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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 Al. 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 significant advantages over
counterparts in challenging reasoning and planning tasks in
3D scenes, achieving gains of 6.5% on Ego4D-VQ3D, 2.6%
on OpenEQA, and 15.3% on EnvQA. We have also demon-
strated its potential in various embodied Al 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 VideoAgent is 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 fulfills 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


https://embodied-videoagent.github.io/

methods utilize the advanced reasoning and fool-usage abil-
ity of pretrained large language models (LLMs) and solve
intricate multimodal tasks by calling several tool models (ob-
ject understanding, question answering, efc.) 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-efficiency over end-to-end counterparts [5, 7, 45].
However, extending these methods to dynamic 3D scene
understanding is non-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 propose Embodied 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) a per-
sistent object memory integrating egocentric video and
sensor input to accurately track and re-identify 3D objects
with attributes; 2) a VLM-based update mechanism that
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 VideoAgent supports active control with action primi-
tives like GOTO, PICK, and PLACE, forming a closed loop
of perception and action. To evaluate Embodied VideoAgent,
we design a two-agent framework in Habitat-Sim [43, 46],
where an LLM user agent issues requests and Embodied
VideoAgent acts 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-identification (re-ID) algorithm. To
ensure accurate updates, we design a VLM-based memory
update mechanism that modifies 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, while Embodied VideoAgent actively
explores the scene to progressively complete them.

On various scene understanding tasks, Embodied VideoA-
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gent achieves improvements of 6.5% on VQ3D [9, 31],
2.6% on OpenEQA [32], and 15.3% on EnvQA [6] over
canonical end-to-end multimodal LLMs and other multi-
modal agents. Additionally, the multi-agent framework
highlights the effectiveness of Embodied VideoAgent in
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 reflect dynamic scenes.

3. Embodied VideoAgent

Before introducing Embodied VideoAgent, we first examine
whether agents based on 2D visual frames only, specifically
VideoAgent [5], can be directly applied to embodied per-



Camara Poses + Depths

Persistent Object Memory

Embodied Actions

Action
Annotator

T4: #C Ccloses
the microwave

Action Buffer

History Buffer

Tg walk | None

VLM-Based

Featy

Perception & Reasoning Tools
Visible Object Buffer

| Time | Object  30Bbox(T, D)
T

Temporal
Localization

Spatial
Localization

Tss close 0,

Feats

To 0, Bbox(To, 04)

Memory

S Query Visual Question

Update

place 0,

Featyq

1
1
ID: O, roll paper  [3D Bbox] s ! ﬂ CHAT QSEARCH vGOTO é OPEN
STATE: normal [OBJ Feat] l | |
RO: [(on, 04)] [CTX Feat] 1 a CLOSE t PICK )PLACE
ID: 04, microwave [3D Bbox] — - :
[OB) Feat] !_I] ' Please move my
|RO: [(uphold, 0,)] [CTX Feat] X
X laptop to my desk.
ID: O3, counter 1
D STATE: normal [3D Bbox] I
RO: [(uphold, O35), {21'_3; ieag ! o
(uphold, 047)] G -
1
ID: 047, box [3D Bbox] 1
STATE: normal [OBI Feat] . X Sure! It’s done!
RO: [(on, 03;)] [CTX Feat] |
I
1
1
1
1
1
]
1
1
]
1
1

— ;
Tsi | 0ss | Boox(Tsy, Ous) wmso Database Answering

Figure 2. An overview of Embodied VideoAgent. Left: We first translate the egocentric video and embodied sensory input (depth maps and
camera poses) into structured representations: persistent object memory and history buffer. While the memory can be updated using VLM to
support dynamic scenes where actions are being performed constantly; Right: the LLM within Embodied VideoAgent is prompted to fulfill
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 find 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 identified 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 VideoAgent is 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 VideoAgent enters 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 of Embodied VideoAgent are as follows.

3.1. Persistent Object Memory

The persistent object memory M receives streaming video
frames V = [f1,..., fn], depth maps D = [d1, ..., d,] and
camera poses P = [p1,...,pn] as input. It maintains an
entry for each perceived object in the 3D scene. Each object
entry includes the following fields: an object thumbnail,
a unique object identifier o; 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 fields provide comprehensive
details of scene objects and their surroundings.

3D Object Detection. Given an incoming 2D egocentric
frame f;, depth map d;, and camera pose p;, we first 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 from f;. Based on these
detections, we extract OBJ Feat and CTX Feat by applying
CLIP [39] and DINOv?2 [36] to the cropped object images
and the original frames, respectively. Furthermore, lever-
aging the depth map d; and camera pose p;, we lift the 2D
detections to 3D using 2D-to-3D projection [ 1], obtaining
the object’s 3D Bbox in the scene space.

3D Object Re-Identification.  After object detection, ob-
ject re-identification (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 in Mtofl are first
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Figure 3. Visualization of the entries in persistent object memory M. Each 3D bounding box corresponds to an entry in the memory. As
the video proceeds, objects (e.g. the large canned tomato paste) can be tracked/re-IDed and have their memory entries updated.

Algorithm 1: 3D Object Detection and Re-ID. details can be found in Appendix.
Object States and Relationships. Object states (STATE)

memory at the last timestamp ML and relationships (RO) are crucial for embodied tasks. For
Output: M, after the current observati(ils. instance, knowing whether a fridge door is open or which

OV — ObjectDetection(f;, d;, p;) //detection set table the target cup is on directly influences planning and
¢ L execution. For RO, we follow prior work [16, 20, 67] to

Input: current sensory input f;, d;, ps, object

-

static dynamic __ t—1
j /\/tl;‘}“é (it_siaticlcfla?cel?(r?’)e“tg(:hzili()/wo dt, pt) infer object relationships from their 3D bounding boxes.
4 OMie — StaticMerge( Milaﬁ; é;alﬁc) Currently, we focus on two key relations—“on/uphold” and
s Ofnew — Opew |\ pgotatic Pl “in/contain”—as they are most relevant to embodied tasks.

’; amic ¢ ) jnew  dynamic The RO is updated at each timestamp for all detected objects.
6 MO = DynamicMatch(O";™, 0,2, ) The STATE field is updated by a VLM when an object is
7 Oj% = DynamicMerge(Mdnamic, ONTe) newly detected or interacted with. In this work, STATE is
8 O = O\ Mdynamie limited to “OPEN" or “CLOSED” for articulated receptacles
9 M, = Ostatic  OIMMe ) @Y (e.g., fridges, microwaves) and “normal” or “in-hand” for

regular receptacles (e.g., tables, beds) and pickable objects.
The VLM update procedure is described as follows.

categorized as ‘static’ or ‘dynamic’ by comparing their mem- 3.2. VLM-based Memory Update

orized 3D bounding boxes with the current 3D geometry. An A key challenge in persistent object memory is updating the
object is labeled as ‘dynamic’ if it has changed position; STATE information when actions are performed on objects,
otherwise, it is considered ‘static’. Next, the algorithm at- especially in the presence of visual occlusion (e.g., hand-can
tempts to match detected objects with existing entries in the interaction shown in Figure 3). We tackle this by using an

database, leveraging both OBJ Feat and 3D Bbox. For static action annotator (LaViLa [64]) and a vision-language model
objects, matching is primarily based on the position of 3D (GPT-40). As shown in Figure 4, when an action (e.g.,”“C

Bbox, while for dynamic objects, it relies on the similarity catches the can") is detected, we first retrieve relevant ob-
of OBJ Feat and the size of the 3D Bbox. Successfully ject entries in M associated with the “can" visible in the
matched objects are merged with their corresponding entries current frame (in this case, two entries). For each entry, we
using a moving average on OBJ Feat, CTX Feat, and 3D render its 3D bounding box onto the frame and prompt the
Bbox. Unmatched objects are assigned a new ID and added VLM to determine if the object within the box is the action’s
to memory. A visualization of how object entries are created target. This visual prompting [1, 59] links the action to the
and updated in M can be found in Figure 3. Compared to corresponding object entry in memory. Finally, we program-
object re-ID relying solely on 2D features [5], incorporating matically update the STATE field of the target object entry
3D information leads to improved re-ID performance and to "in-hand" after the action "catches the can". The action
enhances the persistence of object memory, making it more and the target object ID are then stored in the history buffer.
responsive to dynamic changes in 3D positions. Additional More details are available in Appendix.
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Figure 4. An illustration of our VLM-based memory update method.
This approach effectively prompts the VLM to associate an action
with relevant object entries in memory through visual prompting,
identifying the entries corresponding to the action’s target objects.

3.3. Tools and Embodied Action Primitives

Embodied VideoAgent has the following tools for percep-
tion: & query_db(.), which processes natural language
queries to retrieve relevant entries from memory via database
queries or similarity-based retrieval using OBJ Feat; ©
temporal_loc(-), which retrieves specific video frames
corresponding to natural language queries using CTX Feat
and the history buffer; mf spatial_loc(-), which deter-
mines 3D scene locations based on CTX Feat and 3D Bbox
given room queries; and @1 vqa(-), which answers open-
ended questions about object thumbnails or video frames.

When equipped with embodied action primitives, the
agent can actively explore the scene to complete embodied
tasks. These actions are: B3 chat () for user interaction;
Q, search(-) to exhaustively search the scene for speci-
fied objects; @ goto(-) for location navigation; and %
open(-), @ close(-), ¥ pick(-), and ) place(.) for
object interactions. The action primitives can be automat-
ically translated into sequences of atomic actions (‘move
forward’, ‘turn right’, ‘tilt up’, efc.) in the Habitat-Sim simu-
lator [43, 46]. Further implementation details of tools and
action primitives are provided in Appendix.

4. The Two-Agent Framework

Collecting synthetic data for training embodied foundation
models has recently gained considerable interest [28]. We
explore a novel approach with Embodied VideoAgent to
gather synthetic embodied user-assistant interaction data.
This framework can automatically generate episodes where
a user interacts with an assistant within embodied environ-
ments. Drawing inspiration from prior multi-LLM-agent
research [8], we use one LLM to emulate the user’s role,
while Embodied VideoAgent assumes the assistant’s role,
exploring the environment and fulfilling the user’s diverse re-
quests. An overview of this framework is shown in Figure 5.
The user is prompted to propose varied and engaging tasks
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Figure 5. An overview of our synthetic embodied data collection
framework. An LLM plays the user role and is prompted to propose
engaging tasks based on a partial scene graph and the user’s feed-
back, while the user, effectively a Embodied VideoAgent, explores
the scene and fulfills the user’s requests.

Great! Please go ahead.

based on its limited scene graph knowledge (achieved by ran-
domly trimming the full scene graph to stimulate curiosity)
and the assistant’s feedback. Given an interaction episode
history, a VLM is prompted to check whether the task is
successfully completed and score the quality of the episode
based on the chain-of-thought history and the final visual
input of Embodied VideoAgent. The VLM’s scoring standard
aligns with that of human evaluators. Detailed prompting
strategies are provided in Appendix.

5. Capabilities and Analysis

We evaluate Embodied VideoAgent from three key per-
spectives: (1) accurate dynamic scene perception and
memory construction, leveraging EgoObjects [66] and
Ego4D-VQ3D [9]; (2) embodied question answering on
OpenEQA [32] and EnvQA [6]; and (3) open-ended em-
bodied tasks within the two-agent framework, as well as a
showcase of robotic manipulation.

5.1. Dynamic Scene Perception

Dynamic scene perception requires constructing an accurate
memory focusing on objects within a dynamic setting. We
evaluate Embodied VideoAgent on Ego4D-VQ3D [9] and
EgoObjects [66] to assess its effectiveness.

5.1.1. Ego4D-VQ3D

Ego4D-VQ3D [9] is a benchmark for egocentric video un-
derstanding, where a model analyzes first-person video
to spatially locate a queried object using its image at a
given timestamp. We include three learning-based meth-
ods for comparison: EgoLoc [31], Ego4D [9], and Ego4D
w/ EgoLoc poses [31]. For zero-shot methods, Embodied
VideoAgent uses YoloWorld [2] to detect the object in video
frames and obtain its 3D position via 2D-3D projection.
The query object is retrieved using: (1) category seman-



Table 1. Results of 3D object localization within dynamic scenes
on the validation set of Ego4D-VQ3DI[9].

Ego4D-VQ3D

Learning-based Methods

Method | Suce’% t  Suce*% t L2| QwP% 1
EgoLoc [31] 80.49 98.14 1.45 82.32
Ego4D [9] 1.22 30.77 5.98 1.83
Ego4D w/ EgoLoc poses [31] 73.78 91.45 2.05 80.49

Zero-shot Methods

Method | Succ% 1 Suee*% 1t L2| QwP% 1
E-VideoAgent(text) 53.05 94.57 2.00 56.10
E-VideoAgent(image) 85.37 92.72 1.86 92.07
E-VideoAgent(text+image) 86.98 95.86 1.79 93.47

Table 2. Results on EgoObjects.

EgoObjects (910 objects) | VideoAgent [5]
F1 \ 31.76

E-VideoAgent
53.69

tic similarity (E-VideoAgent(text)), (2) 2D feature similar-
ity (E-VideoAgent(image)), and (3) a combination of both
(E-VideoAgent(text+image)). EgoLoc, Ego4D w/ EgoLoc
poses and all variants of Embodied VideoAgent are tested on
the same pose estimation provided by EgoLoc.

A 2D detector with 3D geometry achieves satisfactory 3D
object detection. Table | presents the results on the VQ3D
validation set. E-VideoAgent(text+image) achieves the high-
est success rate, outperforming the learning-based EgoLoc
by 6.49% on Succ%. This highlights the effectiveness of
combining an open-vocabulary detector with the 2D-3D lift-
ing approach for 3D object detection. The ablation study on
Embodied VideoAgent variants indicates that integrating both
2D visual features and detection categories enhances object
retrieval accuracy. Notably, 2D visual features contribute
more significantly than object category information.

5.1.2. EgoObjects

We evaluate our object re-ID algorithm by incorporating both
2D visual features and 3D geometry, comparing it against
VideoAgent [5], which relies solely on 2D visual features.
We extract 910 objects across 91 categories from EgoOb-
jects [66], each with a query video frame and a correspond-
ing key frame. Given a query frame, the algorithm must
identify its key frame from 10 other key frames within the
same category. We compute the F'1 score for this binary clas-
sification and use the average F'1 across all instances for eval-
uation. For Embodied VideoAgent, we employ DUSt3R [50]
to construct the 3D geometry of both frames. 3D infor-
mation contributes to successful re-ID. As shown in
Table 2, leveraging 3D information significantly enhances
re-ID performance, with Embodied VideoAgent outperform-
ing VideoAgent [5] by 21.93%, demonstrating the necessity
of 3D geometry for accurate object re-ID.
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Table 3. Results on EM-EQA of OpenEQA [32].

OpenEQA
Method | ScanNet HM3D  All
GPT-4 w/ LLaVA-1.5 [32] 454 40.0 43.6
GPT-4 w/ CG [32] 37.8 34.0 36.5
GPT-4V (50 frames) [32] 57.4 51.3 55.3
Video-LLaVA [24] 41.5 34.6 39.2
LLaMA-VID [23] 334 34.0 33.6
E-VideoAgent(GPT-40) 594 54.9 57.9
Subset (226)
Method | ScanNet HM3D  All
GPT-40 w/ LLaVA-1.5 [26] 35.1 36.2 35.6
GPT-40 (8 frames) 43.5 39.8 41.9
Video-LLaVA [24] 329 27.8 30.6
LLaMA-VID [23] 31.2 28.0 29.4
VideoAgent [5] 38.9 41.4 40.0
E-VideoAgent(InternVL2) 39.7 43.0 41.2
E-VideoAgent(GPT-40) 46.0 48.2 47.0

5.2. Embodied Question Answering

Given an embodied episode within a scene, embodied ques-
tion answering requires the model to answer questions about
the scene or the activities. We evaluate Embodied VideoA-
gent on OpenEQA [32] and EnvQA [6].

5.2.1. OpenEQA

OpenEQA [32] is a benchmark for open-ended scene ques-
tion answering. We evaluate Embodied VideoAgent on the
full OpenEQA dataset, as well as a subset comprising 126
questions from 10 randomly selected ScanNet scenes and
100 questions from 10 randomly selected HM3D scenes. We
compare Embodied VideoAgent against three categories of
baselines: 1) video understanding models, including GPT-
4V, GPT-40, Video-LLaVA [24], and LLaMA-VID [23]; 2)
large language models with scene descriptions, such as GPT-
4 with frame captions generated by LLaVA-1.5 [32] and
GPT-4 with scene graphs; 3) video understanding agents,
specifically VideoAgent [5], which shares the same LLM
controller (GPT-40) as Embodied VideoAgent. On the subset,
E-VideoAgent(InternVL2) and E-VideoAgent(GPT-40) uti-
lize InternVL2 and GPT-40 as their VQA tools, respectively.
Table 3 shows the results.

Agentic systems outperform strong VLMs.  On the
full dataset, Embodied VideoAgent surpasses GPT-4V with
50 input frames, demonstrating the potential of an LLM-
based agent to outperform end-to-end VLMs by leveraging
structured memory, multi-step information retrieval, and
advanced reasoning capabilities. This advantage is further
evident in the OpenEQA subset, where Embodied VideoA-
gent and VideoAgent outperform their respective end-to-end
VQA models, GPT-40 and Video-LLaVA. Moreover, the
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Figure 6. Two episodes of generated embodied user-assistant interaction. The episodes are produced by the framework mentioned in
Section 4, where an LLM plays the user and Embodied VideoAgent is the assistant. The episodes comprise various embodied problem-solving
that require precise memory of the scene objects and tool usage. More example episodes can be found in Appendix.

Table 4. Results on the test set of EnvQA [6].

EnvQA
Method \ Events Orders States All

Video-LLaVA [24] 10.19 39.00 18.50 22.56
LLaMA-VID [23] 9.98 54.00 550 23.16
VideoAgent [5] 5.54 65.50 1250 27.84
E-VideoAgent 25.91 68.00 3550 43.13
E-VideoAgent w/o object mem. | 20.56 55.00 30.50 3535
E-VideoAgent w/o VLM update | 13.78 39.00 2950 27.42

performance gains of Embodied VideoAgent over VideoA-
gent can be largely attributed to its enhanced object memory
with 3D information, which strengthens spatial intelligence.
This allows Embodied VideoAgent to handle spatial reason-
ing questions—such as "Where is the picture with the red
flowers?"—more effectively.

5.2.2. EnvQA

EnvQA [6] focuses on embodied actions involving object in-
teractions in dynamic scenes. We evaluate Embodied VideoA-
gent alongside strong end-to-end models and video under-
standing agents on three question types: States (e.g., "Where
was the book moved?"), Events (e.g., "What happened after
throwing the soap bar?"), and Orders (e.g., "Which happened
first: filling the pot with water or using the soap bottle?").
Each category consists of 200 questions. Table 4 presents
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the results on EnvQA.

Persistent memory and VLM-based update are crucial
for action-related tasks. A key factor in accurately answer-
ing Events and Orders questions in Embodied VideoAgent
is the action buffer, which associates each action with its
target object. Understanding events in EnvQA is particularly
challenging due to the simulated environment, limiting the
effectiveness of the action annotator. However, by lever-
aging persistent object memory to track dynamic objects
and using VLM-based updates to identify crucial objects in
video frames, Embodied VideoAgent can successfully estab-
lish action-object associations in dynamic scenes, resulting
in improved performance.

5.3. Embodied Tasks

An embodied agent needs to engage in a perception-decision-
action loop to achieve a specific goal within an environment.
We evaluate Embodied VideoAgent within the proposed two-
agent framework to assess its task completion capabilities.
Additionally, we deploy Embodied VideoAgent on a robotic
arm for manipulation tasks.

5.3.1. Two-Agent Framework

To evaluate Embodied VideoAgent, we randomly generated
15 embodied interaction episodes across 10 different scene



Figure 7. Our persistent object memory enables effective real-world robotic manipulation. Using Embodied VideoAgent for perception, the
robot is tasked to pick up an apple, which soon becomes occluded by a box. Leveraging its memory, the robot retrieves the apple’s position,

moves the box aside, and successfully completes the task.

DATABASE

GOTO

OPEN
CLOSE

SEARCH

CHAT PLACE
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Figure 8. The action distribution of Embodied VideoAgent.

Table 5. Statistics in the two-agent framework. T.calls and steps
are the average numbers of tool calls and atomic actions (move
forward, turn right efc.) in an episode.

Two-Agent Framework

Settings \ Suce Score T.calls Steps
E-VideoAgent 0.88 420 28.09 1854.34
E-VideoAgent w/o object mem. | 0.56  2.73 30.38  2365.13
E-VideoAgent w/o VLM update | 0.72  2.88 33.80 1993.83

layouts, resulting in a total of 150 episodes. Figure 6 presents
the examples of the episodes and Figure 8 shows the action
distribution of Embodied VideoAgent. For the ablation study,
we compare Embodied VideoAgent with two variants: 1)
E-VideoAgent w/o object memory, which lacks persistent
object memory and performs navigation using visual detec-
tion only; 2) E-VideoAgent w/o VLM update, which oper-
ates without VLM feedback after executing actions. Table 5
presents the statistics of these variants.

Object memory and visual feedback enhance success rate
and efficiency. According to the VLM scorer, Embodied
VideoAgent achieves an average success rate of 0.88 and an
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average score of 4.20 out of 5.0, highlighting its effective-
ness as an embodied task solver. As shown in Figure 8, &
query_db(-) and @ vqa(-) are the most frequently used
tools by Embodied VideoAgent. Their importance is further
demonstrated in Table 5. When object memory is removed,
E-VideoAgent experiences a notable drop in success rate
and an increase in execution steps, as it must rely on ex-
haustive search without prior knowledge of object locations.
Similarly, without visual feedback, Embodied VideoAgent ’s
performance and score decline, emphasizing the critical role
of VLM-based updates in task success.

5.3.2. Applications in Manipulation

In Figure 7, we demonstrate Embodied VideoAgent ’s appli-
cation in robotic perception, where a Franka robot uses it
to build persistent memory in a dynamic manipulation task.
The robot is instructed to pick up an apple, but it becomes
hidden behind a box. Using persistent object memory, the
robot recalls the apple’s location, moves the box, and suc-
cessfully completes the task, highlighting the effectiveness
of the persistent object memory.

6. Conclusions

We present Embodied VideoAgent, a multimodal tool-use
agent for dynamic scene understanding. It features a novel
persistent object memory and automatic VLM-based updates.
Unlike end-to-end multimodal LLMs, Embodied VideoAgent
integrates egocentric observations with embodied sensory
inputs for precise scene comprehension. This approach is
robust to dynamic changes, making it ideal for embodied
Al tasks. Embodied VideoAgent achieves strong results on
benchmarks like Ego4D-VQ3D, OpenEQA, and EnvQA.
Future work will explore deploying robots in more complex
environments, such as production sites and outdoor settings.
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