
 

Contents lists available at ScienceDirect

Engineering Applications of Artificial Intelligence

journal homepage: www.elsevier.com/locate/engappai  

Research paper

Semantically complex audio to video generation with audio source 
separation
Sieun Kim a , Jaehwan Jeong a, Sumin In a, Seung Hyun Lee a , Seungryong Kim b, 
Saerom Kim a, Wooyeol Baek a , Sang Ho Yoon c , Eugenio Culurciello d, Sangpil Kim a ,ω

a Department of Artificial Intelligence, Korea University, Seoul, 02841, Republic of Korea
b Kim Jaechul Graduate School of Artificial Intelligence, KAIST, Daejeon 34141, Republic of Korea
c Graduate School of Culture Technology, KAIST, Daejeon 34141, Republic of Korea
d ECE, Purdue University, 610 Purdue Mall, West Lafayette, 7907, IN, USA

A R T I C L E  I N F O

MSC:
C6260
C6264
C3370P
C1250
C1230
C6130M

Keywords:
Multi-source audio
Video generation
Deep learning
Artificial intelligence

 A B S T R A C T

Recent advancements in artificial intelligence for audio-to-video generation have shown the ability to generate 
high-quality videos from audio, particularly by focusing on temporal semantics and magnitude. However, 
existing works struggle to capture all semantics from audio, as real world audios often consist of mixed sources, 
making it challenging to generate semantically aligned videos. To solve this problem, we present a novel multi-
source audio-to-video generation framework that incorporates decomposed multiple audio sources into video 
generative models. Specifically, our proposed Attention Mosaic directly maps each decomposed audio feature to 
the corresponding spatial attention feature. In addition, our condition injection module is helpful for producing 
more natural contexts with non-audible objects by leveraging the knowledge of existing generative models. 
Our experiments show that the proposed framework achieves state-of-the-art performance in representing both 
multi- and single-source audio-to-video generation methods.

1. Introduction

Recent generative models have shown remarkable progress with 
various modalities, such as text (Rombach et al., 2022; Chen et al., 
2023; Oh et al., 2023; Zhao et al., 2023; Blattmann et al., 2023; Liu 
et al., 2024; Lee et al., 2024), mask (Voleti et al., 2022; Chang et al., 
2023; Jain et al., 2024; Ma et al., 2023; Chen et al., 2024a), and 
audio (Chatterjee and Cherian, 2020; Biner et al., 2024; Lee et al., 
2023a; Jeong et al., 2023; Yariv et al., 2024; Zhang et al., 2024; Xing 
et al., 2024). Text modality is a conventional user-provided condition 
type, but it still presents challenges in controlling motion dynamics 
solely based on the text input. Beyond that, audio has inherent features, 
such as intensity, timbre and volume, which enable the generation 
of temporally dynamic features with infinite variation. Using these 
characteristics, recent works (Lee et al., 2022, 2023b, 2022) have 
demonstrated the superiority of audio conditioning, emphasizing the 
potential of audio in the generation and manipulation of visual content. 
Traditionally, audio has been used for generating talking heads (Kumar 
et al., 2020; Park et al., 2022; Peng et al., 2024), where each frame is 
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generated to synchronize the face and lip movements with the given 
speech audio. Due to the limitation of handling only specific classes 
of audio, works have attempted to extend into generating videos from 
more diverse classes of audio, i.e., general audio-to-video generation. 
Early works (Chatterjee and Cherian, 2020; Le Moing et al., 2021; 
Lee et al., 2022) utilized Generative Adversarial Networks (GAN) for 
generating frames, but they did not consider the temporal semantics 
of audio. To overcome this limitation, recent works (Lee et al., 2023a; 
Jeong et al., 2023; Yariv et al., 2024; Zhang et al., 2024) have leveraged 
time-aware semantic audio information as input condition in diffusion 
model with the magnitude information of the given audio. However, 
they do not accurately represent semantically complex audio, especially 
when sounds from multiple objects overlap. As shown in Fig.  1, since 
multiple audio sources are mixed in a real video scenario, it is necessary 
to decompose the mixed audio into individual components and produce 
visual elements corresponding to the individual audio sources.

In this paper, we propose Maestro, a novel method of multi-source 
audio-to-video generation, which aims to accurately produce multiple 
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Fig. 1. Audio detection visualization of a 17 s real video. A real video contains a mixture of various audio meanings, which are represented correspondingly in the video.

Fig. 2. Examples of our video generation based on multi-source audio inputs. Maestro creates impressive output that fully reflects semantically complex audio and naturally 
expresses various objects. The yellow boxes indicate the input bounding boxes.

Fig. 3. Overview of Maestro. Our model consists of two main components: (i) Multi-source audio feature extraction, which produces time-dependent audio tokens for each segment 
of denoised audio by leveraging a pre-trained condition injection module and (ii) Attention Mosaic, directly mapping each audio feature to designated locations in the spatial 
attention module for generating multiple objects.
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Fig. 4. Condition injection module training process. Maestro generates time-dependent audio tokens with Condition Injection Module (CIM). Audio input is divided into 𝜔 segments, 
which are processed through the audio encoder and CIM to be injected into the video generation model. By employing Stable Diffusion, CIM trains the video frame information 
corresponding to the audio.

Fig. 5. Attention Mosaic. At timestep 𝜀, noise is predicted using either the Object Locating (Left) or Mosaic Denoising (Right) method. In the case of Object Locating, a 2D 
Gaussian is utilized in the Attention map dimension to create objects at the desired locations. Mosaic Denoising, on the other hand, ensures that each condition only attends to the 
corresponding bounding box ∱ region to generate objects. Each method is applied with its respective edited condition, referred to as ∲

𝜗𝜛𝜚𝜍𝜛
 (Eq. (4)) and ∲

𝜑𝜛𝛻
 (Eq. (9)).

objects in the input semantically complex audio. Unlike previous ap-
proaches that focus on representing the semantics and transitions of 
single-source audio, Maestro tackles this challenge through Attention 
Mosaic with multiple decomposed audio sources and introduces an ef-
fective condition injection module optimization strategy to attain better 
contextual expression, even for non-audible objects within the video. 
Instead of performing a denoising step for each object, we adopt the 
‘‘Mosaic Denoising’’ method, which directly maps multiple decomposed 
audio semantics to the desired space of video using spatial attention 
modules. Furthermore, to enhance contextual expression, we leverage 
Stable Diffusion (Rombach et al., 2022) to train the frame information 
of actual videos corresponding to the audio with our curated VGGSound 
and Landscape dataset (Lee et al., 2022). For example, in a video where 
a dog is barking, the audio label might simply state ‘‘dog barking’’. 
However, by utilizing video frames, we can gather information on 
whether the dog is barking indoors or outdoors in the yard, providing 
insights into the surrounding environment and context.

This paper is organized as follows: We first discuss the related work 
in Section 2. Then our approach is presented in Section 3, including 
the Condition Injection Module and Attention Mosaic. Experimental 
evaluation and analysis is conducted in Section 4 and conclusion are 
drawn in Section 5. In the Appendix, we include experiments on a 

different dataset, as well as a discussion of limitations, future works, 
and additional qualitative results. Experimental results show that our 
method can produce semantically rich video from various multi-source 
audio. For example, it accurately represents three objects, two people, 
and effectively captures foreground and background sound objects 
(see Fig.  2). Moreover, we examine the effectiveness of proposed our 
methods in ablation studies.

Our main contributions are listed as follows:
• We propose a novel approach that generates video by decompos-
ing audio sources, addressing the limitation of existing audio-to-
video generation methods that often fail to capture multiple audio 
semantics.

• Our Mosaic Denoising aligns multi-source semantics by directly 
mapping each audio feature to designated locations in the spa-
tial attention module, enhancing the instance-level audio-visual 
alignment.

• To achieve better contextual expression with non-audible objects, 
beyond contrastive learning for audio encoder, we also applied 
pixel-level optimization by leveraging the knowledge of Stable 
Diffusion.

• Our extensive experimental results show that our proposed
pipeline outperforms existing audio-to-video generation models 
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on various metrics, such as video quality, audio-visual alignment, 
and user study.

2. Related work

2.1. Text-to-video generation

Text-to-video (T2V) generation models (Ho et al., 2022b,a; Singer 
et al., 2022; Oh et al., 2023; Guo et al., 2023; Hong et al., 2022; 
Zhao et al., 2023; Blattmann et al., 2023; Liu et al., 2024; Lee et al., 
2024) have made significant advancements in recent years, driven by 
the progress in diffusion models. Video Diffusion Models (VDM) (Ho 
et al., 2022b) was the first to apply diffusion models to video gener-
ation. It uses a spatio-temporally factorized U-Net architecture, which 
maintains temporal continuity and spatial consistency while generating 
videos. VDM requires high computational resources because it learns 
the entire video using 3D convolutions rather than processing each 
frame individually. Therefore, Imagen Video (Ho et al., 2022a) reduced 
computational complexity by processing each frame of the video data 
individually and improved overall quality based on a cascaded diffusion 
model.

Other approaches, such as Make-A-Video (Singer et al., 2022) and 
CogVideo (Hong et al., 2022), extended existing text-to-image (T2I) 
models to T2V models by adding a temporal layer for the video do-
main. They follow the fine-tuning process with video datasets while 
leveraging the knowledge of image generation priors. Subsequently, 
AnimateDiff (Guo et al., 2023) and VideoCrafter (Chen et al., 2023) 
improved both temporal consistency and visual quality by integrating 
temporal attention modules into the existing 2D latent diffusion model. 
Alternative approaches (Bar-Tal et al., 2024; Ma et al., 2024) proposed 
transformer-based diffusion models, resulting in notable enhancements 
in generation quality.

The most related prior work to ours is VideoCrafter2 (Chen et al., 
2024b), an extended video generation model from Stable Diffusion
(Rombach et al., 2022), capable of generating high-quality videos from 
either text prompts or image conditions. Our model preserves this 
desirable image quality per frame and temporal coherence between 
frames achieved in their work while taking audio as input.

2.2. Audio-to-video generation

In conditional video generation, text condition can convey semantic 
information well, but it does not effectively express situations that 
change over time. On the other hand, sound can effectively reflect 
dynamic changes. Therefore, recent research has been focusing on 
video generation using sound modalities. Early studies of audio-to-
video (A2V) generation primarily focused on the talking face genera-
tion task to synchronize facial and lip movements in each frame (Kumar 
et al., 2020; Park et al., 2022; Peng et al., 2024). This approach has the 
limitation of being unable to utilize various audio types, such as those 
from nature or animals.

Subsequent research has focused on generating more diverse videos 
by utilizing semantic features from the given audio. Prior studies 
in A2V, such as Sound2Sight (Chatterjee and Cherian, 2020), CCVS
(Le Moing et al., 2021), and Lee et al. (2022), used Generative Ad-
versarial Networks (GAN) based approaches to generate the next frame 
sequences from audio input. However, these approaches focus on the 
semantic features of audio, largely neglecting its temporal features.

Recent approaches leverage temporal segments and utilize diffusion 
models to achieve high-quality temporal and visual results. AADiff (Lee 
et al., 2023a) controlled temporal dynamics by adjusting the weights 
of the text-image cross-attention map, using the audio magnitude of 
each frame as a condition. TPoS (Jeong et al., 2023) aligns audio 
segments with video frames and uses these segments as a condition for 
T2I models to generate each frame. TempoToken (Yariv et al., 2024) 
extracts features from audio segments and integrates them into the 

T2V model using adapters for effective fusion. ASVA (Zhang et al., 
2024) used ImageBind (Girdhar et al., 2023) to encode the input 
audio into semantically aware, time-dependent tokens. Additionally, 
to improve the generation of audio-synchronized videos, audio cross 
attention and temporal attention layers were added to a pre-trained 
image latent diffusion model (LDM) for better audio conditioning and 
synchronization. However, conditioning semantically complex audio 
with multiple overlapping classes is still challenging. In this work, we 
focus on generating multiple objects from multiple decomposed audio 
inputs while also enhancing the representation of single-source audio.

3. Methods

As shown in Fig.  3, our model has two main components: (i) Multi-
source audio feature extraction (see Section 3.1) and (ii) Attention 
Mosaic (see Section 3.2). Our multi-source audio feature extraction 
enables the model to express not only the time-dependent seman-
tic information but also contextual information from audio inputs 
(e.g., given a sound of playing violin, our model represents not only the 
violin object but also the violinist and their surroundings). Conditioned 
on these audio features, Attention Mosaic allows for the generation of 
multiple objects by ensuring that the desired condition is attended to 
at the designated location during the process of video inference. In 
this paper, we propose a novel multi-source audio-to-video generation 
method.

3.1. Multi-source audio feature extraction

3.1.1. Feature extraction
We leverage AudioSep (Liu et al., 2023), a foundational model for 

open-domain sound separation, to decompose multi-source audio into 
𝜕ℵ single-source audio. For ℶ ε {1,… ,𝜕ℵ}, they are converted to Mel-
spectrogram ℵℶ ε R𝜛ϑℷ where 𝜛 represents the number of melfrequency 
bins and ℷ is the width of the spectrogram and then divided into 
several segments to capture temporal conditions. Each time-dependent 
segment, denoted as ℵℶ

𝜑
ε R𝜛ϑ ℷ

∳ , is encoded into ImageBind’s unified 
latent space (Girdhar et al., 2023) where 𝜑 ε {1,… ,∳} and ∳ = ⌋ℸ

2 ⌈, 
with ℸ being the input audio duration. Specifically, while ImageBind’s 
audio encoder ⨋ℵ(⋛) usually extracts only the classification token for 
audio embedding, we leverage both the classification token and local 
patch tokens, i.e. ⊳ℶ

𝜑
= ⨋ℵ(ℵℶ

𝜑
), to obtain richer audio information from 

audio segments.

3.1.2. Condition Injection Module (CIM)
To control video generation using audio, we connect the audio 

encoder ⨋ℵ(⋛) and video diffusion model with a condition injection 
module (CIM), so that the denoising UNet can interpret the audio 
information. Inspired by Flamingo (Alayrac et al., 2022), we use a 
learnable lightweight model ⨌(⋛) as our condition injection module. 
It produces a fixed number of audio outputs using extracted multi-
source audio features ⊳ℶ

𝜑
 as inputs. We employ the query transformer 

architecture (Jaegle et al., 2021), which consists of 𝜕 stacked layers 
of cross-attention and feed forward networks (FFN). In more details, 
during inference, ⨌(⋛) makes various time-dependent audio embeddings 
⊳
ℶ = (⊳ℶ1,… , ⊳

ℶ

∳
) to a constant number of audio tokens 𝛻ℶ = (𝛻ℶ1,… , 𝛻

ℶ

∳
)

using the 𝜕⊲ learned latent queries where 𝛻ℶ
𝜑
ε R𝜕⊲ϑ0 and 0 ⨍ 1024.

3.1.3. Training condition injection module
As shown in Fig.  4, our training method of condition injection 

module ⨌ is based on a lightweight pre-trained T2I model, not the 
T2V model. Utilizing an image generation model particularly allows ⨌
to converge in less time and with fewer resources, enhancing better 
contextual expression of non-audible objects (see Fig.  13). To train 
better contextual expression, we extract ∳ video frames from the video 
corresponding to ∳ audio segments, starting from the first frame and 
then at intervals of 1 frames, where 1 = ⌋ 2

∳ϖ1 ⌈ and 2  being the 
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Fig. 6. Histogram visualization of semantic alignment across different modalities. Since semantically misaligned audio-video data pairs can negatively impact the training of the 
condition injection module, we compute cosine similarity score for Keyframe-Text (Left), Audio-Text (Middle), Keyframe-Audio (Right). We selected only the videos where all three 
scores were higher than the median.

Fig. 7. Hyperparameter 𝜕
3
. When the 𝜕

3
 value is low, the Object Locating (OL) step is not performed sufficiently, so the location of the object becomes unclear and the frame 

appears unnatural. On the other hand, when the 𝜕
3
 value increases, the Mosaic Denoising (MD) step will not be performed sufficiently, which will reduce the quality of the object 

and introduce artifacts. When the 𝜕
3
 value is 6, the OL and MD stages are properly balanced to ensure that objects are clearly positioned and create natural frames, resulting in 

optimal results.

total number of frames in the input video. Given ∳ video frames and 
time-dependent audio embeddings ⊳1,… , ⊳∳ , our CIM (⨌) is trained to 
produce 𝛻1,… , 𝛻∳ , applying denoising loss functions and Mean Squared 
Error (MSE) loss jointly. Specifically, for denoising loss, we leverage 
pre-trained Stable Diffusion UNet 4𝜑0 (⋛) (Rombach et al., 2022) and inte-
grated conditioning 56 , which is combined time-dependent audio tokens 
𝛻1,… , 𝛻∳ with unconditional null embeddings ⨋7 (5ϱ) ε R1ϑ⌉8 ⌉ϑ0 . 
5ϱ represents an unconditioned text prompt and ⨋7 (⋛) is pre-trained 
CLIP-based text encoder.

The denoising loss is thus formulated as: 
⨎𝜑0 = E⨋(𝝎),56 ,4ς⨏ (0,6),𝜀

{}4 ϖ 4𝜑0 (𝜺𝜀, 𝜀, 56 )}22
⦃

(1)

A extracted frame 9, corresponding to a audio token, is encoded into a 
lower-dimensional latent space . = ⨋(9) using a pre-trained perceptual 

auto-encoder ⨋(⋛). The corrupted latent representation .𝜀 at time step 𝜀
is obtained by adding Gaussian noise to the latent representation ..

An MSE loss is defined as the squared norm difference between the 
audio tokens and the text tokens 5𝜀 from dataset’s label: 
⨎𝜗𝜑𝜛 = }𝛻 ϖ 5𝜀}22, (2)

where 𝛻 = ⨌(⊳) and ⊳ = (⊳1,… , ⊳∳ ). We update only the parameters of 
the CIM (⨌) while freezing Stable Diffusion. By leveraging the spatial 
prior knowledge from Stable Diffusion, we can effectively learn visual 
information that corresponds to frames matched with audio segments. 
In addition, we apply data augmentation to produce audio tokens that 
contain high-quality audio features. For audio inputs, we apply the 
SpecAugment (Park et al., 2019), augmenting Mel-spectrogram acoustic 
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Fig. 8. Qualitative results of loss function optimized parameter ,1.

features by warping the features and masking blocks of frequency chan-
nels. To summarize, we minimize the following loss function ⨎𝜀<𝜀⊳ℏ: 
⨎𝜀<𝜀⊳ℏ = ,1(⨎ℵ

𝜑0
+ ⨎

ℵ
φ

𝜑0
) + (1 ϖ ,1)(⨎ℵ

𝜗𝜑𝜛
+ ⨎

ℵ
φ

𝜗𝜑𝜛
), (3)

where ℵφ represents augmented audio ℵ.

3.2. Attention mosaic

The part where the input condition affects video generation is 
the spatial cross-attention module within the denoising UNet of the 
generative model (Rombach et al., 2022). This module performs cross-
attention using the query ⊲ ε R𝜕2 ϑ0>ϑ0 from the self-attention located 
in the previous stage and the transformed key ⋆, value ≨ ε R𝜕2 ϑ⌉8 ⌉ϑ0

from the input condition (⌉8 ⌉ ⨍ 77 and 0 ⨍ 1024, which is because 
our baseline model used CLIP (Radford et al., 2021) as the text embed-
ding model). While this existing module performs well for generation 
with a single condition, it struggles to represent multiple conditions 
effectively. To address this limitation, we divide the UNet denoiser into 
two stages (shown in Fig.  5). The first is Object Locating, a method 
for specifying areas to ensure that multiple objects are accurately 
placed within a single frame (see Section 3.2.1), and the next is Mosaic 
Denoising, a method for mapping each audio source to a designated area 
and applying focused conditioning within that area to enhance the fine 
details of multiple objects (see Section 3.2.2). The former occurs during 
the early steps 𝜀 ε {7 ϖ1,… , 7 ϖ𝜕3}, while the latter takes place in the 
later steps 𝜀 ε {7ϖ𝜕3ϖ1,… , 0}, where 7  represents the total number of 
denoising time steps and 𝜕3 is a hyperparameter that separates these 
two processes. The parameter setting is detailed on Section 4 and Fig. 
7.

To control the positions of objects in both stages, inspired by Ma 
et al. (2023) and Jain et al. (2024), we leverage bounding boxes 
(Bboxes) in the same number as the decomposed audio sources. We 
present the procedure of Object Locating and Mosaic Denoising in Alg. 
1 to facilitate understanding, and the overall procedures are illustrated 
in Fig.  5.

Table 1
Quantitative results of parameter ,1.
 ,1 Landscape VGGSound

 IA  AV-Align  IA  AV-Align  
 0.0 0.25 0.45 0.28 0.50  
 0.5 0.32 0.53 0.45 0.55  
 0.7 0.34 0.54 0.47 0.58  
 0.9 0.37 0.55 0.48 0.58  
 1.0 0.35 0.55 0.45 0.57  

Table 2
Quantitative results for Learnable Query Size 𝜕

⊲
.

 𝜕
⊲

Landscape VGGSound

 IA  AV-Align  IA  AV-Align  
 1 0.2814 0.4788 0.4439 0.5099  
 5 0.3661 0.5335 0.4797 0.5676  
 10 0.3743 0.5502 0.4831 0.5825  
 15 0.3636 0.5489 0.4782 0.5841  
 20 0.3577 0.5407 0.4776 0.5802  

3.2.1. Object locating
Given the decomposed audio sources 𝜕ℵ as input, time-dependent 

audio tokens 𝛻1,… , 𝛻
ℶ
,… , 𝛻

𝜕ℵ  are obtained through pre-trained condi-
tion injection module (CIM) where 𝛻ℶ = (𝛻ℶ1,… , 𝛻

ℶ

∳
) and ∳ = ⌋ℸ

2 ⌈, with 
ℸ being the input audio duration. Then, we use the unconditioned text 
∲ and repeated audio tokens 𝐴𝛻ℶ

𝜑
ε R𝜕𝜔ϑ𝜕⊲ϑ0 to generate the merged 

audio condition, where 𝜕𝜔 is frame size (which is the total number of 
frames 𝜕2  divided by ∳) and 𝜑 ε {1,… ,∳}, with 𝜕⊲ representing the 
size of the learnable queries. The merged condition is defined as: 
∲[𝜑 ⋛𝜕𝜑 ∇ (1 + 𝜑) ⋛𝜕𝜑, (ℶ ϖ 1) ⋛𝜕⊲ ∇ ℶ ⋛𝜕⊲] = 𝐴𝛻

ℶ

𝜑
, (4)

where ℶ ε {1,… ,𝜕ℵ} and this is denoted as ∲𝜗𝜛𝜚𝜍𝜛.
In the cross-attention module, the query representation ⊲ ε

R𝜕2 ϑ0>ϑ0 is used to compute attention with the representations ⋆, 
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Fig. 9. Qualitative results. Examples of generated video frames (given (a) playing violin + playing piano (b) dog barking + cat meowing) by AADiff, TPoS, TempoToken and ours. 
‘‘+’’ indicates overlapping audio inputs.

≨ ε R𝜕2 ϑ⌉8 ⌉ϑ0 , derived from the ∲𝜗𝜛𝜚𝜍𝜛, where 0> ⨍ ℷ ϑ >, defined 
by the spatial resolution width and height within the respective block. 
The cross attention map ⨐ is then defined as: 

⨐ = 𝜔<𝐵𝜀𝜗⊳9(⊲⋆
7

⦄
0

), (5)

where 𝜔<𝐵𝜀𝜗⊳9(.𝐶) = 𝜛
.𝐶

⟨⋆

𝜀=1 𝜛
𝐶𝜀

for 𝐶 = 1, 2,… ,⋆. Since multi-source 
audio contains sounds from multiple objects, we use bounding boxes 
(Bboxes) ∱ = {∱ℶ

𝐵
⌉ℶ,𝐵 ε N, 1 ⨑ ℶ ⨑ 𝜕ℵ, 1 ⨑ 𝐵 ⨑ 𝜕2 } to specify the 

location of each object. Given Bbox ∱(9, 𝐷) created from the resolution 
0>, the additional weight function ⨒ ε R𝜕2 ϑℷϑ>ϑ⌉8 ⌉ that generates the 
values at given (9, 𝐷) using a 2D gaussian function 𝜍(⋛, ⋛) is defined by:
⨒[𝐵 , 9, 𝐷, (ℶ ϖ 1) ⋛𝜕⊲ ∇ ℶ ⋛𝜕⊲] = 𝐸 ⋛ 𝜍(9, 𝐷) (6)

𝐸 =
⟩

+1, if (9, 𝐷) ε ∱
ℶ

𝐵

ϖ1, if (9, 𝐷) ε ∱
𝐹

𝐵
, 𝐹 = ℶ

5
(7)

Finally, the (9, 𝐷) coordinates of the attention map ⨐ in Eq. (5) are 
updated by adding ⨒ from Eq. (6), as follows: 
⨐

ℶ

𝐵
(9, 𝐷) ∇= ⨐

ℶ

𝐵
(9, 𝐷) + ⨒

ℶ

𝐵
(9, 𝐷), where (9, 𝐷) ε ∱

ℶ

𝐵
(8)

3.2.2. Mosaic denoising
If in the previous step we aimed to position objects precisely at 

intended locations within the initial latent space .7 ς ⨏ (0, 6), the 
subsequent step focuses on ensuring that the distributions of located 
objects are influenced only by their corresponding conditions. The 
previous approach utilizing attention maps enabled the simultaneous 
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Algorithm 1 Multi-object Inference
Input: Obtained of previous Self-attention ⊲, Bounding boxes ∱ ε {∱1 ,∱2 , ...,∱𝜕ℵ

}, 2D gaussian function 𝜍(⋛, ⋛), Audio embedding 𝛻ℶ ε {𝛻1 , 𝛻2 , ..., 𝛻𝜕ℵ } = 𝐺ℵ, Unconditional null embeddings 
∲, and pre-trained attention linear weight Linear(⋛)
Output: Cross-attention value to be input to the next block
// 7 = Total number of diffusion steps
// 𝜕3 = Hyper-parameter dividing inference steps
// 𝜕2 = Number of Video Frames
// 𝜕⊲ = Condition injection module’s query size
// (9, 𝐷) = Coordinates within the Bboxes ∱
function Merge(∲, 𝐺ℵ, 𝜕⊲) for each ℶ = 1, 2, ...,𝜕ℵ do Compute ∲ with Eq. (4)
 ⋆ ,≨  Linear⋆ ,≨ (∲)
 return ⋆, ≨
function Separate(∲, 𝐺ℵ, 𝜕⊲) for each ℶ = 1, 2, ...,𝜕ℵ do ∲

ℶ = COPY(∲)
 Compute ∲

ℶ with Eq. (9)
 ⋆

ℶ
,≨

ℶ  Linear⋆ ,≨ (∲ℶ)
 return ⋆0∇𝜕ℵ ,≨

0∇𝜕ℵ

for each timestep 𝜀 = 7 ϖ 1, 7 ϖ 2, ..., 0 do
 // Object Locating
 if 𝜀 ⨓ 7 ϖ𝜕3 then ⋆ ,≨  Merge(∲, 𝐺ℵ, 𝜕⊲)
 ℵ  𝜔<𝐵𝜀𝜗⊳9(⊲⋆

7 ∂
⦄
0)

 for each ℶ = 1, 2, ...,𝜕ℵ do 𝜑 = (ℶ ϖ 1) ϑ𝜕⊲ 𝜛 = ℶ ϑ𝜕⊲

 ℵ𝜑∇𝜛(9, 𝐷) = ℵ𝜑∇𝜛(9, 𝐷) + 𝜍(∱ℶ) ϖ 𝜍(∱ℶ
5 )

 𝐻𝐼𝜀𝛻𝐼𝜀  ℵ ϑ ≨

 // Mosaic Denoising
 else if 𝜀 < 7 ϖ𝜕3 then ⋆

0∇𝜕ℵ ,≨
0∇𝜕ℵ  Separate(∲, 𝐺ℵ, 𝜕⊲) for each ℶ = 1, 2, ...,𝜕ℵ do

 𝐴⊲
𝜕2 ϑ 𝐴0>ϑ0 = MASK(∱ℶ

,⊲
𝜕2 ϑ0>ϑ0 )

 𝐻
ℶ  𝜔<𝐵𝜀𝜗⊳9( 𝐴⊲(⋆ℶ)7 ∂

⦄
0) ϑ ≨

ℶ

 𝐻𝐼𝜀𝛻𝐼𝜀  Concat(𝐻1
,𝐻

2
, ...,𝐻

𝜕ℵ )

Fig. 10. Result of sound control. (a) Sound transitions (Fire crackling  Wind noise). We observe a natural process where a fire burns, then diminishes with smoke due to the 
wind. (b) Volume changes (ϑ0.5  ϑ1.5). As we increase the magnitude of sound Fire crackling, the fire becomes larger.

generation of multiple objects, but a problem remains where theses gen-
erated objects are still incomplete due to being influenced by various 
condition. This issue arises from the probabilistic nature of adjusting 
weights before the 𝜔<𝐵𝜀𝜗⊳9 stage, where conditions that should focus 
on a single bounding box area are influenced by other areas due to 
low probabilities. Therefore, to address this limitation, we propose a 
method called 𝐽<𝜑⊳ℶ53𝜛1<ℶ𝜑ℶ1𝜍 to mask the query map 𝐴⊲ ε R𝜕2 ϑ>ϑℷϑ0

(which is a resized form of the query ⊲) in alignment with the bounding 
boxes ∱ℶ(9, 𝐷) before entering the ℵ𝜀𝜀𝜛1𝜀ℶ<1 operation. Since we need to 
create individual ⋆ and ≨  corresponding to the masked 𝐴⊲

ℶ(9, 𝐷), we 
leverage unconditioned text ∲ℶ to generate separated audio conditions, 
which is a different approach from Eq. (4). The separated condition ∲ℶ

is defined as: 
∲
ℶ[𝜕𝜑 ∇ (1 + 𝜑) ⋛𝜕𝜑, ∇ 𝜕⊲] = 𝐴𝛻

ℶ

𝜑
, (9)

where 𝐴𝛻ℶ
𝜑

ε R𝜕𝜔ϑ𝜕⊲ϑ0 represents repeated audio tokens, which is 
the same as mentioned in Section 3.2.1 and this is denoted as ∲𝜑𝜛𝛻. 
Specifically, ℶ ε {1,… ,𝜕ℵ} and 𝜑 ε {1,… ,∳} where ∳ = ⌋ℸ

2 ⌈, with 
ℸ being the input audio duration.

The ⋆ℶ and ≨ ℶ pairs generated from this ∲ℶ perform ℵ𝜀𝜀𝜛1𝜀ℶ<1 with 
the corresponding 𝐴⊲ℶ(9, 𝐷) as follows: 

⨔
ℶ = 𝜔<𝐵𝜀𝜗⊳9(

𝐴⊲
ℶ(9, 𝐷)⋆ℶ7

⦄
0

)≨ ℶ (10)

𝐴⊲
ℶ(9, 𝐷) ε R𝜕2 ϑ 𝐴0>ϑ0 refers to the query corresponding to the ∱ℶ(9, 𝐷)

regions and is as follows: 𝐴0> = 9 ϑ 𝐷. (The softmax operation is the 

same as mentioned in Section 3.2.1.) Afterward, outputs ⨔1
,… ,⨔

𝜕ℵ

are merged back together.

4. Experiments

In Sections 4.1 and 4.2, we present our dataset curation process 
using the VGGSound dataset (Chen et al., 2020) and provide imple-
mentation details. In Section 4.3, we discuss the optimization of the 
Condition Injection Module, focusing on finding the optimal values for 
the loss function and the learnable query size. Furthermore, in Sec-
tions 4.4 and 4.5, we showcase the qualitative and quantitative results 
of our model in comparison with baselines. Finally, in Section 4.6, 
we demonstrate the effectiveness of each component of our proposed 
method.

4.1. Dataset

Dataset Curation. Existing audio-video datasets, including the VG-
GSound dataset (Chen et al., 2020), often have ‘‘in the wild’’ videos 
from YouTube, containing diverse classes. However, many audio-video 
pairs are temporally or semantically unaligned and have noisy audio, 
such as out-of-frame audio sources or audio sources with a magnitude 
of 0. Additionally, there are static videos with very little movement, 
which can have a negative impact on video processing.

To leverage clean (well-matched) video-audio pairs for training, 
we curate a dataset by filtering the VGGSound dataset. VGGSound 
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Fig. 11. Qualitative results of our method with text-based baselines. We compare the representation of multiple objects with our method and existing text-to-video generation 
models. The text at the top refers to input from the Peekaboo and Trailblazer models. Our method leverages overlapping sounds of drum playing and guitar playing as input in 
(a), and overlapping sounds of dog barking and cat meowing as input in (b). The yellow boxes indicate the input bounding boxes.

Fig. 12. Human evaluation results.

contains over 200K audio-visual pairs, which consists of 309 classes. 
For measuring (i) semantic alignment, we compute the alignment 
scores for Keyframe-Audio, Keyframe-Text, and Audio-Text leveraging 
ImageBind (Girdhar et al., 2023). Since the pre-trained models (Chen 
et al., 2024b; Rombach et al., 2022) used in our method employ a 
clip-based text encoder trained to maximize cosine similarity between 
image and text embeddings for correct pairs (Radford et al., 2021), we 

choose cosine similarity as the semantic alignment score. To determine 
the optimal threshold, We manually evaluate the quality of the top 
100 videos before and after thresholding at the 25%, 50%, and 75% 
boundaries for each pair. For example, in the 25% threshold range 
of the Keyframe-Audio pair, we observe that the keyframe features 
only a cat indoors, while the audio contains the louder sound of a 
car horn outside the window. Finally, we keep the videos where all 
three values are higher than the median (see Fig.  6). To remove (ii) 
static videos, we follow the optical flow measurement method of Stable 
Video diffusion (Blattmann et al., 2023), to obtain dense optical flow 
maps at 2fps using the OpenCV (Itseez, 2015) implementation of the 
Farneback algorithm and set threshold to 0.1. Additionally, we exclude 
videos with an audio magnitude of 0 and with several labels that are 
difficult to distinguish by audio alone.

For pre-training the condition injection module, we use two audio-
visual datasets: curated VGGSound and Landscape (Lee et al., 2022). 
Curated VGGSound is high-quality dataset containing 40K audio-visual 
pairs in the wild. The dataset has audio data of various objects, such 
as people, animals and cars. To produce richer videos, we use the 
Landscape dataset consisting of 9 natural classes, with 900 clips as the 
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Fig. 13. Effectiveness of denoising loss ⨎
𝜑0
. Generated video frames using two versions of audio query transformer: one using the denoising loss of Stable Diffusion (second row) 

and one without (first row) in the pre-training process.

Fig. 14. Effectiveness of Attention Mosaic. Generated video clips with and without proposed our modules, Object Locating (OL) and Mosaic Denoising (MD), in Attention Mosaic.

training and 100 clips as the testing set (Zhang et al., 2024; Yariv et al., 
2024).

Effects of Dataset Curation. By lowering Kolmogorov complexity 
through the reduction of unnecessary data that disrupts the generation 
of learning patterns (Bolón-Canedo and Remeseiro, 2019; Kabir and 
Garg, 2023), the curated VGGSound dataset can also potentially im-
prove the accuracy of the Condition Injection Module, which creates 
time-dependent audio tokens that effectively capture audio informa-
tion. Furthermore, Stable Video Diffusion (Blattmann et al., 2023) has 
demonstrated the necessity of a well-curated pre-training dataset for 
high-quality video generation, incorporating captioning and filtering 
strategies.

4.2. Implementation details

4.2.1. Baselines
We compared our methods with several state-of-the-art audio-to-

video generation methods, AADiff (Lee et al., 2023a), TPoS (Jeong 
et al., 2023), and TempoToken (Yariv et al., 2024). We re-implemented 
AADiff and leveraged TPoS and TempoToken’s pre-trained checkpoints 
on Landscape and VGGSound. For TempoToken, we evaluated the 
approach of using both an audio and a text prompt, referred to as 
TempoToken (w/ text) in quantitative study. We used the text prompt 
‘‘a photo of 〈class label〉’’.

Moreover, for evaluating video generation performance using mul-
tiple objects, we consider two text-to-video generation models : Trail-
Blazer (Ma et al., 2023) and Peekaboo (Jain et al., 2024). Both baselines 
use the pre-trained publicly available zeroscope-v2 model (Wang et al., 
2023). We utilized audio class label as a text input and configured 
identical fixed bounding boxes for all. Specifically, for TrailBlazer, 
we leveraged Scene Compositing method which synthesizes multiple 
subjects using the prompt and the stored single subject latents.

4.2.2. Training condition injection module
Condition injection module (CIM) allows the denoising UNet in 

the T2V (Text-to-Video) model to interpret the audio information and 
produces time-dependent audio tokens. We leveraged the pre-trained 
Stable Diffusion V2-1 (Rombach et al., 2022) for ⨎𝜑0 and Image-
Bind (Girdhar et al., 2023) as audio encoder. The input image size is 
fixed as 512 ϑ 512 and the input audio duration is fixed as 10 s for 
training the CIM. We employed the ViT-H-14 architecture of CLIP text 
encoder (Radford et al., 2021), which is used in our base video model, 
VideoCrafter2 (Chen et al., 2024b). We utilized the Adam optimizer and 
set the learning rate to 0.0001. Training was performed on the curated 
VGGSound dataset for 30,000 iterations, requiring approximately 23 h, 
and on the Landscape dataset for 15,000 iterations, taking around 3 h. 
Both were conducted using 4 NVIDIA RTX 4090 GPUs. TPoS (Jeong 
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Table 3
Quantitative results. Compared with audio-to-video generation baselines on two datasets: VGGSound and Landscape. The underlined values are 
the second best-performing values, and the bolded values are the first best-performing values.
 Model Inputs Landscape VGGSound

 Text Audio FVD  IA  AV-Align  IA  AV-Align  
 AADiff (Lee et al., 2023a) ⥳ ⥳ 2151.8 0.24 0.12 0.30 0.30  
 TPoS (Jeong et al., 2023) ⥳ ⥳ 2314.1 0.26 0.44 0.23 0.43  
 TempoToken (Yariv et al., 2024) ⥳ ⥳ 1912.8 0.22 0.40 0.38 0.52  
 ⥳ 2108.8 0.12 0.44 0.10 0.48  
 Ours ⥳ 585.9 0.37 0.55 0.48 0.58  

et al., 2023) was trained on the combined Landscape and VGGSound 
datasets for 26 h using 4 NVIDIA RTX 3090 GPUs. For TempoTo-
ken (Yariv et al., 2024), training on the VGGSound dataset took 32 h 
and training on the Landscape dataset took 5 h, using 2 A6000 GPUs.

4.2.3. Hyper-parameters setting
We conduct experiments on the value of 𝜕3, which distinguishes 

the time steps 7  between Object Locating (OL) and Mosaic Denoising
(MD) in Attention Mosaic (Section 3.2). The upper part of Fig.  7 
shows that when OL is performed less time steps and MD more, the 
resulting video appears unnatural, with frames split in half. Conversely, 
increasing the 𝜕3 (which makes OL be performed more steps and MD 
less) leads to clear object locations and more natural frames, but at the 
cost of lower object quality, resulting in artifacts such as the merging 
of a dog and a chicken. The optimal compromise was found at 𝜕3 = 6, 
where objects are generated at precise locations corresponding to the 
Bboxes, resulting in stable quality and natural frames.

4.3. Discussion of condition injection module

4.3.1. Analysis of loss function
As shown in Table  1 and Fig.  8, when only the MSE loss ℸ𝜗𝜑𝜛 is 

used (,1 = 0.0), the quality of the generated videos is lower in terms 
of alignment with the audio. This is because various audio samples from 
the same class are mapped to a single class label (text), resulting in the 
loss of diverse audio representation information. Additionally, while 
the ‘‘gun shooting’’ label correctly generates the gun, it fails to represent 
the subject shooting the gun. (see Fig.  8 first row) On the other hand, 
as the ratio of the Denoising loss ℸ𝜑0 increases, both qualitative and 
quantitative results show improvement. As shown in the last row of 
Table  1 (,1 = 1.0), we observe a slight drop in the IA score. In cases 
where no text is used, the single-source audio is learned with the entire 
image information that contains multiple meanings, the alignment 
accuracy decreases. Therefore, we conclude that incorporating both 
image and text information is essential for training. Consequently, we 
set ,1 to 0.9 (see Fig.  8, fourth row). The effect of the Denoising loss 
ℸ𝜑0 is further explained in the Ablation study in 4.6.

4.3.2. Analysis of learnable query size
In our method, the maximum number of audio inputs is determined 

by the value of 𝜕⊲. According to Eq.  (4), the product 𝜕ℵϑ𝜕⊲ must 
be less than 77. For example, when 𝜕⊲ = 10, a maximum of 7 audio 
inputs can be used. Since our study addresses the task of generating 
multiple objects from multiple audio inputs, we set the maximum value 
of 𝜕⊲ to 20 to ensure at least three audio can be utilized as inputs. 
Table  2 shows that Image-Audio Semantic alignment (IA) is sufficient 
with 𝜕⊲ = 5, while Temporal alignment (AV-Align) is sufficient with 
𝜕⊲ = 10. When 𝜕⊲ = 1, we observe significantly lower performance, 
indicating that 𝜕⊲ = 1 is insufficient to capture both audio and 
frame information effectively. Therefore, we select 𝜕⊲ = 10 as it 
effectively captures essential information while minimizing computing 
complexity. Additionally, we experiment with the Animal Kingdom 
dataset (Ng et al., 2022) and the results can be found in Appendix.

4.4. Qualitative results

4.4.1. Comparison with baselines
Fig.  9 shows the visual comparison of Maestro and several audio-to-

video generation baselines. We include video results from AADiff, TPoS, 
TempoToken, and Maestro with 3 criteria: Audio semantic, Object action 
and Temporal consistency. We evaluate the accurate representation of 
semantically complex audio (Audio semantic), the exhibition of object 
actions (Object action), and the consistency of consecutive frames 
(Temporal consistency). We used the audio inputs of (a) playing violin 
+ playing piano and (b) dog barking + cat meowing, where ‘‘+’’ indi-
cates overlapping audio inputs. Most baselines fail to accurately capture 
semantically complex audio. AADiff and TPoS encounter difficulties 
in representing natural object movements and fail to accurately simu-
late human actions such as violin or piano playing. Furthermore, (b) 
shows poor object consistency performance. TempoToken effectively 
represents natural action in videos but struggles to accurately capture 
overlapped audio. (a) shows that mixed sounds of dog barking and 
cat meowing are mistakenly interpreted as guitar sounds. However, 
Maestro excels in accurately representing non-audible objects, such as 
natural arm movements of musicians playing instruments. In addition, 
(b) shows that Maestro effectively represents simple meanings like 
‘‘dog’’ and ‘‘cat’’, while realistically depicting ‘‘barking’’ and ‘‘meowing’’ 
with natural mouth movements.

We also show the ability of our model to respond to changes in 
audio volume and transition, as shown in Fig.  10. (a) shows the outputs 
that seamlessly represent transitions associated with each audio input. 
Additionally, (b) shows that Maestro reflects changes in audio volume 
in the video objects. Therefore, Maestro enables the generation of richer 
and more diverse videos using only audio input.

4.4.2. Comparison to multi-object generation model with text
We compare the performance of representing multiple objects to ex-

isting text-to-video generation models. In Fig.  11, we provide examples 
of generated video frames by Peekaboo (Jain et al., 2024) and Trail-
blazer (Ma et al., 2023). Peekaboo fails to perfectly represent objects 
(see first row), while Trailblazer often exhibits unnatural behavior in 
multi-object interactions (see second row). However, Maestro depict 
the fine details of a person playing the drum and guitar, including the 
naturalness of their actions and alignment with bboxes positions. More-
over, (b) shows that Maestro most accurately represents the meanings 
of ‘‘barking’’ and ‘‘meowing’’ through natural mouth movements.

4.5. Quantitative results

4.5.1. Comparison with baselines
We quantitatively compare our method to baselines on the Land-

scape (Lee et al., 2022) and VGGSound (Chen et al., 2020) dataset. We 
use the following three metrics: (i) Frechet Video Distance (FVD) (Un-
terthiner et al., 2018) to measure video quality, (ii) Image-Audio 
(IA) (Girdhar et al., 2023) to measure the average alignment between 
video frames and audio semantics using CLIP (Radford et al., 2021) 
features, and (iii) Audio-Visual Alignment (AV-Align) (Yariv et al., 
2024) to assess the temporal alignment. AV-Align detects audio peaks 
using an Onset Detection algorithm (Böck and Widmer, 2013) and 

Engineering�Applications�of��)

��
�(�Intelligence�149��������110457�

11�



S. Kim et al.

video changes by calculating the mean of the Optical Flow (Horn 
and Schunck, 1981) magnitude, respectively. To implement these, we 
finetune Inflated 3D ConvNet with Landscape dataset for FVD and use 
encoder of ImageBind (Girdhar et al., 2023) for IA. As shown in Table  3, 
our method outperforms in video quality, audio-visual alignment and 
semantic alignment score on both Landscape and VGGSound dataset. 
AADiff and TPoS perform worse than TempoToken in terms of video 
quality (FVD), but they show strong image-audio alignment scores (IA). 
In addition, TempoToken is worse IA score than TempoToken (w/ text), 
but has similar FVD score. This is expected, as TempoToken relies 
heavily on text conditions to convey semantics.

4.5.2. User study
We conduct a human evaluation study by recruiting 100 partici-

pants from Amazon Mechanical Turk (AMT). Participants are shown 
videos generated by four different audio-to-video generation mod-
els: AADiff (Lee et al., 2023a), TPoS (Jeong et al., 2023), TempoTo-
ken (Yariv et al., 2024), and ours. Participants evaluate each method 
considering realism, semantic, temporal consistency, and overall qual-
ity over 20 videos generated from 10 single-source audio and 10 
multi-source audio. We use a Likert scale ranging from 1 (low quality) 
to 5 (high quality). As shown in Fig.  12, our proposed method out-
performs other baselines across four criteria. More details are provided 
in Appendix  A.

4.6. Ablation studies

To demonstrate the effectiveness of each component of our method, 
we perform ablation studies on the following elements: (1) Stable Diffu-
sion denoising loss ⨎𝜑0 , (2) Attention Mosaic. Specifically, in Attention 
Mosaic, we focus two methods: object locating and mosaic denoising. 
The evaluation is conducted with the VGGSound test dataset.

Effectiveness of denoising loss ⨎𝜑0 . In the text-to-video model, 
the text conditions ‘‘playing violin’’. and ‘‘A girl is playing violin on 
the stage’’. make a big difference in video quality. Therefore, to ex-
tract more specific information from audio, we pre-train the condition 
injection module (CIM) of our model using the knowledge of Stable Dif-
fusion. The effectiveness of this learning method, as shown in Fig.  13, 
is to better represent the situation than a method using only text MSE, 
which represents only the simple meaning of the audio. Specifically, 
the representation of non-audible objects such as the violinist and the 
background becomes more natural and rich.

Effectiveness of Attention Mosaic. We qualitatively demonstrate 
the effectiveness of our methods at the inference stage. Specifically, 
we focus on two tasks: Object Locating and Mosaic Denoising. The 
results are illustrated in Fig.  14. In the basic Vanilla model, when two 
conditions are input, either only one condition is generated or they 
are merged into a single output. This issue arises because the cross-
attention mechanisms corresponding to each condition tend to focus 
on the same object. OL method addresses this by assigning Bboxes 
for each condition, effectively separating the objects. While this ap-
proach successfully generates multiple objects, it fails to distinctly focus 
on each condition, resulting in objects that are influenced by other 
conditions. MD method, on the other hand, proposes a deterministic 
approach to apply conditions to the respective Bbox regions, rather 
than a probabilistic one. However, similar to the Vanilla outputs, it does 
not achieve clear object separation, leading to unstable outcomes. By 
combining the OL and MD, we are able to generate objects correspond-
ing to each condition while simultaneously applying denoising steps. 
This ensured that only the appropriate conditions are applied to each 
region, resulting in high-quality outputs.

5. Conclusions

We propose Maestro, a novel pipeline for multi-source audio-to-
video generation, which aims to accurately produce multiple objects 
within frames by decomposing audio sources. Our Attention Mosaic 
technique ensures that generated objects are placed precisely where 
desired, enhancing fine details. Additionally, by applying an effective 
optimization strategy to the condition injection module, we achieve 
the generation of better contextual expressions involving non-audible 
objects. Results from the user study indicate that Maestro signifi-
cantly produces high-quality video from both multi-source and single 
source audio, improving audio-visual alignment. We also observe that 
our method effectively captures basic characteristics such as volume 
changes and transitions.
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cluster development project funded by the Ministry of Science and 
ICT(MSIT, Korea)&Gwangju Metropolitan City.
Appendix A. User study

We execute a human evaluation study to assess the video results 
based on four criteria: realism, audio alignment, temporal consistency, 
and overall quality. We utilize a five-point Likert scale where the best 
video will receive all five points for the following four questions. First, 
‘‘How natural and realistic does this video look, considering the consistency 
between the background and the foreground.’’ evaluates the realism of 
the generated video and the coherence between the objects and the 
background. Second, ‘‘How well does the video correspond with the audio.’’ 
evaluates the accurate representation of semantically complex audio. 
Third, ‘‘How smoothly the content of videos changes in response to the 
given audio.’’ evaluates the consistency of multiple objects and the 
background in the generated video frames. Finally, ‘‘Considering the 
three questions above, please assign a score for their overall video quality.’’ 
evaluates the overall video quality that best reflects the flow of the 
audio, considering the three questions mentioned above (see Fig.  A.15).
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Fig. A.15. Example of human evaluation survey. Our proposed method and audio-to-video generation baselines are labeled A, B, C, and D. In each question, participants are 
presented with an audio input and the outputs generated by the four models. Then, participants evaluate the quality of each model’s output based on four evaluation criteria.

Fig. B.16. Histogram visualization of semantic alignment across different modalities.

Appendix B. Animal Kingdom dataset

We conduct experiments using the Animal Kingdom dataset (Ng 
et al., 2022) to generate a broader range of object categories. The 
Animal Kingdom dataset is a large and diverse dataset for animal 
behavior understanding, consisting of high-quality video and audio. 
It consists of six key animal classes (e.g., reptiles, birds, fishes, etc.), 
which we use as text labels. The dataset contains 4,301 videos, with a 
total duration of 50 h. After curating the dataset, we evenly allocate 
the inputs across four NVIDIA GeForce RTX 4090 GPUs and train the 
Condition Injection Module for 15k iterations, taking 4 h to complete.

B.1. Dataset curation

The Animal Kingdom dataset contains a significant amount of nar-
ration audio, which we consider noise. Therefore, we first used Au-
dioSep (Liu et al., 2023) to remove the narration audio and split all 
the videos into 10-s segments for training. To leverage clean (well-
matched) video-audio pairs for training, we also curate the dataset 
similarly to the VGGSound dataset (Chen et al., 2020) (see Fig.  B.16). 
We set the metric thresholds after checking the quality of the videos 
around the 25%, 50%, and 75% thresholds similar to VGGSound. As a 
result, we experiment with a total of 2500 videos, setting the training 
set to 2000 videos and the test set to 500 videos.
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Fig. B.17. Qualitative results of our method on the Animal Kingdom dataset.

Table B.4
Quantitative results for learnable query size 𝜕

⊲
.

 𝜕
⊲

Animal kingdom
 IA  AV-Align  
 1 0.3324 0.4109  
 5 0.3781 0.4309  
 10 0.3816 0.4344  
 15 0.3776 0.4299  
 20 0.3796 0.4273  

B.2. Learnable query size

Table  B.4 shows the Animal Kingdom dataset (Ng et al., 2022) also 
exhibits poor performance at 𝜕⊲ = 1, similar to VGGSound (Chen et al., 
2020) and Landscape (Lee et al., 2022). To achieve good performance, 
we need at least 𝜕⊲ = 5, and the best performance is observed at 
𝜕⊲ = 10.

B.3. Qualitative results

As shown in Fig.  B.17, we provide generated videos leveraging 
sounds as input: (a) hyena growling, (b) overlapping sounds of two 
birds, and (c) overlapping sounds of a bird and a frog.

Appendix C. Limitations and future works

While showing impressive potential, our proposed Maestro still has 
some limitations. First, our model has difficulty handling complex 
soundscapes with multiple overlapping audio sources. Our Condition 
Injection Module is trained using single-source audio paired with corre-
sponding video data, and during inference, decomposed audio sources 
are mapped into the video frame space. However, even state-of-the-
art audio separation models struggle to achieve perfect single-source 
decomposition in complex soundscapes, making it difficult for our 
model to use single-source audio during both training and inference. 
Additionally, our training approach relies more on image information, 
which helps the model better recognize foreground objects with richer 

and clearer cues, allowing it to naturally excel at generating objects 
that align with the foreground sound.

Second, the range of generable foreground objects and backgrounds 
is limited. The availability of single-source audio datasets that are 
semantically well-aligned with videos remains highly constrained. To 
address this limitation, we use the VGGSound (Chen et al., 2020), 
Landscape (Lee et al., 2022), and Animal Kingdom (Ng et al., 2022) 
datasets to generate as many diverse scenarios as possible. The release 
of high-quality single-source video datasets with diverse classes would 
further enable the generation of more varied and higher quality videos.

Third, as Maestro relies on a pre-trained T2V diffusion model, the 
generation quality of Maestro is constrained by the capabilities and 
limitations of the pre-trained T2V model. Furthermore, the length of 
the resulting video clips is constrained by the output of the pre-trained 
model. VideoCrafter is designed to generate videos with 16 frames by 
default, but it is also capable of generating videos with 32 and 48 
frames. When using text as input, the 16 frames video produces the best 
results, which is why we conducted our research based on 16 frames. 
As shown in Fig.  C.18, three videos effectively capture the semantic 
information of the audio. Specifically, the 16-frame video (see Fig. 
C.18(a)) shows barking and roaring well. However, the quality of the 
32-frame and 48-frame videos is slightly lower. (see Fig.  C.18(b),(c)). 
While our current focus is on effectively representing multi-object sce-
narios, further research is needed to extend this capability by handling 
audio in long videos, in addition to representing multiple objects.

Appendix D. Qualitative results

In this section, we provide more qualitative results of our method 
with baselines. Specifically, Fig.  D.19 represents the qualitative com-
parison with the state-of-the-art Audio-to-Video models (Lee et al., 
2023a; Jeong et al., 2023; Yariv et al., 2024). In Figs.  D.20 and D.21, 
we showcase the multi-source audio to video generation results of 
overlapping one background sound source with various foreground 
sound sources. In Figs.  D.22 and D.23, we showcase the results of 
overlapping four different sound sources, each including one and two 
background sounds, respectively. Finally, we visualize the generated 
videos conditioning on single-source audio (see Fig.  D.24).
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Fig. C.18. Qualitative results from 16, 32, and 48 frames with two audio sources.
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Fig. D.19. Qualitative comparison results. Examples of generated video frames (given (a) playing drum + playing guitar (b) helicopter + splashing water) by AADiff, TPoS, 
TempoToken and ours. ‘‘+’’ indicates overlapping audio inputs.
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Fig. D.20. Qualitative results from multi-source audio.
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Fig. D.21. Qualitative results from multi-source audio.
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Fig. D.22. Qualitative results from multi-source audio.

Fig. D.23. Qualitative results from multi-source audio.
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Fig. D.24. Qualitative results from single-source audio.

Data availability
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