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Abstract

Retrieval-augmented generation (RAG) has greatly improved
large language models (LLMs) by adding external knowledge.
However, existing RAG-based methods face two major chal-
lenges in long-context video understanding. First, they strug-
gle to jointly encode multimodal and long-range temporal
information, leading to fragmented and context-insensitive
knowledge representations. Second, their retrieval mecha-
nisms typically rely on static text matching, which fails to
dynamically align user queries with the most relevant video
segments, ultimately degrading downstream performance. To
overcome these issues, we introduce ViG-RAG, a new frame-
work to enhance long-context video understanding through
structured textual knowledge grounding and multi-modal re-
trieval. Specifically, we treat video transcripts into structured
units, extract key entities, form temporal connections and
confidence for evidence, enabling coherent long-range rea-
soning. In this way, it utilizes a knowledge-aware ground-
ing mechanism and a context-aware retrieval process that dy-
namically builds a probabilistic temporal knowledge graph
to organize multi-video content. To improve retrieval accu-
racy, we propose a hybrid retrieval strategy for semantic and
temporal features, with an adaptive distribution modeling the
relevance. In this way, it achieves the optimal retrieval dis-
tribution for each query, enhancing generation efficiency by
reducing unnecessary computations. On top of this, ViG-RAG
uses a vision-language model to integrate semantic anchors,
expanded contextual fields, and selected video frames, gener-
ating an accurate response. We evaluate ViG-RAG on several
benchmarks, demonstrating that it significantly surpasses cur-
rent RAG-based methods.

Introduction

Large language models (LLMs) (Yu et al. 2024a; Cao et al.
2025c; Faysse et al. 2024; Cao et al. 2025b) have shown
strong performance in a variety of NLP tasks(Cao et al. 2024),
such as question answering, summarization, and dialogue
generation. However, their reasoning ability remains lim-
ited by the static knowledge encoded during pre-training. To
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Figure 1: The illustration of the complexitity in the video,
including entities, relations, temporal information and confi-
dence for the fact.

overcome this, retrieval-augmented generation (RAG) (Gao
et al. 2023a; Cao et al. 2025a) has emerged as a promising
framework that enables LLMs to retrieve and incorporate
external information during inference, leading to more accu-
rate and context-aware responses (Allahverdiyev et al. 2024;
Gutiérrez et al. 2024).

While RAG (Edge et al. 2024; Guo et al. 2024) has been
widely applied to text-based tasks, its extension to the multi-
modal domain, particularly video understanding, remains
underexplored. In fact, many real-world video applications
(e.g., documentary indexing, or instructional content under-
standing) demand up-to-date reasoning grounded in external
or distributed knowledge. RAG offers a natural pathway to
enhance these tasks by retrieving supporting evidence across
different video segments or even across videos.

At the same time, large vision-language models have
achieved notable progress in short video understanding. How-
ever, they still struggle in long-context scenarios. These mod-
els usually process isolated clips and fail to reason across
extended temporal spans. When long visual context reason-
ing is required, splitting videos into short, unlinked segments
causes a substantial loss of temporal and semantic continuity.



Under these circumstances, this paper addresses this limita-
tion by asking:

Can we design a RAG framework for long video under-
standing that preserves semantic coherence, enables tempo-
ral reasoning, and supports context-aware retrieval?

To explore this, we investigate the design of RAG models
specifically for long and complex video content. Recent stud-
ies (Edge et al. 2024; Zhang et al. 2025) have made progress
in this direction, as shown in Figure 1, but two key challenges
remain unresolved:

(C1) Structurally modeling for multi-modal and tempo-
ral information: Existing methods struggle to build
unified representations that combine visual, textual,
and temporal features and the confidence for the factual
evidence over long durations. This leads to fragmented
and incomplete knowledge integration.

(C2) Query-sensitive retrieval under ambiguity: Current

retrieval mechanisms often fail to align ambiguous

or underspecified user queries with the most relevant
video segments, especially when cross-video informa-
tion is required.

To this end, we propose Video-aware Graph Retrieval-
Augmented Generation (ViG-RAG) via temporal and se-
mantic hybrid reasoning, which leverages temporal-semantic
hybrid reasoning to unify knowledge-grounded generation
and context-aware retrieval for efficient organization and ac-
cess of multi-video content. Specifically, to tackle (C1), the
framework begins with constructing a probabilistic tempo-
ral knowledge graph, which systematically segments video
transcripts into structured units, extracts key entities, and
establishes temporal connections and confidence for fact evi-
dence. Unlike traditional RAG methods that rely on static tex-
tual retrieval, this dynamic knowledge grounding mechanism
preserves contextual dependencies across videos, enabling
effective cross-video indexing. In this way, textual retrieval
identifies relevant knowledge chunks based on entity relation-
ships, while visual retrieval aligns query embeddings with
video representations to extract semantically relevant clips.

To address (C2) and refine retrieval precision, ViG-RAG
introduces a lightweight, training-free filtering mechanism
based on Gaussian Mixture Modeling (GMM). By modeling
the distribution of similarity scores among retrieved candi-
dates, our method automatically identifies high-confidence
segments without relying on handcrafted thresholds or ad-
ditional supervision. This enables robust Top-K selection
tailored to each query’s characteristics. Complementing this,
ViG-RAG also employs a query-aware re-ranking strategy
guided by LLMs, further filtering noisy segments while pre-
serving essential contextual information. This multi-stage
pipeline ensures that generated responses are both aligned
with user queries and rich in multimodal semantics. Extensive
evaluation on benchmark datasets, including LongerVideos,
demonstrates that ViG-RAG significantly outperforms ex-
isting RAG-based methods and long-context video under-
standing frameworks, particularly in retrieving and organiz-
ing long-form video content with high precision and coher-
ence. The code can refer to https://github.com/Al-Researcher-
Team/ViG-RAG.
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In summary, our contributions are threefold:

* We propose ViG-RAG, a novel retrieval-augmented frame-
work for long-context video understanding that jointly
models multimodal and temporal information via a fuzzy
temporal knowledge graph, enabling unified and context-
aware knowledge integration across videos.

* We design a semantic-temporal dual-level retrieval mod-
ule with a GMM filtering mechanism, which adaptively
identifies high-confidence evidence segments and robustly
aligns ambiguous user queries with relevant video content.

* We demonstrate that ViG-RAG achieves state-of-the-art
performance on multiple established benchmarks, signifi-
cantly surpassing existing RAG-based and long-context
video understanding models in both retrieval accuracy and
downstream reasoning.

Related Work

Retrieval-Augmented Generation. The paradigm of RAG
has rapidly emerged as a key innovation for empowering
large language models to deliver knowledge-rich and con-
textually accurate outputs. Central to the RAG pipeline are
the processes of constructing a structured information base,
efficiently retrieving contextually pertinent segments, and
integrating them into generative reasoning. Unlike traditional
models constrained by static pretraining, RAG frameworks
dynamically ground responses in up-to-date and domain-
specific external knowledge, thereby substantially expanding
their factual coverage and adaptability (Guo et al. 2024; Qian
et al. 2024; Gao et al. 2023a). This transformation has en-
abled LLMs to effectively address real-world information
needs that demand both precision and depth.

Recent research in RAG has pursued a spectrum of method-
ological advances, reflecting the growing complexity and di-
versity of knowledge resources. On one front, chunk-oriented
approaches (Gao et al. 2023b; Allahverdiyev et al. 2024;
Chan et al. 2024) refine information granularity and retrieval
relevance by leveraging powerful embedding techniques and
optimized segmentation protocols. Meanwhile, graph-based
RAG systems (Edge et al. 2024; Guo et al. 2024; Li, Miao,
and Li 2024) harness explicit structural representations to
enhance both retrieval efficiency and semantic precision. In
parallel, multi-modal RAG research RAG (Yu et al. 2024b;
Faysse et al. 2024; Lin et al. 2023) has focused on integrating
heterogeneous content (e.g., images, audio, video) to enable
richer evidence synthesis and more robust reasoning across
diverse applications.

Afterward, leveraging video data as a source of struc-
tured knowledge remains a largely untapped frontier. Early
explorations, such as MM-VID (Lin et al. 2023) and
iRAG (Arefeen et al. 2024), demonstrate that extracting and
utilizing meaningful information from video content poses
unique technical challenges. These include not only the in-
herent temporal and semantic complexity of videos but also
the lack of established methodologies for integrating video-
derived knowledge into large language model workflows.
Long Video Understanding. Deriving meaningful insights
from long-context videos remains a complex challenge in
video understanding. Conventional techniques, including



large video language models (LVLMs), have made consider-
able progress by converting video frames into vision tokens,
enabling their interpretation by large language models (Wu
et al. 2024a; Wang et al. 2025; Chandrasegaran et al. 2024;
Li, Wang, and Jia 2025; Shu et al. 2025; Shang et al. 2024).
However, as video lengths and dataset sizes grow, computa-
tional costs scale sharply, making it critical to develop more
resource-efficient and scalable methods for long-video pro-
cessing. VideoRAG (Ren et al. 2025) proposes to utilize a
knowledge graph to conduct video RAG; however, they ne-
glect the complex association of components in the video,
and cannot conduct adaptive selection for the retrieval.

To address this, we introduce a novel framework ViG-RAG.
By constructing a probabilistic knowledge graph that fuses
multi-video information with visual embeddings, our method
enhances the depth and accuracy of query responses while
accommodating videos of arbitrary length and scale.

Methodology

In this section, we propsoe a new model termed ViG-RAG,
which stands for Video-based RAG. The model is designed to
address the challenges of long-context video understanding
by leveraging a structured probabilistic temporal knowledge
graph (PTKG) to organize and retrieve multi-modal infor-
mation from videos. The overall framework is illustrated in
Figure 2. The problem setting are as follow:

Definition 1 (RAG for Video). Given a user query q, a
collection of videos V = {v1,...,vn}, and their associated
multi-modal streams (visual, textual, temporal), the goal is to
generate a response 1 by retrieving a relevant subset C; C 'V
and grounding the answer in semantically and temporally
aligned evidence. Formally,

r=G(q,R(q,Z(V))),

where T denotes the multi-modal indexing function, R the
context-aware retriever, and G the generator conditioned on
the retrieved context.

Preliminary for Knowledge Structure. The knowledge
graph (Zhang et al. 2019; Cao et al. 2021) is an useful tool
to model complex structures. Let £ and R denote the sets of
entities and relations, respectively. A knowledge graph fact
is represented as a triple (h,r,t), where h € & is the head
entity, 7 € R is the relation, and ¢ € £ is the tail entity. Let
7 € T denote a timestamp or time interval, and p € [0, 1] de-
note a plausibility score indicating confidence or truth degree.
Then we have the following definitions:

Definition 2 (Probabilistic Temporal Knowledge Graph). A
probabilistic Temporal Knowledge Graph (PTKG) is a set
of quintuples (h,r,t, T, p), where each fact is annotated with
both a temporal marker T and a plausibility score p. PTKG
enables joint modeling of temporal evolution and uncertainty.

Knowledge Representation for Videos

Our framework converts multi-modal video content into struc-
tured textual representations by PTKG to enhance both in-
dexing and retrieval efficiency. This transformation process
encompasses two core modalities: for visual data, we utilize
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advanced VLMs to produce detailed textual descriptions that
encapsulate scene interactions and contextual elements; for
audio streams, we apply high-accuracy Automatic Speech
Recognition (ASR) to extract spoken content while main-
taining temporal alignment. This dual-processing strategy
ensures that both visual and auditory semantics are preserved
within our textual knowledge base.

Multimodal Content Extraction. To capture both spoken
and visual information from arbitrarily long videos, we first
divide each video V into segments {S1, ..., Sy, } following
(Ren et al. 2025; Yin Song and Chen Wu and Eden Duthie
2024; Lin et al. 2024). For each segment S;, we apply ASR
to transcribe the audio, yielding A; = ASR(S;), which pre-
serves dialogue and narration in a synchronized transcript.
Concurrently, we uniformly sample up to ¥ < 10 frames
{F1,...,Fy} in chronological order to capture key visual
moments. We then feed both the transcript .A; and the sam-
pled frames into a vision—language model, producing seman-
tically rich captions B; = VLM (A;, {F1,...,Fy}), which
integrate a series of entities and events.

PTKG Construction for Videos. Existing RAG methods
(such as GraphRAG, VideoRAG) typically represent knowl-
edge as static entity-relation pairs, overlooking the crucial
dimensions of temporal sequencing and assertion confi-
dence that underpin coherent cross-segment reasoning. Real-
world video content is inherently dynamic, including entities,
events, and their relationships often change or unfold over
time, and the reliability of detected facts can vary due to
modality noise or ambiguous signals.

To fill this gap, we introduce the PTKG, which jointly en-
codes entities, relations, timestamps, and confidence scores
in a unified framework. We begin by segmenting each video
transcript into coherent text chunks {V},..., V! }, then ex-
tract from each chunk # its set of entities N7, relations
&y, associated timestamps T3, and confidence values Py €
[0, 1] by LLM. Formally, the global PTKG is constructed as

G=W,ET,P)= U (N3, Exs Trs Pr)-
He{VE,..,Vi}
(1

By integrating temporal links and confidence alongside
traditional triples, it overcomes the rigid querying limita-
tions of prior static graphs and enables robust, context-aware
knowledge retrieval across extensive video collections.

For each video clip S, we generate a unified textual rep-
resentation by integrating visual captions, ASR transcripts,
and knowledge graph information (B, A, G). Given a video
VY composed of n sequential clips, the complete knowledge
extraction process is defined as:

Vi ={(Bi, A,,G) | L € [1,n]}. )

This representation captures both the visual and auditory
semantics of each clip, along with the structured knowledge
graph, enabling effective indexing and retrieval.

Temporal-Semantic Dual-Level Retrieval

Multi-Modal Video Knowledge Indexing. Our approach
enhances video knowledge retrieval by integrating textual se-
mantics into a unified and structured indexing system. Specif-
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ically, the textual retrieval leverages a structured PTKG, en-
abling LLMs to refine queries by accurately identifying en-
tities and their temporal relationships. Given a user query g,
the textual retrieval initially generates a candidate set Sé by
matching entities and semantic anchors in the TKG.

However, not all segments within S; are equally relevant.
To further improve precision, we introduce a structured filter-
ing mechanism that jointly considers both semantic relevance
and temporal coherence. Formally, the final filtered set of
relevant video clips is defined as:

{S|(Se S;) A topK (aText-F(S, q)) + (1 — a) (Temp-F(S,é]?))))},

where the filtering functions are defined as binary classifiers
using structured prompting strategies in LLMs. Text—F(S' ,q):
Evaluates the semantic alignment between the textual content
of the clip (Vg) and the refined user query. Temp—F(S’ ,q):
Assesses whether the retrieved clip maintains temporal co-
herence and relevance, capturing meaningful long-range de-
pendencies.

Adaptive GMM-Based Top-K Selection. Fixed thresholds
or manually chosen K in Eq.(3) often fail to match the var-
ied score distributions in video retrieval, leading to either
excessive false positives or the loss of relevant clips. To adap-
tively select the top K candidates from similarity scores
without manual tuning, we employ a lightweight, training-
free strategy based on a Gaussian Mixture Model (GMM).
Unlike learning-based ranking methods, our approach an-
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alyzes the empirical score distribution directly, requiring
no optimization or loss function. Given similarity scores
{1, x2,...,2N}, we fit a K-component univariate GMM:

N K
10g£K:ZIOg Zwk./\/'(ml |k, 02) |, @
i=1 k=1

where wy, g, and O’,% are the mixture weight, mean, and
variance of each component. Parameters are estimated using
the standard EM algorithm, with no gradient-based training.

To prevent overfitting, we determine the optimal number
of components K * using the bayesian information criterion
(BIC) (Neath and Cavanaugh 2012). We then identify the
component k* with the highest mean py, representing the
high-confidence region. The posterior probability that a score
z belongs to this component is:

wye - N (2| e, 02,
p(xeC'k*): — ( | k )2 )
o1 W - N (2 | pg, 07)

&)

In this way, candidates are ranked by posterior confidence or
a fixed cutoff, enabling adaptive filtering without handcrafted
thresholds. The filtered set ensures semantic and temporal
coherence, retaining clips that fully address user queries in
both meaning and timing. This dual-filtering process reduces
ambiguity, improves retrieval accuracy, and enhances the
quality of subsequent response generation.



Context-Aware Response Generation

To generate responses closely aligned with user queries, we
propose a hierarchical semantic coordination framework with
two key modules: explicit semantic extraction and implicit
context construction. Given a refined user query ¢, we first
extract explicit semantic components K, including low/high-
level keywords using our knowledge-aware grounding mecha-
nism. We then construct the implicit context field C), through
token-level local context refinement, capturing subtle seman-
tics and preserving contextual coherence.

Using the semantic anchors K, the expanded context field

Cp, and the filtered relevant clips S , our model synthesizes
the response R as:

R = VLM(K,, C,,S), (6)

where K, denotes the query-specific semantic anchors ex-
tracted from the question, guiding the response toward pre-
cise and relevant semantics. C), enriches these anchors with
additional implicit context, ensuring fluency and coherence

in the output. S is the refined set of video clips retrieved by
our multi-modal context-aware retrieval mechanism, provid-
ing both visual and textual evidence to support the generated
response.

Experiments
Experimental Settings

Evaluation Datasets. Our empirical study utilizes several
large-scale video datasets, each designed to evaluate differ-
ent facets of multimodal understanding and extended tem-
poral reasoning. The LongerVideos benchmark (Ren et al.
2025) provides a diverse selection of more than twenty
video sets, spanning educational, documentary, and enter-
tainment genres. Because these videos are all sourced from
publicly accessible YouTube content, our experiments are
fully reproducible and transparent. In addition, we employ
the Video-MME dataset (Fu et al. 2025), which spans real-
world clips from 11 seconds to nearly an hour, to assess
models * ability to capture fine-grained daily-life activities.
For a further challenge in long-range multimodal reasoning,
LongVideoBench (Wu et al. 2024b) offers 6,678 carefully
crafted multiple-choice questions across 17 topical areas,
specifically targeting retrieval and inference over lengthy and
information-rich video content.

Baseline. To benchmark the capabilities of our proposed
system on challenging long-form and multi-video tasks, we
conduct a comprehensive evaluation against a range of state-
of-the-art retrieval-augmented generation frameworks. This
comparison spans classical designs, such as NaiveRAG (Gao
et al. 2023b), GraphRAG (Edge et al. 2024), and Ligh-
tRAG (Guo et al. 2024), as well as advanced video-focused
methods like VideoRAG (Ren et al. 2025). All baselines
are re-implemented under a standardized experimental pro-
tocol to ensure the reliability and fairness of the compari-
son. We also take our model as a plug-in for other VLM,
including four widely used 7B-parameter systems (Video-
LLaVA (Lin et al. 2024), LLaVA-NeXT-Video (Zhang et al.
2024b), LongVA (Zhang et al. 2024a), and Long-LLaVA (Yin
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Song and Chen Wu and Eden Duthie 2024)), alongside two
prominent 72B-parameter architectures (Qwen2-VL (Wang
et al. 2024) and LLaVA-Video (Zhang et al. 2024c)), and
other models such as Gemini (Reid et al. 2024).

Evaluation Protocols and Metrics. To ensure a multifaceted
evaluation of our method, we adopt two complementary as-
sessment protocols, building upon methodologies recently
established in the literature (Ren et al. 2025). The first proto-
col, known as the Win-Rate metric, leverages GPT-40-mini
to perform head-to-head comparisons between candidate re-
sponses from different models, offering both rankings and ex-
planatory rationale for its choices. In addition, we implement
a Quantitative Scoring procedure, where responses are rated
on a 5-point scale relative to a gold-standard reference, with
scores ranging from 1 (markedly inferior) to 5 (significantly
superior), thereby allowing for fine-grained, query-specific
analysis. To minimize bias and increase reliability, we ran-
domly permute answer positions within each prompt and
conduct two separate rating rounds per query, adhering to
established evaluation standards (Edge et al. 2024; Guo et al.
2024). Each protocol is repeated across five independent tri-
als to further reduce variance, and final results are presented
as aggregate statistics, either in terms of mean scores or win
tallies. Full implementation details and the structure of our
evaluation prompts are provided in Appendix.
Implementation Details. Following (Ren et al. 2025; Yin
Song and Chen Wu and Eden Duthie 2024; Lin et al. 2024),
videos are first partitioned into 30-second segments, with
each interval yielding five representative frames selected for
initial visual analysis. To capture both visual and linguistic
cues, we utilize a quantized MiniCPM-V (Yao et al. 2024)
as the vision-language interface, while spoken audio tracks
are transcribed into text using Distil-Whisper (Radford et al.
2023; Gandhi, von Platen, and Rush 2023). Multi-modal in-
formation, spanning both images and transcripts, is jointly
encoded via ImageBind (Girdhar et al. 2023), which em-
beds heterogeneous inputs into a unified latent space. For
downstream retrieval, we generate text embeddings using
OpenAl’s text-embedding-3-small model, enabling seman-
tic search over entity mentions and candidate passages. To
strengthen section-level visual summarization, a denser frame
sampling scheme (l% = 15 frames per segment) is incorpo-
rated during caption extraction. Orchestration of all core
processes, including data indexing, evidence retrieval, and
response construction, is handled by GPT-40-mini, which
serves as the central large language model driving end-to-end
pipeline integration.

Overall Comparison

Comparision with Graph-based RAG. Table 1 reports the
win rate evaluation outcomes, comparing ViG-RAG against
the baseline approaches. For the GraphRAG series of bench-
marks, we consider three variants: a local search baseline
(GraphRAG-!), a global search configuration (GraphRAG-g),
and a fully hybrid retrieval scheme as implemented by Ligh-
tRAG. In Table 1, we present comparative win rate results,
where our method is systematically benchmarked against all
competing approaches. Across a range of evaluation criteria,
our model demonstrates a clear and consistent performance



| GraphRAG-I VideoRAG ~ Ours |LightRAG-h VideoRAG Ours |NaiveRAG VideoRAG Ours |GraphRAG-g VideoRAG Ours

Lecture

Comprehensiveness | 21.73% 32.15% 46.12% | 22.05% 3191% 46.04% | 21.86% 32.95% 45.19% 21.91% 32.12% 46.97%
Clarity 22.44% 33.33% 44.23% | 22.61% 3333% 44.06% | 22.44% 33.42% 44.14% 22.45% 33.58% 43.97%
Depth 20.99% 3457% 44.45% | 21.44% 3431% 44.25% | 21.41% 3427% 44.32% 21.18% 3451% 44.31%
Relevance 21.96% 3491% 43.13% | 21.99% 35.01% 43.01% | 22.17% 34.84% 43.99% 21.88% 35.06% 43.06%
Practical Value 20.24% 35.05% 44.71% | 20.47% 34.89% 44.63% | 20.73% 34.75% 44.52% 20.27% 3517% 44.56%
Overall 21.86% 35.05% 43.10% | 22.09% 34.88% 43.03% | 22.17% 34.76% 43.07% 22.10% 34.89% 43.01%
Documentary

Comprehensiveness | 22.82% 33.15% 44.03% | 23.05% 3291% 44.04% | 22.86% 33.95% 43.19% 22.91% 33.12% 43.97%
Clarity 23.44% 3433% 42.23% | 23.61% 34.33% 42.06% | 23.44% 34.42% 42.14% 23.45% 34.58% 41.97%
Depth 21.99% 3557% 4245% | 22.44% 3531% 42.25% | 22.41% 3527% 42.32% 22.18% 3551% 42.31%
Relevance 22.96% 3591% 41.13% | 22.99% 36.01% 41.01% | 23.17% 35.84% 41.99% 22.88% 36.06% 41.06%
Practical Value 21.24% 36.05% 42.71% | 21.47% 35.89% 42.63% | 21.73% 3575% 42.52% 21.27% 36.17% 42.56%
Overall 22.86% 36.05% 41.10% | 23.09% 35.88% 41.03% | 23.17% 35.76% 41.07% 23.10% 35.89% 41.01%
Entertainment

Comprehensiveness | 23.82% 34.15% 42.03% | 24.05% 3391% 42.04% | 23.86% 34.95% 41.19% 23.91% 34.12% 42.97%
Clarity 24.44% 3533% 40.23% | 24.61% 3533% 40.06% | 24.44% 3542% 40.14% 24.45% 35.58% 39.97%
Depth 22.99% 36.57% 40.45% | 23.44% 36.31% 40.25% | 23.41% 36.27% 40.32% 23.18% 36.51% 40.31%
Relevance 23.96% 3691% 39.13% | 23.99% 37.01% 39.01% | 24.17% 36.84%  39.99% 23.88% 37.06% 39.06%
Practical Value 22.24% 37.05% 40.71% | 22.47% 36.89% 40.63% | 22.73% 36.75% 40.52% 22.27% 37.17% 40.56%
Overall 22.86% 37.05% 40.10% | 23.09% 36.88% 40.03% | 23.17% 36.76%  40.07 % 23.10% 36.89% 40.01%
Overall

Comprehensiveness | 22.59% 3341% 44.00% | 22.81% 33.23% 43.96% | 22.68% 33.62% 43.70% | 22.74% 33.38% 43.88%
Clarity 23.33% 34.43% 42.24% | 23.54% 3439% 42.07% | 23.41% 34.51% 42.08% 23.38% 34.58% 42.04%
Depth 21.99% 3531% 42.70% | 22.43% 35.10% 42.47% | 22.38% 35.14% 42.48% 22.18% 3532% 42.50%
Relevance 22.96% 35.62% 41.42% | 22.99% 3571% 41.30% | 23.16% 35.58% 41.26% 22.88% 35.76% 41.36%
Practical Value 21.24% 36.26% 42.50% | 21.47% 36.12% 42.41% | 21.73% 36.00% 42.27% 21.27% 36.36% 42.37%
Overall 22.42% 3581% 41.77% | 22.64% 35.67% 41.69% | 22.70% 35.57% 41.73% 22.49% 35.82% 41.69%

Table 1: Performance Comparison of ViG-RAG against Different RAG Baselines. The best results are in bolded.

Model | Text LLM Params Frames | Short Medium Long Overall | Gain
Proprietary LVLMs
GPT-40 = 5 384 80.0 70.3 65.3 71.9 5
Gemini-1.5-Pro - - 0.5 fps 81.7 74.3 67.4 75.0 -
Open-Source LVLMs
Video-LLaVA - 7B 8 44.6 38.3 35.8 39.6 -
Video-LLaVA + ViG-RAG 2.0K 7B 8 48.6 42.3 40.1 435 +3.9
LLaVA-NeXT-Video - 7B 16 494 43.0 36.7 43.0 -
LLaVA-NeXT-Video + ViG-RAG | 2.0K 7B 16 59.8 49.2 53.7 54.2 +11.2
LongVA - 7B 32 60.9 49.3 44.0 51.4 -
LongVA + ViG-RAG 1.8K 7B 32 64.5 56.7 55.2 58.8 +7.4
Long-LLaVA - 7B 32 60.3 51.4 44.1 52.0 -
Long-LLaVA + ViG-RAG 1.9K 7B 32 63.2 53.1 56.7 57.7 +5.7
Qwen2-VL - 72B 32 75.0 63.3 56.3 64.9 -
Qwen2-VL + ViG-RAG 2.1K 72B 32 76.3 68.6 72.2 72.4 +7.5
LLaVA-Video - 72B 32 78.0 63.7 59.6 67.1 -
LLaVA-Video + ViG-RAG 2.1K 72B 32 79.3 71.1 72.8 74.4 +7.3

Table 2: Performance evaluation on the Video-MME (Fu et al. 2025) benchmark. The Text field reflects the mean number
of additional tokens introduced per example by ViG-RAG. All open-source baselines and their ViG-RAG variants were re-

benchmarked.

lead. This improvement is attributable to our comprehensive
multi-modal indexing strategy, which seamlessly integrates
probabilistic temporal knowledge graph construction with
deep cross-modal representation learning. By encoding not
only entity relationships and temporal structure but also asso-
ciating each knowledge fact with a calibrated confidence mea-
sure, our framework enables robust semantic organization
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and reliable evidence synthesis over long video sequences.
Additionally, our adaptive retrieval mechanism, powered by
distribution-based candidate selection, balances both text-
based semantic matching and visual content relevance, thus
dynamically identifying the most trustworthy video segments
for each query without reliance on fixed heuristics. This pre-
cise alignment between linguistic and visual signals results in
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Figure 3: Ablation on graph-based knowledge grounding and
cross-modal retrieval components.

more contextually relevant and semantically precise retrieval,
enabling our system to generate outputs with enhanced con-
textual depth and factual accuracy compared to traditional
retrieval-augmented pipelines.

The Performance on Other Datasets. In our evaluation of
video-language models, as shown in Table 2, we integrate
ViG-RAG as an auxiliary retrieval-augmented module, stan-
dardizing the input to a fixed 32-frame window across all
LVLM baselines. This constraint ensures fair comparisons,
particularly for resource-intensive 72B-parameter systems,
while also providing a unified benchmark for smaller 7B
models. Distinct from prior methods, our framework lever-
ages a probabilistic temporal knowledge graph to construct
multi-modal indices and facilitate advanced retrieval. Integrat-
ing ViG-RAG as a retrieval-augmented module consistently
enhances the performance of a wide range of open-source
LVLM backbones. Regardless of model scale or architecture,
the addition of ViG-RAG leads to marked improvements
across short, medium, and especially long-duration video
scenarios. This demonstrates that ViG-RAG functions as a
robust, plug-and-play component, systematically strengthen-
ing multi-modal retrieval and temporal reasoning capabilities
for diverse base models. More results can refer to Appendix.

Ablation Study

To systematically evaluate the contribution of each core mod-
ule within our multi-modal retrieval framework, we conduct
an ablation analysis comprising three distinct model variants:
(1) w/o PTKG: Disables indexing and retrieval based on the
probabilistic temporal knowledge graph, thereby removing
the system’s capacity for building meaningful temporal and
cross-video relationships; (2) w/o Query enhancement (QE):
Omits explicit semantic augmentation and implicit contextual
enrichment, reducing the model’s effectiveness in leveraging
nuanced query information; (3) w/o GMM filtering (GF):
Eliminates the GMM-based candidate filtering, so segment
selection relies solely on raw similarity scores without adap-
tive thresholding.

Results, visualized in Figure 3, demonstrate that the com-
plete ViG-RAG pipeline depends critically on the synergy of
all three modules. Disabling any single component results
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in marked decreases in retrieval accuracy and overall perfor-
mance on all benchmarks, revealing the necessity of each
design element for coherent and context-aware evidence ag-
gregation. Models lacking these mechanisms exhibit notable
deficiencies in integrating information across disparate video
segments, often generating outputs that are disjointed and
lacking depth. These findings reinforce the value of our graph-
augmented, probabilistic, and adaptive retrieval architecture
for robust multi-modal video understanding.

Case Study Analysis

To further assess the effectiveness of ViG-RAG, we examine
its performance on a complex query requiring long-context
video reasoning as shown in Appendix. The query “Do chim-
panzees have a designated leader who dictates the strategy,
or is it a more fluid process based on individual initiative and
cues from the environment?” demands a nuanced understand-
ing of chimpanzee social structures, requiring ViG-RAG to
retrieve, integrate, and reason over multimodal evidence that
captures hierarchical leadership, environmental adaptability,
and individual behavioral agency. The input video, fights-in-
animal-kingdom, contains rich social interactions illustrating
these dynamics. It shows ViG-RAG’s response alongside the
retrieved video segments. ViG-RAG successfully identifies
key scenes illustrating both structured leadership and fluid
social hierarchies. The retrieved clips comprehensively cap-
ture three core aspects: (1) Leadership roles, dominant males
often guide foraging and territorial navigation. (2) Environ-
mental adaptability, leadership shifts dynamically with social
context and environmental pressures. (3) Individual agency
and social learning, younger members align with dominant
figures to strengthen their social standing.

By synthesizing these elements, ViG-RAG demonstrates
its ability to integrate explicit and implicit video knowledge.
Its responses are contextually precise and temporally coher-
ent, accurately linking behavioral patterns with ecological
constraints, resource distribution, and intra-group competi-
tion. This highlights ViG-RAG’s strength in multi-modal
reasoning and its capacity to provide evidence-grounded in-
sights into complex behavioral phenomena.

Conclusion

In this work, we propose ViG-RAG, a novel framework
designed to advance long-context video understanding by
addressing the limitations of existing RAG-based methods.
By introducing a probabilistic temporal knowledge graph
and leveraging a hybrid retrieval strategy that dynamically
models semantic and temporal relevance, ViG-RAG effec-
tively bridges multimodal content and complex temporal
dependencies across videos. Our approach enables coherent
long-range reasoning, context-aware retrieval, and accurate
evidence aggregation, all while improving computational ef-
ficiency. Extensive experiments across multiple benchmarks
confirm that ViG-RAG delivers significant performance gains
over prior methods, highlighting its promise as a robust and
generalizable solution for multi-modal, long-context video
understanding.
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