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Abstract

Memory has become an increasingly impor-
tant component of agentic systems, as these
systems are expected to reason over long-term
experience. However, prior work has largely
focused on unimodal memory, leaving multi-
modal memory relatively underexplored de-
spite its central role in real-world applica-
tions. Compared with unimodal settings, mul-
timodal memory introduces additional chal-
lenges, including heterogeneous input integra-
tion, person-centric information alignment, and
evidence aggregation across different granular-
ities. We present PyraVid, a hierarchical mul-
timodal memory framework inspired by Event
Segmentation Theory from cognitive science.
PyraVid organizes long videos into a coarse-
to-fine pyramid structure, enabling structured
memory access and effective evidence aggre-
gation. It further supports structure-guided
memory expansion with pruning, allowing the
retrieval of related events with strong causal
connectivity but low semantic similarity while
reducing noise. Experiments on multiple long-
video understanding benchmarks show that
PyraVid consistently improves performance
across datasets, model scales, and question
types, highlighting the effectiveness of hier-
archical multimodal memory for long-horizon
reasoning.

1 Introduction

Agent memory has become an increasingly im-
portant topic in recent research, motivated by the
need for agents to reason over long-term experi-
ence. A common paradigm is to maintain an exter-
nal memory bank that is continuously updated as
new information arrives, and to retrieve relevant en-
tries at inference time to support decision-making
or response generation (Chhikara et al., 2025; Li
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et al., 2025b). Existing work has made substantial
progress on text-based memory systems, includ-
ing memory life-cycle management (Zhong et al.,
2023; Chhikara et al., 2025; Li et al., 2025b), graph-
based memory organization (Wang and Chen, 2025;
Rasmussen et al., 2025), and hierarchical memory
structures (Li et al., 2025a; Hu et al., 2024).
Real-world environments are inherently multi-
modal, involving visual, auditory, and temporal
signals. This can be naturally formulated as an
online video understanding setting, in which a mul-
timodal agent must process an incoming video
stream incrementally, retain what has happened
over time, and organize information from different
modalities for future reasoning. Compared with
text-only memory, this setting introduces additional
challenges, because relevant evidence may be ex-
pressed through heterogeneous modalities and dis-
tributed across distant events. Existing multimodal
memory systems (Mao et al., 2025; Lin et al., 2026;
Long et al., 2025) typically represent memory as
a flat or weakly structured collection of entries.
As a result, they provide limited support for co-
ordinating information across different levels of
abstraction, even though long-horizon video un-
derstanding often requires combining fine-grained
observations with higher-level event context. In
addition, not all relevant evidence can be directly
retrieved through semantic similarity to the query.
For example, given the query "Why did the per-
son return to the kitchen?", the most informative
evidence may not be the return action itself, but
an earlier event "leaving the kettle on the stove".
Although this event shares little semantic overlap
with the query, it is causally essential for answering
it. These limitations highlight the need for a struc-
tured multimodal memory system that can organize
video experience across levels of abstraction and
support evidence composition during reasoning.
Inspired by Event Segmentation Theory (Za-
cks et al., 2007) in cognitive science, which sug-
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Figure 1: Overview of PyraVid. Left: PyraVid organizes streaming video into a hierarchical pyramid memory with
fact, clip, and global memory connected by structured links. Right: given a query, PyraVid retrieves seed nodes,
expands to related evidence over the memory graph, prunes irrelevant nodes, and produces the final answer.

gests that humans parse continuous experience into
meaningful events, often across multiple temporal
scales, we propose PyraVid, a hierarchical multi-
modal memory framework for online video pro-
cessing. PyraVid organizes streaming video into a
coarse-to-fine memory pyramid with explicit tem-
poral and causal links, and performs inference by
iteratively expanding and pruning evidence over
this structure. We evaluate PyraVid on four long-
video understanding benchmarks against six rep-
resentative baselines. Results show that PyraVid
consistently outperforms prior approaches across
benchmarks and evaluation settings. Further abla-
tions validate the effectiveness of both the overall
framework and its key components.

Our contributions are threefold: (1) We intro-
duce PyraVid, a hierarchical multimodal memory
framework for online long-video understanding,
which organizes streaming video into a coarse-to-
fine memory pyramid spanning fact-level observa-
tions, clip-level event abstractions, and global-level
understanding. (2) We propose a structure-guided
reasoning mechanism that explicitly exploits the
memory hierarchy by expanding relevant evidence
through memory links and pruning irrelevant nodes,
enabling effective composition of evidence across
temporal spans and levels of abstraction. (3) We
conduct extensive experiments on four benchmarks,
showing that PyraVid consistently outperforms

strong baselines across benchmarks, model scales,
and question types, with ablations further validat-
ing the effectiveness of the proposed design.

2 Related Work
2.1 Agent Memory

Agent memory has become a key component of
modern agent systems, addressing the limited con-
text window of large language models by enabling
persistent access to long-term knowledge. Early
work primarily focused on text-based memory sys-
tems (Chhikara et al., 2025; Li et al., 2025b; Xu
et al., 2025), establishing core mechanisms for
memory construction, maintenance, and retrieval.
More recent studies have further improved mem-
ory management and retrieval capabilities (Yan
et al., 2026b,a; Yue et al., 2026), while also in-
troducing more structured memory representations.
For example, A-MEM (Xu et al., 2025) adopts
an agentic memory design inspired by Zettelka-
sten, CAM (Li et al., 2025a) and HiAgent (Hu
et al., 2024) introduce hierarchical memory struc-
tures for organizing accumulated experience, and
MemWM (Wang et al., 2026b) explores memory-
augmented world modeling using retrieved transi-
tion rules, state caches, and hard-to-predict facts to
support next-state prediction and planning.
Despite this progress, most existing agent mem-
ory systems remain limited to textual represen-
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tations. Such designs are insufficient for long-
horizon video understanding, which involves het-
erogeneous inputs and requires reasoning over tem-
porally extended events, cross-modal alignment,
and visually grounded evidence. M3-Agent (Long
et al., 2025) represents an important early step to-
ward multimodal memory in this setting. However,
it does not fully exploit memory structure or visual
information during inference. This limitation mo-
tivates the development of a multimodal memory
framework that supports structure-aware retrieval
and reasoning.

2.2 Online Video Understanding

Online video understanding studies how systems
continuously interpret streaming video while re-
taining useful information over time. Recent ad-
vances in video large language models have im-
proved long-video reasoning by extending con-
text windows or scaling multimodal encoders (Bai
et al., 2025; Team et al., 2025). However, these ap-
proaches typically process long videos as enlarged
offline inputs, leading to high computational cost
and limited flexibility in streaming settings.

To improve efficiency, prior work has explored
compressed video representations, such as visual
token reduction and sparse frame selection (Li et al.,
2024; Wang et al., 2025b). Although these meth-
ods reduce processing cost, they often discard fine-
grained details or weaken temporal continuity. Be-
yond video understanding, recent work on temporal
constraint-based planning has further highlighted
the difficulty of reasoning over multiple interde-
pendent temporal relations (Ding et al., 2025). In
long-horizon video understanding, this challenge
is further compounded by the need to recover such
relations from temporally distributed multimodal
evidence. M3-Agent (Long et al., 2025) takes a
step toward online long-video understanding by
introducing a multimodal long-term memory that
stores episodic and semantic information in an
entity-centric graph. However, during inference,
its memory is primarily consumed in textual form,
which leaves visual evidence underutilized and lim-
its the benefits of the underlying memory structure.
These limitations suggest that long-horizon video
understanding requires memory mechanisms that
can organize and retrieve evidence across multi-
ple levels of granularity. Our work addresses this
challenge with a hierarchical multimodal memory
framework that preserves fact-, clip-, and global
memories, and their structural relations, enabling

structure-aware retrieval and reasoning over long
videos.

3 PyraVid

Long-horizon multimodal video understanding is
challenging because relevant evidence may be dis-
tributed across temporally distant segments, hetero-
geneous modalities, and multiple levels of granu-
larities. Answering a query often requires coher-
ently aggregating fine-grained observations, high-
level semantic information, and long-range contex-
tual cues. To address this challenge, we present
PyraVid, a hierarchical multimodal memory frame-
work that is designed to process streaming video
inputs online, organize extracted information into
a coarse-to-fine memory pyramid, and exploit this
structure during inference for effective evidence ag-
gregation. In the following, Section 3.1 formalizes
the task, Section 3.2 introduces the hierarchical
memory construction of PyraVid, and Section 3.3
describes the structure-guided reasoning and an-
swer generation process.

3.1 Problem Formulation

We consider the problem of online long-video un-
derstanding, in which a multimodal agent receives
a streaming video input and answers queries based
on accumulated observations. Unlike in offline set-
tings, the full video is not accessible at inference
time, so the agent must process incoming content
on the fly, extract salient information, and maintain
a compact memory for future reasoning.

Formally, given a streaming video V), the agent
constructs a memory M while observing the
stream, which may contain multimodal signals
such as visual content, speech, and temporally lo-
calized events. At test time, given a query ¢, the
agent retrieves relevant evidence from M to pro-
duce an answer a without revisiting the original
video. The central challenge, therefore, is to design
a memory representation that preserves informative
observations, supports long-range temporal reason-
ing, and enables efficient retrieval over extensive
evidence.

3.2 Pyramid Memory Structure

We organize long-video memory as a hierarchical
pyramid spanning multiple levels of abstraction.
The key intuition is that long-horizon reasoning
requires access to information at different granu-
larities, ranging from grounded local observations

18067



to high-level global understanding. Accordingly,
PyraVid maintains three complementary levels of
memory: fact memory, clip memory, and global
memory.

Hierarchical Memory Definition Formally, the
memory state at time step ¢ is defined as

global’ clip’ fact

where Mggt stores fine-grained episodic observa-
tions describing what occurs in the video, Mgi)p
summarizes events within local temporal segments
and captures higher-level semantic information,
and Mgibal maintains an evolving global under-
standing of the video to provide contextual guid-
ance for reasoning. The hierarchical memory bank
is updated incrementally as the video stream is pro-
cessed online.

Fact Memory Fact memory stores fine-grained
multimodal observations extracted from the in-
coming video stream, capturing episodic evidence
about events and states over time. As the video is
processed online, PyraVid incrementally augments
the fact memory with newly extracted fact nodes
from the current clip:

M = Mg u{m), @
where {ml(t) }¥t, denotes the set of fact memories
extracted at time step t. Each fact memory is repre-
sented as

m; = (Ti, Vi, i, L(my)), 3)

where 7; denotes temporal information, v; denotes
the associated visual evidence, and x; is a grounded
textual description that encodes fine-grained obser-
vations from the segment, such as person-related
information, scene context, and event-level activi-
ties. £(m;) denotes the set of links from the current
node to other structurally or logically related nodes,
as detailed in Section 3.2. This representation sep-
arates factual content from structural connectiv-
ity, allowing fact memories to remain expressive
while supporting compositional aggregation and
structure-aware reasoning.

Clip Memory Clip memory provides a compact
semantic representation of a local temporal seg-
ment. For each processed clip, PyraVid generates a
clip-level memory that summarizes the key events
and contextual information within the segment.

Unlike fact memory, which captures fine-grained
episodic observations, clip memory abstracts them
into a higher-level semantic description of the clip.
These clip memories serve as an intermediate repre-
sentation between fact memory and global memory,
enabling efficient reasoning over medium-range
temporal spans.

Global Memory Global memory maintains an
evolving high-level representation of the entire
video. After processing each clip, the global mem-
ory is updated as

Mgibal = Ugloba (M So_bﬁ ] Mgi)p)v “
where Uiobal (+) is an incremental update function
that integrates newly formed clip-level memories
into the global representation.

Global memory captures long-range context and
high-level video semantics, providing contextual
guidance for retrieval and reasoning in queries that
require a holistic understanding of the video.

Link Construction The three memory levels in
PyraVid are connected through structured links
rather than maintained as isolated representations.
These links operate both across granularity lev-
els, enabling hierarchical aggregation, and within
the same level, capturing logical dependencies.
PyraVid first constructs hierarchical links across
the memory pyramid: each fact memory is con-
nected to its corresponding clip memory, and each
clip memory is linked to the global memory, form-
ing a bottom-up pathway from grounded observa-
tions to global understanding. In addition, PyraVid
constructs relational links among fact memories.
Formally, each fact memory m; is associated with
a set of outgoing links £(m;) generated using a
sparse linking strategy. For each m;, the system re-
trieves a small set of semantically similar candidate
facts and establishes links only when clear logical
relations are identified. This design keeps the fact
graph compact and reduces retrieval noise. To-
gether, these hierarchical and relational links form
a structured multimodal memory graph that sup-
ports structure-aware evidence expansion during
inference, as described in Section 3.3.

3.3 Structure-Guided Reasoning over
Hierarchical Memory

Given a query ¢, PyraVid performs inference over
the hierarchical memory by iteratively retrieving
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relevant nodes, assessing their sufficiency, expand-
ing to related evidence, and pruning irrelevant in-
formation. Rather than relying on a single retrieval
step, the system progressively gathers supporting
evidence from the structured memory graph until
sufficient context is obtained for answer generation.

Seed Retrieval PyraVid first retrieves a small set
of seed memory nodes that are semantically rele-
vant to the query using embedding-based retrieval.
Given the fact memory set My, the initial seed
set is defined as

C(O) - TOmeiEM[acl Sim(Q7 mi)’ (5)

where sim(-) measures the similarity between the
query and the textual content of each fact memory.

Evidence Sufficiency Assessment Starting from
the seed set C(©), PyraVid invokes a model to as-
sess whether the currently retrieved evidence is
sufficient to answer the query. At iteration 7, let
C") denote the current evidence context. Given
the query and the current evidence, the model out-
puts a candidate answer together with a sufficiency
indicator:

a(r) = freason(% C(T))a (6)

where a(") denotes the model output at iteration 7.
If the current evidence is sufficient to answer the
query, (") is the final answer, and iteration termi-
nates. Otherwise, a(”) is a special signal indicating
that additional evidence is required, and PyraVid
continues to retrieve and expand the evidence con-
text.

Structure-Guided Expansion When the current
evidence is insufficient, PyraVid expands the can-
didate set by traversing the structured links asso-
ciated with the currently activated memory nodes.
Let A(") denote the set of active memory nodes
at iteration r, and let £(m;) denote the outgoing
structured links of node m;. The expansion step
collects neighboring memory nodes as

e = |J Lm), (7)
m; EAT)

where the traversed links may include hierarchical
and causal connections.

Agent-Based Pruning The expanded candidate
set may contain irrelevant or weakly related nodes
to the query. To reduce noise, PyraVid employs a

pruning agent that evaluates each expanded node
conditioned on the query and the current evidence
context. For each candidate node m; € &€ ("), the
pruning agent predicts a binary selection decision:

ZZ'(T) = fprune(Qa mi)a sz € {0, 1}' (8)
The retained nodes form the pruned expansion set:
EN = {m; |m;ie €M A 2D =11 (9

These retained nodes are then incorporated into the
current evidence context:

crHl) =M y g, (10)
Iterative Reasoning and Answer Generation
The assessment, expansion, and pruning steps are
repeated until the model determines that the ev-
idence is sufficient or a maximum number of it-
erations R is reached. This iterative inference
strategy allows PyraVid to progressively aggre-
gate distributed evidence from the structured mem-
ory graph while avoiding the excessive noise in-
troduced by unrestricted expansion. As a result,
PyraVid enables efficient long-horizon reasoning
over multimodal video memory.

4 Experiments

4.1 Experimental Setup

Datasets and Metrics We evaluate PyraVid on
four long-video understanding benchmarks that re-
quire reasoning over extended temporal contexts.
M3-Bench-robot and M3-Bench-web (Long et al.,
2025) are benchmarks for memory-based multi-
modal video reasoning. The former contains robot-
perspective videos recorded in real-world environ-
ments, while the latter consists of diverse web-
sourced videos annotated with open-ended question
answering tasks. Both benchmarks emphasize long-
horizon reasoning over multimodal streams, includ-
ing cross-modal understanding, person-centric rea-
soning, and knowledge extraction.

We further evaluate PyraVid on general long-
video understanding benchmarks, including Video-
MME (Long) (Fu et al., 2025) and LVBench (Wang
et al., 2025a), which contain hour-level or oth-
erwise extended videos designed to assess tem-
poral comprehension and reasoning over long vi-
sual contexts. Following prior work (Long et al.,
2025), we adopt LLM-as-a-Judge for evaluating
M3-Bench-robot and M3-Bench-web, since both
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M3-Bench-robot

M3-Bench-web

Model VM(L) LVB
MDR MHR CMR PU GKE ALL MDR MHR CMR PU GKE ALL
Socratic Model
Qwen3-VL-8B-Instruct 25.9 25.0 24.2 285 255 25.0 465 26.5 273 46.7 294 357 4146 45.03
Gemini-2.0-Flash 304 350 30.8 344 28.7 31.5 525 30.6 34.1 46.0 51.0 449 62.60 49.25
Online Video Understanding Methods
MovieChat 133 9.8 122 157 7.0 112 122 6.6 125 174 11.1 12.6 194 225
MA-LMM 25.6 234 227 39.1 144 244 268 10.5 224 393 158 243 173 30.0
Flash-VStream 21.6 194 19.3 243 14.1 194 245 103 24.6 325 202 23.6 250 42.0
Agent Method
M3-Agent(32B RL) 32.8 294 312 433 19.1 30.7 459 284 443 593 539 489 553 493
PyraVid(8B) 43.0 350 39.1 56.1 26.8 40.9 52.5 327 432 679 45.1 51.1 59.5 50.6
PyraVid(32B) 47.8 50.0 444 60.9 363 46.7 554 429 54.5 70.8 51.0 56.3 69.1 58.5

Table 1: Main results on four long-video understanding benchmarks. For M3-Bench-robot and M3-Bench-web, we
report LLM-as-a-judge scores on six dimensions: Multi-Detail Reasoning (MDR), Multi-Hop Reasoning (MHR),
Cross-Modal Reasoning (CMR), Person Understanding (PU), General Knowledge Extraction (GKE), and the overall
average (ALL). For Video-MME (Long) (VM(L)) and LVBench (LVB), we report multiple-choice accuracy.

benchmarks involve open-ended questions. The
prompt used for LL.M-as-a-Judge is provided in
Appendix C. Video-MME (Long) and LVBench
are multiple-choice benchmarks, and we report
accuracy based on whether the predicted option
matches the ground-truth answer.

Baselines We compare PyraVid against repre-
sentative baselines from three categories. (1) So-
cratic models formulate long-video understand-
ing as language-based memory construction fol-
lowed by retrieval-augmented answering. In this
setting, multimodal models such as Qwen3-VL-
8B-Instruct (Bai et al., 2025) and Gemini-2.0-
Flash (Team et al., 2025) summarize video con-
tent into textual memory for downstream question
answering. (2) Online video understanding meth-
ods include MovieChat (Song et al., 2024), MA-
LMM (He et al., 2024), and Flash-VStream (Zhang
etal., 2024). MovieChat employs a sliding-window
mechanism with short- and long-term visual mem-
ory for interactive long-video understanding. MA-
LMM incrementally processes frames and main-
tains memory banks to model long-range tempo-
ral dependencies. Flash-VStream adopts an asyn-
chronous pipeline with its STAR memory to com-
press and retrieve visual information from stream-
ing videos. (3) Agent-based memory systems
are represented by M3-Agent (Long et al., 2025),
which constructs multimodal long-term memory
from video and audio streams and performs itera-
tive retrieval and reasoning. For fair comparison,

we follow the official implementations or default
settings of these baselines whenever available.

Implementation Details For PyraVid, we use
Gemini-2.0-Flash to construct the hierarchical mul-
timodal memory, including fact extraction, clip-
level summarization, and global memory updating.
Structured links among memory nodes are gener-
ated by Qwen3-4B-Instruct. During inference, we
employ separate models for memory selection and
answer generation. Specifically, Qwen3-8B and
Qwen3-32B serve as the selection models in the
iterative retrieval process, while Qwen3-8B-VL-
Instruct and Qwen3-32B-Instruct are used as the
corresponding answer models to generate the final
responses. We denote these two configurations as
PyraVid(8B) and PyraVid(32B), respectively. Ad-
ditional implementation details are provided in Ap-
pendix B.

4.2 Main Results

Table 1 presents the main results on four long-video
understanding benchmarks: M3-Bench-robot, M3-
Bench-web, Video-MME (Long), and LVBench.
Overall, PyraVid consistently outperforms all com-
pared baselines across all benchmarks. In par-
ticular, PyraVid(32B) achieves the best overall
performance on both M3-Bench-robot and M3-
Bench-web, with scores of 46.7 and 56.3, respec-
tively, while also attaining the strongest results
on Video-MME and LVBench, scoring 69.1 and
58.5. Even the smaller PyraVid(8B) variant sur-
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Variants VM LVB
PyraVid 69.1 58.5
Memory Structure Ablation
. . 58.7 53.4
Plain M Link
ain Memory w/o Lin C151%) (-8.7%)
. T 57.1 54.1
Plain Memory with Link C174%)  (-1.5%)
. 59.5 53.5
w/o global Memory w/o Link 13.9%) (-8.5%)
R 60.3 54.5
w/o global Memory with Link (127%)  (-6.8%)
Search Ablation
. 65.9 54.3
PyraVi RA
yraVid w/o expand (RAG) (-4.6%) (7.2%)
. 63.5 57.9
PyraVid w/
yraVid w/o prune 8.1%)  (-1.0%)
Visual Ablation
PyraVid w/o visual memory (-2.65'370) (-;65;‘37/0)

Table 2: Ablation studies on different variants of
PyraVid. Relative changes compared to PyraVid are
shown in parentheses.

passes the strongest prior agent-based baseline,
M3-Agent(32B RL), on all reported benchmarks.
Compared with Socratic-model baselines and on-
line video understanding methods, PyraVid shows
clear advantages in both benchmark-specific sub-
tasks and overall performance, suggesting that hi-
erarchical multimodal memory is more effective
for long-horizon reasoning than flat textual mem-
ory or feature-based streaming memory. Moreover,
the comparison with M3-Agent indicates that the
improvement does not stem merely from using a
memory module, but from how memory is orga-
nized and exploited during inference. These results
demonstrate the effectiveness of PyraVid’s pyramid
memory structure and its structure-guided iterative
retrieval strategy for long-video understanding.

4.3 Ablation Studies

Memory Structure Ablation Table 2 shows that
the memory structure is a core component of
PyraVid. PyraVid explicitly organizes memory
at different granularities and from different per-
spectives: fact nodes preserve grounded episodic
observations, clip nodes provide higher-level se-
mantic summaries, and global memory aggregates
long-range context. When this structured design
is removed, performance drops substantially. For
example, replacing PyraVid with plain memory
without links reduces Video-MME from 69.1 to

58.7 and LVBench from 58.5 to 53.4. Similarly, re-
moving global memory also leads to a large perfor-
mance drop, with the variant without global mem-
ory or links achieving only 59.5 on Video-MME
and 53.5 on LVBench. These results show that
multi-granularity memory system is important for
long-horizon reasoning.

Search Strategy Ablation Table 2 further shows
that the retrieval strategy is another important com-
ponent of PyraVid. Without expansion, retrieval
relies only on the initially retrieved semantically
similar seed nodes, making it difficult to recover
supporting evidence that is not directly similar to
the query. As a result, PyraVid without expan-
sion drops to 65.9 on Video-MME and 54.3 on
LVBench. Conversely, removing pruning also hurts
performance, especially on Video-MME (63.5), be-
cause unfiltered expansion introduces irrelevant
memory nodes into the context and increases noise.
This confirms that both expansion and pruning are
necessary: expansion improves evidence coverage,
while pruning preserves context quality.

Visual Memory Ablation Table 2 also shows the
effect of removing visual memory from PyraVid.
Removing visual memory leads to a smaller perfor-
mance drop, from 69.1 to 66.7 on Video-MME and
from 58.5 to 56.3 on LVBench. We believe this is
related to the granularity of the evaluated questions.
For many questions in these benchmarks, the key
evidence is already captured by fact and clip mem-
ories, so removing explicit visual memory does not
cause severe degradation. These results suggest
that visual memory provides additional ground-
ing, but its contribution is more dependent on the
dataset and question type. In practice, this indicates
a trade-off between accuracy and storage overhead.

4.4 Controlled Comparison under Matched
Backbone Settings

We further conduct a controlled comparison be-
tween PyraVid and M3-Agent under matched back-
bone settings, as shown in Figure 2. In this setting,
both frameworks use Gemini-2.0-Flash for memory
construction, while answer generation is performed
with either Qwen3-8B-VL-Instruct or Qwen3-32B-
VL-Instruct. This design controls for the effect of
backbone choice and isolates the contribution of
memory organization and retrieval strategy. Across
both the 8B and 32B settings, PyraVid consistently
outperforms M3-Agent on nearly all benchmark di-
mensions, including M3-Bench-robot, M3-Bench-
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Figure 2: Controlled comparison between PyraVid and
M3-Agent under different matched backbone settings.
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Figure 3: Latency analysis on VidleoMME and LVBench.
Each point corresponds to a different memory design,
showing the trade-off between answer accuracy and
mean inference latency; points closer to the upper-left
indicate better efficiency—performance balance.

web, Video-MME, and LVBench. These results
suggest that PyraVid’s advantage does not stem
merely from stronger backbone models, but primar-
ily from its hierarchical memory structure and its
structure-guided evidence expansion and pruning
mechanism. More detailed results are provided in
Appendix D.

4.5 Sensitivity to the Number of Seed Nodes

Figure 4 shows that PyraVid remains relatively sta-
ble across different choices of the initial seed size.
Although the best-performing top-k varies slightly
across benchmarks and question categories, moder-
ate values such as 10 and 20 generally yield strong
performance. More importantly, performance re-
mains stable within the tested range, indicating that
PyraVid is not overly sensitive to this hyperparame-
ter. This robustness arises from structure-guided ev-
idence expansion and pruning, which compensates
for limited initial coverage when top-k is small and
suppresses noisy evidence when top-k is larger.

4.6 Latency Analysis

Figure 3 compares answer accuracy and inference
latency under different system designs. Overall,
PyraVid achieves the best trade-off between effec-
tiveness and efficiency on both benchmarks. In
particular, the full Hierarchical + E&P design at-
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Top-k seed nodes

top-20 top-30

Figure 4: Top-k sensitivity analysis across benchmarks
and question types. Cells report performance under
different numbers of seed nodes, showing that PyraVid
remains broadly robust to the initial retrieval budget.

tains the highest accuracy while maintaining low la-
tency, showing that the proposed retrieval pipeline
is not only more effective but also more efficient in
practice.

Among the ablated variants, removing prun-
ing leads to the largest increase in latency. The
Hierarchical Memory w/o prune variant has a
mean latency of 5.47 on VideoMME and 21.99
on LVBench. This suggests that, without prun-
ing, expansion introduces excessively long contexts
that substantially slow down answer generation. In
contrast, replacing hierarchical memory with plain
memory slightly reduces latency but causes a much
larger drop in accuracy, suggesting that the effi-
ciency gain does not compensate for the loss of
structured evidence organization.

We also compare PyraVid with the agent-based
baseline M3-Agent. PyraVid consistently outper-
forms M3-Agent in both accuracy and latency. We
attribute the higher latency of M3-Agent to its
answer-time reasoning procedure: after retrieving
an initial top-k set, it further evaluates whether
the current evidence is sufficient, identifies miss-
ing information, and generates additional queries
for iterative agentic search. Although this design
may improve flexibility, it also introduces sub-
stantial overhead. In contrast, PyraVid performs
structure-guided expansion and pruning directly
over the memory graph, enabling more efficient
evidence aggregation with lower latency. More
detailed results are provided in Appendix D. Re-
cent work on Routing-Free Mixture-of-Experts ex-
plores model-level adaptive computation through
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input-dependent expert self-activation (Liu et al.,
2026b). Its applicability to memory-augmented
long-horizon multimodal reasoning remains an
open direction.

5 Conclusion

We presented PyraVid, a hierarchical multimodal
memory framework for long-horizon video reason-
ing. By organizing video information into fact, clip,
and global memory, and by combining structure-
guided evidence expansion with pruning during
inference, PyraVid enables effective aggregation of
distributed evidence across different granularities
and logical relations. Experiments on four bench-
marks show that PyraVid consistently outperforms
prior approaches, while ablation studies confirm
the importance of both hierarchical memory struc-
ture and retrieval design. These results highlight
the value of structured multimodal memory for
scalable long-video understanding.

Limitations

This work studies hierarchical multimodal mem-
ory for long-video question answering and reason-
ing. While this provides a controlled testbed, it
does not fully capture capabilities required in real-
world interactive settings, such as continual learn-
ing, self-evolving, or knowledge transfer across
domains and tasks (Ma et al., 2026; Liu et al.,
2026a). Future work could extend memory systems
toward richer multimodal environments, where
agents continuously acquire, consolidate, and reuse
memory through perception and interaction. In
addition, multimodal answer faithfulness still de-
pends on the underlying vision-language model;
recent inference-time methods reduce hallucination
through attention steering and contrastive decod-
ing (Wang et al., 2026a), and their applicability to
memory-augmented long-video reasoning remains
an open direction. We believe that studying mem-
ory systems in such multimodal scenarios could
further broaden the applicability of long-horizon
memory systems.
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A Case Study

Case Study: How Expansion and Pruning Lead
to the Final Answer Figure 5 shows a represen-
tative reasoning trajectory of PyraVid on a long-
video question: “What animal is shown in the scene
that follows the scene Karen Sim submits a sighting
photo and earns a badge on the phone?”

At Turn 0, PyraVid retrieves the top-20 seed
nodes and retains three relevant candidates after
pruning. The retrieved evidence identifies the scene
as part of a nature walk and mentions several ani-
mals, including a rooster and a dragonfly. However,
neither animal matches the candidate options, and
the evidence does not specify what appears immedi-
ately after the phone interaction. PyraVid therefore
judges the current evidence to be insufficient and
triggers an expansion.

At Turn 1, PyraVid expands from the retained
nodes to related memories and keeps four relevant
candidates. The newly retrieved evidence provides
more precise temporal information: Karen Sim
submits the sighting photo and earns the badge
at approximately 42:45-42:46, while the rooster
and dragonfly appear earlier, at 42:00 and 42:06,
respectively. Although this narrows down the tem-
poral context, the scene immediately following the
phone interaction is still not identified. Instead
of guessing from the available animals, PyraVid
again determines that the evidence is insufficient
and continues expanding.

At Turn 2, the expansion reaches an additional
memory node describing the event at 42:47: a mon-
itor lizard swimming in a body of water. This event
occurs immediately after the phone interaction and
directly resolves the temporal relation asked in the
question. Since a monitor lizard corresponds to op-
tion C (Lizard), PyraVid terminates the exploration
and outputs C, which matches the ground-truth an-
SWer.

This case study illustrates the benefit of iterative
structure-guided evidence expansion and pruning.
The initial semantically retrieved memories provide
relevant contextual information but are insufficient
to answer the question. By progressively traversing
related memory nodes while retaining only useful
evidence, PyraVid recovers the temporally adjacent
event that is absent from the initial seed set and
arrives at the correct answer.

B Implementation Details

Our pipeline processes long videos online to build
the hierarchical memory of PyraVid. It consists
of four stages: (1) memory and keyframe extrac-
tion, (2) online character memory bank construc-
tion, (3) hierarchical memory graph construction,
and (4) structure-guided reasoning with expansion
and pruning.

B.1 Memory and Keyframe Extraction

We divide each video into 30-second clips and
process them independently for efficiency. Us-
ing Gemini-2.0-Flash with a predefined extraction
prompt, we convert each clip into two levels of
memory: fact memory and clip memory.

Fact memory captures fine-grained events within
the clip and includes the following fields: de-
scription, scene_description, asr, asr_periods,
name_mentions, timestamp, and key_frames. Clip
memory provides a coarse-grained representation
of the clip, including a clip summary and an overall
scene description.

We extract keyframes using the timestamps
of fact memories and recover the corresponding
frames with MoviePy. The extracted frames are
stored as JPEG images and Base64-encoded strings
for downstream use.

B.2 Online Incremental Character Memory
Bank Construction

Based on the extracted keyframes and the fact and
clip memories, we incrementally build a global
character memory bank while processing clips se-
quentially. This stage contains five components:
(1) face extraction and merging, (2) voice extrac-
tion, (3) character-level memory rewriting, (4) face—
voice alignment, and (5) incremental profiling and
memory update.

Face Extraction and Merging We use Insight-
Face (buffalo_I) to detect faces from keyframes
and encode them into embeddings. To group face
identities robustly, we adopt a two-stage clustering
strategy. First, we perform local clustering within
each clip using HDBSCAN. Then, we incremen-
tally merge local clusters into global identities by
comparing each local centroid with existing global
identity centroids using cosine similarity. If the
highest similarity exceeds a threshold, the local
cluster is merged; otherwise, a new global face ID
is created.
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Case Study of Iterative Evidence Expansion and Prune in PyraVid

=== Initial Node Selection ===

top-20 idx: [833, 830, 861, 992, 991, 860, 832, 831, 990, 839, 841, 842, 739, 989, 708, 497, 213, 993, 743, 494]
=== Exploration Turn @ ===

LLM selected 3 candidates: [861, 992, 860]

LLM response: The scene immediately following Karen Sim submitting a sighting photo and earning a badge on the
phone is part of a nature walk in a park or mangrove setting. eThe retrieved passage explicitly mentions that the
clip includes shots of a rooster and a dragonfly during this nature walk. However, none of the options (Whale,
Crocodile, Lizard, Hippo) match these animals. The passage does not mention any of the animals listed in the
options. Since the context does not provide sufficient information to determine which animal is shown in the
scene after the phone interaction, and the options do not align with the described wildlife (rooster, dragonfly),
the evidence is incomplete.

[Expand]

[Agent] Expansion triggered.

=== Exploration Turn 1 ===

LLM selected 4 candidates: [848, 852, 860, 861]

LLM response: The scene where Karen Sim submits a sighting photo and earns a badge on the phone occurs at
timestamp 42:45-42:46. The passage states that the clip shows scenes from a nature walk featuring wildlife,
including a rooster and a dragonfly, and that Karen Sim and Jeffrey Chong are volunteers walking and talking on a
wooden bridge. The rooster is shown at 42:00 and the dragonfly at 42:06. Since the phone submission scene is at
42:45-42:46, and the rooster and dragonfly are shown earlier in the same nature walk sequence, the next animal
shown after the phone submission would logically be one of these, as they are the only animals mentioned in the
context. However, the question asks for the animal shown in the scene that follows the phone submission. The
provided images show the rooster and dragonfly, but no other animals are mentioned or shown in the passages or
images after the phone submission. Since the rooster is shown first (42:00) and the dragonfly second (42:06), and
the phone submission is at 42:45, which is after both, the next animal shown after the phone submission is not
explicitly stated. But the context implies the nature walk continues, and the rooster and dragonfly are the only
animals shown. Since the rooster is shown first, and the dragonfly second, and the phone submission is after
both, the next animal shown after the phone submission is not specified. However, the question asks for the
animal shown in the scene that follows the phone submission. Given the sequence, the rooster is shown at 42:00,
dragonfly at 42:06, and phone submission at 42:45. The next scene after 42:46 is not described. But the passage
says "The clip also includes shots of a rooster and a dragonfly” and the context is a nature walk. Since the
rooster is shown first, and the dragonfly second, and the phone submission is after both, the next animal shown
after the phone submission is not specified. However, the question asks for the animal shown in the scene that
follows the phone submission. Given the options, none of them are rooster or dragonfly. Therefore, the answer
must be based on the closest available information. But since the options do not include rooster or dragonfly,
and the next animal is not specified, the correct action is to expand.

[Expand]

[Agent] Expansion triggered.

=== Exploration Turn 2 ===

LLM selected 1 candidates: [862]

LLM response: The scene immediately following Karen Sim submitting a sighting photo and earning a badge on the
phone (at 42:46) is described in the passage at 42:47: "A monitor lizard swims in a body of water.” This is a
direct visual event that occurs right after the phone interaction. The monitor lizard is a type of lizard, which
corresponds to option C.

[ANSWER] C

Time taken: 9.17 seconds

Question: What animal is shown in the scene that follows the scene Karen Sim submits a sighting photo and earns a
badge on the phone?

Prediction: C

Gold: C

Result: Correct

Figure 5: Case study illustrating how iterative expansion over the hierarchical memory enables PyraVid
to identify additional supporting evidence and arrive at the correct answer. Starting from semantically
similar seed nodes, PyraVid repeatedly expands to related memories until sufficient evidence is collected.
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Voice Extraction Using the ASR timestamps in
fact memories, we extract the corresponding audio
segments and encode them into embeddings for
downstream matching and retrieval. Each voice
segment is assigned a unique voice ID.

Character-Level Memory Rewriting To obtain
character-centric memories, we align the extracted
memories with detected identities. Specifically, vi-
sual face tracks and voice segments are provided
to Gemini-2.0-Flash together with the original fact
and clip memories. The model rewrites the textual
descriptions by grounding character mentions to
detected face IDs and voice IDs. This process con-
verts the original memories into character-level fact
memories and character-level clip memories, which
explicitly associate events and scene descriptions
with consistent character identities.

Incremental Profiling and Memory Update Af-
ter alignment, face and voice information are
merged into unified person entities. For each entity,
we aggregate all associated multimodal evidence,
including face observations, voice segments, and
related character-level fact memories. Based on
the aggregated character-level facts, Gemini-2.0-
Flash incrementally builds a character profile for
each person. As new clips arrive, newly extracted
character-level facts are merged with the historical
profile to refine the representation over time. Fi-
nally, each person entity, together with its profile
and metadata, is stored in a Qdrant vector database
for efficient retrieval.

B.3 Hierarchical Memory Graph
Construction

We incrementally construct the hierarchical mem-
ory graph of PyraVid to organize multimodal video
knowledge across multiple levels of abstraction.

Memory Node Construction We derive two
types of memory nodes from the extracted memo-
ries: fact memory nodes and clip memory nodes,
including their character-level variants. Each node
stores its associated memory content as meta-
data, including the original descriptions, character-
resolved descriptions, and clip/fact identifiers. For
retrieval, only the raw textual descriptions are used
for semantic matching. Specifically, fact memory
descriptions and clip memory summaries are en-
coded using text-embedding-3-large, and the
resulting embeddings are stored in Qdrant for effi-
cient similarity search. Character-level memories

remain attached as auxiliary metadata and are used
during reasoning.

Fact Memory Graph The fact memory graph
forms the foundation of the hierarchical memory.
For each new fact memory node, we retrieve the
top-K most semantically similar historical fact
memory nodes from Qdrant using fact memory
embeddings. These candidates are then passed
to Qwen3-4B-Instruct, which determines whether
structured links should be established based on tem-
poral, semantic, and logical relations.

Clip Memory Graph Each clip is represented
as a clip memory node. Two types of links are
constructed. First, hierarchical links connect each
clip memory node to its associated fact memory
nodes. Second, cross-clip links connect clip mem-
ory nodes whose underlying fact memory nodes are
linked in the fact memory graph. In this way, lower-
level factual relations induce higher-level structural
links.

Global Memory Node At the highest level, we
maintain a global memory node that stores an evolv-
ing summary of the video. As each clip is pro-
cessed, Gemini-2.0-Flash updates the global mem-
ory by integrating the previous global summary
with the newly generated clip memory.

B.4 Structure-Guided Reasoning with
Expansion and Pruning

During inference, PyraVid performs structure-
guided reasoning over the hierarchical memory
with iterative expansion and pruning. Given a
query, the system first retrieves the top-k most se-
mantically similar fact memory nodes as the initial
seed nodes. The retrieved nodes are then passed
to Qwen3-8B or Qwen3-32B for pruning. Start-
ing from the retained nodes, the system identifies
mentioned characters from the character-level fact
and clip memories, and retrieves the corresponding
character profiles from the character memory bank
as supplementary context. In addition, the retained
nodes, their associated keyframes, and the global
memory are included as input context. These in-
puts are jointly provided to Qwen3-VL-8B-Instruct
or Qwen3-VL-32B-Instruct for multimodal reason-
ing and answer generation. The model determines
whether the current evidence is sufficient to answer
the query. If so, it outputs the final answer. Other-
wise, it performs an expansion step to retrieve ad-
ditional evidence. During expansion, the retained
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Algorithm 1: Socratic Memory for Video
Question Answering

Input: Video clips C, per-video questions Q,
multimodal model f, embedding model femb,
retrieval size k

Output: Predicted answers

foreach video v do

initialize memory store M,;

// Memory construction

foreach clip c¢; € C, do

di < f(CZ');

| Store(Moy, femn(ds), di);

// Question answering

foreach question g € Q, do

I’ <+ Retrieve(M., femb(q), k);

if q is multiple-choice then

| @< f(g,T,options(q));
else

| a+ f(g, 1)

save prediction a;

nodes are treated as seed nodes, and the system
explores related memory nodes in the hierarchical
memory graph, including directly linked neighbors.
If a seed node is a clip memory node, all fact mem-
ory nodes belonging to that clip are also added
to the candidate pool. The expanded nodes are
merged with the retained nodes, and the updated
evidence context enters the next cycle of pruning,
reasoning, and expansion. This process continues
until the model determines that the evidence is suf-
ficient or a maximum number of expansion steps is
reached.

B.5 Baseline Implementation

Socratic Model Baselines We segment each
video into clips and build a verbal-based mem-
ory bank by prompting a vision-language model
to summarize every clip with a short paragraph de-
scribing the main actions, objects, people, scene,
and visible or spoken text. These clip descriptions
are embedded and stored in a per-video Qdrant
vector database. At inference time, each question
is embedded and used to retrieve the top-20 most
relevant clip memories, which are concatenated as
context for answer inference. For multiple-choice
questions, an LLM is prompted to predict exactly
one option label; for open-ended questions, it gener-
ates a short free-form answer based on the retrieved
memory.

C Prompts

PyraVid uses several prompts to support memory
construction and evaluation. Figure 6 shows the

prompt used to generate relational links among
fact memories, which instructs the language model
to identify sequential, causal, or logical relations
between events. Figure 7 presents the prompt tem-
plate used for LLM-as-a-Judge evaluation, where
GPT-40-mini determines whether the predicted an-
swer semantically entails the ground-truth answer.
Figure 8 presents the prompt template used in the
agentic exploration pipeline for multiple-choice
questions, where the agent either answers the ques-
tion directly or executes an Expand action to ex-
plore additional nodes in the memory graph. Fig-
ure 9 presents the prompt template used in the agen-
tic exploration pipeline for open-ended questions,
which follows the same reasoning mechanism. In
addition, it also incorporates the relevant character
information retrieved from the character database,
enabling the agent to leverage identity-aware con-
text when generating answers. Figure 10 presents
the prompt template used for the node selection
stage in multiple-choice reasoning, where the agent
filters out unrelated nodes from the retrieved candi-
dates before further exploration. Figure 11 presents
the prompt template used for node selection in
open-ended questions, which follows the same rea-
soning mechanism. The prompt also incorporates
the relevant character information retrieved from
the character database to support identity-aware
reasoning.

D Extended Results

For completeness, we provide the numerical re-
sults corresponding to Figure 2 and Figure 3 from
the main paper in Table 3 and Table 4, respec-
tively. These tables present the same comparisons
in tabular form for easier reading and more precise
value inspection. Table 3 reports the controlled
comparison between PyraVid and M3-Agent under
matched backbone settings. Table 4 reports answer
accuracy and inference latency on VideoMME and
LVBench, where latency is summarized by the p50,
p95, and mean values.
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Link Generation Prompt

You are given a query fact and a list of facts extracted from a video in JSON format. Each fact represents
something that happened or was visible in the clip, such as an event, action, or observation.
Your task is to:
- Analyze all facts and determine how they are connected or related.
- Each fact has a timestamp and a short textual description.
- Link facts that describe sequential, dependent, causal, or logically related moments.
- Assign each link a weight between @ and 1, where a higher value indicates a stronger link.
- Produce a new JSON object containing a list of links.
### Input Fact Format:
{
"node_id": "<node_id>",
"text": "<text description of the fact>",
"timestamp”: "<timestamp of the fact>"

}
### Output Format:

"links": [
{
"target”: "<id of related fact>",
"description”: "<short explanation of how they are related>",
"weight": <weight of the link>
}
]
}

### IMPORTANT:

- Only include meaningful links and skip unrelated facts.
- The target field must be a valid node id.

- Output valid JSON only.

### Query Fact:
{query_fact_json}
### Input Facts:
{facts_list_json}

Figure 6: Prompt used for relational link generation among fact memories.

LLM-as-a-Judge Prompt Template

You are provided with a question, a ground truth answer, and an answer from an agent model.

Your task is to determine whether the ground truth answer can be logically inferred from the agent's answer,

in the context of the question.

Do not directly compare the surface forms of the agent answer and the ground truth answer. Instead, assess whether the
meaning expressed by the agent answer supports or implies the ground truth answer. If the ground truth can be reasonably
derived from the agent answer, return "Yes”. If it cannot, return "No".

Important notes:

« Do not require exact wording or matching structure.

- Semantic inference is sufficient, as long as the agent answer entails or implies the meaning of the ground truth
answer, given the question.

+ Only return "Yes"” or "No", with no additional explanation or formatting.

Input fields:

- question: the question asked

+ ground_truth_answer: the correct answer

- agent_answer: the model's answer to be evaluated

Now evaluate the following input:

Input:

- question: {question}

- ground_truth_answer: {ground_truth_answer}

- agent_answer: {agent_answer}
Output ('Yes' or 'No'):

Figure 7: Prompt used for LLM-as-a-Judge evaluation with GPT-40-mini.
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Multiple-Choice Answering Prompt Template

You will be given:

- A multiple-choice question about a video
- Four candidate options (A, B, C, D)

- A general context summary

- Retrieved passages

- Available images

You must decide between Two possible actions:

Option 1 — Answer
If the current context is sufficient and you are confident:

- Reason over the context, passages, question, and options carefully.

Please first give a brief reasoning and immediately after the reasoning, output a space and then:
[ANSWER] X

- X must be exactly one uppercase letter: A, B, C, or D.

Stop immediately after "[ANSWER] X".

- Do NOT write anything else.

When conflicting evidence exists, pick the most direct visual evidence and STOP reasoning.

Example:
The woman is holding the trophy in the final scene. [ANSWER] A

Option 2 — Expand

If the current evidence is relevant but incomplete,
and expanding nearby graph nodes may help:

Output exactly:
[Expand]

Nothing else.
Important Rules:

- Choose exactly ONE action.

- Do NOT output explanations outside the required format.

- If you have uncertainty, choose [Expand] rather than guessing.
- If format is violated, the answer will be discarded.

Inputs:

Question: {question}

Context Summary: {context_summary}
Options: {options}

Passages: {passages}

Output:

Figure 8: Prompt used for multiple-choice questions.
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Open Question Answering Prompt Template

You will be given:

- An open question about a video

- A general context summary

- Retrieved passages

- Character profiles referenced in the passages using tags such as <person_1>.
- Available images

You must decide between Two possible actions:

Option 1 — Answer
If the current context is sufficient and you are confident:

- Please output the final answer in the exact format specified below.:

[ANSWER] ....

....should be the answer text, not just a letter, and it should be as concise as possible.
- Stop immediately after "[ANSWER] ....".
- Do NOT write anything else.
- When conflicting evidence exists, pick the most direct visual evidence and STOP reasoning.
- Do not contain any person identifiers (e.g., <person_1>) in the final answer

Example:
From the text given and images, the woman is holding the trophy in the final scene.
[ANSWER] The woman is holding the trophy.

Option 2 — Expand

If the current evidence is relevant but incomplete,
and expanding nearby graph nodes may help:

Output exactly:

[Expand]

Nothing else.

Important Rules:

- Choose exactly ONE action.

- Do NOT output explanations outside the required format.
- If you have uncertainty, choose [Expand] rather than guessing.
- If format is violated, the answer will be discarded.
Inputs:

Question: {question}

Context Summary: {context_summary}

Passages: {passages}

Character Profiles: {character_profiles}

Output:

Figure 9: Prompt used for open questions.
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Multiple-Choice Node Selection Prompt Template
You will be provided with:

1. A question about a video.
2. A general high-level summary of the video.
3. A set of extracted passages, each being either:
- an atomic fact (with a single timestamp), or
- a clip-level summary (with a time range) which indicates the contents of its underlying facts.

Your task is to select x*all passages that contain information potentially helpfulxx for answering the question.
A passage is helpful if it directly answers, partially answers, or provides relevant context for the question.

Passages are formatted as a JSON as the following:
{{
// fact passage
<passage_number>: {{
"text": "<fact_text>",
"timestamp”: "<timestamp>",
i3]
// clip-level summary passage
<passage_number>: {{

"text": "<summary_text>",
"timestamp_start”: "<timestamp_start>",
"timestamp_end”: "<timestamp_end>",
13
3}

Return *xonly** a list of the passage numbers you deem helpful.
Example output: [1, 3, 5]
Please do not include any extra text or explanation.

**xQuestion: xx

{question}

*xGeneral Summary of the Video:*x*
{context_summary}

*xVideo Passages:**
{passages}

*xA LIST containing all helpful passage numbers:*x

Figure 10: Prompt used for multiple-choice node selection.
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Open Question Node Selection Prompt Template
You will be provided with:

1. A question about a video.
2. A general high-level summary of the video.
3. A set of extracted passages, each being either:
- an atomic fact (with a single timestamp), or
- a clip-level summary (with a time range) which indicates the contents of its underlying facts.
4. Character profiles referenced in the passages using tags such as <person_1>.

Your task is to select x*all passages that contain information potentially helpful*x for answering the question.
A passage is helpful if it directly answers, partially answers, or provides relevant context for the question.

Passages are formatted as a JSON as the following:
&t
// fact passage
<passage_number>: {{
"text": "<fact_text>",
"timestamp”: "<timestamp>"
3}
// clip-level summary passage
<passage_number>: {{

"text”: "<summary_text>",
"timestamp_start”: "<timestamp_start>",
"timestamp_end"”: "<timestamp_end>"
131
3

Character profiles are formatted as a JSON as following:

i

"<person_id>": "<character_profile_text>",

33

Return x*only*x a list of the passage numbers you deem helpful.
Example output: [1, 3, 5]

Please do not include any extra text or explanation.

**Question:*x
{question}

*xGeneral Summary of the Video:*x*
{context_summary}

**xCharacter Profiles:*x
{character_profiles}

**xVideo Passages:**
{passages}

**xA LIST containing all helpful passage numbers:*x*

Figure 11: Prompt used for open question node selection.
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M3-Bench-robot

M3-Bench-web

Model VM(L) LVB
MDR MHR CMR PU GKE ALL MDR MHR CMR PU GKE ALL
M3-Agent(8B) 159 163 172 139 200 15.8 36.6 184 205 423 49.0 388 484 30.0
M3-Agent(32B) 207 279 21.0 223 188 199 495 245 250 52.6 569 474 57.1 41.0
M3-Agent(32B RL) 32.8 29.4 31.2 433 19.1 30.7 459 284 443 593 539 489 553 493
PyraVid(8B) 43.0 350 39.1 56.1 26.8 409 525 327 432 679 451 51.1 595 506
PyraVid(32B) 478 50.0 444 609 363 46.7 554 429 545 708 51.0 563 69.1 585

Table 3: Controlled Comparison with M3-Agent under Matched Backbones

Method VideoMME Ivbench
Acc (%)T pS50) p95) mean| | Acc (%)T pS50) p95] mean]

M3-Agent 553 2043 52.61 26.75 493 3697 59.24  36.92
Plain Memory + RAG 58.7 3.15 14.00 448 53.4 548 1273 7.2
Plain Memory + E&P 57.1 276 1634 4.64 54.1 3.09 2070 6.79
Hierarchical Memory w/o E&P 65.9 387 884 547 543 553 1244  7.02
Hierarchical Memory w/o prune 63.5 3.04 1692 547 57.9 370 10599 21.99
Hierarchical + E&P (PyraVid) 69.1 222 752 390 58.5 297 1885 7.26

Table 4: Comparison of answer performance and inference latency on VideoMME and LVBench. Higher accuracy
indicates better answer quality, while lower latency indicates higher efficiency. Latency is reported in seconds.
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