
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 19342–19355
October 24-29, 2026 ©2026 Association for Computational Linguistics

AEMAgent: Cognition-Inspired Active Memory Formation for Very-Long
Video Understanding

Xian Zhao1,2, Jiaming Zhang3, Haonan Chu1, Weihao Bo4, Xu Chen1,
Delai Qiu2, Yi Zhang5, Shengping Liu2, Jian Yu1, Jitao Sang1*

1Beijing Key Laboratory of Traffic Data Mining and Embodied Intelligence,
Beijing Jiaotong University

2Unisound AI Technology Co., Ltd. 3Nanyang Technological University
4Nanjing University of Science and Technology 5Independent Researcher

{xian.zhao, jtsang}@bjtu.edu.cn

Abstract

Embodied AI and wearable assistants require
agents to retrieve sparse evidence from continu-
ous days-level videos. Existing memory-based
methods typically follow a passive recording
paradigm based on fixed-window captioning
and periodic memory construction, which pro-
duces redundant memories and inefficient long-
horizon reasoning. Inspired by human mem-
ory formation, we propose Active Explore
Memory Agent (AEMAgent), which trans-
forms passive recording into active memory
formation by deciding when to remember,
how to explore events, and when to reflect.
These decisions are instantiated as a coher-
ent pipeline: Surprise-guided Event Selec-
tion detects salient event changes for selec-
tive memory writing, Exploratory Episodic
Memory Encoding enriches accepted events
through self-questioning, Predictive-Coding-
Guided Reflection updates knowledge from
expectation-observation mismatches, and Se-
mantic Memory Consolidation distills noisy
episodic updates into compact long-term mem-
ory. Experiments on multiple benchmarks show
that AEMAgent achieves the best overall per-
formance among all compared methods while
maintaining lower storage overhead than strong
full-memory baselines, demonstrating the ef-
fectiveness of selective and efficient memory
formation for scalable very-long video under-
standing.1

1 Introduction

Recent advances in embodied AI and wearable as-
sistants such as AI glasses are extending video
understanding from short curated clips to contin-
uous, days-level streams (Yang et al., 2025; Park
et al., 2026). In such scenarios, agents must an-
swer questions about events that may have occurred

*Corresponding author.
1Code is available at https://github.com/ZxShane/

AEMAgent.

days earlier, requiring them to retrieve sparse query-
relevant evidence from long, repetitive, and weakly
structured histories. This setting, known as very-
long video understanding, poses challenges beyond
conventional long-video understanding. Existing
long-video methods, including context compres-
sion (Tang et al., 2025) and KV-cache compres-
sion (Kim et al., 2026), remain fundamentally con-
strained by fixed-size context windows and cannot
preserve persistent historical information over ex-
tended time spans. As a result, recent work has
increasingly explored long-term memory mecha-
nisms for very-long video understanding (Long
et al., 2025; Yeo et al., 2025).

Although recent agent-based methods introduce
long-term memory, most still follow a static obser-
vation paradigm. As shown on the left side of Fig-
ure 1, they typically segment videos into fixed tem-
poral windows, generate caption-only records, and
periodically aggregate them into semantic mem-
ory. This process leads to three key limitations.
First, rigid temporal slicing ignores the irregular
rhythms of real-world events and forces agents to
process predefined intervals rather than meaningful
changes. Second, caption-centered memory con-
struction mainly captures surface-level visual con-
tent, without exploring deeper event implications.
Third, periodic aggregation updates semantic mem-
ory regardless of actual information gain, intro-
ducing redundant content into long-term memory.
Consequently, such static memory formation often
produces redundant, shallow, and limited-coverage
memories, increasing retrieval burden and contex-
tual interference during question answering.

A more capable very-long video agent should
move beyond static observation by actively decid-
ing when to remember, how to explore events, and
when to reflect. This desired capability is naturally
aligned with human memory formation (Atkinson
and Shiffrin, 1968). Humans do not uniformly
record continuous experience, instead, they selec-
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Figure 1: From static observer to cognition-inspired active explorer. Static observation builds memory from
fixed-interval caption-only samples, often yielding redundant, shallow, and low-coverage memories. In contrast,
AEMAgent transforms passive observation into cognition-inspired active exploration, producing fewer but more
meaningful memories for very-long video understanding.

tively encode salient changes in the environment.
Humans also actively explore events by asking
implicit questions about their causes, meanings,
and possible consequences (Zacks et al., 2007).
Moreover, cognitive theories such as predictive
coding (Rao and Ballard, 1999) suggest that mis-
matches between prior expectations and actual ob-
servations can trigger belief revision. These prin-
ciples provide a natural blueprint for building an
active memory agent that selectively acquires, en-
riches, and consolidates long-term memory.

Inspired by these observations, we propose the
Active Explore Memory Agent (AEMAgent), a
cognition-inspired memory agent for very-long
video understanding. AEMAgent transforms long-
term memory construction from passive record-
ing into active memory formation by addressing
three key questions: when to remember, how to ex-
plore events, and when to reflect. As illustrated
in the right part of Figure 1, AEMAgent first
decides when to remember by adaptively detect-
ing salient event transitions from visual and au-
dio observations. It then determines how to ex-
plore events by enriching selected events through
self-questioning and short-term prediction, produc-
ing episodic knowledge beyond surface-level cap-
tions. Finally, it decides when to reflect by using
prediction–observation mismatches to trigger se-
mantic memory updates, which are further consol-
idated into a compact and retrievable long-term
semantic graph.

Extensive experiments on multiple very-long
video understanding benchmarks demonstrate that
AEMAgent achieves strong overall performance
with a favorable efficiency–accuracy trade-off. By
forming compact and query-relevant memories,
AEMAgent reduces storage and retrieval overhead
among full-memory baselines. These results sug-
gest that scalable very-long video understanding
requires not merely larger memory banks, but selec-
tive, exploratory, and efficient memory formation.

Our contributions are summarized as follows:

• We identify the limitation of existing very-
long video memory agents as a static observa-
tion paradigm, where fixed-window caption-
ing and periodic memory aggregation lead to
redundant, shallow, and low-coverage memo-
ries.

• We propose AEMAgent, a cognition-inspired
memory agent that replaces passive long-term
memory recording with active memory for-
mation. Through surprise-guided event se-
lection, exploratory episodic encoding, and
predictive-coding-guided reflection, AEMA-
gent autonomously decides when to remem-
ber, how to explore events, and when to reflect.

• Extensive experiments on multiple very-
long video understanding benchmarks demon-
strate that AEMAgent achieves the best over-
all performance while maintaining a strong
efficiency–accuracy trade-off, highlighting the
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superiority of selective active memory forma-
tion over quantity-driven accumulation.

2 Related Work

2.1 Long Video Understanding

Long video understanding aims to enable mod-
els to comprehend videos spanning hours and an-
swer questions that require temporally distributed
evidence. Existing methods have made progress
through extended context windows (Team et al.,
2024; Ding et al., 2023), visual token compres-
sion (Huang et al., 2025; Li et al., 2024), sparse
key-frame sampling (Tang et al., 2025; Song et al.,
2026), hierarchical summarization (Song et al.,
2024; Qian et al., 2024; Kim et al., 2026), and
agent-based segment reasoning (Wang et al., 2024;
Zhi et al., 2025). However, these approaches
are primarily designed for minutes- or hours-level
videos with bounded temporal scope. They either
remain limited by finite context capacity, risk dis-
carding sparse but critical evidence, or maintain
only short-term segment-level memory within a sin-
gle video. Therefore, they cannot be directly scaled
to very-long video understanding, where agents
must continuously retain, update, and retrieve in-
formation across days-level video histories.

2.2 Very-Long Video Understanding with
Long-Term Memory

Very-long video understanding requires models to
answer questions over continuous, repetitive, and
weakly structured streams spanning hours to days.
Recent agent-based methods address this challenge
by constructing long-term memory from video
streams and retrieving query-relevant evidence for
response generation. EgoRAG (Yang et al., 2025)
retrieves historical events from captions over fixed
30-second windows, while M3-Agent (Long et al.,
2025) and EGAgent (Rege et al., 2026) organize
segment-level observations into entity-centric or
scene-graph memories. WorldMM (Yeo et al.,
2025) extends this paradigm to multiple tempo-
ral scales, building episodic, semantic, and visual
memories from 3-minute, 10-minute, and 1-hour
captions. Despite different memory structures,
these methods largely rely on fixed-window cap-
tioning for memory construction, which can in-
troduce redundant and low-coverage memories. In
contrast, AEMAgent transforms static memory con-
struction into cognition-inspired active memory ex-
ploration by selectively remembering, exploring,

and reflecting on meaningful event changes.

2.3 Human Memory Formation

Human memory is not a uniform recording of
continuous experience. Cognitive studies sug-
gest that memory formation is selective and event-
centered: humans preferentially encode salient en-
vironmental changes, unexpected transitions, and
behaviorally relevant information (Atkinson and
Shiffrin, 1968; Zacks et al., 2007). Beyond en-
coding, humans actively interpret events by un-
derstanding their causes, relations, and implica-
tions. These event-level experiences correspond to
episodic memory, which preserves concrete obser-
vations about what happened, when it happened,
and in what context. Through consolidation, re-
peated experiences and local observations are ab-
stracted into semantic memory, which stores stable
knowledge such as habits, preferences, social re-
lations, and high-level regularities (Tulving et al.,
1972). Predictive coding further explains how se-
mantic memory is revised over time. Prior expe-
rience generates expectations about upcoming ob-
servations, while mismatches between expectation
and reality signal belief revision (Rao and Ballard,
1999; Friston, 2005). These principles motivate
AEMAgent to model very-long video streams as se-
lective, reflective, and continuously updated mem-
ory formation.

3 Method

3.1 Overview

We propose AEMAgent, a cognition-inspired agent
that converts fixed-window passive recording into
active memory formation for very-long video un-
derstanding. This process is organized around
three decisions: when to remember, how to explore
events, and when to reflect.

As illustrated in Figure 2, AEMAgent first ap-
plies Surprise-Guided Event Selection to detect
coherent and salient event clips from continuous
video streams. For each selected event, Exploratory
Episodic Memory Encoding stores a representative
frame as visual memory and writes captions and
self-generated question-answer pairs into episodic
memory, while generating a short-term prediction
for future reflection. Predictive-Coding-Guided
Reflection then compares predictions with subse-
quent observations and updates semantic memory
only when informative mismatches occur. These
semantic updates are further organized by Seman-
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Figure 2: Framework of AEMAgent. AEMAgent actively forms visual, episodic, and semantic memories for
very-long video understanding. It selects salient event changes, encodes them into exploratory episodic memories,
updates semantic knowledge from prediction–observation mismatches, and consolidates compact long-term memory
for retrieval-augmented question answering.

Algorithm 1 Surprise-Guided Event Selection
Require: Video stream V , encoder F , thresholds θv, ρ, up-

date rate α, minimum duration ∆min

Ensure: Event set E
1: Initialize E ← ∅, surprise history H ← ∅, background

b0, and tlast ← 0
2: for each sampled frame vt at timestamp t do
3: zt ← Norm(F (vt)), svt ← 1− z⊤t bt−1

4: s̄t ← Mean(H), Cv
t ← (svt > θv) ∧ (svt > ρs̄t)

5: Ga
t ← AudioGate(V, t) using VAD

6: if Cv
t ∧Ga

t ∧ (t− tlast > ∆min) then
7: E ← E ∪ {Extract(V, tlast, t)}
8: tlast ← t
9: end if

10: bt ← Norm(αzt +(1−α)bt−1), updateH with
svt

11: end for
12: return E

tic Memory Consolidation into a compact and re-
trievable long-term semantic graph. During eval-
uation, Retrieval-Augmented Question Answering
retrieves relevant episodic, semantic, and visual
memories as grounded evidence for the response
model. Through this pipeline, AEMAgent enables
selective memory writing, exploratory event under-
standing, and mismatch-driven knowledge updat-
ing for scalable very-long video reasoning.

3.2 Surprise-Guided Event Selection

Very-long videos contain substantial routine con-
tent, making uniform frame processing inefficient.
Inspired by human selective event segmentation,
AEMAgent uses a streaming surprise detector to

identify salient event changes for memory writing.
Visual surprise serves as the primary cue for en-
vironmental changes, while audio continuity acts
as an auxiliary gate to avoid interrupting ongoing
speech or continuous background sounds.

The procedure is summarized in Algorithm 1.
For each sampled frame vt at timestamp t, a frozen
DINOv3 (Siméoni et al., 2025) encoder F extracts
a normalized representation zt. AEMAgent main-
tains an exponential moving average background
state bt to summarize recent visual context, and
computes the visual surprise score svt as the co-
sine distance between the current frame and the
previous background state. Given the recent sur-
prise history H and its local average s̄t, a frame is
marked as visually salient when svt exceeds both
the absolute threshold θv and the relative threshold
ρs̄t. A candidate boundary is accepted only if it
also passes an audio-aware gate Ga

t , estimated from
voice activity detection (VAD) (Sohn et al., 1999),
and is at least ∆min away from the previous bound-
ary tlast. Once accepted, the segment between tlast
and t is extracted as an event clip with its original
audio track and metadata.

3.3 Exploratory Episodic Memory Encoding

After selecting an event clip, AEMAgent converts
it into an exploratory memory unit using Qwen3-
Omni-30B-A3B (Xu et al., 2025), an omni-modal
model that jointly processes the event video and au-
dio track to capture visual observations and acous-
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Caption: 
[visual] Tasha moves through a dimly lit bedroom, passing a bed with a yellow 
comforter and a window with a view......
[audio] A cat meows
[overall caption] Tasha walks from a bedroom into a room with a projector 
screen, with a cat meowing in the background.
Self-generated QA:
Q1: Who is the person moving through the rooms?
A1: Based on the  timestamp, the person is identified as Tasha.
Q2: What is the purpose of the room with the projector screen?
A2: The room with the projector screen is likely used for presentations or 
watching movies.
...
Prediction:
Tasha will walk into the room with the projector screen and approach the table.

Figure 3: Example of exploratory episodic memory
encoding. AEMAgent converts a selected event clip
into a factual caption, self-generated QA pairs, and a
next-event prediction.

tic cues. For each event, AEMAgent also stores a
representative frame as visual memory, enabling
later retrieval of fine-grained visual details.

As illustrated in Figure 3, the exploratory
episodic record contains three components: a com-
pact first-person caption summarizing visual and
audio evidence, self-generated question-answer
pairs that explore event participants, scene func-
tions, and potential significance, and a short-term
prediction of what may happen next. The prompt
templates are provided in Appendix A.1. The cap-
tion and QA pairs are written into episodic memory,
while the prediction is retained as an expectation
signal for subsequent predictive-coding-guided re-
flection. In this way, AEMAgent turns each se-
lected event from a shallow caption record into
an exploratory memory unit that supports both re-
trieval and later reflection.

3.4 Predictive-Coding-Guided Reflection

Episodic memories provide concrete but local
event-level evidence. Inspired by predictive coding,
where expectation violations drive belief revision,
AEMAgent introduces Predictive-Coding-Guided
Reflection to update semantic memory from infor-
mative event transitions.

We represent semantic memory as a subject-
centric directed graph G = (V,R), where nodes
denote people, objects, concepts, or behaviors, and
edges encode typed semantic relations. For consec-
utive event memories mi−1 and mi, an LLM-based
prediction-error judge compares the previous pre-
diction pi−1 with the current factual caption xi and
determines whether the observation violates the ex-

pectation. The prompt template for prediction-error
judging is provided in Appendix A.2. If no predic-
tion error is detected, AEMAgent skips reflection
and leaves G unchanged.

When a prediction error occurs, AEMAgent re-
trieves relevant semantic context Ki from G and
invokes an LLM to reflect over xi−1, pi−1, xi, the
mismatch explanation, and Ki. The reflection mod-
ule generates candidate semantic triples Si that cap-
ture causal relations, state transitions, and expecta-
tion violations. The prompt template is provided in
Appendix A.3. A local grounding check then filters
unsupported triples, and only validated triples S̃i

are inserted into G. If an equivalent edge already
exists, its timestamp is refreshed as lightweight
memory reinforcement. This step focuses on vali-
dating semantic updates for the current prediction
error, leaving cross-event pruning and abstraction
to the global consolidation stage.

3.5 Semantic Memory Consolidation
While predictive-coding-guided reflection updates
semantic memory from local event transitions, the
accumulated graph may become redundant, frag-
mented, or partially inconsistent over time. To
maintain compact long-term memory, AEMAgent
performs Semantic Memory Consolidation as an
offline global organization step.

At the end of each day, AEMAgent applies LLM-
based consolidation to the semantic graph. The
prompt template for semantic memory consolida-
tion is provided in Appendix A.4. Unlike local
grounding in predictive reflection, consolidation op-
erates across semantic edges collected over multi-
ple events. It merges equivalent relations, removes
redundant or conflicting edges, and abstracts re-
peated event-level observations into stable high-
level knowledge, such as habits, preferences, social
relations, and routines. Thus, AEMAgent decou-
ples online reflection from offline consolidation to
organize semantic memory into compact, retriev-
able long-term memory for question answering.

3.6 Retrieval-Augmented Question Answering
At evaluation time, AEMAgent answers each ques-
tion by retrieving evidence from episodic mem-
ory and semantic memory, while visual memory
is accessed through temporal alignment. Given
a question Q with answer choices Y , we con-
struct a query text from the question and choices,
and perform dense retrieval over textual memory
entries. Specifically, the query and memory en-
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Table 1: Task-wise QA performance on EgoLifeQA and Ego-R1 Bench. Results are reported as Mean@5
accuracy (%) over five repeated runs. The Avg. reports the sample-size-weighted average across task categories.
For each response model, we compare random retrieval and five agent-based memory methods. EL, ER, HI, RM,
TM, and FP denote EntityLog, EventRecall, HabitInsight, RelationMap, TaskMaster, and Future Plan, respectively.
Bold and underlined scores indicate the best and second-best results within each response-model block.

Response Model Method EgoLifeQA (%) Ego-R1 Bench (%)

EL ER HI RM TM Avg. EL ER HI RM TM FP Avg.

Qwen3.5
35B-A3B

RANDOM 28.0 31.6 31.8 38.7 35.2 33.0 30.2 33.2 42.0 38.0 41.6 33.9 39.8
EGORAG 9.6 16.7 38.4 35.4 30.2 23.9 20.2 14.6 24.9 27.9 17.4 35.7 20.3

M3-AGENT 20.2 30.0 27.5 30.2 36.8 28.2 20.3 32.0 31.9 33.7 38.6 36.5 30.2
WORLDMM 29.1 34.4 33.4 27.0 38.7 31.7 56.7 56.8 41.4 42.6 46.5 50.7 52.2
EGAGENT 37.6 40.9 42.6 34.8 54.8 40.5 36.5 38.2 46.1 34.7 51.5 52.5 39.2

AEMAGENT(OURS) 39.4 44.0 45.6 33.4 60.0 42.4 48.6 56.3 52.0 58.2 45.7 56.0 54.1

Qwen3-VL
30B

RANDOM 30.6 33.2 36.7 28.5 40.3 32.7 31.0 33.0 37.1 30.3 45.7 38.2 36.1
EGORAG 9.6 14.3 41.0 33.6 33.3 26.6 23.2 14.5 27.0 30.3 22.2 37.7 21.9

M3-AGENT 26.8 33.5 30.3 26.4 40.1 30.5 30.7 35.0 31.9 29.7 35.1 33.7 32.6
WORLDMM 27.0 38.3 42.0 34.1 42.2 35.4 44.7 39.6 38.7 34.0 43.8 42.0 40.0
EGAGENT 31.4 36.1 46.7 33.7 48.7 37.2 34.2 36.6 37.2 35.7 44.4 37.0 37.7

AEMAGENT(OURS) 32.4 38.9 50.8 36.0 44.4 40.5 54.8 46.8 47.4 47.3 47.5 43.5 48.5

Mistral-Small
3.1-24B

RANDOM 26.1 30.8 34.8 36.3 32.7 31.7 26.9 29.8 34.7 30.7 30.9 12.2 16.7
EGORAG 11.2 15.9 34.4 35.2 34.9 24.2 20.5 16.8 26.8 30.7 19.2 34.6 22.0

M3-AGENT 30.0 30.3 33.4 30.8 32.7 31.0 30.0 34.8 34.1 27.9 31.9 19.0 21.2
WORLDMM 33.8 46.2 48.9 38.6 38.4 40.5 31.7 30.1 36.0 27.2 40.6 34.4 31.1
EGAGENT 38.5 39.4 34.8 29.2 40.0 36.2 36.3 40.5 36.8 31.2 42.6 28.3 33.1

AEMAGENT(OURS) 39.2 44.3 46.7 40.5 46.0 42.6 45.8 44.9 43.6 37.3 43.2 34.0 43.0

Gemma-3
27B

RANDOM 24.8 26.2 29.5 24.0 39.4 27.4 29.2 36.7 36.2 34.3 36.0 32.1 34.3
EGORAG 10.2 15.1 41.0 27.2 28.6 21.8 23.6 17.6 30.2 30.2 18.4 31.5 22.9

M3-AGENT 24.0 34.4 21.0 22.6 35.2 27.3 41.4 42.4 29.1 38.2 33.3 36.4 39.5
WORLDMM 29.9 36.5 32.5 28.5 44.4 33.4 54.0 54.6 36.5 40.9 48.5 44.9 49.6
EGAGENT 20.9 30.7 23.3 41.3 32.8 28.1 24.8 33.3 24.0 41.8 36.5 40.8 32.6

AEMAGENT(OURS) 31.2 40.5 39.3 31.8 41.3 36.0 59.0 56.8 45.3 48.2 44.4 48.2 53.8

tries are encoded into normalized embeddings via
Qwen3-Embedding-4B (Zhang et al., 2025), and
dot-product similarity is used for ranking. For each
textual memory type m ∈ {epi, sem}, AEMAgent
retrieves the top-Km relevant memories Rm

Q .
For visual evidence, AEMAgent does not re-

trieve frames independently. Instead, it uses the
timestamps of the retrieved episodic memories to
locate temporally aligned representative frames
from visual memory, denoted as Rvis

Q . The final ev-
idence set RQ = {Repi

Q ,Rsem
Q ,Rvis

Q } is provided
to the response model together with the question
and answer choices to generate the final prediction.
Other retrieval strategies and the effect of Km are
analyzed in the experiments.

4 Experiments

Baselines and evaluation setup. We compare
AEMAgent with five baselines: Random Sample,
EgoRAG (Yang et al., 2025), M3-Agent (Long
et al., 2025), WorldMM (Yeo et al., 2025), and

Table 2: Memory efficiency comparison. We report
memory type, memory-token cost (Tok.), retrieval time
per question (Time/Q), and average QA accuracy (Avg.)
on Ego-R1 Bench. The response model is Qwen3-VL-
30B. Epi. and Sem. denote episodic and semantic
memory, respectively.

Method Epi. Sem. Tok.
(K) ↓

Time/Q
(s) ↓

Avg.
(%) ↑

EgoRAG ✓ – 1,743 0.003 21.9
M3Agent ✓ ✓ 14,194 1.415 32.6
WorldMM ✓ ✓ 12,941 6.732 40.0
EGAgent ✓ ✓ 53,333 7.495 37.7
AEMAgent ✓ ✓ 8,777 0.269 48.5

EGAgent (Rege et al., 2026). Random Sample uses
uniformly sampled frames as context, while the
other baselines retrieve evidence from their long-
term memories. For fair comparison, all retrieval-
based methods use top-K = 5. We evaluate each
method with Qwen3.5-35B-A3B (Qwen Team,
2026), Qwen3-VL-30B (Bai et al., 2025), Mistral-
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Table 3: Comparison of retrieval strategies on Ego-
LifeQA and Ego-R1 Bench. We report retrieval time per
question (Time/Q) and Avg. accuracy on each dataset
using Qwen3-VL-30B.

Method Time/Q
(s) ↓

EgoLifeQA
(%) ↑

Ego-R1 Bench
(%) ↑

Random 0.242 32.4 40.4
BM25 0.253 40.1 47.5

TF-IDF 0.240 39.2 47.0
Dense 0.269 40.5 48.5
Hybrid 0.302 39.3 47.7

Small-3.1-24B (Mistral AI, 2025), and Gemma-
3-27B (Gemma Team, 2025) as response models,
repeat each experiment 5 times, and report the aver-
age as Mean@5. In task-wise results, Avg. is com-
puted as a sample-size-weighted average across
task categories, where each category is weighted
by its number of test samples.

Datasets. We evaluate on EgoLifeQA (Yang
et al., 2025) and Ego-R1 Bench (Tian et al.,
2025), two very-long video understanding bench-
marks built on the same days-level video cor-
pus. The corpus records six persons living in
a house for seven consecutive days, resulting in
continuous and repetitive daily-life video streams.
EgoLifeQA contains 500 multiple-choice ques-
tions across five tasks, including EntityLog (EL),
EventRecall (ER), HabitInsight (HI), RelationMap
(RM), and TaskMaster (TM). Ego-R1 Bench con-
tains 2,905 multiple-choice questions and further
introduces Future Plan (FP), requiring broader long-
term reasoning. Together, these benchmarks eval-
uate an agent’s ability to retrieve sparse evidence
and reason over both concrete events and abstract
long-term patterns.

More implementation details are provided in Ap-
pendix B.

4.1 Main Results

AEMAgent consistently achieves the best over-
all performance across response models. As
shown in Table 1, AEMAgent obtains the high-
est weighted Avg. accuracy on both EgoLifeQA
and Ego-R1 Bench under all four response mod-
els. On EgoLifeQA, it outperforms the strongest
baseline by 1.9–3.3 percentage points, while on
Ego-R1 Bench, the improvement reaches 1.9–9.9
percentage points. These results demonstrate that
the proposed active memory formation strategy is
effective across different response models.
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Figure 4: Effect of retrieval depth K on efficiency and
QA performance. Response time includes retrieval and
inference time per question, and accuracy is reported as
Mean@5.

AEMAgent is particularly effective for long-
horizon reasoning tasks. The larger gains on the
more challenging Ego-R1 Bench, together with
strong performance on HabitInsight, RelationMap,
TaskMaster, and Future Plan, show that AEMA-
gent is well suited to long-horizon reasoning, where
models need to retrieve sparse evidence and capture
recurring behaviors, relations, routines, and future-
oriented patterns. This suggests that active memory
formation provides more compact and relevant evi-
dence than fixed-window memory construction.

4.2 Efficiency Analysis

AEMAgent achieves superior memory efficiency.
To assess memory cost, Table 2 reports memory
tokens and retrieval time per question. AEMA-
gent achieves the highest accuracy of 48.5% with
only 8,777K memory tokens, which is the low-
est cost among methods using both episodic and
semantic memory. Compared with the second-
best WorldMM, AEMAgent uses 32.2% fewer to-
kens, reduces retrieval time from 6.732s to 0.269s,
and improves accuracy by 8.5 percentage points.
Although EgoRAG is cheaper, it lacks semantic
memory and performs worst with 21.9% accuracy.
These results show that AEMAgent builds compact
yet informative memories for efficient very-long
video reasoning.

4.3 Retrieval Strategy Analysis

Table 3 compares five retrieval strategies with
Qwen3-VL-30B as the response model. Random
retrieval samples memories without query match-
ing, BM25 (Robertson and Walker, 1994) and
TF-IDF (Salton and Buckley, 1988) rely on lex-
ical matching, Dense retrieval ranks memories by
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Table 4: Ablation study of memory components on
Ego-R1 Bench. Results are reported as Mean@5 ac-
curacy (%). E, S, and V denote episodic, semantic,
and visual memory, respectively. “VES w/o QA” uses
episodic, semantic, and visual memory but removes the
self-generated QA from episodic memory.

Config. EL ER HI RM TM FP Avg.

E 51.7 43.1 43.2 49.6 49.5 44.2 46.4
S 46.8 43.2 43.3 35.5 33.3 35.2 41.9
V 45.8 38.9 41.8 35.5 38.4 33.5 39.8

E+S 52.9 42.8 45.3 48.0 50.2 47.7 46.6
V+E 54.0 42.2 46.2 45.5 45.8 40.3 45.7
V+S 43.9 39.0 42.0 31.0 35.4 29.0 38.4

VES w/o QA 46.6 38.2 45.1 35.0 49.5 37.9 40.6
VES full 54.8 46.8 47.4 47.3 47.5 43.5 48.5

Qwen3-Embedding-4B semantic similarity, and
Hybrid retrieval combines lexical and dense scores
with equal weights.

Dense retrieval provides the best accuracy–
efficiency trade-off. As shown in Table 3, Dense
retrieval achieves the highest Avg. accuracy on
both EgoLifeQA and Ego-R1 Bench, reaching
40.5% and 48.5%, respectively. Compared with
lexical retrieval, Dense retrieval better captures
semantic relevance beyond surface word overlap,
which is important for retrieving question-relevant
memories in very-long video understanding. Al-
though it is not the fastest strategy, its retrieval
time remains low at 0.269s per question, close to
TF-IDF and BM25. These results show that se-
mantic retrieval improves QA performance while
maintaining practical retrieval efficiency.

4.4 Ablation Study

4.4.1 Effect of Retrieval Depth Km.
As described in Section 3.6, AEMAgent retrieves
top-Km memories from each memory type m ∈
{epi, sem}. To study the accuracy–efficiency trade-
off, we use the same depth for episodic and seman-
tic memories and align retrieved episodic memories
with representative frames as visual evidence.

Moderate retrieval depth is sufficient for ef-
fective long-horizon reasoning. As shown in
Figure 4, increasing Km from 3 to 10 improves
Mean@5 accuracy from 46.93% to 49.01%, indi-
cating that additional memories can provide useful
long-term evidence. However, the gain becomes
marginal after Km = 5, where AEMAgent already
reaches 48.53% accuracy with a response time of
0.64s. Further increasing Km brings higher latency
and even degrades accuracy to 47.37% at Km = 15.

This suggests that excessive retrieval may introduce
redundant or irrelevant evidence and distract the
response model. Therefore, we set Km = 5 as
the default retrieval depth to balance accuracy and
efficiency.

4.4.2 Effect of Memory Components

AEMAgent maintains three complementary mem-
ory sources: visual memory (V) for fine-grained
visual grounding, episodic memory (E) for event-
level captions and self-generated QA, and semantic
memory (S) for consolidated long-term knowledge.
To examine their contributions, Table 4 compares
single-memory variants, combined-memory vari-
ants, the full VES configuration, and a variant with-
out self-generated QA.

Full memory achieves the best and most bal-
anced performance. VES full achieves the high-
est average accuracy of 48.5% on Ego-R1 Bench,
showing that visual, episodic, and semantic memo-
ries are complementary. While E+S benefits long-
horizon tasks such as TaskMaster and Future Plan
by adding abstract semantic knowledge, it is less
effective for event-level questions requiring fine-
grained visual details. Incorporating visual mem-
ory leads to more balanced performance across task
categories.

Self-generated QA is crucial for exploratory
episodic memory. Removing QA from the full
memory setting causes a large drop from 48.5% to
40.6%. This indicates that simply combining mul-
tiple memory sources is insufficient without active
event exploration. By asking and answering event-
centered questions, AEMAgent enriches episodic
memory with more reasoning-oriented evidence,
enabling visual, episodic, and semantic memories
to work together more effectively.

5 Conclusion

We presented AEMAgent, a cognition-inspired
framework for active memory formation in very-
long video understanding. It selectively encodes
salient events, enriches episodic memories through
self-questioning, and updates semantic knowledge
through prediction-error-driven reflection and con-
solidation. Experiments show that AEMAgent de-
livers consistent gains across response models, es-
pecially on long-horizon reasoning tasks, while
maintaining a strong efficiency–performance trade-
off, highlighting active memory formation as a scal-
able paradigm for very-long video understanding.
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6 Limitations

Although AEMAgent shows strong effectiveness
and efficiency, this work still has several limita-
tions that leave room for future exploration. First,
our experiments mainly focus on days-level daily-
life videos in indoor household scenarios. This
setting is suitable for evaluating long-term mem-
ory and routine reasoning, but future work can
further examine AEMAgent in more diverse en-
vironments, such as outdoor egocentric videos and
mobile robots. Second, AEMAgent adopts a fixed
daily schedule for semantic memory consolida-
tion. While this design is simple and effective,
more adaptive consolidation schedules may better
fit videos with different event densities. Third, our
current study focuses on a single-agent memory
setting. Extending AEMAgent to personalized or
collaborative memory sharing across multiple em-
bodied agents could be an interesting direction for
future work.
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A Prompt Templates

To improve reproducibility, we provide the prompt
templates used by AEMAgent in the following
subsections. These prompts correspond to the
main language-model-based modules in our frame-
work, including exploratory episodic memory en-
coding, prediction-error judging, semantic reflec-
tion, semantic memory consolidation, and retrieval-
augmented question answering. Each prompt spec-
ifies the input context, the expected output fields,
and the formatting constraints used in our imple-
mentation. During inference, the same templates
are applied to all videos and benchmarks without
task-specific manual modification.

A.1 Exploratory Episodic Memory Encoding
Prompt

Figures 5 and 6 show the prompt templates used
for exploratory episodic memory encoding. Given
a selected event clip with visual frames, audio, and
timestamp metadata, the omni-modal model gen-
erates a compact factual caption, self-questioning
QA pairs, and a short-term prediction. The cap-
tion summarizes visual and audio evidence from
a first-person perspective, while the QA pairs en-
courage active exploration of event participants,
scene functions, object usage, and potential event
significance.

A.2 Prediction-Error Judge Prompt

Figure 7 shows the prompt template used for
prediction-error judging. Given the previous short-
term prediction and the current event caption, the
model is asked to determine whether the current
observation violates the previous expectation. The
output contains a binary judgment and a brief ex-
planation of the mismatch. The mismatch explana-
tion is used as evidence for subsequent predictive-
coding-guided reflection and semantic memory up-
dating.
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You are a concise multimodal captioning module. Transform the video, audio, and transcript context into 
a compact factual caption with separate visual, audio, and overall-caption fields. Avoid verbose frame-by-
frame visual descriptions and avoid full ASR unless exact wording is essential.

Requirements:
Visual: Briefly summarize the key visible actions, entities, and setting from {EGONAME}'s first-person 
perspective. Keep this compact and avoid frame-by-frame detail.
Audio: Briefly summarize the key audible cues, including speech content when useful. Do not provide a 
verbose ASR transcript unless the exact wording is essential.
Overall Caption: Merge visual, audio, and transcript context into one cohesive third-person caption.

Output MUST be strictly in the following format:
[visual](A concise visual summary using '{Person}' as the main subject.)
[audio](A concise audio summary, including important speech meaning or short quotes only when necessary.)
[overall caption](A cohesive caption that combines visual evidence, audio cues, and transcript context.)

System Prompt

User Prompt

Prompts of Caption Extraction

Figure 5: Prompt template for caption.

A.3 Semantic Reflection Prompt

Figure 8 shows the prompt template used for seman-
tic reflection. When a prediction error is detected,
the model receives the previous factual caption, the
previous short-term prediction and the current fac-
tual caption. It is then asked to infer high-level
semantic updates from the event transition. The
output is a set of candidate semantic triples that
capture causal relations, state changes, recurring
behaviors, or expectation violations supported by
the observed evidence. These triples are further
checked by a local grounding step before being
inserted into the semantic memory graph.

A.4 Semantic Memory Consolidation Prompt

Figure 9 presents the prompt template for semantic
memory consolidation. Given the accumulated se-
mantic triples over a long video history, the model
is asked to organize them into a compact and con-
sistent long-term semantic graph. Specifically, it
merges equivalent relations, removes redundant
or conflicting edges, and abstracts repeated event-
level observations into stable high-level knowledge
such as habits, preferences, routines, and social
relations. This consolidation step is performed of-
fline and complements online semantic reflection
by reducing memory redundancy and improving
the retrievability of long-term knowledge.

B Implementation Details

B.1 AEMAgent implementation

AEMAgent first segments the continuous egocen-
tric video stream using a streaming surprise detec-
tor. We sample video frames at a fixed interval
and extract visual representations with a frozen
DINOv3 encoder. The visual background state is
maintained by an exponential moving average with
update rate α = 0.1. A candidate event boundary
is triggered when the visual surprise score exceeds
the absolute threshold θv = 0.1 and is larger than
the relative peak threshold ρ = 2.5 over recent
surprise history. To avoid over-segmentation, we
suppress event clips shorter than ∆min = 3.0 sec-
onds. In addition, an audio-aware gate estimates
speech activity from the trailing audio context us-
ing energy-based voice activity cues and rejects
boundaries that may interrupt ongoing speech or
continuous background sounds. Accepted event
clips are saved with their original audio tracks and
timestamp metadata. All experiments were con-
ducted on a server equipped with 8 NVIDIA H100
GPUs.

Each selected event is encoded by Qwen3-Omni-
30B-A3B through an OpenAI-compatible API. We
set the generation temperature to 0.1 and the max-
imum output length to 4096 tokens for event cap-
tioning, self-generated QA, and short-term predic-
tion. The generated captions and QA pairs are
stored as episodic memory, while representative
frames are stored as visual memory. Semantic
memory is represented as a subject-centric directed
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Step into the shoes of a human user. Instead of just describing the video, think about what a person would find 
intriguing, confusing, or noteworthy. Generate 3 to 5 high-value Q&A pairs focusing heavily on VIDEO DETAILS.

STRATEGIES FOR HUMAN-LIKE QUESTIONS (Suggestions)
You are encouraged to explore these dimensions to make the questions feel "real":
- Intent & Motivation: Why did the character perform a certain action? (e.g., "Why did he suddenly look at the door?")
- Subtle Interactions: Focus on the relationship between people or objects. (e.g., "Was the person trying to hide the 
phone when the other entered?")
- Spatial & Environment: Notice things in the periphery. (e.g., "What was that blue object that fell off the table during 
the commotion?")
- Causality & Prediction: What caused an event or what might happen next? (e.g., "What caused the liquid to spill in 
the first place?")
- Visual Anomalies: Spot the unexpected. (e.g., "Why is the TV on in the background if no one is watching it?")
CONSTRAINTS
- No Summaries: Do not provide a general description or "Fact" section.
- Evidence-Based: Answers must be derived strictly from the video and audio evidence. If the video doesn't show the 
answer, state the most logical inference or mention it's "not visible."
- Conversational Tone: Questions should sound like a person investigating, not a technical manual.
You MUST output ONLY pure text in a valid JSON format EXACTLY matching this structure:
{
    "curiosity_qna": [
        {"question": "Q1...", "answer": "A1..."},
        {"question": "Q2...", "answer": "A2..."}
    ]
}

System Prompt

User Prompt

Prompts of Generating QA

Figure 6: Prompt template for generating Q&A.

multi-graph implemented with NetworkX, where
nodes denote entities, objects, concepts, or be-
haviors, and edges correspond to typed semantic
triples. Prediction-error judging, semantic reflec-
tion, and memory consolidation are implemented
with Qwen3-VL calls following the prompt tem-
plates in Appendix A.

B.2 Retrieval and response generation

For retrieval-augmented question answering,
AEMAgent indexes episodic captions, self-
generated QA memories, and semantic memory
entries. Dense retrieval uses Qwen3-Embedding-
4B to encode both queries and memories into nor-
malized embeddings, and ranks candidate memo-
ries by dot-product similarity. The retrieval query
is constructed from the question, answer choices,
and available metadata. Unless otherwise speci-
fied, we retrieve top-Km memories from each tex-
tual memory type and use Km = 5 as the default
setting. Visual evidence is not retrieved indepen-
dently; instead, representative frames are tempo-
rally aligned with the retrieved episodic memories.
The final evidence set, including episodic, seman-
tic, and aligned visual memories, is provided to the
response model for answer prediction. We evaluate

AEMAgent with Qwen3.5-35B-A3B, Qwen3-VL-
30B, Mistral-Small-3.1-24B, and Gemma-3-27B.
For QA generation, we use temperature 1 and a
maximum output length of 8192 tokens.

B.3 Baseline implementation

We compare AEMAgent with Random Sample,
EgoRAG, M3-Agent, WorldMM, and EGAgent.
Random Sample serves as a non-memory base-
line that uniformly samples raw video frames as
context. EgoRAG is evaluated with the precom-
puted EgoLife captions and metadata provided by
the benchmark. M3-Agent uses prebuilt graph-
based long-term memories and embedding-based
retrieval. WorldMM uses episodic, semantic, and
visual memories with multi-scale episodic cap-
tions, while EGAgent follows an entity-graph-
based memory pipeline with transcript and frame-
text retrieval. For fair comparison, all methods
are evaluated on the same EgoLifeQA and Ego-
R1 Bench splits with the same response models.
For retrieval-based methods, we use the same top-
K = 5 evidence setting whenever applicable.
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Detect Prediction Error (Surprise) and Extract Key Entities with Query Expansion.
- Previously Predicted Action: {LAST_PREDICTION}
- Actual Current Fact: {CURRENT_FACT}
Instruction:
1. Compare the Actual Current Fact with the Previously Predicted Action. Did the actual event significantly 
contradict, deviate from, or fail to fulfill the prediction?
2. Extract up to 5 main entities (e.g., specific people, objects, locations) involved in the 'Actual Current Fact'. 
For each entity, also provide 1-2 broader concepts or synonyms (e.g., if extracting 'coffee machine', also 
include 'coffee' or 'beverage'). Return a single flattened list containing all original and expanded keywords.

Output MUST be in valid JSON format:
{{
    "is_surprise": true/false,
    "mismatch_reason": "...",
    "extracted_entities": ["entity1", "synonym1", "entity2", "broader_concept2"]
}}

Prompts of Prediction-Error Judge

Figure 7: Prompt template for prediction-error judging.

B.4 Evaluation protocol
We evaluate on EgoLifeQA and Ego-R1 Bench.
EgoLifeQA contains 500 multiple-choice ques-
tions, while Ego-R1 Bench contains 2,905 multiple-
choice questions and further includes Future Plan.
Each experiment is repeated five times, and we re-
port the averaged performance as Mean@5. For
task-wise results, the Avg. accuracy is computed
as a sample-size-weighted average across task cat-
egories, where each category is weighted by its
number of test samples.
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  Input Data:
- Current Fact (Confirmed): {fact}
- Prior Imagination (Predicted): {imag}
- Mismatch Reason : {reason}
- Previous Fact: {previous_fact}
- Retrieved Semantic Context: {semantic_context}
Instructions:
1. Extract atomic triples: [Subject, Predicate, Object].
2. If a person is doing an action in the Fact, assign "status": "confirmed".
3. If an action is from the Imagination, assign "status": "predicted".
4. Output ONLY a valid JSON list.
Format:
[    

{"triple": ["Entity1", "relation", "Entity2"], "status": "confirmed", "time": {time}},
{"triple": ["Entity1", "will_do", "ActionX"], "status": "predicted", "time": {time}}

]

Prompts of Reflection

Figure 8: Prompt template for semantic reflection.

You are the cognitive memory consolidation module of an AI agent. It is the end of {CURRENT_DAY}, and the 
agent is entering "sleep mode" to reflect on the events and knowledge gathered about the person: [{PERSON}].

Here are the recent semantic memories associated with [{SUBJECT}]:
{SEMANTIC_CONTEXT}
Your task is to mimic the human brain during sleep and perform two critical memory operations:
SYNAPTIC PRUNING (Forgetting):
Review the memories and identify any that are now outdated, contradictory, or overly redundant. Pay close attention 
to the timestamps. If a newer memory explicitly contradicts an older one (e.g., DAY 1: "likes green tea", DAY 2: 
"hates green tea"), mark the OLDER memory's ID for deletion to resolve the conflict.
MEMORY CONSOLIDATION (Abstraction):
Look for patterns, habits, or repetitive behaviors across the remaining memories and abstract them into generalized, 
long-term rules. For example, if you see multiple entries like "drank coffee at 9:00" and "made coffee at 14:00", you 
should abstract a new consolidated memory: predicate="has a habit of drinking", object="coffee".
You MUST output your response strictly in valid JSON format with the following structure:
{
"edges_to_delete": [1, 3], // List of integer IDs of the edges to remove. Leave empty [] if nothing needs to be deleted.
"edges_to_add": [
{
"predicate": "the new generalized relation (e.g., likes to drink, works as, frequently uses)",
"object": "the target concept/entity"
}
] // List of new abstracted edges to add. Leave empty [] if no abstraction is needed.
}

System Prompt

User Prompt

Prompts of Semantic Memory Consolidation

Figure 9: Prompt template for semantic memory consolidation.
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