-solving, inventory management, and accessible mixed reality interfaces,
demonstrating the promise of Al-infused MR for a wide range of real-world scenarios.
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1.2 Related Works

There have been applications that combine VLMs with object detection to deliver more holistic
and context-aware experiences [6] [7] [8]. They rely on robust and e cient object detection to
maintain real-time responsiveness in tasks such as object placement, scene understanding, and
user interaction.

On the one hand, these systems use state-of-the-art ready-to-use object detectors - often
from the YOLO family [9] [10] [11] - to locate and classify targets within the user environment.
The YOLO family of single-stage object detectors has become widely adopted in real-time ap-
plications for its favorable balance between speed and accuracy compared to two-stage object
detectors such as the R-CNN family [12][13] or the Transformer-based [14] DETR models [15] [16]
[17]. To better align object detection with dynamic user needs, some recent works have adopted
open-vocabulary detectors. Open-vocabulary detection enables detection beyond pre-de ned
categories, making it highly suitable for applications requiring adaptability and generalization.
Most remarkably, YOLOWorld [18] archieves real-time open-vocabulary object detection. By
integrating such models, MR systems can dynamically adjust to user-de ned object classes,
improving real-time object retrieval and reducing reliance on pre-trained category sets.

In parallel with advances in object detection, VLMs have gained signi cant traction for tasks
that require reasoning over both textual and visual inputs. Models like Gemini [19], Qwen [20],
Seed-VLM [21] and GPT-4V [22] have been developed to handle tasks such as image captioning,
visual question answering, and scene understanding.



Chapter 2

Design and Implementation

This chapter details the design and implementation of the system, outlining its key components
and explaining them in depth in the subsequent sections. Before delving into implementation
speci cs, we rst provide a high-level perspective on the system's overall architecture. Our
primary objective is to design an interactive agent capable of real-time user interaction. The
agent's core function is to interpret the user's task, guide them toward nding the target object
by analyzing and understanding its surrounding environment, and precisely indicate the object's
position by visualizing a pin at its location. The functionality of the agent is driven by two fun-
damental components: input processing and memory management. Input processing is enabled
by embedding specialized models into the agent, allowing it to interpret both visual and textual
information. Memory is simulated through (i) a bu er mechanism that stores both past and
present environmental data, enabling the agent to leverage historical context when generating
guidance, (ii) a persistent databasethat stores information of the detected objects, allowing for
retrieval in the future. This memory structure allows the agent to maintain continuity in its
interactions and o er more context-aware assistance.

A crucial aspect of the system's implementation is determining the most e ective deploy-
ment strategy for the agent, as it directly impacts performance, responsiveness, and ease of
development. Our system adopts a client-server design, and we consider three primary types
of deployment: server-side deployment, client-side deployment, and a hybrid model that dis-
tributes computations between the client and the server. Each approach has distinct advantages
and trade-o s, in uencing factors such as latency, computational e ciency, and system com-
plexity. In our system, the client-side application runs on the ML2 [23] device, where the mixed
reality interface is developed using the Unity [24] framework. Unity provides a powerful environ-
ment for real-time rendering and interaction, making it particularly well-suited for mixed reality
applications. Meanwhile, the server-side infrastructure is implemented in Python, allowing ac-
cess to mature deep learning frameworks such as PyTorch [25], which facilitate rapid integration
of models and e cient execution. The choice between these deployment strategies requires
careful consideration of computational load distribution, real-time constraints, and system de-
velopment complexity. The following paragraphs explore these approaches in detail, evaluating
their advantages and limitations in the context of our application.

A hybrid deployment can optimize throughput by distributing computational workloads
across both ends. However, this comes at the cost of a distributed execution model, making
it di cult to maintain a consistent and uniform interaction with the agent. Additionally, sys-
tem development becomes more complex due to the challenges in synchronizing operations across
multiple devices. Since our objective is to abstract the agent as a uni ed entity, this approach
is not ideal.

An alternative approach is deploying the agent entirely on theclient side. This strategy
o ers several advantages, particularly in terms of processing latency and direct access to un-
processed data. By executing the agent on the client device, frames from the ML2 camera can



be processed immediately, eliminating the need for additional communication layers through
APIs. Furthermore, the model can be deployed directly on the device using ONNX-exported
[26] models in combination with Unity's Barracuda library 1. This approach minimizes network
dependency and enhances system responsiveness, making it advantageous for latency-sensitive
tasks like real-time object detection and user guidance. Additionally, object detection models
such as YOLOWorld, which support open-vocabulary detection, can be executed locally to im-
prove responsiveness and reduce dependency on network connections. Despite these bene ts,
client-side deployment also introduces signi cant challenges. One of the major drawbacks is the
longer development time due to the limitations of the C# ecosystem. Compared to Python, C#

o ers less exibility and a more restricted selection of deep learning libraries, making model inte-
gration and debugging more cumbersome. Another critical limitation arises in object detection.
While state-of-the-art VLMs such as Gemini [19] and GPT-4V [22] can be accessed via API
calls, the object detection model presents a key restriction. In this setup, the class names for
detection must be updated frequently to accommodate user requests. However, once an ONNX
model is exported, it does not allow for dynamic modi cation of variables like class names. This
limitation means that each exported model is restricted to a xed set of object classes, making

it unsuitable for applications requiring exible and adaptive object detection.

Considering these limitations, the nal implementation adopts a fully server-baseddeploy-
ment strategy. Deploying the object detection model on the server allows for the dynamic up-
dating of detection class names through client-server communication, making the system more
adaptable to di erent user requirements. This approach also bene ts from Python's extensive
ecosystem, which provides a rich set of libraries for deep learning, making development more
e cient and exible. Additionally, a server-based deployment ensures that the agent remains a
uni ed entity, avoiding the complexities associated with distributed execution. Centralizing all
processing on the server makes the system scalable and maintainable, that supports e cient ob-
ject detection and guidance generation. This design choice allows the agent to provide seamless
interaction with users while maintaining adaptability and robustness in real-time object- nding
tasks.

Lhitps://github.com/Unity-Technologies/barracuda-release
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2.1 Overview

Our application consists of three main components: thelient, the server, and the agent which is
deployed on the server. These components work together to facilitate real-time object detection,
scene understanding, and user guidance in a MR environment. The following sections detail the
implementation of each component, describing their roles in enabling real-time MR-based object
detection and retrieval.

Figure 2.1: A high-level overview of our application

During an application session, the user, wearing the MHD, prompts the agent with a speci c
object- nding task while actively moving through the environment. The captured visual infor-
mation and processed results are constantly exchanged between the client and the server. The
agent processes this data, performs object detection and reasoning, and periodically provides
guidance to assist the user in locating the target object. This results in two asynchronous data
communication streams between the client and the server:

1. Frame-Based Data Stream The rst stream consists of visual and spatial data cap-
tured per frame by the MHD (see top gure of 2.2). This information is continuously sent
to the server, where the agent processes it, applies object detection, and stores relevant
results. This stream ensures that the agent maintains an up-to-date representation of the
user's surroundings.

2. Guidance Stream  The second stream involves periodic guidance messages generated
by the server-side agent (see bottom gure of 2.2 ). The agent analyzes the current scene,
detection results, and user input before sending structured feedback to the client. These
guidance messages help the user navigate toward the target object e ciently by providing
context-aware instructions.

2.2 Agent

The agent is designed with (i) VLM for chat-based interaction and reasoning, (ii) an object
detection model for visual localization, and (iii) an LLM to process (minor) textual information.
This architecture is chosen based on the functional requirements outlined below.
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Figure 2.2:  Data ow per frame (top) and data ow per guidance (bottom)

The agent is responsible for interacting with and guiding the user in locating objects. To
achieve this, it must:

1. Identify the user's task Understanding the objective based on the provided prompt.

2. Detect objects within the user's environment Processing visual information to
recognize and locate objects of interest, where the visual information is given by real-time
camera frames.

3. Provide guidance for locating the target object Leveraging user input, environ-
mental context, and historical data to o er e ective navigation assistance.

To e ectively identify the user's task, the agent relies on direct user prompting, structured
according to well-de ned system principles. Given a suitable VLM, it is straightforward to
prompt it with task-speci c instructions. Moreover, we also want to localize the object so that
the user is provided with a visual cue. In this context, localizing objects based on the user's
prompt corresponds to the problem of Visual Grounding (VG). Several existing models, such as
Owl-ViT [27] and GroundingDINO [28], have been developed speci cally for VG. These models
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Figure 2.3:  User task prompts (left) are converted to a list of class hames (right) using an LLM. The
object detector will set its target classes to this list.

demonstrate strong capabilities in localizing objects based on textual descriptions, but present
two key challenges: (1) their inference times are relatively long, making them unsuitable for real-
time interactions, and (2) they are not optimized for providing step-by-step guidance to users.
These limitations make them less practical for our application. Additionally, industry-scale
VLMs like GPT-4V [22], while powerful for joint text-visual reasoning, are not trained or ne-
tuned to produce accurate bounding boxes or other localization cues persé Consequently, we
will have to rely on an additional model for localization. For this purpose, object detection has
been extensively optimized for real-time performance while achieving relatively high detection
accuracy. Recent advancements, such as YOLOWorld [18] and OmDet-Turbo [29], have further
extended the capabilities of object detection by enabling open-vocabulary detection, allowing
the model to recognize objects beyond a xed set of categories. This makes real-time open-
vocabulary object detection models an ideal choice for the agent's localization module.

Now the challenge lies in de ning the appropriate input for the detection model. While open-
vocabulary object detection models can handle a broad range of object categories, they struggle
with long and complex textual descriptions, especially when multiple or potentially ambiguous
objects are mentioned, or a long sentence is used to depict one object. To overcome this limita-
tion, we integrate an LLM to process user input. The LLM extracts relevant object classes from
the user's prompt, simplifying the textual input into distinct object categories. These extracted
object names are then used as input for the object detection model (see Appendix A for details
on the prompt formulation).

To facilitate real-time tracking and historical context, the system dynamically stores camera
frames along with object detection results on the server during the application's runtime (see
section Server Implementation). This history bu er enables the agent to maintain an evolving
understanding of the environment over the course of the interaction.

To close the loop, the agent harnesses information from user input, real-time camera frames,
and object detection results to generate meaningful guidance. This is achieved by, as mentioned
in the beginning, leveraging the VLM, which interprets the contextual information and produces
step-by-step instructions to help the user locate the target object e ciently. In order to maintain
a cohesive API design and simulate the presence of a uni ed agent, we abstract all functionalities
into a single Agent class. Tasks are executed through a standardized method call, following
the format: agent.process_TASK(), with TASKbeing the task name. This approach ensures
a modular and intuitive interface, allowing seamless execution of various agent functionalities
while preserving the perception of a single, autonomous entity. An illustration of the agent is
given by the Figure 2.4.

2https://blog.roboflow.com/gpt-4v-object-detection/
3https://community.openai.com/t/gpt4-v-object-detection-bounding-box-value-incorrect/846566
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Figure 2.4:  Overall architecture of the agent. Dashed lines represent text data ow and solid lines
represent visual data ow. The input to the VLM consists of the user task, camera frames and the
JSONi ed detection results (center and con dence) in the history bu er. The agent produces an output
stream of processed frames and a guidance stream (Figure 2.2)

2.3 Server Implementation

Figure 2.5:  Server Implementation

2.3.1 Server

The agent is deployed on a server backend that manages real-time processing, object detection,
and interaction with the user. For this purpose, we use FastAPI [30], a modern web framework
that o ers high performance and asynchronous capabilities, making it well-suited for real-time
applications. Compared to traditional frameworks like Flask [31] and Django [32], FastAPI
provides native support for asynchronous execution, signi cantly improving response times when
handling multiple concurrent requests an essential feature for our application, where real-time
perception and user interaction are critical. Additionally, FastAPI's built-in data validation and
automatic OpenAPI documentation generation streamline development and debugging. The
FastAPI server is designed with three primary types of endpoints, each serving a distinct function
in managing data ow and interactions between the client and the agent. By structuring the
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APl with these categories, the server ensures a modular and e cient approach to managing
real-time data ow, supporting both data-driven interactions and dynamic agent control:

Uploads Endpoints These endpoints allow the client to send data to the server for storage
and processing. In our implementation, we include:

" upload_frame - Used to upload frames captured by the ML2 main camera, enabling real-
time visual processing.

upload_detection  Allows the client to upload detected objects along with their asso-
ciated metadata, including their position in 3D space, ensuring the agent maintains an
accurate representation of the environment.

Fetch Endpoints These endpoints facilitate data retrieval, enabling the client to access pro-
cessed information. The key endpoints include:

" get_frame - Retrieves frames that have been processed by the agent, providing access to
the latest visual data.

" guidance - Gets guidance information generated by the VLM based on the history bu er.

"~ find_object_by reference  and find_object Enable the retrieval of static objects
stored in the database, ensuring e cient lookups for previously detected objects.

Functional Endpoints These endpoints provide control over the agent's internal state, al-
lowing for adjustments and resets. For instance:

" reset_classnames Resets specic elds within the agent, ensuring adaptability to dif-
ferent user inputs or session resets.

The primary data exchanged via the client-server API consists of camera frames, 2D
(ObjectDetectionResult ) and 3D (ObjectDetectionResultinSpace ) object detection results.
Detection results contain spatial and temporal metadata, which provide context for when and
where objects were detected within the scene.

@dataclass

class ObjectDetectionResultinSpace():
frame_id: str
center: Vector2d
top_right: Vector2d

@dataclass

class ObjectDetectionResult():
frame_id: str
center: Vector2d

top_right: Vector2d

bottom_left: Vector2d

confidence: float

class_name: str

last_seen: datetime

image: bytes

image_size: Vectorz2d

embedding_img: Optional[list[float]] = None
embedding_cls: Optional[list[float]] = None

embedding_desc: Optional[list[float]] = None
description: Optional[str] = None

bottom_left: Vector2d

confidence: float

class_name: str

last_seen: datetime

rel_location: Vector3d

image: bytes

image_size: Vectorad

embedding_img: Optional[list[float]] = None
embedding_cls: Optional[list[float]] = None

embedding_desc: Optional[list[float]] = None
description: Optional[str] = None
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2.3.2 Storage

To emulate the agent's memory, we introduce a dual-memory system consisting static and
dynamic memory. This design enables a clear separation between information retained across
multiple application runs and data relevant only to the current session. Such a distinction
is particularly bene cial for object- nding tasks, as retaining past information allows users to
locate objects more e ciently.

Static memory stores information from previous application runs, allowing the agent to recall
and retrieve objects that may have been misplaced or forgotten over time. For example, the
system can periodically scan and store metadata for objects prone to being lost, such as keys,
wallets, or frequently used tools. By maintaining a persistent database, users can later query the
agent to locate these items, retrieving their stored information and visualizing their estimated
position in the environment. However, accurate retrieval depends on the availability of absolute
spatial positioning. Unlike photo geolocation methods (e.g., GeoSpy At), which rely on GPS-
based localization, object localization is in general geolocation-independent. To address this, we
employ relative spatial positioning using marker tracking. By associating objects with known
reference points in the environment, we can accurately estimate their relative locations.

In contrast, dynamic memory serves as a temporary bu er, storing real-time environmental
data collected during the current application session. This allows the agent to track and analyze
ongoing changes, which is crucial for generating context-aware guidance. Additionally, dynamic
memory enhances object retrieval by enabling the system to recall recently seen objects, allowing
users to retrieve information about items they have interacted with during the same session. By
combining static and dynamic memory, the system achieves both long-term recall and short-
term adaptability, ensuring that the agent can assist users e ectively in both persistent object
tracking and real-time navigation.

Static Memory We implement static memory using a MongoDB database to store relevant
information from object detection results, ensuring long-term accessibility to previously detected
objects. To enhance retrieval capabilities, we incorporate text-based search mechanisms by lever-
aging text embeddings. Before inserting a new detection result into the database, we compute
its text embedding using the SentenceTransformer model [33] from HuggingFace's Transformers
library [34]. This embedding represents the semantic meaning of the object's class name and
description in a high-dimensional space. By employing text similarity search, we enable users
to retrieve objects based on natural language descriptions. Speci cally, when a user queries the
system, their input is converted into an embedding, and we compute the similarity between
this embedding and the stored object embeddings. This allows the system to return the most
relevant objects, even if the user's description does not match the stored class hame exactly.

Dynamic Memory To maintain an accurate and context-aware understanding of the environ-
ment, we implement a history bu er on the server in form of a dictionary, which continuously
stores processed frames along with their corresponding detection information throughout the
current application session. This ensures that the agent has access to a temporal sequence of
observations, rather than relying solely on the latest frame. Unlike using only the most recent
frame, leveraging the entire history bu er as input to the VLM allows the agent to generate
more coherent and contextually rich guidance. This is particularly important given the latency

in processing visual information updating the latest frame in real time requires careful synchro-
nization to ensure that the most up-to-date detections and contextual data are incorporated.

“https://geospy.ai/blog/find-a-photo
Shttps://www.mongodb.com
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Figure 2.6: Examples of retrieved object detection results from the MongoDB database (Left: "moni-
tor", Right: "apple"). Note that the retrieved documents carry a 3D position.

Improper synchronization could lead to an information fallback, where the user receives outdated
guidance based on stale visual data rather than the current state of the environment.

2.4 Client Implementation

2.4.1 MagicLeap2 Subsystems

The client application runs directly on the ML2 device, granting it access to various subsystems
that capture and process essential environmental information. We leverage ML2's OpenXR
features ® for Unity, allowing the application to e ciently process sensor inputs, track spatial
information, and enhance user interactions without relying entirely on external computation.

MLCamera  The most important feature for our application is the camera capture. The
MagicLeap2 MLCamera allows us to capture real and virtual content inside our application.
ML2 has two streams from the same physical camera, one being tiidain Camerastream, and
the other being stream coming from theCV Cametraln our case, we use th&€V Camerto obtain
uncompressed, raw frames.

Marker Understanding Since we aim to achieve accurate spatial positioning of objects de-
tected in past application sessions, we implement a relative localization approach using markers.
By associating detected objects with a known reference point, the system can consistently de-
termine their position within the environment, across di erent sessions. ML2 OpenXR features
include a MarkerUnderstanding subsystem that enables the detection of barcodes and markers.
Markers such as Aruco, April Tags and QR Codes can also be tracked in 3D space.

Meshing  The ML2 meshing subsystem enables the application to access a spatial mesh repre-
sentation of the environment, providing a crucial foundation for accurate spatial reasoning. This

Shttps://developer-docs.magicleap.cloud/docs/guides/unity-openxr
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