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Abstract

The dominant paradigm in video retrieval re-
lies on embedding-based full-corpus scanning,
which suffers from inherent computational in-
efficiency and the semantic asymmetry be-
tween information-dense videos and sparse tex-
tual queries. To bridge this gap, we intro-
duce MAVIS, a novel multi-agent framework
that rethinks retrieval as cooperative reasoning
rather than brute-force search. MAVIS first
bridges the granularity mismatch by parsing
raw videos into a Structured Semantic Li-
brary, enabling explicit attribute-level index-
ing. During retrieval, a planner decomposes
complex user intents into atomic sub-tasks, dis-
patching specialized agents to independently
nominate candidates. Crucially, MAVIS em-
ploys a Logic-aware Debate mechanism with
a strict veto protocol, where agents collabora-
tively prune logical mismatches to identify a
compact set of “controversial” candidates for
fine-grained verification. This agentic work-
flow effectively bypasses the inefficiency of
full-library traversal. Extensive experiments on
MSR-VTT, MSVD, and ActivityNet demon-
strate that MAVIS achieves competitive perfor-
mance without task-specific fine-tuning, offer-
ing a scalable and interpretable alternative to
traditional dual-encoder approaches.

1 Introduction

The exponential growth of video content on the
web has precipitated an urgent demand for in-
telligent retrieval systems capable of navigating
massive multimedia archives (Wang et al., 2025a).
While recent years have witnessed significant
strides in video retrieval, the dominant paradigm
remains embedding-based full-matching, where ev-
ery query is compared against the holistic feature
representations of all videos in the corpus (Wang
et al., 2024; Tian et al., 2024; Tang et al., 2025).
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Figure 1: Overview of MAVIS. Specialized agents
tackle distinct dimensions to prune the search space
through independent proposal and collaborative debate.
This process identifies a minimal set of high-quality can-
didates for final fine-grained matching, ensuring both
high precision and computational efficiency.

This brute-force approach encounters a fundamen-
tal bottleneck: semantic asymmetry and compu-
tational redundancy. User queries are typically
compact and intent-specific (e.g., “a red car turn-
ing left”), whereas videos are information-dense
streams containing complex, multifaceted seman-
tics. Relying solely on global embeddings for re-
trieval across the entire corpus is inherently prone
to noise (Ma et al., 2022; Tian et al., 2024); the sub-
tle visual cues required by the query are often statis-
tically drowned out by the vast number of irrelevant
distractors and the dominant background features
of the video itself. Moreover, exhaustively scan-
ning the entire library for every query incurs pro-
hibitive computational costs. Consequently, there
is a pressing need for a paradigm shift from “brute-
force scanning” to “structured reasoning.”

Despite these evident bottlenecks, the field has
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yet to fundamentally challenge the exhaustive scan-
ning paradigm. Mainstream solutions (Luo et al.,
2022; Wu et al., 2023; Yang et al., 2024), pre-
dominantly driven by Vision-Language Models
(VLMs) (Radford et al., 2021; Li et al., 2023), fo-
cus on optimizing joint embedding spaces to im-
prove matching metrics. However, they inherently
adhere to the O(NN) brute-force search complex-
ity. Moreover, achieving competitive performance
with these methods typically relies on extensive
task-specific fine-tuning, which limits their zero-
shot generalization and applicability in open-world
scenarios (Wang et al., 2023a; Wasim et al., 2023;
Ren et al., 2024). Recently, emerging research has
begun to explore Multimodal Large Language Mod-
els (MLLMs) (Ye et al., 2026b, 2025) for deeper
reasoning. While these generative approaches offer
a compelling training-free solution with superior
semantic understanding, applying them to large-
scale retrieval exacerbates the efficiency-accuracy
dilemma: running heavy reasoners on a full corpus
is computationally prohibitive (Li et al., 2024; Yu
et al., 2023). Furthermore, methods that rely on
a single agent to parse content often suffer from
Tunnel Vision, where a solitary perspective over-
looks subtle visual cues or hallucinates events due
to cognitive overload (Du et al., 2023). This poses a
fundamental challenge: Can we synthesize the zero-
shot reasoning capability of generative models with
the scalability of retrieval systems, effectively by-
passing the computational bottleneck of full-corpus
traversal?

To this end, we introduce MAVIS, a novel Multi-
Agent framework for VIdeo Search that redefines
retrieval as a cooperative reasoning process. In-
stead of a mechanical brute-force scan, MAVIS
operates like a team of human specialists tack-
ling a complex investigation. To enable efficient
lookup, we first employ a Description Agent to
offload visual perception into a structured Seman-
tic Library, effectively transforming raw pixels
into a queryable textual index. Upon receiving a
user query, a Planner first decomposes the com-
plex intent into atomic semantic components (e.g.,
Action, Object, Scene). Guided by this breakdown,
MAVIS dynamically assembles a team of special-
ized agents, activating a dedicated “expert” only for
the semantic perspectives explicitly present in the
query. In the retrieval phase, these agents work in-
dependently to nominate potential candidates based
on their assigned focus. Crucially, to ensure pre-
cision, they convene for a Logic-aware Debate:

employing a strict veto protocol, the agents act
as peer reviewers for one another, collectively re-
jecting any candidate that logically contradicts a
specific expert’s view. This allows MAVIS to iden-
tify a compact set of “controversial” candidates
for final fine-grained verification, effectively realiz-
ing the philosophy of “Inspect less, but understand
more.”
In summary, our main contributions are:

* We propose a Structured Video Understand-
ing paradigm that explicitly parses videos into
a semantic library, effectively bridges the gran-
ularity gap between dense video content and
sparse textual queries.

* We design a Collaborative Multi-Agent
Framework that dynamically assembles spe-
cialist agents based on query intent. We in-
troduce a novel Logic-aware Debate where
agents leverage a veto protocol to rigorously
filter logical mismatches, significantly prun-
ing the search space while preserving hard
positives.

* Extensive experiments on MSR-VTT (Xu
et al., 2016), MSVD (Guadarrama et al.,
2013), and ActivityNet (Krishna et al., 2017)
demonstrate that MAVIS turns generic pre-
trained models into strong video retriev-
ers, outperforming state-of-the-art fine-tuning
methods.

2 Related Work

2.1 Text-to-video Retrieval

Video retrieval faces significant challenges due to
the modality gap between visual content and natu-
ral language (Dong et al., 2022; Zhang et al., 2025,
2026). Traditional methods typically prioritize ei-
ther retrieval accuracy through fine-grained cross-
modal interaction (Jin et al., 2023; Wu et al., 2025),
or inference efficiency by utilizing dual-encoder ar-
chitectures (Liu et al., 2025; Fang et al., 2024). The
emergence of large-scale Vision-Language Mod-
els (VLMs) such as CLIP (Radford et al., 2021)
has revolutionized video retrieval by enabling ef-
fective cross-modal alignment (Tian et al., 2024;
Liu et al., 2025; Yang et al., 2024). However, de-
riving optimal performance typically requires ex-
tensive fine-tuning, inevitably escalating the com-
putational overhead. Recent research has also ex-
plored training-free approaches that leverage pre-

21752



I Stagel: Structured Video Understanding

I
Single video Structured parsing 1

| Tndependent Proposal ___~ b

1
. I found the stage! I think videos..., are related.

[ Semnnhc Library Or‘gamzcmon

‘: { Action: Ll "
Park: {{id: Caption}, .. ) ‘ Person: {{id: Caption}, Cook: {{id: Caption}, .. }:i = 1!

1

I

i Kitchen: (..} ..} it Dogi{..}..:} sing:{ .. % ...} ;ll:

L\ ________ g \‘________;')h\\éx/

, Scene: ObJec'r

/
I Collaborative
Debate

o { ] 1
|I R | Vetol Entity i II
| | K ). : attribute conflncf 1]

i Vetol Action ! i
1 || i semantics :
1 ! misalignment.

F y
i Veto! Envimnmenfi |I
| mismatch. i 1
; j

m Matchmg Tool
5 Video S

: encoder D

Controversial

\ videos

3 b o
.- & o «& - _
I Tools . == o .25 After discussion, we are unable to reach a consensus on controversial |

N\ _ _ _ _-ceneagent ©bjectagent Action agent Description agent Wdtcning oo videos, which require fine-grained matching for further resolution. _ ]
Figure 2: Overview of MAVIS. The pipeline consists of three progressive stages: (1) Structured Video Understanding:
The Description Agent parses raw videos into structured semantic components (Scene, Object, Action) to construct
a semantic library. (2) Multi-agent Collaboration: Given a user query, a planner decomposes the query. Role-
specific agents independently propose candidates and engage in a collaborative debate to filter out mismatches.
(3) Fine-grained Matching: For "controversial videos" where consensus is not reached, the Matching Tool utilizes

fine-grained visual-text alignment to generate the final ranked list.

trained models without fine-tuning. Systems like
Merlin (Han et al., 2024) rely on multi-round in-
teractions and iterative reasoning, enabling effec-
tive video-query matching without the need for
model retraining. However, it still requires travers-
ing the entire video library, relying on a single
model through multiple rounds of interaction. In
contrast to these approaches, MAVIS avoids full-
library traversal and leveraging multi-agent col-
laboration, leading to more efficient and accurate
retrieval.

2.2 Agent and tool use

Recent advancements in large language models
(LLMs) and multimodal LLMs (MLLMs) have
significantly enhanced their reasoning and plan-
ning capabilities, driving the development of au-
tonomous agents (Zhang et al., 2024; Luo et al.,
2024; Ye et al., 2026a, 2024). Agent-based
methods are effective at decomposing complex
tasks (Yao et al.; Shen et al., 2023), and the multi-
agent paradigm has achieved significant success
in various tasks, such as long video understand-
ing (Chen et al., 2025; Yang et al., 2025), where
agent collaboration has substantially improved task

comprehension and performance. Furthermore,
by integrating external tools, these models have
bridged the gap between general-purpose reason-
ing and real-world execution (Fan et al., 2024; Zhu
et al.,, 2026b,a). However, existing frameworks
typically rely on heavy iterative reasoning or ana-
lyze videos individually, making them inefficient
for retrieving targets from massive libraries. To
Bridge this gap, we introduce MAVIS, a framework
that repurposes multi-agent collaboration for effi-
cient retrieval. MAVIS enhances retrieval accuracy
specifically by leveraging agent consensus, while
avoiding the computational burden of full-library
traversal and model fine-tuning.

3 Method

3.1 Overview

Given a natural language query ¢ and a video cor-
pus V = {v;}Y,, the goal of MAVIS is to re-
trieve the top-k most relevant videos. Unlike tra-
ditional dual-encoder approaches, MAVIS adopts
a coarse-to-fine agentic workflow. The framework
consists of three phases: (1) Structured Video
Understanding, which transforms videos into se-
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mantic attributes; (2) Collaborative Multi-Agent
Pruning, where specialized agents actively filter
the corpus to identify a small set of "controver-
sial" candidates; and (3) Fine-grained Matching,
which performs fine-grained verification only on
the survivors. The overall architecture is illustrated
in Figure 2.

3.2 Structured Video Understanding

Conventional video-text retrieval paradigms typ-
ically align holistic video and text embeddings
within a joint latent space. However, this global
alignment is inherently susceptible to semantic
asymmetry. As illustrated in Fig. 1, a raw video
naturally encapsulates exhaustive details, includ-
ing concurrent entities, background events, and
atmospheric nuances. In contrast, user queries are
typically concise and intent-focused . This granu-
larity mismatch allows extraneous visual details
to act as noise in the embedding space, diluting the
matching score for the core intent. To address this,
MAVIS introduces a structured video understand-
ing process. Instead of ingesting noisy raw features,
we leverage the visual reasoning capability of multi-
modal large language models (MLLMs) to actively
filter video content into explicit semantic attributes
and concise descriptions. This process comprises
two phases: Single Video Structured Parsing and
Semantic Library Organization.

Single Video Structured Parsing. For each video
v;, we employ a pre-trained MLLM with a special-
ized prompt designed to suppress irrelevant details
and extract only salient events. Specifically, the
model is instructed to directly output a concise cap-
tion ¢; that mirrors the brevity of search queries,
along with a structured semantic tuple:

S; = (S,?CN, S,?BJ, SZACT) (1)
where each component contains standardized key-
words (e.g., s?®' = {cartoon character}). By by-
passing the generation of verbose descriptions,
MAVIS ensures that the stored representation c;
is semantically aligned with the granularity of po-
tential text queries, minimizing the risk of length-

induced mismatch.

Semantic Library Organization. We reorganize
the parsed corpus into a structured semantic library
L. Given the open-vocabulary nature of MLLM
outputs, raw tags often exhibit linguistic variations
(e.g., “chatting”, “communicating”). To ensure
retrieval robustness, we leverage the MLLM to nor-

malize raw visual observations into a unified set of
Canonical Concepts K. During the parsing phase,
the model is instructed to consolidate diverse de-
scriptive terms into standardized keywords. This
creates a coherent vocabulary C dynamically, en-
suring that semantically identical content is indexed
under the same key.

We structure the library into three domain-
specific sub-libraries: Lgcn (Scene), Log; (Object),
and L,cr (Action). Within each sub-library, videos
are organized under specific semantic categories.
Formally, the sub-library £, functions as a map
where each key k represents a specific concept,
pointing to all relevant video instances:

Lilk] ={(id=i,cap=1c;) | k€ 57}, (2

where ¢; denotes the concise caption. This cate-
gorical organization empowers specialized agents
to rapidly isolate relevant candidates by querying
specific semantic keys, effectively converting the
retrieval task from an exhaustive scan to a targeted
lookup.

3.3 Collaborative Multi-Agent Pruning

To avoid the prohibitive cost of full-corpus veri-
fication, MAVIS employs a multi-agent pruning
stage. Drawing inspiration from human collab-
oration, MAVIS mirrors the workflow of expert
teams: rather than exhaustively scrutinizing every
document, it prioritizes efficiency by rapidly filter-
ing candidates via domain-specific heuristics and
reserving debate for high potential cases. As il-
lustrated in Fig. 3, we formalize this intuition into
three step: Query Decomposition, Independent Pro-
posal, and Collaborative Debate.

Query Decomposition. Upon receiving a query g,
MAVIS first identifies the necessary semantic roles.
A planner decomposes ¢ into a set of sub-intents
Q={q" | r € R}, where R C {SCN, OBJ, ACT}
represents the active semantic dimensions. For
example, the query “A dog running on the grass”
activates all three agents, whereas “A dog running”
triggers the Object and Action agents (App; and
Ajcr). This selective activation ensures computa-
tional resources are not wasted on irrelevant dimen-
sions.

Independent Proposal. Each active agent A, acts
as a domain specialist tasked with retrieving candi-
dates from its dedicated sub-library £,.. Given the
open-vocabulary discrepancy between the user’s
query ¢ and the stored canonical keys, the agent
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Figure 3: Multi-agent Collaboration pipeline: (1) Query
Decomposition: Parsing the query into sub-tasks for
agent dispatch. (2) Independent Proposal: Agents in-
dependently nominate initial candidates. (3) Collabo-
rative Debate: A veto mechanism filters semantically
inconsistent samples based on scene, object, and action
constraints to reach a final consensus.

autonomously navigates the library index to iden-
tify the canonical category k that semantically
aligns with the intent, resolving linguistic varia-
tions. Upon locating the correct category, the agent
proceeds to verify the specific candidates. It acts
as a strict evaluator, computing a confidence score
¢ (v;) for each video by measuring the alignment
between the query and the video’s caption Cj ,.:

¢T(Ui) = COS (E{)’(IEM(qr)v E{;(IEM(C%T)) ) 3)

where EUf\;(+) denotes the text encoder of a VLM,

and cos(-) computes the cosine similarity. This
metric quantifies the agent’s judgment confidence.
Based on this score, the agent generates a Proposal
Message M,

M, = {(Uia¢r(vi)) ‘ ¢r(vi) > TSOft}v “)

where Tyof 1s a lenient threshold designed to maxi-
mize recall before entering the debate stage.

Collaborative Debate. Instead of forcing agents to
communicate point-to-point, the system serves as
a central registry that asynchronously aggregates
the independent proposal messages M, from all
agents into a unified preliminary candidate pool
Vpool- This union operation prioritizes recall, ensur-
ing that a video proposed by any domain expert is
considered a potential candidate:

Vpool = U {Ui ’ (%}ér) € Mr}- ®)

reER

To support a rigorous debate, the blackboard
ensures that every agent has a “vote” on every
candidate in V01. Since agents search indepen-
dently, a video v; proposed by the Object agent
might initially lack a score from the Action agent.
Therefore, for any v; € Vyool, if an agent A, has
not yet computed a score (i.e., v; ¢ M,), it per-
forms an on-demand check. This synchronizes the
blackboard, assigning a complete confidence vector
O (v;) = {¢r(vi) | € R} to every candidate.

With complete information available, the system
applies a Veto Protocol to strictly filter out mis-
matched videos. The intuition is based on logical
negation: a video remains valid only if no domain
expert identifies a hard conflict. If the Object agent
detects that a required entity is definitely missing
(¢oBs < Thard), the video is discarded immediately,
regardless of how well it matches the scene or ac-
tion attributes. Formally, the surviving set is de-
rived by subtracting the vetoed candidates:

Veontro = pool \ {'Uz' S Vpool ‘ 3, ¢r ('Uz) < Thard}7

(6)
where Tharq is a strict lower bound representing
logical negation. The remaining videos in Veontro,
termed Controversial Candidates, are semantically
plausible but require fine-grained verification in the
next stage.

3.4 Fine-grained Matching

The previous collaborative pruning stage effec-
tively filters out the vast majority of irrelevant
videos. For the remaining candidates Vconro, We
employ a powerful Vision-Language Model to per-
form fine-grained verification. The final relevance
score is computed as:

S(q,vi) = Cos(ENm(a), Exim (vi), (D)

where E%\;(-) and Eyid\ (+) denote the text and
video encoders of the VLM, respectively. We
rank v; € Veonwro by S(g,v;) to return the top-
k results. This strategy optimizes the efficiency-
accuracy trade-off: by reserving VLM computa-
tions exclusively for the most plausible candidates,
MAVIS achieves deep visual understanding at a
fraction of the computational cost required for full-
corpus scanning.

4 Experiments

4.1 Datasets and Metrics

We conduct our evaluations on three widely used
video retrieval datasets: MSR-VTT (Xu et al.,
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Table 1: Performance comparison on MSR-VTT, MSVD, and ActivityNet. We categorize methods into supervised
fine-tuning, large-scale foundation models, and agentic methods. MAVIS achieves superior performance without

training.

MSR-VTT
Method SR-v

MSVD ActivityNet

R@1 R@5 R@10 | R@l R@5 R@10 | R@l R@5 R@10

Supervised / Fine-tuned Methods

CLIP4Clip (Luo et al., 2022) 445 714
X-CLIP (Ma et al., 2022) 493 758
Cap4Video (Wu et al., 2023) 514 757
TeachCLIP (Tian et al., 2024) 46.8 743
T-MASS (Wang et al., 2024) 527 77.1

81.6 | 462 76.1 84.6 405 724 80.1
84.8 504 806  87.1 464 759 84.5
83.9 51.8  80.8 88.3 492 713 85.1
826 | 474 713 84.5 422 727 84.0
85.6 53.0 810 885 485 764 84.2

Large-scale Video Foundation Models
VAST (Chen et al., 2023) 493 683
InternVideo2-6B (Wang et al., 2025b) 559 783
LanguageBind-H (Zhu et al., 2023) 44.8  170.0

73.9 554 820 88.5 552 825 90.6
85.1 593 844 89.6 63.2 85.6 92.5
78.7 539 804 87.8 41.0 684 80.8

VideoPrism-g (Zhao et al., 2024) 39.7  63.7 - 58.5 834 892 527 794 -

Marengo-2.6 (Twelve Labs, 2024) 49.35 7347 - 61.0 853 91.5 | 5536 8255 -
Agentic Methods

MERLIN (Round 0) (Han et al., 2024) | 444 67.6 762 | 52.39 77.16 84.78 | 56.58 84.77 91.73

MERLIN (Round 3) 72.6 91.8 95.6 | 71.79 91.79 96.87 | 66.05 90.97 9554

MERLIN (Round 5) 78.0 942  96.8 | 77.61 94.48 9731 | 6844 9195 96.63

MAVIS (Ours) ‘ 78.6 949 963 781 9425 97.33 ‘ 69.15 924  96.8

2016), MSVD (Guadarrama et al., 2013), and Ac-
tivityNet (Krishna et al., 2017). To ensure a strictly
fair comparison, we adhere to the specific evalua-
tion settings and data partitions provided by MER-
LIN (Han et al., 2024). We evaluate performance
using the standard recall at K (R@K) metric, which
measures the percentage of queries for which the
correct video appears in the top K retrieved results.

4.2 Implementation Details

For the initial structured parsing of the video cor-
pus, we employ Qwen3-omni-flash' as the back-
bone for the Description Agent. This selection bal-
ances format accuracy with semantic alignment ef-
ficiency. The multi-agent retrieval team (Scene, Ob-
ject, and Action) shares a unified reasoning back-
bone: GPT-40>. We utilize role-specific system
prompting to specialize this backbone into distinct
domain experts.

For similarity scoring (¢,) during the pro-
posal phase, we utilize OpenAl’s text-embedding-
3-large model® to encode textual descriptions

"https://github.com/QwenLM/Qwen3

thtps://openai.com/index/hello—gpt—4o/

3https://platform.openai.com/docs/guides/
embeddings

into high-dimensional vectors. For the fine-
grained matching stage (S(q, v;)), we employ Vi-
CLIP (Wang et al., 2023b) to encode the query and
video frames into a shared embedding space for
precise visual verification.

Regarding the threshold settings, we empirically
set the lenient threshold 74,; = 0.5 to maximize
recall in the proposal phase, ensuring potential can-
didates are not prematurely discarded. For the final
selection and debate phase, we implement a strict
confidence threshold of 7,4 = 0.3 to enforce log-
ical consistency through our veto protocol. We
implement our framework using PyTorch. All ex-
periments are conducted on a single NVIDIA A100
GPU to ensure computational consistency.

4.3 Main Results

We evaluate MAVIS across three video-text re-
trieval benchmarks: MSR-VTT, MSVD, and Ac-
tivityNet, as summarized in Table 1. Compared
to traditional supervised models, MAVIS demon-
strates a substantial performance leap despite being
entirely training-free. For instance, on MSR-VTT,
MAVIS achieves 78.6% R@1, which is consid-
erably higher than fine-tuned models such as T-
MASS (52.7%) and Cap4Video (51.4%). While
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models like InternVideo2-6B and VideoPrism-g
excel in general video understanding, their broad-
scale training objectives may not be fully optimized
for the fine-grained cross-modal alignment required
in retrieval tasks. These results suggest that for
retrieval-specific challenges, structured alignment
strategies are more critical than purely scaling up
model size, as MAVIS better filters irrelevant vi-
sual noise to match textual queries. In compari-
son with agentic baselines, MAVIS shows superior
efficiency and accuracy. While MERLIN starts
with relatively poor performance in Round O (e.g.,
56.58% R@1 on ActivityNet) and requires five it-
erative rounds to reach 68.44%, MAVIS achieves
69.15% R@1 in a single pass. This underscores the
efficacy of our pipeline in handling temporal de-
pendencies and filtering noise more efficiently than
iterative refinement, while avoiding the heavy com-
putational overhead of multiple reasoning rounds.

4.4 Ablation Study

To validate the contribution of each component in
MAVIS, we conducted extensive ablation studies.
We analyze the framework from three perspectives:
(1) the effectiveness of the collaborative pruning
mechanism, (2) the architectural design of agents
and data representations, and (3) the trade-off be-
tween retrieval efficiency and accuracy.

Impact of Collaborative Debate. We first investi-
gate the Logic-aware Debate mechanism (Table 2,
Rows a-c). Union Only (a) achieves high recall po-
tential but suffers from sub-optimal precision and a
prohibitively large candidate pool, as it fails to filter
irrelevant videos proposed by independent agents.
Conversely, Strict Intersection (b) acts as an overly
aggressive filter, significantly dropping R@1 to
58.4% by missing valid candidates that lack full
consensus among all agents. While Average Fu-
sion (c) serves as a strong baseline, it struggles
with “hard negatives” where at least one special-
ized agent possesses a decisive veto signal. Our
proposed Union + Veto strategy (MAVIS) achieves
the optimal balance, outperforming Union Only by
3.4% in R@1 while effectively pruning the candi-
date pool size from 68 to 23, ensuring high effi-
ciency for the subsequent fine-grained stage.

Necessity of Agent Specialization. Replacing our
specialized agents with a Single General Agent
(Row d) leads to a notable 6.5% drop in R@1. This
performance decay suggests that a single agent suf-
fers from increased cognitive load when parsing

Table 2: Comprehensive ablation study on MAVIS com-
ponents in MSR-VTT. |Veonuo| denotes the average num-
ber of videos retained per query for the fine-grained
stage. The default MAVIS setting is highlighted in

gray.

Method Setting | R@1 R@5 R@10 | [Veoniro|
MAVIS (Full Model) 786 949 96.3 ‘ 16
Q1: Impact of Collaborative Debate Strategy

(a) Union Only (No Veto)

584 723 78.2
76.8 925 94.1

(b) Strict Intersection (N)
(c) Average Fusion Score

752 90.1 925 s8

31

Q2: Necessity of Agent Specialization

(d) Single General Agent | 72.1 884 908 | 57

Q3: Impact of Semantic Library

(e) /o Structured Attributes | 70.5 842 875 | 69

Table 3: Efficiency-Accuracy Trade-off analysis on
MSR-VTT. FLOPs are estimated for the inference of a
single query against the full corpus. Speedup is calcu-
lated relative to the Fine Only (ViCLIP).

Paradigm | Re1 R@S R@10 | FLOPs(G)  Speedup

(i) Coarse Only (Agent debate) 68.0 82.5 88.4 1 100,000 x
(ii) Fine Only (Brute-force ViCLIP) | 50.8  74.8 829 100,000 1x

(i) MAVIS (Coarse-to-Fine) 78.6 949 96.3 ‘ 3200 31.2x

Composite queries, often leading to a “semantic
blurring” effect where critical details are overshad-
owed by verbose context. In contrast, our multi
agent design facilitates semantic isolation, enabling
the Scene, Object, and Action agents to function
as domain-specific experts. By isolating these se-
mantic roles, each agent can selectively attend to
the most discriminative cues.

Impact of Semantic Library. Utilizing Raw Cap-
tions directly (Row e) degrades performance sig-
nificantly. This validates the necessity of our Struc-
tured Video Understanding stage. Unlike free-
form text which often contains redundant noise
or loosely coupled descriptions, structured parsing
provides explicit semantic guidance by routing cat-
egorical attributes to their corresponding agents.
This modular specialization allows each agent to
focus exclusively on verified attributes within its
domain, effectively preventing "semantic bleeding"
and minimizing hallucinations.

Efficiency-Accuracy Trade-off. We evaluate the
“Inspect less, understand more” philosophy in Ta-
ble 3. (i) Coarse Only retrieval (Agent debate) is
extremely efficient, yielding a 100,000x speedup
by matching structured captions in the text domain;
however, it lacks final visual confirmation. (ii) Fine
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Table 4: Ablation study of thresholds 7o and Tjag ON
the MSR-VTT dataset. |Vonuo| denotes the average
number of candidates requiring fine-grained matching.

Tsoft Thard |Vc0mro| R@1 (1) R@10 (T)

03 03 421 78.8 96.2 e

0.5 0.3 16.4 78.6 96.3 I video?

0.7 0.3 5.8 72.4 85.5

0.5 0.1 38.2 78.7 96.5

05 03 164 78.6 96.3 glgl;ﬁ:;) :
0.5 0.5 4.2 65.1 82.4

Only (Brute-force ViCLIP) represents the stan-
dard zero-shot visual baseline. Due to the lack of
structured semantic reasoning, it achieves a lower
precision while incurring a prohibitive computa-
tional cost of 100,000G FLOPs. (iii) MAVIS suc-
cessfully bridges this gap and significantly outper-
forms the brute-force baseline. By leveraging the
collaborative debate to prune the search space to
just 16 candidates, MAVIS achieves a peak perfor-
mance of 78.6% R@1. This demonstrates that our
collaborative pruning and reasoning mechanism is
not only efficient but also essential for resolving
complex semantic queries that monolithic VLMs
struggle to handle.

Ablation on Retrieval Thresholds. We evaluate
the sensitivity of MAVIS to the proposal threshold
Tsoft and the veto threshold 7,4 in Table 4. The
lenient threshold 740f is designed to maximize the
coverage of the preliminary candidate pool Vool
While 701t = 0.3 slightly boosts recall, it bloats the
initial candidate pool to 42.1, increasing computa-
tional overhead; 7,0t = 0.5 serves as the optimal
filter to maintain a manageable pool size.

The strict threshold T,y represents the boundary
for logical negation within our collaborative veto
protocol. When 1,4 is set too high, the system be-
comes overly aggressive, leading to “over-vetoing”
where valid positives are discarded due to minor
semantic discrepancies. Conversely, a lower Tharq
weakens the logical filter, failing to eliminate irrel-
evant distractors and resulting in a larger Veontro-

4.5 Case Study

To qualitatively evaluate the reasoning capabili-
ties of MAVIS, we perform a comparative analy-
sis against two representative paradigms: Intern-
Video2, a perception foundation model, and Mer-
lin, an MLLM-based multi-round reasoning agent.
As illustrated in Figure 4. InternVideo?2 relies on
global embeddings to match video features with

_____________________________________

Figure 4: Qualitative comparison of MAVIS, Intern-
Video2, and Merlin. Case A: InternVideo2 suffers
from retrieval biases as its global perception over-fits to
background context rather than specific query intents.
Case B: Merlin relies on sequential multi-round refine-
ment. MAVIS successfully retrieves the ground truth
via its logic-aware veto protocol.

textual queries. In cases of semantic asymmetry,
InternVideo2 often yields false positives. The dom-
inant scene features statistically overwhelm subtle
object cues in the global latent space, leading to a
loss of fine-grained precision. Merlin utilizes an
MLLM to orchestrate external tools through mul-
tiple rounds of reasoning. However, it is prone to
tunnel vision and reasoning hallucinations due to
its single-agent architecture.

MAVIS resolves these challenges by replacing
holistic matching with a collaborative veto pro-
tocol. By assigning specialized agents to verify
Scene, Object, and Action dimensions indepen-
dently, MAVIS ensures that any semantic mismatch
triggers an immediate veto, effectively eliminating
hallucinations and perception drowning.

5 Conclusion

We introduced MAVIS, a training-free framework
for text-to-video retrieval that replaces exhaustive
full-corpus matching with a structured, coarse-to-
fine retrieval paradigm. By first transforming raw
videos into a semantic library and then perform-
ing retrieval through query decomposition, spe-
cialized agent collaboration, and logic-aware de-
bate, MAVIS effectively addresses the granular-
ity mismatch between sparse textual queries and
information-dense video content. This design al-
lows the system to prune large amounts of irrele-
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vant information before invoking expensive fine-
grained matching, thereby improving both retrieval
efficiency and semantic precision.

Experiments on MSR-VTT, MSVD, and Ac-
tivityNet show that MAVIS achieves strong re-
trieval performance without task-specific fine-
tuning, while maintaining a favorable efficiency—
accuracy trade-off. The ablation studies further
verify that the structured semantic library, agent
specialization, and veto-based collaborative prun-
ing are all important to the overall effectiveness
of the framework. Taken together, these results
suggest that cooperative multi-agent reasoning is a
promising alternative to conventional embedding-
based retrieval, and may provide a scalable and in-
terpretable direction for future multimodal retrieval
systems.

6 Limitations

Despite its promising results, MAVIS has several
limitations. First, as a training-free framework,
its performance is bounded by the zero-shot per-
ception and reasoning capabilities of the underly-
ing foundation models. Errors introduced during
the structured parsing stage, such as omitted en-
tities, inaccurate actions, or hallucinated descrip-
tions, may propagate through the retrieval pipeline,
since the current framework does not include an ex-
plicit mechanism for correcting upstream mistakes.

Second, MAVIS relies on empirically chosen
proposal and veto thresholds, and its retrieval qual-
ity is therefore sensitive to threshold calibration.
Although the selected settings perform well on the
evaluated benchmarks, they may require adjust-
ment in domains with different semantic distribu-
tions or higher visual ambiguity. In addition, the
current agent design mainly focuses on scene, ob-
ject, and action, which may be insufficient for more
complex retrieval scenarios involving temporal dy-
namics, audio cues, OCR, or fine-grained relational
reasoning. Finally, because MAVIS builds on off-
the-shelf MLLMs and VLMs, it may also inherit
their biases and failure modes, which should be
considered when deploying the framework in real-
world applications.

Ethics Statement

In accordance with the ACL Ethics Policy, we pro-
vide the following statement regarding our work.
We utilized an Al-based language model exclu-
sively for rephrasing and polishing the textual con-

tent of this paper to improve its clarity and linguis-
tic quality. We explicitly state that the core method-
ology, experimental designs, and empirical results
presented in this work are entirely original and
were not generated or altered by any Al assistant.
MAVIS is a training-free framework that leverages
off-the-shelf Multimodal Large Language Models
(MLLMs), such as GPT-40 and Qwen3. These
large-scale models may reflect societal biases (e.g.,
gender, age, or race) present in their massive pre-
training corpora. While MAVIS introduces a logic-
aware veto protocol to enhance retrieval precision,
it may still inherit or propagate such biases dur-
ing the semantic parsing or scoring phases. Users
should be cautious when deploying our framework
in sensitive real-world applications.
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A Appendix: Implementation Details

model setup. The performance of MAVIS heav-
ily relies on the quality of the structured captions
generated in the first stage. To select the optimal
backbone for the Description Agent, we conducted
a preliminary study comparing state-of-the-art Mul-
timodal Large Language Models (MLLMs), in-
cluding GPT-4.1, Gemini-2.5-Pro, and Qwen3-
omni-flash. We constructed a dataset of 200 di-
verse videos sampled from the training set of MSR-
VTT. For each model, we evaluated its instruction-
following capability (i.e., adherence to the JSON
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Table 5: Preliminary selection of the Description Agent.

Model \ Format Accuracy Alignment Score
GPT-4.1 96.4% 83.1
Gemini-2.5-Pro 97.8% 82.3
Qwen3-omni-flash 98.5% 84.6

output format) and the semantic accuracy of the
extracted attributes. Specifically, we employ the
Caption-Query Alignment Score as our evaluation
metric, which measures the retrieval recall of the
generated captions against ground-truth queries
using OpenAl’s text-embedding-3-large model.
The motivation behind this metric is to ensure that
the generated captions are highly semantic-aligned
with potential user queries, thereby bridging the
modality gap more effectively during the retrieval
phase. As shown in Table 5, Qwen3-omni-flash
achieves the highest scores in both format accuracy
and semantic alignment. Consequently, we adopted
Qwen3-omni-flash as the backbone for the Descrip-
tion Agent to construct the Semantic Library.

B visualization of Semantic Library

The MAVIS semantic library is organized as a
structured inverted index, designed to replace con-
ventional brute-force scanning with efficient tar-
geted lookups. The library is partitioned into three
domain-specific sub-libraries: Scene, Object, and
Action, each utilizing normalized semantic con-
cepts as primary keys.

In our implementation, each key points to a col-
lection of video metadata entries. As shown in
Figure 5, which visualizes a subset of the Scene
library and Object library, each entry consists of
a unique video ID and a concise caption gener-
ated by the Description Agent. This structure en-
sures that the textual granularity of the library is
strictly aligned with potential user queries, facili-
tating high-precision matching while significantly
reducing the number of candidates for the final
fine-grained verification stage.

C Appendix: Prompt Settings

Since MAVIS operates as a training-free frame-
work, the zero-shot reasoning and tool-invocation
capabilities of the underlying MLLMs are primar-
ily governed by precise prompt engineering. As
summarized in Table 6, we design specialized in-
struction sets for each agent to ensure a robust
workflow. Rather than relying on parameter up-

dates, MAVIS elicits different functional behaviors
through role-specific prompts, enabling the plan-
ner to decompose user queries into semantic sub-
intents, the description agent to produce concise
structured video descriptions, and the scene, object,
and action agents to retrieve and verify candidates
from their corresponding semantic sub-libraries.

These prompts are designed with two goals in
mind. First, they encourage semantic consistency
across different stages of the pipeline by enforc-
ing standardized outputs and reducing irrelevant or
overly verbose generations. Second, they improve
the stability of multi-agent collaboration by clearly
specifying each agent’s scope, decision criteria,
and expected response format, which is especially
important for the subsequent veto-based debate pro-
cess. We provide the main prompt templates in this
appendix to improve reproducibility and to clarify
how MAVIS translates general-purpose MLLMs
into specialized retrieval agents without additional
training.
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4 Scene Library )

Beach
f-24Ix69ijw_25_40.avi: Along the seashore, a young boy is seen riding a motorcycle.
92IYQq7IkXc_23_32.avi: On a harrow strip of land in the ocean, a polar bear runs while appearing to drive away
several walruses.
+ jLgmCY1fEE8_16_26.avi: A man is engaged in a conversation with several women on the beach.
lo4KcsBN--A_0_10.avi: In the ocean waters, a tortoise is observed chasing after fish.
omIPdpxg--4_39_46.avi: A woman is captured in the moment of falling onto a sand castle at the beach.
Park
f9_bP219ehQ_63_70.avi: At an event in the park, a man is undergoing an interview.
fMFvOgb4k6E_35_43.avi: While hoeing the soil in the park, a woman pauses to remove an object from her foot.
fKONJEGTNJY_25_35.avi: Positioned on the steps of a swimming pool, a dog plays with the foamy water sprayed
from a garden hose.
o_mWZWcm2r4_47_54.avi: Observed by other children, a girl pedals her bicycle around a parking area.
q817iSGAKik_11_31.avi: A man demonstrates his skill by maneuvering a soccer ball with his feet in the park.
Indoor
fBA_IxUiwSg_2_4.avi: An indoor cat is seen leaping onto the surface of a table.
f_CvW22Eauc_16_23.avi: Dressed in a formal white suit, a man walks across the indoor floor while a woman remains
seated.
frOH1IWLCcF1A_256_261.avi: A pair of young men are engaged in a game of table tennis indoors.
fvBsOxpEZhQ_10_30.avi: Inside an office, a man juggles a small ball using his head and feet.
gbW9f8xydks_0_10.avi: From a pan inside a cage, two animals eat what appear to be apple slices.
Street
+ gqxp60OHUH9k_113_119.avi: A large group of men and women are seen dancing out on the street.
- jbzaM1PYtI8_48_58.avi: As spectators look on, two men roll massive tires sideways along a street.
- jlahRlo4jlU_30_36.avi: A man is observed walking along a road in the city.
mZVPkPqwzR4_38_45.avi: Several deer are filmed crossing over a public road.
mmSQTI6gMNQ_120_128.avi: From behind a bush, two men watch a pair of women standing on the street.

Object Library

dog
eyhzdC936uk_15_27.avi: A young boy is having fun playing with a dog.
fcvW1vr8hAs_96_102.avi: While holding a guitar, a man stops to pet two dogs.
ficwZQYmRLE_5_20.avi: After a large white dog sniffs a small yellow duck, the duck pecks the dog's face.
fKkONJEgTNJY_25_35.avi: A dog stands upon the swimming pool steps, playing with foam from a garden hose.
9jVBEJGHrXk_26_38.avi: A cat is seen actively chasing a dog around.
glii-kazad8_21_29.avi: Walking toward the edge of the dock is a small dog.
person
+ eyhzdC936uk_15_27.avi: A boy is interacting and playing with a dog.
f-24IxG9ijw_25_40.avi: On the seashore, a boy is seen riding a motorcycle.
f9_bP219ehQ_63_70.avi: During a park event, a man participates in an interview.
fEsrO_poIUg_161_168.avi: A man places a large knife's tip into a vise before pulling the blade toward himself.
fF89MasBFLw_321_326.avi: A young woman is shown applying stickers across her entire face.
+ fG6c6_DOJEIQ_31_46.avi: A trio of men are captured dancing together.
motorcycle
f-24Ix69ijw_25_40.avi: A boy travels along the seashore on a motorcycle.
izU1dDwnuMY_80_92.avi: Three men are seen riding motorcycles through the woods.
kBOKBX2e7xA_19_32.avi: A man is performing various professional stunts and tricks on a motorcycle.
klteYvIUV9A_27_33.avi: While the motorcycle is in motion, a man is lying back on it.
|AznAeFFIdg_6_10.avi: A man is riding his bike over a steep hill in the forest.
cat
f9Won2JpOEU_60_80.avi: A cat lies down comfortably while licking its own paw.
fBA_IxUiwSg_2_4.avi: A cat leaps onto the top of a table.
fJIr2evLANSE_O_10.avi: A cat is seen playfully interacting with a turtle.
gMgKUPeTAKkg_17_30.avi: A cat is caught drinking water directly from the kitchen sink.
&ngBEJGHer_26_38.avi: A cat is engaged in a pursuit, chasing a dog. /

Figure 5: Visualization of Semantic Library. This figure illustrates samples from sub-libraries. Each entry maps a
specific video ID to its corresponding concise semantic summary. This structured organization enables the Planner
and specialized agents to perform targeted lookups rather than exhaustive scans.
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Table 6: Agent roles and task specifications in MAVIS. Each agent has a specialized role: Description Agent parses
videos into structured semantic components; Planner decomposes queries; Retrieval Agents independently nominate
candidates; Debate Controller applies a veto protocol to filter logical mismatches.

Agent / Role ‘ Instruction and Task Specification

Description Agent System: Act as a video description agent specialized in generating concise, query-aligned captions.
The output should be concise and intent-focused. Avoid including excessive details, background
information, or atmospheric nuances that are not central to the main action.

(Video Parsing) Task: Analyze video frames to produce two outputs: (1) A Concise Caption (5-20 words, matching
the granularity of typical user queries, focusing on PRIMARY action, main objects, and key scene);
(2) Structured Semantic Components (Scene, Object, Action) normalized into canonical forms. Scene
identifies primary location. Object extracts main entities in canonical form (singular, e.g., "dog",

non non

"cat", "person”, "motorcycle"). Action extracts primary activity in gerund form (e.g., "playing",

non

"riding", "cleaning"). Use standardized keywords and normalize synonyms.

Output Format: JSON with {caption, scene, object, action} keys, where scene, object,
and action are arrays of standardized keywords.

Planner System: Act as a query planner that decomposes user search queries into atomic semantic compo-
nents. Identify which semantic dimensions (Scene, Object, Action) are present in the query and
extract the corresponding sub-intents for each active dimension.

(Decomposition) Task: (1) Identify which semantic dimensions are present: Scene, Object, and/or Action. (2) Extract
the specific sub-intent for each active dimension. (3) If a dimension is not mentioned, exclude it
from the output (selective activation). For example, "a dog running on the grass" activates Scene,
Object, and Action; "a dog running" activates only Object and Action.

Output Format: JSON containing active_dimensions (list of activated roles, e.g., ["Object”,
"Action”]) and sub_intents (dictionary mapping each role to its sub-intent, e.g., {"Object”:
"dog", "Action”: "running"}).

Retrieval Agent System: Act as a domain specialist (Scene/Object/Action) retrieval agent. Each agent focuses on
one semantic dimension to search the semantic library for videos matching the query’s component
in that dimension.

(Candidate Proposal) | Task: (1) Category Matching: Navigate the library index to identify the canonical category key that
semantically matches the query sub-intent, resolving linguistic variations between query and stored
canonical keys (e.g., "bike" — "motorcycle", "chatting" — "talking"). If no exact match, find the
closest semantic category. (2) Candidate Retrieval: Retrieve ALL videos from the matched category.
(3) Similarity Computation: For each candidate video, invoke a similarity tool to compute confidence
scores ¢ (v;) = cos(Eyiv(query_sub_intent), Fyy y(video_caption)), where EAY y(+) is the VLM
text encoder and cos(-) computes cosine similarity. This quantifies the agent’s confidence in the
match. (4) Proposal Generation: Generate a proposal message M, containing all videos where
ér(v;) > Teon (threshold 0.5, designed to maximize recall). Act as a strict evaluator, computing

confidence scores for each video.

Output Format: JSON with matched_category (the canonical category key), reasoning (explana-
tion of why this category matches the query intent), and proposal (list of {id, cap, similarity}
tuples for all candidates that pass the soft threshold).

Debate Controller System: Act as a logic-aware debate coordinator. Facilitate collaborative filtering among multiple
retrieval agents using a strict Veto Protocol to filter out logically inconsistent candidates.

(Veto Mechanism) Task: (1) Complete Information: Ensure every agent has a "vote" (score) on every candidate in the
unified pool Veol. If an agent hasn’t computed a score for a candidate, it performs an on-demand
check. (2) Veto Protocol: Apply logical negation: a video is VETOED (removed) if ANY agent
identifies a hard conflict, where ¢, (v;) < Thaa (threshold 0.3). (3) Controversial Candidates:
Identify videos that survive the veto. These are semantically plausible but require fine-grained
verification. They have no hard conflicts from any agent, but may have mixed confidence scores.

Output Format: JSON with vetoed_candidates, controversial_candidates, veto_reasons
and controversial_scores.
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