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When we go out shopping and take a taxi, who usually sits next to me? User (“Jake”)

A.Jack, B.Nicous, C.Lucia, D.Shure oy
Y

A

Our Agentic System with Entity Graph

Task 1. Find instances of the group taking a taxi for a shopping trip using Visual Search, and Audio Transcript Search.
Task 2. Then, identify who is sitting next to me in the taxi during these trips using Entity Graph Search.

""Jake speaking directly with Shure at the start of group riding in a taxi before and after shopping trips: Mon

[Planning Agent /] OK, here's how we will tackle the problem. ]
the taxi ride to the supermarket” 17:11-17:21, 18:41 -18:43, Wed: 17:32:53 - 18:04:27 W

[Audio Transcript Search ' ]: | have identified that J [[Visual Search **]: | found the following timeframes for

=0

Friday at 1:34 PM

MLLM Baseline

In the frames from Day 1 at 17:11:32 and
17:12:10,Jake is in a taxi on the way to go
shopping, and the person sitting next to him
is Jack. This is identifiable by the person's
distinctive dark, curly hair and denim jacket,
which matches Jack’s appearance in other
scenes. On Day 3, during another taxi ride at
17:32:32 and 18:02:45, Jack is again seen
sitting next to Jake.

! A. Jack X wrong
QD

Figure 1: Given a natural-language query, our agentic entity-graph framework decomposes the task into subtasks and
leverages visual search, audio transcript search, and entity scene graph search to identify relevant events spanning
multiple days. This qualitative example highlights the framework’s ability to perform multi-hop, cross-modal
reasoning by first performing temporal localization using audio and visual cues, and then using the entity graph to
infer the answer. The entity graph consists of nodes for person, object, or location, and edges capturing relations
such as talks-to and interacts-with, each annotated with temporal intervals on when the relation holds.

[Entity Graph Search “]: Multiple instances of "Jake (Person)
TALKS_TO Shure (Person) on day 1 between time 17:11:16,16 and
17:11:40,96." While another person (Alice) sat next to Jake on the
Day 3 trip, Shure is the only person from the provided options who is
confirmed to have sat next to Jake in a taxi during a shopping trip.

. J[VQAAgent @1 D.Shure ] @ correct
@

Abstract tured search and reasoning over these graphs,
as well as hybrid visual and audio search ca-
pabilities, enabling detailed, cross-modal, and
temporally coherent reasoning. Experiments
on the EgoLifeQA and Video-MME-long
datasets show that our method achieves state-
of-the-art performance on EgoLifeQA (57.5%)
and competitive performance on Video-MME-
long (74.1%) for complex longitudinal video
understanding tasks. Code is available at
https://github.com/facebookresearch/egagent.

The advent of always-on personal Al assis-
tants, enabled by all-day wearable devices
such as smart glasses, demands a new level
of contextual understanding; one that goes
beyond short, isolated events to encompass
the continuous, longitudinal stream of egocen-
tric video. Achieving this vision requires ad-
vances in long-horizon video understanding,
where systems must interpret and recall visual
and audio information spanning days or even
weeks. Existing methods, including large lan- 1 Introduction
guage models and retrieval-augmented gener-

ation, are constrained by limited context win-
dows and lack the ability to perform compo-
sitional, multi-hop reasoning over very long
video streams. In this work, we address these
challenges through EGAgent, an enhanced
agentic framework centered on entity scene
graphs, which represent people, places, objects,
and their relationships over time. Our system
equips a planning agent with tools for struc-

Unlocking always-on personal Al assistants re-
quires understanding not just isolated events, but
a continuous stream of evolving user experiences.
The recent emergence of Al-equipped wearable
consumer devices such as the Ray-Ban Meta
glasses, Amazon Echo Frames and Snapchat Spec-
tacles as well as various prototypes (Engel et al.,
2023; Xu, 2025) creates an opportunity for Al
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https://github.com/facebookresearch/egagent

agents to maintain persistent access to what users
see and do over time. For such assistants to provide
helpful, personalized, and context-aware assistance,
they need to possess longitudinal video understand-
ing, i.e., the ability to recall and interpret a user’s
lived experience over extremely long periods of
time (days and months).

In this work, we address the challenge of “very
long video understanding”. In prior literature, the
definition of “long” has been continuously evolv-
ing. Popular benchmarks like MSR-VTT (Xu et al.,
2016) and DiDeMo (Anne Hendricks et al., 2017)
where videos are up to a minute in length were
once considered long, but recent works have fur-
ther pushed this frontier to several minutes (Wu
et al., 2024; Grauman et al., 2022) and up to an
hour (Fu et al., 2025; Zhou et al., 2024a; Wang
et al., 2025a). The recent EgoLife (Yang et al.,
2025b) pushes this frontier to beyond 50 hours
of Egocentric video over the course of a week,
which is the length we define as very long. Unlike
previous benchmarks that focus on large numbers
of short, independent videos, EgoLife offers con-
tinuous, longitudinal first-person video from six
individuals. This week-long horizon enables new
research directions, such as tracking entities and
their interactions across multiple days, analyzing
repeated behaviors and habits, and handling ex-
tended periods of inactivity or “lulls” in the video
stream. Agentic approaches, which equip agents
with tools to search, retrieve, and reason over large
corpora, have shown potential in addressing some
of these limitations (Fan et al., 2024; Wang et al.,
2024; Ma et al., 2025; Chu et al., 2025). Exist-
ing agentic approaches often struggle to maintain
coherent reasoning about entities and their rela-
tionships over extended temporal horizons, and
have difficulty with fine-grained temporal local-
ization such as tracking repeated actions or habits
across days (e.g., “how often did I drink water this
week?”). Importantly, effective linkage between
information from different modalities is needed to
support richer and more accurate reasoning.

To address these challenges, we propose EGA-
gent, an enhanced agentic approach that centers
on the extraction and use of an entity scene graph
from long videos, where nodes represent people,
places, and objects, and edges capture their rela-
tionships (e.g., uses, interacts with, mentions, talks
to). Each edge is annotated with temporal inter-
vals indicating when the relation holds. In our
proposed EGAgent system, we equip a planning

agent with the ability to search and reason over
this entity graph, as well as utilize a visual search
tool (SQL + semantic search hybrid) and an audio
transcript search tool. As illustrated in Fig. 1, the
system uses this graph in combination with audio
and visual search to locate all shopping-related taxi
rides across multiple days and infer who consis-
tently sits next to the user. By leveraging structured
representations like entity graphs, EGAgent pre-
serves complex relationships and supports detailed,
compositional reasoning over extended timeframes,
overcoming the limitations of existing methods.

We evaluate our EGAgent pipeline on the Ego-
LifeQA benchmark and demonstrate state-of-the-
art performance. Notably, EGAgent surpasses the
previous state-of-the-art by 32% and 39.7% on the
RelationMap and TaskMaster categories respec-
tively, both of which require multi-hop relational
reasoning. EGAgent also achieves competitive re-
sults on the Video-MME (Long) benchmark.

To summarize, our contributions are as follows:

* We introduce an entity graph representa-
tion (Sec. 3.2) for long video understanding
(Sec. 3.1), enabling structured, cross-modal
reasoning over very long time horizons.

* We present an agentic framework (Sec. 3.3)
that queries the entity graph along with visual
and audio search tools, exceeding previous
state-of-the-art performance on EgoLifeQA
by 20.6% (Sec. 4.3).

* We perform a detailed ablation study on en-
tity graph construction and agentic tool usage
for very long video understanding on EgoLife
(Sec. 4.5 and App. D).

2 Related Work

Long Video Understanding with LLMs. The pri-
mary challenge in long-video understanding arises
from the limited context window of large language
models (LLMs), which restricts the amount of vi-
sual information processed at once. To address this,
prior work focuses on condensing video inputs be-
fore LLM inference (Tang et al., 2025; Lu et al.,
2025b; Liu et al., 2025a). Frame selection meth-
ods reduce input length by retaining only salient
frames while preserving key content (Wang et al.,
2025b; Buch et al., 2025; Ye et al., 2025), whereas
visual token compression techniques distill videos
into compact token representations that better fit
within context limits (Shen et al., 2025; Shu et al.,
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2025). These approaches can be query-dependent,
selecting frames or tokens based on the input query
(Liu et al., 2025b; Hu et al., 2025; Man et al., 2025;
Diko et al., 2025), or query-independent, produc-
ing general summaries irrespective of downstream
tasks (Yang et al., 2025a; Zhao et al., 2025). Other
methods adopt sliding-window or hierarchical sum-
marization strategies to maintain long-range con-
text under fixed token budgets (Lu et al., 2025a;
Zhou et al., 2024b), or to directly extend the context
capacity of LLMs themselves (Ding et al., 2024;
Liu et al., 2023; Jin et al., 2024).

Video Understanding with Graph-based RAG.
Retrieval-augmented generation (RAG) mitigates
the context limitations of LLMs by retrieving rel-
evant information from external sources (Lewis
et al., 2020; Gao et al., 2023), which has also
been extended to multimodal documents and long-
video understanding (Yu et al., 2025; Faysse et al.,
2025). Traditional RAG operates over isolated
text chunks, often losing relational context. To
address this, Graph-based RAG methods such as
GraphRAG (Edge et al., 2024) and LightRAG (Guo
et al., 2024) leverage knowledge graphs built from
extracted entities and relations from the text cor-
pus. More recently, researchers have begun to ex-
plore multi-modal RAG approaches, such as re-
trieving image frames directly instead of retrieving
pre-generated video captions (Reddy et al., 2025;
Wan et al., 2025). This approach preserves visual
details that may be lost in textual abstraction, en-
abling more precise and comprehensive responses
to complex queries. For instance, Video-RAG (Luo
et al., 2025) performs multi-modal RAG on video
frames, automatic speech recognition (ASR) re-
sults, optical character recognition (OCR) results,
and object-detection results. However, directly re-
trieving frames also introduces new challenges, in-
cluding the need for efficient and accurate indexing,
retrieval mechanisms, and effective data represen-
tations (Reddy et al., 2025). VideoRAG (Ren et al.,
2025) combines text-, visual-, and graph-based clip
retrieval, matching queries to entity descriptions
within a graph. AdaVideoRAG (Xue et al., 2025)
adaptively selects between no retrieval, naive re-
trieval, and graph-based retrieval based on ques-
tion difficulty. RAVU (Malik et al., 2026) uses
VLMs to detect entities, generate frame descrip-
tions, build spatio-temporal graphs, and infer an-
swers. GraphVideoAgent (Chu et al., 2025) itera-
tively retrieves relevant frames via caption-derived
graphs. VideoMindPalace (Huang et al., 2025) con-

structs layered spatio-temporal graphs encoding
indoor layouts and activity zones, though its re-
liance on room-level structure limits robustness in
open-ended scenes.

Many of these methods either overlook tempo-

ral relationships or construct graphs for the entire
video at once. In contrast, we introduce an en-
tity graph where each node is annotated with tem-
poral information, making the graph time-aware
and allowing it to be incrementally constructed
as new data arrives. Experimentally, our method
matches the performance of AdaVideoRAG (Xue
et al., 2025) on Video-MME (Long) while process-
ing over ten times fewer frames.
Agentic Video Understanding. Recent advances
in agentic video understanding have focused on
developing systems that can autonomously per-
ceive, reason, and act based on video content (Chen
et al., 2025). VideoAgent (Wang et al., 2024) intro-
duces an agent-based framework where the agent is
tasked with iteratively finding the relevant frames
in the video for VQA if the information in the ini-
tial frames is not sufficient to answer the question.
VideoAgent (Fan et al., 2024) iteratively employs
tools such as object memory search and video-
segment search based on video captions and visual
embeddings to reach an answer. DrVideo (Ma et al.,
2025) reframes long-video understanding as long-
document understanding by converting videos into
text documents, iteratively augmenting them with
key frame information and agent-based searches
until enough information is gathered for chain-of-
thought prediction. Similarly SiLVR (Zhang et al.,
2026) operates in the text domain by compress-
ing dense visual captions and using a downstream
reasoning LLM for video understanding.

Our proposed EGAgent advances agentic
video understanding by integrating a temporally-
annotated entity scene graph into the tool-calling
loop. Unlike prior systems that rely on unstructured
captions or repeated frame retrieval, our approach
enables efficient cross-modal search and composi-
tional reasoning for complex, longitudinal queries.

3 Method

In this section, we formalize the task of very long
video understanding (Sec. 3.1) and describe ex-
tracting entity graph representations of such long
videos (Sec. 3.2). Lastly, we discuss the design of
the proposed agentic framework EGAgent which
utilizes these entity graph representations for very
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long video understanding (Sec. 3.3).

3.1 Task Setup

We focus on the task of very long video under-
standing, specifically on video question-answering
over videos that potentially span an entire week.
Let V = {w}l, denote the video sampled
at 1 FPS (frame per second). Similarly, let
AT = {uwi, tstart;s tend; }fil denote the set of
transcribed speech u; with associated time-stamps
(tstart; tend,; ) At test time, the system receives a
complex query () in natural language, and must
produce a textual answer A. Formally, the task is
to obtain a mapping H : (V, AT, Q) — A.

Naively feeding all frames and transcripts into
a multimodal LLM or VLM for such very long
videos is infeasible due to context window limi-
tations. The prevailing approach, Video Retrieval
Augmented Generation (RAG) (Luo et al., 2025),
first selectively retrieves a small subset of frames
and audio transcripts deemed relevant to the user
query (Q and conditions the VLM on this retrieved
set to generate the answer A. However, a naive
RAG approach over very long egocentric videos is
insufficient to answer egocentric queries which are
often entity-centric and require multi-hop reason-
ing across days. These include tracking repeated
behaviors, or interactions between specific people,
objects, and locations. Direct embedding-based
retrieval over unstructured clips or captions strug-
gles to maintain coherent entity identities over time
to support compositional constraints such as “all
times I talked to person X this week”.

We address this in two steps. First, to support
queries over entity relations over time, we con-
struct an entity-centric scene graph that explicitly
encodes people, objects, locations, temporally lo-
calized relations, and provide a structured index to
allow narrowing down to the relevant regions of
the video (Sec. 3.2). Second, we propose an agen-
tic framework EGAgent which involves a planning
agent that iteratively decomposes () into sub-tasks
and invokes specialized retrieval tools including
the above constructed entity graph (Sec. 3.3).

3.2 Entity Graph Representations

From our observations, baseline methods often
struggle with questions that require understanding
a person’s habits or repeated behaviors over time
(e.g., “What do I often check on my phone in the
morning?”), as well as those that involve reason-
ing about interactions and relationships between

“person”,

different entities, such as people, objects, or places
across extended periods (e.g., “Before we went to
see the dog, who went with me to the second floor
to find Tasha?”’). Because these methods do not
explicitly model entity relationships or track long-
term behavioral patterns, their performance on such
questions, especially over long time horizons, is
limited.

To address this, we construct an entity graph
G = (V, E) to capture relationships and interac-
tions, enabling the planning agent to query this
graph during inference.

* Nodes (V'): entities (i.e., individuals, objects,
places)

* Edges (F): relationships (i.e., interacts with,
mentions, talks to, uses), and temporal infor-
mation

Each edge is annotated with temporal informa-

tion, allowing us to track the existence, sequence
and duration of the corresponding relationships.
Such temporal structure is crucial for reasoning
about events and interactions that unfold or repeat
across long horizons.
Entity Graph Creation. We construct an entity
graph G=(V, E) from a given collection of text
documents D which includes audio transcripts,
scene descriptions, predicted scene locations (il-
lustrated in Fig. 3). We discuss details of extracting
scene data to generate these documents D in App.
F. For each document d € D, we apply an LLM-
based extractor F to jointly identify entities and
their relationships:

(Va, Eq) = F(d) (D

Here, V is the set of entities and FE; is the set of
relationships extracted from d. The overall entities
and relationships are aggregated as:

(V,E) = < Uve U Ed> )

deD deD

We assign each node veV a type 7(v) to be one of
”, “object”, “location”. We initially repre-
sent each edge e as a tuple (vg, vy, 1), Where vs and
v are the source and target nodes, and r € ‘R is the
relationship type. The set of relationship types is:

R = {talks—to, interacts —with, mentions, uses}

3)
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|
Step 2
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Who was with us? — ENIty __/17:11:20 -17:11:31  Jake > TALKS TO Lucia o
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18:14:40 - 18:14:42  Jake > USES - Car

(® Querying the Graph

Entity Graph
When did Shure use the glasses?
tstart =11:11:15
1 teng =11:11:19 Jake  —
. - n TALKSTO
Planning Retriever loc = dining room
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\
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Agent Tool 5 i

relevant Shure |— USES —>| Glasses
Analyzer Tool €==== T emm e

2
context USES USES
-z

Between 11:11:15 and 11:11:19 in the dining room.

Figure 2: We show an overview of our EGAgent pipeline for very long video understanding using cross-modal
reasoning in (I). Given a very long video and a query, a planning agent devises a multi-step plan of sub-tasks
required to answer the query. The planning agent uses a retriever tool to probe three data sources extracted from the
long video: audio transcripts, visual frame embeddings, and an entity scene graph, which is the focus of EGAgent.
We show an example of how the planning agent composes cross-modal information retrieved from the visual
database and entity graph to answer an EgoLife query in (2). We visualize the entity graph query mechanism in 3),
where the retriever tool designs a SQL query to retrieve relevant relationships for the planning agent to reason over.

Each edge e is subsequently annotated with tem-
poral information (tgtart, tenq) derived from the
source document d. After temporal annotation,
each edge is represented as:

4

€= (US7 Vg, T, Lstart s tend)

The resulting graph is stored as a set of tuples:

)

(Ug, T(Us)a Ut, T(Ut)v 7, starts tend s d*)

d* is the supporting text snippet from which the
edge was extracted. The graph is stored in memory
as a SQLite3 database, with each row correspond-
ing to one tuple. The graph construction process
supports incremental updates as new documents d
arrive, allowing G to grow and refine over time.

3.3 Agentic Framework EGAgent

Given the very long video and entity graph rep-
resentation described above, we propose an agen-
tic framework EGAgent for multi-modal reason-
ing, summarized in Algorithm 1 and illustrated in
Fig. 2. EGAgent consists of six main components:
a Planning Agent, three Retriever Tools (Visual
Search, Audio Transcript Search, and Entity Graph
Search), an Analyzer Tool, and a VQA Agent (see
(D in Fig. 2). We discuss more details of our agent
design and provide qualitative examples in App. B.

Each component operates over a specific data
modality or reasoning step. The Planning Agent
decomposes a complex user query () into sub-tasks,
selects appropriate tools, and maintains a work-
ing memory M that accumulates cross-modal evi-
dence. Retriever Tools (Visual Search, Audio Tran-
script Search, Entity Graph Search) access different
data sources to find relevant information for each
sub-task, the Analyzer Tool filters and distills re-
trieved information, and the VQA Agent produces
the final answer A from the accumulated evidence.

Planning Agent orchestrates the entire reason-
ing process. Given a user query () along with
natural language definitions for each tool, Plan-
ning Agent performs a joint decomposition of ()
into a sequence of N sub-tasks {S1,S2,..., Sy}
each sub-task with an associated Tool; and with
appropriate query arguments g; (Lines 2-3 in Al-
gorithm 1).

Each sub-task S; targets a specific aspect of
the information needed such as object localization,
checking diarized speech, or confirming past inter-
action. For each (5;,7;, ¢;), the Planning Agent
selects a retriever tool 7; from one of the follow-
ing: (i) Visual Search Tool (T'00l,;s) retrieves vi-
sual content. (ii) Audio Transcript Search Tool
(Tool 4,q) retrieves transcribed speech. (iii) En-
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[— Very Long Video --------------------- 1

Transcripts Scene Data 1FPS Sampled Images Entity Graph Vs (%
~
S i Scene Description: Jake \\ / Jake Table
?1'11'03 _>,11'11'04 and Lucia are seated at a N
e tien table and interact with ... 7(vs) = person

== VLM -

11:11:05 — 11:11:06'

Predicted Location: Dining
‘Lucia: Only 4 of them?’

Room

11:11:06 — 11:11:07"

Timestamp: 11:11:00 to
Jake: Yes, only 4!

11:11:30 on Day 1

7(v¢) = object
totare = 11:11: 15
tong = 11:11: 19
d* = <scene description>

T

L [ D |

]I'

Figure 3: We use an LLM F to extract an entity graph from text documents D that represent a very long video,
i.e., audio transcripts A7 and scene descriptions and locations extracted from sampled image frames V (see details
in App. F). Each graph relationship r connects a source vertex v, and target vertex v; between time ({sgart, tend )-
Each vertex has an entity type 7(v) and the raw text document d* used to extract the relationship (Sec. 3.3).

Algorithm 1 EGAgent Framework

Require: User query @, Multimodal data sources (Video, Audio, Entity Graph)

Ensure: Final answer A
1: Initialize working memory M < 0}
2: // Step 1: Joint Decomposition and Tool Selection

3: SubtaskList <~ PlanningAgent.decompose_and_select(Q)
{SubtaskList = {(Sl, Tl, ql), (SQ, TQ, QQ), ey (SN, ’Tz\]7 qN)}}

: for each (S, T, q) in SubtaskList do
// Step 2a: Retrieve relevant data for the subtask

// Step 2b: Analyze retrieved data for relevance and evidence

4

5:

6:  RetrievedData <— T'(q) {Visual: hybrid semantic/attribute search; Audio: transcript search; Entity Graph: SQL queries}
7.

8

Analysis <— AnalyzerTool.analyze(RetrievedData, S) {LLM-based reasoning, evidence extraction, or filtering }

9:  // Step 2¢: Update working memory
10: M < MU {Analysis}

11: end for

12: // Step 3: Final Synthesis

13: A < VQAAgent.answer(Q, M) {VQAAgent uses accumulated, cross-modal evidence in M to answer Q}

14: return A

tity Graph Search Tool (T'00l.z) queries an entity-
centric scene graph. The retrieved content is passed
to the Analyzer Tool and the corresponding analy-
sis is updated to the working memory. M. Such an
iterative process allows EGAgent to progressively
refine its understanding of the query () while keep-
ing per-sub-task context size manageable. Finally,
the VQA Agent consumes the working memory
and original query to provide a final answer. See 2)
in Fig. 2 for an example of the planning agent rea-
sons over cross-modal information retrieved with
retriever tools.

Visual Search Tool samples video frames at
IFPS and embeds each frame v; as ¢7(v;) € R? us-
ing a vision-encoder (Tschannen et al., 2025). The
generated embeddings along with attributes such as
timestamp, location are stored in a vector database
which supports efficient retrieval. At inference, the
Planning Agent provides a text sub-query ¢; (em-
bedded as ¢7(q)) and optional attribute filters f

(e.g., “kitchen", “morning”). The tool computes co-
sine similarity cos(¢r(q), ¢r(z)) for filtered rows
in the vector database returning the k-nearest neigh-
bors for further analysis.

Audio Transcript Search Tool operates over
text transcripts. We consider two variants (i) LLM-
based search where we feed entire transcripts to an
LLM for a relevant time range (parallelized over
days due to context limits) (ii) BM25-based lexical
search. The former provides significantly better
quality results at the cost of higher latency.

Entity Graph Search Tool queries the entity-
centric scene graph G introduced in Sec. 3.2 and
stored tuples in a SQLite database (Eq. (5)). During
inference, the Planning Agent issues SQL queries ¢
over the following fields: (i) time filter (ii) keyword
text search (iii) entity source and/or target nodes
(vs,vy) and (iv) relationship type r. In practice,
real-world data is often incomplete or noisy, so the
Planning Agent adopts a “strict-to-relaxed” query

46580



strategy: it first issues an exact match query on all
specified fields, and if no results are found, incre-
mentally relaxes constraints by broadening the time
window, allowing partial text matches, and finally
relaxing the relationship type filter. This strategy
maximizes precision when possible while increas-
ing recall when exact matches are unavailable (see
@ in Fig. 2 for an example query trace and App. C
for qualitative examples of SQL querying).

Analyzer Tool determines the relevance of the
retrieved context for each sub-task S; via an LLM
to perform lightweight reasoning, evidence extrac-
tion, and optional de-duplication.

VQA Agent is a multi-modal LLM that con-
ditions on () and the compact evidence in M to
generate the final answer A (Algorithm 1, Line 13),
enabling detailed, temporally coherent reasoning
over week-long egocentric videos.

4 [Experiments

4.1 Evaluation Benchmarks

We evaluate EGAgent against baselines on two
benchmarks, EgoLifeQA and Video-MME (Long),
which focus on very long video understanding.
EgoLifeQA: EgoLifeQA consists of 500 long-
context Multiple-Choice Questions (MCQs) de-
rived from the EgoLife (Yang et al., 2025b) dataset,
in which six participants lived together for one
week, continuously recording their daily activities
using Project Aria glasses (Engel et al., 2023). The
benchmark focuses on the 50 hours of videos taken
from the perspective of Jake, one of the six partic-
ipants. The MCQs cover practical questions such
as locating items, recalling past events, tracking
habits, and analyzing social interactions. Each
question has four candidate answers with a sin-
gle correct option. Each question is associated with
query time (e.g. 11:34 AM on day 4) and a man-
ually verified target time, indicating the specific
portion of the video that contains the information
needed to answer the MCQ correctly.
Video-MME (Long): Video-MME (Fu et al.,
2025) comprises 900 videos, with 2700 MCQs.
The benchmark is divided into Short, Medium, and
Long subsets based on video length. We focus on
the Long subset that consists of 300 videos that
range from 30 to 60 minutes. (Sec. 4.4).

4.2 Implementation Details

To prepare the entity graphs for our experiments,
we extract a separate graph for each video in the

Video-MME dataset. For EgoLifeQA, due to the
increased likelihood of LLM invocation failures
with longer input transcripts, we instead extract one
graph per hour of video. In both datasets, audio is
represented by text transcripts. For Video-MME,
transcripts are generated using an ASR founda-
tion model such as Whisper. In contrast, EgoLife
provides manually diarized transcripts, which in-
clude both speaker identities and the corresponding
speech content.

4.3 Analysis on EgoLifeQA Benchmark

We compare our approach against various strong
baselines in three categories: 1) MLLM with uni-
form sampling; 2) MLLM with RAG; and 3) exist-
ing agentic approaches.

Baselines. To handle extremely long videos in Ego-
LifeQA, frame sampling in MLLM baselines varies
based on their respective context window size.
GPT-4.1 takes video captions that were generated
for every 30-second video snippet sampled at 1 FPS.
We sample 3000 frames uniformly along with the
audio transcripts for Gemini 2.5 Pro. The results of
LLaVa-Video-7B (Zhang et al., 2024) and LLaVA-
Video-7B combined with Video-RAG (Luo et al.,
2025) are reported in Yang et al. (2025b).

We compare our approach with the follow-

ing existing agentic methods: EgoButler (Yang
et al., 2025b), a hierarchical text-based Retrieval-
Augmented Generation (RAG) approach, and Ego-
R1 (Tian et al., 2025), a lightweight 3B-parameter
agent trained on egocentric data, including portions
of EgoLife for tool calling. We report results of
all RAG and existing agentic approaches in Tab. 1
directly from these works.
Performance Analysis. Tab. 1 presents a compre-
hensive comparison of methods on the EgoLifeQA
benchmark. Our EGAgent, which incorporates en-
tity graph reasoning, achieves strong performance
across all evaluation categories and establishes a
new state-of-the-art. Notably, while Gemini 2.5
Pro with uniform sampling already outperforms
the previous best results (EgoButler), our agentic
system based on Gemini 2.5 Pro delivers an ad-
ditional improvement of 10.7%, highlighting the
significant value of entity graph reasoning.

Furthermore, the benefits of entity graph reason-
ing are not limited to a single MLLM backbone.
Applying the same agentic framework to the GPT-
4.1 backbone also yields notable gains over its uni-
form sampling counterpart. These results demon-
strate that integrating entity graph reasoning within
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Table 1: MCQ Accuracy on EgoLifeQA (Yang et al., 2025b). The previously reported state-of-the-art is underlined,
the current state-of-the-art is bolded, and the current second-best italicized. Agentic approaches are given frames or
captions sampled at 1FPS and then choose a subset X for analysis, which is denoted by 1FPS—X under # Frames. F

= raw video frames, C = video captions, A = raw audio, T = audio transcript.

[T

in results of individual categories

denotes missing data as they were not reported in the original papers. We estimate token usage for these baselines,
which are marked with an asterisk* (see F for details on estimation). The following are question type categories
from EgoLifeQA, on whom we report MCQ Accuracy below: EL (EntityLog), ER (EventRecall), HI (HabitInsight),

RM (RelationMap), TM (TaskMaster).

Category ‘ Method ‘ # Frames ‘ Modality ‘ MCQ Accuracy (%) ‘ é&v.e raf/e ‘ : ;ell'(age
\ | EL ER HI RM TM Average | Gin (%) | #Tokens
MLLMs | LLaVA-Video-7B 64 F - 32K+
(Uniform | GPT-4.1 IFPS c 320 397 393 328 397 360 285K
Sampling) | Gemini 2.5 Pro 3000 ET |456 484 517 416 524 468 +9.9 807K
RAG | LLaVA-Video-7B + Video-RAG 64 F - - - - - 300 18K*
EgoButler Gemini 1.5 Pro 0 C,T |360 373 459 304 349 369 +0 26K*
Acentic | EgoButler GPT-4o 0 CT |344 421 295 304 444 362 19K*
B & o, | VideoAgent 1IFPS—8 F - - - - - 22 128K*
ASENES | 1 LaVA-OneVision-7B + T* IFPS—8 | ET - - - - - 354 32K*
Ego-R1 Qwen-2.5-3B-Instruct 1FPS FCT - - - - - 36.0 128K*
EGAgent GPT-4.1 (F +T) IFPS—50 | ET |480 484 557 400 619 486 +11.7 551K
Ours | EGAgent GPT-4.1 (EG +F +T) IFPS—50 | E.C,T |440 492 557 536 667 507 +13.8 571K
| EGAgent GPT-40 (EG+F +T) IFPS—=50 | E.C,T |448 548 590 440 619 446 +17 652K
EGAgent Gemini 2.5 Pro (EG+F+T) | IFPFS—50 | EC,T | 544 571 603 624 746 575 +20.6 880K
O T Gemini 2.5 Pro £6 Agent passes the previous state-of-the-art and Gemini 2.5
Gemini 2.5 Pro (Unif S le) . .
| = Cocbuter Gomni 15 Pro) e Pro by 32% and 20.8%, respectively, on Relation-
_ o Map QAs, and achieves impressive gains of 39.7%
X 60.3 - . .
T 07 s 571 s 524 and 17.5% in the TaskMaster category. We discuss
O 48.4 - .
g oo s = s more examples and benchmark analyses in App. D.
o 40 36.0 .
g 04 34.9
0 4.4 Analysis on Video-MME Benchmark
We also evaluate our entity graph agent on the long
EntityLog EventRecall Habitinsight RelationMap TaskMaster

Figure 4: The performance comparison against Gem-
ini 2.5 Pro and EgoButler in each question category
in EgoLifeQA. Our approach significantly outperforms
baselines on RelationMap (+20.8%) and TaskMaster
(+22.2%), where entity understanding and complex rea-
soning is required to provide a correct answer.

agentic systems consistently enhances performance
on very long video understanding tasks.

To compare with existing agentic systems,
we run our EGAgent on the same LLM back-
bone (GPT-40) with other agentic systems. Our
EGAgent consistently surpasses other agentic ap-
proaches utilizing the same model, including EgoB-
utler (+8.4%), VideoAgent (+15.4%), and Ego-R1
(+8.6%).

Fig. 4 further contrasts the performance gap be-
tween our proposed EGAgent and the Gemini 2.5
Pro with uniform sampling. It is evident that the
agentic system benefits the most on RelationMap
and TaskMaster categories that require multi-hop
relational reasoning. Specifically, our approach sur-

subset of Video-MME in Tab. 2. Because Gemini
2.5 Pro can process native video (frames + audio)
without the need for transcripts, it remains the state-
of-the-art in this sub-hour length regime. Using an
identical LLM backbone (Qwen2.5-VL-7B), EGA-
gent surpasses Video-RAG (+4.5%), and matches
the performance of AdaVideoRAG while process-
ing over 10x fewer frames.

Compared with recent agentic approaches (Guo
et al., 2025; Yuan et al., 2025) that use frontier
models as their LLM backbone, our EGAgent with
a Gemini 2.5 Pro backbone demonstrates strong
performance, second only to native Gemini 2.5 Pro
that processes 256 frames. In contrast, EGAgent
uses only a fifth of the image frames compared to
the baseline. More importantly, uniformly sam-
pling with MLLMs like Gemini 2.5 Pro does not
scale well to extremely long videos, as demon-
strated in the EgoLifeQA benchmark Sec. 4.3.

4.5 Ablations

Value of Entity Graph. Tab. 1 demonstrates that,
in an apples-to-apples comparison using the same
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Table 2: MCQ Accuracy on Video-MME (Long). The current state-of-the-art is bolded and the second-highest is
underlined. F = raw video frames, C = video captions, A = raw audio, T = audio transcript, O = object detection
bounding boxes. “1 FPS — 50” denotes retrieving 50 frames sampled at 1 FPS which are used for MLLM analysis.
We estimate token usage wherever unreported, which are marked with an asterisk* (see App. F for details).

Category | Method | Context # Frames Modality | Accuracy (%) | # Tokens
MLLMs Gemini 2.5 Pro 1M 256 EA 82.0 100K*
(Uniform Sampling) GPT-4.1 IM 384 F 72.0 60K*
RAG Video-RAG (Qwen2.5-VL-7B) 32K 32 FEO, T 43.3 10K*
AdaVideoRAG (Qwen2.5-VL-7B) 128K 768 EC,T 47.7 128K*
Agentic DrVideo (DeepSeek V2.5) 128K 0.2 FPS ET 71.7 128K*
Baselines VideoDeepResearch "
(DeepSeek-r1-0528 + Qwen2.5VL-7B) 32K 32 ET 724 32K
Ours EGAgent (Qwen2.5-VL-7B) 32K 1FPS—50 ECT 47.8 172K
EGAgent (Gemini 2.5 Pro) M 1FPS—50 EC,T 74.1 134K
Table 3: A comparison on EgoLifeQA of Entity  Extraction of Entity Graph. We compare two

Graph Extraction (EGX) using only transcript (T) vs a
transcript-fused caption (C+T), and swapping out the
transcript search tool from an LLM search to BM25
lexical search. All EGAgent methods reason over the
entity graph, frames and audio transcripts (EG + F +
T). EgoButler uses transcript-fused captions (C +T). All
gains (%) are with respect to EgoButler GPT-4o.

Method VLM EGX #F TSearch Accuracy (%) Gain(%)

EgoButler ‘ GPT-40 - 0 LLM 36.2

T 50 BM25 36.6 +0.4

GPT-40 T+C 50 BM25 394 +3.2

T+C 50 LLM 446 +8.4

T 0 - 36.8 +0.6

EGA T 50 BM25 422 +6.0

gent GPT-4.1 T 50 LLM 492 +13.0

T+C 50 BM25 43.9 +7.7

T+C 50 LLM 50.7 +14.5

T 50 BM25 48.6 +12.4

Gemini 2.5Pro T+C 50 BM25 51.8 +15.6

T+C 50 LLM 57.5 +21.3

Table 4: Wall-clock runtime of EGAgent that reasons
over the entity graph, frames and audio transcripts (EG
+ F + T) on EgoLifeQA.

Method ‘ T Search  Accuracy (%) Runtime (sec) #Tokens
BM25 439 125 172K
EGAgent GPT-41 |y v 50.7 169 571K

backbone, the proposed method incorporating an
entity graph substantially improves performance
on EgoLifeQA. It outperforms the baseline (with-
out entity graph) in 4 out of 5 categories, with
particularly notable gains in the RelationMap and
TaskMaster categories. This improvement can be
attributed to the entity graph’s ability to enable
cross-modal reasoning. Furthermore, as demon-
strated in App. D.3 (Tab. 6), EGAgent’s entity
graph substantially improves temporal localization,
improving recall@ 10s from 0.232 to 0.884.

variants of Entity Graph Extraction (EGX) in Ego-
LifeQA in Tab. 3. The additional information
from visual captions increases MCQ accuracy by
~?2.6% on average across all three MLLM back-
bones (GPT-40, GPT-4.1 and Gemini 2.5 Pro).
Agent Wall-Clock Latency. We tabulate the wall-
clock latency of EGAgent pipeline in Tab. 4. EGA-
gent takes 2-3 minutes to answer an MCQ, depend-
ing on the number of sub-tasks required by the
planning agent. We also evaluate the latency im-
pact of the transcript search and replace the default
LLM search with BM25 (Robertson et al., 2009),
which drops token usage by 3.3x at the cost of a
~6.8% MCQ accuracy drop on average.

We discuss more ablations on tool usage and
retrieval accuracy in App. D.

5 Conclusion

We introduce a novel EGAgent framework
(Sec. 3.3) for longitudinal video understanding, ad-
dressing the unique challenges posed by always-on
personal Al assistants processing very long ego-
centric videos. By leveraging entity scene graphs
(Sec. 3.2) and specialized tools for structured, cross-
modal reasoning, our approach enables detailed
and temporally coherent analysis. Experiments
on EgoLifeQA (Sec. 4.3) and Video-MME long
(Sec. 4.4) demonstrate state-of-the-art performance
on tasks requiring the tracking of entities, behav-
iors, and relationships over extended periods. As
video lengths continue to grow, we believe our re-
sults highlight the potential of agentic planning
over structured representations of inter-entity rela-
tionships for very long video understanding moving
forward.
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6 Limitations

While our EGAgent achieves strong performance
on longitudinal video understanding tasks, it is
important to note that the construction of entity
scene graphs depends on the accuracy of upstream
perception and language models, which may oc-
casionally introduce errors in extracting entities
and relationships. Additionally, our experiments
relied on transcripts and for EgoLife, manually an-
notated speaker diarization. In scenarios where off-
the-shelf diarization models are used, downstream
performance is likely to be adversely affected by
prediction errors. For specific examples of failure
cases, please refer to App. E.

7 Ethical Considerations

Our work uses the publicly available EgoLife
dataset, which was released under an MIT license.
We adhere to all terms of use associated with this
dataset. The EgoLife dataset automatically detects
and blurs faces and other personally identifiable
information (PII) such as sensitive audio content.
We also use the Video-MME dataset, which was
released under a custom license!. We have adhered
to all terms of use associated with this dataset, us-
ing an unmodified version strictly for academic re-
search. In addition to these pre-existing safeguards,
we have taken extra care to protect individual pri-
vacy in our reporting: all faces appearing in the
figures throughout this paper have been blurred.
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A  Overview

Design Details and Qualitative Examples. We
provide details of EGAgent design and a visual
walkthrough of our entire EGAgent pipeline in
App. B with a qualitative example. We demonstrate
how the planning agent invokes retrieval tools to
retrieve relevant context from the very long video
and continuously update the working memory. We
illustrate how we query our entity graph in App. C.
Ablations on EgoLifeQA. We provide additional
empirical analyses on EgoLifeQA (Yang et al.,
2025b) in App. D, including evaluating oracle
search, the importance of each search tool, retrieval
accuracy of our three search tools, and wall-clock
latency and memory cost of each component of
EGAgent.

Implementation Details. We provide the prompts
and code snippets we use for our planning agent, to
extract and temporally annotate our entity graph, to
query our search tools, and other implementation
details in App. F.

B Qualitative Example of EGAgent
Pipeline

We illustrate an example of our entire pipeline on a
query from EgoLifeQA in Fig. 5. Given the ,
the identifies high-level tasks, and
comes up with a sequence of [NV sub-tasks (N < 6).
In this example, the planner generated 5 tasks, S
through S5. Each sub-task is routed to the ap-
propriate search tool 7;. In this example, S is
routed to Tool,;s to select relevant frames from
the with query ¢; = “people dancing”.
These retrieved frames are then sent to the

, which observes that people are dancing on
day 2 between 15:50 and 16:07, without knowl-
edge of their identities. Similarly, S5 is routed
to T'ooles to search for social relationships in

, which we describe in more detail in

Fig. 6. Given the sub-task Sy, the
uses a strict-to-relaxed hierarchy to choose a SQL
query ¢o to search the entity graph to answer the

sub-task, i.e. graph entities 7(vs) = Person, r =
TALKS_TO and (tstart, tend) to search between.
The retrieved rows of the SQL table are sent to the
, and the relevant inter-entity relation-
ships (vs, 7(vs), V¢, T(V¢), T, tstart s Lend, d*) are ap-
pended to the working memory M. We
one such relationship in Fig. 6, i.e., Shure saying
“Got it.” to Alice between 3:50:21 PM and 3:50:22
PM, which overlaps with the dancing activity (51
in Fig. 5), indicating that both Shure and Alice take
part in dancing. The planning agent proceeds until
all remaining sub-tasks are routed to their appro-
priate search tool 7; with query arguments ¢; and
analyzed by the analyzer tool. The analysis out-
put from each subsequent tool S3,Sy4,.S5 is also
appended to the working memory M. Once all
sub-tasks are complete, the original query () and
working memory M are sent to the VQA agent to
predict the answer A.

C Entity Graph

We show a qualitative example of how we query the
entity graph in our EGAgent pipeline in Fig. 6. We
also discuss our temporal annotation of entity graph
edges, a novel contribution that enables EGAgent
to temporally localize relevant relationships for a
given query. We provide the implementation details
and the prompts we use to construct the entity graph
and temporally annotate edges in App. F.

We also provide some statistics of the entity
graph we extract from EgoLife. In total, we extract
13968 relationships over a 7 day period. We visual-
ize the relationships extracted for each day in Fig. 7.
A vast majority of relationships have source node
“person” (13930 / 13968), while the target node
is more balanced (1314 “location”, 6449 “object”
and 6167 “person”). This indicates that the graph is
focused more on person-person and person-object
interactions, while also capturing person-location
information.

D Ablation Study on EgoLife

Here we provide some additional ablation studies
on EgoLife. We focus on tool usage, upper bound
performance when using oracles, retrieval accu-
racy of tool search, and wall clock latency of our
EGAgent pipeline.

D.1 Ablation on tool usage

To evaluate the importance of each search tool 7" on
EGAgent performance, we evaluate our EGAgent
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“Who is missing from today's event compared to yesterday's dance?”
A.Lucia Shure, B.Nicous Shure, C.Violet Nicous, D.Nicous Choiszt

Images between 15:50 to 16:67 on day 2 directly answer
the question by showing a group of people dancing.

Shure TALKS_TO Alice on day 2 between 15:50:21 and 15:50:22.
Katrina TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44.
Jake TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44.
Shure TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44.
Lucia TALKS_TO Katrina on day 2 between 15:50:41 and 15:50:44.

The transcripts from 15:50 onwards capture the actual dance
practice, aligning with the timeframe from the frame search.
During this practice, Jake, Shure, Lucia, Alice, Katrina, and
Nicous are all speaking, confirming their presence and
participation.

Images between 11:17:27 and 11:44:47 on Day 3 are highly relevant as they show
multiple people at the event.

Jake TALKS_TO Zitang on day 3 between 11:21:18 and 11:21:21.
Jake TALKS_TO Shure on day 3 between 11:32:45 and 11:32:47.

Lucia TALKS_TO Shure on day 3 between 11:33:44 and 11:33:45.
Lucia TALKS_TO Tasha on day 3 between 11:33:47 and 11:33:49.
Jake TALKS_TO Katrina on day 3 between 11:33:55 and 11:33:59.
Jake TALKS_TO Violet on day 3 between 11:41:00 and 11:41:02.
Jake TALKS_TO Alice on day 3 between 11:41:21 and 11:41:22.

Reasoning Trace: To answer the question, we must first identify the attendees of both events.

The "Transcript_Search" context for Day 2 explicitly lists the participants of yesterday's dance as:

"Jake, Shure, Lucia, Alice, Katrina, Nicous, and Tasha."
VQA
Agent

— For today's (Day 3) event, the 'EntityGraph_Search’ shows interactions between Jake and several

Analysis from Task 1
Analysis from Task 2

individuals, confirming the presence of: Jake, Lucia, Shure, Tasha, Katrina, Alice, Zitang, and Violet.

By comparing these two lists, we can determine that Nicous is the only person who was present at the dance on Day 2 but is not
mentioned as being present at the event on Day 3. Examining the options, Option D, 'Nicous Choiszt', is the only choice that correctly
identifies the missing person, Nicous, without creating a contradiction. Options A and C are incorrect because Lucia, Shure, and Violet
are all confirmed to be present on Day 3. Option B is less likely because Shure is a separate individual who is also present on Day 3.

A D. Nicous Choiszt

Figure 5: A walkthrough of our entire EGAgent pipeline (Sec 3.3, main paper) for an example query from
comes up with a
sequence of 5 sub-tasks, i.e., S7 through S5. Each sub-task is routed to the appropriate search tool 7; followed by
the analyzer tool, whose output is appended to the working memory M < M U Analysis. Once all sub-tasks are
complete, the original query () and working memory M are sent to the VQA agent to predict the answer A. The

EgoLifeQA, with more details in App. B. At a high-level, given the

, the

SQL_Query and the details about the entity graph search is illustrated in Fig. 6.

with all possible combinations of tools in Tab. 5.
We observe that using only the frame search tool
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performs poorly as the agent has no sense of entity
identities. This reflects in its near-random perfor-
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— | Retriever Tool
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q2 = SQL,QUeI‘y J/ T(v’uz _ AT;::H Katrina

7(v¢) = Person Jake

SELECT * FROM entity_graph_table WHERE day = 2 AND start_t >=
totart = 15 : 50 : 21

15500000 AND end_t <= 16070000 AND source_type = "Person" AND —> tona = 15: 50 : 22 ’
" " . ) TALKS_TO
rel_type = "TALKS_TO d* = Got it. ) TALKS_TO
Alice
/ N ~ J'
- TALKS_TO
. >3 :
Katrina TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44. " ~ TAKSTO —————>( Lucia
Jake TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44. ure
Shure TALKS_TO Lucia on day 2 between 15:50:41 and 15:50:44.
Lucia TALKS_TO Katrina on day 2 between 15:50:41 and 15:58:44.
~
|
| . %
| id day Cstart tend d Vs T(vs) Ut T(vt) T
|
: (1711, 2, 15501176, 15501256, 'Jake: Okay.', 'Katrina', 'Person', 'Jake', 'Person', 'TALKS_TO')
: (1714, 2, 15501766, 15501846, 'Shure: No.', 'Katrina', 'Person', 'Shure', 'Person', 'TALKS_TO')
| (1760, 2, 15564140, 15564320, 'Katrina: Music.', 'Katrina', 'Person’, 'Music’', 'Object', 'MENTIONS')
'
Analyzer (10298, 2, 15500700, 15503700, 'Katrina: Too easy.', 'Jake', 'Person’', 'Living Room', 'Location', 'INTERACTS_WITH')
————————————— (10346, 2, 15501766, 15501846, 'Shure: No.', 'Shure', 'Person', 'Katrina', 'Person', 'TALKS_TO')
Tool )
(
(10388, 2, 15560000, 15563000, 'Katrina: Hey.', 'Alice', 'Person', 'Smartphone', 'Object', 'USES')
(10415, 2, 16043000, 16050000, 'Jake: Where did you put it?', 'Jake', 'Person', 'Chair', 'Object', 'USES')
(10461, 2, 16000000, 16003000, 'Lucia: Haha.', 'Katrina', 'Person', 'Smartphone', 'Object', 'USES')

Figure 6: Here we focus on the search tool T'ool. in the example from Fig. 5 and discuss its role in the
overall EGAgent pipeline in App. B. Given the sub-task Ss, the uses a strict-to-relaxed hierarchy
to choose a SQL query ¢» to search the entity graph to answer the sub-task, i.e., graph entities 7(vs) = Person,
r = TALKS_TO and (day, ¢, tena) to search between. The relevant rows of the SQL table are sent to the

, and the relevant inter-entity relationships (vs, 7(vs), vt, T(v¢), T, Estart, tend, d*) are appended to the working
memory M.

Table 5: Ablation study on impact of each tool on MCQ accuracy across EgoLifeQA task types. We equip EGAgent
with various combinations of search tools (EG for T'00lcg, F for T'ool,is, and T for M 4,,q). EGAgent highlights the
importance of cross-modal reasoning (EG, F, T) by showing strong performance on all task types, especially those

requiring inter-entity relationships (RelationMap).

MCQ Acc (%) ‘ Average  Average

‘ Modality ‘

Method Gain (%) # Tok
‘ ‘ EntityLog EventRecall HabitInsight RelationMap TaskMaster Average ‘ amn (7 okens

EgoButler Gemini 1.5 Pro | T | 360 373 459 304 349 369 | 40 -
EGAgent GPT-4.1 (EG) C 384 429 31.1 31.2 44.4 37.6 +0.7 21K
EGAgent GPT-4.1 (F) F 40.0 373 31.1 28.0 349 34.6 -2.3 131K
EGAgent GPT-4.1 (T) T 32.8 429 59.0 44.0 66.6 45.6 +8.7 438K
EGAgent GPT-4.1 (F+T) ET 48.0 48.4 55.7 40.0 61.9 48.6 +11.7 560K
EGAgent GPT-4.1 (EG+F+T) | EC, T 44.0 49.2 55.7 53.6 66.7 50.7 +13.8 571K

mance on RelationMap (28%), while its perfor-
mance on more visual-focused tasks like EntityLog
(40%) and EventRecall (37.3%) remains strong
compared to EgoButler. When we add the power-
ful audio transcript search tool to EGAgent (T), the
accuracy significantly improves for HabitInsight
(+13.1%), RelationMap (+13.6%), and TaskMas-
ter (+31.7%), while dropping slightly on the more
visual-focused EntityLog (-3.2%). Using only the
audio transcript search tool T'0ol,,,q, EGAgent (T)
performs the best on HabitInsight and TaskMaster,
as these types of questions are more dependent on
repeated and time-localized utterances from the au-
dio transcripts. When we add the visual search tool

Toolyis to EGAgent (F+T), it slightly drops per-
formance on audio and entity-relationship focused
tasks Habitlnsight (-3.3%), TaskMaster (-4%), and
RelationMap (-5%) compared to EGAgent (T),
but similar to EGAgent (F), improves significantly
on visual-focused tasks EntityLog (+15.2%) and
slightly on EventRecall (+5.5%). Finally, when we
add the entity graph search tool T'0ol,,q, we get
state-of-the-art performance on entity-focused Re-
lationMap (+23.2% over EgoButler), TaskMaster
(+31.8% over EgoButler) and EventRecall (+11.9%
over EgoButler), while remaining competitive on
EntityLog and HabitInsight.

In summary, equipping EGAgent with the entity
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Figure 7: Entity Graph relationship types extracted from all seven days of EgoLife.

graph search tool T'00l in addition to the standard
visual and audio search tools T'ool;s and T 00l,,q
is crucial for robust performance on tasks requir-
ing knowledge distributed across modalities, e.g.,
inter-entity relationships (RelationMap, Habitln-
sight), audio triggers (TaskMaster), and visual-
focused tasks (EntityLog, EventRecall). This re-
sult indicates that for agents to robustly understand
long videos, it is important that they can search
across modalities and reason over this fused con-
text (cross-modal reasoning).

D.2 Oracles Indicate Room for Growth in
Temporal Localization

To evaluate the upper bound performance, we use
the ground-truth relevant moments (target_time) as
oracle information for visual and audio transcript
search. For visual search, we uniformly sample 50
frames at 1 FPS centered on the timestamps from
(target_time), and for audio transcript search, we
extract the entire transcript from the ground-truth
day. As seen in Tab. 6, using both a visual and
audio transcript oracle outperforms EGAgent (EG
+ F+ T) by 6.9% with GPT 4.1 and 11.2% with
Gemini 2.5 Pro. This shows that there is still room
for improvements in MCQ accuracy that can be
enabled by better temporal localization over very
long videos.

D.3 Retrieval Accuracy

Our oracle upper bound experiments in Sec. D.2
highlight that precise temporal localization enables
strong MCQ accuracy on EgoLifeQA, and that re-
trieval quality is an important factor in the success
of agentic approaches for very long video under-

standing. To evaluate where the strength of our
agent is coming from, we do a simple recall analy-
sis on EgoLifeQA. We examine the working mem-
ory M for each multiple-choice question in the
dataset, and extract the portions added by each
search tool M4 by T'00leg, Myis by T'oolyis, and
Muq by T00l 1q.

Each multiple-choice question in EgoLifeQA
mcq, contains total_i ground-truth timestamps in
(target_time). To evaluate the quality of search of
our tools, we compute a recall over these ground-
truth timestamps with each of our search tools in
Tab. 7. We denote the number of timestamps that
each search tool searches over by “Input #ts”, and
the number of relevant timestamps highlighted by
the analyzer tool (which is added to working mem-
ory M) by “Selected #ts”. For example, the Multi-
modal LLM baseline (Gemini 2.5 Pro) is provided
3000 uniformly sampled timestamps (Input #ts),
from which it selects ~ 3.1 as relevant to the query
(Selected #ts).

Since the provided target_time are discrete
(HH:MM:SS), we use time windows centered on
the target_time in our computation. For a given
mcq, and search tool, we record a hit,, ; if any
timestamp selected by the search tool (i.e., one of
Selected #ts) lies in the temporal window W. We
define recall@windowsize (recall@W) over the
N = 500 MCQ in EgoLifeQA as follows:

hitSw’i

N
recallQW = Zz; otal,
We vary the size of these windows from 10 sec-
onds up to one hour to measure how recall saturates
as we relax the strictness of temporal localization.
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Table 6: We use the ground-truth timestamps provided by EgoLifeQA to evaluate visual and audio transcript oracles,
i.e., search has perfect precision (1.0). F = raw video frames, C = video captions, A = raw audio, T = audio transcript.
“1 FPS — 50” denotes retrieving 50 frames from those sampled at 1 FPS, with only these 50 frames used for MLLM
analysis. We observe that there is still a gap between EGAgent tool search and perfect search, but perfect search
still saturates at sub 70% accuracy with the state-of-the-art multimodal LLM.

. MCQ Average | Average
Method ‘ # Frames Modality ‘ Acc (%) Gain (%) | # Tokens
EgoButler Gemini 1.5 Pro ‘ 0 C,T ‘ 36.9 +0 ‘ -

GPT 4.1 Prev4Day | o T | 456 +8.7 | 700K
0 T 52.0 +15.1 243K
GPT 4.1 Oracle ‘ 50 ET ‘ 576 4207 ‘ 274K
. 0 T 57.9 +21.0 332K
Gemini 2.5 Pro Oracle ‘ 50 ET ‘ 68.7 +31.8 ‘ 346K
EGAgent GPT-4.1 (EG+F+T) IFPS—50 F,C,T 50.7 +13.8 571K
EGAgent Gemini 2.5 Pro (EG+F+T) | IFPS—50 F,C, T 575 +20.6 880K

Table 7: Recall@windowsize (recall@W) of agentic approaches on EgoLifeQA with respect to ground-truth
timestamps provided by the dataset. We compute recall over temporal windows W centered on each ground-truth
timestamp for the predicted timestamps from each tool: i.e., EG for T'0olcg, F for T'ooly;s, and T for T'00l4.,q. The
number of timestamps that each search tool searches over is marked by Input #ts, and the number of timestamps
highlighted by the analyzer tool as relevant to the query is marked by Selected #ts.

Category ‘ Method ‘ Il;[:ut Se:#eited ‘ recall@ W
‘ ‘ $ $ ‘ 10sec 30sec 1min 2min 10min 1 hour
. MLLMs . Gemini 2.5 Pro 3000 3.1 0.101  0.160 0.192 0.238 0.325 0.410
(Uniform Sampling)
| EGAgent (F+T) Overall | 4750 48 | 0232 0241 0255 0268 0322 0418
EGAgent (EG+F+T) Mgq 158 10.8 0.127 0.166 0.199 0.233 0413 0.658
Ours EGAgent (EG+F+T) My g 50 176 | 0.857 0.868 0.873 0.875 0.900  0.930
EGAgent (EG+F+T) M yp | 4700 2.6 0.218 0247 0.261 0.288  0.347 0.417
EGAgent (EG+F+T) Overall | 4958 31.0 0.884 0.895 0.898 0.902 0.932 0.962

As seen in Tab. 7, the visual search tool shows
strong recall even at window size of 10 seconds, in-
dicating that it shows strong temporal localization
capabilities. It is natural to question why our MCQ
accuracy remains relatively low (34.6% when us-
ing only T'oolyis, Tab. 5) even with such high re-
call of T'ool,is; we highlight that even with perfect
precision (using an audio-visual oracle, Sec. D.2),
the MCQ accuracy saturates at 68.7%. This indi-
cates that an audio-visual analysis of ground-truth
timestamps alone is insufficient to push the frontier
further.

The audio transcript search tool shows poor re-
call at small window sizes, which is surprising as
an oracle with audio transcript search is 21% better
than the previous state-of-the-art (Gemini 2.5 Ora-
cle with T in Tab. 6). When examining M,q we
observe that this is because while the analyzer tool
points out relevant context from audio transcripts
for each task from the planning agent, it occasion-
ally misses explicitly pointing out timestamps on
which the timestamp occurs is ambiguous. This

leads to missing hits even when the analyzer has
analyzed the correct portion of the audio transcript
(as is evident from the search tool’s analysis in the
working memory M).

The entity graph search tool shows the worst
fine-grained temporal localization of all EGAgent
search tools at smaller window sizes (< 2 min)
which is expected as it is a lower-dimensional pro-
jection of the audio-visual space when compared
to visual embeddings in R¢ generated by a vision
encoder (SigLIP 2) or raw audio transcripts. We
observe that the entity graph starts to beat the re-
call@W of the audio transcript search at windows
> 2 minutes, indicating its broader temporal cover-
age compared to the audio transcript search. Since
searching the entity graph is 3.5 faster than audio
transcript search (Tab. 8), the entity graph search
provides a flexible recall-latency tradeoff and is
valuable to our EGAgent for both coarse temporal
shortlisting (high recall at large window size) and
fine-grained cross-modal reasoning with the visual
and audio transcript search tools. See Figure 1 and
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Table 8: An expanded version of Table 4 showing wall-clock latency in seconds of each module within EGAgent
averaged over all MCQ on EgoLifeQA. For both the Visual and Transcript searches, the wall-clock time of the
analyzer tool (a multimodal LLM) dominates the retrieval time. When the transcript search backbone is an LLM,

both the retrieval and analysis happen simultaneously.

‘ Transcript ‘

Wall-Clock Runtime (sec)

Method ‘ Acc(%) Search

Backbone ‘ Planning

Visual Search

. #Tokens
Transcript Search VQA Agent Total ‘

EG Search
‘ ‘ Retriever  Analyzer Retriever  Analyzer
EGAgent GPT-4.1 439 BM25 3.1 4.6 41.1 8.4 1.7 8.2 6.9 125 172K
(EG+F+1) 50.7 LLM 3.1 4.5 41.8 10.2 - 354 6.9 169 571K

Fig. 5 for examples.

Lastly, when all our tools are combined to form
EGAgent (EG + F + T), we observe very strong
recall of 0.88 even at a window size of 10 seconds.
This result provides evidence that the strong perfor-
mance of EGAgent on EgoLifeQA (Table 1) can be
attributed to higher quality temporal localization
of context relevant to the original query about the
very long video.

D.4 EGAgent Latency and Memory

Latency. We expand Tab. 4 (main paper) to show
latency of each component of EGAgent in Tab. 8
in terms of wall clock time. We observe that the
latency of the MLLM analyzer tool dominates for
both the visual search and audio transcript search-
compared to the actual retrieval time. Notably, in
the case of visual search, the analyzer MLLM must
process 50 retrieved frames, contributing signifi-
cantly to the latency (~ 9.1 higher than the actual
retrieval time). When switching the backbone of
audio transcript retrieval from a MLLM to BM25,
the latency of overall audio transcript search is
3.6x lower. This analysis shows that our entity
graph search tool adds minimal inference overhead
to standard audio-visual search setups (12.8% on
average) while providing strong accuracy gains, es-
pecially in tasks requiring knowledge of inter-entity
relationships (Tab. 5).

Memory. The entity graph queried by EGAgent’s
Entity Graph Search Tool (T'00les) is extremely
lightweight. For ~52 hours of EgoLife video
recorded by participant Jake, the SQLite database
occupies only ~2 MB on disk, and for Video-MME
(Long), ~65 KB on average per video. On the
other hand, the visual embedding database used
by the Visual Search Tool (Tool;is) is much larger
as it stores embeddings of video frames sampled
at 1 frame-per-second (FPS). On Egolife (Jake),
this corresponds to 187011 frames (~51.94 hours)
and 1.4 GB memory on disk. On Video-MME

(Long), this corresponds to a total of 739896 frames
(~205.52 hours) and 5.7 GB memory on disk, or 19
MB per video. The Audio Transcript Search Tool
(Tool,uq) queries raw audio transcripts (.srt files
provided by the original dataset creators), which
total 5.2 MB memory on disk on EgoLife (Jake).
Video-MME provides transcripts for only 744 /900
total videos and 292 / 300 videos in the Long sub-
set. The Long subset transcripts which EGAgent
queries occupies a total of 24.2 MB or ~83 KB per
video.

D.5 Entity Graph Noise

To address possible ASR or extraction errors affect-
ing the quality of our entity graph relationships, we
utilize a strict-to-relaxed search strategy where the
agent automatically broadens temporal windows to
maximize recall if initial matches fail (Section 3.3).
Additionally, we randomly sample 100 relation-
ships from EgoLife (out of 13968) and manually
audit if the relationship is correct by examining the
raw video and audio transcripts. On this subset,
we find a 94% accuracy rate, where the failures
generally correspond to subtle errors in visual cap-
tioning or while fusing the captions and transcripts.

E Failure Cases

We show example mistakes made by EGAgent
(Gemini 2.5 Pro) on EgoLifeQA in Fig. 8.

(1) Identity Attribution under Perceptual Am-
biguity. As shown in Fig. 8a, EGAgent success-
fully localizes the relevant moment but fails to re-
liably identify the individual in the frame. This
highlights the challenges in multimodal identity
grounding; the agent struggles to disambiguate in-
dividuals when visual signals are degraded and
confounded by audio, misaligning identity with
concurrent speech rather than visual context. Incor-
porating persistent persona representations (e.g.,
appearance cues like hair color or body shape)
could improve robustness.
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(2) Conflicts Between Audio and Visual Evi-
dence. Fig. 8b illustrates a failure case stemming
from incorrect temporal reasoning due to conflicts
between audio and visual evidence. EGAgent in-
consistently reconciles temporal evidence across
modalities, sometimes privileging prior verbal in-
tent over more reliable visual observations. Enforc-
ing cross-modal consistency checks and prioritiz-
ing direct evidence could mitigate this issue.

(3) Entity Graph Incompleteness. In the example
in Fig. 8c, social or relational information is un-
derrepresented relative to object interactions in the
graph, which EGAgent cannot reconcile. Richer
representations of agents and interactions, along
with more targeted query planning to explicitly tar-
get missing relational attributes, may address this
limitation.

(4) Ambiguity in the Question. As shown in
Fig. 8d, when asked to infer Katrina’s food prefer-
ences, EGAgent selects pizza, supported by multi-
ple observations of her consuming pizza over the
course of the week. However, during a shared meal,
she remarks “this is delicious" in the context of
Tremella soup being discussed, introducing ambi-
guity as to whether the statement refers specifically
to the soup or to another dish at the table. Both
pizza (frequent consumption) and Tremella soup
(positive verbal feedback) are plausible answers.

F Implementation Details

For GPT-4.1, GPT-40, and Gemini 2.5 Pro, we
use the default settings with a temperature of 0
and a maximum of 3 retries. For Qwen-2.5-VL-
7B (see Table 2 in the main paper), the model is
hosted locally using vLLLM on 4 x H200 GPUs, with
temperature set to 0, tensor-parallel-size =4,
and gpu-memory-utilization = 0.85.
Agent Implementation. We use Lang-
Graph (LangChain, 2025) for implementing
our EGAgent. We use Al assistants to help
write code for our agent implementation. We
first convert our multiple-choice question into
a StateGraph called VeryLongVideoQA which
contains all necessary attributes for EGAgent
inference. We show code for our agent design in
App. F. Note that all accuracies reported in this
work are from a single run, as running agents
multiple times on each dataset is computationally
prohibitive.

We construct our EGAgent as shown in
Figure 3 over the VeryLongVideoQA State-

Graph. Once EGAgent receives a query @,
our planning agent (“planner” node) comes
up with a sequence of N sub-tasks, which
are saved to VerylLongVideoQA.plan. A
router (“route_plan”) then sends sub-task .S;
(VeryLongVideoQA.current_task) to appropri-
ate tool 7; (visual, entity graph, or audio tran-
script search) along with search query argu-
ments ¢g;. The retrieved content from these
tools is passed to the analyzer tool (“ana-
lyzer”) which updates the working memory M
(VeryLongVideoQA.working_memory). We also
use an early exit condition that checks if the
working memory already contains answers for
future sub-tasks (‘“grade_plan_completion”). If
it does not, we return control to the planning
agent and proceed with future sub-tasks. If the
working memory answers all past and future sub-
tasks, we jump straight to the VQA agent (“gen-
erate_answer”) which predicts the final answer A
(VeryLongVideoQA. answer).

from langgraph.graph import StateGraph
from typing_extensions import TypedDict
from typing import List

# defines graph attributes
class VeryLongVideoQA(TypedDict):

Attributes:

question: multiple-choice question

candidates: four options for MCQ

selected_video: selected video name

start_t: when to begin tool search

end_t: when to end tool search

query_time: the time (and day) the
query is asked, if provided

audio_transcripts: full audio
transcripts of long video

plan: decompose the question
multi-step plan

working_memory: accumulate cross-
modal evidence

current_task: current planner task
being executed

previous_tasks: planner tasks
previously completed

answer: VQA agent predicted answer

total_tokens: total tokens used

nonon

into

question: str
candidates: List[str]
selected_video: str
start_t: int

end_t: int
video_duration: int
query_time: str
audio_transcripts:
plan: List[str]
working_memory: str
current_task: str
previous_tasks: List[str]

List[str]
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answer: str

total_tokens: List[str]

from langgraph.graph import START, END
wf = StateGraph(VeryLongVideoQA)

# Define the agent nodes

wf.add_node("planner”, planner)

wf.add_node ("search_eg", search_eg)

wf.add_node("search_visual”,
search_visual)

wf.add_node("search_tscripts”,
search_tscripts)

wf.add_node("generate_answer”,
generate_answer)

# Build agent graph
wf.add_edge (START, "planner”)
wf.add_conditional_edges(

"planner”,
route_plan,
{
"eg": "search_eg",
"visual”: "search_visual",
"audio”: "search_transcripts”
} ,

)

wf.add_edge("search_eg", "analyzer")

wf.add_edge ("search_visual”, "analyzer")

wf.add_edge("search_transcripts”,
"analyzer")

# allow early termination if all tasks
# addressed by working memory
wf.add_conditional_edges(

"analyzer”,
grade_plan_completion,
{
"complete”: "generate_answer”,

"incomplete”: "planner”,

} ’
)

# Send working memory and query to VQA
Agent

wf.add_edge ("generate_answer”, END)

Entity Graph Extraction. To create an entity
graph, we first need a good audio-visual scene
representation to extract entities and relationships
from. We create these scene representations by
fusing (with GPT 4.1) audio transcripts and visual
captions we generate via GPT-4.1 at 30 second in-
tervals (see “System Prompt for Visual Caption -
Transcript Fusion” below). These fused captions
have cross-modal information, where people, ob-
jects, actions, and events are described by visual
captions, and audio cues (+ speaker identities in
the case of EgoLife) provide additional context to
relationships that occur in the scene.

We use Langchain’s LLMGraphTransformer to
extract an initial candidate set of nodes and rela-

tionships from our generated fused captions. While
temporal localization via search tools is very im-
portant for long video understanding (Sec. D.2),
LLMGraphTransformer module does not support
adding any additional metadata to graph nodes and
edges. To later equip our search tool with tempo-
ral filtering capabilities, we annotate all extracted
relationships (entity graph edges) with timestamps
based on the audio transcripts and visual captions.
See “User Prompt for Temporal Annotation of En-
tity Graph Edges” below for more details.

Entity Graph Extraction Design Choices. We
initially experimented with free-form relation ex-
traction, allowing the LLM to describe relation-
ships from the fused transcripts and video cap-
tions without constraints. We found nearly all
of these relationships collapsed into four major
buckets, i.e., “interacts with” and “uses” for physi-
cal person-object interactions in specific locations
and “talks to” or “mentions” for verbal interac-
tions, which are the abstractions we used to ex-
tract the entity graph (allowed_relationships
below). Increasing relation granularity primarily
introduced synonymous or low-frequency relation
types, which fragmented retrieval queries and dras-
tically reduced entity-graph recall during agentic
search (Sec. D.3). We found that coarser abstrac-
tions improved robustness by enabling broader
matching across noisy ASR and caption signals
while preserving the relational information needed
for temporal localization and multi-hop reason-
ing. We also highlight that while these four ab-
stractions are sufficient for the dense social and
physical interactions in egocentric data like Ego-
Life, our entity graph extraction pipeline is entirely
domain-agnostic. The relationship schema itself
is prompt-defined (see “System Prompt for Entity
Graph Extraction” below), making it straightfor-
ward and efficient to adapt to different domains
(e.g., 30 minutes on ~52 hours of EgoLife).

from langchain_core.documents import
Document

from langchain_experimental.
graph_transformers import
LLMGraphTransformer

def generate_eg(text:str):

1lm = get_vision_llm('gpt-4.1")

allowed_nodes = ["Person”,
"Location”, "Object"]

allowed_relationships = ["TALKS_TO0",
"INTERACTS_WITH", "MENTIONS",
"USES"]

docs = [Document (page_content=text)]

eg = LLMGraphTransformer (
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11lm,
allowed_nodes,
allowed_relationships

)

eg = eg.aconvert_to_graph_documents(
docs)
return eg

# fuse audio tscripts and visual caps
fused_caps = generate_fc(caps, tscripts)
relationships = generate_eg(fused_caps)

eg_with_tstamp = temporal_annotator.
invoke (

{

"relationships”: relationships,
"transcripts”: tscripts,
"captions”: fused_caps
}
)

Token Usage Estimates. Here we provide details
for estimates of total tokens used by baseline meth-
ods in Tab. 1 and Tab. 2. For GPT 4.1 and Gemini
2.5 Pro, we apply 85 and 258 tokens per image
respectively as per their API documentation. For
Video-RAG (Luo et al., 2025), we add 2K tokens
used by auxiliary texts (reported in the original pa-
per) to an estimated 258 tokens per image. For
EgoGPT (Yang et al., 2025b), we roughly estimate
the number of tokens for text summaries at inter-
vals of 30 seconds (~100), one hour (~500), and
one day (~2000). We assume one inference pass
searches one day (2K tokens), 10 hours per day (5K
tokens), and 120 30-second intervals per hour (12K
tokens). For all other methods (Xue et al., 2025;
Ma et al., 2025; Yuan et al., 2025), we assume they
use the entire LLM context window.
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Who joined us when Shure

What other ingredients did
and| were setting up the

I prepare the last time |

‘was chopping vegetables
A Katrina in the kitchen?
B.Alice A Mango
oluen B.Konjac
D. Tasha C. Cabbage
D.Potato

Reason: Shure and | were

busy, and Katrina joined to Reason: | was chopping

help. mango.
Visual Vi
DB DB
Jake and the rack assemb
« Lucia' the most clearl the different
« Frame_Search notes that ink hair joi She first
VQA around 12:58:15 on DAY1" + Frame_Search context establishes that the last time the chopping vegetables activity occurred was on
>« Thisis comoborated by the ‘Transcript_Search’, which states, "Lucia observes and asks if they need help at21:20:
This is corroborated by the Transcript_Search’, which "Luci i d hel VQA DAY3 at 21:20:24.
Agent at12:59:33" The close timing of these two events strongly suggests that Lucia s the person who Agent + The Transcript_ , referring to , expl , “The transcripts show me
physicaly joined to assist.

stating my intention to cut a potato..”
« While the *Transcript_Search" and "EntityGraph_Search" also confirm the presence of Katrina and Tasha

during the assembly, Lucia is the only one explicitly identified as physically helping in the visual evidence.

EGAgent correctly localizes the relevant moment and we can see Jake cutting a mango in the
retrieved frames. It gets confused by temporal order of cutting because Jake mentions his
“intention to cut a potato”.

EGAgent correctly identifies the relevant moment and that the girl in the pink hair is the answer,
but incorrectly predicts it is Lucia and not Katrina due to Lucia speaking at the same time

() QID 18 (b) QID 231

Who do | usually shop What does Katrina lie to

with? eat?

A.Alice A.Steak
B.Tasha B.Pizza
C.Shure C. Tremella soup
D.Lucia

D. Hamburger

Reason: | am with Tasha Reason: Because Tasha

has mentioned she likes
steamed buns.

Visual |, Visual |,
DB DB
The provided context s insufficient to answer the question. . D B «
e Thanaeiotsemc coneint o e ‘riendson Day 1 i . Kati e ez (Oh e S e DY S L b 2o S
VQA e ot ¥ M VQA 12:00:14) and Day 4 (between 22:11:44,16 and 22:11:45,26).
Agent + The names Alice, Tasha, Shure, and Lucia do not appear anywhere in the provided context Agent OULLD 2 Ao Seten catfics et shenatina sav2 phis B daiiione
sheis referring to the "Century egg and lean pork congee;’not the soup.
+ Thersfore, it 1 with based on the given information.
5 the context that sh K or a hamburger.

EGAgent correctly identifies the relevant moment (Day 1around 5:30 PM) but cannot identify
the individual from the transcripts and entity graph. In this case, the entity graph extraction
focused on Jake's object interactions in the supermarket and not who he was talking to.

EGAgent finds multiple instances of Katrina eating pizza. For Tremella soup, it is unclear when
Katrina says “this is delicious” if she she is referring to Tremella Soup or Century egg and lean
pork congee, which are being eaten in a group setting.

(c) QID 353 (d) QID 470

Figure 8: Analyzing EGAgent mistakes on EgoLifeQA. The are in the top left, with colors denoting
the and the agent’s incorrect prediction, as well as a ground-truth labeled “reason” for the
correct answer. The topmost row shows a 4 second window around the target_time for each query provided by
the benchmark (ground-truth time for evidence). The two rows of images below the top show frames retrieved by
the Visual Search Tool (T'ool,;s). The shows the reasoning chain of the and the

red box at the bottom summarizes why EGAgent made a mistake. QID for each example refers to the question ID
from EgoLifeQA.
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Planning Agent Prompt:

“““ You are an expert at answering questions about very long videos. These questions may require
multi-hop reasoning. Your job is to come up with a multi-step plan of all possible information that
may be needed to answer the question.

Each step of your plan will be routed to three search tools. The first search tool looks at transcripts
with timestamps, the second looks at image frames sampled at 1 FPS, and the third looks at an
entity scene graph extracted from the long video. All search tools will search for context relevant
to the plan step.

Keep each step concisely framed, and do not add compiling information as the final step, as this
will be done automatically. You may use up to five steps, but use as few as necessary to answer the
question.”””

System Prompt for Temporal Annotation of Entity Graph Edges:

“You are a helpful assistant that adds timestamps to relationships between graph nodes. Output
only valid JSON, no prose.”

User Prompt for Temporal Annotation of Entity Graph Edges:

“““You are given:

1) a list of relationships: each relationship has relationship_id, source_id node, target_id node, and
relationship type.

2) a caption containing dialogue: the caption contains a timestamp (start_t — end_t) and visual
information from the scene as well as information on spoken dialogue.

3) a list of transcripts [t1, t2, ...], each containing a ‘timestamp’ (start_t — end_t) and ‘text’
containing spoken dialogue.

For every single provided relationship, find all transcripts and captions that support it.
Relationships : {relationships} Captions: {captions} Transcripts: {transcripts}
Rules:

- First, try to use only timestamps already present in transcript utterances.

999999

- If no supporting utterances exist, use the entire interval from the caption as start_t and end_t.

46597




System Prompt for Visual Caption - Transcript Fusion:

“““You are an expert multimodal summarization model. You will be given two aligned inputs
corresponding to the same short video segment (about 30 seconds):

1. Visual Caption - a detailed description of what is visible in the video.
2. Diarized Transcript - spoken dialogue transcribed with timestamps and speaker names.

Your task is to fuse these into a single, coherent, and natural paragraph that integrates both visual
and spoken information. Follow these rules carefully:

* Focus on relevant spoken content (who says what and its meaning) and highlight visual content
(location, people, actions, and objects).

* Preserve factual details but avoid repetition or speculation.
* Keep the fused caption written in neutral, descriptive tone.

* Output only the fused caption - no explanations or metadata.
User Prompt for Visual Caption - Transcript Fusion:

““““ Here are the inputs for this segment:
1. Visual Caption: {caption_text}
2. Diarized Transcript: {transcript_text}

Produce one fused caption that naturally combines both.””””
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System Prompt for Entity Graph Extraction:
“““ Knowledge Graph Instructions

1. Overview

You are a top-tier algorithm designed for extracting information in structured formats to build a
knowledge graph. Try to capture as much information from the text as possible without sacrificing
accuracy. Do not add any information that is not explicitly mentioned in the text.

- Nodes represent entities and concepts.

- The aim is to achieve simplicity and clarity in the knowledge graph, making it accessible for a
vast audience.

2. Labeling Nodes

- Consistency: Ensure you use available types for node labels. Ensure you use basic or elementary
types for node labels.

- For example, when you identify an entity representing a person, always label it as ’person’. Avoid
using more specific terms like *mathematician’ or ’scientist’.

- Node IDs: Never utilize integers as node IDs. Node IDs should be names or human-readable
identifiers found in the text.

- Relationships represent connections between entities or concepts. Ensure consistency and gen-
erality in relationship types when constructing knowledge graphs. Instead of using specific and

momentary types such as ' BECAME_PROFESSOR’, use more general and timeless relationship
types like 'PROFESSOR’. Make sure to use general and timeless relationship types!

3. Coreference Resolution

- Maintain Entity Consistency: When extracting entities, it’s vital to ensure consistency. If an entity,
such as John Doe, is mentioned multiple times in the text but is referred to by different names
or pronouns (e.g., Joe, he), always use the most complete identifier for that entity throughout the
knowledge graph. In this example, use John Doe as the entity ID. Remember, the knowledge graph
should be coherent and easily understandable, so maintaining consistency in entity references is
crucial.

4. Strict Compliance

nnn

Adhere to the rules strictly. Non-compliance will result in termination.
User Prompt for Entity Graph Extraction:

“““ Based on the following example, extract entities and relations from the provided text. Use the
following entity types, don’t use other entity that is not defined below:

ENTITY TYPES: {allowed_nodes}
Use the following relation types, don’t use other relation that is not defined below:
RELATION TYPES: {allowed_relationships}
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Entity Graph Search System Prompt:

“““ You are an expert SQL reasoning assistant working over a SQLite database ‘entity_graph_table’
with the following schema:

entity_graph_table(
id INTEGER PRIMARY KEY AUTOINCREMENT,
day INTEGER, # 1 to 7. Must be < query time day
start_t INTEGER, # e.g., 132609 for 13:26:09. Should be earlier than end_t
end_t INTEGER, # e.g., 184016 for 18:40:16
transcript TEXT, # what was said between start_t and end_t
source_id TEXT, # name of the source entity e.g., Jake, Microwave, Yard
source_type TEXT, # (“Person”, “Location”, “Object”)
target_id TEXT, # name of the source entity e.g., Shure, Phone, Knife
target_type TEXT, # (“Person”, “Location”, “Object”)
rel_type TEXT # (“TALKS_TO”, “INTERACTS_WITH”, “MENTIONS”, “USES”)

)

This schema represents an entity graph extracted from long egocentric video (7 days, 8 hours a
day). Each entry of the table represents a relationship in the entity graph: source_id (source_type)
— rel_type — target_id (target_type) which occurs between time start_t and end_t on a particular
day (from 1 to 7). e.g., Jake (Person) — USES — mobile phone (Object)

You are given a multiple-choice question about the long video and the time it is asked (e.g., day 6
at 15:23:41), as well as a specific goal designed by an expert planner. Your job is to construct SQL
queries to query the above table to answer the specific goal given by the planner.

Rules for query generation:
1. Your goal is to find relevant rows describing relationships between entities.

2. You must construct SQL queries progressively, starting with the strictest filter and relaxing step
by step if no results are found.

3. Each stage should keep only the necessary filters. The order of relaxation is:

(a) Strict: exact day, exact timestamp (start_t >x and end_t<y), exact source_id, exact target_id,
exact rel_type.

(b) Relax time: same day, exact source_id/target_id, same rel_type.

(c) Relax day: all days, exact source_id/target_id, same rel_type. Day has to be < to the query
time day.

(d) Relax entity match: same rel_type but use substring (‘LIKE®) for source/target_id. Try to
use single word for both IDs here to maximize probability of substring match.

(e) Relax rel_type: search by entity only (no rel_type constraint).
4. Always return your reasoning, and the SQL for each step, in a structured format.
5. Do not hallucinate entity names; use = or LIKE matching only to suggest similar candidates.

6. Always use SELECT * FROM entity_graph_table WHERE ... Do not use SELECT transcript or
any other specific element of the schema.

7. Do not search the transcript unless you have exhausted other options.

999999

8. Keep relaxing until the last SQL query has ONLY target_id (and optionally transcript).
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Entity Graph Search User Prompt:

““¢ User question: {question} asked at {query_time}, and relevant context gathered thus far:
‘{working_memory}’.

Your job is to create a SQL query to answer this specific goal given by an expert planner: ‘{cur-
rent_task}’.

Return a JSON object with: - “reasoning”: a short summary of your search plan and why constraints
are relaxed.
- “sql_queries”: an ordered list of candidate SQL strings to execute, from strictest to most relaxed.

999999

You do not need to run SQL, only generate the statements.

Visual Search System Prompt:

“““You are a question re-writer that rewrites the input question into concise text queries optimized
for text-image retrieval on frames from a very long video sampled at 1 FPS, and specifies when to
search. You are also given relevant context from previous retrieval steps. Retrieval is carried out
with SigLIP 2 embeddings, so keep the rewritten queries short (single word wherever possible),
distinct, and unambiguous. Do not use generic common nouns or times of day (e.g., noon or
afternoon) that are not specific to objects or actions present in the question and options, as these
will likely return irrelevant search results using SigL.IP 2 embeddings. Do not use specific named
entities as text queries (such as names of non-famous people), as SigLLIP 2 will not have seen these
during training.

You are given the starting and ending time of the long video, and asked to select the day and a start
time and end time to search between. If you are unsure when to search, search the entire duration
(i.e., the entire day). You may search any day and time before the query time."""

Visual Search User Prompt: ““‘Here is the initial question: {current_task} asked at {query_time}

Relevant context from previous retrieval steps: {working_memory }

Here is a dictionary containing the start and end times of all days formatted as HHMMSS:
{day_search_dict}.

Rules:
1. You may search any day between the start_t and end_t of that day.

2. Select a set of 1 to 3 concise text queries e.g., ['ql’] or [’q1’, ’q2’, ’q3’] for each day you would
like to search, and optionally when during that day to search (between start_t and end_t).

3. If you only need one text query, only use one text query. Only use additional text queries if they
are semantically distinct from one another.””””
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Audio Transcript Search System Prompt:

“““You are a helpful assistant who analyzes how retrieved transcripts are relevant to answer a
multiple-choice question about a long video. You are given a single step of a multi-step plan for
answering the multiple-choice question and a list of transcripts (which may be diarized, i.e., have
speaker names annotated) over the entire long video, where each list element is a dictionary of
start time, end time, transcript text.”””

Audio Transcript Search System Prompt:

“““Your task is to select audio transcripts relevant to this step of the multi-step plan: {current_task}.
You are also provided context from previous retrieval steps, as they may be relevant in your
selection process: {working_memory }

Here are the full audio transcripts of the long video: {transcripts}.

Once you select all audio transcripts that may be relevant to answer the step, describe how the audio
transcripts are relevant to the goal: {current_task}. Note that the question is from the first-person
(egocentric) perspective of Jake. Any references to “me” or “I” thus refer to Jake.”””
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