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Abstract

Retrieving complex, tactical moments in specialized do-
mains like badminton is a significant challenge that cur-
rent Vision-Language Models (VLMs) are not equipped to
handle. Trained on massive, generic datasets, VLMs learn
pixel-to-text alignments but lack the domain-specific exper-
tise to understand tactical intent or causality. We propose
a novel framework that bypasses this VLM alignment, in-
stead leveraging the rich domain knowledge of Large Lan-
guage Models (LLMs) to interpret structured event data.
Our method first employs domain-specific computer vision
tools to decompose videos into structured, textual game
logs. We demonstrate that these game logs are a remark-
ably potent asset for retrieval, as semantic search on these
logs alone dramatically outperforms state-of-the-art VLM-
based systems. To capture the causal reasoning that raw
logs lack, we introduce a rigorous, multi-agent dialectic
reasoning process where agents collaboratively debate the
log, draft and revise a narrative, and verify its ground-
ing to the original game log events. This ”Generate-then-
Retrieve” framework provides a step-function improvement
in retrieval accuracy. Our system is not only more accu-
rate but also fully interpretable, providing human-readable,
grounded explanations for every result. Project page:
yixiang1120.github.io/MADR-project-page

1. Introduction

Retrieving specific tactical moments from hours of broad-
cast match footage is a critical yet profoundly challeng-
ing task in computational sports analysis. For a bad-
minton coach, queries are not about simple appearances,
such as “a player in a red shirt”, but instead involve complex
causality and intent, as illustrated in Figure 1. The domi-
nant paradigm for video retrieval, vision-language models
(VLMs), attempts to solve this by learning a direct align-
ment between video pixels and text. However, this align-
ment is trained on massive, generic datasets (e.g., “a cat

Searching for a winning smash created by successfully 
manipulating the opponent's court position.

Figure 1. Our system allows users to retrieve rally videos using
high-level tactical queries. In this rally, the bottom-court player
was repeatedly displaced: from the middle court to the left court
and then to the front-right court. The top-court player then de-
livered a smash to the bottom player’s rear-left court and scored.
Because the paper can only present static frames, we encourage
readers to watch the retrieved video for this rally, as well as addi-
tional retrieval examples, available in the supplemental material.

jumping”, “a person cooking”), which lack the fine-grained,
domain-specific annotations required for expert-level un-
derstanding. Consequently, a VLM may recognize a “hit”,
but it fundamentally fails to understand the tactical signifi-
cance of that hit within the context of a badminton match.

We argue that this text-video alignment is not suitable
for specialized domains. In contrast to VLMs, which rely
heavily on image- or video-text pairs, the amount of high-
quality alignment data available for training such mod-
els is substantially smaller than the purely textual corpora
used to train modern large language models (LLMs). As
a result, VLMs often lack the domain knowledge required
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for tactical understanding. LLMs, by comparison, have
already ingested vast quantities of specialized knowledge
from the web, including sports rulebooks, tactical blogs,
and match commentary. Accordingly, we adopt a decoupled
perception-reasoning framework [43] that allows LLMs to
apply their rich domain knowledge directly to the structured
events extracted using domain-specific tools. This approach
bypasses the feature alignment limitations in VLMs.

Our perception module is built upon established com-
puter vision techniques that decompose the video into a
structured, textual game log. This log contains a times-
tamped sequence of atomic events. Our critical finding
is that this game log, by itself, is a remarkably potent re-
trieval asset. We demonstrate that semantic search directly
on these structured logs dramatically outperforms state-of-
the-art VLM-based retrieval systems [19, 30, 32, 47], prov-
ing that for specialized domains, a structured data represen-
tation is far superior to a generic visual embedding.

Although the game log effectively captures what hap-
pened, it still does not explain the reasoning or causality
behind those events. To achieve this deeper level of under-
standing, we introduce a Multi-Agent Dialectic Reasoning
(MADR) process. This process is a rigorous, multi-stage
pipeline designed to transform the log into high-fidelity tac-
tical narratives. First, an Offense Analyst and a Defense An-
alyst read the raw game log and engage in an adversarial
debate, challenging hypotheses about player intentions and
tactical effectiveness. A Tactic Summarizer then synthe-
sizes this discussion into a first-draft narrative. This draft
is passed to two Reviewers, who provide critical feedback,
prompting the Tactic Summarizer to revise its output. Fi-
nally, a Verification Agent performs a grounding check, en-
suring that every claim in the final narrative can be traced
back to one or more events in the original game log.

This hierarchical approach forms a Generate-then-
Retrieve framework. During an offline phase, we generate
both the game logs (for factual event retrieval) and the fully
verified narratives (for causal/tactical retrieval). Our ex-
periments show that this multi-layered approach provides a
step-function improvement in retrieval accuracy. Using the
game logs alone surpasses VLMs, and using the narratives
generated by our debate team further enhances semantic ac-
curacy, particularly for complex, intent-based queries. This
framework is not only accurate but also fully interpretable,
providing a clear explanation for every retrieved result.

2. Related Works
Text-Video Understanding and Retrieval. Recent work
in video-language learning has centered on aligning tex-
tual and visual modalities within a shared embedding space.
Following the success of CLIP [35] in vision-language
alignment, methods such as CLIP4Clip [25] extended this
idea to the video domain by aggregating frame-level rep-

resentations into unified video embeddings. This paradigm
has since evolved into large-scale video foundation mod-
els [28, 49], which are trained on massive general-domain
datasets to learn video and text embeddings jointly. These
models demonstrate remarkable generalization across tasks
such as retrieval [25, 44, 45], captioning [40], and question
answering [11], all grounded in the same alignment prin-
ciple. However, alignment-based models often struggle in
domain-specific applications, such as tactical sports analy-
sis, where causal relations are critical yet underrepresented
in general-purpose data.

Perception-Reasoning Frameworks. Recent studies
have explored decoupled perception-reasoning frameworks
to better integrate structured perception with language-
based reasoning. In these architectures, perception modules
first extract task-relevant representations from raw multi-
modal inputs, while reasoning modules interpret these rep-
resentations to support decision-making [1, 39] or causal
understanding in complex domains, such as anomaly de-
tection [48] and question answering [31]. Such frame-
works mark a shift from a generic alignment-based ap-
proach toward goal-oriented reasoning, providing a more
interpretable and adaptable foundation for domain-specific
video understanding.

Multi-Agent Reasoning and Debate Frameworks.
The concept of using multiple interacting agents to solve
complex problems has recently gained significant traction
within the LLM community. Frameworks have been pro-
posed where LLM agents assume different roles, such as
a planner, an executor, or a critic, to collaboratively ac-
complish tasks ranging from software development [33]
to medical diagnosis [9], scientific discovery [16], and
broader strategic reasoning applications [52], such as an-
alyzing structured gameplay log data for tactical under-
standing [27]. This approach, often involving debate or
discussion, has been shown to improve reasoning, reduce
hallucinations, and yield solutions that integrate more per-
spectives and deeper Analyst than single-model approaches
[5]. For example, agents may engage in consultative dia-
logues or adversarial debates to refine a plan or verify in-
formation. Representative frameworks such as SagaLLM
[8], SocraSynth [6], and EVINCE [7] further demon-
strate how structured validation, conditional statistics, and
information-theoretic moderation can regulate multi-agent
dialogue to achieve more robust, verifiable reasoning out-
comes. While recent automated multi-agent workflow
search frameworks, such as AFlow [51] and MaAS [50],
have advanced this paradigm with powerful optimization
capabilities, they rely on explicit reward functions to evalu-
ate and evolve the generated workflows. This reliance lim-
its their applicability in open-ended or subjective domains
such as tactical sports analysis, where a definitive ground-
truth reward for strategic narratives does not exist.
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Figure 2. We propose a Generate-then-Retrieve framework for badminton rally videos, which enables users to search for videos using
high-level tactical queries. In the first stage, game logs, such as shuttle trajectories and player positions, are extracted from the videos. A
tactical debate team, consisting of multiple agents, analyzes player intentions and tactics based on these logs to transform the videos into
tactical narratives. In the second stage, rally videos are retrieved by comparing user queries with the generated narratives.

Computational Sports Analysis. Prior research in com-
putational sports analysis has provided essential tools for
extracting low-level events from game footage. This in-
cludes foundational work in player/ball tracking [12, 21,
29], as well as fine-grained action recognition [17, 46] and
stroke-type classification [10, 24, 41]. These methods are
highly effective at identifying what action occurred at a spe-
cific moment. However, they are not designed to provide the
tactical reasoning or causal explanations that connect these
discrete actions into a meaningful rally narrative.

Our contribution lies in establishing an explicit and in-
terpretable semantic layer for retrieval. We demonstrate,
for the first time, how a multi-agent debate framework can
transform raw badminton rally videos into high-level tac-
tical narratives that encode intent and causal reasoning.
These generated narratives become the central medium for
retrieval, replacing opaque visual embeddings with search-
able, human-readable semantics. This Generate-then-
Retrieve paradigm redefines video retrieval as a reasoning-
driven process, enabling complex, intent-oriented queries
that embedding-based methods cannot easily support.

3. Methodology

To generate narratives that are both factually grounded and
tactically insightful from raw badminton data, we propose
a Multi-Agent Dialectic Reasoning (MADR) framework
(Figure 2). The core design philosophy is to simulate the
collaborative reasoning process of a professional coaching
team. Unlike single-agent methods that rely on one LLM
to produce a report in a single step, which often suffer from
factual inaccuracies, MADR decomposes the complex ana-

lytical task into a sequence of well-defined subtasks. Each
sub-task is assigned to an agent with a distinct persona and
responsibility. Through structured debate, synthesis, peer
review, and iterative refinement, these agents collectively
construct the final analysis report.

3.1. Game Log Preprocessing
The tactical reasoning process in MADR does not rely di-
rectly on raw video frames but on a structured game log
that summarizes each rally with precise spatiotemporal and
event-level information. This design reflects how a profes-
sional coaching team discusses tactics: instead of reviewing
every frame of a match, they reason over concise symbolic
descriptions of what happened, where it occurred, and how
the players responded. To construct this structured repre-
sentation, we use the ShuttleSet dataset [42], which pro-
vides stroke-level annotations of badminton rallies. Each
entry records the rally index, frame index, player positions,
shot types, and rally outcomes. In practice, such game logs
are not difficult to obtain. Modern event-based detection
models can automatically extract similar logs from broad-
cast videos [12, 20, 24]. Since this data extraction step is
not the focus of our work, we directly use the annotated
game logs available in ShuttleSet as our input.

While the ShuttleSet dataset provides detailed rally an-
notations, its positional data is expressed in the coordinate
system of the original video frames. Since different match
videos are recorded from varying camera angles, analyzing
trajectories directly in these video coordinates is ineffective.
We therefore perform a geometric calibration by estimating
a homography matrix for each match based on the detected
court lines [26], and then transforming the 2D pixel coordi-



nates into a unified court view. This standardization ensures
that player positions can be interpreted consistently across
different recordings. Next, we dynamically assign player
roles based on the serving side in the first stroke, defining
the top-court and bottom-court players according to their Y-
axis position relative to the net. This role normalization is
crucial for tactical reasoning, as it allows subsequent agents
to focus on strategic interactions.

While ShuttleSet provides detailed annotations of events
and positions, it does not include information about player
poses. We regard pose as an important complementary cue
because it reveals how balanced and controlled a player’s
body is during a shot. This information enhances the un-
derstanding of both the current rally and the evolving game
context, offering insight into momentum and tactical intent.
To capture this aspect, we integrate a pose analysis stage
using UniPose [2]. Guided by the coordinates recorded in
the log, YOLOv8 [37] is used to crop key frames showing
the active hitter. For rallies ending with a winning shot, we
also capture the opponent’s reaction by locating the frame
closest to the shuttle’s landing point. UniPose processes
each cropped frame to generate concise textual pose de-
scriptions, such as “the player stands with knees slightly
bent, right foot forward, and the racket arm raised.” These
descriptions are added to the game log for the debate team
to analyze. We provide an example of the structured game
log in Appendix A1 to help readers understand the type of
information on which the tactical team bases its analysis.

3.2. Log-Based Reasoning and Verification

The MADR framework simulates human expert collabora-
tion by decomposing the reasoning process into a series of
interdependent cognitive steps. These steps progress from
divergent debate (steps 1 and 2) to narrative generation (step
3), followed by peer review (step 4), refinement (step 5),
and verification (step 6). All discussions within MADR are
strictly grounded in the structured game log, which serves
as the single reference for discussions. The following para-
graphs describe each step in detail, while Algorithm 1 and
Appendix A2 (both in the Appendix) provide additional im-
plementation details and prompt configurations.
Step 1: Independent Analyses Based on the Game Log.
The system first prompts two specialized agents, Offense
Analyst and Defense Analyst, to interpret the game log in-
dependently. Each agent examines the rally from a distinct
tactical perspective. Offense Analyst focuses on how the at-
tacking player establishes initiative and converts opportuni-
ties, while Defense Analyst concentrates on how the oppo-
nent anticipates, defends, or counteracts. Both agents pro-
duce self-contained analytical commentaries that capture
their reasoning about player decisions, stroke effectiveness,
and situational intent. These initial interpretations serve as
the foundation for later debate and discussion.

Step 2: Divergent Debate and Analytical Refinement.
After completing their individual analyses, the agents ex-
change their commentaries and begin a structured debate.
Each agent reviews the other’s reasoning, identifies weak-
nesses or overlooked evidence, and formulates a response.
This dialectical process encourages exploration of multiple
tactical explanations rather than premature convergence on
a single interpretation. It mirrors how human analysts chal-
lenge one another to refine collective understanding.

The dynamics of this debate are governed by a con-
tentiousness parameter c, which modulates the tone and
stance of interaction through prompt-based conditioning
[5]. When c is high, both agents adopt a critical and
confrontational tone, actively identifying contradictions or
missing evidence in the opponent’s reasoning. When c is
low, the interaction becomes cooperative and integrative, as
the agents work together to merge perspectives into a coher-
ent tactical interpretation. This adaptive prompting strategy
enables the debate to naturally evolve from adversarial chal-
lenge to constructive synthesis, resembling how an expert
coaching team moves from disagreement to consensus.
Step 3: Rally Narrative Generation. After the debate con-
cludes, the system assigns the synthesis task to an agent act-
ing as the Tactic Summarizer. This agent does not introduce
new arguments but serves as a neutral integrator that recon-
ciles differing viewpoints. It receives the complete debate
history and is instructed to evaluate the key arguments, re-
solve conflicting interpretations, and weave the most valu-
able insights from both sides into a single, fluent description
of the rally. The tactic summarizer’s role is to convert multi-
agent dialogue into a coherent report Rv1.
Step 4: Analytical Peer Review. The tactical interpreta-
tion of report Rv1 may be limited in analytical depth. Two
domain-specialized agents, acting as Reviewers, evaluate
the quality of Rv1 from offensive and defensive perspec-
tives. They assess whether the narrative merely describes
what happened or also explains why it happened and what
tactical meaning it conveys. Each reviewer provides struc-
tured feedback in the form of enhancement instructions, de-
noted as Rreview, identifying sections that lack analytical
depth and offering targeted revision suggestions.
Step 5: Integration and Revision. If either reviewer re-
quests modification, the Tactic Summarizer agent is re-
engaged to perform the revision. It integrates the review-
ers’ suggestions Rreview to generate a refined report Rv2. In
this stage, the Tactic Summarizer agent is expected to ex-
pand the analysis beyond descriptive accuracy and articulate
deeper tactical reasoning, highlighting the intentions, strate-
gies, and situational implications that underlie each rally.
Step 6: Rally Narrative Verification. While the Tactic
Summarizer agent is encouraged to produce a contextually
rich report Rv2, it may introduce inaccuracies during gener-
ation or revision. To ensure alignment with the underlying



rally data, the system invokes a dedicated Verification Agent
that maintains consistency between the generated narrative
and the structured log. This agent performs a sentence-
level comparison, verifying each statement against the cor-
responding events recorded in the log, with particular atten-
tion to player-stroke attributions and rally outcomes. Any
discrepancies are immediately corrected, yielding a verified
version Rfinal. This design allows the framework to com-
bine interpretive depth with data-grounded precision, sup-
porting human-like analysis while preserving strict factual
consistency.

3.3. Rally Video Retrieval
After rally videos are converted into textual narratives
through the MADR framework, we enable tactical video
search using a standard retrieval-augmented generation
(RAG) architecture. The pipeline consists of two main com-
ponents: offline indexing and online retrieval, as illustrated
in Algorithm 2 in Appendix A3.

Offline Indexing. Each verified report Rfinal is incorpo-
rated into the retrieval system through offline indexing. We
encode each report into a high-dimensional vector using a
text embedding model (e.g., Qwen3-Embedding-8B [53]),
and store the vector with its metadata (e.g., the link to the
corresponding rally video) in a database.

Online Retrieval. When a user submits a natural-
language query Q, the system performs retrieval in two
steps to balance efficiency and precision. First, the query is
encoded using the same embedding model to obtain a query
vector, which is then used to perform a fast approximate
nearest neighbor (ANN) search [3, 15] over the narrative
embeddings. This coarse retrieval step quickly filters out
irrelevant chunks and retrieves the top-K candidates most
likely to match the query. In the second step, a more ex-
pressive re-ranking model (e.g., Qwen3-Reranker-8B [38])
compares Q with the full rally reports associated with these
candidates and assigns refined relevance scores based on
deeper semantic similarity.

4. Experiments and Results
4.1. Benchmark Dataset Generation
Narrative and Query Generation. To evaluate the per-
formance of our retrieval system, we constructed a bench-
mark dataset that pairs natural-language queries with cor-
responding badminton rally videos. We began by employ-
ing a team of Gemini-2.5-Flash agents [13], configured as
a tactical debate team following the process described in
Section 3, to generate rally narratives for all matches in
the ShuttleSet dataset. For each narrative, the Qwen3-VL-
32B-Thinking [38] 1 model was used to generate multiple

1We used the text-encoder of the VLM in this process because its per-
formance exceeds that of its LLM counterpart with the same model size.

candidate queries that a coach or analyst could plausibly
use to retrieve the corresponding video segment. To ensure
query quality, each generated query was then evaluated by
Qwen3-VL-32B-Thinking across four perspectives: clarity,
specificity, challenge, and answerability, each scored on a
five-point scale. The scores were combined into a compos-
ite quality metric, and the top 50% of the highest-scoring
queries were retained for further filtering.

Although the selected queries were of high quality, many
were semantically similar. To reduce redundancy, we ap-
plied the maximum marginal relevance (MMR) algorithm
[4] to select the most representative subset. The MMR scor-
ing considered both the quality score obtained from the pre-
vious step and the embedding similarity between queries,
computed using Gemini-Embedding-001 [22]. By balanc-
ing these two factors, the algorithm greedily selected a com-
pact set of diverse and informative queries for each rally.
Finally, through manual inspection, we found that the re-
sulting queries naturally fall into three categories: factual
queries, relational queries, and strategic reasoning queries.
Detailed descriptions of these categories, along with exam-
ple queries, are provided in Appendix A4.

Query-Video Matching. The final stage focused on
constructing answers that define the correct video rally for
each query. Since evaluating every possible query-video
pair would be computationally prohibitive, we first reduced
the search space by building a candidate pool using a hy-
brid retrieval method that combines sparse retrieval (BM25
[23, 36]) and dense retrieval (Gemini Embedding [22] with
FAISS [15]). The results from both methods were merged
through reciprocal rank fusion [14, 34] to improve recall,
ensuring that potential matches were not missed. This fil-
tering step greatly accelerates the subsequent evaluation by
retaining only a small set of promising candidates. We then
applied a dual-verification process using the Gemini-2.5-
Pro Thinking model [13] to ensure both tactical and fac-
tual correctness. The model assessed whether each candi-
date narrative reflected the tactical intent expressed in the
query, and whether the described events were consistent
with the underlying game log, including player-stroke at-
tribution and rally outcomes. Only pairs that satisfied both
tactical and factual criteria were retained as the final gold-
standard query-video set for evaluation.

4.2. Benchmark Dataset Validation

We first assessed the quality of the dataset since the posi-
tive query-video pairs were generated automatically by the
LLM. To verify the reliability of these ground-truth an-
notations, we randomly sampled 50 positive pairs from
the dataset and created another 50 negative pairs by ran-
domly mismatching queries and narratives, yielding a total
of 100 pairs. The Gemini-2.5-Pro Thinking model, GPT-
5.2 Thinking model, and three badminton experts (one team



Table 1. Performance comparison of text-to-video retrieval methods on the badminton dataset. We compare our approach with the state-
of-the-art VLMs and a strong baseline using the same embedding model applied directly to raw game logs. The best results are highlighted
in bold.

Method Hit@K (%) ↑ Recall@K (%) ↑ MAP (%) ↑ MdR ↓ MnR ↓
H@1 H@5 H@10 R@1 R@5 R@10

B
as

el
in

es

Multimodal Embeddings
VLM2Vec (2B) [19] 3.04 10.43 15.65 0.01 0.15 0.41 3.40 104.0 319.79
VLM2Vec (7B) [19] 4.35 10.00 17.39 0.03 0.16 0.80 3.50 105.0 350.84
VLM2Vec-V2 (2B) [30] 0.87 11.30 16.96 0.00 0.23 0.64 3.21 115.5 341.00
Ops-MM-v1 (2B) 2.17 10.00 13.48 0.03 0.17 0.28 3.42 125.0 313.76
Ops-MM-v1 (7B) 2.17 8.26 10.43 0.10 0.21 0.27 3.50 125.0 328.21
RzenEmbed-v2 (7B) [18] 5.65 12.17 18.26 0.11 0.41 0.62 4.10 95.5 308.20

CLIP-based Video retrieval
CLIP-ViP (B/16) [47] 2.61 8.70 13.48 0.01 0.09 0.34 3.66 132.5 279.26
CLIP4Clip (B/16) [25] 1.74 6.96 13.48 0.02 0.08 0.82 3.70 122.0 346.63
XCLIP (B/16) [32] 2.17 8.26 14.35 0.05 0.09 0.75 3.64 99.0 326.07

Raw Rally Data
Qwen3-Embedding (0.6B) 10.00 24.35 37.83 0.73 2.99 6.31 10.56 19.0 107.79
Qwen3-Embedding (0.6B) + Rerank 19.57 36.52 43.91 1.96 6.57 9.38 12.96 18.5 106.48
Qwen3-Embedding (4B) 10.87 27.83 37.83 0.84 3.76 7.08 10.10 18.0 89.01
Qwen3-Embedding (4B) + Rerank 13.91 29.13 38.26 1.70 4.82 7.95 10.95 22.0 89.27
Qwen3-Embedding (8B) 10.00 28.26 40.87 1.51 5.42 8.22 12.26 21.0 105.57
Qwen3-Embedding (8B) + Rerank 21.30 40.00 46.09 3.94 9.33 10.96 15.79 13.0 103.52

O
ur

s

Ours (Tactic Debate Team: Qwen3-8B-without-thinking Agents)
Qwen3-Embedding (0.6B) 18.70 34.35 44.78 2.71 5.53 7.86 12.48 13.0 94.58
Qwen3-Embedding (0.6B) + Rerank 17.39 37.83 46.96 2.53 5.97 8.61 12.52 13.0 94.23
Qwen3-Embedding (4B) 23.91 41.74 50.43 2.40 5.41 8.35 13.20 10.0 75.50
Qwen3-Embedding (4B) + Rerank 27.39 45.65 51.30 3.36 7.12 9.75 14.73 9.0 75.13
Qwen3-Embedding (8B) 17.83 39.13 50.00 1.40 4.39 8.60 11.15 10.5 83.19
Qwen3-Embedding (8B) + Rerank 27.39 47.83 57.39 4.72 8.67 11.40 14.74 6.0 81.64

Ours (Tactic Debate Team: Gemini-2.5-Flash-without-thinking Agents)
Qwen3-Embedding (0.6B) 39.57 63.48 72.17 6.92 12.24 16.92 22.45 2.0 25.05
Qwen3-Embedding (0.6B) + Rerank 36.09 69.13 76.52 4.93 14.64 18.80 22.36 2.0 24.47
Qwen3-Embedding (4B) 40.87 66.52 74.35 7.57 13.96 18.01 23.09 2.0 24.41
Qwen3-Embedding (4B) + Rerank 55.65 77.39 83.04 11.57 19.86 25.07 30.32 1.0 22.50
Qwen3-Embedding (8B) 33.91 61.30 69.13 4.76 11.17 15.73 19.18 3.0 41.00
Qwen3-Embedding (8B) + Rerank 55.22 74.78 79.13 10.18 17.92 21.27 26.44 1.0 38.58

coach and two collegiate players) independently evaluated
these pairs. The model produced two scores, analytical and
factual, while the expert provided a single satisfaction score
reflecting how well each retrieved video matched the in-
tended query. All scores were normalized to the range [0,
1]. We then computed Pearson and Spearman correlations,
as well as mean absolute error (MAE), between the experts’
ratings and the models’ scores. As shown in Figure 4 (left),
the results indicate a strong consistency (correlation > 0.7)
between human and both oracle models’ judgments of re-
trieval quality, proving our automatic generation pipeline is
reliable and unbiased.

4.3. Retrieval Performance

To evaluate the effectiveness of our system, we conducted
experiments covering both the offline indexing and on-
line retrieval stages, examining how different configura-
tions perform on our benchmark dataset. For offline in-
dexing, we compared three representations: (1) raw game
logs converted from rally videos, (2) tactical narratives gen-
erated by the Qwen3 debate team, and (3) narratives pro-
duced by the Gemini-2.5-Flash debate team. For online re-
trieval, we evaluated multiple embedding model sizes and
measured the impact of using a re-ranking module versus
direct embedding-based search.

Metrics. We first describe the evaluation metrics and



MADR (Gemini-2.5-flash w/o Thinking)
The Bottom-court Player responded to the Top-court Player's initial short service with a net 
shot (Shot 2). This net shot set up the subsequent lob from the Top-court Player, which then 
became the perfect opportunity for the smash (Shot 4). Upon receiving a lob, the Bottom-court 
Player immediately transitioned to offense with a powerful smash (Shot 4). This aggressive shot 
forced a weak return, which the Bottom-court Player capitalized on with a rush (Shot 6) from 
the front court. The rush was specifically aimed at exploiting the Top-court Player's recovery 
time and position after the weak return net (Shot 5), thereby compressing the court and forcing 
another defensive, easily attackable shot. The Bottom-court Player's strategy was 
characterized by an 'attack-and-follow' pattern, where each aggressive shot was designed to 
set up the next, demonstrating deliberate timing and placement to generate the final winning 
opportunity. This culminated in a final decisive smash (Shot 8) after the Top-court Player's 
defensive return, demonstrating effective court compression and exploitation of spatial 
vulnerabilities, particularly capitalizing on the Top-court Player's 'below the net' defensive 
return drive (Shot 7) to set up the winning opportunity.

VLM (Gemini-2.5-Pro w/ Thinking)
The Bottom-court player controlled the initial 
phase, transitioning from a neutral rally to a 
strong attacking position with a well-
executed straight smash. His follow-up 
cross-court net shot was aggressive and 
well-placed. However, he was tactically 
outmaneuvered at the net by the Top-court 
Player's precise counter-shot, which 
forced him onto the defensive. The 
resulting lift was a necessary but 
ultimately fatal concession of the attack, 
and his subsequent defensive block was 
insufficient to handle the pressure, leading 
to an unforced error.

Figure 3. We compared the narratives generated by our MADR system with those produced by a powerful cloud-based vision-language
model. The tactic debate team consisted of Gemini-2.5-Flash non-thinking agents, while the VLM used Gemini-2.5-Pro thinking models.
Despite its heavy computational capacity, the VLM failed to generate an accurate narrative, as the bottom-court player actually won the
rally. For clarity, we highlight insightful sentences in green and incorrect ones in red, respectively.

baseline settings used in our study. Retrieval performance
was evaluated using hit rate and recall at top-1, top-5, and
top-10, as well as mean average precision (MAP), mean
rank (MnR), and median rank (MdR). Hit rate and recall
measure the proportion of queries for which at least one rel-
evant video appears within the top-k results. MAP provides
a comprehensive evaluation by averaging the precision at
every rank where a correct video is retrieved, rewarding sys-
tems that not only retrieve all relevant results but also rank
them higher. MnR computes the average rank of the first
relevant result across successful queries (lower is better),
while MdR reports the median of these ranks to mitigate
the influence of outliers. The formulas of these metrics are
provided in Appendix A5.

Baselines. We adopted several representative VLMs
from the massive multimodal embedding benchmark
leaderboard [30], selecting those with publicly available
pre-trained weights. Specifically, we included VLM2Vec
v2 [19, 30], Ops-MM-v1, CLIP-ViP [47], XCLIP [32], and
RzenEmbed-v2 [18]. These models represent the prevail-
ing alignment-based paradigm for text-video retrieval and
provide a strong reference for evaluating our framework.

Results. As summarized in Table 1, standard VLM
baselines show limited effectiveness for specialized tactical
queries. Retrieved videos were often visually similar yet
tactically irrelevant, revealing their difficulty in distinguish-
ing surface-level appearances from the strategic intent im-
plied by the query. This limitation is expected: alignment-

based models lack an explicit mechanism for directly ex-
tracting tactical information from video pixels. To fur-
ther probe this issue, we prompted the VLM version of the
Gemini-2.5-Pro Thinking model to generate tactical narra-
tives for individual rallies and compared its outputs with
those produced by our MADR framework. As shown in
Figure 3, even this strong thinking model exhibited un-
avoidable hallucinations and produced narratives that were
noticeably generic and lacking in tactical specificity. This
contrast highlights why alignment alone is insufficient for
domain-level tactical understanding.

When retrieval was instead performed using structured
textual game logs, accuracy improved substantially. Even a
simple embedding similarity search between the query and
log text yielded higher scores across all metrics, and a re-
ranking stage provided an additional gain. This confirms
that structured, domain-specific representations can signifi-
cantly enhance retrieval precision. However, because these
logs merely describe what happened, they remain insuffi-
cient for queries that require causal understanding or intent
reasoning, such as “Find rallies where a player was forced
into a weak return.”

Further experiments examined retrieval based on the nar-
ratives produced by the MADR framework. Searching over
these narratives yielded consistent performance improve-
ments across all metrics (Table 1). Narratives generated by
the Qwen3-8B team outperformed the game-log baseline,
highlighting that explicit reasoning substantially benefits



Table 2. Ablation study of MADR components. All results are
obtained using the Qwen3-4B embedding model with re-ranking.

Method Configuration H@1 H@5 H@10
MADR (Full Pipeline) 55.65 77.39 83.04

w/o Review-Revision 50.87 70.00 75.65
w/o Debate 40.00 66.96 71.74
w/o Debate & Review-Revision 40.00 66.09 72.17

Pearson r Spearman MAE 
0.0

0.2

0.4

0.6

Sc
or

e

Gemini-2.5-Pro GPT-5.2

0.0 0.2 0.4 0.6
User Study Score

MADR (Gemini)
MADR (Qwen)

RzenEmbed
CLIP4Clip
VLM2Vec

XCLIP
CLIP-VIP

Ops-MM-v1

Figure 4. (Left) Correlation analysis of benchmark data quality,
comparing scores produced by LLM-based evaluators with the
judgments of human experts. (Right) Average satisfaction scores
assigned by human experts to the retrieved results for each query.

tactical retrieval. Upgrading the debate agents to Gemini-
2.5-Flash further improved results, suggesting that reason-
ing quality directly influences retrieval effectiveness.

Our experiment results also revealed a few system-level
details. First, we noticed that the Qwen3-Embedding-4B
(2560D) performed slightly better on the query task than
the larger Qwen3-Embedding-8B (4096D). We suspect this
may be due to the curse of dimensionality, where the much
larger 4096D space made the similarity search less effec-
tive. Second, we analyzed the interplay between the re-
ranker and text quality. We observed that when the narra-
tives were of high quality (i.e., from the Gemini team), the
additional benefit from a less-powerful re-ranker was min-
imal. Finally, while our Recall@K (k = 1, 5, 10) scores
appear modest, this is an expected outcome because the to-
tal number of ground-truth-positive videos in the dataset far
exceeds 10.

Ablation Study. To evaluate the contribution of each
component within the MADR pipeline, we conducted an
ablation study comparing the full system against several re-
duced variants. Specifically, we removed (1) the review-
revision stage, (2) the debate stage, and (3) both debate and
review-revision stages. As summarized in Table 2, remov-
ing any part of the reasoning pipeline led to noticeable drops
in hit rate. The results indicate that both the adversarial de-
bate and the iterative refinement stages play essential roles
in producing high-quality tactical narratives.

User study. To assess retrieval quality from a user’s per-
spective, we conducted a user study with a team coach and
two collegiate players. We evaluated 25 queries in total,
comprising evenly and randomly sampled queries from the

categories in Section 4.1 and an additional 10 queries au-
thored specifically by the coach. For each query, the top-1
retrieved video from every method was collected and pre-
sented on a single evaluation page. Two variants of the
MADR-generated narratives were included: one produced
by the Qwen3 debate team and the other by the Gemini-
2.5-Flash team. Both variants used the same Qwen3-
Embedding-4B model for online retrieval. The experts
viewed each query and assigned a score between 0 and 1 to
every retrieved video. All videos were shown in a randomly
shuffled order to prevent positional bias. Figure 4 (right)
shows the average scores. The state-of-the-art VLMs re-
ceived low scores, consistent with their difficulty handling
tactical intent. In contrast, our MADR received a clear user
preference, achieving a leading score of 0.64.

4.4. Limitations
Although the proposed MADR framework substantially
outperforms alignment-based VLM baselines, it still faces
several limitations. First, the game logs used in our evalua-
tion combine ShuttleSet annotations with a portion of auto-
matically extracted pose descriptions. Despite the strong
accuracy of the CV models, relying solely on automati-
cally extracted logs can degrade retrieval performance. Sec-
ond, even with high-quality narratives produced by the tac-
tic debate team, during retrieval, the system continues to
struggle with highly compositional tactical queries that re-
quire long-range reasoning or multi-step causal interpreta-
tion. For example, “Find rallies where a player exploits an
opponent’s initial error to establish and maintain net domi-
nance, systematically dismantling the opponent’s defensive
structure through aggressive shot selection and timing.”
In such cases, the current embedding-based retrieval and
lightweight re-ranking may fail to retrieve relevant matches.

5. Conclusions
This work demonstrates that retrieving high-level tactical
semantics from sports videos requires reasoning rather than
text-video alignment. While structured perception captures
what happened, tactical queries depend on understanding
why it happened, which generic VLMs cannot model. Our
multi-agent debate framework fills this gap by converting
game logs into grounded tactical narratives, enabling effec-
tive retrieval of complex, intent-driven scenarios and pro-
viding interpretable justifications linked to specific game
events. Although the overall retrieval performance still has
room to improve, particularly for highly compositional tac-
tical queries, the results show that decoupling perception
from reasoning is essential for expert-level tactical video
search. Moreover, this paradigm can naturally extend to
other domains that already possess domain-specific ma-
chine learning tools capable of producing structured repre-
sentations for downstream reasoning.
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