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ABSTRACT

Long-video understanding places substantial demands on memory, as answering
questions often requires retrieving information distributed across extended tem-
poral spans. Existing approaches broadly follow two paradigms: query-driven
exploration, which is sensitive to localization errors, and query-independent mem-
ory construction, which may omit question-specific details. We introduce Video-
Tapestry, a training-free multi-agent framework that adapts a preconstructed hier-
archical video memory through coarse-to-fine, query-driven refinement. The pre-
constructed memory organizes video content into three levels, capturing global
narrative context, event-level temporal structure, and fine-grained relational ev-
idence, respectively. To support coarse-to-fine localization and observation, we
assign a specialized agent to each level, keeping retrieval and refinement within
a scale-specific context. Guided by the query, these agents revisit relevant video
regions and enrich layer-wise memories with targeted multimodal observations.
Their refinements are assembled according to the original hierarchy into a com-
posite query-adaptive memory, preserving global context in a compact form while
retaining fine-grained evidence along query-relevant branches for final reasoning.
Compared with direct GPT-5.5 inference, VideoTapestry achieves absolute ac-
curacy gains of 17.2%, 14.9%, 9.8%, and 7.0% on LVBench, LongVideoBench
(Long), Video-MME (Long), and EgoSchema, respectively, achieving the state-
of-the-art results among all competitors.

1 INTRODUCTION

Long-video understanding is a fundamental capability for vision-language models (VLMs) reason-
ing over extended activities, narratives, and real-world interactions (Fu et al., 2025; Wu et al., 2024;
Wang et al., 2025a; Mangalam et al., 2023). Compared with short clips, answering questions about
hour-long videos requires preserving global context while locating decisive evidence at appropriate
semantic granularity. Uniform sampling may miss brief events, while dense frame sampling intro-
duces redundancy and query-irrelevant information, making relevant content difficult to isolate (Ye
et al., 2025; Wang et al., 2025b; Wu et al., 2024). These challenges motivate memory mechanisms
that organize video information for selective retrieval while preserving context for reasoning.

Existing approaches broadly fall into two paradigms. As shown in Figure 1(a), top-down methods
start from the query and inspect relevant intervals, constructing or updating hierarchical memory dur-
ing search (Wang et al., 2025b; Ye et al., 2025; Yin et al., 2026; Lin et al., 2026a). This enables adap-
tive observation, but inaccurate localization may direct the search away from key video segments.
Bottom-up methods, as illustrated in Figure 1(b), construct a query-independent video memory and
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Figure 1: Comparison of long-video context construction paradigms. Left: Top-down explo-
ration may miss answer-critical evidence due to localization errors. Middle: Bottom-up memory
provides broad coverage but may omit query-specific details. Right: VideoTapestry combines a
query-independent hierarchy with targeted revisiting to form a composite query-adaptive memory
that preserves global context and enriches relevant evidence.

retrieve or revisit relevant content at inference time (Fan et al., 2024; Zuo et al., 2026; Zhang et al.,
2026; Yeo et al., 2026). Such representations provide broad coverage but may omit details required
by specific questions. Intuitively, the paradigms are complementary: query-independent memory
provides broad coverage, while query-driven exploration acquires question-specific evidence.

However, integrating query-specific evidence with existing memory while preserving global con-
text remains challenging. Integrating the strengths of the two paradigms requires incorporating new
evidence into memory while limiting irrelevant content. This process involves global localization,
temporal narrowing, and fine-grained verification. These complementary reasoning objectives mo-
tivate specialized agents that refine memory at corresponding semantic levels and pass inspection
objectives between levels.

Motivated by these considerations, we introduce VideoTapestry, a training-free multi-agent frame-
work that keeps a preconstructed hierarchy fixed while transforming it into a composite query-
adaptive memory through coarse-to-fine, query-driven refinement. The central problem we address
is how to adapt a query-independent hierarchical memory to a specific question without sacrificing
its global coverage, while selectively acquiring and integrating fine-grained evidence that is missing
or insufficient in the original memory.

The paradigm of VideoTapestry is illustrated in Figure 1(c). The memory consists of SuperEvents,
MacroEvents, and local Subgraphs, representing global stages, localized events, and fine-grained
relational evidence. The Overview, Skim, and Focus agents operate at these levels, respectively, each
within a scale-specific context. Guided by candidate memories and upstream inspection objectives,
each agent acquires targeted multimodal evidence, refines a temporary layer memory, and decides
whether to stop or pass selected branches and unresolved inspection objectives to the next level.

At the Super level, relevant descriptions and their neighboring context are retained and enriched,
while the remaining events are summarized to preserve global coverage. Along selected branches,
MacroEvent and Subgraph descriptions are refined with question-specific evidence. These layer-
wise memories are assembled according to their original parent-child relations and paired with a
concise query-time trace of inspection objectives and stopping decisions. The resulting composite
query-adaptive memory combines a refined global scaffold with selectively refined local paths,



preserving global context while retaining detailed query-relevant evidence. All refinements are
query-specific and leave the preconstructed memory unchanged. An independent Answer Agent
generates the final prediction from the assembled memory without further retrieval or observation.

We evaluate VideoTapestry on LVBench, LongVideoBench, Video-MME, and EgoSchema against
representative direct VLM baselines and agentic approaches. Using GPT-5.5 as the base VLM,
VideoTapestry improves accuracy over direct GPT-5.5 inference by 17.2, 14.9, 9.8, and 7.0 percent-
age points on LVBench, LongVideoBench (Long), Video-MME (Long), and EgoSchema, respec-
tively. It achieves the best reported results among the compared methods across all four benchmarks.
Controlled ablation studies further demonstrate the effectiveness of query-adaptive memory refine-
ment and scale-aligned multi-agent collaboration.

Our contributions are threefold:

* We propose a query-adaptive memory strategy that integrates newly observed evidence into
selected branches while preserving global context and the original hierarchical structure.

* We develop VideoTapestry, a training-free multi-agent framework that aligns agents
with memory levels and coordinates refinement through branch selection and inspection-
objective transfer.

* We demonstrate consistent improvements across four video understanding benchmarks,
with controlled ablations and cross-backbone evaluations supporting the effectiveness of
memory refinement and scale-aligned collaboration.

2 RELATED WORK

2.1 LONG-VIDEO UNDERSTANDING

Long-video understanding extends the scope of VLM reasoning from short clips to complex real-
world streams lasting many minutes or even hours. Recent work expands visual context win-
dows, compresses redundant spatiotemporal tokens, and scales long-form instruction tuning through
LongVU (Shen et al., 2024), LongViTU (Wu et al., 2025), and Hour-LLaVA (Lin et al., 2026b).
Video Panels and Tempo further improve effective temporal coverage via frame grids and query-
aware visual compression (Doorenbos et al., 2026; Fei et al., 2026). Despite these advances, prac-
tical context budgets still limit reliable evidence coverage, motivating agentic and memory-based
methods that organize video content externally and acquire evidence through query-conditioned re-
trieval and observation (Fan et al., 2024; Zhang et al., 2026; Chen et al., 2026).

2.2 HIERARCHICAL VIDEO MEMORY

Video memory systems store frame descriptions, clips, or temporal segments outside the model
context, while hierarchical and graph-based variants organize them across multiple semantic levels
and explicit relations (Long et al., 2026; Yeo et al., 2026; Wang et al., 2025b; Zuo et al., 2026; Yin
et al., 2026). PyraVid uses structure-guided expansion and pruning (Yan et al., 2026b), while VAM
aligns temporal and spatial evidence (Li et al., 2026a). MAGIC-Video combines multimodal graph
retrieval with narrative chains (Li et al., 2026b), while MERIT uses multi-key episodic retrieval
with selective query-time filtering (Choi et al., 2026). VideoTapestry adapts a query-independent
hierarchy through targeted re-observation, retaining a compact global scaffold and refined query-
relevant branches in a composite query-adaptive memory.

2.3 AGENTIC AND MULTI-AGENT VIDEO REASONING

Agentic video systems replace one-pass prediction with planning, temporal search, retrieval, and
selective observation (Fan et al., 2024; Ye et al., 2025; Zhang et al., 2026; Lin et al., 2026a). Active
Video Perception plans observations and checks evidence sufficiency (Wang et al., 2026b), while
LensWalk controls temporal scope and sampling density (Li et al., 2026c). Route2Look routes
queries among global browsing, temporal grounding, and semantic retrieval via a routing skill (Wang
et al., 2026a). VideoXAgent acquires multimodal evidence online through expert tools (Yang et al.,
2026). Multi-agent approaches distribute perception, localization, verification, and reasoning across
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Figure 2: Overview of VideoTapestry. Scale-aligned agents operate over a preconstructed hier-
archical video memory, while layer-wise tool-augmented refinement selectively incorporates newly
acquired query-relevant observations at different semantic levels. The resulting refined layer mem-
ories are hierarchically assembled into a composite query-adaptive memory for final prediction.

specialized roles (Yan et al., 2026a; Rege et al., 2026; Zuo et al., 2026). VideoTapestry focuses on
final hierarchical representation: scale-aligned agents retain a global scaffold, refine query-relevant
branches, and assemble layer-wise memories for an independent Answer Agent.

3 METHOD

Given along video V, a question ¢, and answer options o, VideoTapestry transforms a preconstructed
hierarchical video memory into a composite query-adaptive memory. Three scale-aligned agents
acquire evidence and refine temporary layer memories, which are then assembled for an independent
Answer Agent (Figure 2).

3.1 QUERY-ADAPTIVE MEMORY AND SCALE-ALIGNED ORGANIZATION

Query-adaptive memory representation. VideoTapestry constructs a query-adaptive reasoning
context by compressing unrelated SuperEvents, enriching relevant descriptions with new observa-
tions, and assembling refined descendants under their original parents. These operations modify
only temporary textual representations while preserving the underlying static hierarchy.

We instantiate a fixed query-independent hierarchy following the memory-construction procedure of
MemDreamer (Chen et al., 2026), upon which VideoTapestry performs query-adaptive refinement.
The hierarchy G = (V, £) contains three semantic levels:

_ S M G
Mstatic - {Mstati(:7 Mstaticv Mstatic .

SuperEvents summarize coarse temporal stages, MacroEvents describe localized coherent events,
and each MacroEvent is associated with a complete local Subgraph containing Entity, Event, and
OCRText nodes connected by typed relations. The levels S, M, and G provide global narrative
context, event-level temporal structure, and fine-grained factual evidence, respectively.

Scale-aligned multi-agent organization. The Overview Agent refines the Super-level scaffold
and selects relevant stages; the Skim Agent examines their MacroEvents and narrows candidate
regions; and the Focus Agent inspects the corresponding Subgraphs for fine-grained verification.



Each agent operates within a scale-specific context, with selected parent identifiers determining
which descendants are exposed at the next level.

At level ¢ € {S, M,G}, the agent produces a temporary refined memory, selected identifiers, a
downstream instruction, and a stop flag:

(ﬂg’ Sé’ Ié’ Ze) = AZ (q’ 0,5v, Mgta‘cic [C€]72271, 72) .

Here, sy, Cf, T¢~1, and T; denote the global video summary, candidate nodes, upstream instruction,
and level-specific tools, respectively. If refinement continues, the selected identifiers define C‘+1 =
UU st Children(v, G), which the next agent loads from static memory. The instruction 7t conveys
the inspection objective and may summarize intermediate findings and unresolved evidence needs
without transmitting the full preceding-layer memory or tool trajectory.

The validated stop flag z* determines whether refinement terminates. In the evaluated Video-MME
configuration, global questions may terminate at an intermediate level, whereas non-global questions
must descend when valid descendants are available. The Focus Agent always terminates exploration.
The question-type heuristic and decision validation rules are detailed in Appendix B.2.

3.2 LAYER-WISE TOOL-AUGMENTED MEMORY REFINEMENT

All agents follow the Plan, — Observe, — Update, — Decide, protocol. Plan identifies evidence
needs, Observe inspects selected intervals, Update integrates new evidence into temporary memory,
and Decide selects the next scope or terminates. Across all benchmarks, each visited layer performs
one refinement batch, followed by one layer-level decision (Appendix B.2).

All levels access the source video through a Visual Observation Tool:

¢ £ Tt is, 0
7:1is (ins7Iobs) — 021”57 ) le {Sa M7 G}a

where WY, denotes a set of temporal intervals, Z/, . specifies what to inspect, and O;’is*z contains

the resulting observations.

The Overview Agent additionally accesses a Transcript/ASR Tool:
7;xt (thtvztxt) — O;Xtv

which extracts spoken-information evidence from timestamped text within selected windows. In the
evaluated Video-MME configuration, it uses Whisper transcripts and follows visual observation on
each successful Overview pass. The Skim and Focus Agents use visual observations only.

3.2.1 OVERVIEW AGENT: SUPER-LEVEL MEMORY REFINEMENT

The Overview Agent accesses all SuperEvents. For local questions, it decomposes the localization
objective into atomic targets. Entity, OCR-text, and semantic retrieval interfaces provided by the
preconstructed memory (Chen et al., 2026) yield temporal anchors for observation; retrieval outputs
serve as localization hints rather than verified answer evidence.

A visual planner converts these anchors into an inspection instruction and a continuous observation
window bounded by the video duration. Sampled frames are arranged into grids for 7.5.. In the
evaluated Video-MME configuration, a subsequent ASR planner uses the SuperEvent timeline and
visual results to select transcript windows and formulate a spoken-information request. The resulting
observations are 5 s -

O, =07 U0,

Observations are associated with SuperEvents using candidate identifiers and temporal overlap. Let
Cey index the evidence-associated SuperEvents in temporal order. A protected set includes these
events and their immediate neighbors:

P = < U {i—l,m’—i—l}) Nn{l,...,Ns},

1€Ceov

where Ng is the number of SuperEvents.



The Overview Agent updates the Super-level memory asymmetrically. Protected nodes retain their
original descriptions and receive available associated evidence, while the remaining nodes are com-
pressed:

ms @ [Visual] v; @ [Transcript] a; ® [Evidence] e;, i€ P,
c(mf), i¢P.

Here, mf is the original description, v; contains visual observations, a; contains transcript-derived
facts, and e; contains timestamped verbatim transcript evidence. The operator & denotes textual
composition, and ¢(+) produces a compact summary. Unavailable evidence fields are omitted. The
protected set is enforced programmatically: protected neighbors without associated observations
retain their original text.

my =

This refined global scaffold combines video-wide coverage with query-relevant detail. The agent
then selects SuperEvents and a downstream instruction, or terminates according to the validated
stopping rule.

3.2.2 SKIM AGENT: MACRO-LEVEL MEMORY REFINEMENT

The Skim Agent operates on CM = | J, . gs Children(v, G), the MacroEvent children of the selected
SuperEvents. Guided by the upstream instruction, it plans observations within candidate intervals
and associates the resulting evidence with the covered nodes. For each requested update, it rewrites
the original description:

M
text; = Rewriten (text?, q,0,79, 0M).

The rewrite preserves relevant static facts, incorporates observed evidence, and compresses unre-
lated content. Missing or invalid updates retain the original text. Node identifiers, parent relations,
semantic levels, and temporal ranges remain fixed. The agent then selects MacroEvents and gener-
ates an instruction for finer inspection, subject to the stopping rule.

3.2.3 FocCcus AGENT: SUBGRAPH-LEVEL MEMORY REFINEMENT

The Focus Agent loads local Subgraphs associated with the selected MacroEvents, exposing entities,
events, OCR content, and typed relations. Guided by the upstream instruction, it plans fine-grained
visual inspection and rewrites the serialized description of each requested Subgraph:

e
text; = Rewriteg (text?, ¢,0,7", OF).

This operation modifies the temporary textual description rather than the underlying graph nodes or
edges. As at the Macro level, missing or invalid updates retain the original text. The Focus Agent
then terminates hierarchical exploration.

3.3 COMPOSITE MEMORY ASSEMBLY AND ANSWER GENERATION

The key representation in VideoTapestry is a composite query-adaptive memory combining a refined
global scaffold with selectively refined local paths. After traversal, Assemble retains the refined
Super-level scaffold and places selected refined MacroEvent and Subgraph memories beneath their
original parents, preserving video-wide coverage while enriching query-relevant branches.

The resulting memory is serialized with the question, options, and a compact handoff trace:

D, = Serialize (q,07 quAssembleGMg}e c )) '
€Lg

Here, £, C {S, M, G} denotes the visited levels, and H, = [(ar, i¢)]¢c,, records each agent and
its handoff instruction or stopping marker. The trace may summarize intermediate findings and
unresolved evidence needs, but excludes complete observation and update logs.

The independent Answer Agent predicts

without further retrieval or observation.



Table 1: Comparison with representative VLMs and agentic approaches on four long-video under-
standing benchmarks. Results are reported as accuracy (%). Green parenthesized values denote
percentage-point gains over GPT-5.5 (Direct). 1 denotes our same-backbone end-to-end evaluation
with frozen GPT-5.5. { denotes results from our reproduction. w/o: no provided subtitles.

Method Query-time Model(s) LVBench LongVideoBench Video-MME(w/0) EgoSchema
Overall Val Long Long Val
Direct Proprietary VLMs
Gemini-2.5-Pro  Gemini-2.5-Pro 72.0 71.0 68.6 75.9 72.8
Gemini-3.1-Pro  Gemini-3.1-Pro 78.2 78.6 77.0 80.3 76.4
OpenAl 03 OpenAl 03 57.1 66.7 60.6 64.7 63.2
Direct Open-Source VLMs
Seed1.5VL Seed1.5VL-Thinking 64.6 - 74.4 - -
Qwen3-VL Qwen3-VL-235B-A22B- 63.6 714 67.1 71.2 75.9
Thinking
Qwen3.5 Qwen3.5-35B-A3B 71.3 - - 62.6 -
GLM-4.6V GLM-4.6V-106B-A12B 59.5 67.6 58.7 66.0 68.8
Agentic Methods
DVD OpenAl 03 74.2 71.6 68.6 67.3 76.6
Symphony DeepSeek-R1 + 71.8 77.1 - 78.1 -
Seed1.6VL
VideoARM 03 + GPT-4.1 79.7 73.7 69.2 75.3 78.2
VideoARM 03 + GPT-4o - 78.0 76.4 81.2 76.2
Active Video Gemini-2.5-Pro 74.8 73.4 70.0 81.9 -
Perception
WorldMM-GPT  OpenAl GPT-5 61.9 - - 76.6 -
VideoSeek OpenAl GPT-5 68.4 - 73.5 70.1 -
LensWalk OpenAl GPT-5 66.9 - 68.8 69.2 74.6
Route2Look OpenAl GPT-5 754 - 77.8 76.1 -
VideoXAgent Claude-Opus-4.6 + 76.5 - 78.1 - -
Gemini-3.1-Pro-preview
MemDreamer? OpenAl GPT-5.5 73.3 74.1 73.9 77.1 78.6
Same-Backbone End-to-End Comparison
GPT-5.5 (Direct)! OpenAI GPT-5.5 64.3 69.8 64.0 74.8 76.0
VideoTapestry’ OpenAI GPT-5.5 81.5 +17.2) 80.4 (+10.6) 78.9 (+14.9) 84.6 +9.8) 83.0 +7.0)

4 EXPERIMENTS

4.1 BENCHMARKS

We evaluate VideoTapestry on four long-video understanding benchmarks. LVBench comprises
103 videos ranging from 30 minutes to two hours and 1,549 QA pairs across six fine-grained di-
mensions (Wang et al., 2025a). The LongVideoBench validation set contains 1,337 questions from
752 videos, including 564 questions from 188 long videos ranging from 15 to 60 minutes (Wu et al.,
2024). Video-MME (Long) consists of 300 videos ranging from 30 to 60 minutes and 900 QA
pairs (Fu et al., 2025). EgoSchema contains egocentric clips designed to evaluate video reasoning;
for efficient and representative evaluation, we use a 500-question subset (Mangalam et al., 2023).

4.2 EXPERIMENTAL SETUP

VideoTapestry is training-free, with all model parameters and the preconstructed hierarchical mem-
ory fixed during evaluation. Unless noted otherwise, GPT-5.5 (OpenAl, 2026) serves as the back-
bone for the Overview, Skim, Focus, and Answer agents, while Whisper (Radford et al., 2023) pro-
vides ASR. Qwen3-Embedding (Zhang et al., 2025) supports semantic retrieval. The Direct baseline
uses the same frozen backbone and evaluation examples without the agentic inference framework,
serving as a same-backbone end-to-end comparison. Following VideoARM (Yin et al., 2026), all



Table 2: Comparison with representative VLMs and agentic approaches across the six capability di-
mensions of LVBench (accuracy, %). The best results are bolded; green parenthesized values denote
absolute percentage-point gains over GPT-5.5 (Direct). 1 denotes results from our reproduction.

Method ER EU Rea KIR Sum TG Avg.
Direct VLMs
GPT-40 48.9 49.5 50.3 48.1 50.0 40.9 48.9
OpenAl 03 57.6 56.4 50.8 62.9 67.2 46.8 57.1
GPT-5.5 (Direct) 63.2 66.0 72.7 63.8 65.4 43.1 64.3
Structured and Agentic Methods
VideoTree 30.3 25.1 31.9 26.5 25.5 27.7 28.8
VideoLucy 543 59.8 55.9 75.6 49.1 51.7 58.8
DVD 73.4 73.3 70.7 80.4 74.1 72.3 74.2
DVD + Transcripts 75.5 77.1 68.7 79.0 84.5 72.7 76.0
Symphony 70.0 69.4 69.4 77.2 72.5 70.1 71.8
Active Video Perception 71.9 76.7 67.7 80.1 75.9 73.6 74.8
MemDreamer (GPT-5.5)* 70.5 74.9 73.5 80.1 67.3 67.7 73.3

VideoTapestry (GPT-5.5)  80.7 (+17.5) 81.0 (+15.0) 77.6 (+4.9) 84.5 (+20.7) 89.7 (+24.3) 83.2 (+40.1) 81.5 (+17.2)

ablations are conducted on a fixed 200-question subset of Video-MME Long. Additional evaluation
and implementation settings are provided in Appendix B.1.

Baselines. We compare with direct VLMs and agentic methods, including DVD (Zhang et al.,
2026), Symphony (Yan et al., 2026a), VideoARM (Yin et al., 2026), Active Video Percep-
tion (Wang et al., 2026b), WorldMM (Yeo et al., 2026), VideoSeek (Lin et al., 2026a), LensWalk (Li
et al., 2026c), Route2Look (Wang et al., 2026a), VideoXAgent (Yang et al., 2026), and Mem-
Dreamer (Chen et al., 2026).

4.3 MAIN RESULTS

With frozen GPT-5.5, VideoTapestry gains 7.0-17.2 percentage points over the same-backbone Di-
rect baseline and surpasses the strongest prior result in each column by 0.8-4.4 points (Table 1).
It also leads across all six LVBench dimensions, with the largest same-backbone gains in temporal
grounding (+40.1) and summarization (+24.3) (Table 2). These results suggest benefits for both
long-range evidence localization and global information aggregation.

The LVBench breakdown in Table 2 shows that VideoTapestry leads all six capability dimensions,
improving over the strongest prior result by 3.9-9.6 points. The largest gains occur in temporal
grounding (+9.6), supporting the effectiveness of coarse-to-fine retrieval and targeted observation
for locating and verifying question-relevant evidence.

4.4 ABLATION STUDIES

Following VideoARM (Yin et al., 2026), all controlled studies use its representative 200-question
subset of Video-MME Long, which was constructed to preserve the distribution of the full bench-
mark, and share the same preconstructed memory.

Query-time memory refinement. Table 3(a) examines query-specific evidence acquisition and
integration into hierarchical memory. The two observation ablations remove visual observation or
selected-window ASR. Append-only Evidence retains the same tools and agent structure but provides
new evidence as a flat log without updating selected memory nodes. Single Agent replaces the three
scale-aligned agents with one controller under the same model- and tool-call budgets. Removing
visual observation, ASR, structured memory refinement, and multi-agent collaboration reduces ac-
curacy by 3.0, 5.5, 1.5, and 4.5 points, respectively. The largest drops come from removing ASR and
scale-aligned collaboration, while structured memory refinement outperforms flat evidence logging.



Table 3: Ablations of (a) query-time refinement and (b) composite memory components. Update
denotes structured integration; M-A, scale-aligned multi-agent collaboration. A Acc. denotes the
percentage-point difference from VideoTapestry. In (b), refined variants share fixed exploration;
Super/Paths denote retained components, and — static retrieval.

(a) Query-time memory refinement

Variant Visual ASR Update M-A Acc. A Acc.
w/o Visual Observation N Y Y Y 84.0 —-3.0

w/o ASR Observation Y N Y Y 81.5 —5.5

Append-only Evidence Y Y N Y 85.5 —-1.5

Single Agent Y Y Y N 82.5 —4.5

VideoTapestry Y Y Y Y 87.0 -

(b) Composite Memory Components

Memory Variant Super Paths Tokens Acc.
Static Memory Only - - 4,874 79.5
Refined Super Only Y N 3,250 85.0
Refined Paths Only N Y 1,363 80.5
VideoTapestry Y Y 4,417 87.0

Composite memory. Table 3(b) separates the static-retrieval baseline from a controlled compari-
son of composite memory. Static Memory Only retrieves the preconstructed memory without query-
time updates, compression, or rewriting, achieving 79.5%. For the refined variants, the full explo-
ration is fixed, including selected nodes, observations, refined contents, and query-time trace; only
the final memory given to the Answer Agent differs: Refined Super Only keeps the refined Super-
level scaffold (85.0%), while Refined Paths Only keeps only refined Macro- and Subgraph-level
paths (80.5%). Combining both components reaches 87.0%, outperforming either refined compo-
nent and static retrieval by 7.5 percentage points, supporting their complementary roles.

4.5 BACKBONE GENERALIZATION

Table 4 evaluates backbone generalization while
keeping the memory and tool interfaces fixed. Table 4: Generalization across backbone models.
We replace the backbone used by the agents and

Answer Agent with GPT-5.5, GPT-5, Qwen3.7- Backbone Direct  VideoTapestry  Improve.
Plus, and Qwen3.6-27B (OpenAl, 2025; Al- GPT-5.5 78.0 87.0 +9.0
ibaba Cloud, 2026; Qwen Team, 2026). Direct SPT-53 b ;gg 2%(5) igg

: wen3.7-Plus X . .
and VideoTapestry use the same backbone and Owen3.6-27B 655 750 495

evaluation examples. VideoTapestry improves
every backbone by 7.0-9.5%, with the largest
gain of 9.5% on Qwen3.6-27B. These consistent
gains across GPT and Qwen show the method
generalizes beyond a single model family.

5 CONCLUSION

We introduce VideoTapestry, a training-free hierarchical multi-agent framework for long-video un-
derstanding. Starting from a query-independent hierarchical video memory, the Overview, Skim,
and Focus agents perform coarse-to-fine retrieval and targeted observation, refining query-relevant
content at complementary semantic granularities. Their layer-wise refinements are assembled with
the global scaffold into a composite query-adaptive memory that preserves video-wide structure
while enriching relevant branches for final reasoning. Experiments on long-video benchmarks show
that VideoTapestry consistently improves over the same-backbone direct baseline and representative
agentic methods, demonstrating the effectiveness of organizing global structure and query-specific
evidence for final reasoning.
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A ADDITIONAL RESULTS

Additional Qualitative Results. Figure 3 shows two representative trajectories from coarse local-
ization to fine-grained verification, illustrating progressive query-adaptive memory refinement.

Case 1: Fine-grained temporal verification.

The agents narrow the stairwell interval to 27-33 s, verify descent without door or
window opening, and answer C.

&) (Preconstructed Memory)

Video & Question

User Query

What does the man do from
00:27-00:332

A. He climbs the stairs

B. He opens the window

C. He walks down the stairs
D. He opens the door

Answer Question

1 1. Overview/Skim: The retrieved
 memory locates the stairwell
ites downward

| sequence and indica
 movement toward the black door.

! 2. Focus/New Observation: The
 man clearly descends the stairs,

| while the door remains closed and
i no window is opened.

& (Query

Coarse,

(to)

(Fine)

@ Overview Agent

Reason/Plan:

Use the explicit 00:27-00:33 query time
to inspect the opening backstage stairwe
/door seguence. Locator finds a plausible
door event but no direct full match for
climbing direction

Tool Invocation:

visual window: [0,600] s, 120 uniformly
sampled frames in 3x2 grids. ASR window:
[0,600] .

Observation:

Update Memory:

[New observation]: The target interval is
in the backstage stairwell/door area.

The black door remains closed; direction
requires finer visual verification.

Select:
Select super_01; verify the exact action
during 00:27-00:33.

—

g Skim Agent

Reason/Plan:

Carefully inspect the complete six-second
video sequence in s entirety to determine
the direction of the observed movement
and verify whether the door actually opens
during this period.

Tool Invocation:
Window [30,40] s; full frames sampled
across the broader context.

Observation:
v 4

Update Memory:
[Refined Evidence]: He moves down the
stairs. No window or door is visibly
opened.

Select:
Select macro_0000; confirm the
downward action and closed door.

9’, Focus Agent

Reason/Plan:
Verify the action state-by-state and rule
out a brief door-opening event

Tool Invocation:
Window [27,33] s; approximately 1 FPS;

complete frames.

Observation:

Final . - S upper stair
Verdict: c The man moves from the upper stair doscending
erdict: e e e e ASR segment toward the lower landing and reaches landing
32.5 st reaches a closed black door. AS e oo reaches anding
does not establish movement airecton.
Reason:

Update Memory:

[Refined Evidence]: He descends from
27.5-30.5 s, then approaches the closed
black door from 30.5-32.5 5. No door or
window opening oceurs.

Stop:
Construct a composite memory and invoke
the Answer Agent

Case 2: Cross-branch evidence aggregation.

The agents verify distinct performers across two piano-related branches roughly 25
minutes apart, aggregate the evidence, and answer D.

&7) (Preconstructed Memory)

Video & Question

User Query
How many contestants can be
seen playing the piano in the
video?
A.1 B4 C3 D2

Answer Question

| 1. Overview/Skim: Retrieved
| memory preserves two distant piano |
| branches and identifies two distinet |
| contestants in separate regions. H
1 2. Focus/New Observation: Fi i
| grained evidence verifies that both |

! contestants are playing the piano,
| yielding a total count of two.

Coarse,

(to)

(Fine)

@ Overview Agent

Reason/(Plan:

Scan the full video for distinct contestants at
a piano. Locator finds two plausible piano
events in distant temporal regions, but
repeated appearances remain unresolved

Tool Invocation:

visual window: [0,3600] s, 120 uniformly
sampled frames in 20 x 3x2 grids. ASR
window: [0,3600] s.

Observation:

: candidate #1 appears at a piano
: candidate 2 appears at another piano.
ASR does not establish contestant identity.

Update Memory:

[New observation]: Two candidate piano
performers occur in distant temporal
regions. Whether they are distinct
contestants requires finer visual verification.

Select:
Select super_06 + super_10; verify distinct

1

& (Query-Adaptive Memory)

piano contestants in both candidate intervals.

—]

B, Skim Agent

Reason/Plan:

Carefully inspect both candidate branches
0 verify whether they show distinct
contestants and confirm the instrument
and performance context

Tool Invocation:

Branch-local temporal windows; full
frames sampled around each candidate with
clear identity and instrument cues.

Observation:

The carlier branch shows one contestant
performing at a piano. The later branch
shows a visually distinct contestant
performing at another piano.

Update Memory:

[Refined Evidence]: Both branches contain
distinct contestants seated at pianos, with
identity cues separating the two performers.

Select:
Select macro_0019 + macro_0033; verify
identities and piano-playing actions.

_Qf Focus Agent

Reason/Plan:

Verify local playing evidence and confirm
the two branches correspond to distinct
contestants rather than repeated shots.

Tool Invocation:
Fine-grained full frames sampled around
both selected branch windows.

Observation:

Earlier branc}

m
local keyboard-playing
ible

Later branch: another contestant is
clearly playing the piano.

Update Memory:
[Refined Evidenc ach branch contains
one distinct contestant playing the piano;
the earlier close-up is less clear but
supported by neighboring frames.

Stop:
Merge both branch findings and invoke
the Answer Agent.

Figure 3: Two examples of coarse-to-fine query-adaptive memory refinement.
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B EXPERIMENTAL AND INFERENCE DETAILS

B.1 EVALUATION AND IMPLEMENTATION SETTINGS

Closed- and open-source baseline evaluation. Values in the main table are obtained from the
corresponding models’ technical reports or previously published benchmark results when avail-
able; the remaining entries are obtained from our evaluations. GPT- and Qwen-based models are
evaluated via their corresponding APIs across all four benchmarks. Direct baselines receive uni-
formly sampled video frames. Under the maximum image-upload limits of the API gateways used
in our experiments, GPT-family models receive 50 frames, Qwen3.7-Plus receives 196 frames, and
Qwen3.6-27B receives 396 frames per video. For GPT-family models, the reasoning effort is set
to high to enable extended reasoning, while Qwen-family models use thinking mode during direct
inference. All inference runs use a temperature of 0.1.

VideoTapestry inference setup and memory construction. Each Visual Observation Tool call
uploads at most 50 images, respecting the GPT API gateway limit. Overview samples up to 120
frames and packs them into at most 20 six-frame grids, whereas Skim and Focus each use up to 50
individual frames from selected intervals. For fair comparison, the ASR Tool applies Whisper only
to agent-selected audio windows rather than transcribing the full video. For GPT-family models,
only the Answer Agent uses high reasoning effort, while all other calls use the default setting.
For Qwen-based experiments, thinking is enabled only for planning, decision, and final answering,
while all other calls use non-thinking mode. To isolate our query-time method from offline memory
construction, all experiments use hierarchical video memories built following the MemDreamer
procedure (Chen et al., 2026). For the MemDreamer baseline, we separately reproduce its retrieval
pipeline.

ASR Tool implementation details. The ASR Tool provides query-dependent access to spoken
information within agent-selected temporal windows. For benchmarks without provided subtitles,
including Video-MME (w/o subtitles), no subtitle text or full-video transcript is supplied to the
model. After the Overview Agent identifies relevant temporal regions from the query and visual
evidence, Whisper is applied only to the selected windows. At most three windows are accessed,
each normalized to 600—1200s within the video bounds, rather than transcribing the entire video.
For benchmarks with provided subtitles, the same temporal-selection procedure is retained, but the
ASR Tool directly retrieves subtitle text from the selected windows instead of invoking Whisper. In
both cases, spoken information is exposed only on demand over agent-selected regions rather than
provided globally throughout inference.

Visual observation and grid-packing protocol. Direct baselines receive uniformly sampled in-
dividual video frames without grid packing. We retain this setting because grid packing is part of
VideoTapestry’s coarse observation mechanism rather than a generic preprocessing step; applying
it to Direct would introduce an additional temporal-compression strategy beyond standard frame
prompting. Within VideoTapestry, the Overview Agent samples up to 120 frames and packs them
into at most 20 six-frame grids, providing broader temporal coverage while remaining within the
per-call image limit described above. Once candidate regions are localized, the Skim and Focus
Agents instead use individual frames from selected intervals to preserve finer visual detail for sub-
sequent observation.
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B.2 DETAILED INFERENCE PIPELINE

Algorithms 1 and 2 jointly describe VideoTapestry’s inter-level coordination and intra-level refine-
ment. Algorithm 1 summarizes the end-to-end hierarchical inference, including candidate propa-
gation, instruction handoff, stopping, and composite memory assembly. Algorithm 2 specifies the
per-layer Plan—Observe—Update—Decide procedure used across all four benchmarks, with one ob-
servation/refinement batch and one decision per visited layer. Overview performs coarse visual
observation with selected-window ASR, while Skim and Focus conduct progressively finer visual
observation.

Algorithm 1: Inference Pipeline of VideoTapestry

Input: Video V, question ¢, options o, static hierarchy G and memory Mstatic, refinement agents
{As, An, Ac}, and Answer Agent Aans.
Output: Predicted answer .

—_

Initialize C¥ with all SuperEvents, Z° « @, L, + @, and trace H, < [].
for ¢ € {S, M, G}, aligned with Overview, Skim, and Focus, do
Load original candidate memory M < MY ;. [CY].
if M’ = o, break.
Run Algorithm 2 to obtain (K/Tf;, A A S)
Lq < L4 U {¢}; append the agent’s handoff instruction or stopping marker to Hg.
if 2* is true, break.
CH Uyese Children(v, G).
end for
Dy + Serialize (q, o0, Hy, Assemble ({Mﬁ Yeer, ) ) .

Return § < Aans(q, 0, Dq) without further retrieval or observation.

D e RUN AR

[EE—

Algorithm 2: Layer-Wise Observation and Memory Refinement

Input: Level ¢, video V, question ¢, options o, nonempty static candidate memory M?*, and upstream
instruction Z°~ 1.

Output: Refined memory Mve, selected IDs Sé, downstream instruction Ié, and stop flag 2L,

1: Initialize local trajectory H, < [] and observations O < @; g <— GlobalHeuristic(g, 0).
2: p « Plang(q, 0, M*, 7%, Hy); at S, include locator hints.
3: if ¢ = S then
4:  Merge planned ranges into one video-bounded window; fall back to the full video if invalid, and
expand to at least min(600s, duration(V')).
O, < VisualObserve using up to 120 frames packed into 20 six-frame grids.
pa + PlanASR(q, 0, M®, p, O,); fall back to the visual window if no ASR ranges are proposed.
7:  Normalize up to three ASR windows to 600-1200 s each within video bounds (use the full video if
shorter than 600 s).
8: O, < ASRObserve(p,) using Whisper transcripts; O < {O., O, }.

SRS

9:  Construct P from evidence-linked SuperEvents and their valid immediate temporal neighbors.
10:  Build qu : retain original text in P and append available associated evidence; compress nodes
outside P.
11: else
12:  if p.observation_needed or (¢ = M and —g) then
13: Intersect planned ranges with candidate intervals (fallback: candidate intervals); O <

VisualObserve using up to 50 individual frames.

14:  endif; Mvg <+ Update,(q, 0,Z°', M¥, p, O) for valid requested nodes.

15: end if; record plans, observations, and updates in Hy.

16: (S%, %, 2°) « Decide(q, 0, M*, ﬂg,Ie_l, H,) once.

17: Force z° + true at G; at S or M, force z* + false for non-global questions. Validate selections and
apply fallback IDs/instructions when continuing; stop if no valid descendants remain.

18: If stopping, clear S and Z*; return (/Wﬁ, S8 1%, 5.
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B.3 PROMPTS USED IN VIDEOTAPESTRY
We provide the core prompts used throughout our framework, covering the main stages of the overall

pipeline and the key components involved in its execution, including planning, observation, memory
updating, decision making, and answer generation.

B.3.1 HIERARCHICAL OBSERVATION PLANNING

(" Overview Agent Planning Prompt

YOU ARE OVERVIEW AGENT.

You are responsible for updating the current-level hierarchical wvideo
memory under a specific question.

You can inspect visual frames through OBSERVATION TOOL and rewrite
old memory text through UPDATE TOOL.

Your goal is to produce concise, accurate, query-relevant dynamic
memory for the current layer.

0ld memory text is only a static prebuilt summary. It is not visual
verification and must not be treated as a substitute for
observation. Only set observation_needed=false when the video
file or visual frames are unavailable, or when this layer already

has a prior visual observation in trajectory.

For Overview/Super, observation_needed must be true for the first
update attempt.

Decide one bounded observation/update batch. Do not answer the
question.

Return strict JSON with keys: thought, observation_needed,
observation_instruction, candidate_memory_ids, time_ranges,
locator_time_hints_used.

For Overview/Super, return exactly one contiguous visual observation
time range inside observation_time_bounds. Center it on the
evidence region you need to inspect; it may extend beyond an
individual Super boundary. Choose a span of at least 600 seconds
when the video duration permits; the program enforces the final
minimum span.

overview_locator_results, when present, are only global time-
localization leads from entity/OCR/node search. Do not treat
their text as wvisual facts or as support for an option. Use their

timestamps only to choose a question-relevant continuous
observation window, then require Observation Tool to verify the
fact visually.

When tool=multi_locator_compressed, candidate_windows are complete
joint hypotheses containing one grounded match per atomic anchor.

Prefer a complete, exact, temporally compact cluster; do not
substitute an earlier partial look-alike merely because it ranks
highly. Expand the chosen joint time_range into the required
continuous observation span. If candidate_windows is empty or
unresolved_anchors is nonempty, do not narrow the observation
from partial Locator hits; instead use the complete Super
memories to choose a broader window. Preserve plausible competing

complete windows in locator_time_hints_used. The compressed
result remains unverified localization, not answer evidence.

Return locator_time_hints_used as a list of the temporal hints you
actually adopted. Each item must explain only why a time window
was selected; do not copy raw search output, query text, option
language, or unverified factual claims. Return [] if none was
used.

candidate_memory_ids must come from supplied memory_id values.

Current level is super. Respect the tool limits: at most 2
observations, at most 2 updates, at most 4 total calls.
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(" Skim / Focus Planning Template

YOU ARE {AGENT_NAME}.

You are responsible for updating the current-level hierarchical video

memory under a specific question.

You can inspect visual frames through OBSERVATION TOOL and rewrite
old memory text through UPDATE TOOL.

Your goal is to produce concise, accurate, query-relevant dynamic
memory for the current layer.

0ld memory text is only a static prebuilt summary. It is not visual
verification and must not be treated as a substitute for
observation. Only set observation_needed=false when the wvideo
file or visual frames are unavailable, or when this layer already

has a prior visual observation in trajectory.

For Overview/Super, observation_needed must be true for the first
update attempt.

Decide one bounded observation/update batch. Do not answer the
question.

Return strict JSON with keys: thought, observation_needed,
observation_instruction, candidate_memory_ids, time_ranges,
update_memory_ids.

time_ranges must stay inside the time_range of the supplied
old_memories.

candidate_memory_ids and update_memory_ids must come from supplied
memory_id values.

Current level is {MEMORY_LEVEL}. Respect the tool limits: at most 2
observations, at most 2 updates, at most 4 total calls.
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B.3.2 VISUAL OBSERVATION TOOL

(" Visual Observation Tool Prompt

YOU ARE OBSERVATION TOOL.

You are being called by {AGENT_NAME} for the {MEMORY_LEVEL} layer.

Inspect the provided visual frames and answer only the supplied
observation_instruction. Do not update memory, infer an unstated
question, or choose a multiple-choice answer.

For observation_result: describe specific visible facts (people,
actions, objects, on-screen text, timestamps shown). Include only

facts that directly address observation_instruction.

For uncertainty: list only facts you are unsure about.

For relevance_to_question: one sentence summary of how the frames
answer observation_instruction.

If a fact is unclear, write it as uncertain instead of a confirmed
fact.

Return strict JSON with keys: observation_result, uncertainty,
relevance_to_question.

-

(" ASR Observation Tool Prompt

YOU ARE THE OVERVIEW AGENT'S ASR OBSERVATION TOOL.

You will receive exactly two inputs:

1. observation_instruction: the self-contained spoken-information
request;

2. asr: the timestamped ASR transcript from the selected video window

You do not receive the original question or answer options. Analyze
only the
supplied ASR to answer observation_instruction with objective facts.

OUTPUT REQUIREMENTS

1. observation_result
— Answer observation_instruction using only facts supported by the
ASR.
— When evidence is conclusive, state the underlying fact clearly.
— When the evidence is incomplete, conflicting, or unclear,
explicitly describe
what cannot be determined.
— Do not use outside knowledge and do not select a multiple-choice
answer.
2. asr_evidence
— Copy the most important supporting ASR lines exactly.
— Preserve timestamps, text, punctuation, capitalization, line breaks
, and
transcription errors.
- Do not paraphrase, translate, summarize, correct, merge, reorder,
or rewrite.
— Include only directly supporting lines, in chronological order.
- Every character must come from the supplied asr.
— Return an empty string when there is no reliable evidence.

Return strict JSON with exactly these two fields:

{
"observation_result": "...",
"asr_evidence": "..."

18



B.3.3 MEMORY UPDATE TOOL

( SuperEvent Update Prompt

YOU ARE UPDATE TOOL.
You are being called by Overview Agent for the super layer.

You receive question, options, previous_instruct, one shared
update_instruction,

observation_sources, and update_requests. Each long observation
source appears

exactly once in observation_sources. Every update request contains
memory_id,

old_memory_text, and source_refs. Resolve source_refs against
observation_sources.

Different Super memories may reference the same source so they can
extract

different, time-local or narrative-context facts without duplicating
the source

text in the request. Do not merge visual and ASR observations.

Do not modify memory_id, time_range, level, or parent_id.
SUPER LAYER RULES:
- First set is_relevant to true or false.

- If is_relevant is true:
1. Write only concise objective visual facts from referenced visual
sources
into visual_observation. If no visual source is referenced,
return empty.
2. Write only concise objective spoken facts from referenced ASR
sources 1into
asr_observation. If no ASR source is referenced, return empty.
3. Keep the two modalities separate. Do not move or duplicate facts
between them.
4. Do not repeat, summarize, rewrite, or quote old_memory_text.
5. Do not return or quote raw asr_evidence. The program assigns
original ASR
lines to memories from their timestamps after this call.
6. Keep irrelevant_summary empty.

— If is_relevant is false:
1. Keep visual_observation and asr_observation empty.
2. Write a 1-2 sentence objective summary of the segment's topic
and
key content in irrelevant_summary.
3. Do not explain why the segment is irrelevant.

Do not include a "[Visual observation]", "[ASR observation]", or
"[ASR evidence]" heading. The program adds these headings when
writing memory.

STRICT PROHIBITION:

Never write any option-tendency judgment in memory text.

Never write phrases such as "consistent with B", "supports option A",
"more likely X", "the correct answer is", or any equivalent statement

that steers toward a specific answer choice.

Only state objective facts supported by old memory or the supplied
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observation. The final answer agent will judge the options.

Do not invent information that is not supported by old_memory_text or
referenced
observation sources.

Preserve every supplied memory_id exactly.

Return strict JSON exactly in this schema:

{
"updated_memories": {
"memory_id": {
"is_relevant": true,
"visual_observation": L
"asr_observation": "...",
"irrelevant_summary":

~

MacroEvent / Subgraph Update Prompt

YOU ARE UPDATE TOOL.
You are being called by {AGENT_NAME} for the {MEMORY_LEVEL} layer.
Read the old memory text, question, options, and trajectory
observations. Do not modify memory_id, time_range, level, or
parent_id.
{MEMORY_LEVEL_UPPERCASE} LAYER RULES:
— RELEVANT memory: preserve specific facts - visible people, actions,
objects, on-screen text, timestamps. Do not replace concrete
details with vague phrases.
— IRRELEVANT memory: write an extremely short summary (<=10
characters) .
STRICT PROHIBITION: Never write any option-tendency judgment in text.
Never write phrases like 'consistent with B', 'supports option A
', 'more likely X', or any statement that steers toward a
specific answer choice. Only state observed objective facts. The
final answer agent will judge the options.
Do not invent information not supported by old memory or observations

Return strict JSON exactly in this schema: {"updated_memories":{"
memory_id": {"updated_text":"..."}}}.
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B.3.4 HIERARCHICAL DECISIONS AND INTER-AGENT HANDOFF
(" Shared Decision Prompt )

YOU ARE {AGENT_NAME} .

Decide whether the updated current-level dynamic memory is sufficient

or whether to descend. Do not answer the question.

{LEVEL_SPECIFIC_INSTRUCTION}

Return strict JSON with keys: selected_child_memory_ids,
stop_descending, next_instruct, reason, template_type. If
stop_descending is true, selected_child_memory_ids must be [] and

next_instruct must be null. If continuing,
selected_child_memory_ids must be current-level memory ids
supplied in updated_dynamic_memories.
_ J
(" Hierarchical Decision Instructions )

If /=Ly (Super), decide Lo — Li:

If continuing to Macro, generate next_instruct using one of these LO
->L1 types: main_idea, temporal_order, identity,
action_verification, spatial_relation, causal_result. The
next_instruct must be one sentence that tells Skim Agent what
type of Macro information to find. Return template_type as the
selected type. Only global main-idea/title/summary questions may
stop at Super. All other question types must continue to Macro.

Else if /=L, (Macro), decide L; — Ls:

If continuing to Subgraph, generate a short instruction in the form:
Found: [...]; still need to verify: [...]. For non-global detail
questions, prefer continuing to Subgraph after at least one Macro

observation; old Macro text alone is not enough to terminate.

Else if ¢ = Lo (Subgraph), return STOP:

Focus 1is the final retrieval layer; stop_descending must be true.

\_ J
B.3.5 FINAL ANSWER AGENT
(" Final Answer Agent System Prompt )

YOU ARE THE FINAL ANSWER AGENT.

Based on the memory provided below, return strict JSON with keys:
reasoning, answer.

L J
(" Final Answer Agent User Prompt h

Question:

{RAW_QUESTION_WITH_OPTIONS}

Retrieved video memory:

{SERIALIZED_QUERY_ADAPTIVE_MEMORY }

L J
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C MEMORY ABLATION PROTOCOL

Shared evaluation setting. All configurations in Table 3(b) use the same 200-question subset of
Video-MME Long, GPT-5.5, and the same preconstructed hierarchical memory. We distinguish the
static-retrieval baseline from the controlled comparison of final memory components.

Static retrieval baseline. Static Memory Only performs hierarchical retrieval without Visual,
ASR, or Update calls. The Answer Agent receives the retrieved static SuperEvent, MacroEvent,
and Subgraph contents together with the retrieval trace from that run; node contents are neither
compressed nor rewritten. Its comparison with VideoTapestry therefore measures the combined
effect of query-time observation and memory refinement rather than memory composition alone.

Controlled final-memory ablations. For each question, VideoTapestry first completes its full
query-time exploration. The resulting selected nodes, observations, refined contents, and explo-
ration trace are then fixed, and three final memory representations are constructed:

* Refined Super Only retains the refined Super-level scaffold while excluding MacroEvent
and Subgraph contents.

* Refined Paths Only retains refined MacroEvent and Subgraph contents along selected paths
while excluding SuperEvents.

* VideoTapestry combines the refined Super-level scaffold with the refined paths.

The three variants use the same exploration trace and do not rerun retrieval, observation, or updating;
only the memory contents supplied to the Answer Agent differ. Thus, their comparison isolates the
contribution of the final serialized memory components under a fixed exploration result.

D LIMITATIONS AND FUTURE WORK

VideoTapestry is evaluated with a fixed, preconstructed video hierarchy. Although query-time ob-
servations can supplement missing details, retrieval remains constrained by the initial segmentation
and parent—child structure. Incorrect event grouping or temporal boundaries may therefore hinder
access to relevant evidence. Evaluating the framework with alternative memory constructors and
allowing selective structural revision are promising directions.

The framework also incurs offline memory-construction costs and additional query-time model and
tool calls. The reported accuracy gains therefore do not establish a computational-efficiency ad-
vantage. Future work could investigate budget-aware observation and refinement while separately
accounting for offline and per-query costs.

Finally, query-time refinement relies on model-generated interpretations of visual and transcript
evidence, whose errors may propagate into refined memory and subsequent decisions. Our prompts
encourage uncertainty reporting and evidence-supported updates, while Super-level memory records
visual and transcript-derived observations separately. These safeguards do not guarantee correct
interpretation or fully resolve conflicts between stored and newly observed information. Future
work could track evidence provenance across levels and selectively re-verify uncertain or conflicting
updates.
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