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Abstract

Composing music for video is essential yet challenging, lead-
ing to a growing interest in automating music generation
for video applications. Existing approaches often struggle to
achieve robust music-video correspondence and generative
diversity, primarily due to inadequate feature alignment meth-
ods and insufficient datasets. In this study, we present General
Video-to-Music Generation model (GVMGen), designed for
generating high-related music to the video input. Our model
employs hierarchical attentions to extract and align video fea-
tures with music in both spatial and temporal dimensions, en-
suring the preservation of pertinent features while minimiz-
ing redundancy. Remarkably, our method is versatile, capa-
ble of generating multi-style music from different video in-
puts, even in zero-shot scenarios. We also propose an evalua-
tion model along with two novel objective metrics for assess-
ing video-music alignment. Additionally, we have compiled
a large-scale dataset comprising diverse types of video-music
pairs. Experimental results demonstrate that GVMGen sur-
passes previous models in terms of music-video correspon-
dence, generative diversity, and application universality.

Code & Cases — https://chouliuzuo.github.io/GVMGen/

Introduction

In videos, music plays a critical role in enhancing emo-
tional resonance by aligning rhythm, style, and affectivity
to achieve a high degree of correspondence. Traditionally,
this task falls within the purview of professionals, while
amateurs often find it challenging, characterized by time-
consuming processes and potential copyright infringement.
Consequently, the automatic generation of music based on
video presents significant utility for both amateurs and in-
dustry professionals.

One of the core challenges in video background music
generation is identifying the cross-modal relationships be-
tween visual and musical elements. Previous studies (Di
et al. 2021; Zhu et al. 2023; Yu et al. 2023; Zhu et al.
2022) define rule-based connections between specific vari-
ables, such as motion speed and color. However, these vari-
ables are only significant for certain types of videos which
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are less important for video blogs or documentaries (Cor-
ner 2002). Many other variables, such as shots and compo-
sitions, are overlooked despite the high relevance, particu-
larly in movies. Studies like (Hussain et al. 2023; Tang et al.
2024) rely on Large Language Models (LLMs) as a bridge.
However, LLMs often summarize the video and music into
some static styles while ignoring details like emotions and
the exact physical variables with temporal changes. Such ex-
plicit feature alignment may ignore high-related information
which cannot be computed or described, while considering
redundant unrelated features, thus limiting the depth and co-
herence of the music-video correspondence.

Moreover, music features derived from variable or lan-
guage transformations are neither diverse nor detailed
enough to guide vivid and artistic music generation. Many
of these approaches are even constrained to MIDI music (Su,
Liu, and Shlizerman 2020; Gan et al. 2020), which sim-
ply encodes each musical note as a numeric symbol. Con-
sequently, the generated music from these models tends to
be monotonic and lacks rich diversity and universality.

In addition, inadequate evaluation metrics and datasets
further constrain the effectiveness of video-to-music genera-
tion models. Most existing works assess music-video corre-
spondence primarily through subjective evaluation (Ji, Luo,
and Yang 2020; Suris et al. 2022), which is costly and of-
ten biased, failing to guide the model training correctly. Ex-
isting datasets (Zhuo et al. 2023; Kang, Poria, and Herre-
mans 2024) primarily consist of music videos (MVs) with
music in MIDI format. These datasets exhibit low diversity
and weak music-video correspondence, thereby limiting the
efficacy of models trained on them.

In this paper, we propose a General Video-to-Music
Generation model (GVMGen), which can generate high-
related music in various styles for different types of video.
Unlike previous models, GVMGen refrains from explicitly
defining variable relationships or relying on language trans-
formation between visual and musical features. Instead, we
extract hidden visual features through spatial self-attention
and transform them into musical features through both spa-
tial and temporal cross-attention. By adopting an implicit
attention mechanism for feature transformation, GVMGen
preserves the most relevant features in alignment, thereby
enhancing the music-video correspondence. Moreover, im-



plicit feature extraction and alignment are well-suited for
different styles of video and music, enabling GVMGen to be
a general model that performs well even in zero-shot cases.

Moreover, we propose an evaluation model with two
novel objective metrics assessing both global cross-modal
relevance and local temporal alignment. We also collect a
large-scale video-music dataset that encompasses a diverse
range of styles, including movies, video blogs (vlogs), and
more, rather than relying solely on MVs in MIDI format.
Furthermore, our dataset includes a significant portion of
Chinese traditional music performed on over ten types of
instruments. Chinese traditional music emphasizes diverse
fingering techniques and complex timbres, which cannot be
represented by MIDI files and simple musical variables. This
inclusion introduces a higher level of difficulty but also en-
hances the diversity in music generation.

Experimental results reveal that GVMGen exhibits ro-
bust performance, particularly in terms of music-video cor-
respondence and music richness. Both the generative simi-
larity with ground truth and the quality of the music are im-
proved simultaneously. GVMGen can generate multi-track
waveform music over MIDI in both Chinese and Western
styles, marking a pioneering advancement in the richness
and completeness of music generation. Furthermore, GVM-
Gen demonstrates remarkable universality, enabling high-
quality music generation even in zero-shot scenarios.

In summary, our main contributions can be written as:

* We propose GVMGen, a general video-to-music gener-
ation model based on hierarchical attentions, capable of
generating diverse genres of music highly related to dif-
ferent styles of videos.

* We propose an evaluation model with objective metrics
for local and global music-video correspondence evalu-
ation, and also collect a large-scale video-music dataset
encompassing multiple styles of both video and music.

We conduct extensive experiments which show that our
model can outperform state-of-the art models signifi-
cantly in terms of video-music correspondence, music
diversity and application universality.

Related Work

Music Generation can be divided into symbolic music
generation and waveform music generation. For symbolic
music generation, MIDI-VAE (Brunner et al. 2018) and
MusicVAE (Roberts et al. 2018) adopt variational autoen-
coder while Music Transformer (Huang et al. 2018) and
MuseGAN (Dong et al. 2018) use attention-based sequence
generation and adversarial generation techniques. These
models can only generate MIDI music. For waveform mu-
sic generation from text description, Riffusion (Forsgren
and Martiros 2022) employs the pretrained Stable Diffu-
sion model to transform text-to-music process into a text-
to-spectrogram task, thereby enabling the generation of mu-
sic. As for large music generation models, Google proposes
MusicLM (Agostinelli et al. 2023) based on Mulan (Huang
et al. 2022) and SoundStream (Zeghidour et al. 2021). Mu-
sicGen (Copet et al. 2024) uses TS5 (Raffel et al. 2020) as a
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text encoder and utilizes quantized music codes from En-
codec (Défossez et al. 2022) for generation, while Stable
Audio (Evans et al. 2024) adds a diffusion UNet into Mu-
sicGen. These models provide a foundational structure for
works related to music generation.

Video Background Music Generation is proposed by (Di
et al. 2021) which uses rule-based computation to predict
music features. V-MusProd (Zhuo et al. 2023), V2Meow (Su
et al. 2023) and Video2Music (Kang, Poria, and Herremans
2024) rely more on deep neural network to extract visual
features for music generation and propose several evalua-
tion metrics. With the help of LLMs, CoDi (Tang et al. 2024)
and M2UGen (Hussain et al. 2023) use LLMs as a bridge to
achieve cross-modal generation through the help of seman-
tic description. (Li et al. 2024) proposes a diffusion gener-
ation model with segment-aware cross-attention. However,
the music-video correspondence is still constrained due to
the limited explicit features or insufficient alignment. There-
fore, we adopt hierarchical attentions to do cross-modal fea-
ture alignment in both spatial and temporal aspects which is
more accurate and universal.

Video-music Dataset is a kind of multi-modal dataset which
is dedicated to video background music generation task.
AIST++ (Li et al. 2021) and TikTok (Zhu et al. 2022)
datasets contain dance videos, accompanied with music
and visual motion information. However, these datasets
are limited by its style diversity and total duration. Then,
SymMV (Zhuo et al. 2023) and MuVi-Sync (Kang, Po-
ria, and Herremans 2024) datasets provide over 50 hours
of music videos with music feature annotations, primarily
suitable for symbolic music generation. Recently, with the
strong comprehension and language processing ability of
LLMs, M2UGen proposes a systematic approach for gener-
ating datasets through music oriented instructions. (Hussain
et al. 2023). Since these dataset are not logically suitable and
diverse enough, we collect a large-scale dataset encompass-
ing both Chinese traditional music and western music with
various types like movies, vlogs and so on.

Method

In this section, we first define the video background music
generation problem, then present GVMGen model in details,
together with theoretical derivation and analysis.

Problem Definition

In video background music generation, suppose we are
given a dataset with N samples of video and music pairs.
We use V € R XHXWXC 4 denote each piece of video,
where ¢, f, H, W, C stands for duration, video frame rate
and height, width, number of channels of image separately.
Music is denoted as quantized codes M € R*I'>K_ ¢/
stands for music code sample rate and K stands for the num-
ber of codebooks. The training tuples (V, M)¥¢rain contain
Nirain instances while other N — Ny, samples form the
test set. The goal of video background music generation is
to accurate generate M for the test set which is more similar
to the original high-related music.
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Figure 1: General Video-to-Music Generation (GVMGen) model with encoder-decoder struture. The model consists of: (1)
Visual feature extraction module with spatial self-attention; (2) Feature transformation module with spatial cross-attention; (3)
Conditional Music generation module with temporal cross-attention.

General Video-to-Music Generation Model

As shown in Figure 1, GVMGen is an end-to-end video-
to-music model leveraging hierarchical attentions. Initially,
visual features are extracted from the video through visual
feature extraction module using spatial self-attention. Sub-
sequently, a feature transformation module equipped with
trainable music queries filters the extracted visual features to
retain those relevant to music through spatial cross-attention.
Finally, the conditional music generation module is facili-
tated by temporal cross-attention. All features are processed
as deep hidden features, which is fairly appropriate for dif-
ferent styles of video and music. As a result, GVMGen is
able to focus on the most related feature with minimal in-
formation loss, thereby generating diverse music with high
relevance to the video.

Attention mechanism is proposed by (Vaswani et al.
2017) as a main component of FFTs, which is a function
mapping a query and a set of key-value pairs to an out-
put. In detail, the weight is calculated by a compatibility
function (usually dot product) of the query with the corre-
sponding key. After normalization, the weights are assigned
to each value. We set ), K and V stand for query, key and
value separately while Dy stands for the dimension of key,
the attention mechanism f(-) can be written as:

T

QK
, K, V) = softmax

f(Q ) = softmax( NI
Intuitively speaking, attention mechanism calculates the
relevance between key-value pairs and queries. A higher

weight indicates that the pair is more relevant to the query.
Visual feature extraction module. Video cannot be di-
rectly transferred into music as they belong to different la-
tent spaces. Therefore, the cross-modal relationship must be

built on related features.

Since deep features can preserve a greater amount of in-
formation than several variables, in GVMGen, we use a
pretrained VIT-L/14@336px (Dosovitskiy et al. 2021) with
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spatial self-attention to extract deep visual features. ViT is
the image encoder of CLIP (Radford et al. 2021), which
splits an image into p patches and transforms them into em-
beddings. For an image embedding x, spatial self-attention
f(x, 2, ) is used to derive the importance of each patch.

T
Assume w;; is each element of the matrix a(Q, K) = Q—\/Il%,
the extracted feature z can be calculated as:
zZi = E?leijxi,ﬁlwij =1 (2)

which is a linear transformation from the original embed-
dings. This feature extraction method can derive deep rela-
tionship while preserve the original information as well.

In this approach, we treat the video as a sequence of im-
ages and focus on extracting the inner deep features of these
images. Our goal is to preserve both the spatial and tempo-
ral features for transformation in the subsequent modules, as
music also encompasses spatial and temporal dimensions. If
other video models like (Arnab et al. 2021; Xu et al. 2021)
are adopted in visual feature extraction, the temporal infor-
mation may be lost, which would hinder the music gener-
ation process in terms of temporal alignment. This loss in
temporal alignment would consequently reduce the corre-
spondence between the music and the video. The results of
our ablation study further support this assertion.

Feature Transformation module. This is one of the most
critical parts in video-to-music generation, as it is essen-
tial to establish the cross-modal relationship in the shared
(visual-musical) space. We do not rely on either mathemati-
cal relationship definition or language descriptions for trans-
formation like previous works, since the former is limited by
incomplete and inaccurate variables, while the latter tends to
lose temporal information and introduces redundant infor-
mation from an extra modality.

In GVMGen, we propose spatial cross-attention to build
the gap between visual and musical features inspired by (Li
et al. 2022). Firstly, we define trainable music queries q. The
queries interact with each other through self-attention, and



interact with the extracted visual features z through cross-
attention. Since the attention a(q, z) identifies the relevance
between visual and musical spaces, it establishes the cross-
modal relationship which can be viewed as a shared space.
Through 2’ = f(q, z, z), the visual feature is transformed
into this space like a projection, and the transformed features
2’ can represent the cross-modal features. Consequently, the
most relevant features are preserved while the redundant un-
related features are filtered out after feature transformation.

Unlike previous methods that utilize variables or lan-
guage, which are stable and may only be effective for cer-
tain types of video, the transformation by cross-attention fo-
cuses on the relevant features of each distinct video. This
approach leverages a shared space informed by both music
queries and the visual input itself. Consequently, the trans-
formation output, which subsequently governs music gen-
eration, is diverse and contingent upon the video input. The
number of queries plays a crucial role in determining the size
of the shared space and the transformed features. Our exper-
imental results indicate that utilizing 16 music queries yields
optimal performance in filtering and transforming features.

Conditional Music Generation module. Finally, the ex-
tracted features are essential for reconstructing the music.
Since both video and music encompass spatial and tempo-
ral information, in GVMGen, we design a temporal cross-
attention to guide music generation with temporal align-
ment. This module functions similarly to a decoder-only
transformer, where the query vector is derived from the real
music embedding m (shifted right). The temporal cross-
attention operates as m’ = f(m, 2/, z’), where the attention
weight a(m, H) is an R” T matrix. Here, T' = t x f and
T’ =t x [’ represent the duration, and the attention aligns
cross-modal feature with music embedding on a temporal
basis, thereby ensuring temporal visual-musical correspon-
dence. Additionally, the attention weight elucidates the re-
lationships among contextual features, thereby reinforcing
global dependency and the integrity of the generated music.

After temporal cross-attention, a pretrained Music-
Gen (Copet et al. 2024) decoder is used to decode the music
embedding into music in audio format. The MusicGen uti-
lizes Encodec (Défossez et al. 2022) as its decoder, which
applies Residual Vector Quantization (RVQ) to compress
audio flow into discrete tokens. This approach reduces space
complexity and possesses the capability to generate diverse
music due to extensive data training. Consequently, we in-
corporate it as part of the GVMGen decoder. Additionally,
to enhance generative diversity and universality, we have cu-
rated a more vivid video-music dataset for training.

Evaluation Model

Previous objective metrics such as Fréchet Audio Distance
(FAD) and Kullback-Leibler Divergence (KLD), primarily
focus on evaluating the similarity between the generated mu-
sic and the ground-truth. However, these metrics do not ac-
count for the correspondence between video and music.
Inspired by (Suris et al. 2022), we propose an evaluation
model for music in audio format with both global and local
(temporal) estimation. For music-video pairs of batch size
B, we transform the embeddings of hidden dimension H,
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Figure 2: Evaluation model with both Temporal Alignment
(TA) and Cross-Modal Relevance (CMR), where z,, and z,,,
represent video features and music features.

and H,, into a unified hidden size H. The cross-attention
matrix a(v,m) € R'*! focuses on visual-musical relation-
ship at each moment, effectively providing a temporal align-
ment for local evaluation. The hidden video and music fea-
tures are derived from the cross-attention matrix with dif-
ferent values like z, = f(v,m,v) and z,,, = f(v,m,m).
After linear layer to summarize the features for each video
and music, the cross-modal relevance can be considered as
a global evaluation metric inspired by (Radford et al. 2021).

For training, the temporal alignment employs MSELoss
£, to maximize diagonal attention since the local visual-
musical correspondence should be strongest, while InfoNCE
Loss £ is employed for cross-modal relevance like:

£y = 3 Y0 VT = diag(alv,m))?

3
1
£2 - i(ﬁm%v + ‘Cvﬁm) (4)
N . .
expls(fu: f0)/7]
Loy = — log —— )
; | >3 eapls(fins f2)/7]

where I stands for identity matrix, s(f,,, f,) = Wﬂ%
The temperature parameter 7 is set to 0.07. During evalu-
ation, the temporal alignment metric and cross-modal rele-
vance metric are derived from the average of diag(-).

For efficiency, the evaluation model reach an average loss
and accuracy of 0.003 and 99.4% on the test set. We also
find 20 expert users to score this metric on 30 video-music
pairs, and the error rate between the average score and the
model score is only 3.75%.

Training Process

In the visual feature extraction module, each video V €
RIXPXHXWXC s considered as a sequence of images p; €



Dataset MV  Movie VIlog Comic Documentary | Western music  Chinese music  Ensemble | Length
TikTok X X v X X v X X 1.5h
AIST++ X X v X X v X X 5.2h
SymMV v X X X X v X X 78.9h
MuVi-Sync | v X X X X v X X 54.6h
Ous(CTM) | v/ X X X X X v X 89.5h
Ours oo/ v v v v v v 147h

Table 1: Comparison between different video-music datasets in which ‘CTM’ stands for Chinese traditional music part. Our
dataset is the first dataset that include both Chinese traditional music and western music.

RHXWXC Each image will be divided into several patches
represented by x; € RM“*P where h = H/s,w = W/s
and s stands for patch size. After spatial self-attention, the
hidden features can be represented by F’ € RP *D " where
p = h x w+ 1 in which the addition value stands for special
class token (cls).

In the feature transformation module, we create trainable
music-related queries ¢ € R™*P. Both self-attention and
cross-attention are employed on trainable queries. Here n
and D stands for number of queries and hidden dimension,
while K and V are 2! in cross-attention.

After layers of cross-attention, we get music-relevant at-
tention 4; € R™ P for each image. We add an average
pooling for attentions with different queries:

) J

C AL
j=1 l,Ag c R1><D
n

n
7
Z'p —

(2

(6)

Then the cross-modal features can be represented by zgp €
R™P _For video, 2V € R f*P is stacked by a sequence of
zP fori € [0,t x f].

In the conditional music generation module, the cross-
modal features z¥ are then sent into decoder. After lin-
ear projection, music embeddings are set as queries, while
cross-modal feature z" are set as keys and values. In train-
ing, music embeddings m € R'*/"*K*H are from ground
truth music tokens M € R/ K (shift right). f’ stands
for music token sample rate and K stands for the number of
codebooks. When inference, music embeddings are initial-
ized to a start token and will be iterated to predicted music
embeddings auto-regressively. The predicted music embed-
dings can be written as m’ and will be quantized into music
tokens M’ according to codebooks. The music tokens will
be decoded as music in audio format finally.

For training loss, we adopt average cross entropy loss of
each codebook B; to compare the predicted music features
F'™ and the ground truth music tokens M

1 K N

j=1i=1

@)

Dataset

To enhance the generative diversity and universality, we col-
lect a large-scale video-music dataset encompassing various
types of videos and music. Existing datasets primarily con-
sist of music videos (MVs) (Zhuo et al. 2023; Kang, Po-
ria, and Herremans 2024) with MIDI music. However, for
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MVs, videos are typically produced after the music has been
composed, which is logically contrary to the task of gener-
ating background music for a given video. Such datasets ex-
hibit low diversity and weak music-video correspondence,
thereby limiting the efficacy of models trained on them.

To address these limitations, our dataset comprises
movies, vlogs, comics, and documentaries where the back-
ground music is specifically tailored for the video content.
For music, our datasets include a substantial amount of Chi-
nese traditional music as well as ensembles featuring both
Chinese and Western instruments. Chinese traditional mu-
sic emphasizes intricate melodies and rhythms (Liu 1985),
along with variations in the playing techniques that cannot
be adequately represented in MIDI format. As shown in Ta-
ble 1, our dataset spans a wide range of topics and includes
various types of background music. This diversity is crucial
for developing robust and versatile models capable of gener-
ating appropriate music for different video genres and styles.

For collection, we sourced our dataset from free public
platforms (Bilibili and Youtube). We selected clips featuring
solely music and excluded those video frames that contained
extensive superimposed text or captions. After manual filter-
ing, the dataset is preprocessed by clipping for training. The
total durations are 89.5 hours for MVs, 42.1 hours for docu-
mentaries, 9.9 hours for vlogs, and 5.5 hours for other types.

Experiment
Implementation Details

We adopt VIT-L/14@336px with 24 self-attention layers.
In feature transformation module, we employ 16 queries, 6
self-attention layers and 3 cross-attention layers. And the
temporal cross-attention is with 48 transformer layers of
1536 as the hidden size while the MusicGen decoder is with
4 codebooks of 2048 tokens. We use Adam optimizer with
learning rate of le-5, weight decay of 0.01, batch size of 6
and video frame rate of 1 per second. A cosine learning rate
schedule with 4000 warmup steps and top-k sampling with
keeping the top 250 tokens are employed. We use 30-second
clips with the music sampling rate of 32kHz. The ratio of
training and test set is 0.85:0.15. The training lasts for 150
epochs with 188 hours on NVIDIA A100 (single card).

Metrics

We evaluate the models with both objective and subjective
metrics. For objective metrics, we adopt FAD, KLD (Gem-
meke et al. 2017) which are commonly utilized to evaluate



Model Non expert Expert
OMQ?T MVCtH MR?T OMQ?T MVCtH MRT
CMT 3.52+0.11  2.85+0.14 3.20£0.40 | 2.35+0.15 2.23+0.19  2.4040.95
V2M 3.64+£0.10 2.534+0.13 1.08+£0.44 | 2.18+£0.15 1.66+0.17 1.00+0.72
M?2UGen 3.83+0.11 2.544+0.14 5.10£0.56 | 3.49+0.17 2.31+0.20 3.35+1.00
Our (S,CTM) 3.29+0.12  2.7240.17 - 2.76£0.17 2.194+0.24 -
Our (S,FTM,CTM) | 4.41£0.11 2.83%0.15 - 3.25+£0.18  2.4140.23 -
Our (LLFTM,CTM) | 4.57£0.11 3.02+0.17 - 3.59+0.17 2.5540.25 -
Our (LLFTM,All) | 4.55+0.10 4.62+£0.14 5.98+0.40 | 4.25+0.16 4.91+0.20 6.20+£0.45

Table 2: Subjective evaluation with 95% confidence interval. Here ’S’ and ’L indicates small and large (24 temporal cross-
attention layers with 493M parameters and 48 with 1.9B), "TFTM’ stands for using the feature transformation module and
’CTM’ means the model is only trained on our CTM dataset while *All’ means our whole dataset.

Model SymMV (MVs) MuVi-Sync (MVs) Other (movies and comics)
KLD] CMRT TAT OMQT MVCT | KLD CMR TA OMQ MVC | KLD CMR TA OMQ MVC
CMT 2.65 0.67 0.85 3.34 2.81 1.75 034  0.69 3.27 2.81 0.69 0.75 0.75 3.05 2.69
V2M 2.73 0.50 091 3.00 1.91 1.89 021  0.78 290 1.81 0.67 072 0.77 3.14 2.47
M 2.61 0.93 0.89 3.64 2.46 1.59 0.69 0.68 3.66 2.59 0.84 096 0.75 3.53 2.98
Our 2.20 0.93 0.88 4.43 4.08 1.37 0.68 0.70 4.00 4.36 0.45 097 0.69 443 5.16
Table 3: Universality evaluation on other video-music dataset, where M stands for MZ2UGen.
the relevance between original and generated music. Follow- Model | FADug, | KLD{ CMRT TAT
ing the evaluation model, We further use cross-modal rele- S/g/ll\; 5.294_&12 1.98£0.70  0.65+0.10  0.78+0.09
. S50+1.32 2.03+0.69 0.51+0.10 0.82+0.09
vance (CMR) and temporal allgnment (TA) to evaluate the M 11234263 1984068 0.88+007 0764010
music-video correspondence both in global and temporal as- N 23214+1.08 4.80+031 0444011 0.8340.07
pect. For FAD and KLD, a lower score indicates a more sim- CoDi | 17.4042.59 2.96+0.79 0.694+0.08 0.7340.11
ilar music, while for CMR and TA, a higher score indicates Our 7.45+1.62 1.40+£0.55 0.88+£0.06 0.79+0.09

the music is more related and well-aligned.

We also invited 20 non-expert listeners and 10 with pro-
fessional music knowledge for subjective evaluation. We re-
quire listeners to evaluate music samples in three aspects:
(1) overall music quality (OMQ), which evaluates the ratio-
nality and quality of the music; (2) music-video correspon-
dence (M VC) which evaluates the semantic, emotional and
rhythmic consistency between the music and video; (3) mu-
sic richness (MR) which evaluate the generative diversity.
OMQ and MVC are scored for a single music sample while
MR is for a series of samples generated by each model. We
use 32 samples to evaluate OMQ and MVC by average score
while a set of 10 samples of each to evaluate MR. All these
metrics are based on 7-point scale.

Comparison Models

For comparison, we choose CMT (Di et al. 2021),
V2M (Kang, Poria, and Herremans 2024), M2UGen (Hus-
sain et al. 2023), NEXT-GPT (Wu et al. 2024) and
CoDi (Tang et al. 2024) as baseline models. CMT and V2M
are based on Music Transformer which can only generate
MIDI music, while other three leverage LLMs to build a
bridge for multi-modal music generation and understand-
ing. The evaluation set comprises of data from our test set,
SymMV(Zhuo et al. 2023), MuVi-Sync(Kang, Poria, and
Herremans 2024) and other random data. In objective eval-
uation, we select 10 pieces of data for each kind resulting in
a total of 40 pieces of data in the evaluation set. Each piece
of data has a duration of 15 seconds, providing a sufficient
length to capture meaningful visual and musical elements
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Table 4: Objective evaluation with 95% confidence interval,
where M stands for M2UGen and N stands for NExT-GPT.

while keeping the evaluation process manageable.

Experimental Results

Performance Comparison. Table 4 presents the perfor-
mance of objective metrics on the evaluation set. It is evident
that GVMGen produces music most closely resembling the
ground truth while maintaining a high relevance to the corre-
sponding video. Given that NExT-GPT and CoDi underper-
form in at least one metric and their generated samples are
more like audio rather than music, they are excluded from
further subjective evaluation.

Table 2 illustrates the performance of subjective metrics
as evaluated by both experts and non-experts. The results in-
dicate that: (1) Our model outperforms others across all met-
rics, with significant improvements particularly in music-
video correspondence and music richness. This suggests that
our model is capable of generating a diverse styles of mu-
sic that are high-related to the video input; (2) Even when
GVMGen is trained solely on our Chinese Traditional Music
dataset, its performance in music quality and music-video
correspondence remains comparable to, or even surpasses,
that of other models. This demonstrates the strong univer-
sality and transferability of our model.

Visualization. As shown in Fig. 3 (a), with the same video
input, only our model can generate music with two distinct



M2UGen

Figure 3: Mel-spectrums of generated music by models according to the same video input in (b), (b) illustrates the pitch contours
and alignment of the music generated by our model with the video input.

Model KLD|, FAD,, | CMRT TA?t

Qd avg 1.20 325 097  0.76

Q8 avg 1.22 3.69 096  0.77
Q32 avg 1.26 3.04 099 077
Q16 .14 273 095 0.8

Q16 sum 1.10 2.55 094  0.79
Ql6bw. ViViT | 1.25 3.07 092 077
Q16 w/o. TCA | 1.75 16.71 035 071
Our (Ql6avg) | 1.07 2.63 0.98  0.80

Table 5: Objective ablation Study, where Q represents num-
ber of queries and TCA indicates temporal cross-attention.

thematic lines, played by the erhu and piano, whereas other
models fail to produce a clear melody. Fig. 3 (b) demon-
strates that the music generated by our model fluctuates syn-
chronously with the video shots, descending during back-
ground scenes and reaching a climax when the protagonist
appears. This indicates that our model can generate music
with precise temporal alignment to the video.

Universality Study. Table 3 shows the detailed perfor-
mance on other datasets. GVMGen consistently outperforms
other models, even on their datasets, whether in terms of
similarity to the ground truth, generative quality, or music-
video correspondence. These datasets are entirely different
from our training set, indicating that GVMGen can be ef-
fectively applied to various types of video inputs, even in
zero-shot scenarios.

Ablation Study

To further study the effectiveness of each component in our
model, we adopt additional ablation study with spatial cross-
attention, temporal cross-attention. The objective ablations
are performed using 1628 samples of 30 seconds in our test
set while subjective evaluation are adopted with the main
experiment using 32 samples of 15 seconds.

Spatial Self Attention. The model cannot work if we
drop the module. And as shown in Table 5, if we change
the visual feature extraction model from ViT into ViViT,
whether the generative similarity or the music-video corre-
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spondence will drop significantly, confirming that it cause a
information loss in temporal features as mentioned before.

Spatial Cross Attention. As shown in Table 2, without
the spatial cross attention, the performance of Our (S,CTM)
falls sharply compared with Our (S,FTM,CTM). It indicates
that if we remove the spatial cross-attention, the visual fea-
tures cannot be transformed into shared space, which causes
a lower generative quality and music-video correspondence.
Moreover, we use different number of queries to test the
most appropriate one with the average value, sum value or
preserving the original cross-modal features. Results in Ta-
ble 5 shows that the 16-query model with average values
generally performs best because it can focus on more effec-
tive features while preserve less redundant features.

Temporal Cross Attention. Table 5 shows that the gen-
erated music cannot be similar to ground truth or be re-
lated to video without temporal cross-attention. And in Ta-
ble 2, the adoption of more layers yields significant improve-
ments across almost all metrics. This enhancement can be at-
tributed to the increased capacity and complexity, allowing
it to capture temporal alignment more accurately and keep
the music of high relevance to the video.

Conclusion

In this paper, we present GVMGen, capable of producing di-
verse music in audio format that is highly related to various
types of video inputs. We leverage hierarchical attentions,
including spatial self-attention, spatial cross-attention and
temporal cross-attention, to extract and align the hidden fea-
tures. The hierarchical attentions can preserve the most im-
portant features with minimal information loss. Moreover,
we propose an evaluation model with two novel objective
metrics to evaluate global and local music-video correspon-
dence. We also collect a large-scale dataset including M Vs,
movies and vlogs, featuring both Chinese and western back-
ground music. Experimental results demonstrate that our
model excels in the correspondence, diversity, and universal-
ity of video background music generation. We will improve
the robustness and personalized generation in future.
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