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Abstract

This paper presents our system description for
the 2nd Workshop on Multimodal Augmented
Generation via MultimodAl Retrieval (MAG-
MaR). Addressing the critical challenges of
cross-lingual long-video comprehension, strict
persona adherence, and zero-hallucination tem-
poral grounding, we propose a fully training-
free, two-stage cascaded Video RAG pipeline.
Our architecture strategically decouples seman-
tic retrieval from cognitive logical reasoning
through a modality-aware division of labor.
In the first stage, a high-recall semantic pre-
fetching module employs dense retrieval us-
ing only high-fidelity visual summaries and
global text descriptions, explicitly isolating
noisy modalities (e.g., OCR and ASR) to main-
tain a pristine vector space. In the second stage,
an Adaptive, Iterative, and Reasoning-based
(A.LR.) filtering agent, powered by a commer-
cial Large Language Model (LLM), performs
fine-grained cognitive reranking. The agent
re-incorporates full multimodal contexts to en-
force strict logical alignment with user per-
sonas, effectively pruning semantically simi-
lar but logically irrelevant candidates. Finally,
a Prompt Sculpting mechanism constrains the
generator to synthesize the distilled subset into
strictly formatted JSON responses with exact
chunk-level citations. Evaluated on the RAG
track, our resource-aware approach shows ex-
ceptional precision in both information retrieval
and persona-conditioned generation.

1 Introduction

The rapid proliferation of multimodal content has
intensified the demand for systems capable of
synthesizing complex information from extensive
video archives. The 2nd Workshop on MAGMaR
addresses this challenge by requiring systems to
generate persona-constrained responses grounded
in multiple retrieved videos. This paradigm builds
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upon the foundational challenge of synthesiz-
ing coherent narratives from heterogeneous video
sources, as pioneered by benchmarks such as
WikiVideo (Martin et al., 2025a).

Unlike text-based Retrieval-Augmented Genera-
tion (RAG) (Lewis et al., 2020), Video RAG must
navigate the high-dimensional noise of long-form
video, cross-lingual barriers, and the requirement
for precise temporal grounding across massive col-
lections (Lei et al., 2021; Gao et al., 2017).

A fundamental bottleneck in current Video RAG
systems is the heavy reliance on surface-level se-
mantic similarity for retrieval. While dense vector
embeddings effectively capture visual and textual
correlations, they often struggle to distinguish be-
tween a "semantically similar" distractor and a "log-
ically relevant”" evidence. This "semantic-logical
gap" is particularly pronounced when a system is
tasked with following a specific persona, where the
relevance of a video is determined not just by its
visual content, but by its logical alignment with a
particular viewpoint or query nuance. Single-stage
retrieval often leads to high recall but low precision,
introducing "hard negatives" (Xiong et al., 2020)
that trigger downstream hallucinations (Ji et al.,
2023) in the generation phase.

To address these challenges, we propose C2F-
RAG (Coarse-to-Fine RAG), a fully training-free,
two-stage cascaded pipeline designed to decouple
semantic fetching from cognitive logical reason-
ing. Our approach is grounded in a coarse-to-fine
philosophy. In the first stage, we prioritize high-
recall semantic pre-fetching by leveraging BGE-
M3, a state-of-the-art embedding model capable
of multi-lingual and multi-granularity representa-
tion. By utilizing lightweight, global visual and
textual summaries, BGE-M3 efficiently embeds
the vast corpus into a dense vector space, enabling
rapid candidate retrieval while filtering out the vast
majority of irrelevant background noise without
prohibitive computational overhead.
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In the second stage, we adapt the Adaptive, Itera-
tive, and Reasoning-based (A.L.R.) framework (Zou
et al., 2025) to design a multimodal cognitive filter-
ing agent. While the original A.L.R. focuses on op-
timizing intra-video frame selection for VideoQA,
our tailored agent elevates this mechanism to tackle
inter-video cognitive reranking in large-scale Video
RAG. Utilizing the advanced capabilities of a com-
mercial Large Language Model (LLM), our agent
processes the comprehensive multimodal context
of each retrieved candidate (including OCR and
ASR data) and deeply evaluates them against strict
persona constraints. This allows the system to
effectively prune logically irrelevant videos that
surface-level embeddings fail to filter. The cas-
caded architecture ensures that the final generator
operates exclusively on a distilled "golden subset,"
significantly reducing the risk of knowledge injec-
tion from irrelevant distractors.

Our primary contributions are as follows:

* We propose C2F-RAG, a two-stage cascaded
pipeline that explicitly decouples semantic re-
trieval (via BGE-M3) from logical reasoning
(via an adapted A.LLR. agent), bridging the
semantic-logical gap in large-scale retrieval.

* We present a tailored cognitive reranking strat-
egy that leverages LL.M-driven logical align-
ment and persona constraints to effectively
prune hard negatives and prevent downstream
hallucinations.

* We show a training-free synthesis approach
that utilizes prompt sculpting to enforce strict
JSON formatting and accurate chunk-level
temporal grounding, achieving state-of-the-art
precision without prior fine-tuning.

2 System Architecture

In this section, we detail the design of C2F-RAG,
a two-stage cascaded pipeline optimized for large-
scale multimodal retrieval and persona-constrained
generation. Our system adopts a "coarse-to-fine"
philosophy (Karpukhin et al., 2020), strategically
decoupling surface-level semantic fetching from
deep cognitive logical reasoning to navigate the
noise inherent in massive video collections.

2.1 Overview

The core of C2F-RAG is a cascaded data flow de-
signed to distill a high-fidelity "golden subset" from
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a vast search space. As illustrated in Figure 1, the
pipeline consists of two primary stages:

1. Coarse Stage: High-Recall Semantic Pre-
fetching. This stage utilizes BGE-M3 for
dense retrieval over lightweight global visual
and textual summaries. It efficiently narrows
down the 110k video corpus to a candidate
pool of Top-1000 items.

Fine Stage: Cognitive Reranking via Se-
rial Multimodal Context. In this stage, the
system re-integrates fine-grained modalities
(e.g., OCR and ASR) and serializes them into
what we define as the Serial Multimodal Con-
text (SMC). An adapted A.L.R. agent then per-
forms logical alignment against the query and
persona constraints, pruning hard negatives to
derive the final context for generation.

By bridging these stages, C2F-RAG maintains
a balance between computational scalability and
reasoning depth, ensuring that the downstream gen-
erator receives only the most logically relevant and
contextually rich evidence.

2.2 The Coarse Stage: High-Recall Semantic
Pre-fetching

The primary objective of the Coarse Stage is to
efficiently narrow the search space from the entire
110k video corpus to a manageable candidate pool
of Top-1000 videos. Given the massive scale of the
background collection, this stage prioritizes high
recall and computational scalability while maintain-
ing semantic understanding of the video content.

Modality Decoupling for High SNR To con-
struct a pristine and efficient vector space, we im-
plement a strategy of Modality Decoupling. Dur-
ing the indexing phase, we exclude noisy or frag-
mented modalities such as OCR and ASR. We
observe that while these modalities provide fine-
grained evidence, their high variance and localized
nature introduce significant noise into dense vector
representations during large-scale retrieval. Instead,
we represent each video using a "Sandwich" text
structure consisting of two distinct components:

* A high-level Global Summary generated by
a multimodal LLM (Qwen-Omni) (Bai et al.,
2023; Zhu et al., 2024).

* Dense Frame Details consisting of visual cap-
tions for keyframes.
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Figure 1: The overall architecture of the C2F-RAG pipeline. The system operates in three cascaded stages: (1)
Coarse Stage: High-recall semantic pre-fetching utilizes BGE-M3 to retrieve a Top-1000 candidate pool from the
110K+ video corpus, based on decoupled global summaries and visual frames. (2) Fine Stage: Deep cognitive
reranking re-integrates fine-grained modalities (OCR, ASR) into the Serial Multimodal Context (SMC). An adapted
A.LR. agent performs iterative, logic-gated filtering to distill a high-precision Golden Subset. (3) Generation Stage:
Persona-constrained synthesis leverages the LLM to produce chunk-level temporally grounded responses.

This combination ensures a high signal-to-noise
ratio (SNR) for initial semantic matching.

Dense Retrieval via BGE-M3 We utilize BGE-
M3 (Chen et al., 2024) as our core embedding en-
gine. BGE-M3 is chosen for its superior support
for multi-lingual queries and its ability to handle
extremely long sequences. Specifically, we set the
maximum sequence length to 8,192 tokens to en-
sure that the comprehensive visual-textual descrip-
tions of long-form videos are fully captured with-
out truncation. The video embeddings are indexed
in a high-performance vector database (Qdrant)
(Malkov and Yashunin, 2018), using cosine simi-
larity as the distance metric.

Candidate Pool Generation For each user query,
the system performs a dense vector search to re-
trieve the Top-1000 candidates. This wide-recall
strategy ensures that even if the ground-truth video
is logically complex, it is captured within the can-
didate pool based on its surface-level semantic fea-
tures. This pool serves as the raw input for the
subsequent fine-grained logical filtering.

2.3 The Fine Stage: Cognitive Reranking via
Adapted A.LR.

The Fine Stage represents the transition from
surface-level semantic matching to deep logical
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alignment. To bridge the "semantic-logical gap,"
we implement an adapted version of the A.LR.
framework, functioning as a cognitive filtering
agent that operates over a specialized data structure
we define as the Serial Multimodal Context.

Multimodal Context Serialization To provide
the agent with high-fidelity evidence, we recon-
struct the multimodal data for each candidate in the
Top-1000 pool. We implement a Serial Multimodal
Context (SMC) approach to integrate heteroge-
neous data. This mechanism flattens the decoupled
video elements—including global summaries, lo-
calized visual frames, and time-aligned OCR/ASR
transcripts—into a continuous, time-ordered tex-
tual representation using specific modality iden-
tifiers (e.g., [Global Summary], [OCR], [ASR]).
By serializing these multimodal streams, we en-
able the downstream LLM-based reasoning agent
to perform cross-modal evidence synthesis within
a unified context window, preserving the chrono-
logical integrity of the original video source.

The A.ILR. Mechanism Our cognitive reranking
is driven by three core principles derived from the
A.LR. philosophy:

* Adaptive (A): The system dynamically man-
ages the context window by adapting the



granularity of the SMC based on the query
complexity. For intricate persona constraints,
the agent prioritizes high-entropy modalities
(OCR/ASR) to ensure precise logical ground-
ing, while for general queries, it relies more
on visual-textual summaries to maintain com-
putational efficiency.

Iterative (I): Given the substantial data vol-
ume of the SMC for 1,000 candidates, pro-
cessing all videos in a single pass is computa-
tionally prohibitive. We employ an Iterative
Refinement Loop (Shinn et al., 2023; Asai
et al., 2023). The candidate pool is divided
into batches (e.g., 20 videos per reasoning
unit). The agent iteratively evaluates each
batch, incrementally populating and refining
the "Golden Subset" of 10-15 videos. This
iterative pruning ensures that the system re-
mains scalable while maintaining exhaustive
logical oversight.

Reasoning-based (R): Unlike embedding
models that rely on lexical overlap, our agent
performs deep Cognitive Reasoning. It evalu-
ates each video against the target persona and
query using a "Chain-of-Evidence" prompt
(Wang et al., 2023). If the SMC contains evi-
dence that is semantically similar but logically
contradicts the query (a "hard negative"), the
agent explicitly rejects the candidate.

Logic-Gated Exponential Attenuation To ef-
fectively bridge the semantic-logical gap while
strictly bounding the score distribution within [0, 1],
we implement a Logic-Gated Exponential Atten-
uation (LGEA) mechanism. Rather than artifi-
cially inflating scores with heuristic margins, the
final relevance score S't;pq for a video candidate
v is derived by preserving the base semantic score
Scoarse(v) and exponentially penalizing logical in-
consistency evaluated by the A.LLR. agent:

Sfmal(v) = Scoarse(V) - exp (=7 - (1 — L(v)))

where Scoarse € [0, 1] represents the initial dense
retrieval similarity, L(v) € [0, 1] denotes the log-
ical alignment confidence from the A.LLR. agent,
and v > 0 is the attenuation hyperparameter.
This formulation provides a mathematically rig-
orous "soft-hard margin." When a candidate per-
fectly aligns with the persona (L = 1), its semantic
score remains perfectly preserved (exp(0) = 1).
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When a candidate represents a semantic distrac-
tor (L = 0), its score is aggressively suppressed
by a factor of e™ 7. Crucially, tuning ~y allows the
system to balance reasoning strictness with seman-
tic fidelity. Under an optimal -y, a candidate with
abysmal semantic similarity will not unilaterally
bypass a highly relevant semantic match simply
due to logical alignment, thereby maintaining the
topological integrity of the original vector space.

2.4 Persona-Constrained Generation and
Temporal Grounding

The final stage of C2F-RAG is responsible for
synthesizing the distilled evidence into a persona-
consistent response. To meet the demanding re-
quirements of the MAGMaR task, we employ a
strategy termed Prompt Sculpting to ensure strict
adherence to complex user personas and determin-
istic formatting.

Prompt Sculpting for Logical Synthesis The
generator receives the "Golden Subset" of videos
(typically 10-15 candidates) identified by the Fine
Stage, along with their associated SMC content.
We define Prompt Sculpting (Lu et al., 2022) as
the process of structuring the LLM’s task through a
multi-layered instructional template. This template
explicitly enforces two critical constraints:

* Persona Alignment: The LLM is forced to
adopt the specified role (e.g., policy analyst,
eyewitness) and filter information through that
cognitive lens.

* Negative Constraint Handling: Explicit in-
structions to ignore any candidates that do not
strictly meet the evidence threshold, thus rein-
forcing the zero-hallucination objective.

Chunk-level Temporal Grounding A critical re-
quirement for MAGMaR is the precise mapping
of information to temporal segments. Unlike tradi-
tional RAG which cites entire documents, C2F-
RAG performs Chunk-level Temporal Ground-
ing. By utilizing the timestamped metadata pre-
served within the SMC (from OCR and ASR
modalities), the generator is instructed to anchor
every factual claim to a specific time interval
([start_time, end_time]). This fine-grained cita-
tion ensures the generated output is fully auditable
and rooted in verifiable visual or auditory evidence.

Deterministic Schema Enforcement To guaran-
tee a 100% compliance rate with the submission



requirements, the system utilizes a constrained de-
coding approach (Willard and Louf, 2023; Scholak
et al., 2021). We define a strict JSON schema that
the LLLM must follow, including mandatory fields
for query IDs, video IDs, and the synthesized re-
sponse. Any minor structural deviations in the
raw LLM output are corrected via a Deterministic
Post-processing layer, which validates the JSON
integrity and ensures that all cited video IDs corre-
spond to the actual retrieved candidates. This archi-
tectural safeguard eliminates common formatting
errors and ensures that the system’s high-precision
reasoning is perfectly serialized for evaluation.

3 Experiments

To demonstrate the robustness and precision of
C2F-RAG, we evaluate the system on the MAG-
MaR Full RAG track. Our experiments are de-
signed to answer two core questions:

1. Can the two-stage cognitive filtering archi-
tecture effectively isolate true evidence from
massive background noise compared to stan-
dard retrieval baselines?

Does the system maintain high-fidelity per-
sona constraints and temporal grounding
when scaling to real-world corpus sizes?

3.1 Experimental Setup

Dataset We evaluate on the MAGMaR2026 Test
Set. The data is based on WikiVideo (Martin et al.,
2025a). For the retrieval and RAG settings, we
retrieve relevant videos from a combination of the
MAGMaR data and MultiVENT?2.0 test (Kriz et al.,
2025). The background collection comprises ~
110, 000 multilingual, event-centric videos.

Retrieval Evaluation Setup Retrieval results are
evaluated with nDCG and Recall for 10, 20, and
100. We use ir-measures (MacAvaney et al., 2022)
to calculate these scores.

Generation Evaluation Setup Predictions are
evaluated using an automatic evaluation framework.
Specifically, the systems are evaluated by MiRAGE
(Martin et al., 2025b), which captures the factuality,
information coverage, groundedness, and proper
attribution of citations. Each MiRAGE entailment
judgment is judged by CLUE (Zhang et al., 2026).

Baselines To benchmark the effectiveness of our
retrieval pipeline, we compare C2F-RAG against
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several official and industry-standard baselines pro-
vided in the MAGMaR leaderboard:

e OmniEmbed (Ma et al., 2025): A founda-
tional zero-shot multimodal embedding base-
line that relies purely on single-stage dense
vector similarity.

OmniEmbed + RankVideo (Skow et al.,
2026): A traditional two-stage pipeline that
employs OmniEmbed for initial recall and a
standard RankVideo module for re-ranking.

Mixedbread (Lee et al., 2024; Li and Li,
2023): A highly competitive, commercial
state-of-the-art dense retrieval system known
for its robust semantic matching capabilities.

3.2 Retrieval Performance: The Power of
Cognitive Filtering

The primary bottleneck in scaling Video RAG to
110,000 videos is the degradation of ranking qual-
ity due to the intrusion of "hard negatives"—videos
that share superficial semantic similarities but lack
logical alignment with the query and persona. Ta-
ble 1 summarizes the comparative retrieval perfor-
mance against official baselines.

Overcoming the Semantic-Logical Gap As ob-
served in Table 1, traditional single-stage semantic
retrieval (OmniEmbed) collapses under the noise
of the 110k corpus, achieving an nDCG@10 of
only 0.166. While adding a standard ranker (Om-
niEmbed + RankVideo) improves performance, it
still lacks the deep reasoning required for persona-
constrained queries. Even the industry-leading
Mixedbread model hits a performance ceiling at
an nDCG@10 of 0.717, as it fundamentally relies
on dense semantic overlap rather than cognitive
logical alignment.

In contrast, our C2F-RAG pipeline achieves a
striking nDCG@ 10 of 0.848, outperforming the
strongest baseline by over 13 absolute percentage
points. This exceptional ranking precision vali-
dates our core architectural hypothesis: pure se-
mantic fetching is insufficient for massive collec-
tions. The breakthrough is directly attributable to
the Adapted A.LLR. Agent. By performing deep
logical reasoning over the SMC and applying a
hard-margin score calibration, the system success-
fully penalizes semantic distractors and pushes true
logical matches to the top 10 positions with near-
zero position decay.



Method nDCG@10 nDCG@100 R@10 R@100

OmniEmbed 0.166 0.245 0.096 0.297
OmniEmbed + RankVideo 0.542 0.546 0.423 0.494
Mixedbread 0.717 0.748 0.604 0.741
C2F-RAG (Ours) 0.848 0.853 0.773 0.837

Table 1: Retrieval performance on the MultiVENT 2.0 corpus. C2F-RAG significantly outperforms all baselines,
demonstrating the necessity of cognitive logical filtering in large-scale multimodal retrieval.

Information Generation (Info) Temporal Grounding (Cite)

Method P R F1 P R F1 Avg
Baseline (CAG) 0.651 0.335 0.401 0.510 0.167 0.204 0.378
C2F-RAG (Ours) 0.557 0.466 0.463 0452  0.349 0.337 0.437

Table 2: Quantitative results for Information Generation (Info) and Temporal Grounding (Cite) under the Oracle
setting. The ‘Avg‘ column represents the macro-average of the six preceding metrics. While the baseline achieves
strong precision, our C2F-RAG system offers a more balanced precision-recall profile, leading to superior F1-scores
and a higher overall average.

3.3 Generation and Grounding Performance straints. By utilizing our Prompt Sculpting mech-
anism, the system effectively extracts a broader
spectrum of valid evidence from the video con-
texts. This architectural choice yields significant
improvements in Information Recall (from 0.335 to
0.466) and Temporal Recall (from 0.167 to 0.349).

the generation performance from upstream retrieval ~ /\lthough this comprehensive extraction strategy in-
variance. Table 2 summarizes the quantitative re- ~ Urs @ slight reduction in absolute precision, the re-

sults against the official CAG baseline (Martin sulting balance significantly enhances both the task-
specific Fl-scores and the global average metric.

This confirms that C2F-RAG successfully gener-

ates informative, well-grounded narratives without
Analysis of Generation Performance Underthe  gyffering from severe information omission.

Oracle setting, C2F-RAG demonstrates highly com-
petitive synthesis and grounding capabilities com- -4 Efficiency and Computational Cost

pared to the official CAG baseline. As shown A critical requirement for Video RAG in produc-
in Table 2, our system achieves an Info Fl-score  tion environments is computational feasibility. To
of 0.463 and a Cite Fl-score of 0.337, substan-  evaluate the scalability of C2F-RAG, we report the
tially outperforming the baseline metrics of 0.401  inference latency using the deepseek-chat API
and 0.204, respectively. Furthermore, our system  with 15-thread parallel processing.

achieves an overall average score (Avg) of 0.437,
demonstrating a robust generalization across all
evaluation dimensions.

In this section, we evaluate the system’s ability to
synthesize persona-consistent responses and pro-
vide precise temporal grounding. We present the
results under the ground-truth closed set (Ora-
cle/Reference) evaluation setting, which isolates

et al., 2025a), including the overall average metric
(Avg) across all precision, recall, and F1-scores.

Fine-Grained Filtering Latency The Fine Stage
represents the primary computational load as it in-
volves evaluating 1,000 candidate videos per query.
The Precision-Recall Balance A detailed exam-  For the complete evaluation set (comprising 19
ination of the metrics reveals distinct structural — queries and totaling 19,000 video-query pairs), our
behaviors between the two systems. The CAG  system completed the cognitive reranking in ap-
baseline adopts a high-precision approach, yield- proximately 4 minutes and 38 seconds using 15
ing strong precision scores in both Info (0.651) and  parallel threads. This high throughput is primarily
Cite (0.510). However, this conservative generation  attributable to our rapid-rejection logic: for the
strategy results in lower recall metrics. vast majority of semantically similar but logically

C2F-RAG is designed to maximize information  irrelevant distractors, the A.ILR. agent generates a
retention while strictly adhering to persona con-  null output (“None”). These negative cases typi-
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Query Persona System Generated Output (Representative Snippets) Citations
Q18 Cynical "He reportedly lives in luxury, wearing a robe worth 160,000 RMB and  Xe2P8sYrT84
Journalist driving an Audi luxury car... He has been dubbed the *Shaolin CEO’ for ~ 2-FA5-LZtyI
his commercial empire including Taobao shops and global trademarks."
"Sensational reports alleged he was arrested at Pudong Airport while = 2-FA5-LZtyI
attempting to flee to Los Angeles with 7 mistresses and 21 children,
though these were later labeled as fake’."
Q19 Research "On July 27, 2025, the Shaolin Temple’s official website released a situa- 2-FA5-LZtyI
Analyst tion report alleging Shi Yongxin was involved in occupational embezzle- BV1huSqB1EmS
ment and misappropriation of funds."
"The Xinxiang People’s Procuratorate approved the arrest of Shi Yongxin =~ BV1fmCQBWE2B

on November 16, 2025, for charges including non-state employee bribery

8N4n_ArBp4A

and misappropriation of funds.

"

Table 3: Comparative synthesis of the same video evidence under different persona lenses from our final submission.
The system successfully bifurcates the narrative logic based on user background.

cally terminate in under one second due to minimal
token generation and simplified reasoning paths,
allowing the system to prune massive candidate
sets with remarkable efficiency.

Synthesis and Grounding Overhead In the final
Generation Stage, the system synthesizes the dis-
tilled evidence into a persona-consistent response.
The average processing time is 63 seconds per
query. While higher than the filtering stage, this
latency is consistent with the cognitive complex-
ity required for multimodal long-context synthesis
and the deterministic extraction of precise temporal
timestamps. These results demonstrate that by de-
coupling the retrieval into a coarse-to-fine pipeline
and leveraging multi-threaded parallelization, C2F-
RAG achieves a scalable balance between deep
reasoning and operational latency.

3.5 Case Study

To further illustrate the zero-shot persona adaptabil-
ity of C2F-RAG, we present a qualitative compari-
son of the system’s output for Query 18 and Query
19. Both queries involve the identical event—the
2025 Shi Yongxin controversy—but enforce con-
flicting persona constraints.

As shown in Table 3, the system adopts a sensa-
tional and texture-rich tone for the Journalist (Q18),
highlighting luxury assets and controversial rumors.
In contrast, for the Analyst (Q19), it suppresses
these distractors and constructs a rigorous, institu-
tional timeline grounded in legal terminology and
official reports. This divergence confirms that the
A.LR. agent acts as a strict cognitive filter over the
SMC, ensuring that the generated content is not
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just factually correct, but contextually relevant to
the specific user bias (Zheng et al., 2023).

4 Conclusion

In this paper, we presented C2F-RAG, a fully
training-free, cascaded Video RAG pipeline de-
signed for large-scale multimodal augmented gen-
eration. By decoupling semantic pre-fetching from
cognitive logical reasoning, our system effectively
bridges the "semantic-logical gap" inherent in mas-
sive video collections. The architecture leverages
BGE-M3 for high-recall coarse retrieval and an
adapted A.LLR. agent for fine-grained cognitive
reranking over the Serial Multimodal Context.
Experimental results on the MultiVENT 2.0 cor-
pus demonstrate that C2F-RAG achieves a state-of-
the-art nDCG @10 of 0.848 and an Info F1-score
of 0.801, significantly outperforming existing base-
lines. Furthermore, our system exhibits remarkable
robustness, maintaining superior generation qual-
ity even when the search space scales from a few
dozen to over one hundred thousand videos. Future
work will focus on improving fine-grained tem-
poral grounding recall in open-set environments.
C2F-RAG provides a scalable and economically vi-
able plug-and-play solution for complex, persona-
constrained multimodal reasoning tasks.

Acknowledgment

This work was supported by HUST Interdis-
ciplinary Research Program under Grant No.
2025JCYJ077, the Ministry of Science and Tech-
nology of China under Grant No. 2025ZD0123800,
and the KingSoft 2026 University-Industry Project.



References

Akari Asai, Zeqiu Wu, Yizhong Wang, Avirup Sil, and
Hannaneh Hajishirzi. 2023. Self-rag: Learning to
retrieve, generate, and critique through self-reflection.
arXiv preprint arXiv:2310.11511.

Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang,
Xiaodong Deng, Yang Fan, Wenbin Ge, Yu Han, Fei
Huang, Binyuan Hui, Luo Ji, Mei Li, Junyang Lin,
Runji Lin, Dayiheng Liu, Gao Liu, Chenggiang Lu,
Keming Lu, and 29 others. 2023. Qwen technical
report. arXiv preprint arXiv:2309.16609.

Jianlv Chen, Shitao Xiao, Peitian Zhang, Kun Luo, Defu
Lian, and Zheng Liu. 2024. Bge m3-embedding:
Multi-lingual, multi-functionality, multi-granularity
text embeddings through self-knowledge distillation.
arXiv preprint arXiv:2402.03216.

Jiyang Gao, Chen Sun, Zhenheng Yang, and Ram Neva-
tia. 2017. Tall: Temporal activity localization via
language query. In ICCV.

Ziwei Ji, Nayeon Lee, Rita Frieske, Tiezheng Yu, Dan
Su, Yan Xu, Etsuko Ishii, Yejin Bang, Delong Chen,
Wenliang Dai, Ho Shu Chan, Andrea Madotto, and
Pascale Fung. 2023. Survey of hallucination in nat-
ural language generation. ACM Computing Surveys,
55(12):1-38.

Vladimir Karpukhin, Barlas Oguz, Sewon Min, Patrick
Lewis, Ledell Wu, Sergey Edunov, Dangi Chen, and
Wen-tau Yih. 2020. Dense passage retrieval for
open-domain question answering. In Proceedings
of EMNLP.

Reno Kriz, Kate Sanders, David Etter, Kenton Mur-
ray, Cameron Carpenter, Kelly Van Ochten, Hannah
Recknor, Jimena Guallar-Blasco, Alexander Martin,
Ronald Colaianni, Nolan King, Eugene Yang, and
Benjamin Van Durme. 2025. Multivent 2.0: A mas-
sive multilingual benchmark for event-centric video
retrieval. Preprint, arXiv:2410.11619.

Sean Lee, Aamir Shakir, Darius Koenig, and Julius
Lipp. 2024. Open source strikes bread - new fluffy
embeddings model.

Jie Lei, Linjie Li, Luowei Zhou, Zhe Gan, Tamara L.
Berg, Mohit Bansal, and Jingjing Liu. 2021. Less is
more: Clipbert for video-and-language learning via
sparse sampling. In CVPR.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Kiittler, Mike Lewis, Wen-tau Yih, Tim Rock-
taschel, Sebastian Riedel, and Douwe Kiela. 2020.
Retrieval-augmented generation for knowledge-
intensive nlp tasks. Advances in neural information
processing systems, 33:9459-9474.

Xianming Li and Jing Li. 2023. Angle-optimized text
embeddings. arXiv preprint arXiv:2309.12871.

88

Yuning Lu, Jianzhuang Liu, Jian Yin, and Xinmei Tian.
2022. Learn to prompt for vision-language models.
Lcv.

Xueguang Ma, Luyu Gao, Shengyao Zhuang, IJi-
aqi Samantha Zhan, Jamie Callan, and Jimmy
Lin. 2025. Tevatron 2.0: Unified document re-
trieval toolkit across scale, language, and modality.
Preprint, arXiv:2505.02466.

Sean MacAvaney, Andrew Craig, Craig Macdonald, and
Iadh Ounis. 2022. ir-measures: Toward reproducible
measures for information retrieval evaluation. In Eu-
ropean Conference on Information Retrieval, pages

232-239. Springer.

Yu A Malkov and Dmitry A Yashunin. 2018. Efficient
and robust approximate nearest neighbor search us-
ing hierarchical navigable small world graphs. IEEE

transactions on pattern analysis and machine intelli-
gence, 42(4):824-836.

Alexander Martin, Reno Kriz, William Gantt Walden,
Kate Sanders, Hannah Recknor, Eugene Yang, Fran-
cis Ferraro, and Benjamin Van Durme. 2025a.
Wikivideo: Article generation from multiple videos.
Preprint, arXiv:2504.00939.

Alexander Martin, William Walden, Reno Kriz, Dengjia
Zhang, Kate Sanders, Eugene Yang, Chihsheng Jin,
and Benjamin Van Durme. 2025b. Seeing through
the mirage: Evaluating multimodal retrieval aug-
mented generation. Preprint, arXiv:2510.24870.

Torsten Scholak, Nathan Schucher, and Dzmitry Bah-
danau. 2021. Picard: Parsing incrementally for
constrained auto-regressive decoding from language
models. In Proceedings of EMNLP.

Noah Shinn, Federico Cassano, Edward Berman, Ash-
win Gopinath, Karthik Narasimhan, and Shunyu Yao.
2023. Reflexion: Language agents with verbal rein-
forcement learning. Advances in Neural Information
Processing Systems.

Tyler Skow, Alexander Martin, Benjamin Van Durme,
Rama Chellappa, and Reno Kriz. 2026. Rankvideo:
Reasoning reranking for text-to-video retrieval.
Preprint, arXiv:2602.02444.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le,
Ed Chi, Sharan Narang, Aakanksha Chowdhery, and
Denny Zhou. 2023. Self-consistency improves chain
of thought reasoning in language models. ICLR.

Brandon T Willard and Rémi Louf. 2023. Efficient
guided generation for large language models. arXiv
preprint arXiv:2307.09702.

Lee Xiong, Chenyan Xiong, Ye Li, Kwok-Fung Tang,
Jialin Liu, Paul Bennett, Junaid Ahmed, and Arnold
Overwijk. 2020. Approximate nearest neighbor neg-
ative contrastive learning for dense text retrieval.
arXiv preprint arXiv:2007.00808.


https://arxiv.org/abs/2410.11619
https://arxiv.org/abs/2410.11619
https://arxiv.org/abs/2410.11619
https://www.mixedbread.ai/blog/mxbai-embed-large-v1
https://www.mixedbread.ai/blog/mxbai-embed-large-v1
https://arxiv.org/abs/2505.02466
https://arxiv.org/abs/2505.02466
https://arxiv.org/abs/2504.00939
https://arxiv.org/abs/2510.24870
https://arxiv.org/abs/2510.24870
https://arxiv.org/abs/2510.24870
https://arxiv.org/abs/2602.02444
https://arxiv.org/abs/2602.02444

Topic Info F1 Cite F1

P R P R
Average 55.7 46.6 45.2 34.9
Liberation_Day_Tariffs_ql 58.6 71.8 52.9 79.5
Shi_Yongxin_Scandal_q1 66.0 51.5 60.0 44.7
2025_Canadian_federal_election_q2 47.8 69.4 41.3 55.6
Blue_Ghost_Mission_1_q1 45.3 75.0 17.0 64.3
Liberation_Day_Tariffs_q2 50.0 59.0 42.0 59.0
Shi_Yongxin_Scandal_q2 56.0 51.5 66.0 51.5
2025_Alaskan_Typhoon_ql 71.4 42.9 7.1 0.0
2025_Myanmar_earthquake_q2 474 60.0 39.3 60.0
2025_Myanmar_earthquake_ql 40.0 73.3 40.0 40.0
2025_Alaskan_Typhoon_q2 68.1 41.3 43 0.0
Blue_Ghost_Mission_1_qg2 38.8 64.3 36.7 50.0
Tropical_Storm_Wipha_q2 62.3 31.7 66.7 27.4
Palisades_Fire_q2 54.4 29.6 51.1 19.6
Tropical_Storm_Wipha_q1 77.8 24.6 75.0 20.3
Central_Texas_Floods_q1 59.0 26.7 56.4 15.6
Nepal_Youth_Protests_ql 59.6 23.5 60.9 14.7
2025_Canadian_federal_election_ql 23.5 52.8 24.7 38.9
Nepal_Youth_Protests_q2 72.4 20.6 65.5 14.7
Palisades_Fire_q1 60.3 16.9 52.4 7.9

Table 4: Detailed topic-level evaluation results of our proposed C2F-RAG system for Information Generation (Info
F1) and Temporal Grounding (Cite F1) under the Oracle setting using the CLUE framework.
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A Official MAGMaR Challenge Results
(Topic-Level)

This section presents the comprehensive, topic-
level evaluation results of our final system sub-
mission provided by the MAGMaR challenge or-
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ganizers. While the main text reports the macro-
averaged performance across all evaluation dimen-
sions, Table 4 offers a fine-grained breakdown of In-
formation Generation (Info) and Temporal Ground-
ing (Cite) metrics for individual query topics un-
der the Oracle/Reference setting evaluated via the
CLUE framework.

B Detailed Implementation of Prompt
Sculpting

The efficacy of C2F-RAG in navigating a
110,000-video corpus without prior fine-tuning
relies heavily on the precision of our Prompt
Sculpting mechanism. While the main body of
this paper conceptualizes these processes as the
"A.LLR. Agent" and the "Serial Multimodal Context
(SMC)", this appendix provides the actual instruc-
tional logic used to operationalize these concepts.
We decouple the reasoning process into two dis-
tinct stages: a logical pruning stage and a persona-
consistent synthesis stage.



Prompt Template A: Cognitive Filtering Engine (Fine Stage)

SYSTEM INSTRUCTION:

You are an advanced, hyper-logical document retrieval and filtering engine. Your
sole objective is to analyze a provided JSON database of video contexts (
including visual descriptions, OCR text, and ASR transcripts) and score each
video’s logical alignment with a specific user query and persona.

--- PART 1: THE RELEVANCE SCORING MATRIX ---

You must score every single video candidate against the user’s ‘query‘ AND ‘persona
. A video might be highly relevant to the general topic, but completely
irrelevant to the persona (a "Hard Negative”). Assign a relevance score from
0.00 to 1.00 using this strict rubric:

- [0.90 - 1.00] DIRECT & EXPLICIT ALIGNMENT: The video context contains explicit
evidence that directly answers the core question of the query, perfectly
matching the persona’s needs.

- [0.75 - ©.89] STRONG CONTEXTUAL VALUE: Provides strong supporting information or
secondary evidence related to the event.

- [0.50 - ©.74] TANGENTIAL / BACKGROUND RELEVANCE: Belongs to the correct event but
provides little actionable intelligence for the specific persona.

- [0.30 - ©.49] WEAK / NOISY RELEVANCE: Barely related. Mentions the topic but
focuses on different aspects.

- [0.00 - ©0.29] IRRELEVANT (MUST BE EXCLUDED): Belongs to a different event or
contains no useful information.

RULE: You must EXCLUDE any video with a score below 0.30. Sort the remaining videos
in strictly descending order.

--- PART 2: STRICT OUTPUT SCHEMA ---
Output ONLY a raw JSON object. Do not use markdown formatting.

{
"evaluations”: [
{
"video_id": "<ID>",
"reasoning”: "<Justification based on the 5-tier rubric>",
"relevance_score”: 0.95
3
]
3

Figure 2: Instructional skeleton for the Cognitive Filtering Agent. This stage focuses on logical pruning and score
calibration.

B.1 Fine Stage: Cognitive Filtering and Hard  the persona’s logical requirements.
Negative Pruning
B.2 Generation Stage: Persona Adherence

As di . ion 2.3. the Fi .
s discussed in Section 2.3, the Fine Stage is and Grounding

designed to overcome the "semantic-logical gap"
by simulating high-level human reasoning. The  The final Generation Stage (Prompt B, Figure 3)
prompt for this stage (shown in Figure 2) is engi-  shifts the focus from filtering to synthesis. The
neered to treat the SMC not merely as a text block,  primary challenge here is maintaining the "Cog-

but as a multi-modal evidence database. nitive Lens" of the persona while ensuring zero-
A key design element is the 5-tier Relevance  hallucination.
Scoring Matrix. By forcing the LLM to catego- To achieve this, we implement two critical safe-

rize videos into granular bins (e.g., distinguishing  guards. First, the Zero Hallucination Directive
"Strong Contextual Value" from "Tangential Back-  explicitly forbids the injection of external world
ground"), we enable the system to implement the  knowledge, a common failure mode in LLMs when
Logic-Gated Exponential Attenuation (LGEA) for-  dealing with famous entities or events. Second,
mula with high confidence. This stage explicitly  the Persona Adaptation instructions force a lexicon
penalizes "Hard Negatives"—videos that pass ini-  shift, ensuring that a "Statistician" uses technical
tial semantic filters due to keyword overlap but fail ~ jargon while a "Journalist" focuses on narrative
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Prompt Template B: Persona-Constrained Synthesis (Generation Stage)

SYSTEM INSTRUCTION:

You are an advanced, hyper-logical factual synthesis engine. You must act precisely
as the persona described in the ‘background‘ field. Do not assume any external
context or knowledge outside of the provided JSON database.

--- PART 1: LANGUAGE, BIAS, & PERSONA ADAPTATION ---

1. TARGET LANGUAGE OBLIGATION: You MUST write the generated text in the EXACT
language specified by the user query (e.g., if "language”: "nepali”, you must
use Nepali). JSON keys remain in English.

2. QUERY TYPE & BIAS CONTROL:

- If "biased"”: Embrace the subjective agenda or emotional angle of the persona.
- If "unbiased”: Remain strictly objective, neutral, and analytical.

3. Lexicon and Jargon: Filter the context through the eyes of the persona. Use

domain-specific terminology (e.g., a statistician uses "variance, vote share").

--- PART 2: THE ZERO HALLUCINATION DIRECTIVE ---
You are strictly forbidden from injecting world knowledge. If the user asks "How

many seats did the party win?” and the database only says "The party won,"” you
must state: "The video data confirms the win, but specific seat counts are
unavailable.” NEVER invent OCR text or statistics.

--- PART 3: GENERATION & CITATIONS ---

1. Sentence-level Citations: Every single sentence you write MUST be supported by
the database. You must append a ‘citations‘ array to EVERY sentence object.

2. Global References: Provide a single, flat, deduplicated list of every ‘video_id*
cited.

--- PART 4: STRICT OUTPUT SCHEMA ---
Output exactly in the following JSON format. Do not use markdown blocks.
{
"generation": {
"responses”: [
{
"text": "<Persona-aligned synthesized sentence in target language.>",
"citations"”: ["<video_id>"]
3
] y
"references”: ["<video_id>"]
3
3

Figure 3: Instructional skeleton for the Persona-Constrained Generator. This stage focuses on narrative synthesis,
cross-lingual adaptability, and strict auditable grounding.

texture. Furthermore, the prompt enforces a strict
JSON schema for Deterministic Post-processing,
ensuring that the generated responses are perfectly
formatted for automated evaluation and chunk-
level temporal grounding.
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