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Abstract

This paper investigates the problem of understanding dy-
namic 3D scenes from egocentric observations, a key chal-
lenge in robotics and embodied AI. Unlike prior studies
that explored this as long-form video understanding and
utilized egocentric video only, we instead propose an LLM-
based agent, Embodied VideoAgent, which constructs scene
memory from both egocentric video and embodied sensory
inputs (e.g. depth and pose sensing). We further introduce
a VLM-based approach to automatically update the mem-
ory when actions or activities over objects are perceived.
Embodied VideoAgent attains signi�cant advantages over
counterparts in challenging reasoning and planning tasks in
3D scenes, achieving gains of6:5%on Ego4D-VQ3D,2:6%
on OpenEQA, and15:3%on EnvQA. We have also demon-
strated its potential in various embodied AI tasks including
generating embodied interactions and perception for robot
manipulation. The code and demo will be made public.

1. Introduction
Understanding dynamic 3D scenes is crucial to the devel-
opment of generally capable embodied AI [16, 52� 54]. In
this paper, we investigate approaching this problem using
egocentric observations [3, 5, 9, 19, 25, 33, 38], which is
one of the most intuitive way of how humans and robots
perceive the world around them. The key challenges in-
clude: 1) making sense of environments from lengthy ego-
centric videos and other forms of embodied sensory inputs
(depth maps, camera poses,etc.) [16, 42, 44, 69]; 2) han-
dling dynamic environments as actions and activities might
be performed by embodied agents themselves and other
co-habited characters [3, 9, 33]; 3) maintaining a persis-
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Figure 1.Embodied VideoAgentis a multimodal agent that 1) builds
scene memory from both egocentric video and embodied sensory
input; 2) utilizes multiple tools to query this memory; 3) activates
embodied action primitives to interact with the environments, ef-
fectively ful�lls various user requests.

tent memory about the scene that allows frequent update
over time [10, 17, 41]. However, existing efforts on this
front mostly adopt end-to-end pretrained multimodal large
models (MLMs) [16, 23, 24, 27, 63, 67, 68]. Their capa-
bilities of handling long-form videos and embodied sen-
sory observations have been questioned by several prior
studies [22, 34, 47, 57], especially when the scene being
depicted is highly volatile with complex events and spatial-
temporal dependencies [13, 18, 19]. Some sophisticated
MLMs coming out recently have attained great progress in
understanding long-form videos and the underlying embod-
ied scenes [48, 49, 55], but the computation cost can grow at
a prohibitively expensive rate. All these issues have hindered
the progress of deploying robust dynamic scene perception
pipelines on edge devices like robots in the wild.

Unlike these end-to-end models, there has been rapid de-
velopment in another family of multimodal understanding
approaches �multimodal agents[5, 7, 12, 45, 56]. These
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methods utilize the advanced reasoning andtool-usageabil-
ity of pretrained large language models (LLMs) and solve
intricate multimodal tasks by calling several tool models (ob-
ject understanding, question answering,etc.) interactively,
alleviating the issue of expensive training and inference cost.
Recently, they have been ported to long-form video under-
standing and have demonstrated remarkable performances
and cost-ef�ciency over end-to-end counterparts [5, 7, 45].
However, extending these methods to dynamic 3D scene
understanding isnon-trivial . The system must develop a
comprehensive yet precise understanding of objects within
a constantly evolving environment, where various actions
and activities performed by embodied agents and other en-
tities induce continuous changes. Our initial explorations
(see Section 5) with systems like VideoAgent [5] reveal that
relying solely on visual frames for scene memory fails to
construct a coherent spatial representation of the scene and
its objects. Additionally, such an approach struggles to cap-
ture dynamic changes effectively, resulting in suboptimal
embodied perception.

To this end, we proposeEmbodied VideoAgent, a mul-
timodal agent that builds embodied perception from video
frames and embodied sensors (e.g., depth and pose), as il-
lustrated in Figure 1. Key components include: 1) aper-
sistent object memory integrating egocentric video and
sensor input to accurately track and re-identify 3D objects
with attributes; 2) aVLM-based update mechanismthat
detects object changes during actions and updates memory
accordingly. Together, these enable spatial and visual under-
standing of dynamic 3D scenes.

Beyond passive observation (e.g., on smart glasses),Em-
bodied VideoAgentsupports active control with action primi-
tives like GOTO, PICK, and PLACE, forming a closed loop
of perception and action. To evaluateEmbodied VideoAgent,
we design atwo-agent framework in Habitat-Sim [43, 46],
where an LLM user agent issues requests andEmbodied
VideoAgentacts to complete them, providing real-time feed-
back. A VLM further evaluates task success and data quality
from visuals and dialogue, supporting scalable embodied
data collection.

Our contributions can be summarized as follows:
� We introduce a persistent object memory to track and

maintain the states of dynamic 3D objects, leveraging a
unique 3D object re-identi�cation (re-ID) algorithm. To
ensure accurate updates, we design a VLM-based memory
update mechanism that modi�es object states based on
their associated actions.

� Building on the resulting agent,Embodied VideoAgent, we
develop a two-agent framework that facilitates embodied
user-assistant interactions. In this framework, the user is-
sues embodied tasks, whileEmbodied VideoAgentactively
explores the scene to progressively complete them.

� On various scene understanding tasks,Embodied VideoA-

gentachieves improvements of6:5% on VQ3D [9, 31],
2:6% on OpenEQA [32], and15:3% on EnvQA [6] over
canonical end-to-end multimodal LLMs and other multi-
modal agents. Additionally, the multi-agent framework
highlights the effectiveness ofEmbodied VideoAgentin
embodied perception and task planning, enabling the gen-
eration of high-quality embodied episodes.

2. Related Work

Video and Dynamic Scene Understanding. Most exist-
ing 3D scene understanding methods struggle with dynamic
scenes due to limitations in input modalities, as both 2D im-
ages and 3D point clouds inherently capture static informa-
tion [10, 17]. To remedy this, dynamic scene understanding
is introduced to facilitate this [14, 30, 33, 37, 58, 61, 62, 65].
Unlike canonical scene understanding, which primarily fo-
cuses on identifying static objects and entities, dynamic
scene understanding centers on how actions and activities af-
fect these elements within a scene. Research in this area typi-
cally uses egocentric video [3, 9, 33] as the primary modality
due to its natural ability to capture dynamic changes and its
relative ease of acquisition [29, 32]. Moreover, dynamic
scene understanding often involves long-form videos[5, 51],
adding layers of complexity. Recent approaches explore
large-scale multimodal training [23� 25, 38, 51]. However,
existing models struggle with performance issues due to the
inherent complexity of the task [9, 32, 62] or face high com-
putational demands [48, 49], limiting their applicability for
embodied agents and robotic systems.
Multimodal Agents for Perception. Recent advancements
in large language models (LLMs) have showcased impres-
sive reasoning and problem-solving abilities across diverse
domains [4, 35, 48, 48], leading to their application in per-
ception tasks [5, 7, 12, 45, 60]. Multimodal agents leverage
LLMs to decompose complex perception tasks (such as vi-
sual question answering) into smaller, manageable subtasks.
These subtasks are then completed by multiple specialized
tool models (often end-to-end models), and the outputs are
aggregated by the LLM into a cohesive response [5, 7, 12].
Multimodal agents have shown promising results in 2D im-
age comprehension [7], video analysis [5, 60], and 3D scene
understanding [15]. Compared to traditional end-to-end
methods, agent-based perception offers reduced training and
inference costs and improved explainability through explicit
chain-of-thought reasoning. However, they still face chal-
lenges with dynamic scene understanding due to the lack of
a persistent object memory that can re�ect dynamic scenes.

3. Embodied VideoAgent

Before introducingEmbodied VideoAgent, we �rst examine
whether agents based on 2D visual frames only, speci�cally
VideoAgent [5], can be directly applied to embodied per-
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Figure 2. An overview ofEmbodied VideoAgent. Left: We �rst translate the egocentric video and embodied sensory input (depth maps and
camera poses) into structured representations:persistent object memoryand history buffer. While the memory can be updated using VLM to
support dynamic scenes where actions are being performed constantly; Right: the LLM withinEmbodied VideoAgentis prompted to ful�ll
the user’s request by interactively invoking tools to query the memory and calling embodied action primitives to complete the task.

ception in dynamic scenes. VideoAgent builds a temporal
memory of video descriptions and an object memory that
tracks occurrences of objects and people from 2D video
frames. Imagine wearing smart glasses powered by VideoA-
gent: you place a cup on the table, turn to wash dishes,
and return to �nd the cup missing. You may infer that a
family member took it, but VideoAgent may fail to detect
this change, as no new object is identi�ed and the action of
someone picking up the cup is not captured in the frames.

To address this, 3D geometry from embodied sensor in-
puts can be integrated with 2D visual frames to enhance
perception. The aforementioned issue can be resolved by
continuously comparing the memorized 3D bounding box of
the cup with the current perceived 3D geometry. If the per-
ceived 3D geometry and 2D visual features do not align with
the memorized cup, then the cup is marked as ‘dynamic’ in-
dicating that it has been moved. This approach improves the
agent’s spatial intelligence and its ability to detect changes
in dynamic environments.

Embodied VideoAgentis therefore designed with such
enhanced object memory for embodied perception, as shown
in Figure 2. Additionally, a history buffer saves the past
actions as well as the historical frames with appearing object
IDs. For an embodied task,Embodied VideoAgententers a
perception-decision-action loop, iterating between percep-
tion tools (interacting with memory) and action primitives
(interacting with the environment) until the task is completed.
The details ofEmbodied VideoAgentare as follows.

3.1. Persistent Object Memory

The persistent object memoryM O receives streaming video
framesV = [ f 1; : : : ; f n ], depth mapsD = [ d1; : : : ; dn ] and
camera posesP = [ p1; : : : ; pn ] as input. It maintains an
entry for each perceived object in the 3D scene. Each object
entry includes the following �elds: an object thumbnail,
a unique object identi�eroi with object category (ID ), a
state description of the object (STATE), a list of related
objects and their relations (RO), 3D bounding box of the
object(3D Bbox), visual feature of the object (OBJ Feat) and
visual feature of the environment context where the object
locates(CTX Feat). These �elds provide comprehensive
details of scene objects and their surroundings.
3D Object Detection. Given an incoming 2D egocentric
frame f i , depth mapdi , and camera posepi , we �rst em-
ploy a 2D open-vocabulary object detection model (YOLO-
World [2] in this work) to detect objects, obtaining their
categories and 2D bounding boxes fromf i . Based on these
detections, we extractOBJ Feat andCTX Feat by applying
CLIP [39] and DINOv2 [36] to the cropped object images
and the original frames, respectively. Furthermore, lever-
aging the depth mapdi and camera posepi , we lift the 2D
detections to 3D using 2D-to-3D projection [11], obtaining
the object’s3D Bbox in the scene space.
3D Object Re-Identi�cation. After object detection, ob-
ject re-identi�cation (re-ID) is required to determine whether
an object is newly observed or already exists in the memory.
We propose an object re-ID algorithm that integrates both
2D visual features and 3D geometry, as illustrated in Algo-
rithm 1. Given the sensory input, objects inM t � 1

O are �rst
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