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Abstract

Scaling multimodal large language models
(MLLMs) to long videos is constrained by
limited context windows. While retrieval-
augmented generation (RAG) is a promising
remedy by organizing query-relevant visual ev-
idence into a compact context, most existing
methods (i) flatten videos into independent seg-
ments, breaking their inherent spatio-temporal
structure, and (ii) depend on explicit semantic
matching, which can miss cues that are implic-
itly relevant to the query’s intent. To overcome
these limitations, we propose VideoStir, a struc-
tured and intent-aware long-video RAG frame-
work. It firstly structures a video as a spatio-
temporal graph at clip level, and then performs
multi-hop retrieval to aggregate evidence across
distant yet contextually related events. Further-
more, it introduces an MLLM-backed intent-
relevance scorer that retrieves frames based on
their alignment with the query’s reasoning in-
tent. To support this capability, we curate IR-
600K, a large-scale dataset tailored for learning
frame—query intent alignment. Experiments
show that VideoStir is competitive with state-
of-the-art baselines without relying on auxiliary
information, highlighting the promise of shift-
ing long-video RAG from flattened semantic
matching to structured, intent-aware reasoning.
Codes and checkpoints are available at https:
//github.com/RomGai/VideoStir.

1 Introduction

Video understanding has emerged as a core fron-
tier in multimodal intelligence (Li et al., 2025a).
While recent Multimodal Large Language Models
(MLLMs) have achieved remarkable success in in-
terpreting short clips, extending this capability to
long videos remains a formidable challenge (Luo
et al., 2025). The primary difficulty lies not merely
in the video’s length, but in its information den-
sity and structural complexity (Shen et al., 2025a).
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Figure 1: Paradigm shift from flat semantic matching to struc-
tured, intent-aware long-video RAG. (Top) Semantic-based
retrieval relies on explicit semantic overlap, often missing cues
that are only implicitly relevant to the query intent. (Middle)
Intent-aware retrieval utilizes MLLM’s reasoning capability
to identify cues that may be relevant to the query intent (de-
tailed in Sec. 3.4); however, it can be distracted by noisy cues
when operating over flattened contexts scattered across long
temporal ranges. (Bottom) VideoStir structures the video as a
spatio-temporal graph to retrieve cues from coherent contexts,
enabling more reliable evidence aggregation. We further dis-
cuss the benefits of structured retrieval in Fig. 3.

It shows him using the printer to produce m-
aterials for a poster. (Correct)

Unlike short clips that typically encapsulate a sin-
gle event, long videos consist of interleaved narra-
tives where critical cues could be sparsely scattered
across the timeline. To handle the extensive con-
texts, state-of-the-art (SOTA) models often resort
to expanding context windows to support uniform
sampling at second level (Comanici et al., 2025).
However, such methods face a trade-off: they could
either miss fine-grained details due to temporally
sparse sampling or struggle with accurate reasoning
when overwhelmed by redundant visual noise.

To address the contextual intractability of pro-
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cessing long videos, Retrieval-Augmented Gen-
eration (RAG) has emerged as a promising solu-
tion by retrieving a small subset of segments to fit
within limited context windows (Ren et al., 2025b).
However, current long-video RAG methods typi-
cally flatten a video into a set of independent seg-
ments for query-based retrieval (Tang et al., 2025;
Zhu et al., 2025), and rank candidates primarily by
embedding similarity computed with contrastive
vision—language models (Luo et al., 2025; Cao
et al., 2025). Yet this flattened semantic match-
ing paradigm leaves two critical gaps that hinder
downstream reasoning.

The first gap is spatio-temporal structure de-
coupling. Flattening a video into ndependent seg-
ments disrupts its intrinsic spatio-temporal struc-
ture, decoupling contexts that should remain linked.
Because text queries may lack the fine-grained
cues needed to reconnect dispersed evidence, di-
rect matching often struggles to retrieve contexts
that are spatio-temporally relevant yet share little
explicit semantic overlap with the query, limiting
downstream models’ ability to form coherent rea-
soning chains (Shen et al., 2025a; Liao et al., 2024).
The second gap is insufficient intent modeling.
Similarity computed from contrastive embeddings
is optimized for vision—language alignment and
tends to capture “what looks similar” rather than
“why it matters” for addressing the query’s reason-
ing intent (Pan et al., 2024). As shown in Figure 1,
the query “For what purpose does the recorder use
the printer?’ leads a semantic retriever to select
frames showing the “printer” due to high semantic
overlap, whereas the actual “purpose” is revealed
in a different event (e.g., making a poster), which
semantic overlap alone fails to surface.

In light of these gaps, we advocate two shifts
in long-video RAG paradigms: (i) From Flattened
to Structured: moving beyond isolated segment
retrieval to reconstruct the intrinsic spatio-temporal
topology of the video; and (ii) From Semantic to
Intent: going beyond surface semantic to model the
alignment between query’s intent and visual cues.

To realize these shifts, we propose VideoStir, a
framework designed to advance long-video RAG
from flattened semantic matching to STructured,
Intent-aware Reasoning. Inspired by human
episodic memory where recall proceeds coarse-
to-fine (locating relevant episodes before exam-
ining details), VideoStir operates in two phases,
from clips to frames. First, a coarse clip-retrieval
phase addresses structure decoupling by represent-

ing the video as a spatio-temporal graph, whose
nodes are semantically coherent short clips seg-
mented by an event boundary detector. Temporal
edges preserve narrative continuity, while spatial
edges bridge distant yet semantically related clips
via inter-clip similarity. Traversing this topology
enables multi-hop retrieval from query-matched
anchors to their spatio-temporal neighbors, lever-
aging intrinsic correlations among semantically
dense clips to aggregate dependencies and miti-
gate the semantic sparsity of direct query matching.
Second, a fine-grained frame-retrieval phase ad-
dresses insufficient intent modeling with an Intent-
Relevance scorer trained on our curated IR-600K
dataset. Rather than considering semantic similar-
ity alone, this lightweight MLLLM-based scorer es-
timates frame—intent alignment, ensuring retrieved
frames are not only semantically relevant but also
pivotal for downstream reasoning.

Consequently, VideoStir provides the down-
stream MLLM with spatio-temporally context-
coherent and intent-aligned visual cues, enabling
more accurate long-video understanding. The
scorer and curated IR-600K dataset further pro-
vide a reusable foundation for future research on
intent-oriented long-video RAG systems. Our con-
tributions are summarized as follows:

* We propose VideoStir, a novel long-video
RAG framework that leverages structured re-
trieval to reconstruct video’s spatio-temporal
topology and aggregate contextually coher-
ent evidence, which overcomes the spatio-
temporal decoupling of flattened retrieval.

* We introduce an intent-relevance scorer and
IR-600K, a large-scale dataset modeling the
relevance between frames and query intent.
This shifts retrieval from semantic matching
to intent awareness, establishing a foundation
for intent-oriented long-video RAG.

» Extensive experiments show that VideoStir
is competitive with SOTA baselines without
relying on auxiliary information, highlight-
ing the promise of the paradigm shift from
flattened semantic matching to structured and
intent-aligned reasoning in long-video RAG.

2 Related Works
2.1 Video-Language Models

Long-video understanding has attracted increas-
ing attention in multimodal intelligence. Recent
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general-purpose MLLMs such as Gemini (Anil
et al., 2023) and Long-VITA (Shen et al., 2025b),
along with specialized video models including
Video-XL (Shu et al., 2025) and LongVLM (Weng
et al., 2024), extend visual context to enable hour-
scale video reasoning via uniform sampling. How-
ever, this paradigm faces a major bottleneck: lim-
ited context windows necessitate sparse sampling
across the timeline, which can yield semantically
redundant frames while simultaneously risking the
loss of fleeting, query-critical cues. In parallel, con-
trastive video—language models (Luo et al., 2021)
(e.g., Video-CLIP (Xu et al., 2021), X-CLIP (Ma
et al., 2022), and PE (Bolya et al., 2025)) extend
CLIP-style contrastive embeddings to video, en-
abling query-conditioned retrieval of salient clips
and frames. Nevertheless, contrastive objectives
primarily optimize for semantic similarity and may
miss cues that are implicitly relevant to the query
intent but lack an explicit semantic match.

2.2 Agentic Long-Video Understanding

To alleviate the contextual intractability inherent in
processing long-duration videos, a growing body
of recent work has shifted towards leveraging exter-
nal systems. These systems are designed to recon-
struct and distill extensive long-range context into
compact, semantically rich cues tailored for down-
stream MLLMs. A prominent trajectory within
this domain involves the exploration of agentic
frameworks (Lin et al., 2023; Zhang et al., 2024b),
which employ (M)LLMs as decision-making poli-
cies equipped with advanced modules for caption-
ing, multi-step reasoning, and external memory (Jin
et al., 2025). By simulating human-like curation
processes (Wang et al., 2024b; Min et al., 2024),
these agents dynamically filter irrelevant data. For
example, DrVideo (Ma et al., 2025) synthesizes
disjoint video frames into coherent long-form tex-
tual narratives to facilitate precise query answering,
while Vgent (Shen et al., 2025a) abstracts com-
plex entity interactions into structured symbolic
representations to bolster reasoning. However, de-
spite their demonstrated efficacy in enhancing un-
derstanding, deploying such sophisticated MLLM-
based policies incurs substantial inference over-
head.

2.3 RAG for Long-Video Understanding

To reduce the procedural inference overhead of
agentic workflows, another line of work explores
long-video retrieval-augmented generation (RAG)

frameworks (Ren et al., 2025b; Xue et al., 2025;
Zeng et al., 2025), which externally select cues to
fit limited context windows (Jeong et al., 2025;
Cao et al., 2025; Zhu et al., 2025). For ex-
ample, Video-RAG (Luo et al., 2025) retrieves
keyframes via semantic similarity, and enriches
entity information with external tools like opti-
cal character recognition and object detectors. E-
VRAG (Xu et al., 2025) introduces a retrieval-
reranking pipeline, leveraging Qwen3-Reranker-
style binary judgments for fine-grained selection.
while AKS (Tang et al., 2025) selects keyframes by
jointly optimizing query-frame semantic similarity
and temporal uniformity. However, existing meth-
ods often treat videos as independent segments,
decoupling intrinsic spatio-temporal structure and
limiting coherent reasoning. Moreover, current
paradigms favor explicit semantic matching over
intent-level alignment, risking the omission of cues
implicitly relevant to the query intent.

3 Method

3.1 Overview

We propose VideoStir, a long-video RAG frame-
work that explicitly models video spatio-temporal
topology and query intent to retrieve pivotal ev-
idence, thereby advancing downstream MLLMs’
long-video understanding.

As illustrated in Figure 2, VideoStir comprises
three phases: (1) Spatio-temporal topology mod-
eling. It converts the input video into a struc-
tured graph. An event boundary detector parti-
tions the video into clip-level nodes connected by
temporal edges (chronological adjacency) and spa-
tial edges (inter-clip semantic similarity). This
design reconstructs the topology of the video’s
spatio-temporal context. (2) Graph-based clip re-
trieval. It first identifies anchor clips semantically
aligned with the query, then expands the context via
multi-hop traversal on the spatio-temporal graph.
Consequently, the retrieved evidence includes not
only query-matched moments but also their spatio-
temporally relevant neighbors that are critical for
reasoning. (3) Intent-aware frame retrieval. It re-
fines evidence at the frame level. Since semantic
similarity often fails to capture the query’s underly-
ing intent, we introduce an intent-relevance scorer.
Specifically, we leverage a lightweight MLLM fine-
tuned on our curated IR-600K dataset to assign
each frame a relevance score, computed as the
weighted expectation over predicted relevance lev-

35795



((a) Spatio-Temporal Topology Modeling ) ((c) Intent-aware Frame Retrieval )
------- Spatial Edges (inter-clip similarity) }) Dense Sampling N> N
—— Temporal Edges (chronological adjacency) Revieved * \
Input Video Nodes (Clips) Text Query Frames
v gy e\ OPAUOCICHPOIAL e e e e e e e e e e = - - = -
! Intent-Relevance Scorer \
Event Boundary Uk = ! 1
Detector 1 1
— s A | ) Lightweight MLLM |
I |
Ll 1 T ‘ 1
v
Video-L. ha hi hr o b ha : - How intent-relevant this Ooomc :
ideo-Language e o e
Encodgr s > 1 q‘f:;ﬁo‘;: .\{\;uaer:’;v}v&?rmg the | Relevance Level Tokens 1
Q © 9 © I'| - Output only one number lLuglls + Softmax |
Clip-level Emb. 1 | from I to 5, where: 1
- I | [11= Completely Irrelevant Relevance 1
1 | [2]=Slightly Relevant Level Prob. 1
e n N [3] = Moderately Relevant
(b) Graph-based Clip Retrieval M- M,oshtlly Rellevam ch.gmcd Sum, !
Text Que Anchor Multi-hop I | [5]= Highly Relevant - 1
Ty . 1 Score 1
.......... Retrieval E Traversal . Relevance Scoring Prompt )
Video-Language | B\l N
! egncsggruage ......... —_— é (i Intent-Aligned | g y ... j Score-based
’[\ Frames N Filtering
Query Emb. G’V Text oINS Answer
Retrieved Anchor Node(s): Retrieved Multi-hop Nodes: Query MLLM (Any)
L hy Top-N query-matched clip(s) Anchor neighbors filtered by distance/weight J | )

Figure 2: Overview of VideoStir. VideoStir achieves long-video understanding via spatio-temporal structuring and two-stage
retrieval. (a) Spatio-Temporal Topology Modeling. An event boundary detector segments input video into semantically
coherent clips. Their embeddings are used to construct a spatio-temporal graph with temporal edges linking adjacent clips and
spatial edges weighted by inter-clip similarity. (b) Graph-based Clip Retrieval. Input query is embedded in the video-language
space to retrieve top-/N matched anchor nodes; multi-hop traversal then expands along spatio-temporal links under hop-distance
and edge-weight constraints to aggregate contextual clips. (c) Intent-aware Frame Retrieval. Frames densely sampled from the
retrieved clips are assessed by an intent-relevance scorer (LoRA-tuned on IR-600K), which outputs a probability distribution over
discrete relevance levels. These distributions are then aggregated via probability-weighted expectation to produce a continuous
relevance score; high-scoring, intent-aligned frames are retained and fed to a downstream MLLM to produce the final answer.

els. It mitigates the loss of implicit cues inherent
to explicit semantic matching, yielding an intent-
aligned evidence set for downstream MLLM:s.

3.2 Spatio-Temporal Topology Modeling

To structurally encode a long video’s spatio-
temporal topology, we model it as a graph G =
(V, ), where each node vy, € V corresponds to a
clip s C S. These clips are obtained via an event
boundary detector, which preprocesses the long
video into semantically coherent segments by iden-
tifying event transitions through semantic change-
point detection. This process is implemented by
applying PELT (Killick et al., 2012) to the frame
embeddings for adaptive segmentation. For each
clip, we compute an embedding hy = Ey(sk)
with a video—language encoder F,;. The edge
set £ = {ETemp, Esp } consists of temporal edges
ETemp {(vg, v611) | weryr = 1} and spa-
tial edges &sp = {(vi,v;) | wi; = cos(hs, hj)},
where w denotes the edge weight. Here, we refer
to the embedding space as the “spatial” dimension
of the topology. Temporal edges connect chrono-
logically adjacent clips, preserving the video’s tem-
poral backbone. Spatial edges are weighted by
the similarity between clip embeddings, captur-

ing inter-clip correlations when different moments
share similar video-level features. By jointly mod-
eling these edges, G induces a spatio-temporal
topology over clips: temporally adjacent events are
linked along timeline, while semantically coherent
yet temporally distant events are bridged via spatial
edges. This graph re-entangles contextual relations
that may be lost in a flattened representation and
provides the backbone for multi-hop retrieval.

3.3 Graph-based Clip Retrieval

Given a query ¢ and a spatio-temporal graph G, we
aim to coarsely retrieve clips that are semantically
relevant to ¢ and topologically supported by inter-
clip correlations. This design addresses seman-
tically sparse query—clip matching: a query may
refer to only a small facet of an event (e.g., the main
subject), whereas long videos often contain recur-
ring scenes/actions/entities and temporally adjacent
evidence that constitute critical spatio-temporal
contexts for the underlying event, which can be
missed by simply computing semantic similarity
between the query and individual moments. As
shown in Figure 3, with our spatio-temporal graph,
these contexts can be recovered via inter-clip sim-
ilarity and chronological adjacency encoded by
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spatio-temporal edges.

Specifically, we first compute the query embed-
ding hy = E\i(q) using the same video-language
encoder as for clips, placing queries and clip nodes
in a shared embedding space. We then measure
query-node similarity via cos(hg, k), and select
the top-/V similar nodes as the anchor set V.
While these anchors are matched to the query, they
may not fully cover their implicitly contextual de-
pendencies. To recover broader context, we expand
Vane along spatio-temporal links in G, traversing
edges according to their weights and collecting
nodes within L hops of the anchors:

Vhop = {Uj ‘ d(vj, Vane) < L, wij > n}, (D

where d(v;, Vanc) is the shortest hop distance from
v; to any anchor in Vypc, and threshold 7 filters out
weak connections. In this way, multi-hop traver-
sal yields a coarse spatio-temporal neighborhood
around the event hinted by the query, providing
contextual candidates for subsequent fine-grained
intent-level filtering.

3.4 Intent-aware Frame Retrieval

Intent Relevance Reasoning and Retrieval.
While multi-hop retrieval yields a set of contex-
tually related clips, the candidates may include re-
dundant or merely co-occurring frames that are se-
mantically relevant but misaligned with the query’s
underlying intent. We therefore introduce an intent-
relevance scorer Ry, which filters retrieved clips
at frame level using the intent-reasoning capability
of a lightweight MLLM backbone my. Specifically,
Ry estimates frame-query intent relevance, sepa-
rating frames that genuinely support the query’s
intent from those with only superficial similarity.

Given the retrieved node set Viop = {1}, where
each node represents a video clip, we expand them
into a dense frame pool: Frey = kaevhop{xt |
x; € vi}t. For a query—frame pair (q,z¢), the
scorer outputs a softmax-normalized probability
distribution over discrete intent-relevance level to-
kens ¢ € {1,2,3,4,5}:

exp(mg(? | q, x¢, P
Pg(f | q»xtapintent) _ p( 0( |q t 1ntent))

a 22:1 exp(ﬂg(k | q, Tt, Pintent)) ’
(2)

where 7y(-) denotes the logits produced by the
MLLM backbone of Ry, and Piyent (detailed in
Appendix E) denotes the prompt that guides the
MLLM backbone 7y to reason and score intent rel-
evance. The score of frame x; is computed as the

weighted expectation over relevance level tokens:

Tt = RG(Q> xtvpintent) = 2221 l- P0<£ ‘ q,Tt, 73intent)-

3)
This converts the model’s internal reasoning into a
continuous relevance score, distinguishing frames
that provide intent-level support for the query from
those that are merely semantically similar. After
obtaining scores for F, we retain frames exceed-
ing a relevance threshold xs. The resulting set
Fintent = {x¢ | v > ks } provides an intent-
aligned visual context for downstream reasoning.
Distillation-based Scorer Training. To strengthen
the scorer’s intent-relevance assessment, we adopt
a distillation strategy to fine-tune its MLLM back-
bone. Specifically, given a query-frame pair (g, ;)
and the intent-relevance scoring prompt Pintent
a powerful teacher MLLM 7T is asked to rate
the intent relevance between ¢ and z; on the
discrete level (1-5). The resulting pseudo-label
Yyt = T(q, xt, Pintent) Serves as supervision for the
student scorer Ry. During fine-tuning, we inject
low-rank adaptation (LoRA) parameters (Hu et al.,
2022) into the MLLM backbone of Ry, enabling
efficient adaptation without substantially disrupt-
ing its pretrained priors. Given the student pre-
diction Py(? | q, xt, Pintent), the training objective
minimizes the cross-entropy between the student-
predicted distribution and the teacher-provided dis-
crete label:

5
Lop = — Z 1[0 = yi)log Po(£ | ¢, ¢, Pintent)-  (4)
=1

The LoRA parameters are optimized via gradient
descent, enabling the student to inherit the teacher’s
relevance-assessment patterns and yield more ac-
curate relevance scores, while retaining the compu-
tational efficiency of its lightweight backbone.

4 Experiment

4.1 Dataset and Implementation

Dataset. We curate IR-600K, a dataset designed
to enhance small-scale MLLMs’ ability to judge
intent relevance between video frames and queries,
supporting intent-aware long-video RAG. To the
best of our knowledge, IR-600K is the first dataset
targeting intent-level frame-query alignment, i.e.,
whether a frame provides evidence that satisfies the
query’s underlying information need. This differs
from prior datasets such as TVSum (Song et al.,
2015) and QVHighlights (Lei et al., 2021), which
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Table 1: Comparison with long-video RAG baselines. “Native Input” indicates whether the model processes video directly
without relying on external auxiliary text or tools. Bold and underlined numbers indicate the best and second-best accuracies,

respectively. ‘-~ indicates not applicable.

Model Native Input LV-Bench (Val) MLVU Video-MME-Long (w/o Sub)
Overall T Gain (%)1 Overallt Gain (%) 1 Overall T Gain (%) T

LLaVA-Video (7B) v 56.6 - 70.8 - - -
+ Video-RAG X 58.7 3.7 724 2.3 - -
+ TV-RAG X 58.8 2.1 72.1 1.8 - -
+ VideoStir (Ours) v 60.3 6.5 73.1 3.2 - -
mPLUG-OwI3 (8B) v 52.1 - 63.7 - 50.1 -
+ Video-RAG X 54.5 4.6 64.4 1.1 50.6 1.0
+ TV-RAG X 54.8 5.2 64.0 0.5 50.9 1.6
+ VideoStir (Ours) v 55.1 5.8 64.6 14 51.0 1.8
Aria (25B) v 64.2 - 70.6 - 58.8 -
+ Video-RAG X 66.4 34 72.1 2.1 59.6 14
+ TV-RAG X 65.5 2.0 71.2 0.8 59.0 0.3
+ VideoStir (Ours) v 65.8 2.5 71.7 1.6 59.4 1.0
InternVL-1.5 (26B) v 51.2 - 50.4 - 45.6 -
+ Video-RAG X 52.2 2.0 51.8 2.8 46.7 24
+ TV-RAG X 52.4 2.3 51.0 1.2 46.3 1.5
+ VideoStir (Ours) v 52.7 2.9 51.6 2.4 46.9 2.9
LLaVA-Video (72B) v 61.9 - 73.1 - 61.5 -
+ Video-RAG X 65.4 5.7 73.8 1.0 62.3 1.3
+ TV-RAG X 64.6 4.3 73.4 0.4 61.8 0.5
+ VideoStir (Ours) v 66.0 6.6 74.1 14 62.1 1.0

Table 2: System-level comparison on EgoSchema’s test set
with SOTA methods built upon fixed (M)LLMs. These ap-
proaches can be categorized into two groups: one employs
video-to-text tools (e.g., captioners or object detectors) to pro-
vide auxiliary textual inputs for downstream (M)LLMs, while
the other leverages the native multimodal understanding capa-
bility (Native Input) of MLLMs without auxiliary text. Bold
and underlined numbers indicate the best and second-best ac-
curacies, respectively. ‘-’ indicates not applicable.

(M)LLM Backbone  Method Overallt
Methods with Video-to-Text Tools
LLoVi (Zhang et al., 2024a) 57.6
GPT-3.5 DrVideo (Ma et al., 2025) 62.6
VideoAgent (Wang et al., 2024c) 60.2
GPT-4 LLoVi (Zhang et al., 2024a) 61.2
VidAgent (Fan et al., 2024) 62.8
VideoTree (Wang et al., 2025) 66.2
DrVideo (Ma et al., 2025) 66.4
Qwen2-VL-7B Vgent (Shen et al., 2025a) 68.0
Methods with Native Input
IG-VLM (Kim et al., 2024) 66.2
Qwen2-VL-7B VideoStir (Ours) 67.2

primarily evaluate the semantic saliency of frames
with respect to descriptive statements.

Specifically, we sample 4,678 videos from three
representative video QA datasets (ActivityNet-
QA (Yuetal., 2019), NExT-QA (Xiao et al., 2021),
and STAR (Wu et al., 2024a)). For each video, we
uniformly extract frames at 3 fps to form query—
frame pairs. We then distill supervision from a
powerful MLLM: Qwen2.5-VL-72B-Instruct (Bai
et al., 2025) serves as the teacher to produce frame-
level intent-relevance labels. Guided by a carefully

designed system prompt specifying explicit intent-
relevance criteria, the teacher assesses intent-level
alignment between each frame and the query, yield-
ing intent-relevance scores. IR-600K comprises
605,676 training samples and 21,791 validation
samples. Further details on the intent-relevance
scoring prompt, dataset statistics and annotation
format are provided in Appendix D and E.

Implementation. We adopt Qwen2.5-VL-3B-
Instruct (Bai et al., 2025) as the backbone of the
intent-relevance scorer and fine-tune it with LoRA
adapters with a rank of 16, a scaling factor of 32,
and a dropout of 0.05. We optimize the LoRA
using AdamW with a learning rate of 5 x 1075
and a weight decay of 0.05, together with a co-
sine learning-rate schedule and a warm-up ratio
of 0.05. Training is performed for 1 epoch with
a batch size of 128 under bf16 precision. For the
event boundary detector, we use the vision tower
from the Qwen2.5-VL series as the embedding
backbone. For spatio-temporal graph construc-
tion and multi-hop retrieval, we use the Percep-
tion Encoder (Bolya et al., 2025) as the video-
language encoder Ey) and set N = 3, L = 2,
n = 0.4, and ks = 3.25; an ablation study on
these retrieval hyperparameters is provided in Ap-
pendix C. All training runs and comparative exper-
iments are conducted on 8 x A100 GPUs, while the
remaining experiments are conducted on a single
A100 GPU. Unless otherwise specified, results are
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reported as the median of three trials, and abla-
tions are conducted on LLaVA-Video (7B) using
LongVideoBench (Wu et al., 2024b).

4.2 Comparison Against Other Methods

Table 1 compares VideoStir with the native MLLM
and state-of-the-art (SOTA) long-video RAG base-
lines on LongVideoBench (LV-Bench) (Wu et al.,
2024b), MLVU (Zhou et al., 2025), and Video-
MME-Long (Fu et al., 2025a), following the
same experimental setup as Video-RAG (Luo
et al., 2025) and TV-RAG (Cao et al., 2025).
Baseline MLLMs include GPT-40 (Hurst et al.,
2024), LLaVA-Video (7B/72B) (Zhang et al.,
2024c), mPLUG-OwI3 (8B) (Ye et al., 2024),
Aria (25B) (Li et al., 2024a), and InternVL-1.5
(26B) (Chen et al., 2024). Results are compiled
from the benchmarks’ leaderboards and the original
papers, with the remaining results obtained from
our reproductions based on their open-sourced
codes and original settings. In most cases, Video-
Stir outperforms both the native model and prior
long-video RAG baselines, demonstrating highly
competitive performance. Notably, VideoStir pre-
serves the native MLLM input setting by operating
solely on retrieved visual evidence: it introduces no
auxiliary text, tool calls, or extra modalities, while
still achieving SOTA performance.

Table 2 compares VideoStir on EgoSchema
against specialized long-video systems built atop
fixed (M)LLMs (Mangalam et al., 2023); base-
line results are taken from DrVideo (Ma et al.,
2025) and Vgent (Shen et al., 2025a). Relying
solely on native multimodal inputs without exter-
nal video-to-text tools (e.g., captioners or object
detectors), VideoStir achieves performance com-
parable to these specialized systems that leverage
such auxiliary tools.

4.3 Ablation Study

Component-level ablations. Table 3 validates the
contributions of VideoStir’s key components. Re-
placing the intent-relevance scorer with similarity-
based frame retrieval results in substantial drops
in both overall performance and retrieval accuracy,
even when using strong vision—language embed-
dings from a powerful encoder such as PE. This
indicates that pure semantic similarity matching
can overlook the critical evidence required for long-
video understanding, underscoring the importance
of intent-aware retrieval. Meanwhile, removing the
probability-weighted expectation (i.e., directly us-

Table 3: Component-level ablations on the expanded 1k vali-
dation set. “Overall” denotes overall accuracy, and “Retrieval
Acc.” measures the accuracy of successfully retrieving key
cues. “w/o Intent-relevance Scorer” replaces the scorer with
similarity-based frame retrieval; “w/o Weighted Expectation”
replaces probability-weighted expectation with discrete scores;
“w/o Spatio-Temporal Graph” disables structured retrieval,
which bypasses the graph and directly selects the top-14 clips
by PE-embedding similarity, following the best-performing
setting in Table 6. Bold indicates the best results.

Method Overall? Retrieval Acc.
w/o Intent-relevance Scorer

+ CLIP L/14 52.8 69.2

+ Video-CLIP 56.3 754

+PE 58.1 79.8
w/o Weighted Expectation 54.2 71.6
w/o Event-Boundary Detector ~ 62.3 88.2
w/o Spatio-Temporal Graph 56.4 74.8
w/o Spatial Edges 57.2 79.3
w/o Temporal Edges 59.8 83.4
Full 64.5 92.2

Table 4: Ablations of VideoStir’s video-language embed-
ding backbones with N = 1000. “Overall” denotes overall
accuracy, and “Retrieval Acc.” refers to the accuracy of suc-
cessfully retrieving the key evidence for answering the query.
The bold numbers represent the best results.

Embedding Backbone Overallt Retrieval Acc.t
Video-CLIP (Xu et al., 2021) 62.1 88.3
X-CLIP (Ma et al., 2022) 62.8 89.4
PE (Bolya et al., 2025) 64.5 92.2

ing discrete relevance levels) significantly degrades
performance, suggesting that distributional scoring
provides a smoother and better-calibrated ranking
signal for discriminating frames. Moreover, dis-
abling the spatio-temporal graph (i.e., flattening
cues instead of performing structured retrieval), or
removing spatial/temporal edges, markedly reduces
retrieval accuracy, confirming that multi-hop aggre-
gation over structured contexts is essential for ex-
tending evidence beyond the semantically matched
anchor clips. In addition, replacing the event-
boundary detector with uniform sampling that pro-
duces the same number of clips slightly degrades
performance, suggesting that event-boundary seg-
mentation isn’t the main performance driver, but it
still improves evidence retrieval accuracy.

Embedding backbones. Table 4 examines the
impact of embedding choices on graph-based clip
retrieval. Stronger video—language encoders yield
consistent improvements on downstream perfor-
mance. However, these gains are comparatively
modest relative to the contributions from the frame-
work’s core components, suggesting that Video-
Stir’s effectiveness is driven primarily by its struc-
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Table 5: Ablations on the intent-relevant scorer’s distillation strategies. “IR-600K CE” and “LV-Bench CE” denote the
cross-entropy loss computed on the corresponding datasets. To reduce distributional bias, the student model is distilled using
teacher models from the same family. “Retrieval Acc.” refers to the accuracy of successfully retrieving the key evidence.

Base Model Method IR-600K CE| LV-BenchCE | OverallT Retrieval Acc. T Trainable Params |
Teacher Models
InternVL2.5-78B  Zero-Shot - - 64.8 92.6 -
Qwen2.5-VL-72B  Zero-Shot - - 65.4 95.8 -
Qwen2-VL-72B Zero-Shot - - 64.9 94.7 -
Student Models
Zero-Shot 8.8755 8.9423 59.3 82.1 -
InternVL2.5-4B LoRA 3.4614 3.8151 62.3 87.8 3. M
Full Params 3.0238 3.2578 63.4 90.7 3.0B
Zero-Shot 8.0909 8.1742 61.2 85.8 -
Qwen2.5-VL-3B LoRA 3.3101 3.6461 64.5 92.2 3.7M
Full Params 29127 3.1017 64.7 93.2 3.0B
Zero-Shot 9.3210 9.3872 58.7 80.4 -
Qwen2-VL-2B LoRA 3.8127 4.3093 61.3 86.8 4.4M
Full Params 3.1846 3.5204 62.4 88.9 1.5B

tured design rather than by reliance on increasingly
powerful embedding models.

Scorer training strategy. Table 5 compares zero-
shot inference, LoRA tuning, and full-parameter
fine-tuning for the intent-relevance scorer. We eval-
uate different student-teacher pairs, including In-
ternVL2.5 (Chen et al., 2024), Qwen2.5-VL (Bai
et al., 2025), and Qwen2-VL (Wang et al., 2024a).
For Qwen2-VL-2B, we increase the LoRA rank to
32 (vs. 16 for others) to align trainable parameter
counts for fair comparison.

In the zero-shot setting, student’s performance
significantly behind teachers. Conversely, LoORA
tuning markedly reduces validation cross-entropy
on IR-600K and consistently improves LV-Bench
performance, demonstrating robust generalization.
Notably, LoRA captures the majority of full-param
tuning gains using only about 4M parameters, in
contrast to the billions required for full updates,
with the downstream performance of LoRA-tuned
Qwen2.5-VL-3B nearly matching the fully fine-
tuned model. Consequently, we adopt the Qwen?2.5-
VL family for both teacher and student roles to max-
imize performance. These results confirm that IR-
600K provides effective, transferable supervision,
while LoRA offers an optimal accuracy—efficiency
trade-off for practical long-video RAG systems.

4.4 Discussion

Tables 1 and 2 present a comprehensive comparison
between VideoStir and SOTA baselines, including
those that utilize external expert modules (e.g., cap-
tioners, object detectors, and OCR models) to aug-
ment video with auxiliary text. Our results indicate
that VideoStir achieves superior performance using

only video frames as native inputs, effectively by-
passing the need for external textual augmentation.
This suggests that one of the primary bottlenecks in
long-video understanding still lies in the retrieval
and organization of pivotal visual evidence. There-
fore, refining the selection of visual evidence is es-
sential for scaling MLLM’s long-video understand-
ing capabilities. VideoStir addresses this by en-
hancing both the relevance and spatio-temporal co-
herence of retrieved evidence, thereby facilitating
more reliable reasoning in downstream MLLM:s.

5 Conclusion

We propose VideoStir, a novel long-video RAG
framework designed to address the limitations of
contextual structure decoupling and intent misalign-
ment prevalent in current paradigms. VideoStir
models long videos as spatio-temporal graphs and
utilizes multi-hop traversal to recover the intrin-
sic topology of their contexts, thereby aggregating
spatio-temporally coherent evidence. Additionally,
we introduce an intent-relevance scorer trained on
our newly curated IR-600K dataset, which further
filters visual content by capturing the query’s under-
lying reasoning intent beyond surface-level seman-
tics. Both the dataset and the scorer provide a solid
foundation for future research into intent-oriented
long-video RAG. Extensive experiments show that
VideoStir is competitive with SOTA baselines with-
out relying on auxiliary information, underscoring
the effectiveness of shifting from flattened seman-
tic matching to structured, intent-aware reasoning,
and further revealing that one of the main bottle-
necks in long-video understanding lies in retrieving
and organizing pivotal visual evidence.
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Limitations

As VideoStir introduces an additional step to trans-
form long videos into structured representations, it
inevitably incurs system latency. Indeed, system
latency remains a broad challenge for long-video
understanding frameworks that rely on external
components like agents or RAG pipelines. We
regard further reducing end-to-end latency as a piv-
otal direction for future long-video RAG research.
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A The Use of LLMs

The paper employs LL.Ms for language polishing.

B Extended discussion for Structured
Retrieval

In Figure 3, we further illustrate and discuss the
advantages of structured retrieval via visualizations.

@ Query: What is the purpose of the person
using the printer in the video?

(Ground Truth: Make a poster.)

Semantic-based

Retrieval
Clips Q@@ Spatiotemporal Contexts are Missing
Structured Q
Anchor Multi-hop
Retrieval Traversal P
— |

. - 24
Spatiotemporal Query
Graph

Figure 3: Advantages of structured retrieval over flat clip re-
trieval. Flattened retrieval mainly returns clips with explicit se-
mantic overlap with the query, while overlooking clips that are
contextually relevant but do not contain direct query-matching
content. VideoStir structures long videos to reconstruct spatio-
temporal context, allowing multi-hop traversal to aggregate
contextually related clips around key moments. The resulting
evidence is cleaner and more coherent, providing stronger
support for subsequent fine-grained retrieval.

C Hyperparameter Ablations

We determine the hyperparameters for the graph-
based clip retrieval procedure based on the ablation
study in Table 6.

Table 6: Hyperparameter ablations on Graph-based Clip
Retrieval. We investigate the impact of the number of anchors
N, hop distance L, and spatial edge threshold 7. “Avg. Clips”
denotes the average number of retrieved clips per query. The
bold numbers represent the best results.

Hyperparameter Value Avg. Clips Retrieval Acc. T
1 7.2 88.0
Number of Anchors (V) 2 13.6 92.0
(Fixed L = 2,1 = 0.6) 3 21.9 90.5
4 25.4 90.0
1 8.4 87.0
Hop Distance (L) 2 13.6 92.0
(Fixed N = 2,1 = 0.6) 3 16.6 92.0
4 18.1 91.0
0.2 31.4 84.0
Edge Weight Threshold () 0.4 20.6 90.5
(Fixed N = 2,L =2) 0.6 13.6 92.0
0.8 6.8 82.5

D Supplemental Details for IR-600K

D.1 Annotation Example

We provide an example annotation below; during
training, the text portion of the user content will be
substituted into the intent-relevance scoring prompt

as {query}.

Annotation Example
[{"role": "system", "content": "You are a helpful assis-

n,on non n,on: "o

tant."}, {"role": "user", "content": [{ "type": "image", "im-

age": "8480330992/frame_000310.jpg"}, {"type": "text",

"text": "why do the ladies tap the children s heads
with some soft item"}]}, { "role": "assistant", "content":

[{"type": "text","text": "2"}]}]

D.2 Dataset Distribution Statistics

We summarize the data distributions of the IR-
600K training and validation sets in Figures 4.

Intent Relevance Score Distribution: Training vs. Validation
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Figure 4: Distribution of Intent Relevance Scores across the
IR-600K training and validation sets. The results demonstrate
that the validation set maintains a consistent class distribution
with the training set across all relevance levels.

E Intent Relevance Scoring Prompt

Intent-Relevance Scoring Prompt

Infer the query’s intent and evaluate how likely it is that
this frame is intent-relevant for answering: ‘{query}’.

Output only one number from 1 to 5, where:

[1] = completely irrelevant — the frame provides no visual
or contextual information related to the question or its
answer.

[2] = slightly relevant — the frame shows general back-
ground or context, but it is unlikely to contribute to answer-
ing.

[3] = moderately relevant — the frame includes partial
clues or indirect context that might help infer the answer,
but the key evidence is missing.

[4] = mostly relevant — the frame provides substantial
visual or contextual information that can be used to answer
the question, though not fully decisive.

[5] = highly relevant — the frame clearly contains the
decisive evidence or strong contextual cues that directly or
indirectly support the correct answer.
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