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Figure 1. Overview of the method proposed in this paper. Given a selected song, the pipeline generates video clips, which are then merged
into a music video. The figure includes screenshots from clips generated given the specified music. The examples feature the following
songs (from top to bottom): Dónal O’Connor and Muireann Nic Amhlaoibh: ”Fairy Jig”, Frank Sinatra: ”Strangers in the Night”, ”The
March of the Volunteers” (Chinese national anthem) composed by Niè Ěr, and Aphex Twin: ”Xtal”, which can all be found on our Github.

Abstract

Conventional music visualisation systems rely on hand-
crafted ad hoc transformations of shapes and colours that
offer only limited expressiveness. We propose two novel
pipelines for automatically generating music videos from
any user-specified, vocal or instrumental song using off-the-
shelf deep learning models. Inspired by the manual work-
flows of music video producers, we experiment on how well

latent feature-based techniques can analyse audio to detect
musical qualities, such as emotional cues and instrumental
patterns, and distil them into textual scene descriptions us-
ing a language model. Next, we employ a generative model
to produce the corresponding video clips. To assess the gen-
erated videos, we identify several critical aspects and de-
sign and conduct a preliminary user evaluation that demon-
strates storytelling potential, visual coherency and emo-
tional alignment with the music. Our findings underscore
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the potential of latent feature techniques and deep gener-
ative models to expand music visualisation beyond tradi-
tional approaches.

1. Introduction

This paper explores the processes of creating meaningful vi-
suals that support storytelling to accompany a piece of mu-
sic using AI-generated videos. Storytelling has been an im-
portant characteristic of social development; oral traditions
were once a key source of information communication by
contextualising valuable information in a medium of a story
[5, 53]. For some people, the ability of the story to conjure
images and visuals provided a stimulating means of learn-
ing and information acquisition [23]. The underlying idea
of this paper is based on the natural tendency of people to
associate music with other modalities, such as sight or touch
[7, 32]. Such innate cross-modal perception may have in-
fluenced early attempts to visually augment music, such as
George H. Thomas’s creation of a series of images that ac-
companied the live performance of The Little Lost Child in
1892, using a stereopticon [21]. At the same time, on the
other side of the world, Jean Sibelius (1865–1957) expe-
rienced synaesthesia — a condition in which he perceived
sounds and musical keys as vivid colours [49]. This blend-
ing of the senses enabled him not only to hear the natural
world but also to see it in music, translating the landscapes
of his homeland into compositions that evoke striking visual
imagery in the listener’s mind.

From the days of the stereopticon to the 20th and 21st
centuries, the evolution of audiovisual technology, from the
film camera and broadcast television to personal comput-
ers and the internet, has continuously reshaped how music
is experienced. These innovations paved the way for music
videos, transforming them into a widely recognised art form
that enhances the listener’s perception of music through vi-
sual storytelling [11, 36]. What began as individual sensory
experiences, such as Sibelius’s synaesthetic perceptions or
Thomas’s early visual accompaniments, has evolved into a
global multimedia phenomenon, demonstrating the growing
synergy between sound and vision in artistic expression.

AI-generated art has evolved from simple automated cre-
ations to complex works spanning across multiple artistic
domains [3, 10, 54]. This transformation has been largely
driven by advancements in deep learning, particularly in
generative models such as Generative Adversarial Networks
(GANs) [22] and diffusion models [6]. Today, AI-generated
works have been exhibited in galleries and have gained pub-
lic attention in art auctions. The development and attention
challenge traditional notions of artistic authorship and cre-
ativity [18]. In the field of music visualisation, AI follows
similar trends, automating what was once a handcrafted pro-
cess. Traditional methods relied on manual design to trans-

late music into visuals [40]. AI-powered tools, however,
introduce new solutions by automating the process, gener-
ating synchronised visuals from audio input. For instance,
text-to-image diffusion models can translate musical themes
and lyrics into visual sequences, but artists must manually
specify the input text for the models, e.g. [1], as fully auto-
mated solutions remain relatively sparse [33, 57].

This shift raises fundamental questions about the auton-
omy of AI in artistic creation. Some scholars argue that AI
systems function only as tools manipulated by human artists
[16, 25, 26], while others claim that AI possesses a degree
of creative autonomy, influencing the artistic process be-
yond mere execution [4]. Our research broadly aims to ex-
plore the potential for fully automating the art creation pro-
cess, contributing to this ongoing debate about the agency
of human creators versus AI models. Moreover, audience
perception of AI-generated art remains an open discussion,
as different studies show that human-created artworks are
generally rated higher in expressiveness compared to AI-
generated ones [29, 30]. Ethical concerns, particularly re-
garding training data and originality, further complicate de-
bates on creative ownership of AI-generated artworks [10].

Art is created for human experience [10], and its cre-
ation has traditionally been an exclusively human domain
[14]. The introduction of generative AI into this area is not
merely a technological shift but an ethical one, challenging
the value of human skill and creative labour. Indeed, new
advances in generative AI blur the lines between human-
made, human-curated, and human-inspired art [19, 44].
This ambiguity creates ethical and legal challenges regard-
ing authorship and copyright, as it becomes difficult to dis-
entangle the contributions of the user, the AI model, and the
creators of the original training data [34]. Consequently, the
ongoing integration of AI into the arts necessitates a deeper
ethical framework to address issues of labour devaluation,
creative authenticity, and the ownership of computationally
generated culture.

One of the most technically developed, yet ethically sen-
sitive, applications of audio-to-video generation is speech-
to-lip synchronisation, often used to create photorealistic
talking heads [38]. In contrast, our work focuses on a
less sensitive and less explored task: generating video di-
rectly from music to support creative storytelling. While
text-to-video generation has advanced significantly with the
rise of latent diffusion models and transformer-based archi-
tectures [2], audio-to-video synthesis from music remains
an open research challenge. Early forms of music visu-
alisation, such as those found in Windows Media Player
[45], rely on signal processing techniques like Fourier trans-
forms and spectrograms to create reactive animations. More
recent tools, such as Specterr [57] or Kaiber [33], of-
fer stylised audio-reactive visuals via templates and sim-
ple heuristics. However, these systems lack semantic un-
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derstanding, narrative structure, or temporal visual consis-
tency. Their methodologies are proprietary and scientifi-
cally undocumented. Similarly, several commercial tools
use AI for audio-to-video generation, including Revid [56],
NeuralFrames [47], and EasyVid [15]. However, none pro-
vide technical details, and many rely heavily on lyrics or
the additional user-input via text-prompts for content and
style guidance, hence limiting their generalizability to au-
dio without lyrics. A related studied domain is body mo-
tion synchronisation with music, such as generating perfor-
mance videos of people playing instruments or dancing. For
instance, Zhu et al. [62] present a pipeline for synthesising
videos of instrumental performances from raw audio. Sim-
ilarly, Ren et al. introduce a method capable of aligning
a generated dance sequence with the beat and rhythm of a
song [51]. Those approaches aim to synchronise audio and
generated human motion, smoothly capturing rhythmic and
stylistic features. However, they are typically restricted to
controlled human poses and fixed camera settings, hence
hindering broader scene synthesis or narrative depth.

One recent solution towards music-to-video storytelling
has been proposed by Agarwal et al. [1], who offer a
pipeline that generates music videos using lyrics, estimated
emotional tone, and user style preferences. Their method
relies on Whisper [50] to extract lyrics, followed by emotion
estimation and LLM-based text refinement [48]. The result-
ing text is used as input for Stable Diffusion [52] to gener-
ate images, which are interpolated into a cohesive video.
However, the method is limited to music with lyrics, and its
visual coherence is heavily dependent on textual accuracy.

In contrast, our work is designed to generalise to any
musical input, including instrumental and non-verbal au-
dio, enabling music-first video generation without reliance
on lyrics. Inspired by the human workflow used by music
video creators, our approach to computational synaesthesia
aims to build on this foundation to provide appealing audio
and music visualisations, as shown in Figure 1.

The pipelines we propose present a novel approach to
achieve computational synaesthesia in a technically sophis-
ticated way that is also guided by (a) AI governance and
ethics, and (b) artistic considerations to support greater
value alignment in the model. In this way, the model design
is informed by an ethics-by-design framework that com-
bines the considerations from technical, artistic and gov-
ernance points of view. The research takes a human-centric
approach to computational synaesthesia by appealing to five
key design features; (i) developing the pipeline on a human
workflow, (ii) using natural language as the key medium
of processing, (iii) informing the pipeline by the defining
component of human synaesthesia as sensory transforma-
tion, (iv) informing the pipeline with Artist values and (v)
informing the approach with AI governance, risk and ethi-
cal assessment. Note that one of our key design choices in-

volves the use of text as a medium to keep the interpretabil-
ity of the AI methods high, including being able to comply
with the artist’s values and AI ethical standards.

The contributions of the paper are as follows.
• Instrumental Music Visualisation Unlike lyric-based

methods, this approach only relies on instrumental cues
to drive visuals. This enables video generation for instru-
mental and lyrics-featuring music alike.

• Latent Feature Techniques for Audio–Text Alignment

We explore the potential of using contrastive language-
audio pre-training (CLAP) and large audio language mod-
els (LALM) to extract zero-shot, high-level musical at-
tributes to represent an audio piece and write a story in-
spired by the music.

• LLM-Based Scene Scripting We use a large language
model to translate CLAP-derived descriptors into concise,
narrative-like scene prompts, guiding text-to-video gener-
ation.

• Degree of AI Agency in Art Creation We pose questions
about the degree of freedom with which an automated
pipeline can generate art independently or with minimal
guidance, and the cultural and artistic qualities and chal-
lenges the results imply.

• AI Music Video Evaluation We design and conduct a
user survey to evaluate the quality of storytelling and vi-
sual content of the generated samples. We complement
this survey by holding a more in-depth interview on the
AI video generation capabilities of the pipelines.

• Code is published on Github1.

2. Method

We base our pipelines on existing models and systems de-
scribed in this section.

2.1. Contrastive Language-Audio Pre-training

Contrastive language–audio pretraining (CLAP) [17] lever-
ages contrastive learning to align audio signals and natural
language descriptions in a joint embedding space. CLAP
was trained on 128k audio-text pairs and evaluated on 16
downstream tasks spanning 8 different domains, demon-
strating its versatility and robustness in modelling audio
concepts. We leverage the foundation model in our pipeline
for zero-shot audio analysis based on predefined class labels
that we manually specify. Given an arbitrary musical in-
put, vocal or instrumental, CLAP generates semantic labels
which describe the audio’s characteristics, e.g. as ‘melodic
piano’, ‘upbeat tempo’, or ‘sad and moody strings’. These
high-level textual descriptors encapsulate the musical con-
tent without the need for large domain-specific datasets or
extensive manual labelling, and therefore are particularly

1https://github.com/goodPointP/Results-For-Music-Visualization-
Generation-Pipeline
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valuable for music visualisation tasks. They are later used
by a large language model to construct scene descriptions
and narrative elements for the output video.

2.2. Large Audio Language Models

LALMs represent an emerging paradigm in multimodal ar-
tificial intelligence, designed to process and comprehend
raw audio signals in conjunction with natural language [20].
Unlike conventional audio analysis techniques that rely on
predefined feature extraction, LALMs are trained on exten-
sive datasets of aligned audio and text, enabling them to de-
velop a holistic understanding of complex auditory informa-
tion, including musical structure, emotional valence, genre
characteristics, and implicit narrative potential [13]. This
integrated comprehension facilitates a semantically rich in-
terpretation of audio, bridging the gap between acoustic
phenomena and linguistic description.

In one of our two pipelines, we harness the advanced ca-
pabilities of LALMs to directly generate a coherent narra-
tive concept or short story that thematically and emotionally
resonates with a given input song. This method diverges
from the CLAP-based approach by providing the raw au-
dio track directly to the LALM, thereby circumventing the
need for explicit, pre-extracted audio features. The LALM
is prompted to synthesise a narrative concept that themat-
ically and emotionally follows or would fit with the given
song. This task evaluates the LALM’s interpretive and
generative capacities: its ability to infer abstract concepts
such as mood, energy, and temporal progression from au-
dio data, and subsequently translate these inferences into a
structured, imaginative narrative suitable for a music video.

LALMs show potential to generate narratively coherent
and emotionally aligned textual scripts with the given mu-
sical piece. The resulting narrative is then either directly
translated into scene descriptions by the LALM itself or fur-
ther processed by a reasoning Large Language Model to de-
compose the narrative into concrete, segment-aligned visual
prompts for the subsequent text-to-video generation stage.

2.3. Large Language Models

Recent advances in large language models (LLMs) have
made them adept at performing a wide range of tasks, from
summarisation to complex reasoning and creative text gen-
eration [39, 42, 61]. In our workflow, we utilise LLMs
specifically as a “video script-writing tool,” responsible for
transforming CLAP-derived audio descriptors into coherent
and contextually rich textual scene outlines.

We used DeepSeek-R1-Distill-Llama-8B by
DeepSeek [12], a reasoning-LLM [59] that combines the
efficiency of a distilled model [60] with the advanced rea-
soning capabilities typical of larger parameter models [43].
We find that the said model can interpret nuanced audio con-
cepts from CLAP’s output classes and use this knowledge

to generate a detailed narrative structure that aligns with the
mood and style of the music.

This reasoning step ensures that the generated video
scenes are not merely random visual montages but are in-
stead guided by a coherent storyline or thematic arc, re-
flecting the emotional landscape of the audio. The LLM-
based approach makes it easy to iterate and refine prompts
by adjusting textual descriptions or keywords, thus offering
flexibility in shaping the final visual output.

2.4. Text to Video Models

The last stage of our pipeline involves converting the refined
textual prompts into video clips using diffusion-based text-
to-video models. Diffusion models have recently gained
popularity for their ability to generate high-fidelity images
and videos by iteratively denoising random noise toward
a target distribution [27, 28]. However, when extending
diffusion techniques from images to videos, several chal-
lenges arise, such as limits in clip length and resolution, in-
put prompt sensitivity and quality of human faces and over-
all image consistency. Obtaining realistic human faces re-
mains particularly difficult; many models tend to produce
distorted or unstable facial features, which can be distract-
ing or diminish the overall video quality [31]. Moreover,
we find the outputs to be dependent on the concise wording
of the input textual prompt. This quality poses a challenge
for this method, as the prompts themselves are generated
by another model, without human supervision. In our work,
we utilise two models; mochi-1 by GENMO [55] for the
first pipeline, and WAN 2.1 [58] for the second approach.

3. Two Audio to Video Pipelines

We propose two pipelines that utilise tools presented in Sec.
2. Both pipelines follow the steps described under Fig. 2,
with slight variations regarding audio analysis and video
script generation. They use off-the-shelf models and pro-
duce human-readable, interpretable intermediary steps.2

3.1. Pipeline 1: CLAP-based approach

The first pipeline utilises CLAP to comprehend the style,
contents and emotions from a piece of audio. The main
steps include:
1. Audio Segmentation. Input song is split into multiple

audio segments of varying lengths (Section 3.3.1).
2. Audio Analysis. Each segment is analysed by CLAP to

extract segment-specific features, while the entire track
is also analysed to determine its overall style and mood
(Section 3.1.1).

3. Script Generation via LLM. The extracted features are
passed to a large language model (LLM) with a custom

2The intermediary results, including the segmentation results, LLM
prompts and the resulting scripts, are saved as individual text files.
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Song Input Segment song Analyse and generate scripts

Generate Video ClipsConcatenate ClipsOutput Video

Figure 2. Overview of the pipelines. The video for a selected song is generated through four main steps: (1) segmenting the song, (2) audio
analysis and script generation, (3) generating video clips using text-to-video models from the script, and (4) assembling the final video.

prompt instructing it to produce a music video script.
The script comprises succinct scene descriptions (Sec-
tion 3.1.2).

4. Text to Video Generation: Each scene description from
the LLM is used to prompt a diffusion-based text-to-
video model, generating video clips (Section 3.3.2).

5. Final Assembly. The generated video clips are concate-
nated and overlaid with the original audio, yielding the
final music video.

This multi-step strategy leverages the combined strengths
of audio understanding (via CLAP), narrative construction
(via LLM), and visual synthesis (via diffusion models) to
produce a thematically consistent and music-driven video
while leaving room for explainability, as the results of every
intermediate step can be accessed and analysed.

3.1.1. Identifying and Selecting Relevant Class Labels

for CLAP

Once the audio track is segmented, each segment is anal-
ysed with CLAP to obtain semantic class labels. We use
three types of class labels:
• Segment-wise Class Labels. These labels capture at-

tributes relevant to each segment’s momentary content
and are based on concepts from musical theory [8, 46].
Some examples include: instrumental intensity, promi-
nent elements, dynamic shifts, and rhythmic and transi-
tional functions. By focusing on these localised attributes,
segment-wise labels enable the system to highlight the
specific musical nuances that define each clip.

• Overall Content Style. At the track level, we derive
broader attributes such as genre, tempo range, and mood.
These attributes are chosen to help the LLM maintain a
consistent theme or storyline across the entire video.

• Overall Visual Style. We also provide CLAP with
prompts to generate or confirm a suitable overall visual
style informed by the musical mood.

By combining segment-specific and track-wide analyses,
we obtain a set of descriptors that guide the subsequent
script generation and video synthesis steps.

3.1.2. Music Video Script Generation

We deploy a reasoning-LLM to produce a structured mu-
sic video script. This script details each scene’s visuals in
a concise, thematically consistent manner, reflecting both

the segment-wise attributes (e.g. changes in instrumenta-
tion or intensity) and the track-wise mood and style. The
LLM prompt is constructed to include:
• Story or Structure Cues. Encouraging the LLM to gen-

erate a coherent narrative.
• Characters. If desired, specify the type and number of

characters (human or otherwise) to appear in the video.
• Technical Constraints. Number of scenes, we specifi-

cally instruct it to use a maximum of one sentence per
scene description.

• Audio-based Context. Placeholders where the CLAP-
derived labels are injected to inform the scene content.

• Stylistic Guidelines. Overall visual style (colour palette,
atmosphere) that is consistent with the track’s mood.
An example of the prompt structure in pseudocode can

be found in the Supplementary Material, together with ex-
amples of a prompt generated this way and its correspond-
ing response. This approach ensures that the final output
is straightforward to parse, limiting extraneous content that
might confuse the text-to-video model in subsequent steps.
Each scene description corresponds directly to one audio
segment within the overall timeline. This way of parsing
enables providing each scene prompt into the text-to-video
model without further manual intervention or editing.

3.2. Pipeline 2: LALM-based approach

This alternative pipeline explores a more integrated ap-
proach to music video generation by leveraging the capabil-
ities of an LALM. Unlike the CLAP-based method, which
relies on explicit audio feature extraction and subsequent
LLM prompting, this approach aims to derive the visual
narrative directly from the LALM’s ability to use a piece of
audio as input. The LALM is prompted to generate a con-
cise short story or narrative arc that thematically and emo-
tionally aligns with the given song. This story serves as the
conceptual blueprint for the entire music video, aiming to
capture the song’s essence in a coherent textual form.

The generated story is then used to inform the cre-
ation of individual scene descriptions. We achieve this by
prompting the LALM itself to break down its story into
segment-aligned visual cues, and then using a reasoning
LLM to interpret the story and generate prompts for each
pre-determined audio segment (as per the method in Sec-
tion 3.3.1). The goal is to translate the overarching narra-
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(a) Classical (b) Jazz (c) Pop

(d) Heavy Metal (e) Old Blues (f) Vocal Jazz

Figure 3. Screenshots captured from final video outputs featuring the songs of specified genres. As hinted by the screenshots, the style and
content of the results vary based on the subjectively perceived style and mood of the input song.

tive into concrete scene descriptions that correspond to the
song’s temporal flow. Similar to the first approach, each
scene description derived from the LALM’s story is fed
into a diffusion-based text-to-video model to generate cor-
responding video clips. These clips are then concatenated
in chronological order and overlaid with the original audio
track to produce the final music video.

This LALM-based approach offers the potential for more
creatively coherent and emotionally resonant music videos,
as the entire visual narrative stems from a single, integrated
understanding of the audio. It reduces the need for man-
ual feature engineering (like CLAP labels) and allows the
model to infer relationships between audio elements and vi-
sual concepts without guidance, eliminating the bias intro-
duced by overly specific human instructions. However, it
relies heavily on the LALM’s ability to accurately interpret
musical nuances and translate them into compelling narra-
tives, which can be less predictable than explicit feature-
based prompting.

3.3. Shared pipeline components

3.3.1. Segmentation

To segment the audio track, we experiment with two ap-
proaches. The first is a randomised segmentation method,
producing segments of durations (randomly) varying be-
tween 4 and 8 seconds in length. Additionally, we devel-
oped a rule-based system which attempts to mimic how a
human video editor might decide on cuts in a music video.
The designed system makes every cut occur due to one of
three possible factors:

• Significant frequency changes in the music.
• The passage of a certain number of beats since the last

segment change.
• If the current segment has reached a predefined maximum

duration of 7 seconds, forcing a cut.

3.3.2. Generating Videos

We generate video clips given the textual descriptions. For
this task, we employ two diffusion-based text to video
models, mochi-1 (CLAP-based pipeline) and WAN 2.1
(LALM-based pipeline). Each scene description, usually
limited to a single sentence, is the input prompt for the
model. We try to mitigate this limitation by including over-
all style guidelines that help maintain a unified look. After
each clip is generated, the results are concatenated follow-
ing their original chronological order and overlaid with the
music track.

4. Experiments

In this section, we present our experimental setup and eval-
uate the performance of the pipeline on a diverse set of mu-
sical examples. Pipelines were run using an NVIDIA H100
GPU with 80 GB of VRAM. To evaluate the pipeline’s ro-
bustness and generalizability, we assembled a diverse set
of music tracks that cover a wide range of styles, tempos,
and thematic contexts. This set includes self-collected, non-
studio-mastered Irish folk music and a variety of commer-
cially available tracks from genres such as ‘blues’, ‘jazz’,
‘heavy metal’, and ‘classical music’. This diversity allows
for a comprehensive assessment of how the system handles
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different audio characteristics and artistic intents. Figure
3 shows sample screenshots taken from various generated
videos. For a more comprehensive understanding of our
results, we invite the reader to visit our dedicated Github
repository3 where a selection of generated music videos and
the source code are publicly available.

We conducted a within-subject evaluation with an ad-
hoc sample consisting of five participants who were unaf-
filiated with the project to assess the narrative quality and
visual coherence of videos generated by the two generative
pipelines. The study was approved by the IT University of
Copenhagen Ethics committee (No. 2023 – 1767-1217861).

4.1. Exploratory Generative Pipeline Evaluation

Each participant watched a total of six music videos, with
three generated by CLAP (genres: Jazz, Vocal Jazz, Tradi-
tional Irish Folk Song) and three by LALM (genres: Pop,
Vocal Jazz, Heavy Metal). The videos were presented in
randomised order, and the participants were not informed
of which pipeline generated which video.

After each music video, participants completed a sur-
vey assessing five dimensions4 on a 7-point likert scale
(Strongly Disagree - strongly agree): Storytelling (7 items),
Visual Impression (5 items), Transitions (6 items), Emo-
tional Consistency (4 items), and Overall Impression (6
items). After each dimension, an open text box was pre-
sented for the participants to explain their reasoning behind
the ratings. For each video, the responses were averaged per
dimension to obtain a single rating per participant, video,
and dimension. This resulted in 15 ratings per pipeline for
each dimension. For the distribution of these ratings across
all videos, grouped by pipeline and evaluation dimension,
see Figure 4. A complete list of survey items is provided in
Section 7.

On average, CLAP achieved a higher overall rating (M =
2.93, SD = 1.01) than LALM (M = 2.64, SD = 0.89). For the
mean and standard deviation of participant ratings for each
dimension and pipeline, see Table 1. Visual inspection of
the plot in Figure 4 seems to indicate that the CLAP model
tends to score slightly higher across all dimensions than the
LALM pipeline. As the sample of five participants and six
music videos is too small to draw meaningful conclusions,
these results should be considered exploratory. Genre was
not controlled across pipelines, so differences may also re-
flect subjective preferences and preconceptions about what
videos in these genres should look like, rather than differ-
ences in generation quality. The sample size also prevents
internal validity checks for the self-created rating dimen-
sions, which should be addressed in future work, along with
the open-ended responses.

3https://github.com/goodPointP/Results-For-Music-Visualization-
Generation-Pipeline

4Items for the survey were created by the authors.
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Figure 4. Participant Ratings by Dimension and Generation
Pipeline. Violin plots show the distribution of participant ratings
across five evaluation dimensions (Storytelling, Visual Impression,
Transitions, Emotional Consistency, and Overall Impression) for
the Contrastive language–audio pretraining (CLAP) and Large
Audio Language Model (LALM) video generation pipelines. Each
dot represents a participant’s average rating for a specific genre
within a given pipeline. Black diamonds indicate the pipeline
mean, and black vertical bars represent the standard error (SE)
around the mean. Ratings for Storytelling range from 1 (low) to 7
(high), while all other dimensions use a 1–5 Likert scale.

Table 1. Means (M) and standard deviations (SD) of participant
ratings per evaluation dimension and pipeline. Note. Ratings were
averaged across 5 participants and 3 videos per pipeline (15 ratings
per dimension, 75 entries per pipeline overall rating). CLAP =
Contrastive Language–Audio Pretraining; LALM = Large Audio
Language Model.

Dimension CLAP LALM
M SD M SD

Emotional Consistency 3.18 0.79 2.97 0.96
Overall Impression 2.43 0.67 2.21 0.64
Storytelling 2.99 1.43 2.30 1.06
Transitions 2.78 0.98 2.77 0.67
Visual Impression 3.27 0.90 2.95 0.84
Overall Rating 2.93 1.01 2.64 0.89

4.2. Qualitative Evaluation

To evaluate the effectiveness of the generated music videos,
a preliminary interview was conducted with two partici-
pants who reviewed all steps of the pipeline outputs. One
of the participants interviewed is a non-expert, and one is a
professional videographer. When reviewing the video out-
puts, the feedback revealed several key areas for improve-
ment, primarily centred on the lack of visual and narrative
consistency, supporting the low ratings for dimensions in
the quantitative ratings. A recurring critique was that the
videos lacked a unifying artistic vision, with inconsistent
colour palettes, lighting, and overall visual styles from one
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shot to the next. This disjointedness was reported to feel
like a collection of stock footage, which prevented viewers
from becoming emotionally invested. This issue was com-
pounded by a lack of character consistency, where protago-
nists would frequently change appearance or even species
(”Vocal Jazz, LALM-Based method” example5) between
shots, breaking the narrative thread.

When reviewing the text outputs, such as the narrative
concepts and screen scripts, participants also offered feed-
back on the AI-generated stories that guided the video gen-
eration in the LALM-based pipeline. The high-level nar-
rative concepts were generally well-received and regarded
as fitting to the music in question. A more nuanced cri-
tique concerned the writing style; a uniform, matter-of-fact
tone was perceived as effective for some genres (e.g., metal)
but felt emotionally detached for more narrative-driven con-
cepts. Participants suggested that these scripts would be
more compelling with a ’literary flair’ tailored to the spe-
cific mood of the music.

A key recommendation was to provide the video model
with stronger and more persistent stylistic prompts, such as
a predefined colour palette or specific aesthetic references,
to ensure a unified look and feel. Furthermore, feedback in-
dicated the need for mechanisms to maintain character iden-
tity across all generated clips and to adapt the narrative style
of the script to the song’s genre. Despite these critiques, par-
ticipants noted that the AI was often successful at capturing
the general mood and theme of the music without access to
the lyrics, suggesting that the core concept of the pipeline
is promising but requires further refinement in execution to
achieve narrative and visual cohesion.

5. Conclusions

5.1. Summary of Findings

Our results show that both CLAP and LALMs can effec-
tively extract meaningful audio features from various musi-
cal inputs, and when combined with a reasoning-focused
LLM and concise prompts, yield coherent, stylistically
aligned video scripts. This is based on the fact that in the in-
terviews, the narrative concepts were perceived as fitting the
music, unlike the resulting video outputs. Although the dif-
fusion model can effectively visualise these scripts, it often
lacks visual consistency. Overall, these findings highlight
the potential of integrating latent audio feature extraction
techniques with LLM-driven text to video generation for
creating compelling, conceptually coherent music videos.

5.2. Limitations

When the generated scripts involve recurring characters (es-
pecially human characters), the text-to-video model often

5https://github.com/goodPointP/Results-For-Music-Visualization-
Generation-Pipeline?tab=readme-ov-file#vocal-jazz-1

struggles to maintain visual consistency across scenes. Ev-
ery new clip often differs from the one before in style, mo-
tion and colour. With characters, the variations in facial fea-
tures, clothing, or style can undermine narrative continuity.

5.3. Future Work

Looking ahead, we identify several research directions that
could significantly enhance the quality, responsiveness, and
ethical considerations of our pipeline:

Improving visual consistency. As reported by the sur-
vey participants and the conducted interview, improving
character consistency would have a positive impact on sto-
rytelling and thus the coherency of the final video.

Incorporating lyrics. Incorporating lyrics into the
prompt could deepen the LLM’s understanding of the
track’s narrative and might lead to scene descriptions that
more accurately reflect lyrical themes or storylines.

AI and Art: Creative Collaboration and Authorship.

Exploring how human creators can guide AI’s creativity,
and how AI’s role may evolve in shaping artistic expression.

Condoning a larger, expanded user study. To better
understand where differences in AI-generated video quality
arise, future evaluations could assess intermediate outputs
of the generation process. This would help clarify whether
using specialised models for specific steps, such as emo-
tion detection, script generation, or video synthesis, results
in higher-quality outputs or whether general-purpose mod-
els can handle the full pipeline. It would also be useful to
conduct more in-depth interviews to explore how people in-
terpret and evaluate AI-generated video content. This is es-
pecially relevant, as prior work has shown that perceptions
of AI are shaped not just by task performance, but also by
underlying expectations [35, 37], preconceptions [9], trans-
parency [41], and narratives [24]. Future work could also
include comparisons to professionally produced or human-
curated videos to better understand how generated content
is judged relative to real-world storytelling standards.

By addressing these directions, we aim to develop an
approach that is aesthetically compelling and contextually
sensitive, ultimately empowering artists, content creators,
and end-users to generate music videos that are aligned with
their musical inspiration.
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