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ABSTRACT

The recent surge in large-scale multimodal datasets has ad-
vanced various video-audio tasks, from semantic retrieval
to video-to-music generation; however, the explicit seman-
tic rules governing how visual environments dictate musical
styles remain poorly understood. This paper presents a gener-
alizable, interpretable descriptive learning pipeline designed
for multimodal dataset characterization, utilizing the genera-
tive GVMGEN benchmark as a primary case study. Because
symbolic video representations suffer from inherent spatial
sparsity, traditional mining algorithms succumb to sparsity
bias, generating uninformative heuristics based on visual ab-
sences. To address this, our approach introduces a spatial
relaxation layer that translates continuous visual embeddings
into a discrete, binary Bag of Visual Words (BoVW), effec-
tively eliminating temporal and positional constraints. We
then combine global frequent pattern mining via FP-Growth
with a positive-literal Constrained Beam Search to discover
pure, discriminative visual signatures associated with diverse
acoustic genres. The extracted semantic heuristics were vali-
dated in a downstream Semantic Video Retrieval task, where
they operated as low-overhead Boolean filters, achieving a
Retrieval Lift of up to 2.91x over blind search. Our find-
ings provide an interpretable characterization of multimodal
topologies, offering actionable prior knowledge that paves
the way for robust multimedia indexing, general video-audio
retrieval, and semantically-aware generative applications.
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1 INTRODUCTION

Recent advances in multimodal artificial intelligence have
accelerated research in video-to-music generation. The avail-
ability of large-scale datasets containing synchronized video
and audio has enabled the development of generative models
capable of learning complex mappings between visual and
musical content [5]. However, the increasing scale and stylistic
variety of these datasets create deep challenges for data un-
derstanding and structural interpretability [24]. Because the
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semantic cross-modal relationships often remain unmapped
and opaque, analyzing or validating recurring stylistic pat-
terns across modalities becomes difficult [21]. Consequently,
formal descriptive methodologies are required to interpret
and characterize video-to-music data.

In recent years, descriptive learning and data mining have
advanced significantly due to the growing demand for explain-
able multimedia systems [22]. Unlike predictive approaches
focused strictly on optimization or classification accuracy,
descriptive learning seeks to identify human-understandable
patterns, local anomalies, and hidden global structures. Algo-
rithms for frequent pattern mining and Subgroup Discovery
(SD) have shown strong potential for extracting symbolic
knowledge from complex, high-dimensional spaces.

However, when applied to multimodal representations,
standard descriptive tools often fail due to the inherent spatial
and temporal sparsity of raw video features. In a traditional
frame-by-frame description, a concept appearing in different
time windows is treated as distinct, creating a sparse matrix
that causes traditional pattern miners to succumb to spar-
sity bias, often generating uninformative negative rules (e.g.,
basing a musical genre definition on the arbitrary absence of
a visual element).

To address these challenges, this work introduces an in-
terpretable descriptive pipeline tailored for the GVMGEN
dataset [24]. We propose a framework that applies spatial
relaxation to map continuous video embeddings into a binary
Bag of Visual Words (BoVW) representation [19], eliminat-
ing positional constraints. We combine global co-occurrence
exploration via FP-Growth with a localized, positive-literal
constrained Beam Search strategy to extract pure, discrimina-
tive visual signatures for each musical genre. We also validate
the utility of these discovered rules by deploying them as
low-overhead Boolean filters in a downstream Semantic Video
Retrieval task, demonstrating significant precision gains with-
out the need for dense neural inference at execution time.

2 RELATED WORK

Recent architectures in video-to-music generation heavily
focus on enhancing cross-modal alignment between visual
backdrops and generated audio tracks. The OSSL dataset
introduces curated film clips paired with soundtracks and
explicit mood annotations, deploying a video-conditioned
adapter to guide text-to-music models like MusicGen [5].
The GVMGEN framework addresses weak correspondence
through a hierarchical attention mechanism that aligns deep
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video and music representations, establishing a large-scale
paired benchmark [24]. Similarly, VidMuse focuses on large-
scale video-conditioned generation utilizing 360K video-music
pairs and a framework that combines local and global visual
cues [21]. While these studies push the boundaries of genera-
tion quality, they treat the dataset as an uninterpretable black
box, leaving cross-modal semantic correlations unmapped.

Frequent pattern mining and SD provide the foundational
mathematical tools to extract interpretable rules from com-
plex data. FP-Growth [3] introduced an efficient tree-based
structure for mining frequent itemsets without candidate
generation, dramatically improving global scalability over
Apriori-based approaches. In parallel, the formalization of
rule evaluation metrics, such as Weighted Relative Accuracy
(WRACcc) [6], provided a balanced trade-off between pattern
coverage and target concentration, shaping the field of SD.

Algorithms like CN2-SD [7] leveraged heuristic beam search
to discover high-quality localized rules. A comprehensive
overview by Herrera et al. [4] unified these search strategies
and quality metrics across nominal and numeric domains.

While foundational algorithms of SD and frequent pattern
mining have been well-established, their direct application
to cross-modal and multimedia contexts has been sparse
but notable. Early efforts in video data mining successfully
applied standard association rule mining to filter semantic
concepts in raw video frames [10], and cross-modal rules
have been explored for bridging vision and language in visual
storytelling [9]. Within the acoustic domain, SD has been
utilized to extract descriptive rules characterizing regional
folk music and compositional styles [20]. While contemporary
approaches in Semantic Video Retrieval frequently leverage
dense, end-to-end neural embeddings [11], these models tend
to act as opaque ranking systems, which can present inter-
pretability challenges and increase inference demands. Our
approach bridges this gap by reintroducing declarative SD
into state-of-the-art multimodal generative topologies.

In this work, we build upon these classical data mining
foundations but introduce a crucial methodological inter-
vention. Rather than exposing the pattern miners to raw,
sparse multi-column frame annotations, we introduce a se-
mantic relaxation layer paired with strict algorithmic search
constraints, eliminating rule redundancy and preventing the
generation of uninformative negative literals in sparse multi-
media representations.

3 METHODOLOGY

This section presents the methodology used to describe the
dataset. First, we present details about the dataset used,
how it was prepared, the extraction of visual and acoustic
features, and the translation of these features into a human-
interpretable format. Then, we present the descriptive algo-
rithms used and how they were implemented.

3.1 Dataset Preparation

Figure 1 shows the methodology we used for dataset prepa-
ration. The algorithm’s input is a list containing links to the
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original videos. First, the algorithm downloads the videos,
divides them into 30-second segments, and separates them
into multiple .mp4 and .wav files. Next, each video goes
through a video feature extractor, and each audio file goes
through an audio feature extractor, generating numerical
features for the videos and audio files, respectively. Then,
each file of numerical video and audio features goes through
a feature translator that generates textual descriptions for
the video and audio files, respectively. Finally, the results
are concatenated into lists describing the visual and acoustic
data, one list for each video-audio pair.

3.1.1 Dataset download and splitting. The GVMGEN dataset,
recently introduced by Zuo et al. [24], is specifically designed
for the task of automated video-to-music generation. As the
dataset has not yet been fully released in public repositories,
access to the raw multimedia files was secured through direct
correspondence with the original authors, who provided the
source links hosted on the Bilibili video-sharing platform *

The collection comprises about 147 hours of footage. While
the temporal distribution consists predominantly of videos
under 10 minutes in length, it also includes extended outliers
exceeding one hour. The visual content is highly diverse, en-
compassing movies, video blogs (vlogs), animated comics, and
documentaries. Acoustically, the dataset is strictly curated
for musicality; the audio tracks consist almost entirely of
music, purposely excluding speech, dialogue, or non-musical
ambient noise. Furthermore, the acoustic distribution features
a substantial presence of traditional Chinese music, alongside
ensembles blending regional and Western instruments.

As the authors did in their paper, we preprocessed the
dataset, transforming the videos into 30-second video-audio
pairs. We selected clips featuring solely music and excluded
video frames that contained extensive superimposed text or
captions. After manual filtering, the dataset is preprocessed
by clipping for training. The statistical distribution of the
preprocessed multimedia categories is summarized in Table 1.

Table 1: Statistical distribution and duration of content cate-
gories in the processed GVMGEN dataset.

Category Duration (h) Share (%)
Movies 89.5 60.88%
Documentaries 42.1 28.64%
Vlogs 9.9 6.73%
Other Types 5.5 3.74%
Total 147.0 100.00%

This structured distribution highlights a predominant re-
liance on cinematic narrative structures (Movies and Docu-
mentaries comprising over 89% of the total), which justifies
the highly descriptive visual features extracted by the visual
backbone.

Thttps://www.bilibili.com/
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Figure 1: Methodology for dataset preparation and understanding.

3.1.2 Video Feature Extraction. Our proposed video feature
extractor generates compact semantic representations from
videos using the visual encoder of the Contrastive Language-
Image Pretraining (CLIP) architecture [16]. Given an in-
put video V| the method uniformly samples N = 8 frames
across the temporal dimension, obtaining a representative
set {f1, f2,..., fn}. Each frame is decoded, converted to
RGB format, and processed by the CLIP image processor
before being forwarded to a pretrained Vision Transformer
(ViT-B/32) [2].

For each frame f;, the visual backbone produces a feature
vector h; € R% which is projected into the shared CLIP
embedding space to obtain z;. The resulting embedding is
L2-normalized as 2; = z;|z;|2 €, where € is a small stabilization
constant. A single representation for the entire video is then
obtained through temporal mean pooling, zy = % f\:fl Zi,
followed by a final normalization 2y = zy |2y |2 €.

The extracted embedding captures high-level semantic
information, including objects, scenes, and global visual con-
text, while remaining computationally efficient. The final
descriptor is stored together with metadata such as frame
rate, resolution, and extraction parameters. Although tempo-
ral dynamics are not explicitly modeled, the representation
provides a strong baseline for multimodal retrieval tasks.

3.1.3 Audio Feature Extraction. Complementing the visual
representations, acoustic features are independently extracted
using the Librosa framework [13]. Audio signals are decoded
at a sampling rate of 22,050 Hz, optionally converted to mono,
and truncated to a maximum duration of 7" = 30.0 seconds.

Temporal descriptors include root mean square (RMS)
energy, RMS = % N | xn2?, and zero-crossing rate (ZCR),
which characterize signal intensity and temporal activity.
Spectral descriptors such as spectral centroid, bandwidth,

and rolloff are extracted from short-time analysis windows.
the center of mass of the spectrum. To capture harmonic
and timbral properties, the method also computes chroma
features and Mel-frequency cepstral coefficients (MFCCs),
while global tempo is estimated in beats per minute (BPM)
using Librosa’s beat tracking algorithm.

Instead of storing frame-level features, each descriptor
stream is summarized through statistics including mean,

estimates

The spectral centroid, computed as C
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standard deviation, minimum, and maximum values. The
resulting descriptors are saved as JSON files together with
metadata such as sample rate, duration, and extraction pa-
rameters, providing an efficient representation for music anal-
ysis and multimodal learning tasks.

3.1.4 Video Feature Translation. Our proposed video fea-
ture translator converts pre-computed video embeddings into
human-readable semantic descriptors using the shared multi-
modal space of CLIP. Given a normalized video embedding
v € RP, the method compares it against text embeddings
generated from a predefined vocabulary, providing an effi-
cient approach for automatic video annotation and semantic
indexing.

The predefined vocabulary is structured as a task-driven on-
tology covering key visual domains, including human presence,
urban infrastructure, natural environments, and weather con-
ditions. This complete vocabulary is made publicly available
in our repository to ensure full reproducibility.

To ensure semantic robustness during text encoding and
stabilize the zero-shot baseline mapping, each vocabulary la-
bel ¢; is embedded using a set of multiple composition prompt
templates T = {t1,...,tpm} (e.g., descriptions explicitly em-
phasizing scene presence). Each prompt is encoded by the
CLIP text encoder as e} = ft,mf; and normalized according

ei" = e;"\/jey}? €. The embeddings obtained from different

to é;
templates are then averaged as e; = 1M %:1 é", producing a
single robust representation for each vocabulary label.

The final output consists of the top-K labels (evaluated at
K =100) ranked by similarity score and their corresponding
confidence values. By leveraging CLIP’s [16] shared embed-
ding space, the method efficiently associates video represen-
tations with natural language semantics without requiring
additional supervised training.

3.1.5 Audio Feature Translation. Our proposed audio trans-
lation module converts low-level acoustic descriptors into
human-readable semantic tags and approximate music style
annotations. Operating on pre-computed audio features, the
method generates ranked labels for perceptual properties
such as tempo, energy, texture, tonality, and genre using
lightweight heuristic rules instead of supervised learning.
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The system uses descriptors extracted via Librosa [13] in a
previous stage, including BPM, RMS energy, ZCR, spectral
centroid, bandwidth, rolloff, and chroma distributions. These
features are converted into semantic confidence scores using
fuzzy membership functions. Given a feature value x, the
triangular, ascending, and descending functions are defined
as iz = max0,1 — |z — clw, pupr = clipz — 7w, 0,1, and
Udown® = clipT — 2w, 0, 1, where ¢, w, and 7 are parameters.
To guarantee deterministic reproducibility, these parameters
are calibrated following standard fuzzy membership func-
tion formulations [18], grounded on physical and musical
thresholds (such as structural boundaries for low/high acous-
tic energy and localized rhythmic BPM ranges) hardcoded
within our open-source translation module. They are used
to infer tempo, energy, brightness, and texture from the
corresponding audio descriptors. Tonality is obtained from
chroma distributions, with tonal confidence computed as
v = maxc}fl ¢; for ¢ € R'2.

The framework also estimates musical styles using weighted
rule combinations, where each score is computed as S =
M Finally, labels and style predictions are ranked and

i=1 Wi
exported as textual annotations, providing an interpretable

and efficient baseline for audio characterization.

3.1.6 Semantic Grouping and Spatial Relaxation. To mitigate
the spatial sparsity inherent to the raw visual frame descrip-
tions, where the same semantic concept appearing in different
feature positions (e.g., feature 1 versus feature_8) is treated
as entirely distinct by the mining algorithms, a feature opti-
mization stage was introduced. This module applies a dual
transformation to the categorical dataset.

First, a semantic mapping dictionary consolidates synony-
mous or highly correlated visual concepts into high-level taxo-
nomic categories (e.g., mapping lake, river, and sea into a uni-
fied water token). Second, the positional constraints of the ten
visual feature columns are relaxed by converting the dataset
into a binary BoVW representation. Each unique semantic
concept becomes a binary attribute (has__concept € {0, 1}),
indicating its presence or absence anywhere within the 30-
second video segment, regardless of its original frame index.
This spatial relaxation effectively increases the statistical rel-
evance, robustness, and coverage of the discovered patterns.

3.2 Dataset Description

After extracting and translating visual and audio features
into semantic labels, a descriptive analysis was performed
to characterize the dataset and identify relevant patterns.
The goal was to uncover recurring elements and associations
within and across modalities.

The semantic labels extracted from the visual, audio, and
combined representations are used as input for two com-
plementary descriptive mining approaches: FP-Growth and
Constrained Beam Search. FP-Growth is applied to identify
frequent visual, audio, and multimodal patterns, providing a
global characterization of the dataset. In contrast, the Con-
strained Beam Search is applied to discover discriminative
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video-audio associations, enabling the identification of local-
ized visual signatures that exclusively characterize specific
musical styles without succumbing to sparsity bias.

3.2.1 Descriptive Mining Algorithms.

FP-Growth (Global Ezploration). The FP-Growth algo-
rithm [3] was employed to identify frequent combinations
of semantic labels within the dataset. After the feature ex-
traction and semantic translation stages, each instance was
represented as a transaction T; = {l1,l2, ..., [}, where each
label I; corresponds to an interpretable concept describing the
instance. The complete dataset is therefore represented as a
collection of transactions D = {T1,T%,...,Tn}. The objective
is to discover frequent itemsets X C L, where L denotes the
set of all semantic labels present in the dataset. The support
of an itemset X is defined as supportX = |{T; € D | X C T;}|.
In this work, a minimum support threshold of 10 occurrences
was adopted. The resulting frequent itemsets provide a com-
pact description of the dataset by revealing recurring co-
occurrences of semantic concepts, establishing a foundational
baseline of the collection’s overarching aesthetic choices.

Constrained Beam Search (Localized Discrimination). To
isolate semantic patterns associated with specific target cate-
gories (musical genres) and overcome the limitations of classic
SD in highly sparse multimedia matrices, we deployed a con-
strained Beam Search strategy, a standard heuristic approach
in SD [7]. In a standard setup, pattern miners tend to rely
heavily on the absence of elements (has_ concept == 0) to
form rules, generating uninformative negative heuristics (e.g.,
defining Rock by the absence of a skyscraper).

To prevent this sparsity bias, the search space was strictly
restricted by deploying an EqualitySelector locked to the
value 1.0. This methodological intervention forces the algo-
rithm to navigate the search space evaluating only structural
presences (has_concept == 1). Evaluated by the WRAcc
metric, this constrained approach successfully identifies local-
ized, purely positive visual signatures that distinguish specific
subsets of the data, providing explicit Boolean filters that
are highly valuable for semantic indexing.

3.2.2 Combined Data Description. The combined data de-
scription aims to characterize the relationships between the
visual and audio modalities. Let C' = {c1,c2,...,cn} denote
the set of multimodal instances, where each instance ¢; is rep-
resented by a set of semantic labels Z; = V;UA,;. By combining
labels from both modalities into a single representation, it be-
comes possible to investigate recurring associations between
visual concepts and audio characteristics.

To obtain a global characterization, FP-Growth was ap-
plied to the collection of multimodal label sets, revealing the
most common generic contexts present in the dataset (e.g.,
the overarching dominance of natural environments across
all genres).

Subsequently, the Constrained Beam Search was employed
to extract highly discriminative visual signatures associ-
ated with specific acoustic categories. In this setting, the
binary visual labels were used as descriptive attributes, while
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Figure 2: Methodology for translated dataset description.

the dominant audio genre was adopted as the target vari-
able. Consequently, this targeted search complements the
frequency-based analysis by bypassing the generic dense ar-
eas of the dataset, revealing isolated multimodal rules (e.g.,
acoustic/folk directly linked to pastoral visual features) that
serve as highly precise query filters for semantic retrieval
tasks.

4 EXPERIMENTS

This section presents the experiments conducted using the
proposed methodology to process and describe the GVM-
GEN dataset. We first introduce the experimental setup and
implementation details adopted throughout the study. Then,
we analyze the descriptive patterns obtained from video and
audio data individually, as well as from their multimodal
combination, highlighting the knowledge extracted by the
descriptive learning algorithms.

4.1 Experimental Setup

To comprehensively analyze the GVMGEN dataset, the de-
scriptive learning process was divided into three distinct
groups: visual data description, acoustic data description, and
combined visual-acoustic data description. This separation
allows the characteristics of each modality to be investigated
independently, providing insights into the visual patterns
present in the generated videos and the acoustic properties
of the associated music tracks.

In addition to the unimodal analyses, a multimodal de-
scription was performed by combining visual and acoustic
features into a single representation. The goal of this analysis
is to identify patterns that emerge from the interaction be-
tween the two modalities, enabling the discovery of potential
relationships between video content and musical character-
istics. This multimodal perspective is particularly relevant
for understanding how generative systems align visual and
auditory elements when producing music videos.

4.2 Implementation Details

To facilitate reproducibility and compatibility, all experi-
ments were executed using Docker containers. The source
code repository provides a Dockerfile and a shell script that
automatically install and configure all required libraries and
dependencies.
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The entire framework was implemented in Python. For
data preprocessing, feature extraction and translation, we
employed widely used libraries including Pillow, Librosa,
OpenCV, Transformers [23], PyTorch [15], and TorchVision,
which provide efficient tools for image processing, audio anal-
ysis, deep learning, and multimodal representation extraction.
The descriptive learning stage was implemented using the
PyFPGrowth? and PySubgroup [8] libraries. PyFPGrowth was
employed to efficiently discover frequent patterns from the
discretized feature representations, enabling the identifica-
tion of recurring attribute combinations within the dataset.
In parallel, PySubgroup was used to perform SD, searching
for statistically interesting subsets of instances that exhibit
distinctive characteristics with respect to the target classes.

To establish a comprehensive comparative analysis to per-
form SD, the descriptive mining process was divided into two
main algorithmic paradigms:

e Constrained Beam Search: SD tasks were implemented
using the PySubgroup framework. The search space
was explored using a Beam Search strategy with a
maximum search depth of three attributes (depth = 3),
optimized via the Standard Quality Function (a = 1.0),
which aligns with the WRAcc metric [6]. Formally, the
quality of a discovered subgroup S with respect to a
target class is evaluated as:

(1)

where PS represents the fractional coverage of the
subgroup, Ptarget | S is the precision within the sub-
group, and Ptarget is the global base rate of the target
genre. Crucially, the search space was restricted using
an EqualitySelector locked to positive occurrences (1.0)
to avoid sparsity bias.

WRAccS = PS - (Ptarget | S — Ptarget)

The source code and the extracted semantic features used
in this study are publicly available on GitHub®. The raw
multimedia files of the GVMGEN dataset [24] are the in-
tellectual property of their original creators and must be
requested directly from them.

2 https://pypi.org/project/pyfpgrowth/
3https://github.com/Frankl1sales/mining— multimodal-patterns
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4.3 Results and Discussion

This section presents the descriptive learning results obtained
from the GVMGEN dataset. The results are organized into
three categories: visual data description, acoustic data de-
scription, and combined visual-acoustic data description.

4.3.1 Data Distribution and Imbalance. The processed dataset
comprises 20,100 synchronized 30-second segments distributed
across eight distinct acoustic styles. Preliminary data ex-
ploration, as summarized in Table 2, reveals a severe class
imbalance. Mainstream commercial genres heavily dominate
the collection, with Rock comprising 38.77% (7,793 videos)
and Electronic/Dance making up 20.35% (4,090 videos). Con-
versely, niche structural styles like Ambient/Relax (2.21%)
and Classical/Orchestral (0.19%) represent a minute fraction
of the dataset, establishing a highly skewed environment that
complicates vanilla descriptive exploration.

Table 2: Video Distribution across Musical Genres in the
GVMGEN Dataset

Musical Genre Number of Videos Percentage (%)

Rock 7,793 38.77
Electronic/Dance 4,090 20.35
Jazz 3,860 19.20
Hip-Hop 1,938 9.64
Acoustic/Folk 981 4.88
Pop 955 4.75
Ambient /Relax 444 2.21
Classical/Orchestral 39 0.19
Total 20,100 100.00

Regarding the semantic visual content, the dataset features
a consistent vocabulary of up to 88 unique concepts per genre.
A global frequency analysis reveals a strong prevalence of nat-
ural and external elements across the entire collection. The
most frequent individual concepts include outdoor (14,619
occurrences), park (11,429), river (9,215), day (9,081), and
lake (8,534). While these absolute frequencies provide a base-
line understanding of the most common visual archetypes,
they only capture individual, isolated occurrences. To fully
understand how these features interact and form complex
visual narratives, it is necessary to analyze their combina-
tions, which motivates the use of frequent pattern mining
algorithms.

4.3.2 Global Dataset Topology. To visualize the semantic lay-
out of the dataset prior to rule mining, a two-dimensional pro-
jection of the multimodal feature space was generated using
Uniform Manifold Approximation and Projection (UMAP)
[14], as illustrated in Figure 3. The projection was computed
directly over the binary BoVW feature matrix using the fol-
lowing hyperparameters: n_ neighbors = 15, min_ dist = 0.1,
a random seed of 42, and Euclidean distance as the metric.
While Jaccard or Dice distances are conventionally tailored
for binary vector spaces, Euclidean distance was deliberately
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selected here as it yielded significantly tighter and more stable
cluster separations during preliminary baseline explorations,
effectively preventing the hyper-sparse peripheral tokens from
artificially fragmenting the primary structural components.

~ Acoustic Target
5 Hip-Hop
10 Z Pop
é Rock
a Electronic/Dance
':(E Ambient/Relax
5 E Jazz
- Acoustic/Folk
Classical/Orchestral
0 . ,
2L, o *
R A

-10 UMAP Dimension 1

0 5 10 15

Figure 3: Global Semantic Topology of the GVMGEN dataset
via UMAP projection (n_neighbors = 15, min_dist = 0.1,
Euclidean metric, random__state = 42) applied over binary
BoVW representations. Colors indicate the dominant acoustic
genre label per segment.

The continuous topology reveals that while specific se-
mantic niches form isolated clusters, the vast majority of
commercial videos form a dense, heavily intertwined central
mass. This high spatial intersection indicates that different
musical genres frequently share identical visual backdrops
and production designs, providing a strong methodological
justification for utilizing discriminative mining algorithms to
extract localized signatures from the overlapping noise.

4.3.3 Global Frequent Patterns (FP-Growth). To establish a
foundational understanding of the semantic structures within
the GVMGEN dataset, the FP-Growth algorithm was applied
to extract the most recurrent itemsets. Table 3 presents the
top 15 most frequent visual-only, audio-only, and combined
combinations discovered across the entire collection.

The purely visual patterns reveal a marked dominance
of natural and daylight environments. The combination of
{outdoor, park} is the most prevalent purely visual context,
appearing in 11,607 video segments. Similarly, the frequent
co-occurrence of {lake, river} (8,190 occurrences) and {for-
est, outdoor} (8,593 occurrences) confirms that a substantial
portion of the generated videos relies on nature-oriented
aesthetics.

Interestingly, the frequent itemsets extracted from Audio
Features Only often include multi-genre combinations rather
than isolated, mutually exclusive labels. For instance, the
itemset {electronic/dance, rock} ranks third with a signifi-
cant support of 9,096 segments, followed by combinations
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like {jazz, rock} (6,062 occurrences) and {acoustic/folk, jazz}
(5,029 occurrences). This phenomenon stems naturally from
the multi-label design of our audio translation module. From
a dataset understanding perspective, these co-occurrences re-
veal a substantial semantic overlap and cross-genre hybridiza-
tion inherent to modern commercial soundtracks, where elec-
tronic production frequently blends with traditional rock or
jazz structures.

When evaluating the combined multimodal patterns, the
results strongly reflect both the cross-genre audio blending
and the overarching class imbalance. Because rock and elec-
tronic/dance are the dominant musical genres and outdoor
is the most frequent visual marker, they naturally coalesce
into the most frequent cross-modal itemsets. The pattern
{outdoor, rock} is the most recurrent cross-modal structure,
found in 9,510 segments, followed closely by other combina-
tions of high-frequency genres mapped to generic outdoor
scenarios (e.g., {park, rock} and {day, rock}).

While these FP-Growth results successfully capture the
global topology and the most common archetypes of the
dataset, they also highlight a crucial limitation: high fre-
quency does not necessarily imply high discriminative power.
Because tags like outdoor and rock are overwhelmingly com-
mon, they co-occur across substantial portions of the dataset,
providing little to no specificity. This behavior justifies the
necessity of applying SD to transition from simple frequent
occurrences to statistically significant, discriminative rela-
tionships.

4.3.4 Discriminative Semantic Discovery. By applying the
positive-literal constrained Beam Search, the pipeline ex-
tracted clean, explicit visual signatures for individual target
styles, eliminating negative clutter. As shown in Table 4, the
algorithm discovered highly cohesive structural rules. For
instance, the Acoustic/Folk genre is mapped directly to pas-
toral environments (has_road A has_park A has_village).
Mainstream genres like Pop isolated stable signatures tied to
summer aesthetics (has_sea A has_outdoor A has_beach).
By restricting the selectors to positive occurrences, the search
space was completely protected against noise fragmentation,
yielding highly interpretable, compact conjunctions.

4.3.5 Downstream Task: Semantic Video Retrieval. To vali-
date the practical utility of the discovered rules, we evaluated
them in a downstream Semantic Video Retrieval task. The
extracted Boolean rules were deployed as low-overhead data-
base indexing filters. To quantify the real-world advantage of
using these discovered patterns over an uninformed search,
we adopt the Retrieval Lift metric [1]. For a given discovered
subgroup S, the Lift is mathematically defined as:

gt @)
get,

where Ptarget | S represents the precision of the rule (the
conditional probability of observing the target musical genre
within the subgroup S), and Ptarget represents the global
baseline probability of that genre across the entire GVMGEN
dataset. A Lift value greater than 1.0 indicates that the visual

LiftS =
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signature successfully concentrates the target class, providing
a directional advantage for search engines.

While state-of-the-art zero-shot retrieval utilizing dense
embedding similarity (e.g., standard CLIP embeddings) typi-
cally establishes the upper bound for precision, it requires
expensive computational resources. Our objective is not to
surpass dense neural retrieval in raw accuracy, but to demon-
strate that the extracted Boolean rules provide a clear direc-
tional advantage acting as extremely lightweight, first-stage
symbolic filters.

The quantitative results of this extrinsic evaluation are
summarized in Table 4. The application of the symbolic rules
as search queries yielded a substantial precision increase
across all musical styles, achieving a Retrieval Lift of up
to 2.91x over the random baseline. Similarly, the Pop fil-
ter (has_sea==1.0 A has_outdoor==1.0 A has_beach==1.0)
elevated retrieval precision to 12.99%, providing a 2.73x lift.

Crucially, while evaluating the Boolean query over a data-
base of N instances requires a linear scan of ON or a sub-
linear lookup of Olog N when leveraging standard inverted
indexes [12], the operational cost per record is reduced to
a lightweight O1 bitwise comparison on the CPU. This ef-
fectively replaces the computationally expensive ON X d
floating-point matrix multiplications required by dense cross-
modal embeddings (where d = 512 for the utilized CLIP
architecture) at inference time, substantially lowering both
the constant execution factors and hardware dependencies
for real-time multimedia indexing.

4.4 Threats to Validity

While our descriptive pipeline successfully extracts inter-
pretable multimodal rules, we acknowledge certain method-
ological boundaries inherent to this study. First, operating
strictly under a descriptive learning paradigm aimed at global
data profiling, our algorithms ingested the entire dataset to
map its complete topology, rather than utilizing a predic-
tive train/test split. Consequently, the reported Retrieval
Lift demonstrates a statistical concentration over the base
rate, acting as a lightweight first-stage indexing mechanism
rather than competing directly with the generalized predic-
tive accuracy of dense neural baselines (e.g., end-to-end CLIP
retrieval). Furthermore, we note that the extreme Lift ob-
served for the Classical/Orchestral genre (2.91x) is heavily
influenced by its severe rarity (0.19% of the dataset), indi-
cating that minority class signatures should be interpreted
with statistical caution.

Additionally, certain design choices impact the generaliz-
ability of our findings. The spatial relaxation into a BoVW
representation, while crucial for eliminating spatial sparsity,
intentionally discards temporal narrative sequences, poten-
tially missing sequential video-audio correlations. Finally,
the audio translation module relies on hardcoded heuristic
thresholds and fuzzy membership functions. While grounded
in acoustic theory, these subjective parameters and the re-
liance on CLIP’s fixed zero-shot vocabulary may limit the
robustness of the extracted rules when applied to multimedia
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Table 3: Top 15 most frequent visual, audio, and combined patterns discovered by the FP-Growth algorithm. Support indicates

the absolute number of segments containing the itemset.

Visual Features Only ‘

Audio Features Only ‘

Combined (Multimodal)

Rank Itemset Support ‘ Rank Itemset Support ‘ Rank Itemset Support
1 {outdoor} 16,379 1 {rock} 13,570 1 {outdoor} 14,619
2 {park} 13309 | 2 {jazz} 11,803 | 2 {rock} 12,614
3 {outdoor, park} 11,607 3 {electronic/dance, rock} 9,096 3 {outdoor, rock} 9,510
4 {day, outdoor} 9,984 4 {jazz, rock} 6,062 4 {outdoor, park} 9,127
5 {forest, outdoor} 8,593 5 {acoustic/folk, jazz} 5,029 5 {forest, outdoor} 7,619
6 {outdoor, river} 8,369 6 {pop, rock} 4,838 6 {electronic/dance, rock} 7,588
7 {lake, river} 8,190 7 {jazz, pop} 4,716 7 {lake, river} 7,056
8 {lake, outdoor} 7,932 8 {electronic/dance, jazz} 4,122 8 {day, outdoor} 7,024
9 {park, river} 7,790 9 {hip-hop, rock} 3,309 9 {park, rock} 6,692
10 {day, park} 7,377 10 {electronic/dance, jazz, rock} 3,214 10 {day, rock} 6,592
11 {mountain, outdoor} 7,206 11 {electronic/dance, pop, rock} 2,925 11 {garden, outdoor} 6,420
12 {garden, outdoor} 7,171 12 {acoustic/folk, rock} 2,609 12 {electronic/dance, outdoor} 6,414
13 {forest, park} 7,144 13 {acoustic/folk, hip-hop} 2,331 13 {outdoor, river} 6,312
14 {rain, outdoor} 6,948 14 {electronic/dance, hip-hop} 2,212 14 {park, river} 6,154
15 {forest, outdoor, park} 6,943 15 {acoustic/folk, jazz, pop} 2,088 15 {lake, outdoor} 6,050

Table 4: Discriminative Visual Signatures Discovered for Each Musical Genre Ranked by Retrieval Lift

Musical Genre Discriminant Boolean Rule Coverage Precision Lift (x)
Acoustic/Folk has_road==1.0 A has_park==1.0 A has_village==1.0 1,255 12.03% 2.47%
Pop has_sea==1.0 A has_outdoor==1.0 A has_beach==1.0 962 12.99% 2.73x
Rock has_animal==1.0 A has_outdoor==1.0 3,155 53.47% 1.38 %
Electronic/Dance has_rain==1.0 A has_garden==1.0 A has_outdoor==1.0 3,532 34.97% 1.72x%
Ambient/Relax has_mountain==1.0 A has_park==1.0 A has_village==1.0 2,557 5.16% 2.34x
Hip-Hop has_rain==1.0 A has_garden==1.0 A has_park==1.0 2,159 14.91% 1.55%
Jazz has_small_town==1.0 A has_mountain==1.0 A has_village==1.0 2911 47.10% 2.45 %
Classical/Orchestral has_people==1.0 1,773 0.56% 2.91x

datasets with different cultural contexts or musical distribu-
tions. In addition, our empirical validation was conducted
exclusively on the GVMGEN dataset; although the pipeline
is designed to be dataset-agnostic, its generalization to other
video-audio corpora remains to be verified in future work.

5 CONCLUSION

Rather than treating modern multimodal generative datasets
as opaque neural black boxes, this work demonstrated that
explicit, interpretable semantic rules can be successfully ex-
tracted to characterize their underlying video-audio relation-
ships. By introducing a spatial relaxation layer that trans-
forms continuous visual embeddings into a binary BoVW
representation, we bypassed the temporal fragmentation typi-
cal of frame-level data. Additionally, enforcing positive-literal
constraints during Beam Search eliminated sparsity bias,
preventing the generation of uninformative negative rules.
Experimentally, FP-Growth mapped the dataset’s global
structure, revealing a dominance of outdoor backdrops, while
Constrained Beam Search isolated specific visual signatures
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for individual musical genres. We validated these symbolic
rules in a Semantic Video Retrieval task. Operating as declar-
ative queries, they achieved a Retrieval Lift of up to 2.91x
over the random baseline using lightweight O1 CPU Boolean
filtering, effectively bypassing expensive dense matrix multi-
plications at inference time.

Future work will explore injecting these semantic rules as
prior knowledge into generative architectures, acting as atten-
tion reward functions for video summarization and region-of-
interest indicators for neural video compression. Finally, we
aim to develop an information-theoretic approach based on
the Minimum Description Length principle [17] to natively
handle hyper-sparse transactional databases without manual
selector constraints.

6 ETHICAL CONSIDERATIONS

This study did not involve the direct participation of hu-
man subjects, and no interviews, surveys, experiments, or
personal data were collected directly from individuals by
the authors. The experiments used the GVMGEN dataset
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[24], previously collected by the authors of the corresponding
reference work from publicly available audiovisual content on
an online video-sharing platform and accessed for research
purposes upon request. The authors of this study did not
participate in the original data collection and therefore do not
make additional claims regarding the consent, anonymization,
or ethical procedures adopted during its construction beyond
the information provided by the creators. The dataset was
used exclusively for academic purposes, without identifying
or analyzing individuals depicted in the source content.
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