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Abstract

We present MemoVision, a digital catalog system that cap-
tures semantic, spatial, temporal and interaction information
as users move around physical environments using client de-
vices such as smart glasses. The system utilizes open-vocab-
ulary semantic segmentation and 3D scans to store objects-
of-interest with comprehensive semantic, spatial, temporal
and interaction labels. Our demonstration shows multimodal
information query and retrieval capabilities, supporting spe-
cific queries about object locations, temporal events and user
interactions including eye gaze and hand poses, enabling
more contextualized responses compared to current multi-
modal large language models.

Introduction

In recent years, advances in multimodal (vision-audio-text)
large language models and efficient Al have enabled intelli-
gent Al assistants that can response in real-time to queries
from videos, audio and text. Notable technological demon-
strations from Google Project ASTRA (Google DeepMind,
2024) and Meta Orion AR (Meta, 2024) showcased ad-
vanced capabilities such as agentic workflow to handle and
perform tasks and contextual memory that remembers past
queries. A user can capture an image or share a live camera
with an Al assistant and query it with text or speech. These
multimodal inputs are tokenized, encoded and projected into
a common embedding space that capture deeper and more
nuanced representations across different modalities. Re-
sponses are generated using large language models (LLMs).

While the multimodal embeddings can provide a rich rep-
resentation of the semantics in a scene, spatial and temporal
relationships between objects are not encoded precisely. For
example, in (Google YouTube Channel, 2024), the user que-
ries where the glasses are and the response is “Your glasses
is next to an apple”. This information does not provide the
exact spatial location and is only useful to the user if the user
remembers where the apple is. Therefore, there is a need to
provide more specific spatial information with respect to the
user’s location.
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Figure 1: Overview of the MemoVision system (Top: Dig-
ital catalog and 3D scene with bounding volumes; Bottom:
3" person view of a user and client device display).

Current Al assistants only capture scene information
through a camera. User interactions with the environment
such as eye gaze and hand interactions, are important infor-
mation to provide personalized context. Objects that a user
interacted with are likely to be queried and current systems
do not capture how, where and when interactions happen.

To address these limitations, we propose MemoVision,

(Figure 1), which is a digital catalog that is built when a user
is moving around a physical environment, storing semantic,
spatial, temporal and interaction information that can be re-
trieved. Our contributions include:
e A digital catalog build-up system that captures images
from multiple viewpoints, 3D point cloud, meshes, user
interactions and semantic embeddings for object-of-in-
terests to provide more holistic 3D scene understanding.
A multimodal information query and retrieval pipeline
that support more specific queries with spatial, temporal
and interaction augmenting semantic information.

MemoVision System

MemoVision is a digital catalog (Figure 1) that is built up
by users navigating and interacting with a physical environ-
ment to capture scene information via smart glasses and mo-
bile phones. As a user moves around, MemoVision utilizes



open-vocabulary semantic segmentation and simultaneous
localization and mapping (SLAM) algorithms and 3D scans
to store a catalog of identified objects with semantic, spatial,
temporal and interaction information. The digital catalog
can be queried using multimodal inputs (image and text) and
information are searched across the four types to generate
responses on how, where and when the user has interacted
with objects-of-interest.

Digital Catalog Build-Up

MemoVision employs a client-server architecture to build
up the digital catalog, with the client device providing mul-
tiple data streams (camera, depth, camera pose, eye gaze and
hand poses) to the server, which performs computational-
heavy processing to (1) fuse the sensor data, (2) identify and
segment objects-of-interest and (3) label 3D bounding vol-
umes in the 3D map.

Data Fusion: The data streams from the client devices
have different sampling rates and are transmitted to the
server at different times. A data interpolation algorithm is
developed to handle data losses and incomplete data in be-
tween time frames so that the system can access most data
types at all time frames. For a specific time frame, the sensor
data from the nearest pre and post time frames are used for
interpolation. Derived data from the client includes 3D
scans and user poses (head, eye gaze and hands) and the sys-
tem stores the last-known information as client device trans-
mits default data when there is no update.

Segmentation of Object-of-Interest: MemoVision is de-
signed to support open-set object detection and semantic
segmentation to handle and store unknown objects. With the
input of a single RGB image, the system finds object pro-
posals (up to 10 proposals) using an object detection algo-
rithm (Ren et al., 2015), and for each proposal, a mask is
generated using a class-agnostic semantic segmentation al-
gorithm, (Kirillov et al., 2023). The masked patches are also
used to generate image-text embeddings using CLIP (Cherti
etal., 2023; Open CLIP, 2025) as semantic labels in the dig-
ital catalog.

Generation of 3D Bounding Volumes: The time-synchro-
nized masked patches and camera poses are placed in the 3D
map and ray-casting is performed to find the 3D points and
meshes that correspond to the mask. A 3D bounding volume
algorithm is used to group the 3D points together as a bound-
ing volume and refine them as additional data is captured
from different viewpoints and time frames, i.e. multiple
mask patches are used for each 3D bounding volume. The
3D volumes of object-of-interests are spatial labels, storing
their locations and rough sizes.

Capture of User Interactions: With the 3D volumes and
map, the system can know when objects-of-interest appear
in the scene as well as the type of user interactions via the
head, eye gaze and hand poses. Three types of user interac-
tions are supported: (1) “Appeared” when the object is in the
user’s field of view, (2) “Looked At” when a user’s eye gaze
is fixated on an object for more than 2 seconds, (3)
“Touched” when a user uses the hands to interact with an
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object. The time of interaction and type of interactions pro-
vide the temporal and interaction labels respectively.

Querying Objects-of-Interest

Users can query for objects-of-interest stored in the digital
catalog in MemoVision to retrieve their locations and time
of past interactions. The system can support image and text
queries by first encoding the inputs to multimodal embed-
dings and a distance metric such as Cosine Similarity is used
to find the most similar semantic labels. As open-vocabulary
algorithms are used, the queries can be open-ended and in-
clude appearance attributes such as color and textures. De-
pending on the type of queries, the system can return rele-
vant spatial, temporal and interaction information. For ex-
ample, when the user asks, “Where is my glasses?”, Me-
moVision can provide directional and location guides over-
lay on the client device so that the user can find the object
with respect to his/her current position. In addition, to aid
user memory, the system can prompt the user to interact with
the object via hand or eye gaze.

MemoVision can support more specific queries that in-
clude spatial, temporal and interaction information such as
“Is X next to Y?”, “What is the largest object in the room?”,
“When did I do X?”, ““What has been moved at Time X?”,
“What have I looked at/touched?”. Retrieval is fast and triv-
ial as constraints can be set on the type of information to
limit the search space for semantic labels.

Demo Implementation

For the Memo Vision demonstration presented in this paper,
the following hardware and software are used:

e Client device: HoloLens 2 (Microsoft HoloLens, 2025)
Server: CPU-AMD Ryzen 9 5950X 16-Core Processor,
GPU-Nvidia RTX3090, 64 GB RAM

Open-source software: UWP (Microsoft, 2023),
OpenXR (Khronos Group, 2025) Bullet Physics Library
(Bullet Physics, 2024), Quickhull (Barber et al., 1996),
FasterRCNN (Ren et al.,, 2015), Segment Anything
Model (Kirillov et al., 2023), OpenCLIP (Open CLIP,
2025).

Discussion and Future Works

The current version of MemoVision is an alpha version with
basic functionalities to support semantic, spatial, temporal
and interaction information retrieval that are less supported
by current vision-LLMs and multimodal LLMs. Exact spa-
tial locations, size information, temporal and user interac-
tion events can augment the responses from LLMs to user
queries. MemoVision complement existing works in open-
vocabulary semantic segmentation (Liu et al., 2024) with
additional spatio-temporal and user interaction information.

Some of the future works include integration with exist-
ing multimodal LLMs where MemoVision digital catalog
can be used as a database for Retrieval-Augmented-Gener-
ation (RAG); extension of the current system to support
multiple users so that shared memories and spaces can be
built; and handling of dynamic objects and status changes
including when they are not captured by cameras.
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