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Abstract—We propose a method for constructing coherent
background videos by automatically selecting and combining
video segments that semantically align with a song’s lyrics. Rather
than simply visualizing the literal content of the lyrics, the
selected segments aim to convey scenes and atmospheres inferred
through a deeper interpretation of their meaning. In the proposed
approach, a large language model is first used to interpret the
lyrics in terms of multiple attributes, such as characters, season,
time of day, weather, location, and mood. These interpretations
then serve as queries for moment retrieval, enabling the extraction
of relevant video segments. To further optimize the composition
of segments assigned to each part of the song (e.g., verse, bridge,
chorus), a re-ranking step based on a second round of moment
retrieval is applied to the initial retrieval results, ensuring global
consistency across the final background video. The effectiveness
of the proposed automatic video selection method based on
lyric interpretation is validated through a subjective evaluation
experiment comparing the generated videos with those used in
actual karaoke systems.

I. INTRODUCTION

In karaoke background video production, it is common
practice to select video clips that match the lyrics and overall
mood of the song from a vast pool of footage and assign
them to each part of the song. However, this production
process requires specialized expertise, entails significant time
and financial costs, and may lead to biases in the selection
of video content. Consequently, there is a strong demand
for technologies that can automatically select suitable video
segments and efficiently generate diverse background videos.

In this study, we propose a method for automatically ex-
tracting video segments that align with the content of song
lyrics from a given set of candidate background videos. Mo-
ment retrieval models are widely employed to localize seg-
ments (moments) within videos that correspond to given text
queries [1]-[4], and recent advances have focused on technical
improvements as well as the development of related tasks
that extend their applicability [5]-[8]. However, conventional
moment retrieval models are primarily designed to localize
video segments where the subject actions described in the
query are directly depicted.

In contrast, karaoke background videos are typically ex-
pected not to portray the literal meaning of the lyrics, but
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Fig. 1: Overview of video segment selection model. Model
consists of three components: 1) lyric interpretation mod-
ule that performs semantic analysis of lyrics, 2) moment
retrieval module that selects relevant video segments based
on interpreted content, and 3) coherence evaluation module
that determines optimal combination of segments by assessing
overall consistency of resulting video.

rather to convey scenes and atmospheres inferred through a
semantic interpretation of the lyrics. Directly applying ex-
isting moment retrieval models to such interpretive queries
is therefore insufficient. Furthermore, methods for integrating
retrieved video segments that correspond to different parts of
a song, such as verses, bridges, and choruses, into a single
coherent background video have not been thoroughly explored.

To address these challenges, this study develops a moment
retrieval framework in which song lyrics are semantically
interpreted by a large language model (LLM) [9], [10] to
generate attribute information relevant to background video
selection, such as characters, season, time of day, weather,
location, and mood, and these interpretations are then used as
retrieval queries. Additionally, we explore a re-ranking strategy
to optimize the combination of video segments assigned to
each part of the song, thereby enhancing the overall consis-
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tency of the final background video.

The effectiveness of the proposed method is validated
through a subjective evaluation comparing the automatically
generated background videos with those used in commercial
karaoke systems. The findings of this research contribute to
a novel video retrieval framework that focuses not on literal
text matching but on deeper semantic interpretation of lyrical
content.

The remainder of this paper is organized as follows. Section
Il provides a detailed description of the proposed method
for selecting background videos that align with song lyrics.
Section III presents the subjective evaluation experiment con-
ducted to assess the effectiveness of the proposed approach
and discusses the findings. Finally, Section IV concludes the
paper with a summary of this study.

II. GENERATION OF BACKGROUND VIDEOS ALIGNED
WITH SONG LYRICS

In this study, we focus on the scenario in which the main
video sources have already been selected from an extensive
video library, and appropriate scenes are then assembled ac-
cording to the lyrics to create the final background video.
We investigate an automatic method for determining which
segments of these sources should be assigned to each part of
the song.

Figure 1 illustrates the overall architecture of the proposed
automatic background video selection framework. The system
comprises three main modules:

1) a lyric interpretation module that generates interpretation
sentences containing attribute information from the lyrics
using an LLM;

2) a moment retrieval module that extracts relevant scenes
from background video sources based on the generated
interpretations; and

3) a consistency evaluation module that assesses the coher-
ence among the retrieved video segments.

By integrating these modules, the framework enables the
automatic generation of a single background video that aligns
with the lyrical content of the song.

The remainder of this section provides detailed explanations
of the lyric interpretation module (Section II-A), the moment
retrieval module (Section II-B), and the consistency evaluation
module (Section II-C).

A. Lyric Interpretation Using Large Language Model

When selecting background video segments to accompany
song lyrics, it is generally preferable to avoid literal visualiza-
tions. Instead, it is desirable to select scenes and atmospheres
that reflect an interpretation of the lyrics’ meaning. Based
on this perspective, our approach interprets song lyrics as a
narrative described by seven attributes: season, time of day,
weather, location, characters, actions, and mood.

Among these attributes, six, excluding actions, are used
to annotate the background video sources, consistent with
conventional karaoke video production practices. Accordingly,
these six attributes are expected to serve as effective cues for

You will be given the lyrics and title of a song.

Please analyze the lyrics of each part according to the
following format.

Be sure to include the season, time of day, weather,
character, and their actions, as well as the
atmosphere, in a concise sentence.

Ensure that each part connects to form a coherent overall
story.

Do not simply describe the literal content of the lyrics;
Instead, describe the actions and scenes that are
implied or associated with them.

Avoid emotional or abstract expressions, and focus on
concrete actions.

## Format for Analysis
Part: 1lst verse, a-melody

Result: "In the [season] [time], on a [weather] day at [
location], [character] [action] with a [atmosphere]."

Part: 1lst verse, b-melody

Result: ...

## Example Format of Given Lyrics
Title: (Song Title)

1lst verse, a-melody:

(Lyrics of the first verse, a-melody)
1lst verse, b-melody:

(Lyrics of the first verse, b-melody)
1lst verse, chorus:

(Lyrics of the first verse, chorus)

## Example of Analysis

Part: lst verse, a-melody

Result: In the winter morning, on a snowy day at the park,
men and women meet and then part ways with a
negative atmosphere.

Fig. 2: Prompt for lyric interpretation.

aligning the semantic content of the lyrics with the available
video material.

To generate interpretation sentences that incorporate these
attribute details, we employ an LLM, specifically GPT-40 [9].
Figure 2 shows an example of the prompt used for this purpose.
This prompt consists of three parts: an instruction, an output
format definition, and illustrative examples.

The instruction directs the LLM to interpret the lyrics
as a concrete narrative covering all seven attributes, with a
particular emphasis on the actions to maintain consistency
across selected video segments. The output format definition
specifies that the song title and all lyric segments are given
as input, and that the model should output an interpretation
sentence for each segment. The illustrative examples provide
reference analyses that help guide the LLM to produce inter-
pretation sentences consistent with the desired structure.

B. Video Segment Selection Using Moment Retrieval

In the proposed framework, moment retrieval is performed
for each section of a song (e.g., verse, bridge, chorus) to
identify the most appropriate video segments, which are then
concatenated to generate a coherent background video. This
section provides an overview of the moment retrieval technique
and explains how it is adapted for lyric-based queries.

1) Moment Retrieval: Moment retrieval is a technique that
locates segments in a video that correspond to a given text
query. While early methods typically relied on separate scoring
mechanisms, recent advances have enabled unified, end-to-end

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1498




[ Indicator f ][ Offset d ][ Saliency § ]
f i i)
ﬁ Conv ] [ Conv ] [ Dot Producm
— 1

FFN ] Attentive
xk | Pooling

Multi-head Self-Attention

N\

A concat s=sssrsssnsansnnnnss H

HEEEE
1

FFN ] | FFN ]

[ 1 1
\[ Video Encoder @ ] [ Text Encoder @ y
tv 13
e 2B r ' In the summer morning, a woman

©  wakes up early and prepares for a
day with him by the lake.

Fig. 3: Architecture of moment retrieval model.

approaches [3], [4]. In this study, we adopt a model based on
UniVTG [4], which provides a unified framework capable of
handling various Video Temporal Grounding (VTG) tasks.

As illustrated in Fig. 3, UniVTG produces three types of
predictions via separate output heads: foreground indicator
fi € {0,1}, boundary offsets d; = [d,d¢] € R?, and saliency
score s; € [0, 1].

Foreground head (for matching) f : Each clip v; is clas-
sified as either foreground (relevant to the text query @) or
background (irrelevant). The loss for this head is defined using
Binary Cross Entropy (BCE) between the predicted label f;
and the ground-truth label f;, as follows:

ﬁf:_)\f(filogfi“r(]-_fi)log(]'_f’i))7 ey

where \; denotes the weighting coefficient for the foreground
loss.

Boundary head (for localization) d: This head predicts the
start and end timestamps of the relevant video segment. Let
t; be the center timestamp of each clip v;, and b; = [t; —
d?, t; + df] denote the start and end of that segment. The loss
is defined as the sum of the L1 prediction error L1,; between
the predicted offsets d; and the ground truth d;, and the overlap
error L1,y between the predicted boundary b; and the ground
truth b;:

Ly =121~ A1 Lri(di, di) + MovLrou (biy 0)],  (2)

where 1f,—1[-] is an indicator that activates this loss only for
clips labeled as foreground. Ar; and A,y are the weighting
coefficients for each term.

Saliency head (for contrasting) s: This head predicts the
saliency score of each clip, indicating its relevance to the

text query. The score is computed using the cosine similarity
between the clip feature v; and the query embedding S:

V'S
[vil2|S|2”

To learn effective clip-to-query matching, contrastive learn-
ing is applied both within videos (intra-video) and across dif-
ferent videos (inter-video). For intra-video contrastive learning,
a foreground clip v, is randomly sampled, and clips v; with
lower saliency scores s; < s, are treated as negatives i.e.,
Q= {jls; < sp,1 <j<L,}, where L, denotes the number
of video clips. The intra-video loss is defined as:

3

5

exp(3p/7)
exp(3p/7) + 3 jeq exp(3;/7)’

where 7 denotes a temperature parameter.

For inter-video contrastive learning, queries from other
samples in the batch act as negative samples, with the loss
defined as:

E‘igntra — _ 1Og

“

g  EPCo/T) s
ZkeB eXP(Sp/T)
where B denotes the training batch size and 5% = cos(v;, Si).

The final saliency loss combines the intra- and inter-video
losses:

inter __
L7 =—

Es = )\inter‘cignter + )\intraﬁ?gntra~ (6)

The overall objective function sums the foreground, bound-
ary, and saliency losses:

N
1
L= N;(ﬁf+ﬁb+ﬁs), ©)

where IV is the number of clips in the training batch.

For implementation, we use CLIP [11] (ViT-B/32) as both
the video and text encoders. At inference time, predicted
boundaries {b;}-, are ranked according to their saliency
scores S;. Since predicted segments may overlap, Non-
Maximum Suppression (NMS) is applied to remove redundant
intervals before final ranking.

2) Retraining of Moment Retrieval Model for Lyric Interpre-
tation Descriptions: For the task of selecting video segments
that appropriately match song lyrics, it is essential to consider
not only the actions depicted in the video but also a range
of contextual attributes, such as season, time of day, weather,
location, and mood. However, conventional moment retrieval
methods primarily focus on subject actions, and queries in
standard training datasets for moment retrieval rarely include
rich contextual information like season or weather.

To address this limitation, we construct a custom dataset
to enable moment retrieval using queries derived from lyric
interpretations and use it to retrain the moment retrieval model.
Specifically, we automatically extract six key attributes, char-
acter, season, time of day, weather, location, and mood, from
videos in the QVHighlights [3] dataset, which is widely used
for training moment retrieval systems. This attribute extraction
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is performed using LLaVA-NeXT [12], [13], a state-of-the-art
vision-language model (VLM).

We then combine this automatically extracted attribute in-
formation with the action annotations originally provided in
QVHighlights to generate unified attribute descriptions using
an LLM. By retraining the moment retrieval model with these
enriched descriptions, the system can retrieve video segments
based on queries that more accurately reflect the nuanced
interpretations of song lyrics.

The prompts used for annotation follow the same three-part
structure as those used for lyric interpretation: an instruction,
a clear output format specification, and illustrative examples.
Additionally, when an attribute cannot be determined from the
video, the system is explicitly instructed to output “None” to
avoid assigning ambiguous or spurious labels.

C. Composition of Retrieved Video Segments via Re-ranking

Background video segments retrieved based on lyric inter-
pretations are first extracted for each part of the song, such as
the verse, bridge, and chorus. These part-wise segments must
then be integrated into a single, coherent background video.
However, simply concatenating the top-ranked segments for
each part does not necessarily yield an optimal or globally
consistent result.

To address this, we introduce a second round of moment
retrieval on candidate background videos formed by con-
catenating the initially retrieved segments. If the results of
this second retrieval align well with those of the first, the
composition is regarded as maintaining overall coherence. The
final background video is then determined by selecting the
combination of segments that best preserves this consistency.

The procedure consists of the following steps:

1) Extraction of candidate segments: Perform moment
retrieval and extract the top N candidate segments for
each song part.

2) Generation of candidate videos: Construct all possible
combinations of the extracted segments across the song
parts to generate candidate background videos.

3) Final selection: Perform moment retrieval on each can-
didate background video using the original text queries
and select the candidate with the highest final score as
the final output.

The final score for each candidate video is computed based
on two factors: the top-ranked saliency score Sg)aliency obtained
from moment retrieval for the text query @, of each song part
p, and the overlap ratio vaerlap between the segments retrieved
before and after re-ranking. The final score is calculated as:

S= Z ngerlap ’ S:aliency‘ (8)
p

III. BACKGROUND VIDEO SELECTION EXPERIMENT

To evaluate the effectiveness of the proposed method, we
conducted a subjective assessment experiment. Specifically,
we compared the background videos actually used in karaoke
systems with those generated by our method.

TABLE I: List of questionnaire items

Questions  Contents

Ql No sense of discomfort while watching the video

Q2 The mood of the video matches that of the song

Q3 The theme of the video matches the lyrics

Q4 The storyline of the video aligns with the lyrics

Q5 The time of day, weather, and season in the video match the
lyrics

Q6 The transitions between video segments feel natural

Q7 Comments on any parts that felt particularly mismatched or

uncomfortable, and the reasons

TABLE II: Cronbach’s coefficient a.

GT Top-1  Re-ranked
song 1 0.755  0.885 0.846
song 2 0.853  0.717 0.738
song3  0.866 0471 0.833
song 4  0.806  0.860 0.728
song 5 0.806  0.860 0.728
average 0.817  0.759 0.775

A. Experimental Setups

A total of 14 participants took part in the experiment. Each
participant evaluated how well the background videos matched
the lyrics for the same set of five songs. For each song,
participants compared three types of background videos:

1) Ground-truth: The actual video used in karaoke sys-
tems.!

2) Top-1: A video composed by concatenating the top-
ranked segments for each song part based on moment
retrieval.

3) Re-ranked: A video composed by concatenating seg-
ments selected using the re-ranking scores.

The underlying moment retrieval model was based on
UniVTG. It was pre-trained on multiple VTG task datasets,
including QVHL [3], Charades [14], NLQ [15], TACoS [16],
ActivityNet [17], and DiDeMo [18], and then fine-tuned on an
augmented version of QVHL containing text queries derived
from lyric interpretations.

Participants rated each video using the seven items shown
in Table I. Items Q1-Q6 were rated on a five-point Likert
scale [19], while Q7 was open-ended. Lyrics were displayed
as subtitles during the evaluation, and the order of video
presentation was counterbalanced to mitigate order bias. The
questions covered the overall impression (Q1-Q3) and the
degree of consistency between the lyrics and the video content

(Q4-Q6).

B. Experimental Results

IThe Ground-truth videos are not exactly identical to the versions used
in commercial karaoke systems. While the selected video segments from the
source material are the same, the actual karaoke videos often include additional
visual effects at segment transitions or insert short clips to enhance visual
appeal. This study focuses exclusively on the segment selection process itself,
and the evaluation was conducted using videos without such post-processing.
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TABLE III: ¢-test results for subjective evaluation scores (p-
values).

Q1 Q2 Q3 Q4 Q5 Q6

GT vs. Top-1 0.115 0.142 0348 0329 0.042 0.045
GT vs. Re-ranked 0371 0249 0420 0.053 0.058 0.172
Top-1 vs. Re-ranked  0.191  0.020 0.225 0.012 050  0.169

1) Questionnaire Reliability: The reliability of the sub-
jective evaluations was assessed using Cronbach’s coefficient
« [20]. Table II shows the coefficient values for each video.
For the Ground-truth videos, the coefficient exceeded 0.8,
indicating high internal consistency. For the automatically
generated videos (Top-1 and Re-ranked), the coefficient was
slightly lower but within an acceptable range (within 0.05 of
0.8), suggesting that the subjective responses remained reliable
despite individual differences in preference.

2) Subjective Evaluation Results: Table III summarizes the
t-test results for the subjective evaluation scores across the
three video types.

For Q1-Q3, which assessed overall impression and natu-
ralness, there was no significant difference between the au-
tomatically generated videos and the Ground-truth videos,
indicating that the proposed method can produce videos with
a natural look and feel. However, some participants pointed
out that certain transitions still felt unnatural, indicating an
area for further improvement.

For Q4, which evaluated storyline consistency, the Re-
ranked videos achieved the highest scores, demonstrating the
effectiveness of optimizing segment combinations through re-
ranking.

For QS5, which examined whether the time of day and
season matched the lyrics, the automatically selected videos
scored significantly lower than the Ground-truth videos. This
suggests that clearly conveying seasonal and temporal context
remains a challenge, highlighting the need to improve the
prompts provided to the LLM and to further refine the moment
retrieval model.

For Q6, which evaluated the smoothness of segment tran-
sitions, the Top-1 videos scored significantly lower than the
Ground-truth videos, while the Re-ranked videos did not
show a significant difference. This indicates that re-ranking
contributes to smoother and more coherent transitions, al-
though some awkward cuts still remain and should be ad-
dressed in future work.

IV. CONCLUSION

In this study, we proposed an automatic method for selecting
karaoke background videos by combining lyric interpretation
using an LLM with moment retrieval based on the interpreted
descriptions. The effectiveness of the proposed approach was
verified through a subjective evaluation experiment. The results
showed that this method can generate background videos with
a level of naturalness comparable to those used in karaoke
systems by selecting video segments that closely align with the
semantic content of the lyrics. Notably, the proposed approach

received higher ratings than conventional karaoke videos for
how well the visuals matched the song’s narrative. Moreover,
by optimizing the combination of video segments through re-
ranking using a second round of moment retrieval, the method
further improved visual continuity and storyline coherence
across segment.
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