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Abstract

In this work, we implement music production for silent film
clips using LLM-driven method. Given the strong profes-
sional demands of film music production, we propose the
FilmComposer, simulating the actual workflows of profes-
sional musicians. FilmComposer is the first to combine
large generative models with a multi-agent approach, lever-
aging the advantages of both waveform music and symbolic
music generation. Additionally, FilmComposer is the first
to focus on the three core elements of music production
for film—audio quality, musicality, and musical develop-
ment—and introduces various controls, such as rhythm, se-
mantics, and visuals, to enhance these key aspects. Specifi-
cally, FilmComposer consists of the visual processing mod-
ule, rhythm-controllable MusicGen, and multi-agent as-
sessment, arrangement and mix. In addition, our frame-
work can seamlessly integrate into the actual music pro-
duction pipeline and allows user intervention in every step,
providing strong interactivity and a high degree of creative
freedom. Furthermore, we propose MusicPro-7k which in-
cludes 7,418 film clips, music, description, rhythm spots
and main melody, considering the lack of a professional and
high-quality film music dataset. Finally, both the standard
metrics and the new specialized metrics we propose demon-
strate that the music generated by our model achieves
state-of-the-art performance in terms of quality, consistency
with video, diversity, musicality, and musical development.
Project page: https://apple—jun.github.io/
FilmComposer.github.io/

1. Introduction

The music in films can enhance visual content, guide emo-
tions, and support narrative flow. However, manual music
production is time-consuming and requires specialized ex-
pertise. Therefore, developing a fast, effective and user-
friendly Al approach for film music production would assist
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Figure 1. A schematic of our work. The left column illustrates
the actual steps taken by human musicians in music production,
while the middle column represents the corresponding simulated
blocks in the FilmComposer. The inputs and outputs at each stage
are depicted on the right, visually demonstrating how film clips are
gradually transformed into the final music.

experts in producing music more efficiently, while also en-
abling non-experts to create high-quality music with ease.
The challenge of Al music production lies in meeting
the high standards of quality, musicality, and development.
Typical music for film demands at least a 48kHz sampling
rate and 24-bit depth, which current models are still far
away from. It requires not only technical excellence but
also heightened musicality, encompassing both expression
and aesthetics. The most overlooked one, Musical devel-
opment, refers to the evolution of themes and motifs over
time, greatly contributing to audio-visual consistency.
Previous work focused on optimizing audio token com-
pression to improve music quality. However, even the most
advanced token interleaving patterns [7] and stable audio
techniques [11] fail to meet the required standard. Since the
introduction of MusicLM [2], large language models have
gained significant attention, notably improving musicality.
Following the open-sourcing of Meta’s MusicGen [7], large
language models have been widely integrated into various
frameworks [21, 26]. While musicality has improved, con-
trol remains limited. Some research has explored adding
conditions, such as rhythm [9, 21, 24, 45], timing [11], and
melody [7, 21]. Yet, these methods tend to either compro-
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mise musicality or only achieve superficial control, lacking

effective musical development. In summary, breakthroughs

have been made, but it remains insufficient for the specific
demands of music production for film.

To address the challenges above, we propose FilmCom-
poser which imitates musicians to produce music for film,
including spotting, composition, arrangement and mix.
Corresponding to the general three steps, FilmComposer
consists of visual processing, rhythm-controllable Music-
Gen, and multi-agent assessment, arrangement and mix. To
train FilmComposer, We also construct a professional film
music dataset named MusicPro-7k, comprising 7K video-
music pairs, descriptions, main melodies, and rhythm spots.

Specifically, we process film clips to build description
and precise rhythm control for spotting. Next, we inte-
grate a rhythm conditioner into MusicGen and fine-tune it
to compose in sync with rhythm cues, ensuring strong mu-
sicality and video alignment. This adaptation makes the
model the first large language model for film-to-music gen-
eration, with generating music from visual input lowering
the threshold of large language model usage. Addition-
ally, we designed an agent-based musicality metric to filter
generated melodies, ensuring a main melody with strong
musicality. Next, we develop a multi-agent system based
on large language models to arrange the generated main
melody, which means organizing musical elements to sup-
port thematic, emotional and narrative progression. It en-
hances the musicality and provides excellent musical devel-
opment. Then the multi-agent system operates a digital au-
dio workstation (DAW) to arrange, mix, and finally output
a high-quality and ready-to-use music for silent film clips.
Our contributions are summarized as follows:

* We propose the FilmComposer, functioning as a musi-
cian, highly interactive and seamlessly integrated into ac-
tual production pipelines.

* We construct Rhythm-Controllable MusicGen and fine-
tune it by self-created multifunctional film music dataset
MusicPro-7k, enabling it to generate music that aligns
with film clips while maintaining strong musicality.

* We integrate a multi-agent system to enhance musical de-
velopment, resulting in music that excels in quality, di-
versity, musicality, and audio-visual consistency, as vali-
dated by newly proposed evaluations and user study.

2. Related Work

2.1. Music Generation

Waveform music generation. The question of whether to
use symbolic music generation or waveform music genera-
tion remains a contentious issue. Waveform music benefits
from its prevalence, supported by a wealth of generation
models [2, 7, 11, 18, 21, 25, 34] and vast amounts of mu-
sic data [2, 11, 18, 34], resulting in typically richer outputs.

However, it suffers from generally poor sound quality, fre-
quent noise and distortion, and less effective control.

Symbolic music generation. Symbolic music records how
music is performed and thus captures the essence of mu-
sic more closely, allowing for finer control and resulting
in more pleasing melodies [0, 8, 22, 41]. Leveraging the
unique characteristics of symbolic music, some studies have
moved away from commonly used models like transform-
ers and diffusion for music generation. Instead, they em-
ploy the multi-agent approach, achieving impressive results
with greater simplicity [6, 8, 41]. However, symbolic music
generation relies on MIDI datasets, which are scarce and
resource-intensive to build. As a result, symbolic music
generation models struggle to achieve large-scale deploy-
ment, leading to repetitive and monotonous music.

Aiming to harness the richness of waveform music while
leveraging the high quality of symbolic music, we propose
FilmComposer, which effectively integrates both strategies.

2.2. Video to Music Task

Video to music generation. The task of generating music
for human-centric videos has been around for some time,
primarily focusing on dance and concert [12, 42, 44], where
clear human movements dictate the musical rhythm. Sub-
sequently, CMT [9] pioneered the concept of video back-
ground music generation, enabling music creation for more
flexible video formats, particularly suitable for short videos.
CMT focuses on the rhythm alignment, connecting video
and music by extracting their corresponding features. Diff-
bgm [24] continued to explore rhythm control, yielding new
advancements. Additionally, certain studies [19, 26, 45]
have focused on semantic alignment, with M2UGen [26]
incorporating text controls for music generation, achieving
impressive results. VidMuse [36] has begun exploring more
specialized scenarios, such as music generation for adver-
tisements and trailers, employing long-short sequence mod-
eling to achieve multiple controls simultaneously.

Music retrieval. Music Retrieval also receives attention
in recent studies [30, 35, 40, 43], with some works exam-
ining the relationship between video, audio and language
[15, 37], others guiding music recommendations based on
description [27] or dialogue [10].

However, the works above ignored exploring film mu-
sic or considering the actual requirement of music produc-
tion. Therefore, our work is the first to focus specifically
on music production for film, requiring the generated mu-
sic to be more professional and closely aligned with various
aspects of film clips. Meanwhile, our approach integrates
more user-friendly rhythm control and text control, result-
ing in more refined results.
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Figure 2. The framework of FilmComposer. Three large color
clips pass sequentially, ultimately outputting a waveform. The
production process, from setting the rhythm points, composing, to

2.3. Dataset

Most video-to-music datasets only focus on generating mu-
sic for human-centric videos—dance [23, 40, 44] or concert
[26]. MuVi-Sync [19] collects music videos characterized
by a pop-oriented style, unsuitable for film music produc-
tion. V2M [36] has gathered a more diverse set of video
music data, but it primarily covers advertisements and trail-
ers, with severe audio degradation caused by the mute oper-
ations. It leans toward advertising and differs from true film
music. Since the professional requirements for music pro-
duction are significantly higher than these types of music,
there is still a lack of high-quality, large-scale, specialized
film music datasets. To address this problem, we construct
a dedicated dataset MusicPro-7k including film clips and
music pairs, descriptions and rhythm spots.

3. Method

Overview. As shown in Fig. 2, FilmComposer con-
sists of three main modules—visual processing, rhythm-
controllable MusicGen and multi-agent assessment, ar-
rangement and mix—to simulate the process of a human
musician producing music for film. In Sec. 3.1, we perform
visual processing on input film clips to construct rhythm
conditions, shape visual language, and extract motion de-
scriptions, simulating the analysis and spotting process.
In Sec. 3.2, the Rhythm-Controllable MusicGen generates
melodies with high musicality, aligned with the rhythm
spots and visual language. The melody is transcribed into
MIDI and ABC notation for further professional work. In
Sec. 3.3, a multi-agent system assesses the melody’s musi-

Sequential Chat | Finetune }{fg Freeze t Module

blocks represent the three main modules, through which the input Film
three blue blocks with musical notation illustrate the complete music
arranging and mixing.

cality. if it fails to meet the standard, the previous module
will be ordered to generate a new melody. Otherwise, the
system proceeds with arrangement and mix, mapping out a
scheme and instructing a digital audio workstation to exe-
cute it, ultimately generating cinematic-quality music.

3.1. Visual Processing for Film Clips

When generating music for film clips, three key aspects
must be considered: first, the music should align with the vi-
sual content to enhance the atmosphere; second, it must fol-
low the pacing of the film clips; and third, it should reflect
higher-level film semantics, such as emotions, themes, and
plot development. To address this, we do visual processing
to extract these three components from the film clips.

First, we modify CMT [9] into the CRT—Controllable
Rhythm Transformer, which processes video and generates
rhythm points. To be specific, we introduce an algorithm
that extracts the main melody from symbolic music, and
then flatten it into a rhythm. The algorithm calculates track
coverage and note ratios, using instrument performance
characteristics to identify the lead instrument. The cover-
age Coverage; for the i-th track is:

T;

Tmusic

6]

Coverage; ,
where T; is the total time during which the notes of the i-th
track are played, and 7}, ;¢ is the music duration.

The note ratio R; for the i-th track is calculated as:

n;
Z’ﬂ

i=1 "k

R; = 2

)
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where n; is the number of notes in the ¢-th track.

If the lead instrument’s coverage is insufficient, we
incorporate additional tracks until the total coverage
Coverage meets the threshold, computed as:

2n—1

! I(N(t;) > 0) - (tix1 —ti), (3)

Coverage =
music i—1

where Tusic is total music duration; {t;}?", is ascend-
ing sequence of all note-onset and note-offset timestamps;
N(t) is active note count at ¢, incremented for note-onset
and decremented for note-offset; I(-) is indicator function.

Second, drawing from audio-visual language and music
emotion analysis theory [16, 17, 33], we designed visual
attributes: setting, brightness, color hue, action, emotional
tone, view scale, and theme. ChatGPT-4V [1] is used to
efficiently recognize these attributes from selected frames.

The elements extracted above are enough to guide the
composition, but more is needed to guide the arrangement
and mix. So third, We employ open-source algorithms [1,
4, 5] to extract motion speed, motion saliency, shot cut, and
plot development. Motion speed Siotion for each video
segment is calculated as:

1 N
S7notion = N Zl Mi; (4)

where M is the optical flow magnitude at the ¢-th frame.
The motion saliency Ssaliency is the mean of the posi-

tive changes in optical flow magnitude between consecutive

frames—the average increase in motion intensity:

N+
1
Ssatiency = 7 D (Mi = Mi_1)+. )

=1
3.2. Rhythm-Controllable MusicGen

Once rhythm spots and semantic information are ready,
large language models can be applied to generate the corre-
sponding main melody. Since there is no music generation
model that can take visual language as input and be con-
trolled by rhythm spots, we construct Rhythm-Controllable
MusicGen and train it with MusicPro-7k.

Rhythm-Controllable MusicGen is composed of the
rhythm conditioner, the T5 text encoder [31], and the Mu-
sicGen decoder [7]. In general, we explore joint condition-
ing of both the chromagram of the input rhythm spots and
visual description to exert control over the melodic struc-
ture. The output Y,,45.: can be calculated as:

Youtput = DCCOder(Crhythmv Cdescriptiona Y)v (6)

where the rhythm condition Cipy¢hm and visual descrip-
tion Cgescription 15 passed as prefix to the transformer in-
put Y - codebook projections along with the positional em-
beddings. specifically, we employ the prepend method for

condition fuser, sequentially concatenating the processed
rhythm condition, text condition, and transformer input.

The input passes through a transformer consisting of L
layers, each with dimension D. Every layer incorporates
a causal self-attention block and a cross-attention block.
Lastly, the layer concludes with a fully connected block
composed of a linear layer from D to 4-D channels, fol-
lowed by a ReLU activation, and then another linear layer
back to D.

We focus on implementing the rhythm conditioner that
processes audio inputs for model conditioning. This spe-
cific conditioner operates based on the chromagram, which
reflects the detailed beat characteristics of the audio. The in-
put waveform of rhythm spots is tokenized and the chroma-
gram features are extracted from it. These chromagram em-
beddings are projected to match the required output dimen-
sions. A downsampling factor is applied to adjust the chro-
magram length, and a mask ensures that only valid audio
regions are considered. The system supports both real-time
chromagram extraction and precomputed chromagrams, en-
hancing flexibility in handling different audio inputs.

3.3. Multi-Agent Assess, Arrange and Mix

To make the following operations efficient, we use the MT3
model [13] to convert the music to the MIDI format and
then use Midi2abc [39] to convert it into ABC notation-a
musical notation format based on the ASCII character set,
aligned with the musician’s composition process.

To ensure the musicality of the melody generated, we
design a multi-agent assessment system based on Auto-
Gen framework [38]. If the melody meets the criteria, it
proceeds to the arrangement part; otherwise, the rhythm-
controllable MusicGen module regenerates it. Each agent
acts as a reviewer, guided by Role-play prompt engineering,
evaluating aspects such as mode, melody, harmony, thythm,
and emotional expression based on music theory. Given
that mode influences melody, and melody influences har-
mony, we design a sequential chat to link the mode agent,
melody agent and harmony agent, ensuring they respond in
reference to higher-level agents. The assessment criteria for
each agent are detailed in Tab. 1.

Next, we apply a multi-agent system for arrangement
and mix. Since this process is challenging even for hu-
man musicians, we utilize prompt engineering techniques,
including Role-play, Chain of Thought (CoT), and Few-
Shot Prompting, instructing a group chat for this task. The
agents receive prompts consisting of motion descriptions
and melody in ABC notation, and collaborate on the final
arrangement, with each agent’s role outlined in Tab. 2.

In the group chat, the speaking order of each agent fol-
lows the actual sequence of music production, namely, ana-
lyzing the needs first, arranging and orchestrating next, then
adjusting the volume to enhance dynamics, and finally mix-
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Name Assessment Criteria
Mode 1.The mode is clear; 2.The tonality is stable.
Melody 3.Reasonable chord progression; 4.The chords are

diverse, not monotonous; 5.Appropriate varia-
tion; 6.Appropriate repetition.

7.very harmonious; 8.rich, not monotonous;
9.The orchestration is reasonable; 10.the instru-
ments collaborate well.

Harmony

Rhythm 11.the rhythm is clear; 12.the beat is consistently
the same. 13.The rhythmic pattern has appropri-
ate variation; 14. The rhythmic pattern has ap-
propriate repetition.

15. The mode matches the emotion; 16. The chord
progression matches the emotion; 17.the rhythm
matches the emotion; 18. The choice of instru-
ments matches the emotion; 19. The playing tech-
niques fit the emotion (e.g., staccato, legato).

Emotion

Table 1. Agent names and their corresponding evaluation criteria.

Name Duties

Analyze 1.Summarize the development characteristics of
the video,; 2.Specify whether each measure should
be forte or piano.

1.Specify which measures of which tracks should
be softened; 2.Duplicate tracks to increase har-
mony.

Instrument Assign appropriate instrument.

Arrange

volume Design the volume envelope.
Mixing 1.Set the pan; 2.Set the reverb level.
Reviewer  1.Review whether the arrangement and mix match

the video in every aspect. 2.Examine the playing
techniques and effectiveness of the instruments.
3.Develop the final scheme.

Table 2. Arrangement and mix agent names and their duties.

ing. Besides, the process of orchestration and dynamic ad-
justment needs to be guided by the reviewer agent.

Since some tasks are difficult for the agent, CoT is used
to break down steps and improve performance. For exam-
ple, it is observed that the agent is somewhat sluggish in
calculating, so the Analyze-Agent is instructed to first count
harmonies per measure before further analyses. To pre-
vent excessive instrumentation, the Instrument-Agent sum-
marizes the original instrument types and makes selections
accordingly. To guide agents’ responses and ensure con-
sistency, Few-Shot Prompting provides response templates,
resulting in high-quality, well-structured outputs. The out-
put scheme of arrangement and mix is shown in Fig. 3.

Finally, an execution agent will convert this scheme into
a form that Reaper—a lightweight, edit-friendly digital au-
dio workstation—can understand, and thus guide Reaper
to arrange and mix the melody of MIDI form by coding.
Once completed, Reaper will output a piece of cinematic-
grade music of exceptional quality, rich in musicality and

perfectly aligned with the development of the film clips!

Scheme of Arrangement and Mixing —> Execution
track = { Agent
track index =1 ¢
instrument = "strings1_ensemble" DAW
panning = -1 / Reaper

reverb_space = 0.3
volume_envelope = {
measurel =0.3; measure3=0.6} }

Track

Figure 3. The output scheme from the multi-agent arrangement
and mix system, together with subsequent operation.

4. MusicPro-7k Dataset

Given the lack of a suitable dataset to train FilmComposer,
we construct a large-scale film music dataset MusicPro-7k
featuring about 7,418 samples, each with film clip, high-
quality music, visual description, music description, main
melody, and rhythm spots. MusicPro-7k is distinguished
by its high quality, high level of professional expertise, and
multi-functionality. The structure and construction method
of MusicPro-7k are illustrated in Fig. 4, and more details
can be found in supplementary materials.

Instead of extracting music from videos and applying
noise reduction as done in earlier approaches, we invited
musicians to find music specifically for silent film clips.
This approach avoids the poor audio quality and degrada-
tion caused by previous extraction methods.

Film Clips. 7K Film clips are derived from LSMDC [32],
selecting video segments over 8 seconds long from numer-
ous classic films. The source films cover all common gen-
res, including drama, thriller, comedy, romance, and more.
Music. Musicians followed these steps: (1) For clips with
pre-existing music, source their original audio; (2) If the
original music could not be located or was under copyright
protection, select a similar piece based on theoretical sim-
ilarity and functional consistency as criteria; (3) For clips
without pre-existing music, select suitable music from the
music library, based on semantic, rhythmic, and progressive
alignment with the clip, as well as all other relevant aspects.
Description. Musicians were also asked to annotate vi-
sual descriptions for each video based on predefined vi-
sual attributes, referring to audiovisual language theory and
presented in supplementary materials. During the rhythm-
controllable MusicGen fine-tuning, using the full visual de-
scription directly proved too broad in scope. To address this,
we introduced music descriptions and removed components
in stages, creating a smoother training process. The music
descriptions, also annotated by the musicians, covered as-
pects such as genre, instrumentation, mood, and tempo.

Rhythm Spots. We first obtained preliminary main
melodies and rhythm spots by transcribing the music and
applying algorithms. Musicians then refined these using
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Figure 4. The structure and construction method of MusicPro-7k,
which consists of film clips, description, music and rhythm spots.

professional music production software, achieving high-
quality, highly aligned results. This part of the dataset
serves as key data for guiding large language models in
rhythm alignment, marking a pioneering effort that we be-
lieve will significantly advance this field in the future.

5. Experiment

5.1. Experiment Setup

We trained FilmComposer on MusicPro-7k, continuing
from MusicGen-Melody [7]. It converges around 150
epochs on dadam optimizer [28] with 2000 updates per
epoch. The batch size is 4 and learning rate starts at e-1 and
smaller after. Gradient clipping is applied with a maximum
norm of 1.0. The Adam optimizer is configured with betas
[0.9, 0.95], weight decay of 0.1, and epsilon set to 1e-8. A
cosine learning rate schedule is employed, incorporating a
warm-up phase of 4,000 steps, 0.0 minimum learning rate
ratio and 1.0 cycle length. We also used cache that stored
audio input to improve the training process. The training
takes approximately six days using one NVIDIA A6000
GPU. During the evaluation phase, we established a test set
that encompasses all thematic styles, ensuring the fairness
of the evaluation process.

5.2. Experiment Evaluations

For Music Quality, we use the Fréchet Audio Distance
(FAD) [20] to measure the distance between feature distri-
butions of real and generated audio. We also use the sam-
pling rate to intuitively reflect whether the audio quality has
reached a usable standard.

For Video-Music Correspondence, we use ImageBind
ranking scores[14] to assess relative rankings of audiovisual
consistency, adhering to the official procedure of applying
the softmax operation.

For Diversity, where the attraction of music lies, we
propose a new metric Chroma-based Diversity to reflect.
Chroma-based Diversity D is calculated by averaging the

pairwise differences between all distinct pairs:

N N
2
D=1_-__%2 Similarity(C;, C;), (7)
N(N 1) ;j;l ’

where N is the total number of chroma feature matri-
ces; C; is the i-th chroma feature matrix in the set;
Similarity(C;, C;) is the overall similarity over all seg-
ments between C; and C;.

Previous work focuses on enhancing the quality and
rhythm control of music generation, while they ignore the
musicality and development of the music. As a more spe-
cialized form of music, the musicality and developmental
aspects are particularly significant for film music.

For Musicality, We propose a new metric named
multi-agent music proficiency evaluation to measure the
musicality of music generated. In detail, the music will be
transformed to ABC notation and then be delivered to the
multi-agent, being evaluated in terms of mode, melody, har-
mony, rthythm and emotional expression. We conduct user
study to certify the accuracy of this metric.

For development, we select three quantifiable as-
pects for evaluation—Rhythm control, Dynamic Variation,
Instrumentation. The measurement of rhythm control in-
volves using Madmom [3] to extract beat points—acoustic
events occurring in the audio, such as drum hits or the
onset of notes—and then comparing them using cross-
correlation. A higher value in the cross-correlation indi-
cates better rhythm control. To elucidate, cross-correlation
assesses the similarity between two signals by shifting one
signal relative to the other and calculating the dot product at
each shift position, thus identifying whether the two signals
exhibit similar patterns or shapes at specific points. Then it
can be calculated as:

Ryy(k) = a(t)y(t + k), ®)

t

where x(t) and y(t) represent two audio sequences; k is the
lag applied to y(t) relative to =(t).

To measure Dynamic Variation, decibel changes are used
to represent dynamics, where lower cosine similarity val-
ues indicate greater similarity in dynamic variation. For
Instrumentation, the Musicnn [29] model with certain non-
instrument tags removed is used to extract the distribution
of instruments in the music, and where lower cosine simi-
larity values indicate greater similarity in instrumentation.

5.3. Experiments Results

Quantitative Analysis. As shown in Tab. 3, FilmCom-
poser reaches state-of-the-art performance in every aspect.
Firstly, FilmComposer gets the lowest KL and rhythm-
controllable MusicGen is second only to it, meaning that
our method generates the most similar results to ground
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Method ‘ KL{ FAD| SR ImageBindt Diversityt Musicality Rhythm? Dynamic| Instru.|
GT 0.000 0.000 48K 0.328 0.451 14.40 4042 0.000 0.000
CMT [9] 1.554 0.644 - 0.104 0.361 10.02 3153 0.801 0.519
Video2Music[19] 1.435 0.987 - 0.025 0.335 9.84 2001 1.018 0.535
M2UGen  [26] 1.569 0.306 32K 0.114 0.373 9.40 3392 1.070 0.510
VidMuse  [36] 2.035 0.376 32K 0.070 0.153 8.02 2467 0.892 0.527
MusicGen  [7] 1.368 0.456 32K 0.108 0.133 8.80 3050 1.147 0.546
RC-MusicGen 1.320 0.219 32K 0.120 0.385 9.42 3646 0.820 0.506
FilmComposer 1.209 0.207 48K 0.131 0.444 10.78 3834 0.767 0.434

Table 3. Quantitative Results. The metrics from left to right are: KL, FAD, Sampling Rate, ImageBind ranking scores, Diversity,
Musicality, Rhythm Control, Dynamic Variation, Instrumentation. RC-MusicGen is the abbreviation for Rhythm-Controllable MusicGen.

Monotone

Incoherent. —y - Monotone.

Incoherent Monotone

Incoherent Abrupt Shift

\//

Figure 5. Qualitative Comparison results on spectrograms. The
yellow box indicates where the music generated by Video2Music,
M2UGen and VidMuse exhibits incoherence. The blue boxes
show that CMT, Video2Music and M2UGen are generally mono-
tone, while VidMuse presents abrupt shifts. In contrast, the ground
truth and FilmComposer demonstrate clear layering.

truth. The lowest FAD and the highest sampling rate
indicate the high audio quality of final results generated
by FilmComposer. The sampling rate has reached the
cinematic standard after multi-agent arranging and mix-
ing, which other models cannot implement. CMT and
Video2Music generate symbolic music that has no sam-
pling rate. Next, the higher ImageBind ranking scores
than in other works proves that FilmComposer reaches the
highest relevance between music and film clips. Rhythm-
controllable MusicGen has already achieved a high di-
versity score, and with the addition of multi-agent ar-
rangement, FilmComposer further improves it significantly,
reaching a level close to that of the ground truth, indicating
that our results exhibit excellent richness and diversity.

Besides these basic aspects, music generated by Film-
Composer also reaches the greatest level of musicality and
development. Since CMT and Video2Music generate sym-
bolic music, their results are more accurate when tran-
scribed into ABC notation, giving them an advantage in
notation-based musicality evaluation. However, despite
FilmComposer generating waveform music, it ultimately

surpasses all other methods in this regard, demonstrating its
strong musicality in music generated. Next, the advantages
of musical development are reflected in three aspects—
rhythm control, dynamic variation, and instrumentation.
Rhythm control is one of the major focuses of our work,
and the metrics show that FilmComposer surpasses CMT
and VidMuse which also focus on rhythm control, demon-
strating the precision and effectiveness of our approach in
rhythm control. For dynamic variation similarity, we find
that CMT is a strong competitor and rhythm-controllable
MusicGen, which does not specifically address dynamics,
performed worse than CMT. However, FilmComposer ulti-
mately surpassed it, achieving the best dynamic variation.
In terms of instrumentation similarity, FilmComposer far
outperforms all other methods, proving the notable contri-
bution of the multi-agent arrangement in instrumentation.
Qualitative Analysis. Our qualitative analysis, presented
in Fig. 5, highlights some limitations in other works.
For CMT [9], the music is generally monotone. Simi-
larly, Video2Music [19] produces monotonous outputs with
excessive repetition. M2UGen’s [26] music cannot de-
velop with video. VidMuse’s [19] music lacks substantive
melody, with excessive noise and abnormal silences. In-
stead, our results are smooth and most similar to the ground
truth in terms of rhythm and dynamics.

5.4. Ablation Studies

The rhythm-controllable MusicGen takes rhythm spots and
description as conditions, so we conduct ablation studies to
prove the effectiveness of these two modules. Additionally,
we verify the crucial role of the multi-agent system in Film-
Composer. The rhythm control modules, text control mod-
ules and multi-agent are removed in turn, and the evaluation
results are shown in Tab. 4.

Text control. When the text control module is added, FAD
metrics improve largely, which indicates increasing audio
quality. It’s noteworthy that the text control module also
helps improve the rhythm control, as visual description can
help the model decide the proper rhythm patterns. When the
text control module is working, ImageBind gets a very high
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Text ‘ Rhythm ‘ Agent ‘ FAD| Rhythm{ ImageBindf Metrics Experts Non-Experts
v X X 0.246 2978 0.254 Musicality 64.4% 78.8%
X v X 0.319 2836 0.163 C.Content 82.2% 90.9%
v v X 0.219 3646 0.265 C.Rhythm 73.3% 86.7%
v v v 0.207 3834 0.318 C.Dynamic 75.6% -
. ) - C.Instru 78.9% -
Table 4. Results of ablation study. FAD validates improvement Overall 81.1% 90.3%

in audio quality, Rhythm control metrics assess the effectiveness
of rhythm control, and ImageBind ranking scores verify the en-
hancement of visual-audio relevance.

ranking score, proving its notable contribution to enhancing
the correspondence between music and film clips.

Rhythm control. After adding rhythm control module, the
rhythm control metrics has been greatly improved, proving
rhythm condition’s significance. The rhythm control mod-
ule also helps increase the audio quality and correspondence
since the FAD metrics and ImageBind ranking rate improve.
Multi-agent. The inclusion of the agent led to improve-
ments in FAD, Rhythm control, ImageBind ranking score,
proving its effectiveness in enhancing audio quality, rhythm
control and visual-audio relevance.

5.5. User Study

The best way to measure the professionalism of music pro-
duction remains user study. We invited a total of 51 people,
including 18 experts with professional backgrounds in film
music production and over five years of professional experi-
ence, to evaluate music generated by FilmComposer, CMT
[9] and Video2Music [19] in several aspects and give their
preference separately. The aspects are: (1) Musicality: the
innate ability to perceive, understand, and express musical
elements such as mode, melody, harmony and rhythm; (2)
Content Correspondence: The match between music and
video in terms of emotion and semantics; (3) Rhythm corre-
spondence: the alignment of rhythmic patterns with video;
(4) Dynamic correspondence: the alignment of varying lev-
els of loudness and intensity with video; (5) Instrumentation
correspondence: the alignment of instrument usage with
video. (6) Overall: the general assessment of music.

Results. Tab. 5 shows the results. More than 60% of both
experts and non-experts preferred the music generated by
FilmComposer for each item. This demonstrates FilmCom-
poser’s significant advantages in musicality, multiple as-
pects of correspondence, and overall quality. The user study
yield results consistent with previous experiments, validat-
ing the reliability of our newly proposed metrics in Sec. 5.2.

6. Application

Since our framework imitates musicians, it can integrate
into the actual music production process seamlessly and
easily. So we design a system for convenient human-
computer interaction, allowing users to edit and optimize
almost every step to create music tailored to their needs.

Table 5. Results of user study. The data indicate the percent-
age of participants favoring FilmComposer. Non-Experts evaluate
intuitive audiovisual alignment, without needing to consider more
specialized musical knowledge. C. represents for Correspondence.

More details can be found in supplementary materials. (1)
Rhythm spotting: Users can freely and conveniently drag,
delete, or add rhythm spots to create their desired pattern,
since rhythm is represented by a series of spots. (2) Con-
tent descriptions: The visual and motion descriptions are
both in text forms, easy for users to modify. (3) Musical
notation: After the music is transcribed into ABC notation,
users can directly edit it to gain their desired melody. (4)
Arrangement and mix scheme: Users can modify it be-
fore it is executed by the Execution Agent.

Non-experts can also use our system to easily and conve-
niently produce various types of music, such as background
music for personal projects or social media content. The
system can also serve educational purposes, helping begin-
ners quickly understand the music production process and
learn techniques through hands-on experimentation.

7. Conclusion

In this work, we propose the FilmComposer framework and
the first film music dataset MusicPro-7k, implementing the
film music production task and resulting in state-of-the-
art performance. Our LLM-driven innovative approach has
been proven highly effective across multiple metrics, which
imitates musicians to conduct music production and com-
bines symbolic and waveform music generation. Finally,
the music produced by our method meets a cinematic stan-
dard suitable for direct use, exhibiting high quality, strong
musicality, development, correspondence with film clips,
and diversity, effectively addressing the challenges of high
professionalism in film music production. FilmComposer
can seamlessly integrate into the actual music production
process, allowing user intervention in various aspects. This
provides strong interactivity and a high degree of creative
freedom. For discussions on model analysis, extensions,
and limitations, please refer to the supplementary materials.
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