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Chair of the Supervisory Committee:

Eli Shlizerman

Electrical and Computer Engineering

The interplay between audio and visual signals, rich in correlations across various scales,

significantly impacts human perception and drives a consistent demand for audio-visual ap-

plications across fields such as video production, animation, and virtual reality. Historically,

the creation and adaptation of audio content has been predominantly a manual process re-

liant on the expertise of Foley artists. Exploring automated systems capable of assisting

with such tasks and achieving comparable proficiency suggests an intriguing prospect. In re-

cent years, deep learning-based methodologies have shown considerable promise in handling

image, video, and text data. Nonetheless, the task of integrating audio with visual inputs

introduces distinct challenges that stem from the fundamental differences and complexities

inherent to each modality. In particular, techniques for generating non-speech audio, such

as music, object material impact sounds, natural sounds, and spatial sound effects, have

received limited exploration.

Audio and visual signals can be represented in various ways, with their connections vary-

ing across different scenarios. The research domain of learning to connect and relate audio

and visual signals, termed audio-visual learning, has traditionally focused on either audio-

visual representation learning or on generative modeling of one modality conditioned on the

other. My research traverses audio-visual learning and connects audio-visual representation



and generation from three distinct perspectives.

In the first category, my investigation focuses on vision-to-audio generation through

an intermediate representation, which serves as a bridge to link visual and audio do-

mains. For instance, musical notes can translate piano keystrokes into their corresponding

sounds, and the rhythm of movement can connect dance videos to their accompanying mu-

sic. The intermediate representation could also be derived from pre-trained deep learning

models and act as semantic bridges to facilitate the transition from more general video and

background music where the audio-visual relationship is largely subjective.

In the second category, my research delves into learning implicit representation through

the vision-to-audio generative process. This angle seeks not only to achieve vision-to-audio

conversion but also to construct meaningful representations therein. Innovations

here include unsupervised models that deduce instrumental sounds from musicians’ body

movements and diffusion models capable of synthesizing impact sounds from visual cues of

object-physical interaction. This exploration reveals the association between visual inputs

and various timbre characteristics. Additionally, by mapping indoor scene geometry to room

impulse responses at discrete locations, we can infer a continuous acoustic field that enables

the rendering of high-fidelity audio for any emitter-listener locations and enhances the realism

and immersion of auditory experiences.

Finally, in the third part of work, I proposed a unified audio-visual framework that

seamlessly merges representation learning and generative modeling. This general

approach enables the efficient generation of high-fidelity audio from visual stimuli while con-

structing robust semantic audio-visual representations. Its applications are broad, ranging

from audio-visual retrieval and event classification to audio-only classification, paving the

way for more immersive and contextually rich audio-visual experiences.
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Chapter 1

INTRODUCTION

1.1 Background

Vision and audio are two fundamental facets of human perception, each playing a critical

role in how we understand and interact with the world around us. The integration of visual

and auditory information enables a more comprehensive understanding of our environment,

enhancing our ability to communicate, learn, and connect with others. The absence of either

sense—vision or audio—leads to a perceptual gap, rendering only an incomplete experience

of the world incomplete. This interdependence of these two modalities highlights the impor-

tance of exploring and understanding the relationship between them, beyond the individual

contributions of each to our perception. Exploration of how the combined effect of these

signals can lead to a more complete perceptual experience.

In video production, the juxtaposition of sound effects and background music plays a

pivotal role. Indeed, Foley artists who specialize in the creation of such effects typically

would craft a set of audio recordings and carry out extensive editing to synchronize and fit

them with video content. While humans naturally correlate sound with visual information,

turning the correlation process into a creation process presents a more complex challenge. For

instance, in a scene from the animated film ‘Ratatouille,’ a chef meticulously cuts vegetables

into pieces, accompanied by a perfectly synchronized soundtrack. The soundtrack in this case

contains the sound effects of ‘cutting vegetables’ and the background music piece enhances

the emotional impact. Interestingly, the sound we perceive as ‘cutting’ was actually produced

by the act of rubbing two drumsticks together, rather than physically chopping vegetables.

While skilled Foley artists possess the expertise to devise clever methods for crafting such

sound effects, individuals without such level of expertise will usually find it challenging. In
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fact, unlike speech audio streams, which often has temporally aligned text or language as

a reference, non-speech audio, encompassing music, sound effects from object interactions,

sounds from natural events, and environment-dependent acoustic properties, typically lack

a stable and precise way of describing and reproducing their content. Hence, a pressing

question arises: Can we develop an automated system capable of generating high-fidelity

audio for visual content?

Recent advancements of deep learning models have catalyzed significant advancements

and introduced novel applications, especially within the realms of image, video, and text data.

However, leveraging deep learning for understanding content in videos with accompanying

audio and generating audio from visual stimuli requires additional advances. Such additional

complexity stems from the inherent distinction between visual and auditory domains, each

characterized by representations and modalities that are significantly different from each

other. Bridging these modalities, i.e., translating visual inputs into corresponding audio

outputs, demands a nuanced understanding of the complex cross-modal relationships that

exist between them.

In particular, the additional complexities stem from video and audio, unlike static images,

unfolding over time, adding a temporal dimension that complicates their interrelation. For

instance, the occurrence of a dog barking is closely tied to the moment it opens its mouth,

rather than merely the presence of the dog itself, highlighting the crucial role of timing

in the audio-visual correlation. While certain scenarios might allow for a direct mapping

from visual cues to sound—such as identifying specific piano keys being pressed in a top-

down piano performance video—this level of precision is not universally applicable. In other

contexts, such as music dance videos, the audio-visual correspondence becomes more sub-

jective, emphasizing dance beats and styles rather than explicit visual cues which introduce

ambiguity.

Sound, with its intricate composition of frequencies, timbres, and dynamics, presents a

formidable challenge in capturing its full spectrum based on the visual information alone.

Generating realistic audio that faithfully represents the complexity of sound is far from
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Figure 1.1: A high-level overview of major components in audio-visual learning. The fig-

ure illustrates potential visual representations, audio representations, representation learning

techniques, and deep generative approaches. The implementation of suitable representations

and methodologies is a critical factor and varies significantly depending on the specific ap-

plication.

straightforward since it needs to correlate key audio characteristics with visual cues and

then synthesize a diverse array of acoustic patterns. Given the varied nature of audio-visual

correspondences—from speech and music to environmental sounds and beyond—there’s a

pressing need for deep learning tools capable to comprehend video content and synthesize a

wide spectrum of acoustic phenomena.

In the domain of deep learning, the area of study that aims to connect audio and visual

representations is encapsulated by audio-visual learning (shown in Figure 1.1). Within this

field, two primary avenues have been established by previous research. One avenue employs

deep generative models to map visual representations v directly to audio representations a via

a function fv→a parameterized by deep neural networks. While such vision-to-audio genera-
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tive models show promise in generation tasks, they tend to be specialized with limited utility

toward a broader spectrum of audio-visual comprehension and applications. Conversely, the

other avenue focuses on self-supervised audio-visual representation learning, aiming to un-

derstand the semantic interplay between audio and visual representations. This approach

usually corresponds to mapping audio a and visual v representations into a shared latent

space av, represented by two distinct functions (fv→av and fa→av) parameterized by deep

neural networks. While such an approach is useful in the interpretation and mapping of

signals, the models developed in current audio-visual representation learning are of a deter-

ministic nature which makes them unsuitable for generative tasks. Figure 1.1 delineates the

extensive range of audio and visual representations, along with the methodologies of deep

generative models and audio-visual representation learning.

In my research, I aim to bridge the gap between audio-visual representation and gener-

ation using a three-pronged approach. The first dimension of my work focuses on enabling

high-quality vision-to-audio generation through an intermediate audio-visual representation

which serves as a bridge between visual and audio domains. This intermediate represen-

tation requires pre-selection based on its known strong correlations with both visual and

audio modalities. For instance, in the context of a top-down piano performance video,

musical notes emerged as an optimal representation to connect piano keystrokes and their

corresponding sounds. Likewise, the rhythm of body movements can synchronize human

activities with corresponding rhythmic music. These instances of representation, dictated by

our prior knowledge, are precise yet inherently confined to particular scenarios.

Alternatively, to enable a more general transformation between video and audio, a pre-

trained deep-learning model could be developed to extract semantic features as intermediate

representations. Indeed, in my research, I have proposed such representation. The approach

of leveraging intermediate representations in vision-to-audio generation can clarify our un-

derstanding of the modeled concepts, including their strengths and limitations. However,

the reliance on intermediate representations often requires specialized multi-stage modeling

strategies thereby posing challenges in adapting these models to broad audio-visual tasks.
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Figure 1.2: This thesis introduces a unified audio-visual framework (fU) designed to integrate

vision-to-audio generative modeling (fv→a) and audio-visual representation learning that

maps visual (v) and audio (a) representations into a joint latent space (av) utilizing visual

and audio encoders fv→av and fa→av, respectively.

In addition to leveraging explicit audio-visual representation to connect vision and au-

dio through multi-stage generative modeling, I have studied mapping of vision-to-audio in

single-stage generative modeling and learning of implicit audio-visual representations during

the vision-to-audio generation process. In this direction, I introduced unsupervised ap-

proaches capable of producing instrumental sounds based on musicians’ body movements.

The training process of the generation of diverse instrumental playing movements turns out

to naturally form various clusters. These effectively capture the characteristics of timbre.

A similar functionality appeared in our study in the process of synthesizing impact sounds

from visual cues of object-physical interactions using a diffusion model. Furthermore, by

associating the geometry of indoor scenes with room impulse responses at discrete locations,

it appeared that we were able to learn a neural network model implicitly representing a

continuous acoustic field. These works lay a solid groundwork for simultaneously learning

audio-visual representations and vision-to-audio generation. Nevertheless, their applicability

remains confined to particular applications, precluding their use as general-purpose models.
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As depicted in Figure 1.2, to facilitate audio-visual representation learning and vision-

to-audio generation across a spectrum of general audio-visual tasks, in the third direction of

my study, I proposed an innovative unified audio-visual framework. This general framework

is designed to efficiently produce high-fidelity audio from visual inputs and is ready for adap-

tation to acquire robust semantic audio-visual representations through targeted pre-training

on a specific task. Its versatility extends to a wide array of applications, including audio-

visual retrieval, event classification, and audio-only classification. Such a novel approach is

expected to contribute to both audio-visual learning and to set the stage for the creation of

more immersive and contextually rich audio-visual experiences.

1.2 Summary of Lessons Learned and My Research Contributions

A major outcome of my research that I was able to achieve towards the end of my Ph.D.

work is addressing the gap between vision-to-audio generation and audio-visual representa-

tion learning by introducing a unified audio-visual framework, termed ‘Vision to Audio and

Beyond’ (VAB). This framework is able to generate high-quality audio from any video in

a fast manner, bypassing the need for complex multi-stage generative modeling. The repre-

sentations it learns are general and adaptable to a broad spectrum of general audio-visual

tasks.

I have built this methodology with a ‘bottom-up’ approach, first by considering high-

fidelity audio generation for various vision-to-music applications. The representations that

the models leveraged were explicit intermediate representations ranging from specific scenar-

ios to more general contexts. The first application that I addressed is of translating piano per-

formances from top-down videos into piano music, a task characterized by strong audio-visual

correspondence. For that purpose, I developed Audeo, a novel system for precise mapping,

converting sequential RGB images into symbolic music in MIDI format [KS1]. This system

combines a visual classification model with a generative adversarial network to generate pi-

ano music. This marked the first successful effort to transcribe music from non-controlled

piano performance videos and with no reliance on the original sound. The robust audio out-
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put would consistently match expected musical pieces as confirmed by music identification

software. I have then proceeded to a less direct audio-visual correlation, synchronizing music

soundtracks with human body movements, leading to the work of RhythmicNet . This

system generates drum patterns from visual rhythms and integrates additional instrument

tracks for a fully aligned music soundtrack [KS2]. Proceeding to an even weaker correspon-

dence level, I developed V2Meow , a system that semantically aligns music with arbitrary

video content using a multi-stage transformer-based approach for generating semantic music

features [KS5].

In subsequent studies I have then worked on single-stage generative modeling that can

learn useful intermediate audio-visual representations as well. In particular, I considered

three specific scenarios. 1) Generative modeling of music based on musicians’ movements,

where I considered generating instrumental sounds through a single generative model and

capturing the timbre characteristics of sounds. Here, I first studied human body motion

and proposed an unsupervised learning paradigm named Predict & Cluster to establish

associations between sequences of human body poses in the latent space without the need

for annotation [KS6]. Predict & Cluster employs an encoder-decoder architecture and

includes a weak decoder training strategy along with a reconstruction task. The latent repre-

sentation derived from the final state of the encoder effectively represents the input sequence.

This approach showed the potential to connect music instrument timbres with human body

poses in an unsupervised manner and paved the way for VAB’s pre-training task, which pre-

dicts masked audio tokens conditioned on visual inputs, laying the foundation for a deeper

understanding of audio-visual modalities. 2) Subsequently, I proposed MI-Net [KS3], a

single generative model utilizing musicians’ movements to infer neural representations for

timbre attributes and generate instrumental music. 3) Extending this concept to physical-

object interactions, Physics-Diff demonstrates how visual cues of object materials can

predict their impact sounds and enhance the synthesis of realistic sounds [KS7]. 4) Beyond

generating audio content, I investigated representations of acoustic scene properties with

INRAS and proposed a system that models indoor acoustic fields and renders high-fidelity
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Figure 1.3: An overview of unlocked audio-visual applications in thesis.

impulse responses for any location [KS4].

The VAB model, which is inspired by the above specific tasks and models in audio-visual

learning, is able to generalize and propose a pre-trained model. Such pre-trained VAB model

can be then adapted to these specific tasks by fine-tuning. The fine-tuned model can reach

state-of-the-art performance, cementing VAB ’s role as a unified audio-visual framework

that bridges the disconnect between audio-visual generation and representation learning.

This approach not only advances the field but also enriches audio-visual experiences with

enhanced realism and contextual awareness. A graphical overview of the tasks and models

that I have considered is shown in Figure 1.3.
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1.3 Thesis Outline

This thesis is organized as follows: Chapter 2 provides a comprehensive overview of funda-

mental concepts and related works. Chapter 3 describes in detail the model for the generation

of music from top-down view piano performances. Chapter 4 details and outcomes of consid-

ering the generation of music from arbitrary human movements, expanding the application of

video-to-music generation techniques. Chapter 5 outlines a general video-to-music pipeline,

offering a broader perspective on audio generation from visual inputs. In Chapter 6, I intro-

duce a self-supervised learning approach that demonstrates how temporal series data, such

as human body pose sequences, can be associated without the need for annotations. Chapter

7 builds upon Chapter 6 and explores the generation of instrument music from musicians’

body movements. Chapter 8 presents the technique for synthesizing object impact sounds

from videos, extending the scope of audio generation. Chapter 9 introduces the spatial au-

dio representation tailored for indoor scenes, enhancing the realism of audio experiences.

Chapter 10 presents an audio-visual foundation framework and demonstrates its capability

to rapidly generate various types of audio from general videos. Additionally, it demonstrated

how this framework can learn audio-visual representations for a range of audio-visual tasks

beyond mere generation. Finally, Chapter 11 concludes the thesis by summarizing the key

findings and contributions. This thesis includes the material in the author’s previous papers

published at NeurIPS [KS1, KS2, KS4], AAAI [KS5] and CVPR conferences [KS6, KS7].1

1In reference to IEEE copyrighted material which is used with permission in this thesis, the IEEE
does not endorse any of University of Washington’s products or services. Internal or personal use of this
material is permitted. If interested in reprinting/republishing IEEE copyrighted material for advertising
or promotional purposes or for creating new collective works for resale or redistribution, please go to
http://www.ieee.org/publications standards/publications/rights/rights link.html to learn how to obtain a
License from RightsLink. If applicable, University Microfilms and/or ProQuest Library, or the Archives
of Canada may supply single copies of the dissertation.
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Chapter 2

FUNDAMENTAL CONCEPTS AND RELATED WORKS

In this Chapter, I present the fundamental concepts and previous research relevant to this

thesis. This material encompasses the representation of audio and video data in modeling,

audio-visual representation learning, and the utilization of deep learning generative models

employed in the proposed methods.

2.1 Audio Representations

Audio representation refers to the way in which sound or audio data is transformed or en-

coded into a format that can be processed, analyzed, or used by computers and algorithms.

It involves converting raw audio waveforms into structured data that retains important infor-

mation about the sound, such as its frequency, amplitude, and time characteristics. Common

audio representations include time-domain waveforms, spectrograms, Mel-frequency cepstral

coefficients (MFCCs), and symbolic representations like MIDI. With deep learning, neural

representations have emerged as novel audio representations. These representations enable

the efficient analysis, manipulation, and modeling of audio data for various applications,

including audio generation, recognition, and processing.

Waveform Representation. A general raw audio waveform is a one-dimensional time

series sequence x = {x1, ..., xt, ..., xT}, where T indicates the length of the audio and xt ∈ R.

While employing the raw audio waveform as the fundamental audio representation is con-

ceptually straightforward, it is relatively uncommon to designate it as the training target for

deep generative models. This is because most approaches rely on autoregressive generation

methods (as described below), which generate one sample at a time. The high sampling

rate (ranging from 16kHz to 44.1kHz) of raw audio data leads to the modeling of lengthy
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sequences, introducing challenges such as gradient explosion or vanishing and significantly

extended sampling times [Re1]. As a result, empirical practice often involves converting the

waveform from the time domain into the frequency-time domain.

Frequency-time Representation. An illustrative example of an audio representation

in the frequency-time domain is known as a spectrogram. To construct the spectrogram,

the initial step involves the computation of a Short-Time Fourier Transform (STFT). The

STFT is derived by performing Fourier transforms on successive frames of the audio signal

X(m,ω) =
∑

t x(t)w(t − m)e−jωt. As the m increases, we slide the window function w

to the right. We then compute the Fourier transform for the resulting frame x(t)w(t −

m), and the final X is a function of both time m and frequency ω. Given the STFT

result X(m,ω), a spectrogram is simply the squared magnitude of the STFT: S(m,ω) =

|X(m,ω)|2. The spectrogram, which visualizes the intensity of frequencies over time, offers

a more information-rich representation compared to raw audio waveforms. Furthermore,

it mitigates the challenge of handling long sequences by dramatically reducing the number

of temporal frames, achieved by adjusting the hop length when sliding the analysis window

(often resulting in a reduction of more than 100×). To better align with human perception, a

logarithmic operation is frequently applied to the spectrogram since our perception of sound

intensity follows a logarithmic scale [Re2].

Another common audio representation is the Mel scale spectrogram. The Mel scale is

a perceptual pitch scale that gauges pitch distances based on listeners’ judgments of equal

perceptual intervals between them. A formula to convert normal frequency f hertz into

m Mels is: m = 2595 log10(1 + f
700

). Consequently, a Mel scale spectrogram is essentially a

spectrogram in which the frequencies are transformed into the Mel scale through a non-linear

conversion. The Mel scale representation employs a more compact set of Mel bins compared

to the Hz bins, effectively serving as a dimension reduction technique. Given that both

the logarithmic and Mel-spectrograms can be viewed as 2-D matrices, resembling grayscale

images, it becomes feasible to adapt successful deep learning approaches from the image

domain to the audio domain with relative ease.
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Music Symbolic Representations. Modeling music could be in the form of standard

audio using audio waveforms, spectrograms, or Mel-spectrograms. However, due to the

compositional structure of the music, there exist additional symbolic representations that

could be leveraged for music modeling, such as a symbolic representation which uses an

explicit encoding of notes or other musical events. These include machine-readable data

formats such as Musical Instrument Digital Interface (MIDI) [Re3]. Digital data formats may

be regarded as symbolic since these are based on a finite alphabet of letters or symbols. One of

the most straightforward symbolic representations is called the Piano-Roll representation.

The Piano-Roll is a two-dimensional matrix M ∈ R2 where the horizontal axis represents

time, and the vertical axis represents music notes. The magnitude of the matrix Mij indicates

the velocity of j-th music note at time i. Note that the ‘velocity’ in MIDI terminology refers

to the note intensity. The MIDI representations take one more step to encode information

for each note event, such as the note onset, note offset, and intensity, and represent them

as a list of messages similar to human text language. Due to its essence being similar to

natural language, symbolic representations are widely used due to easy adaptation of them

into large language models. Indeed, a whole branch of unconditional music generation models

use various types of symbolic representation to model music [Re4, Re5, Re6].

Deep Audio Representations. While time-domain and frequency-domain audio represen-

tations encapsulate audio information, effectively modeling data in these formats can pose

significant challenges due to the complexity and high dimensionality of these representations.

Recently, self-supervised learning approaches have been proposed employing encoder-decoder

neural network models [Re7, Re8, Re9]. In these models, the encoder compresses either the

audio waveform or the spectrogram through down-sampling, converting them into a sequence

of low-dimensional latent vectors which can further be quantized into tokens. Subsequently,

the decoder network facilitates the up-sampling process reconstructing the latent vectors into

their original audio representations.

Due to the condensed nature of these latent vectors, audio generation tasks can leverage

the latent space as opposed to dealing directly with the original audio representations. These
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encoder-decoder models are often referred to as ‘neural audio codecs’ due to their ability to

perform audio signal compression.

2.2 Visual Representations

Raw Video Representation. The most standard representation of a video is through

4-D tensors v ∈ RT,C,H,W where T represents the number of video frames, C represents the

number of channels, H and W represent the height and width of each frame, respectively.

Body Pose Representation. In certain scenarios, raw video data may contain redun-

dant information. For instance, human activities can be adequately represented solely by

capturing human body movements, eliminating the need to consider the visual background

and appearance. This efficiency principle also applies to certain applications of visual-driven

audio generation. For instance, in cases where music accompanies a dance performance, the

primary audio-video connection is through the dance rhythm rather than other features such

as the visual background or the dancer’s appearance. Consequently, it is often more efficient

to extract a concise visual representation, a task achievable through human pose estimation

techniques such as Openpose [Re10]. The human pose can be represented as a 3-D tensor

h ∈ RT,J,D where T represents the time, J indicates the number of joints of the human body,

and D represents the 2D or 3D coordinates of the joint positions.

Deep Visual Representations. Beyond utilizing raw video data or human body key point

representations, valuable visual information can be harnessed from pre-trained deep learn-

ing models in various ways. For instance, well-established pre-trained image classification

models like ResNet [Re11] and Inception Network [Re12] are frequently employed to extract

high-level visual features represented by a single vector ft ∈ RDf for each frame, where Df

represents the embedding feature dimension. Alternatively, multi-modal embeddings that

are acquired through the training of multimodal correspondence models, such as Contrastive

Language Image Pre-training (CLIP), are used in various tasks, including generative appli-

cations.

Apart from frame-level visual representations, we can also employ pre-trained video un-
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derstanding models to obtain video-level representations [Re13, Re14, Re15].

2.3 Implicit Neural Representations

Traditionally, images and audio have been represented as discrete signals. For instance,

images are often considered as grids of pixels, while audio is characterized by discrete samples

that represent amplitude variations in a waveform. While these discrete representations have

become the standard in many applications, they inherently contain only a finite amount of

information about the signal.

To illustrate this limitation, consider an image with a size of 256×256 pixels. Scaling it up

to 512 × 512 pixels is challenging because the original image lacks the additional necessary

information. This raises an intriguing question: What if we could employ a continuous

function, denoted as f , capable of accurately representing the image signal? With such a

function, when we provide a continuous pixel coordinate as input, f would yield the correct

RGB value for that pixel. Consequently, we could sample pixel grids at any desired resolution

from this continuous function f .

Expressing such a function through conventional mathematical formulas can be exceed-

ingly complex. In recent years, a novel concept known as ‘implicit neural representation’

(INR) [Re16] has been introduced. INR leverages neural networks to estimate the function f

and to achieve continuous signal representation by training on discretely sampled instances of

the same signal. More precisely, it belongs to a class of functions Φ that adhere to equations

of the following form:

f(x,Φ,∇xΦ,∇2
xΦ, ...) = 0,Φ : x→ Φ(x). (2.1)

This implicit problem formulation takes spatial or spatial-temporal coordinates x and, op-

tionally, derivatives of Φ concerning these coordinates as input. The objective is to train

a neural network that parameterizes Φ in such a way that it maps x to a specific quantity

of interest while satisfying the presented constraint. Consequently, Φ is implicitly defined

through the relationship established by f . Neural networks that serve as parameters for such
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implicitly defined functions are commonly referred to as ‘implicit neural representations.’

Recent advancements have demonstrated that these parameterized implicit and continuous

representations have made significant strides in the field of computer graphics [Re17].

The characteristic of continuity in a function is advantageous when it comes to modeling

and could represent the acoustic field within an indoor environment. This advantage allows

us to employ a lightweight neural network instead of the need to store extensive sets of room

impulse responses for the comprehensive representation of the acoustic field.

2.4 Deep Generative Models

Autoregressive Models. Among primary generative methods for audio, the autoregressive

model stands out, since it learns an explicit distribution shaped by a prior determined by the

structure of the model. The joint probability of an audio waveform x = {x1, ..., xt, ..., xT}

can be factored into a product of conditional probabilities as follow:

p(x) =
T∏
t=1

p(xt|x1, ..., xt−1). (2.2)

Each individual audio sample xt is conditioned on the samples from all preceding time steps.

Autoregressive models are advantageous, including the possibility to consider explicit proba-

bility densities, stable training processes, and natural compatibility with audio signals. As a

result, autoregressive models are commonly used in various audio generation applications. To

train a deep autoregressive model, one may consider using a 1D convolutional network [Re18],

a transformer-based network [Re19], or a recurrent neural network [Re20], all of which are

viable candidates.

GANs. A Generative Adversarial Network (GAN) [Re21] is another approach that has

demonstrated favorable results in numerous generative tasks, including music generation [Re22].

It is inspired by game theory, where a generator and a critic engage in a competitive yet

mutually beneficial dynamic. GAN comprises two essential models. 1) Discriminator (D):

This model estimates the probability that a given sample originates from the real dataset. It

serves as a critic and is trained to distinguish between fake and real samples. 2) Generator
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(G): The generator produces synthetic samples based on a noise variable input, denoted as

z. Its training objective is to capture the distribution of the real data, ensuring that the

generated samples closely resemble real samples and deceive the discriminator into assigning

them high probabilities.

During training, these two models engage in a zero-sum game, where the generator G

strives to outsmart the discriminator by producing synthetic samples that appear genuine,

while the critic (discriminator D) endeavors not to be fooled. Such intriguing adversarial

relationship motivates both models to continually enhance their capabilities.

Mathematically, our goal is to have the discriminator D accurately classify real data,

which is achieved by maximizing the term Ex∼pr(x)[[logD(x)]. Simultaneously, when pre-

sented with a fake sample generated by G(z), z ∼ pz(z), the discriminator should out-

put a probability, D(G(z)), close to zero. This is accomplished by maximizing the term

Ez∼pz(z)[log(1−D(G(z)))]. The generator, on the other hand, seeks to minimize Ez∼pz(z)[log(1−

D(G(z)))], effectively increasing the likelihood that D assigns a high probability to a fake

example. In essence, D and G engage in a minimax game, aiming to optimize the following

loss function

min
G

max
D

L(D,G) = Ex∼pr(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (2.3)

= Ex∼pr(x)[logD(x)] + Ez∼pg(z)[log(1−D(x))]. (2.4)

While GANs have achieved success in various generative tasks, their training process often

invovles slow convergence and instability. To address these challenges, it is a common practice

to combine autoregressive models with adversarial training. This hybrid approach not only

enhances the training stability but also improves the quality of the generated samples.

Diffusion Models. Recently, a novel class of generative models, known as diffusion mod-

els [Re23], has garnered significant attention for their ability to generate high-quality sam-

ples [Re24, Re25, Re26, Re27, Re28, Re29, Re30]. These models draw inspiration from non-

equilibrium thermodynamics and employ a Markov chain of diffusion steps. This process

gradually introduces random noise to data and subsequently learns to reverse the diffusion
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process to reconstruct desired data samples from the noise. Below, I provide a high-level

introduction to the diffusion model here. In the following description, equations and deriva-

tions are from [Re31].

In the context of diffusion models, the procedure is initiated with a data point sampled

from a real data distribution denoted as x0 ∼ p(x). The forward diffusion process proceeds

by adding incremental small amounts of Gaussian noise to the initial sample over T steps.

This results in a sequence of noisy samples represented as x1, ..., xT . The step sizes during

this process are regulated by a predetermined variance schedule {βt ∈ (0, 1)}Tt=1.

p(xt|xt−1) = N (xt;
√

1− βtxt−1, βtI) (2.5)

p(x1:T |x0) =
T∏
t=1

p(xt|xt−1) (2.6)

As the diffusion process advances and the number of steps t increases, the initial data sample

x0 progressively loses its discernible characteristics. In the limit where T → ∞, the final

sample xT converges to an isotropic Gaussian distribution.

The advantageous aspect of the aforementioned procedure is its ability to generate sam-

ples xt at any chosen time step t in a closed form through a reparameterization. Let αt = 1−βt

and αt =
∏t

i=1 αi:

xt =
√
αtxt−1 +

√
1− αtϵt−1 (2.7)

=
√
αtαt−1xt−2 +

√
1− αtαt−1ϵt−2 (2.8)

= · · · (2.9)

=
√
αtx0 +

√
1− αtϵ, (2.10)

where ϵt−1, ϵt−2, · · · ,∼ N (0, I), and ϵt−2 merges two Gaussians. We can substitute back

to equation to obtain p(xt|x0) = N (xt;
√
αtx0, (1 − αt)I). Note that the merged standard

deviation is
√

(1− αt) + αt(1− αt−1) =
√

1− αtαt−1.

If we are able to reverse the aforementioned process and sample from p(xt−1|xt), we would

be able to reconstruct the true sample from a Gaussian noise input, xT ∼ N (0, I). How-

ever, estimating p(xt−1|xt) is not straightforward as it requires access to the entire dataset.
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Consequently, an auxiliary model qθ is used to approximate these conditional probabilities

in order to execute the reverse diffusion process

qθ(x0:T ) = q(xT )
T∏
t=1

qθ(xt−1)|xt) (2.11)

qθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)). (2.12)

We thereby train µθ to predict µ̃t = 1√
αt

(xt− 1−αt√
1−αt

ϵt). Since xt is accessible as input during

training, we can reparameterize the Gaussian noise term to predict ϵt based on the input xt

at time step t:

µθ(xt, t) =
1
√
αt

(xt −
1− αt√
1− αt

ϵθ(xt, t)) (2.13)

xt−1 = N (xt−1;
1
√
αt

(xt −
1− αt√
1− αt

ϵθ(xt, t)),Σθ(xt, t)) (2.14)

The loss term Lt is used to minimize the difference from µ̃:

Lt = Ex0,ϵ

[ 1

2∥Σθ(xt, t)∥2
∥µ̃t(xt, x0)− µθ(xt, t)∥2

]
(2.15)

After simplifying the expressions, the final training objective is as follows

Lt = Et∼[1,T ],x0,ϵt

[
∥ϵt − ϵθ(

√
αtx0 +

√
1− αtϵt, t)∥2

]
. (2.16)

Diffusion models offer both analytical tractability and flexibility when compared to GANs.

However, they face a significant challenge as they rely on long Markov chains of diffusion steps

for sample generation and thus can be computationally expensive. Fortunately, numerous

new methods have been introduced to significantly expedite this process.

2.5 Video-to-Audio Generation

Audio generation from visual cues, a field with a rich history, has undergone significant trans-

formations, especially with advancements in deep learning. Traditional methods predomi-

nantly utilized linear modal synthesis for sound production related to rigid objects [Re32].
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While adept at creating realistic sounds reflective of object geometry, these techniques neces-

sitated extensive efforts in simulating and fine-tuning parameters for different virtual object

materials during modal analysis, a process that became increasingly cumbersome when ap-

plied to complex scenes with diverse materials [Re33].

In recent years, the advent of deep learning methodologies has shifted the landscape of

sound synthesis. A notable contribution by Owens et al. [Re34] involved predicting sounds

from object interactions in uncontrolled settings, such as using wooden drumsticks. The ap-

proach initially focused on sound feature prediction, followed by sound generation through

an exemplar-based retrieval algorithm. Concurrently, natural sound generation also gained

traction, exemplified by Zhou et al.’s SampleRNN-based method [Re35] for directly pre-

dicting audio waveforms from YouTube videos, although confined to ten predefined sound

categories.

There have been significant strides in generating synchronized audio for input videos,

often employing perceptual loss [Re36] and information bottleneck [Re37] strategies. In-

novative approaches have been also proposed in the musical domain, particularly videos

showcasing instrumental performances. A ResNet-based method [Re38] was introduced for

deducing pitch and onset events from piano performance videos. Extending this concept, Fo-

ley Music [Re39] developed a Graph-Transformer network capable of producing MIDI events

from human body keypoints leading to convincing music synthesis. These methods, while

effective, were generally limited to specific sound types and lacked a unified model approach.

In addition to models capitalizing on visual cues from human motion, a music Trans-

former model emerged, designed for generating background music tailored to videos [Re40].

However, many of these techniques rely on symbolic music representations, confronting the

challenge of scarce training data comprising transcribed music paired with corresponding

instrument-playing videos. This limitation often restricts the generative scope to certain

instruments and visual contexts.

More recently, the field has seen the development of more versatile video-to-audio gen-

eration models [Re41, Re42, Re43] suitable for ‘in-the-wild’ videos. These novel methods
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integrate generative modeling within discrete tokenized audio and music signals and achieve

higher fidelity in audio outputs. Additionally, audio synthesis from visual data through

diffusion-based vision-to-audio modeling [Re44] is an emergent research direction.

2.6 Audio-Visual Representation Learning

The exploration of learning representations for audio and visual data encompasses both su-

pervised and self-supervised methodologies. Initially, deep neural networks were applied to

annotated audio-visual pairs in a supervised context [Re45, Re46, Re47]. More recently,

self-supervised learning techniques [Re48, Re49, Re50] have leveraged the inherent corre-

spondence between audio and visual elements to derive representations beneficial for a range

of downstream tasks including audio-visual classification and retrieval. Among these, con-

trastive learning and masked autoencoder-based strategies for processing audio and visual

signals turned out to be specifically effective [Re51, Re52, Re53, Re54].

Audio-visual contrastive learning, in particular, exploits the similarities within audio-

visual pairs both within the same video and across disparate videos, utilizing these relation-

ships as self-supervised signals to articulate a discriminative goal. A typical audio-visual

contrastive learning framework comprises an audio encoder Ea and a visual encoder Ev, each

of which processes the audio signal a and visual signal v respectively, producing correspond-

ing representations ac and vc. The training phase involves optimizing both encoders using a

contrastive loss Lc formulated as:

lc = − 1

N

N∑
i=1

log

[
exp (si,i/τ)∑
j exp (si,j/τ)

]
(2.17)

where si,j = ||aci ||T ||vcj ||, ac and vc denote audio and video representations, and τ represents

a temperature parameter. This loss function aims to align audio and visual pairs from the

same video while separating those from different videos. Such loss is particularly effective

for retrieval applications.

Conversely, masked autoencoder-based approaches draw inspiration from context-aware

learning strategies exemplified by models like BERT in natural language processing, extend-
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ing these concepts to image, video and audio signals. The synergy of these two approaches has

yielded significant enhancements in audio-visual representation quality. Central to masked

autoencoder methods is the use of corrupted versions of audio (â) and visual (v̂) signals as in-

puts to an encoder-decoder model, which outputs denoised versions (a and v). Optimization

incorporates a reconstruction loss.

Predominantly, audio-visual representation learning has focused on utilizing raw video

frames and audio spectrogram data, striving to capture a comprehensive array of information.

Yet, this approach poses significant challenges in generative modeling due to the complex

patterns and high dimensionality of raw data. In this thesis, we propose an innovative

route by employing latent audio tokens, aiming to facilitate both representation learning

and generative modeling within a cohesive framework as a novel perspective on audio-visual

synthesis.
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Chapter 3

MUSIC GENERATION FROM TOP-DOWN VIEW PIANO
PERFORMANCE

3.1 Motivation

The harmonious fusion of a musician’s expertise with the enchanting tones of a musical

instrument gives rise to the captivating essence of ‘live music.’ This experience is not only

enthralling due to the melodies that fill the air but also profoundly moving as one witnesses

the remarkable synchrony between the musician and their instrument.

A challenging test in the realm of music generation involves the task of transcribing

music solely from visual cues. This entails reconstructing the audio stream of a musical per-

formance based solely on visual information, such as the positions of the musician’s hands,

body, key presses, and even the use of pedals, all combined together to recreate the musical

composition. This task goes beyond simple synchronization, as it demands precise timing

between visual cues and audio output. The complexity arises from the inherent differences in

the perception rates of visual and audio streams. While visual perception typically operates

at a slower pace, the combination of both audio and visual streams necessitates rapid syn-

chronization, ensuring that the audio aligns seamlessly with the visual input. This intricate

process involves not only establishing associations between video frames and audio segments

but also ‘filling’ the audio gap between these frames by extrapolating and interpolating sound

events effectively bridging the past and future frames.

Within video frames, a plethora of visual information is available, some of which may not

directly contribute to the generation of music. In light of this, it is reasonable to consider

the utilization of intermediate features for the translation from video to audio. These inter-

mediary features should effectively capture both the mechanical and perceptual aspects of
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the interaction between the musician and the musical instrument, serving as valuable tools

for sound representation and synthesis. One such candidate for this purpose is the Musical

Instrument Digital Interface (MIDI) protocol, which facilitates the exchange of musical in-

formation among instruments, encoding various keyboard functions and musical attributes.

Variants of MIDI, such as Pseudo-MIDI (binary, without expressive velocities), offer an even

more concise means of encoding keyboard functions and musical attributes collectively. Ad-

ditionally, connecting visual actions with the changing frequencies of the audio signal over

time, as represented in a spectrogram, can serve as a valuable intermediary step in this

process.

For such a research problem, I have introduced a comprehensive pipeline known as Au-

deo, designed to generate music from silent piano performance videos. Audeo orchestrates

the transformation of visual performance cues into their corresponding audio counterparts

through a three-stage process, ultimately recovering Midi signals. In the initial stage, when

presented with a top-view video, I employ a multi-scale feature attention deep residual net-

work to both capture the visual intricacies and predict the activation of piano keys at each

frame, essentially forming a ‘Piano-Roll’ representation (referred to as Video2Roll Net).

This stage involves a multi-label classification task, although it doesn’t account for long-term

temporal dependencies, which can result in less faithful music generation. Consequently, in

the second stage, I introduce a Generative Adversarial Network (GAN) [Re21] to refine and

enrich the ‘Piano-Roll’ with essential musical attributes, yielding the Midi signal (termed

Roll2Midi Net). This step plays a pivotal role in furnishing symbolic musical representa-

tion. The third and final phase of the Audeo pipeline involves the synthesis of Midi data

into audio signals (Midi Synth). Given that the predicted Midi data is binary and lacks ex-

pressive velocity information, I propose employing the same velocity values for synthesizing

the mechanical audio. This synthesis can be realized through either a conventional Midi syn-

thesizer or a deep synthesizer for a more lifelike auditory experience. The deep synthesizer

translates Pseudo-Midi into a spectrogram, followed by audio generation. An overview of

the Audeo system is shown in Fig. 3.1.
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Figure 3.1: Given an input of video frames of a musician playing the piano, Audeo generates

the music for that video. (Figure from [KS1])

Figure 3.2: Detailed schematics of the components in VIDEO2Roll Net (Figure from [KS1])

3.2 Methods

I utilize Midi as an intermediate signal for converting piano video frames into audio output.

Since most piano performance videos found online lack accompanying Ground Truth Midi,

I extract the Pseudo Ground Truth (GT) Midi from the audio using the Onset and Frames

framework [Re55]. The Pseudo GT Midi is a two-dimensional binary matrix M ∈ RK×T

where K is the number of pitches, and T is the number of frames. For each entry, Mk,j, 1

indicates if the key k is sustained at frame j and 0 otherwise. The subsequent sections detail

each component of the Audeo system.

Video2Roll Net: The initial stage of our process is characterized as a multi-label im-
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Figure 3.3: Visualized feature maps comparison between Video2Roll Net (left) and ResNet18

(right) using Scored Weighted Class Activation Heatmap (Score-CAM). This example demon-

strates that our method can locate the delicate visual cues of the pressed C3 key more ac-

curately. (Figure from [KS1])

age classification problem. Each video clip X is treated as a four-dimensional tensor X ∈

RT×C×H×W where T , C, H, W are time, channel, height, and width dimension respectively.

For input into the Video2Roll Net, I employ five consecutive grayscale frames Xt−2,t−1,t,t+1,t+2,

aiming to predict the keys pressed in the central frames Xt. This involves estimating the

conditional probability of key presses at frame t, given the video frames Xt−2:t+2, with the

probability of estimated keys at frame t denoted as P (M̂:,t) = P (M:,t|Xt−2,t−1,t,t+1,t+2). The

backbone of this system is ResNet18, which is tailored to accommodate the unique challenges

of this task: 1) the subtle visual indicators of sustained keys in comparison to more prominent

elements like hands and fingers; 2) the correlation of pressed keys in each frame, influenced

by musical harmony, which suggests certain key combinations are more likely to co-occur; 3)

the importance of spatial dependencies in detecting sustained keys, a feature typically unad-

dressed by conventional CNNs due to their spatial invariance. To tackle these challenges, I’ve

developed a multi-scale feature attention network, inspired by [Re56]. Video2Roll Net, built

on the ResNet18 framework, comprises three key modules: feature transformation, feature

refinement, and correlation learning. The feature refinement process parallels a feature pyra-

mid network (FPN) [Re57], utilizing a top-down feature propagation approach. However,

unlike standard FPNs, Video2Roll Net first modifies and re-calibrates multi-scale features at

residual blocks through the feature transform module before advancing them. This enhance-

ment significantly improves the network’s ability to discern visual cues at various scales.
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Figure 3.4: Detail schematic of Roll2Midi Net and Midi Synth components of Audeo system.

(Figure from [KS1])

Figure 3.5: Comparison of Roll, Midi and Pseudo GT Midi. Solid ellipses (1,3,5) : elimination

of false positives; Dashed ellipses (2,4): elimination of false negatives; Dotted ellipse (6):

failure not eliminated. (Figure from [KS1])

Lastly, the correlation learning module employs a self-attention mechanism to understand

feature spatial dependencies and semantic relevance. The attention response at any location

is informed by the features at other locations. This multi-scale feature attention approach

is pivotal in precisely identifying regions corresponding to pressed keys, which is crucial for

generating meaningful music (as shown in Fig. 3.3).

Roll2Midi Net: The prediction of the Piano Roll (Roll) M̂:,1:T of Video2Roll Net is

imperfect due to several challenges. One notable issue is hand occlusions in video frames,

which hinder Video2Roll Net’s ability to detect changes in key presses. Additionally, since
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M̂:,t is predicted frame by frame, there lacks a temporal correlation in Roll predictions.

Another complexity arises from the Pseudo GT Midi, derived from the Onset and Frames

framework [Re55] based on the audio stream. A common occurrence is that if a key is sus-

tained for a prolonged period, its frequency magnitude gradually diminishes to zero in the

Pseudo GT Midi, marking it as ‘off.’ However, as our Video2Roll Net relies solely on short-

term visual data, all pressed keys remain active, leading to discrepancies between prediction

and the actual audio. To address these issues, I have incorporated a generative adversarial

network (GAN) [Re21] to refine and enhance the Video2Roll results M̂:,1:T , aligning them

more closely with the Pseudo GT Midi. This GAN comprises a generator G and a discrim-

inator D. The generator’s input is the Roll predictions M̂:,T1:T2 , where each column of M̂

represents a probability score obtained from the final fully connected layer of Video2Roll

Net, post-application of a sigmoid function. By utilizing probability scores instead of binary

thresholds, the generator can adjust these probabilities, fostering a more accurate and robust

Pseudo Midi representation. The GAN objective is defined by:

min
G

max
D

EM∼M[logD(M)] + EM̂∼M̂[log(1−D(G(M̂)))]. (3.1)

Our generator is structured as a U-Net [Re58] with five levels of depth, while the discriminator

is composed of a 5-layer CNN. The inclusion of a discriminator, as opposed to relying solely

on a U-Net, enables the model to capture a broader pattern of the Pseudo Midi, deeming

a prediction acceptable when it sufficiently resembles ‘real’ data. Given the substantial

variation in Midi across different musical styles, using only a U-Net could lead to overfitting

with the training data. To optimize both the generator and the discriminator, I employ the

Mean Square Error (MSE). During the inference process, the Roll representation is fed into

the generator, resulting in a refined Midi representation M̂R = G(M̂). This Roll2Midi Net

significantly enhances the accuracy of the overall predictions. The refined Midi generated is

of sufficient quality to be synthesized, producing music that closely approximates the ground

truth. Fig. 3.5 shows that Roll2Midi can partially eliminate the false positives and false

negatives in the Roll.
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Midi Synth: Both the Roll and the Pseudo Midi can be effectively converted into audio us-

ing traditional Midi synthesizers. This approach yields clear, robust, and reasonably musical

outputs from the predicted Midi. Additionally, classical Midi synthesizers offer versatility,

supporting creative applications such as generating music with diverse timbres from a sin-

gle piano performance video, simply by changing the instrument settings during synthesis.

While these results are intriguing, the audio produced from classical Midi synthesizers tends

to sound mechanical. This is because the predicted Pseudo Midi is binary and lacks expres-

sive velocities. Estimating expressive velocities at the Midi level requires a Ground Truth

(GT) Midi that specifies them. However, the Onsets-and-Frames framework I use for GT

generation does not provide sufficiently precise velocity predictions. Therefore, I explore

the potential of generating more realistic music using deep synthesizers with Pseudo Midi

predictions. To achieve this, I initially pre-train a PerfNet [Re59] with Pseudo GT Midi

M . PerfNet is designed to learn a transformation, denoted as H, between M and the cor-

responding spectrogram S. Utilizing the pre-trained PerfNet, I then forward propagate the

Midi M̂R to produce an initial estimated spectrogram ŜR = H(M̂R). It’s important to note

that despite refinement, a discrepancy between M and M̂R persists. I found that directly

using PerfNet to learn the transformation from M̂R to S struggles with generalization. This

challenge is likely due to the sensitivity of the transformation process from Pseudo Midi to

the spectrogram, complicating generalization. To overcome this, I introduce an additional

U-Net for refinement at the spectrogram level. This U-Net is formulated as a function U ,

and its goal is to minimize the L1 distance between ŜR and S: L1(ŜR, S) = ∥U(ŜR) − S∥..

I discovered that estimating an initial rough spectrogram and then refining it at the spec-

trogram level enhances generalization. Finally, to convert the refined spectrogram into an

audio waveform, I employ the Griffin-Lim algorithm [Re60].

3.3 Experiments

Datasets. Unlike previous studies conducted in specific laboratory settings, I evaluate Au-

deo pipeline using publicly available piano performance videos from YouTube, with a slight
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Figure 3.6: Examples of Pseudo GT Midi mismatches with pressed keys. Keys that are

active in our predictions and in video frames (black and green) are marked as off in Pseudo

GT Midi (dashed).(Figure from [KS1])

preference for top-view recordings that show the entire keyboard. Importantly, uniformity in

the instrument and camera setup is unnecessary for our data. Specifically, we utilize videos

recorded by Paul Barton1 with a frame rate of 25fps and an audio sampling rate of 16kHz.

The Pseudo GT Midi is derived using the Onsets and Frames framework (OF) [Re55], which,

due to its low precision in predicting expressive velocity, results in all Pseudo GT Midi being

binary and down-sampled to 25fps. We meticulously crop these videos to display only the

full keyboard, removing irrelevant frames, such as logos or black screens. Additionally, we

align the video with the Pseudo GT Midi and audio by trimming silent sections up to the first

frame, where a key is pressed while retaining all silent frames within each performance. Our

evaluation employs two distinct sets:1) Pseudo Midi Evaluation Set: This set assesses

the predictions of our Video2Roll Net and Roll2Midi Net. It includes 24 videos from Bach’s

Well-Tempered Clavier Book One (WTC B1), totaling 115 minutes of training data. The test

set comprises the first three Prelude and Fugue performances from Bach’s Well-Tempered

Clavier Book Two (WTC B2), amounting to 12.5 minutes. This translates to 172, 404 train-

1https://www.youtube.com/user/PaulBartonPiano
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ing images and 18,788 testing images. It’s important to note that the Pseudo GT Midi we

use, while imperfect, is essential for our evaluation. We also implement additional audio

evaluation protocols detailed below. 2)Audio Evaluation Set: This set focuses solely on

audio evaluation. Our objective is to ascertain if the generated music is recognizable by

music identification software. This test set includes 35 videos from WTC B2 (comprising 24

Prelude and Fugue pairs and 11 variants), 8 videos from variants of WTC B1, and 9 videos

from other composers. In total, this set encompasses 52 videos, amounting to 297 minutes.

Evaluation Metrics. For the Midi Evaluation , I assess the performance of Video2Roll

Net and Roll2Midi Net by calculating and reporting key metrics: precision, the recall, the

accuracy, and the F1 score, all evaluated at the frame-level as defined in [Re61]. In order to

benchmark against other methods, I reproduce the models proposed in prior research [Re38]

and test them using our Pseudo Midi Evaluation set. For the Audio Evaluation , I employ

the widely-used music identification App SoundHound2 to conduct detection tests on the

music generated by our system. A detection is considered successful if SoundHound accu-

rately identifies and displays the correct source of the music. Conversely, it’s marked as a

failure if the app either fails to recognize the music or identifies an incorrect source. The

effectiveness of our approach is quantified by the average detection rate at the segment level.

Midi Evaluation: Table 3.1 presents the performance results of Audeo in generating the

Roll and the Pseudo Midi, in comparison to other methods. The Video2Roll Net stands

out for its ability to detect detailed visual cues, leading to superior recall, accuracy, and

F1-score relative to previous studies. A critical finding is the importance of minimizing false

negatives to ensure the generation of a complete melody without omitting notes. However,

the relatively lower precision of Video2Roll Net highlights a common issue in audio-visual

mismatch, making some false positives inevitable (See Fig. 3.6). This underscores the com-

plexity of generating music from visual information, a challenge that we anticipate will be

addressed more effectively in future developments and the necessity of the Roll2Midi Net

2https://www.soundhound.com/
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Model Precision Recall Accuracy F1-score

ResNet [Re38] 64.3 54.7 40.4 49.7

ResNet+Aggregation+slope [Re38] 61.5 57.3 41.2 50.8

Video2Roll Net (Our) 61.2 65.6 46.4 56.4

Roll2Midi Net TS=0.4 (Our) 60.0 77.0 50.6 61.5

Roll2Midi Net TS=0.5 (Our) 65.1 69.9 50.8 60.4

Table 3.1: Precision, recall, accuracy and F1-score in (%) for pseudo Midi evaluation. If not

specified, all results use threshold (TS) = 0.4 after applying the sigmoid function. The bold

number indicates the best result. (Table from [KS1])

Total Bach WTC B1 Variants Bach WTC B2 & Other

ResNet+FluidSynth 55.9 74.2 52.9

Roll+FluidSynth 62.6 79.6 59.6

Midi+PerfNet 73.0 80.6 71.6

Midi+FluidSynth 73.9 85.6 72.4

Ground Truth 89.2 92.6 87.7

Table 3.2: Sound Hound music identification rate in (%). (Table from [KS1])

for achieving a cleaner and more robust symbolic representation. The implementation of a

generative adversarial network within Roll2Midi Net plays a pivotal role, enabling it to re-

duce both false negatives and false positives by assessing the realism of the generated Pseudo

Midi. Significantly, Roll2Midi Net enhances overall performance substantially, with its F1

score surpassing the best competing model [Re38] by over 10%.

Audio Evaluation on Music Identification: I compare the effectiveness of Sound-

Hound in detecting music samples generated by the Audeo system against those produced

by a ResNet baseline and the original ground truth audio. Additionally, to isolate the ef-
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fects of the synthesizer, I synthesize both the Roll and Pseudo Midi obtained from Audeo

using either FluidSynth or PerfNet. The outcomes of the music identification are detained

in Table 3.2. The findings reveal that all methods utilizing Audeo significantly outperform

the ResNet baseline, as well as the synthesizing of Pseudo Midi via FluidSynth or PerfNet.

This suggests that Audeo effectively captures the essence of the learned music and ex-

hibits resilience against variations in performance. Interestingly, for test videos featuring

music styles not covered in the training set, such as works by Scott Joplin, a noticeable

discrepancy remains when compared to the ground truth (72.4 vs. 87.7%). However, the

identification results still demonstrate the robustness and versatility of the Audeo system.

Overall, the combination of Midi with FluidSynth yields the highest detection rates, sur-

passing the ResNet baseline by 18%. It’s worth noting that using PerfNet as the synthesizer

results in slightly lower detection rates compared to FluidSynth in this particular test. While

a deep synthesizer like PerfNet might better capture emotional nuances and naturalness in

the spectrogram domain, it also tends to introduce noise, which poses a significant challenge

to mitigate.
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Chapter 4

MUSIC FROM ARBITRARY HUMAN MOVEMENTS

4.1 Motivation

Rhythmic sounds are omnipresent in our environment. For example, sounds manifested from

raindrops hitting surfaces, birds chirping, or machines, all produce distinct sound patterns.

When paired with visual scenes, these sounds significantly enhance the viewer’s perception

by adding layers of semantic context, facilitating communication and drawing attention to

specific aspects of the scene, among other benefits. In human activity scenarios, rhythmically

aligned music can underscore and amplify the actions being depicted. This synchronization

between visual rhythm and musical beat is often achieved through the manual selection of

soundtracks in professional video editing.

Drum instruments, known for their pivotal role in establishing the foundational rhythm

of music, vary widely in design and mechanics but share the common objective of setting

the music’s core rhythm. Drums, with a history dating back to around 6000 BC, and

even earlier sound-producing instruments based on the principle of striking objects together,

form the backbone of musical rhythm [Re62]. The layering of additional instruments over

drum patterns introduces secondary rhythms and melodies, culminating in complex, multi-

dimensional music. It is a common practice among composers to initiate the composition

process by crafting the drum track’s rhythm, which then serves as a base for gradually

layering other instrumental tracks, enriching the final musical piece.

Motivated by the potential to link rhythmic soundtracks with video content, this work

delves into the automatic generation of rhythmic music that mirrors movement patterns

of human bodies. Mirroring traditional music composition and improvisation techniques,

we initially focus on creating rhythms that closely align with the video’s depicted move-
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Figure 4.1: System Overview of RhythmicNet. Body keypoints are extracted from human

activity video and are processed through the Video2Rhythm stage to generate the rhythm.

Afterward, Rhythm2Drum converts the rhythm to drum performance. In the last step, the

Drum2Music component adds additional instrument tracks on top of the drum track. (Figure

from [KS2])

ments. This foundational rhythm serves as the basis for generating new drum music that

complements the body movements. Following the establishment of a rhythm, we emulate

the improvisational addition of other instruments (such as piano and guitar) to enrich the

musical composition.

In Chapters 3, we observe that musical instruments often correlate strongly with the

visual content, echoing the synchronization found in music-dance videos, where body move-

ments naturally align with rhythmic music. To extend this concept, I propose Rhythmic-

Net , a system designed to generate rhythmic music for any human activity depicted in

videos. RhythmicNet ’s initial phase involves extracting key points from movement videos

and employing a spatio-temporal graph convolutional network [Re63] alongside a transformer

encoder [Re19] to estimate music beats, capturing the rhythm inherent in human motion.

To accommodate the periodic nature of music beats and the dynamic visual changes in hu-

man movements, we introduce a supplementary stream to capture rapid movements, termed

the style stream. The fusion of these streams defines the movement rhythm, guiding the

subsequent music generation phase, Rhythm2Drum. This phase utilizes an encoder-decoder
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transformer to produce drum hits and a U-net [Re58] for determining drum velocities and

offsets, both crucial for high-quality drum music creation. The final phase, Drum2Music,

completes the composition by generating a piano or guitar track based on the drum per-

formance using a transformer-XL [Re64] encoder-decoder architecture. RhythmicNet ’s

overview is illustrated in Figure 4.1. Experimental validation on large-scale dance and di-

verse internet videos demonstrates that RhythmicNet successfully generates music that

coherently aligns with human movements in videos.

4.2 Methods

RhythmicNet is structured around three meticulously designed components, each following

sequentially to create a harmonious blend of visual movement and musical rhythm. These

components are 1) Video2Rhythm: This initial phase focuses on associating the rhythm of

music with human movements captured in video. It lays the groundwork by analyzing video

content to identify and extract the inherent rhythm of the depicted activities, establishing a

direct correlation between visual motion and musical tempo. 2) Rhythm2Drum: Building

upon the rhythm identified in the first stage, this component is tasked with generating a

drum track that mirrors the extracted rhythm. It translates the rhythmic patterns into a

series of drum beats, creating a foundational drum track that encapsulates the tempo and

energy of the human movements. 3) Drum2Music: The final stage enriches the drum track

by adding layers of musical instruments, such as piano or guitar. This process not only

complements the drum beats but also elevates the overall musical piece, adding depth and

complexity to the initial rhythmic foundation.

Below, we delve into the specifics of each stage, outlining the technical approaches and in-

novative methodologies employed to seamlessly integrate rhythmic music with human move-

ments, culminating in a cohesive and dynamic musical experience.

Video2Rhythm. In our approach, we dissect the concept of rhythm into two distinct

elements: beats and style. This allows for a comprehensive analysis and synthesis of musical

rhythm corresponding to human movements. We introduce an innovative model dedicated to
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predicting music beats and employ a kinematic offsets methodology to capture style patterns

derived from human activities.

Music Beats Prediction. The core of music beat prediction lies in recognizing beats as

binary, periodic signals that follow a consistent tempo. This recognition is facilitated by a

specialized music beat prediction network. This network is trained to learn the beat pattern

by correlating body keypoints with actual music beats in a supervised manner. To achieve

this, we utilize the OpenPose framework [Re10] to extract 2D skeleton keypoints from human

body movements within videos. These keypoints undergo a first-order difference calculation

to determine the velocity for each sequence in the video. The motion sequences are then

represented as a three-dimensional tensor X ∈ RV×T×2,where V denotes the number of

keypoints, T represents the number of frames, and the third dimension corresponds to the

2D coordinates. The challenge of predicting music beats from human body movements is

formulated as a temporal binary classification problem. Given the skeleton keypoints X,

our goal is to produce an output sequence Y ∈ RT of the same length, where each frame is

classified as either a ‘beat’ (y = 1) or ‘non-beat’ (y = 0).

To encapsulate the dynamics of human movements, we utilize a spatio-temporal graph

convolutional neural network (ST-GCN) [Re63] for encoding keypoints. This approach con-

ceptualizes the skeleton sequence as an undirected graph G = (V,E), with each node vi ∈ V

representing a key point on the human body and the edges E delineating the connectivity

among these keypoints. Initially, a spatial GCN processes the sequence to extract features

from each frame independently. Subsequent application of temporal convolution integrates

these features over time, synthesizing a comprehensive representation of motion dynamics.

The resulting motion features are denoted as P = AXWSWT ∈ RV×Tv×Cv , where X is

the input sequence, A ∈ RV×V signifies the adjacency matrix—constructed based on the

connectivity of body keypoints—and WS and WT are the weight matrices corresponding to

spatial and temporal convolutions, respectively. Tv and Cv represent temporal dimensions

and feature channels. By averaging the node features, we obtain the final motion features

P ∈ RTv×Cv .
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Upon deriving the motion feature P , we employ a transformer encoder composed of

several multi-head self-attention layers to discern correlations across different frames. To

enhance the model’s ability to capture the periodic nature of music beats, we incorporate two

pivotal components: 1) Relative Position Encoding [Re65]: This technique allows the model

to precisely gauge the relative distances between sequence tokens, eschewing traditional

positional sinusoids in favor of an encoding that emphasizes relative timing differences—a

crucial aspect in music where timing nuances are paramount. 2) Temporal Self-Similarity

Matrix (SSM): Proven effective in human action recognition, the SSM aids in regularizing

the transformer and identifying periodic movement repetitions [Re66]. It is constructed by

calculating pairwise similarities Sij = f(Pi, Pj) between frame-level motion features Pi and

Pj, utilizing the negative squared Euclidean distance as the similarity function, f(a, b) =

−||a− b||2, and applying softmax over the time dimension. After convolution Ŝ = Conv(S),

SSM is integrated into each attention head, enhancing the model’s attention mechanism

implemented as

Attention(Q,K, V ) = Softmax(
QKT + Ŝ + R√

Dk

)V,

where Q,K, V are the standard query, key, and value, respectively, and R is the ordered

relative position encoding for each possible pairwise distance among query pairs and key on

each head.

The training of the model leverages weighted binary cross-entropy loss, assigning addi-

tional weight to the beat category to mitigate class imbalance. The network outputs a beat

activation function, predicting the likelihood of each video frame being a ‘beat’ frame. To

precisely identify beat positions, we apply an algorithm inspired by Hidden Markov Model

(HMM) decoding [Re67], ensuring accurate beat detection aligned with the dynamics of hu-

man movement. This methodology allows us to directly map the dynamics of human motion

to the rhythmic structure of music, facilitating the generation of beats that are in perfect

harmony with the visual content.

Style Extraction. While beats form the backbone of rhythm through their monotonic, peri-
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odic patterns at fixed intervals, rhythm also encompasses a range of a-periodic components.

Specifically, the spaces between music beats are often filled with various irregular movements

that contribute to the overall rhythm. Unlike beats, these patterns are inconsistent, and sys-

tematically extracting them from visual information presents a challenge. To address this,

we introduce an additional construct known as the style stream, which captures instances of

transitional movements in the human body, such as rapid or sudden movements.

Given the implicit nature of style and the absence of direct data to learn from, we adopt

a rule-based approach for predicting these events. The style is conceptualized as a binary

stream, marking transitional time points with 1 and non-transitional points with 0. This

stream is constructed through a series of steps centered around the spectral analysis of

kinematic offsets in motion [Re68].

The initial step involves computing kinematic offsets, which are 1D time series signals

representing the average acceleration of the human body over time. To derive these offsets,

we calculate the motion’s Directogram by dissecting it into various angles, using the formula

Ft(j, t) to denote the velocity magnitude of joint j at time t, and formulating the Directogram

D(t, θ) [Re69] as:

D(t, θ) =
∑
j

Ft(j, t)1θ(∠Ft(j, t)), where 1θ(ϕ) =


1 |θ − ϕ| ≤ 2π/Nbins

0 otherwise

(4.1)

An indicator function 1θ(ϕ) distributes the motion across Nbins angular intervals, and the

first-order difference of the Directogram is computed to ascertain the acceleration of motion

across different angles. The mean acceleration in the positive direction serves as an indicator

of motion strength—higher values signify greater motion strength—and this measure is what

we refer to as kinematic offsets.

Upon obtaining the kinematic offsets, we proceed to perform a Short-Time Fourier Trans-

form (STFT) on these signals to pinpoint peaks in acceleration change. The most significant

transitions in the signal are represented by the highest frequency bin in the STFT analysis

(chosen from 8 bins), from which we extract style patterns. Peaks are marked with a 1,
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while other points are marked with a 0, and the resulting signal is resampled to match the

sampling rate of the music beats.

Rhythm Composition. The culmination of this process is a unified rhythm signal that merges

the beats and style streams. This combined signal aims to reflect the correlation between

body movements and the soundtrack’s tempo, offering a comprehensive representation of

rhythm that incorporates both periodic beats and the nuanced, a-periodic style elements.

Rhythm2Drum. In the Rhythm2Drum stage, we translate the rhythm obtained from

the preceding phase into tangible drum sounds. This process is inspired by the GrooveVAE

framework [Re6], within which each drum track is delineated by three distinct matrices: hits

(H), velocities (V ), and offsets (O). The Hits (H) is a binary matrix H ∈ RN×T indicates

the presence of drum onsets, where N represents the number of drum instruments and T

denotes the time steps (corresponding to sixteenth notes). Velocities (V ) is a continuous

matrix representing the intensity of drum strikes, with values ranging from [0, 1]. Offsets

(O) is another continuous matrix capturing the timing deviations for each note, with values

spanning [−0.5, 0.5). These deviations indicate the temporal distance and direction of each

note’s timing from the nearest sixteenth note.

With Y ∈ R1×T as the input rhythm sequence, our goal is to accurately generate the

matrices H, V , and O. We approach this modeling challenge in two main steps, leveraging

an encoder-decoder transformer [Re19] and a U-net [Re58] for a smooth transition from

rhythm to drum sounds. In step 1, The binary rhythm sequence is fed into the transformer

encoder, which processes the rhythm information. The decoder then transforms the H

matrix into a word sequence based on a defined vocabulary of hit combinations, subsequently

reconverting it into a binary matrix. This autoregressive learning approach enables the

transformer to produce more authentic and varied drum onsets. The transformer is refined

using cross-entropy loss. In step 2, We infuse style patterns—velocity and offsets—into the

generated onsets. Given the identical dimensions of H, V , and O, this process is akin to

image transformation, where H serves as the ‘image’ input. Utilizing a U-net [Re58], we

transform the onset matrix H to generate the matrices V and O, optimizing the U-net with
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Mean Square Error (MSE) loss. The culmination of this process involves converting the

constructed matrices H, V , and O into the MIDI format to realize the drum track. This

innovative methodology ensures a seamless and nuanced conversion of rhythm sequences into

comprehensive drum tracks, embodying the rhythm’s essence in a musically coherent and

dynamic form.

Drum2Music. In the final stage of our process, we aim to enrich the soundtrack by in-

corporating additional instruments, building upon the rhythmic foundation provided by the

drum track. To achieve this, we introduce an encoder-decoder architecture designed to gen-

erate tracks for supplementary instruments conditioned on the previously generated drum

track. We focus on piano and guitar as our instruments of choice due to their prominence

and versatility in music composition.

For representing multi-track music, we opt for the Remi representation [Re5], which offers

a more comprehensive dataset than traditional MIDI-like event formats [Re4] by including

details like tempo changes, chords, positions, and bars. This richness allows our model to

grasp the complex dependencies between note events across different musical sections.

Both the encoder and decoder in our setup are based on the Transformer-XL model, which

enhances the standard transformer by incorporating a recurrence mechanism [Re64]. This

addition enables the model to access information from past tokens not limited to the current

training segment, thus broadening its historical context for better prediction accuracy.

The encoder processes the drum track input through multiple self-attention layers, with

each output Ei being a function of the input xi and the encoder memory ME
i , which stores

the hidden state sequences from previous recurrent steps for the i-th bar (Ei = Enc(xi,M
E
i )).

Similarly, in the decoder, the prediction for each token yi,j within the i-th bar is a function

of previously generated tokens within the same bar yi,t<j, the decoder memory MD
i for the

i-th bar, and the encoder output Ei for that bar (yi,j = Dec(yi,t<j,M
D
i , Ei)). The decoder

architecture includes layers of causal self-attention, cross-attention to the encoder outputs,

and a feed-forward network.

For training, we segment the music into parts defined by the number of bars. The i-th
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Models\Metrics CMLc (%) CMLt (%) Cem (%) F (%)

TCN [Re71] 44.97 45.15 48.14 63.04

TF 16.07 16.24 32.85 46.90

ST-GCN 54.89 55.45 49.23 64.78

ST-GCN+TF 61.89 62.34 55.09 71.93

ST-GCN+TF+SSM 63.20 63.58 57.72 73.07

ST-GCN+TF+RelAttn 68.01 68.31 59.19 74.67

ST-GCN+TF+SSM+RelAttn 71.43 71.94 61.59 75.79

Table 4.1: Music beat prediction evaluation. The abbreviation of each component stands

for: TF (transformer), ST-GCN (spatio-temporal graph convolutional network), SSM (Self-

similarity Matrix), RelAttn (Relative Attention); F (F-score measure), Cem (Cemgil’s score),

CMLc (Correct metrical level continuous accuracy), CMLt (Correct metrical level total ac-

curacy). Bold font indicates the best value. (Table from [KS2])

bar of drum performance xi is fed into the transformer-XL encoder at each recurrent step.

Utilizing a teacher-forcing strategy, we input the ground truth tokens into the decoder to

facilitate the generation of subsequent tokens, minimizing the negative log-likelihood (NLL)

between the generated and ground truth tokens to refine the model.

During inference, the encoder receives the drum track for each bar, and the decoder

generates the tokens sequentially. We employ a temperature-controlled stochastic top-k

sampling method [Re70] to introduce randomness into generating new music tracks, ensuring

diversity and creativity in the output. This methodical approach allows us to expand the

musical piece with intricate layers of additional instruments seamlessly integrated with the

foundational drum track to produce a rich, multi-dimensional musical experience.

4.3 Experiments

Datasets. For the development and evaluation of our Video2Rhythm component, we utilize

the AIST Dance Video Database [Re72], an extensive repository of high-quality dance videos
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Model\Metric (lower better) NDB MSE Velocity MSE Offsets

GrooveVAE [Re6] 46 0.0437 0.0402

TF multi-outputs w.o. hits sequence 44 0.0507 0.0348

TF multi-outputs w. hits sequence 39 0.0493 0.0369

TF w. hits sequence + Unet 39 (↓15%) 0.0267 (↓40%) 0.0169 (↓58%)

Table 4.2: Rhythm2Drum performance evaluation. Abbreviations stand for TF (encoder-

decoder transformer), Multi-outputs (Predict the hits, velocities, and offsets simultaneously),

w./w.o. hits sequence (whether using word tokens to represent the hits). Bold font indicates

the best value. (Table from [KS2])

recorded at 60 frames per second. This rich dataset provides a diverse array of movements and

rhythms, making it an ideal resource for training and testing our rhythm analysis algorithms.

In the Rhythm2Drum stage, our training material comes from the Groove Midi dataset [Re6],

which comprises 1150 MIDI files, encompassing over 22,000 measures of varied drumming

patterns. This comprehensive collection of drum sequences offers a wide range of rhythmic

styles and complexities, serving as an excellent foundation for our drum track generation

model.

For the final Drum2Music phase, we specifically curate two subsets from the Lakh MIDI

dataset [Re73] to train our Drum2Piano and Drum2Guitar models. These subsets are

carefully selected to encompass a broad spectrum of musical pieces that feature piano and

guitar, respectively. This targeted approach allows our models to specialize in generating

accompanying music tracks that are stylistically coherent and musically rich, tailored to

complement the underlying drum tracks effectively.

Video2Rhythm Evaluation. In alignment with established standards for evaluating musical

beat tracking [Re74], we assess our model’s performance using several key metrics: the F-

score measure, Cemgil’s score (Cem), and the Correct Metrical Level (CML) continuity,

distinguishing between cases where continuity is required and not required (CMLc/t). To
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Metrics PC/bar PI IOI PCH ↑ NLH ↑ NLL ↓

Dataset (Piano) 5.48 6.16 0.31 - - -

Drum2Piano w.o. memory 7.17 4.63 0.12 0.63 0.52 0.77

Drum2Piano 6.82 5.86 0.14 0.63 0.54 0.53

Dataset (Guitar) 5.33 5.51 0.22 - - -

Drum2Guitar w.o. memory 3.54 8.94 0.52 0.56 0.46 0.58

Drum2Guitar 5.63 5.69 0.13 0.64 0.51 0.40

Table 4.3: Drum2Music evaluation. For PC/bar, PI, and IOI values, the closer to the dataset,

the better. For PCH and NLH values, the larger, the better. (Table from [KS2])

facilitate a comparative analysis with existing methodologies, we implement a baseline model

employing a Temporal Convolutional Network (TCN) specifically for beat prediction [Re71].

The comparative and ablation study results are detailed in Table 4.1. Notably, our pre-

mier Video2Rhythm approach, which integrates a Spatio-Temporal Graph Convolutional

Network (ST-GCN) with Transformer (TF), Self-Similarity Matrix (SSM), and Relative

Attention (RelAttn), demonstrates superior performance across all evaluated metrics, sur-

passing the baseline TCN model by a significant margin. This is especially evident in the

continuity scores, where our method exceeds the baseline’s performance by more than 25%.

Such a result underscores the exceptional consistency of the beat sequence estimated by our

model, highlighting its effectiveness in capturing the rhythmic essence of the music in a more

coherent and sustained manner compared to conventional approaches.

Rhythm2Drum Evaluation. To rigorously assess the performance of our Rhythm2Drum

component, we employ a variety of metrics that cater to different aspects of drum track

generation. To gauge the diversity within the generated drum hits, we utilize the Number of

Statistically-Different Bins (NDB) metric, a method previously proposed and implemented

in other studies [Re75, Re22, Re39]. This metric helps us quantify the variation in our drum

samples, a crucial factor for ensuring the richness and authenticity of the generated rhythms.
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For a detailed analysis of the velocities and offsets within our drum tracks, we calculate

the Mean-Squared Error (MSE) across the test set. This measurement allows us to evaluate

the precision of our model in capturing the nuances of drumming dynamics.

Our evaluation includes a comparison with the baseline model, GrooveVAE [Re6], a well-

regarded benchmark in the field of automated drum track generation. The comparative

results are summarized in Table 4.2, illustrating the effectiveness of our methods.

The findings reveal that our approach, which leverages sequences of drum hits as the foun-

dation for drum track generation, fosters a significantly more diverse collection of samples.

This diversity, in turn, enhances the subsequent U-net component responsible for generating

velocities and offsets, ultimately leading to the production of more realistic and nuanced

drumming sounds. This methodology not only surpasses the baseline in terms of sample

variety but also demonstrates the importance of a diverse hit sequence as a precursor to

achieving high-quality, lifelike drum tracks.

Drum2Music Evaluation. To assess the quality of the generated piano and guitar tracks,

we employ a set of objective metrics that include Pitch Count per Bar (PC/bar), Average

Pitch Interval (PI), and Average Inter-Onset Interval (IOI), as delineated in [Re76]. These

metrics allow us to systematically evaluate the musical properties of the generated tracks by

comparing their statistical profiles against those derived from the test dataset.

Additionally, we incorporate the Pitch Class Histogram (PCH) and Note Length His-

togram (NLH) metrics, for which we calculate the Overlapping Area (OA) between the test

dataset’s statistics and those of the generated music. This calculation is performed for each

sample, and we report the average OA to provide a holistic view of the similarity between

the generated music and the authentic test data.

Furthermore, we analyze the Negative Log-Likelihood (NLL) loss on the validation set

to gauge the model’s predictive accuracy. The numerical outcomes of these evaluations are

presented in Table 4.3, facilitating a direct comparison between two model variants: one

incorporating a recurrence mechanism (with memory) and the other without.

The comparative analysis reveals that for both the Drum2Piano and Drum2Guitar tasks,
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Soundtrack Preference

No Soundtrack Drums Only Drums + Piano Drums + Guitar

votes 7.3% 31.2% 32.1% 29.4%

Table 4.4: Soundtrack preference.(Table from [KS2])

Soundtrack match to the video Soundtrack match to the video (Ablation)

Random Shuffle RhythmicNet
Random

+ GrooVAE

Video2Rhythm

+ GrooVAE

Video2Rhythm +

Rhythm2Drum

30.8% 27.8% 41.4% 23.3% 33.3% 43.4%

Table 4.5: Soundtracks match to movements in the video. (Table from [KS2])

the models equipped with a recurrent encoder-decoder transformer (i.e., with memory) ex-

hibit lower NLL loss on the validation set. Moreover, the statistical properties of the music

generated by these models align more closely with those of the test dataset compared to the

versions without memory. This indicates the significant impact of the recurrence mechanism

in enhancing the model’s ability to generate musically coherent tracks that faithfully mir-

ror the characteristics observed in genuine music samples, underscoring the importance of

memory in achieving higher fidelity and authenticity in music generation.

Human Perceptual Evaluation of Soundtrack Music.

Beyond objective evaluations of RhythmicNet ’s various components, we conducted hu-

man perceptual surveys via Amazon Mechanical Turk to assess the subjective impact of

RhythmicNet-generated soundtracks. These surveys aimed to determine how well the

soundtracks aligned with video movements and whether they enhanced viewers’ overall per-

ception of the videos, compared to a set of soundtrack controls.

In our initial survey, participants (non-experts) were asked to select their preferred video

from a set that included one without a soundtrack and three with soundtracks generated

by RhythmicNet (either drums-only or drums accompanied by another instrument). The
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results, as outlined in Table 4.4, demonstrated a clear preference for videos accompanied by

a soundtrack. Interestingly, preferences for the type of instrumentation in the soundtrack

were almost evenly distributed among the three variations offered, with a slight majority

favoring tracks that featured Drums+Piano.

The second survey posed the question: ”In which video does the sound best match the

movements?” Participants were given options featuring soundtracks with Random, Shuffle,

and RhythmicNet rhythms. The ”Random” option involved a drum track generated by the

Rhythm2Drum method with a rhythm having a 50% chance of being ON or OFF at any

given time step. The ”Shuffle” drum track was also produced using the Rhythm2Drum

method, but with the rhythm and order shuffled. The RhythmicNet option represented a

drum track created using the Rhythm2Drum method without alterations. Results from this

survey, shown in Table 2 4.5 (left), revealed a strong preference for drum tracks generated by

our method as the best match for the video movements, with 41.4% selecting RhythmicNet,

compared to 30.8% for Random and 27.8% for Shuffle.

An extra survey conducted a perceptual ablation study to examine the influence of the

Video2Rhythm and Rhythm2Drum components on soundtrack perception relative to baseline

methods. The findings, presented in Table 4.5 (right), indicated that these components sig-

nificantly enhance the perception of the soundtrack when compared to baseline approaches,

affirming their effective contribution to the overall auditory experience of the videos.

These human perceptual surveys underscore the effectiveness of RhythmicNet in pro-

ducing soundtracks that not only align with video movements but also substantially improve

the viewers’ enjoyment and engagement with the content, highlighting the nuanced under-

standing and application of rhythm in enhancing multimedia experiences.
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Chapter 5

MUSIC FROM ARBITRARY VIDEOS

5.1 Motivation

Building on the foundation laid in previous chapters for video-to-music generation, which

primarily focused on capturing the audio-visual correspondence between specific video rep-

resentations and the symbolic representation of music, we recognize a notable limitation: the

input video types are confined to particular visual scenarios, thus hindering generalization

to arbitrary video inputs such as cat videos or image slideshows. Addressing this limitation,

in this chapter, I discuss an approach that expands visual-driven music generation to ac-

commodate any type of video content. This objective presents a formidable challenge, as it

necessitates moving beyond the intrinsic physical correspondence, such as instrumental play

or human motion rhythm.

Indeed, videos can be effectively paired with music that complements and enriches the

visual content, even in the absence of direct physical correspondence. Achieving semantic

mapping between such diverse video content and music requires extensive paired data. How-

ever, the symbolic representation of music, a cornerstone in prior successful methodologies, is

not readily applicable in this broader context, further complications of the task of generating

high-quality music audio.

In this chapter, we introduce a novel strategy to learn general audio-visual correspon-

dence directly from paired video frames and music waveform data. Our approach endeavors

to bridge the gap between coarser video representations and the detailed audio domain by

identifying a mutually aligned low-resolution representation space. This methodology facil-

itates adaptation to a broad spectrum of video inputs and also harnesses the vast reservoir

of parallel music and video data available online for scaling purposes.
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The work is titled V2Meow and represents a novel music audio waveform generator

that is conditioned on a wide array of video inputs. Inspired by the breakthroughs of Musi-

cLM [Re77], V2Meow adopts a multi-stage autoregressive language modeling framework.

Accepting video frames as input, V2Meow allows for style modulation via textual prompts,

integrating video and text into a cohesive input stream processed by a Transformer equipped

with feature-specific adaptors. Through the explicit modeling of domain-specific audio-visual

correspondences, V2Meow allows for zero-shot transfer capabilities as shown in evaluations

of the model for AIST++ dance videos [Re78].

Through both quantitative and qualitative analyses of music-video correspondence, com-

plemented by an ablation study, we elucidate the key factors that influence the quality of

generated content. Our findings, supported by numerical data and human-centric studies,

confirm that V2Meow achieves a closer alignment with human music preferences compared

to MIDI-based benchmarks. Furthermore, incorporating video input significantly enhances

V2Meow ’s ability to learn visually relevant features, surpassing the outcomes of text-only

inputs. An overview of V2Meow’s architecture and capabilities is provided in Figure 5.1,

showcasing its potential to revolutionize the field of visual-driven music generation.

5.2 Methods

Audio Representations. For the generation of audio waveforms, we adopt a methodology

inspired by AudioLM [Re79], leveraging semantic and acoustic tokens derived from two

distinct pre-trained self-supervised models. The semantic tokens are sourced from a pre-

trained w2v-BERT model [Re80], a self-supervised architecture that utilizes masked language

modeling (MLM) with contrastive loss. This model adeptly captures a wide array of audio

characteristics, from local elements like melody to broader aspects such as harmony and

rhythm, by analyzing both short-term and long-term structural dependencies within the

audio.

To extract semantic tokens, we initially procure embeddings from an intermediate layer

of the w2v-BERT model [Re80]. Subsequently, we employ the k-means clustering algo-
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Figure 5.1: V2Meow Overview: (left) Feature extraction pipeline for video, audio, and text

representations. (right) Overview of multi-stage video to music modeling.

rithm, with a predetermined number of clusters Ks on these embeddings. The indices of

the centroids obtained through this process serve as our semantic tokens, yielding a series of

semantic tokens {St : t = 1, ..., Ts} for each audio waveform, where Ts represents the total

count of tokens. Although the relatively coarse resolution of these semantic tokens facilitates

the modeling of long-term dependencies—thereby enhancing the coherence of generated con-

tent over extended periods—the direct reconstruction of audio from solely these tokens often

results in suboptimal quality.

To surmount this limitation and achieve high-quality music audio generation, we fur-

ther incorporate acoustic tokens extracted from the pre-trained SoundStream model [Re8].

SoundStream, functioning as a universal neural audio codec, efficiently compresses and sub-

sequently reconstructs arbitrary audio at low bit rates without compromising quality. The

model employs a convolutional encoder to embed the input waveform, which is then dis-

cretized through residual vector quantization (RVQ), allowing each quantizer (with a vocab-
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ulary size of Ka) to learn the quantization of the embedding concurrently during the training

phase.

Given the pivotal role of coarser levels in ensuring high-fidelity audio reconstruction—as

evidenced by the findings in AudioLM—we initially establish a mapping from the semantic

tokens of music to coarser acoustic tokens. This strategy is followed by a subsequent phase

where we refine the mapping process, transitioning from coarse acoustic tokens to their

more detailed counterparts. This two-tiered approach enables the precise modeling of audio

nuances, ensuring the generation of music audio that not only exhibits high quality but also

maintains semantic integrity with the input video content.

Visual Representations. Given a video comprised of T frames, denoted as vt ∈ RH×W×3 :

t = 1, ..., T , our goal is to distill relevant visual features using existing pre-trained visual

models. The quest for the most informative visual representation for music generation leads

us to explore a variety of models, spanning pure visual, multimodal, and quantized domains,

given the ambiguity surrounding which type of visual representation could most effectively

inform the music generation process. Specifically, we investigated the following categories of

visual features:

Pure visual representations. Acknowledging the commonality between visual changes in a

video and musical rhythm, we employ the Inflated 3D (I3D) model [Re81], renowned for its

ability to capture optical flow—a critical component for motion analysis. For our purposes,

the visual flow embeddings are represented as {ft ∈ RDf : t = 1, ..., T}, extracted from an

I3D model pre-trained on Kinetics [Re81], where Df indicates the dimensionality of the I3D

features.

Multimodal embeddings. We also consider the use of CLIP, a text-image joint embedding

model, anticipating its broad applicability and robustness in capturing video semantics.

The CLIP embeddings are denoted as {ct ∈ RDc : t = 1, ..., T}, with Dc indicating the

dimensionality of the CLIP embedding.

Visual tokens. In alignment with the discrete token-based representations employed for

semantic and acoustic aspects of music, we investigate the application of analogous dis-
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crete tokens for visual inputs. Utilizing the ViT-VQGAN [Re82] model—a leading self-

supervised Vision Transformer (ViT) that performs image quantization—each video frame

vt ∈ RH×W×3 is encoded into a matrix of discretized latent codes sized H/Dq × W/Dq,

where Dq represents the dimension of non-overlapping image patches corresponding to a

single token. Consequently, a video consisting of T frames is articulated as a set of tokens

{Qt ∈ ZH/Dq×W/Dq : t = 1, ..., T}.

Control Signal Representations. Recognizing that musical preferences for a video can

vary significantly among individuals, we’ve designed our system to accommodate optional

user inputs in the form of music-related text descriptions alongside visual inputs. This

feature empowers users to influence the overarching theme or mood of the generated music.

However, sourcing music-video-text triplet data from natural settings poses a substantial

challenge. To address this, we turn to the MuLan model, a music-text joint embedding

model trained on paired music and text data through contrastive loss, enabling us to bridge

the gap between music and textual descriptions effectively.

For each video within our training dataset, V2Meow systematically extracts MuLan

embeddings [Re83] from all audio segments mj ∈ RDm : j = 1, ..., J}, where each segment

spans ten seconds, and J represents the total count of such segments within a video. The

dimensionality of the MuLan audio embedding is set at Dm = 128. To simplify and con-

solidate these embeddings, we compute their average to represent each video at a singular,

unified level. During the inference phase, should a music-related text description be pro-

vided, we obtain a corresponding MuLan embedding to serve as a conditioning factor for our

V2Meow model. This approach not only enriches the model’s capacity to generate music

that aligns with the user’s preferences but also showcases the flexibility and adaptability

of V2Meow in producing music that complements the video content, guided by high-level

descriptive inputs. Through leveraging the power of music-text joint embeddings, we ensure

a more personalized and nuanced music generation process, catering to the diverse tastes

and expectations of users.

Model Pipeline. Sequence-to-sequence modeling tasks in our context unfold across three
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pivotal stages, each contributing uniquely to the process of generating music that authenti-

cally reflects the accompanying video content.

Stage 1. Visual Features to Music Semantic Tokens. At this foundational stage, V2Meow

embarks on learning the intricate mapping from visual inputs to music semantic tokens.

Employing an encoder-decoder Transformer architecture [Re19], the encoder processes visual

features, while the decoder, operating autoregressively, predicts the music semantic tokens.

This stage is crucial for establishing a bridge between the visual and audio modalities, facil-

itating the semantic transition from visual to audio information. Although it doesn’t yield

high-quality, fine-grained audio, this phase is instrumental in aligning the two modalities,

laying the groundwork for semantic understanding.

Stage 2. Music Semantic Tokens to Coarse Acoustic Tokens. The objective here is to refine

music semantic tokens into acoustic tokens suitable for high-quality synthesis. Adapting

the AudioLM framework, we bifurcate this stage into coarse and fine acoustic modeling

processes. Two distinct training strategies are explored: i) Following AudioLM, a decoder-

only Transformer is trained to transition music semantic tokens to coarse acoustic tokens,

leveraging vast quantities of music data for robust pre-training without necessitating visual

inputs. ii) We also investigate the potential benefits of visual conditioning in this stage by

employing an encoder-decoder Transformer model that combines visual features and music

semantic tokens to predict coarse acoustic tokens. While this method theoretically promises

enhanced performance, the limited availability of music-video pairs compared to music-only

data poses challenges to its efficacy.

Stage 3. Coarse to Fine Acoustic Tokens and Audio Decoding. Having established coarse

acoustic tokens, we proceed to refine these tokens from the first Nc levels of SoundStream’s

Residual Vector Quantization (RVQ) to the subsequent Nf levels, facilitating a transition

from coarse to fine acoustic detail. Ultimately, these comprehensive levels of tokens are

processed through the SoundStream Decoder to reconstruct the audio waveform.

Adding Control. To embed a control signal within V2Meow during training, we introduce the

MuLan audio embedding as an ancillary input to the Transformer encoder alongside visual
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features right from the first stage, ensuring both inputs share a uniform feature dimension-

ality. During inference, we pivot to incorporating the MuLan text embedding with visual

features to guide the generation of semantic tokens, offering a nuanced layer of control over

the resulting music based on user-provided textual descriptions. This structured approach

not only enriches the model’s ability to generate music that resonates with the visual content

but also empowers users to steer the music generation process according to their preferences,

enhancing the overall creativity and flexibility of V2Meow.

5.3 Experiments

Training Datasets. Following [Re84], we filtered a publicly available video dataset [Re85]

to 110k videos with the label Music Videos and referred to it as MV100K. The training and

validation datasets were split into an 80:20 ratio. We trained the Stage 1 model and Stage 2

model on 5k hours of music videos. A version of the Stage 2 model is trained on audio-only

data for the ablation study. For computing semantic and acoustic audio tokens, we adopt

the SoundStream tokenizer and w2v-BERT tokenizer, both of which are pre-trained on 46k

hours of music-only audio data sampled at a 16kHz sampling rate.

Evaluation Datasets. We evaluate our methods on three different datasets. For the

task of video conditional music generation, we use the test partition of the MV100K. We

select 13 genres of music videos to comprise a genre-balanced subset with a total number

of 4076 videos. For the task of video and text conditional music generation, we use the

latest MusicCaps dataset [Re77], which is a subset of AudioSet [Re86]. The MusicCaps

has about 5.5k human annotated text captions, music, and video pairs. With the text

caption, we can verify whether the generated music could be controllable and whether its

performance is comparable with text-to-music generation models like MUBERT [Re87] and

Riffusion [Re88]. For both tasks, we generate ten-second audio for each video clip. For the

dance-to-music generation task, we evaluate temporal alignment on 20 dance videos in the

test split of AIST++ [Re78]. The evaluation is in zero-shot fashion without any fine-tuning

on the AIST++ train split, and only video frames are used for modeling while no motion
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data is involved. The reported metrics represent averages over 20 10-second audio segments

and 86 2-second audio segments, with 5 inference examples per segment.

Evaluation Metrics. To objectively assess the fidelity, semantic relevance, and rhythmic

alignment of the generated music samples, we adopt a suite of quantitative metrics, drawing

inspiration from the approaches used in MusicLM [Re77] and [Re89, Re90]. The objective

metrics include 1) Fréchet Audio Distance (FAD): We measure audio quality using FAD,

utilizing two publicly available audio embedding models: TRILL1 [Re91] (trained on speech

data) and VGGish2 [Re92] (trained on a public audio event dataset). These models al-

low us to evaluate distinct aspects of audio fidelity. 2) KL Divergence (KLD) and MuLan

Cycle Consistency (MCC): To assess the semantic relevance of the generated music to the

reference audio or text, we employ KLD [Re93, Re94] and MCC [Re77]. The LEAF classi-

fier [Re95], applied to multi-label classification on AudioSet, enables us to compare predicted

class probabilities between the original and generated audio, assessing conceptual similarity.

For video-to-music tasks, MCC calculates the average cosine similarity between the MuLan

audio embeddings of generated and reference audio. In video-and-text-to-music tasks, we use

MuLan text embeddings as the reference to evaluate adherence to the text description. 3)

Rhythmic Alignment: To quantify rhythmic alignment, we use Beats Coverage Scores (BCS)

and Beats Hit Scores (BHS) [Re89, Re90], which measure the alignment of synthesized music

with ground-truth music in terms of rhythm. Adjusted BCS and BHS metrics from [Re96]

are employed, along with an additional F1 score calculation for a comprehensive evaluation.

Acknowledging the subjective nature of video and music matching, we conducted a hu-

man study to evaluate visual relevance and music preferences. We selected 89 video examples

from the MV100K test set and 76 from the MusicCaps test set, surveying approximately 200

participants. Each participant reviewed a pair of videos—identical in visual content but

differing in background music—with each video pair evaluated by three individuals, total-

ing 3500 ratings. 1) Visual Relevance: Participants compared music generated by baseline

1tfhub.dev/google/nonsemantic-speech-benchmark/trill/3

2tfhub.dev/google/vggish/1
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models (CMT, Riffusion, or MUBERT) against five V2Meow variants, answering: ”Which

music do you think goes best with the video?” The focus was solely on the music-video

match, disregarding sound quality. 2) Music Preference: This aspect of the study aimed to

discern whether the generated music aligns with human perceptual preferences, asking raters

to select their preferred piece of music while ignoring the video content. Here, sound quality

was again not a consideration, focusing instead on personal music preferences.

Through this combination of objective metrics and human-centered evaluations, we aim

to provide a holistic assessment of our model’s ability to generate music that not only ex-

hibits high fidelity and semantic relevance but also resonates with human preferences and

appropriately complements video content.

Video Conditional Music Generation Results. Quantitative evaluation results, de-

tailed in Table 5.1, provide insightful observations about the performance of our model

across the MV100K dataset when conditioned on various visual embeddings. Notably, the

Clip embedding achieves the highest MuLan Cycle Consistency (MCC) score, suggesting its

effectiveness in capturing the semantic alignment between video and music. Conversely, the

I3D flow embedding excels in Fréchet Audio Distance (FAD) metrics, indicating its prowess

in reflecting the audio quality aspects of the video-music relationship.

This disparity in performance highlights the nuanced roles different visual features play

in navigating the video-music aligned subspace. Remarkably, a combined approach utilizing

both Clip and I3D Flow embeddings not only secures the top MCC score among all models

but also shows a notable improvement in FAD VGGish metrics, outshining models relying

on either visual input exclusively. Although VIT-VQGAN tokens alone do not lead in in-

dividual metrics, their integration with I3D Flow embedding enhances overall performance,

underscoring the value of multi-modal inputs in capturing a broader spectrum of video-music

correlations.

Video and Text Conditional Music Generation Results. In the evaluation using the

MusicCaps dataset, our approach—significantly bolstered by incorporating video frames as

an additional control—showcases a remarkable improvement in visual relevance by 20-30%
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Semantic / Semantic + Acoustic Modeling

Method Visual Text FAD TRILL ↓ FAD VGG ↓ KL Div. ↓ MCC ↑

Eval Dataset : MV100K

CMT ✓ ✗ N/A N/A N/A N/A

Random Shuffle ✗ ✗ - - 0.67 0.268

V2Meow-CLIP ✓ ✗ 0.236/0.158 6.094/2.779 0.63/0.54 0.312/0.372

V2Meow-I3D ✓ ✗ 0.236/0.151 6.278/2.328 0.77/0.65 0.279/0.296

V2Meow-VIT ✓ ✗ 0.240/0.174 6.097/1.988 0.73/0.62 0.276/0.294

V2Meow-VIT+I3D ✓ ✗ 0.236/0.178 5.801/1.945 0.68/0.57 0.298/0.327

V2Meow-CLIP+I3D ✓ ✗ 0.235/0.165 6.126/2.003 0.64/0.49 0.343/0.419

Eval Dataset : MusicCaps

CMT ✓ ✗ N/A N/A N/A N/A

Riffusion ✗ ✓ 0.760 13.4 1.19 0.34

MUBERT ✗ ✓ 0.450 9.6 1.58 0.32

V2Meow-CLIP ✓ ✓ 0.379/0.328 5.198/4.628 1.31/1.19 0.364/0.377

V2Meow-I3D ✓ ✓ 0.389/0.331 5.190/4.623 1.26/1.22 0.377/0.371

V2Meow-VIT ✓ ✓ 0.377/0.366 4.970/5.039 1.34/1.23 0.380/0.392

V2Meow-VIT+I3D ✓ ✓ 0.381/0.359 5.094/4.819 1.34/1.21 0.379/0.389

V2Meow-CLIP+I3D ✓ ✓ 0.391/0.349 5.385/4.948 1.27/1.19 0.369/0.394

Table 5.1: Quantitative evaluations on MV100K and MusicCaps for different models. For

FAD and KL Divergence, lower is better. For MCC, higher is better. Bold font indicates

the best value. The five V2Meow variants are named based on the video features used as

input. Semantic Modeling indicates video conditioning is used only for semantic modeling,

while Semantic + Acoustic Modeling indicates video conditioning is used for both semantic

and acoustic modeling.

over Riffusion and MUBERT, which rely solely on textual input for conditioning. Notably,

our method also secures lower Fréchet Audio Distance (FAD) scores and higher MuLan Cy-
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Model (Length) Beat Coverage Beat Hit F1

GT 100 100 100

V2Meow CLIP+I3D (10s) 100.0 (0.00) 84.4 (25.1) 91.5

V2Meow CLIP+I3D (6s) 99.3 (8.64) 84.7 (25.7) 91.4

V2Meow CLIP+I3D (2s) 90.0 (30.0) 84.8 (32.1) 87.3

CDCD Step-Intra (6s) 87.9 83.2 85.5

D2M-GAN (2s) 88.2 84.7 86.4

CMT (2s) 85.5 83.5 84.5

Table 5.2: Zero-shot evaluation results on AIST++. For CMT and V2Meow, only video

frames are used as input, while CDCD Step-Intra and D2M-GAN require additional motion

annotation as inputs. For each video input, we randomly generate 10 music samples and

report the average score and standard deviation.

cle Consistency (MCC) scores. In this context, the MCC score represents the congruence

between the generated music audio and the accompanying text, underscoring the effective-

ness of video frames in enhancing audio quality and textual fidelity. This achievement is

particularly impressive given the challenge of working with a comparatively modest dataset

of 5,000 hours of music videos.

The strategic combination of Clip and I3D Flow embeddings emerges as a standout, yield-

ing the highest scores in KL Divergence (KLD) and MCC, indicating superior performance in

audio quality and text alignment. Meanwhile, the integration of VIT-VQGAN tokens with

I3D Flow embeddings is distinguished by its exceptional contribution to visual relevance.

Across diverse configurations, V2Meow consistently surpasses baselines across key metrics,

including audio quality and adherence to text.

Dance to Music Generation Results. In the specialized domain of dance-to-music gen-

eration, we extend our comparative analysis to include V2Meow and baseline models such as
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D2M-GAN [Re89], CDCD Step-Intra [Re90], and CMT [Re40], utilizing the AIST++ test

split [Re78]. This comparison is particularly designed to scrutinize V2Meow’s proficiency

in interpreting complex dance movements. Remarkably, zero-shot evaluations conducted on

dance videos from the AIST++ test split indicate that V2Meow achieves performances on

par with those of dedicated dance-to-music generation models, as evidenced by metrics like

beat coverage and beat hit. This assessment is notably executed in a zero-shot manner,

eschewing any fine-tuning on the AIST++ training split and relying solely on video frames

for modeling, without recourse to human-annotated motion data.

These findings underscore the versatility and robustness of our proposed framework,

demonstrating its capability to accurately navigate videos characterized by significant rhythm

variations and intricate dance movements, even at a sampling rate as low as 1fps. It’s crucial

to highlight that while D2M-GAN and CDCD Step-Intra benefit from fine-tuning on the

AIST++ training split—requiring a higher sampling rate and the incorporation of additional

motion annotations—our model, alongside CMT, operates exclusively on video frame input.

This comparison not only showcases V2Meow’s advanced understanding of dance dynam-

ics but also emphasizes its efficiency and effectiveness in generating music that aligns with the

visual rhythm of dance, all without the need for extensive data preprocessing or specialized

training. Through this approach, V2Meow demonstrates a significant advancement in the

field of audio-visual synthesis, offering a streamlined and accessible solution for generating

music that complements and enhances the visual experience of dance.

Subjective Evaluation Results. In our evaluation, we focused on two listening tasks

across genre-balanced subsets extracted from the MV100K and MusicCaps datasets, aiming

to provide a comprehensive numerical assessment. The findings, as detailed in Table 5.3

(left column), reveal a definitive preference for the music clips produced by our proposed

models over those generated by the MIDI-based video-to-music generation baseline, CMT.

This preference is attributed to our models’ ability to generate music that more accurately

matches the visual content, a clear testament to their effectiveness in capturing the nuanced

interplay between audio and visual elements.
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Eval Dataset MV100K MusicCaps

Model\Metrics Visual Relevance Music Quality Visual Relevance Music Quality

CMT [Re40] 20.6% 30.0% 19.7% 20.7%

Riffusion [Re88] N/A N/A 38.6% 41.2%

MUBERT [Re87] N/A N/A 43.3% 49.3%

V2Meow-CLIP 78.2% 67.6% 63.6% 58.5%

V2Meow-I3D 74.3% 65.8% 68.8% 68.0%

V2Meow-VIT 81.4% 71.5% 66.9% 60.3%

V2Meow-VIT+I3D 83.8% 76.8% 71.8% 67.1%

V2Meow-CLIP+I3D 79.2% 68.2% 67.4% 65.8%

Table 5.3: Human perceptual evaluation on visual relevance and music quality metrics.

Moreover, in terms of music preference, our approaches stand out for their capacity to

produce music characterized by finer details and more complex patterns. This contrasts

with the MIDI baseline’s tendency to generate music with simpler patterns, highlighting

the advanced capabilities of our models in delivering a richer musical experience. The re-

sults presented in the right column of Table 5.3 further reinforce our models’ superiority.

Compared to text-to-music generation models like MUBERT and Riffusion, our generated

music demonstrates a closer alignment with the video content. This enhanced alignment is

attributable to the additional video conditioning employed in our models, underscoring the

importance of integrating video inputs for achieving more contextually relevant and engaging

music generation.
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Chapter 6

SELF-SUPERVISED LEARNING TO SEPARATE HUMAN
BODY MOVEMENTS

6.1 Motivation

Human body movements hold a profound connection with audio, as gestures and motions

often coincide with various sounds and rhythms. From the graceful sway of a conductor’s ba-

ton to the energetic tapping of a drummer’s foot, these movements serve as visual cues that

mirror the auditory experience. In dancing, the synchronization of movement with music

creates a harmonious blend of sight and sound, where each step and gesture contributes to

rhythmic expressions. Moreover, in everyday interactions, actions such as clapping, snapping

fingers, or even footsteps generate distinct audio signals that accompany and enhance our

visual perception. This intricate relationship between human movement and audio under-

scores the interconnections of sensory experiences and provides fertile ground for exploring

innovative approaches to audio-visual understanding and generation.

Hence, the main aim of this chapter is to describe an approach that I have developed

for unsupervised skeleton-based action recognition. Robust action recognition, particularly

in the context of human actions, stands as a crucial capability for advancing audio-visual

learning in various applications of computer vision and artificial intelligence. While existing

methods have demonstrated ability in identifying basic actions within videos, they typically

rely on extensive supervision with large datasets containing annotated action labels. Gath-

ering and annotating such datasets poses significant challenges, especially for recognizing

diverse types of actions across various applications. Moreover, annotation itself presents

difficulties, as it often relies on subjective interpretation by annotators to assign meaningful

labels to given sequences. Thus, our study delves into exploring unsupervised methods for
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action recognition, aiming to overcome the limitations associated with data annotation and

supervision.

For human action recognition, the time series of body joints (skeleton) tracked over

time have proven to be effective descriptors of actions. In this study, we specifically focus

on 3D skeleton time sequences and propose an unsupervised system called PREDICT &

CLUSTER (P&C). This system operates by training an encoder-decoder network to simul-

taneously predict and cluster skeleton sequences, thereby learning an effective hidden feature

representation of actions. By replacing the traditional classification supervised task with a

non-classification unsupervised task, our approach aims to predict or regenerate the given

sequence, guiding the hidden states to capture key action features. In the encoder-decoder

architecture, the prediction task involves the encoder processing the action sequence, while

the decoder continues or generates the sequence. Both the encoder and decoder are recurrent

neural networks (RNNs) with hidden variables for each time sample. The final hidden state

of the encoder represents the action feature, with the decoder training strategy significantly

influencing its effectiveness. Two main decoder training strategies are proposed. The first

strategy is a conditional strategy, where the output of the previous time-step of the decoder

is used as the input for the current time-step. With such a strategy, the output of the decoder

is expected to be continuous. In contrast, the unconditional strategy assigns a zero input

to each time step of the decoder. Previous research suggested that unconditional training

of the decoder leads to better prediction performance by effectively weakening the decoder,

thereby forcing the encoder to learn a more informative representation.

In our system, we extend upon such strategies to bolster the encoder representation,

thereby improving the clustering and organization of actions in the feature space. We intro-

duce two novel decoder training strategies, Fixed Weights, and Fixed States, aimed at further

penalizing the decoder. By implementing these strategies, we compel the encoder to refine

its feature representation of the processed sequences. Essentially, both strategies render the

decoder as a ‘weak decoder’, meaning it is not effectively optimized but instead serves to

propagate gradients to the encoder for further optimization of its final state. Through the
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Figure 6.1: PREDICT & CLUSTER system summary. A: System overview. B: Encoder-

Decoder architecture.(© 2024 IEEE)

combination of these strategies, we observe that the network can acquire a robust represen-

tation, leading to significantly enhanced performance compared to unsupervised approaches

trained without them. To validate the effectiveness and generality of our methodology,

we conduct t evaluations on three extensive skeleton-based and RGB+D action recognition

datasets. Our results demonstrate that our P&C unsupervised system achieves high accuracy

performance, surpassing previous methods in action recognition tasks.

6.2 Methods

Utilizing body-keypoints sequences captured during diverse movements as inputs, I introduce

a self-supervised framework designed to correlate these sequences with corresponding actions

without relying on any predefined labels. Our system is built upon an encoder-decoder

recurrent neural network architecture, wherein the encoder learns to extract a discriminative

feature representation within its hidden states by engaging in a prediction task. Through this

self-supervised training paradigm, we demonstrate that both the decoder and the encoder

autonomously organize their hidden states into a feature space. This feature space exhibits

a clustering effect, wherein similar movements are grouped together within the same cluster

while distinct movements are separated into distant clusters. An overview of the Predict
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& Cluster system is depicted in Fig 6.1.

A pivotal aspect we leverage in our system is the recent discovery that feeding input

sequences through recurrent neural networks (RNNs) results in the self-organization of these

sequences into clusters within the network’s hidden states. These clusters effectively rep-

resent features in an embedding of the hidden states, offering a promising avenue for un-

supervised multi-dimensional sequence clustering, such as body keypoints sequences [KS8].

This self-organization phenomenon is inherent to all RNN architectures, extending even to

random RNNs initialized with random weights and held fixed, i.e., no training is conducted.

When sequences of body keypoints corresponding to different actions are fed into random

RNNs, the features within the hidden state space act as effective filters. While this approach

holds promise, the achieved recognition accuracy may not be optimal. To address this, we

implement an encoder-decoder system, named Predict & Cluster (P&C), wherein the

encoder processes input sequences and transmits the last hidden state to the decoder. The

decoder then reconstructs the input sequences. Additionally, we exploit the random network

configuration (which requires no training) to determine the optimal hyper-parameters for

the network to undergo training. The components of P&C are outlined in detail below.

Motion prediction. Central to our unsupervised methodology is an encoder-decoder RNN,

often referred to as Seq2Seq. These network models have demonstrated effectiveness in

predicting the future evolution of multi-dimensional time-series features, including temporal

skeleton data of diverse actions. In typical applications, the network flow is unidirectional:

The encoder handles an initial sequence of activity and conveys the last state to the decoder,

which then generates the subsequent evolution based on this state. We extend this network

structure for our approach, as depicted in the system overview in Fig. 6.1.

We introduce a bi-directional flow to enhance the network’s ability to capture long-term

dependencies in action sequences. In this configuration, the encoder comprises a multi-

layered bi-directional Gated Recurrent Unit (GRU), with its input being the entire sequence

of body keypoints associated with an action. We denote the hidden states of the last layer

of the encoder in forward and backward directions at time t as
−→
Et and

←−
Et respectively and
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represent the final state of the encoder as their concatenation ET = {
−→
ET ,
←−
ET}. The decoder

is a uni-directional GRU with hidden states at time t denoted as Dt. The final state of

the encoder is fed into the decoder as its initial state, i.e., D0 = ET . In such a setup, the

decoder generates a sequence based on ET initialization. In a typical prediction task, the

generated sequence will be compared with forward evolution of the same sequence (prediction

loss). In our system, since our goal is to perform action recognition, the decoder is required

to re-generate the whole input sequence (re-generation loss). Specifically, for the decoder

outputs X̂ = {x̂1, x̂2, . . . , x̂T} the re-generation loss function is the error between X and X̂.

In particular, we use mean square error (MSE) L = 1
T

∑T
t=1(xt− x̂t)

2 or mean absolute error

(MAE) L = 1
T

∑T
t=1 |xt − x̂t| as plausible losses.

Hyper-parameter search. In any deep learning system, hyper-parameters play a crucial

role in determining network performance and often require tuning to achieve an optimal

configuration. Leveraging the self-organization capability of randomly initialized RNNs, we

utilize the network’s ability to process sequences and assess its performance before training

begins. Specifically, we measure the encoder’s capacity by passing the skeleton sequence

through it and evaluating recognition performance based on the final encoder state. This ef-

ficient hyperparameter search approach drastically reduces total training time by identifying

an optimal network configuration conducive to training.

Training. After setting the optimal hyperparameters for the encoder, training is conducted

on the decoder’s outputs to predict or regenerate the action sequences fed into the encoder.

Training for prediction typically follows one of two approaches: (i) unconditional training,

where zeros are fed into the decoder at each time step or (ii) conditional training, where an

initial input is provided at the first time step, and subsequent steps use the predicted output

of the preceding step as their input. Based on these training strategies, we propose two

decoder configurations (i) Fixed Weights decoder (FW) and (ii) Fixed States decoder (FS).

These configurations serve to weaken the decoder, compelling it to regenerate sequences

based on information from the encoder’s hidden representation, thus enhancing the encoder’s

clustering performance.
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1.Fixed Weights decoder (FW): In this configuration, the input to the decoder is uncondi-

tional. The decoder is not tasked with learning useful information for prediction; instead, it

relies solely on the state provided by the encoder. Consequently, the weights of the decoder

can be set as random, and its role becomes that of a recurrent propagator of the sequences.

In training for the re-generation loss, this setup is expected to compel the encoder to learn

latent features and represent them through the final state passed to the decoder. This

straightforward approach proves to be computationally efficient since only the encoder is

trained, and our results demonstrate promising performance, particularly when combined

with KNN action classification.

2.Fixed States decoder (FS): In this configuration, the external input into the decoder is

conditional, with each time-step’s external input being the output of the previous time-step.

However, the internal input, typically the hidden state from the previous step, is replaced

by the final state of the encoder ET . Specifically, within the RNN cell

ht = σ(Wxxt + Whgt + bh), gt = ht−1 → ET ,

yt = σ(Wyht + by),

xt+1 = yt,

with xt the external input, yt the output and ht the hidden state at time-step t, ht−1 terms

are substituted with ET . Additionally, a residual connection between the external input and

output is introduced, a technique previously found beneficial in human motion prediction.

The final output and next input will be ŷt = yt + xt and x̂t+1 = ŷt, respectively. This

configuration compels the network to rely on ET instead of the hidden state from the previous

time step, mitigating the issue of gradient vanishing. Consequently, during back-propagation

at each time-step, there exists a defined gradient back to the final encoder state.

Feature level auto-encoder. Once the prediction network is trained, we extract the final

encoder state ET as the feature vector corresponding to each action sequence. Given that

the feature vector is high-dimensional, we employ a feature-level auto-encoder to capture the

essential low-dimensional components of this high-dimensional feature, enabling its use in
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classification tasks. This auto-encoder, denoted as f follows an encoder-decoder architecture

with parameters θ such that

ÊT = fθ(ET ) ≈ ET .

The encoder and the decoder are multi-layer FC networks with non-linear tanh activation

and we implement the following loss laec =
∣∣∣ET − ÊT

∣∣∣.
K-nearest neighbors classifier. To evaluate our method’s performance on the action

recognition task, we employ the K-nearest neighbors (KNN) classifier on the middle layer

of the auto-encoder feature vector. Here, we apply the KNN classifier (with k = 1) to

the features extracted from the trained network across all sequences in the training set to

assign classes. Subsequently, we utilize cosine similarity as the distance metric to carry out

recognition, effectively assigning each tested sequence to a class. Importantly, the KNN

classifier operates without the need for learning additional weights for action classification.

6.3 Experiments

Datasets. We utilize three distinct datasets to train, evaluate, and compare our P&C sys-

tem with existing approaches. These datasets encompass varying numbers of classes, types

of actions, and body keypoints captured from diverse viewpoints and subjects. Body key-

points in these datasets are captured via depth cameras and may include additional data

such as RGB videos and depth information. Various types of action recognition methods

have been applied to these datasets, including supervised skeleton approaches and unsu-

pervised RGB+D methods. We provide a detailed summary of these approaches and their

performance on the datasets in Table 6.1. Importantly, to the best of our knowledge, our

work is the first fully unsupervised skeleton-based approach applied to these extensive action

recognition tests. The datasets that we have applied our P&C system to are (i) NW-UCLA,

(ii) UWA3D, and (iii) NTU RGB+D. The datasets include 3D body key points of 10, 30,

and 60 action classes, respectively. We briefly describe them below.

North-Western UCLA (NW-UCLA) dataset [Re97] is captured by Kinect v1 and con-

tains 1494 videos of 10 actions. These actions are performed by 10 subjects repeated 1 to
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6 times. There are three views of each action, and for each subject, 20 joints are being

recorded. We follow [Re98] and [Re97] to use the first two views (V1, V2) for training and

the last views (V3) to test cross-view action recognition.

UWA3D Multiview Activity II (UWA3D) dataset [Re99] contains 30 human actions

performed 4 times by 10 subjects. 15 joints are being recorded, and each action is observed

from four views: frontal, left and right sides, and top. The dataset is challenging due to many

views and the resulting self-occlusions from considering only parts of them. In addition, there

is a high similarity among actions, e.g., the two actions ”drinking” and “phone answering”

have many keypoints being near identical & idle and in the dynamic keypoints there are

subtle differences.

NTU RGB+D dataset [Re100] is a large scale dataset for 3D human activity analysis.

This dataset consists of 56880 video samples captured from 40 different human subjects

using Microsoft Kinect v2. NTU RGB+D(60) contains 60 action classes. We use the 3D

skeleton data for our experiments such that each time-sample contains 25 joints. We test

our P&C method on both cross-view and cross-subject protocols.

Evaluation: In all experiments, we use the K-nearest neighbors classifier with k = 1 to

compute the action recognition accuracy and evaluate the performance of our P&C method.

We test different variants of P&C architectures and report a subset of these in the paper:

baseline random initialized encoder with no training (P&C-Rand), full system with FS

decoder and feature-level auto-encoder (P&C-FS-AEC) and full system with FW decoder

and feature-level auto-encoder (P&C-FW-AEC).

Comparison: We compare the performance of our P&C method with prior related su-

pervised and unsupervised methods applied to (left-to-right): NW-UCLA, UWA3D, NTU

RGB+D datasets, see Table 6.1. In particular, we compare action recognition accuracy with

approaches based on supervised skeleton data (blue), unsupervised RGB+D data (purple)

and unsupervised skeleton data (red). For comparison with unsupervised skeleton methods,

we implement and reproduce the LongTerm GAN model (LongT GAN) as introduced in

[Re107] and list its performance.
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Method
NW-UCLA

(%)

Supervised Skeleton

HOPC[Re99] 74.2

Actionlet Ens [Re101] 76.0

HBRNN-L[Re102] 78.5

VA-RNN-Aug[Re103] 90.7

AGC-LSTM[Re104] 93.3

Unsupervised RGB+D

Luo et al.[Re105] 50.7

Li et al.[Re106] 62.5

Unsupervised Skeleton

P&C Rand (Our) 72.0

LongT GAN [Re107] 74.3

P&C FS-AEC (Our) 83.8

P&C FW-AEC (Our) 84.9

Method
UWA3D

V3 (%) V4 (%)

Supervised Skeleton

HOJ3D[Re108] 15.3 28.2

2-layer P-LSTM[Re109] 27.6 24.3

IndRNN (6 layers)[Re109] 30.7 47.2

IndRNN (4 layers)[Re109] 34.3 54.8

ST-GCN[Re109] 36.4 26.2

Actionlet Ens[Re101] 45.0 40.4

LARP[Re110] 49.4 42.8

HOPC[Re99] 52.7 51.8

VA-RNN-Aug[Re103] 70.9 73.2

Unsupervised Skeleton

P&C Rand (Our) 48.5 51.5

LongT GAN [Re107] 53.4 59.9

P&C FS-AEC (Our) 59.5 63.1

P&C FW-AEC (Our) 59.9 63.1

Method
NTU RGB-D 60

C-View C-Subject

(%) (%)

Supervised Skeleton

HOPC[Re99] 52.8 50.1

HBRNN[Re102] 64.0 59.1

2L P-LSTM[Re100] 70.3 62.9

ST-LSTM[Re111] 77.7 69.2

VA-RNN-Aug[Re103] 87.6 79.4

Unsupervised RGB+D

Shuffle & learn[Re112] 40.9 46.2

Luo et al.[Re105] 53.2 61.4

Li et al.[Re106] 63.9 68.1

Unsupervised Skeleton

LongT GAN [Re107] 48.1 39.1

P&C Rand (Our) 56.4 39.6

P&C FS-AEC (Our) 76.3 50.6

P&C FW-AEC (Our) 76.1 50.7

Table 6.1: Comparison of action recognition performance of our P&C system with state-

of-the-art approaches of Supervised Skeleton (blue) and Unsupervised RGB+D (purple);

Unsupervised Skeleton (red) types.(© 2024 IEEE)

For NW-UCLA, P&C outperforms previous unsupervised methods (both RGB+D and

skeleton-based). Our method even outperforms the first three supervised methods listed in

Table 6.1-left. UWA3D is considered a challenging test for many deep learning approaches

since the number of sequences is small, while it includes a large number of classes (30). In-

deed, action recognition performance of many supervised skeleton approaches is low (< 50%).

For such datasets, it appears that the unsupervised approach could be more favorable, i.e.,

even P&C Rand reaches a performance of ≈ 50%. LongT GAN achieves slightly higher per-

formance than P&C Rand, however, not as high as P&C FS/FW-AEC which perform with

≈ 60%. Only a single supervised skeleton method, VA-RNN-Aug, is able to perform better

than our unsupervised approach, see Table 6.1-middle. On the large-scale NTU-RGB+D
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dataset, our method performs extremely well on the cross-view test. It outperforms prior

unsupervised methods (both RGB+D and skeleton-based) and is on-par with ST-LSTM

(second best supervised skeleton method), see Table 6.1-right. On the cross-subject test

we obtain performance that is higher (including P&C Rand) than the prior unsupervised

skeleton approach, however, our accuracy does not outperform unsupervised RGB+D ap-

proaches. We believe that the reason stems from skeleton-based approaches not performing

well in general on cross-subject tests since additional aspects such as subject parameters,

e.g., skeleton geometry and invariant normalization from subject to subject, need to be taken

into account.

In summary, for all three datasets, we used a single architecture, and it was able to

outperform the prior unsupervised skeleton method, LongT-GAN [Re107], most supervised

skeleton methods and unsupervised RGB+D methods on cross-view tests and some super-

vised skeleton and unsupervised RGB+D on large scale cross subject test.
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Chapter 7

INSTRUMENTAL MUSIC FROM MUSICIAN BODY
MOVEMENTS

7.1 Motivation

A multi-instrumentalist is a musician who plays two or more musical instruments and easily

transitions from one instrument to another. For example, the famous multi-instrumentalist,

Prince, played all of the 27 instruments featured in the album ‘For You’. Such talent is

expressed in the ability to disentangle the uniqueness of each instrument along with maneu-

vering the similarities across instruments.

Associations of music with an instrument appear to be tangled, evidenced by perceptual

experiments suggest that non-professionals would not be able to tell which instrument is

playing by just listening to a piece of instrumental music. Such a complexity exists in

a computational setting as well, where disentanglement of music characteristics, including

instrument type, pitch, rhythm, dynamics, and timbre from audio, is not straightforward.

In a situation where the audio signal is ambiguous, the visual information, i.e., video of

the musician playing, greatly simplifies such associations where visual cues along with audio

complete each other.

The approaches in Chapter 3, 4 and 5 leverage various pre-selected intermediate repre-

sentations to serve as a bridge to connect vision and music, introducing multi-stage generative

modeling. In this Chapter, I describe our study of generating instrument music from videos

using a single generative model. Through the training process, I also aim to learn deep learn-

ing features that can interpret the timbre attribute of instruments. Since an large number

of instruments could be available worldwide, I propose to generate multi-instrumental music

from videos without labeling the instruments. To achieve that, I introduce a novel approach
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Figure 7.1: MI Net system overview. VQ-VAE (bottom) is used to reconstruct audio

sequences of various instruments and infers a latent representation of music (latent code).

VQ-VAE is conditioned by a prior network (middle) that encodes body movements w/wo

MIDI content. Further, given an input of Video Frames of the musician playing the instru-

ment, Multi-instrumentalist Net (MI Net) generates the music for that instrument. (Figure

from [KS3])

named ‘Multi-Instrumentalist Net’ (MI Net) that first learns a discrete latent representa-

tion of the music of various instruments and leverages human movement of the instrument

playing as the condition to drive the music generation. The pipeline is a novel adaptation of

a Vector Quantized Variational Autoencoder (VQ-VAE) [Re7] that can encode and generate

log-spectrogram audio representations. We train the pipeline with an autoregressive prior

conditioned on the musician’s body keypoints movements encoded by a recurrent neural net-

work. Joint training of the prior with the body movements encoder disentangles the music

into latent features indicating the musical components and the instrumental features. The

latent space generates distributions disentangled into clusters of distinct instruments from

which new music can be generated. Furthermore, the VQ-VAE architecture supports de-

tailed music generation with additional content conditioning via Midi to generate the exact

content of the music played by each instrument in the video. It thus supports novel mixing

applications on the instrument level.
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7.2 Methods

Encoding of Audio Representations. As discussed in 2.1, we train a neural audio codec

architecture to first encode the magnitude of the log-spectrogram into the latent space and

obtain the audio representations for conditional audio modeling. We introduce a multi-

band residual 1D convolutional Vector Quantized Variational Autoencoder (VQ-VAE with

MBR), as shown in Fig. 7.1. VQ-VAE [Re7] encoder outputs a discrete latent representation,

and the decoder decodes this representation and reconstructs the input. Direct application

of original VQ-VAE to spectrogram is not optimal since the log-spectrogram is of high

dimension due to the high resolution of the frequency bins. Therefore, we introduce novel

components capable of processing spectrograms within VQ-VAE. In particular, we propose

to include a multi-band residual learning method on the audio encoder and the decoder to

capture the spectral features of musical overtones better. Such a block was shown effective

in Midi to music synthesis [Re59]. The multi-band residual (MBR) block splits the input

into a specific number of frequency bands and then feeds each band individually to identical

sub-blocks consisting of the following layers: 1D-convolution, ReLU, and 1D-convolution.

The output of all sub-blocks is then concatenated along the frequency dimension, and a

residual connection sums up the output with the input of the block. In the audio encoder,

we progressively divide the spectrogram into more bands in the earlier layers and into fewer

bands in the latter layers. The decoder then decodes the latent representation from fewer

bands to more bands in a symmetric way. Since both the encoder and the decoder are fully

1D convolutional, the system supports any input length. Our VQ-VAE model incorporates

two additional terms in its objective to align the vector space of the code with the output of

the encoder. (i) The embedding loss is applied to the codebook variable and ek and brings

the selected codebook e closer to the output of the encoder E(S). (ii) The commitment loss

is applied to the encoder weights, which aims to keep the encoder output as close as possible

to the chosen codebook vector to prevent it from fluctuating from one code vector to another.

As proposed in [Re7], we use the exponential moving average updates for the codebook to
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replace the embedding loss. The resulting loss is L = ∥S−D(e)∥22 +β∥E(S)−sg[e]∥22, where

the first term is the reconstruction loss and the second term, β, is a hyper-parameter that

depends on the scale of the reconstruction loss and sg stands for the stop gradient operator

defined as the identity at forward computation time and has zero partial derivatives.

Encoding Visual Representations and Learning a Prior over the Audio Latent

Code. Given a sequence of 2D human pose key-points P = {p1, p2, ..., pT} ∈ RJ×T , where J

is the number of joints and T is the total number of time steps, we first encode the key-points

into a latent representation. If optimal, the latent space should differentiate movements of

playing different instruments and self-organize itself into separate clusters as shown in my

previous unsupervised skeleton-based action recognition approach (Section 6) [KS8, KS6]. To

achieve this, we use a bi-GRU as the body movement encoder Eb. Given the input sequence

P , the last hidden state of the encoder h = Eb(P ) is taken as the global representation of the

musician’s movement. To associate body movements with audio features, we jointly train the

body key points encoder with the prior latent space of the audio features. Superimposed with

the latent audio features, the body movement features differentiate the type of instrument

performance and other characteristics of the performed music. This allows us to use body

movements to generate new music for the corresponding instrument.

The prior distribution over the discrete latent audio features p(Z) is a joint distribution

of categorical variables across time and can be learned autoregressively. When training our

system, the prior is kept constant and uniform. After training, we fit an autoregressive

distribution over Z to generate new samples via ancestral sampling. We use the encoder of

transformer structure [Re113] over the discrete latent space. We concatenate the last hidden

state of the body keypoints encoder h to every time step of the discrete latent representation.

This forces the prior of audio features to align and correlate to body motion features when

autoregressively learning to predict the next latent code. Subsequently, the concatenated

features are passed through multi-head self-attention and feed-forward layers. The outputs

are passed to a softmax layer to predict the probability of the next latent code over the

codebook.



74

Content Conditioning. In addition to the unconditional generation of music, we could

generate the exact music content for each instrument in the video by using the Midi matrix

M ∈ N × T as the content signal. Since instruments considered in our experiments are

monophonic, there is a single note at each time step. We first convert the 2D matrix into

a binary matrix by ignoring the expressive dynamics (i.e., the loudness of music). We

then transform the binary matrix to a 1D sequence containing the activated note’s index

at each time step. We use a transformer-based encoder-decoder architecture to achieve

content conditioning [Re19]. The content encoder is the transformer encoder that inputs

the Midi information. We then concatenate the encoded body movement representation to

the embedded Midi at each time step and pass them to two self-attention and feed-forward

layers. The content encoder output will go through a fully connected layer to become the

conditioned signal C. The transformer decoder includes a cross-attention layer after the

self-attention layer to compute the attention between the conditioned signal and the latent

code representation. Considering the output of the self-attention module A ∈ RTa×C and the

Midi conditional signal M ∈ RTm×C , where C is the feature dimensions, the cross-attention

is defined as: Cross Attention(A,M) = softmax(AMT
√
Dk

)M. Here, the feature dimension of

A and M are designed to be the same. During sampling, we provide both Midi and body

movements of each instrument’s performance to the content and body movement encoder,

respectively. The prior network autoregressively generates discrete latent representations via

ancestral sampling.

7.3 Experiments

Dataset. We evaluate the MI Net on URMP dataset [Re114], a high-quality multi-

instrument video dataset recorded in a studio. It includes 13 instruments and provides the

musical score in Midi format, which we use for evaluation. We further evaluate the MI Net on

Solos dataset [Re115], a recent dataset of YouTube videos of musicians’ recitals. It contains

the same 13 instruments as the URMP dataset. Solos also contain pre-processed skeleton

key points extracted via Openpose; however, it doesn’t include Midi files due to the ‘in the
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wild’ nature of the videos.

Comparison with Other Models. For comparison, we implement two baselines of current

systems: (i) RNN-based Seq2Seq Network: An encoder-decoder recurrent neural network.

The encoder inputs body key points, and the decoder generates the expected spectrogram.

(ii) Graph-Transformer Network: A Graph-Transformer network similar to the architecture

of Foley Music [Re39]. It is based on Spatio-temporal Graph Convolution Network (ST-

GCN) [Re63], which encodes the body key points to pose features, then fed into the Trans-

former decoder where each block contains self-attention, cross-attention, and feed-forward

modules. Instead of predicting the Midi events, we directly generate the log-spectrograms.

Number of Statistically-Different Bins (NDB). We adopt the metric proposed in

[Re75] and used in [Re22, Re39] to measure the diversity of the generated examples. NDB

is reported as the number of cells where the number of training examples is statistically sig-

nificantly different from the number of generated examples by a two-sample Binomial test.

For each model, we generate 1600 samples from the testing set and perform the comparison.

The NDB results are shown in Table 7.1 and indicate how well the model learns from the

training set. The largest non-optimal NDB score is 50. The lower NDB score the better it is.

For the URMP dataset, the MI Net outperforms other methods by a large margin. Both the

RNN-based Seq2Seq and Graph-Transformer do not generate music with sufficient quality

for the unsupervised setup. Thereby, the generated samples of MI Net without conditioning

on content have a distribution closer to the training data, resulting in a lower NDB score

than the reference itself. For the Solos dataset, the NDB result of our method is better

than others, however, not as realistic as for URMP. One of the limitations is that the body

motions of ‘in the wild’ videos have large variations.

Classification with Body Motion. To evaluate whether the encoded pose features are

separated to generate exclusive music for specific instruments, we extract the body move-

ment encoder’s final hidden state and fit the K-Nearest-Neighbors classifier (K = 1) using

the cosine similarity metric. For comparison, we use the encoder final state for RNN-based

Seq2Seq and take the mean of both temporal and joint dimensions of the outputs of ST-
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Figure 7.2: T-SNE plots of the encoded body

movements representation in URMP test set.

the number next to clusters indicates instru-

ments. Dotted circle: Mixing of samples be-

longing to Oboe and Clarinet instruments.

Solid circle: Mixing of samples belonging

to Violin and Viola instruments. (Figure

from [KS3])

Model URMP Solos

RNN-based Seq2Seq 48 44

Graph-Transformer 45 41

MI Net (Our) 33 36

Content Cond. MI Net (Our) 35 -

Testing Set Data 36 31

Table 7.1: NDB results. Lower is better.

(Table from [KS3])

Model URMP Solos

RNN-based Seq2Seq 82.6 37.8

Graph-Transformer 89.2 38.3

MI Net (Our) 98.7 61.5

Table 7.2: KNN Classification Accuracy in %.

(Table from [KS3])

GCN for Graph-Transformer to perform the classification. The results are shown in Table 7.2.

Notably, for the URMP dataset, our method associates the body movements with the in-

struments at a high accuracy, evidenced by the score in Table 7.2 and t-SNE plots of the

latent representations in Fig.7.2. These plots show that the models that we compare against

do not distinguish well the instruments. Furthermore, these models appear to separate the

instruments according to the difference in pose only and thus cannot generate music across

instruments. This is particularly challenging for instruments with similar poses (e.g., Viola

v.s. Violin, Oboe v.s. Clarinet). In comparison, our method obtains a latent space that

self-organizes visual and audio events by instruments.
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Chapter 8

OBJECT IMPACT SOUND FROM VIDEOS

8.1 Motivation

In this chapter, I further describe the generation of impact sounds from videos showcasing

object interactions. This task, akin to synthesizing instrumental sounds, aims to achieve

generation through a single generative model. Visual cues often enable the natural inference

of object materials, prompting us to anticipate specific sound types. As outlined earlier,

traditional film production heavily depends on skilled Foley artists who create a plethora of

sound samples beforehand and manually edit them to align with visual content. While this

method delivers a satisfying auditory experience in cinemas, it is labor-intensive and difficult

to scale for generating sound effects for diverse and complex physical interactions.

Recent advancements in automatic impact sound synthesis have been categorized into

two primary approaches. The first, physics-based modal synthesis [Re32], simulates sounds

resulting from various object interactions. These synthesized sounds can capture the nuances

of different interactions and the objects’ geometric properties. However, these methods ne-

cessitate a complex setup for physics simulation and a time-consuming process to determine

physics parameters for sound synthesis, making them impractical for complex scenes. Con-

versely, the proliferation of impact sound videos has made training deep learning models

for sound synthesis a viable alternative [Re35, Re37]. Despite the promise shown by these

models in audio-visual applications, many rely on end-to-end training of black-box models

without incorporating crucial physics knowledge. Such omission is critical in impact sound

synthesis, where minor changes in impact location can significantly alter the sound produced,

leading to models that often generate averaged or smoothed audio representations filled with

artifacts, resulting in unauthentic sounds.
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The primary challenge for learning-based methods is the subtle correspondence between

the visual and audio domains, as impact sounds are highly sensitive to underlying physics.

Generating high-fidelity impact sounds from videos alone is challenging without incorporat-

ing physics insights. Inspired by physics-based methods that use physics mode parameters

for sound representation and synthesis, I introduce a physics prior encompassing adequate

physics details to guide deep generative models in synthesizing impact sounds from videos.

Given the impracticality of conducting physics simulations on raw video data to obtain pre-

cise parameters, we explored estimating and predicting physics priors from video sounds.

These priors significantly enhance the quality of the synthesized impact sounds. Our system

comprises two stages: the first involves encoding sound physics knowledge through physics

priors, utilizing signal processing for physical parameter estimation and neural networks

for learning residual parameters reflecting the sound environment (shown in Fig. 8.1). The

second stage involves a DDPM model, conditioned on visual inputs and physics priors, to

generate the spectrogram of impact sounds (shown in Fig. 8.2). Since physics priors derived

from audio samples are unavailable during inference, we propose a novel inference pipeline.

This pipeline uses test video features to retrieve a physics latent feature from the training

set, serving as a guide for synthesizing impact sounds on unseen videos, thereby allowing for

the generation of novel impact sounds through the diffusion model, even when reapplying

physics knowledge from the training dataset.

8.2 Methods

Reconstruct Physics Priors From Sound. Our objective is to reconstruct physical prop-

erties from sound. This process is divided into two key modules: 1) First, we have the physics

parameters estimation module, which is responsible for extracting modal parameters from

the audio waveform. This involves identifying the specific characteristics of the sound that

correlate with physical interactions, such as vibrations and collisions. 2) Second, the resid-

ual parameters prediction module focuses on encoding environmental information, including

background noise and reverberation, through the use of neural networks. This module aims
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Figure 8.1: Reconstruction of physics priors by two components: 1) We estimate a set of

physics parameters (frequency, power, and decay rate) via signal processing techniques. 2)

We predict residual parameters representing the environment by a transformer encoder. A

reconstruction loss is applied to optimize all trainable modules.(© 2024 IEEE)

to capture the nuances of the sound’s context, which are not directly related to the physical

properties of the objects involved but significantly affect the overall auditory experience.

These modules work together to provide a comprehensive analysis of sound, bridging the

gap between auditory signals and their physical origins.

Physics Parameters Estimation. Traditional linear modal synthesis is a cornerstone technique

for physics-based sound synthesis [Re33], where the displacement x of a system is derived

from a linear equation described as follows:

Mẍ + Cẋ + Kx = F, (8.1)

where F represents the force, M represents the mass, C represents the damping, and K

represents the stiffness.

This approach allows for the resolution of the generalized eigenvalue problem KU =
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ΛMU , subsequently decomposing it into a more manageable form:

q̈ + (αI + βΛ)q̇ + Λq = UTF (8.2)

where Λ represents the diagonal matrix that contains eigenvalues of the system, U represents

the eigenvectors which can transform x into the bases of decoupled deformation q by matrix

multiplication x = Uq.

Once the system is decoupled, a set of modes is obtained, each of which can be succinctly

described as damped sinusoidal waves. The i-th mode can be expressed by:

qi = pie
−λit sin(2πfit + θi) (8.3)

where fi is the frequency of the mode, λi is the decaying rate, pi is the excited power, and

θi is the initial phase. It is also common to represent qi under the decibel scale and we have

qi = 10(pi−λit)/20 sin(2πfit + θi). (8.4)

The frequency, power, and decay rate can define the physics parameter feature ϕ of mode i:

ϕ = (fi, pi, λi) and we neglect θi since we assume the object is initially at rest and struck at

t = 0 and therefore it is usually treated as zero in the estimation process [Re33].

To analyze a given recorded audio waveform s ∈ RT , we commence by estimating physics

parameters, including a collection of damped sinusoids characterized by constant frequencies,

powers, and decay rates. The process begins with the computation of the log-spectrogram

magnitude S ∈ RD×N of the audio using the short-time Fourier transform (STFT), where

D is the number of frequency bins and N is the number of frames. To ensure we cap-

ture an adequate number of physics parameters, we align the number of modes with the

frequency bins’ count. For each frequency bin, we pinpoint the peak frequency f utilizing

the magnitude result from the fast Fourier transform (FFT) over the entire audio segment.

The magnitude at the spectrogram’s first frame is then designated as the initial power p.

Subsequently, we calculate the decay time λ for each mode based on the temporal bin at

which it descends to silence (−80dB). Upon completing these steps, we ascertain the physics
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parameters {(fi, pi, λi)}Di=1 for D modes, enabling us to re-synthesize the audio waveform

using equation 8.4. This methodological approach not only facilitates a detailed analysis of

the sound’s physical properties but also allows for the precise recreation of audio waveforms

based on the underlying physics parameters, offering a robust tool for sound synthesis and

manipulation.

Residual Parameters Prediction. While the estimated modes proficiently capture the essence

of impact sounds resulting from physical interactions between objects, audio recorded in

natural settings encompasses complex residual components. These include background noise

and reverberation, which are inherently dependent on the acoustic environment and play

a pivotal role in creating a realistic and immersive auditory experience. To address this,

we introduce a learning-based strategy for modeling such residual parameters, aiming to

approximate the sound environment component using exponentially decaying filtered noise.

Our method begins with the generation of a Gaussian white noise N (0, 1) signal, which

is subsequently partitioned into M frequency bands using a band-pass filter (BPF). For each

band m, the residual component is defined by the following:

Rm = 10(−γt)/20BPF(N (0, 1))m (8.5)

The accumulated residual components R is a weighted sum of subband residual components

R =
M∑

m=1

wmRm, (8.6)

where wm is the weight coefficient of band m residual component.

We then process the log-spectrogram S ∈ RD×N of the input audio through a transformer-

based encoder, which encodes each frame of the S. The resulting features are averaged, and

through the application of two linear projections, we estimate the decay time γ ∈ RM and

weights w ∈ RM for each band. To refine our model and reduce discrepancies, we employ a

multi-resolution STFT loss Lmr-stft(ŝ+R, s) to minimize the error between ŝ+R and s. This

loss function has demonstrated efficacy in accurately modeling audio signals within the time
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Figure 8.2: Overview of the physics-driven diffusion model for impact sound synthesis from

videos. (left) During training, we reconstruct physics priors from audio samples and encode

them into a physics latent. Besides, we use a visual encoder to extract visual latent from

the video input. We apply these two latents as conditional inputs to the U-Net spectrogram

denoiser. (right) During testing, we extract the visual latent from the test video and use it to

query a physics latent from the key-value pairs of visual and physics latents in the training

set. Finally, the physics and visual latents are used as conditional inputs to the denoiser and

the denoiser iteratively generates the spectrogram.(© 2024 IEEE)

domain [Re116], ensuring that our approach can effectively capture the nuanced dynamics

of the sound environment.

By simultaneously estimating physics parameters and predicting residual parameters, we

derive a comprehensive set of physics priors. These priors serve as an essential condition

for guiding our impact sound synthesis model, enabling it to produce high-fidelity sounds

from video inputs. This holistic approach not only enhances the realism of synthesized

audio but also enriches the perceptual experience, bridging the gap between visual cues and

corresponding auditory outputs.

Physics-Driven Diffusion Models. Leveraging physics priors and video inputs, we intro-

duce a conditional Denoising Diffusion Probabilistic Model (DDPM) tailored for the synthesis

of impact sounds. This innovative model employs a reverse diffusion process, meticulously
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steering the noise distribution towards a spectrogram distribution that resonates with the

provided physics priors and visual content. To achieve this, we intricately encode both the

physics and residual parameters into a cohesive latent feature embedding using multi-layer

perceptrons (MLPs). This process culminates in the creation of a physics latent vector, rep-

resented by µ. For the video inputs, we process a series of RGB frames through a Temporal-

Shift Module (TSM) [Re117], an efficient mechanism for extracting dynamic visual features.

These features are subsequently aggregated using average pooling to formulate a singular

visual latent representation, denoted by ν. This dual-input strategy allows our DDPM to

generate highly accurate and contextually relevant impact sounds by integrating detailed

physical properties with visual dynamics, ensuring a synchronized and immersive auditory

experience that closely mirrors the real-world phenomena depicted in the videos.

Our physics-driven diffusion model for sound synthesis, illustrated in Fig. 8.2, centers

around a diffusion forward process. This process incrementally introduces Gaussian noise

N (0, I) across time steps t = 0, ..., T into a spectrogram x, with each step having a specified

variance scale β. We employ a scheduler to adjust the variance scale at each time step,

resulting in a sequence of scales β1, β2, ..., βT [Re118]. The spectrogram at diffusion time

step t is denoted as xt. Given the spectrogram at the previous time step xt−1, along with the

physics latent µ, and the visual latent ν, the explicit diffusion process for the spectrogram

at time step t is expressed as q(xt|xt−1, µ, ν). Since the complete diffusion process that

transitions x0 to xT , conditioned on the physics latent vector µ and visual latent vector ν,

operates as a Markov process, it can be decomposed into a series of multiplicative steps∏T
t=1 q(xt|xt−1).

For synthesizing a spectrogram, the reverse process is crucial, aiming to reconstruct a

spectrogram from Gaussian noise. This reverse process is defined by the conditional distri-

bution pθ(x0:T−1|xT , µ, ν), and leveraging the Markov chain property, it can be broken down

into multiple transitional stages:

pθ(x0, ..., xT−1|xT , µ, ν) =
T∏
t=1

pθ(xt−1|xt, µ, ν). (8.7)
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Given the diffusion time-step with physics latent and visual latent conditions, a spectrogram

is recovered from the latent variables by applying the reverse transitions pθ(xt−1|xt, µ, ν).

Considering the spectrogram distribution as q(x0|µ, ν), we aim to maximize the log-likelihood

of the spectrogram by learning a model distribution pθ(x0|µ, ν) obtained from the reverse

process to approximate q(x0|µ, ν). Since it is common that pθ(x0|µ, ν) is computationally

intractable, we follow the parameterization trick in [Re27, Re118] to calculate the variational

lower bound of the log-likelihood. Specifically, the training objective of the diffusion model is

L1 loss function between the noise ϵ ∼ N (0, I) and the diffusion model output fθ described

as follows:

min
θ
||ϵ− fθ(h(x0, ϵ), t, µ, ν)||1, (8.8)

where h(x0, ϵ) =

√
β̂tx0 +

√
1− β̂tϵ, and β̂t =

∏t
t=1 1 − βt. Through this meticulously

designed process, our model achieves the synthesis of spectrograms, effectively reverting

the noise-added spectrogram back to its original state, guided by the integration of both

physics-driven and visual context cues, ensuring a highly accurate and context-aware sound

synthesis.

Training and Inference. During the training phase, we utilize physics priors extracted

from the audio waveform as an ancillary condition to assist the model in learning the correla-

tion between video inputs and impact sounds. However, in the inference phase, the absence

of ground truth sound clips means we cannot directly extract physics priors for new video

inputs as done during training. To navigate this challenge, we introduce a novel inference

pipeline that retains the advantages of physics priors without requiring direct extraction

from the audio.

This method involves creating key-value pairs for visual and physics latents within our

training dataset. In the inference stage, when a new video input is presented, we extract its

visual latent vector, denoted as νtest. This vector acts as a query feature, which we use to

search for the closest match in our training dataset by calculating the Euclidean distance

between νtest and each training video latent {νtrain
j }Jj=1. The closest training video latent
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serves as the key to retrieve its corresponding physics latent µtrain
j which we then use as the

test physics latent µ̂test.

Armed with both the visual latent νtest and the inferred physics latent µ̂test, our model

embarks on reversing the noise-infused spectrogram. It does so by first predicting the added

noise at each forward iteration to produce the model output fθ(xt, t, µ̂
test, νtest) and subse-

quently removing this noise. Through iterative sampling across all time steps, we arrive at

the final spectrogram distribution pθ(x0|µ̂test, νtest).

It’s important to note that although we employ physics latents from the training set,

our model is capable of generating novel sounds. This innovation is made possible because

the diffusion model also incorporates additional visual features from the new video inputs,

ensuring that the synthesized sounds are both unique and contextually aligned with the

visual content.

8.3 Experiments

Dataset. To assess the performance of our physics-driven diffusion models and compare

them with other methodologies, we employ the Greatest Hits dataset [Re34]. This dataset

features recordings of individuals interacting with various physical objects, primarily through

actions such as hitting and scratching materials using a drumstick. Each action within the

dataset has been meticulously annotated by human annotators, who have provided material

labels for the objects involved and the precise timestamps of the impact sounds. This level

of detailed annotation allows for a comprehensive evaluation of our models’ ability to accu-

rately synthesize and replicate the nuanced sounds associated with different materials and

interactions, facilitating a direct comparison with existing approaches in the field.

Evaluation Metrics. To rigorously assess the fidelity and relevance of the generated sam-

ples from our physics-driven diffusion models, we employ four distinct metrics designed for

automatic evaluation. This evaluation framework includes training an impact sound object

material classifier, leveraging the labels from the Greatest Hits Dataset. We utilize a ResNet-

50, a convolutional neural network architecture, and train it using spectrograms as input.
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The chosen metrics are as follows: 1) Fréchet Inception Distance (FID): This metric evaluates

the quality of generated impact sound spectrograms by measuring the distance between the

distribution of synthesized spectrograms and those within the test set. To construct these

distributions, we extract features from the layers preceding the impact sound classification

layer in our model. 2) Kernel Inception Distance (KID): KID is computed using maximum

mean discrepancy (MMD) to evaluate the similarity between the synthesized and real impact

sound features. The MMD is calculated across numerous subsets, allowing us to obtain both

the mean and the standard deviation of the KID, providing a nuanced understanding of the

distributional similarity. 3) KL Divergence (KLD): Unlike FID and KID, which assess the

distribution of collections of samples, KLD measures the distance between the output distri-

butions of synthesized and actual ground truth features on an individual basis. This metric

offers a more granular view of the model’s performance in replicating specific sound char-

acteristics. 4) Recognition Accuracy: This metric tests the quality of the generated impact

sound samples by evaluating their ability to ‘fool’ the trained classifier. A high recognition

accuracy indicates that the synthesized sounds are indistinguishable from real impact sounds

to the classifier, showcasing the model’s effectiveness in generating realistic audio.

Together, these metrics provide a comprehensive and multi-faceted evaluation of our

model’s performance, comparing it against other approaches and assessing its capability

to produce high-quality, relevant audio samples. Results. The results of our quantita-

tive evaluation are presented in the accompanying table 8.1, highlighting that our proposed

physics-driven diffusion model surpasses all competing methods across every evaluated met-

ric. A key observation from these results is the inadequacy of using solely video features as

a condition for the spectrogram denoiser in generating high-fidelity sounds. Although the

inclusion of class labels as additional information does result in some improvement, there re-

mains a significant disparity in performance when compared to our physics-driven approach.

This disparity underscores the critical role that physics priors play in enhancing the quality

and realism of synthesized sounds. The physics-driven model leverages a deeper understand-

ing of the physical interactions at play, enabling it to produce audio that more accurately
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Model\Metric FID ↓ KID (mean, std)↓ KL Div. ↓ Recog. Acc (%) ↑

ConvNet-based 43.50 0.053, 0.013 4.65 51.69

Transformer-based 34.35 0.036, 0.015 3.13 62.86

Video Diffusion 54.57 0.054, 0.014 2.77 69.94

Video + Class label Diffusion 31.82 0.026, 0.021 2.38 72.02

Video + MFCC Diffusion 40.21 0.037, 0.010 2.84 67.87

Video + Spec Diffusion 28.77 0.016, 0.009 2.55 70.46

Video + Physics Diffusion (Ours) 26.20 0.010, 0.008 2.04 74.09

Table 8.1: Quantitative evaluations for different models. For FID, KID, and KL Divergence,

lower is better. For recognition accuracy, higher is better. The bold font indicates the best

value.(© 2024 IEEE)

reflects the nuances of real-world impact sounds. This advantage is not merely incremental

but substantial, illustrating the value of incorporating physics-based insights into the sound

synthesis process for achieving superior results.
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Chapter 9

SPATIAL AUDIO REPRESENTATION FOR INDOOR SCENES

9.1 Motivation

The focus of previous chapters centered on audio content generation but it did not take into

account the environment’s profound influence on the sound. This is an important aspect

since the world is home to over a billion buildings, each with its own unique architecture,

interior design, and intended purpose. While vision is paramount for forming an overall

impression and navigation through interiors, auditory perception is crucial for a fully im-

mersive experience. Daily interactions within an environment, such as conversation, playing

music, watching TV, or locating pets by sound, rely heavily on our auditory capabilities.

The quality of sound and its harmonization with the scene is essential for completing the

audio-visual perception, underlining the significant role scene acoustics play in determining

the suitability of space for specific activities. For instance, an IMAX theater equipped with

the latest surround sound system attracts moviegoers, on the other hand quiet classrooms are

reserved for educational purposes, and coffee shops create a vibrant yet ambient atmosphere

for working.

Given the importance of spatial audio in interior scenes, computational modeling of spa-

tial audio aspects is crucial for rendering scenes with spatial sound. This task, however, is

complex and has been a focal point of acoustics research for decades [Re119]. Typically, the

spatial sound emitted by a source and its interaction within a space can be characterized by an

impulse response, contingent upon the positions of the sound source and the listener [Re120].

In real-world settings, impulse responses are measured by emitting a sine sweep from a loud-

speaker and recording it at the listener’s location with a microphone [Re121]. Alternatively,

computational geometry-based sound propagation techniques can simulate impulse responses
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for both real and virtual scenes [Re122, Re123, Re124, Re125]. Nonetheless, rendering im-

pulse responses throughout a continuous space is both time-consuming and computationally

intensive, limiting immersive and interactive spatial sound rendering.

Traditional encoding methods for impulse responses rely on a limited set of perceptual pa-

rameters to reproduce reverberations [Re126, Re127], often resulting in scene-specific custom

solutions that may not translate well to novel environments. Conversely, recent advances in

neural networks, particularly in implicit, continuous representations, have shown potential in

computer graphics and could offer a new approach to acoustic field representation. Given that

sound propagation is governed by the acoustic wave equation, with solutions representing a

continuous field of impulse responses, encoding the acoustic field in a smooth, continuous

representation could overcome the limitations of discrete encoding and interpolation during

rendering.

Inspired by interactive sound propagation techniques that use a precomputed acoustic

transfer operator independent of specific emitter and listener positions [Re128, Re129], we

introduce Implicit Neural Representations for Audio Scenes (INRAS). This lightweight,

efficient neural network model can generate high-fidelity spatial impulse responses at any

emitter-listener position. INRAS comprises two primary stages: the first stage divides

the audio scene’s features into three parallel modules—Scatter, Bounce, and Gather—each

generating independent features for the emitter, scene geometry, and listener. This disen-

tanglement allows for the versatile representation of various scenes with minimal parameter

adjustments. In the second stage, the listener module integrates these features to produce di-

rectional and binaural impulse responses. An overview of INRAS is provided in Figure 9.2,

illustrating its comprehensive approach to modeling spatial audio for enhanced immersion

in audio-visual experiences.

9.2 Methods

Problem Setup. INRAS utilizes advanced deep neural networks to articulate a continuous

implicit function that correlates the coordinates within a 3D scene to their respective time-



90

domain directional and binaural impulse responses in the sound field. To formalize, for any

given 3D scene D, sound emitter locations are denoted as s ∈ R3, listener locations as l ∈ R3,

and the listener head orientation as θ ∈ R2. Thus, for every combination ∀(s, l, θ) ∈ R8 within

the scene, there exists a corresponding set of binaural impulse responses h ∈ R2×T where

T represents the temporal length. We conceptualize a continuous function f(s, l, θ) −→ h

parameterized by a deep neural network, to map each set of s, l, θ to the appropriate impulse

response h.

A pivotal insight for facilitating the training process is recognizing that while the scene’s

geometry is a determinant factor for the impulse responses, it remains unchanged regardless

of variations in the positions of the emitter and listener. This constant, geometry-based

information can thus be universally applied across any emitter and listener positions within

the scene, an idea previously explored in interactive sound propagation via acoustic radiance

transfer [Re128, Re129]. The training strategy for our neural network model capitalizes

on this by learning scene-dependent features that are reusable and associating them with

specific emitter and listener configurations. This methodology enables the model to discern

that variations in impulse responses across different emitter-listener locations are inherently

tied to the scene’s geometry.

Inspired by this concept, we have developed a two-stage model. The initial stage is

dedicated to decomposing the audio scene’s features to isolate independent geometric features

of the scene and to link the emitter and listener within this context. The subsequent stage

integrates these features to accurately render the binaural impulse responses. In the sections

that follow, we will delve into the interactive acoustic radiance transfer mechanism before

detailing our model’s structure and functionality comprehensively. This approach not only

enhances the precision of spatial audio rendering but also enriches the immersive quality of

audio-visual experiences by leveraging the intricate relationship between sound propagation

and scene geometry.

Background on Interactive Acoustic Radiance Transfer. Acoustic radiance trans-

fer represents a foundational methodology for simulating sound propagation within complex
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room configurations. This classical approach is delineated in three primary steps, as il-

lustrated in Figure 9.1. 1) Scattering from the Emitter to Bounce Points: Initially, the

perimeter of the scene is segmented into N distinct bounce points. Sound energy is then

disseminated from the sound emitter to each of these points, effectively scattering the initial

acoustic energy throughout the scene. 2) Emission and Propagation from Bounce Points:

At this stage, sound energy radiates omnidirectionally from each bounce point, traversing

the scene until it either attenuates or encounters another bounce point, where the process is

repeated. The trajectory and intensity of this sound energy are cataloged in an echogram for

each bounce point, capturing the energy-time relationship and providing a detailed map of

sound propagation. 3) Energy Collection by the Listener: In the final step, the listener ac-

cumulates the acoustic energy emanating from all bounce points, synthesizing the composite

sound field based on the cumulative contributions from the entire scene.

Interactive adaptations of this model incorporate a precomputed linear acoustic transfer

operator [Re128, Re129] to accurately describe the movement of sound radiance among the

bounce points arrayed across the scene’s surfaces. Conceptually, this operator embodies

the scene-specific characteristics that remain constant across various emitter and listener

positions, facilitating an efficient recalibration of the impulse response for different spatial

configurations by adjusting for propagation delays relative to the distance from the bounce

points.

Inspired by this systematic and modular approach to sound propagation, we propose a

neural network model that mirrors this structure with similarly decoupled components. Our

model is designed to capture and reuse scene geometry information effectively across any

emitter and listener pairing. By segregating the functions of scattering, bouncing, and gath-

ering into discrete modules within the network, we aim to leverage the static nature of scene

geometry to dynamically generate accurate binaural impulse responses. This methodology

not only honors the principles of acoustic radiance transfer but also introduces a flexible and

computationally efficient framework for spatial audio rendering in virtual environments.

Implicit Neural Representation for Audio Scenes. INRAS is structured around
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Step 1: Scattering from Emitter Step 2: Acoustic Transfer Step 3: Gathering at Listener

Figure 9.1: Acoustic radiance transfer steps overview. (Figure from [KS4])

two core components: (a) decomposition of audio scene features, and (b) prediction of spa-

tial binaural impulse responses. Within component (a), the model employs three parallel

modules designed to capture distinct aspects of sound propagation: 1) the Scatter Module

focuses on learning features that link the sound emitter to various bounce points within the

scene. It mirrors the process of scattering initial radiance from the emitter across the scene

in traditional acoustic radiance transfer. 2) The Bounce Module is tasked with understand-

ing scene-dependent features that remain constant across all combinations of emitter and

listener positions, effectively capturing the essence of the scene’s acoustic properties. 3) The

Gather Module learns how to associate the listener with the bounce points, completing the

path of sound propagation from its source to the recipient. In component (b), the features

derived from these three modules are integrated to produce directional and binaural impulse

responses, thereby synthesizing the sound as it would be perceived by a listener within the

scene. An overview of the system’s structure is depicted in Figure 9.2.

Scatter Module. Analogous to the initial step in acoustic radiance transfer where radiance

scatters from the emitter to bounce points, the Scatter module’s functionality hinges on

the relative distances between the emitter and each bounce point. The scene’s surface is

discretized into N uniform bounce points with 3D locations {bi}Ni=1 ∈ R3. We calculate the

relative distances from the emitter position s to all bounce points {dsbi}
N
i=1, utilizing these

distances as inputs to underscore the emitter’s awareness of the scene’s geometry. This ap-

proach aids in learning continuous features for varying emitter positions. Sinusoidal encoding
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transforms the input {dsbi}
N
i=1 into a higher-dimensional space, drawing inspiration from tech-

niques used in graphical implicit neural representationsn [Re17]. The learned function FΘ,

parameterized by a fully connected network, outputs feature I = FΘ({dsbi}
N
i=1) ∈ RN×D,

where D represents the dimension of the feature space. Our experimentation indicates that

between 40 to 60 bounce points adequately represent a scene’s structure. Further investi-

gation into the selection and impact of bounce points on model performance is detailed in

our ablation studies within the Results section, offering insights into the optimization of this

process for enhanced spatial audio rendering.

Bounce Module. The Bounce Module is crafted to produce features that capture the geometry

of static scenes, which are invariant across various emitter and listener positions. This

module’s aim is to distill the essence of scene-dependent features into a form that can be

universally applied, regardless of the specific locations of the sound source and receiver within

the environment.

To achieve this, we employ a learning function UΦ, realized through a multi-layer per-

ceptron (MLP) equipped with residual connections. This architectural choice facilitates the

deep network’s ability to learn complex relationships without succumbing to the vanish-

ing gradient problem, thereby enhancing its capacity to model intricate scene geometries

effectively.

The function takes as its input the positions of all bounce points within the scene,

denoted as {bi}Ni=1 ∈ R3 and processes these data points to generate a set of features

Q = UΦ({bi}Ni=1) ∈ RN×D. Here, D represents the dimensionality of the feature space,

encapsulating the geometric characteristics of the scene that influence sound propagation.

Through this module, we abstract the static physical attributes of the scene into a high-

dimensional feature space, enabling the model to understand and utilize the inherent acoustic

properties of the environment. These features serve as a foundational component in the com-

putation of spatial audio, ensuring that the synthesized binaural impulse responses accurately

reflect the unique acoustic signature of the scene.

Gather Module. The Gather Module operates in tandem with the principles underlying the



94

Scatter module, with its primary objective being to forge a connection between the listener

and the bounce points scattered throughout the scene. This module focuses on the listener’s

perspective, calculating the relative distances from the listener’s position l to all bounce

points within the scene: {dlbi}
N
i=1.

To process these distances and extract meaningful acoustic features, we employ sinusoidal

encoding—a technique that effectively captures the nuances of spatial relationships in a high-

dimensional space. This encoding serves as the foundation for learning a function GΨ, which

is parameterized by a fully connected neural network. The network is designed to transform

the encoded relative distances into a sophisticated output feature O = GΨ({dlbi}
N
i=1) ∈ RN×D.

By leveraging this approach, the Gather Module adeptly synthesizes the spatial and

acoustic information relevant to the listener’s position in relation to the scene’s geometry.

This results in the generation of a feature set that encapsulates the listener’s acoustic envi-

ronment, effectively modeling how sound propagates to and is perceived by the listener from

various points within the scene.

Spatial-Time Feature Composition. The Feature Decomposition approach, encompassing

the Scatter, Bounce, and Gather modules, initially does not account for temporal dynamics,

focusing purely on spatial relationships within the audio scene. However, the inclusion of

temporal factors is crucial for a comprehensive representation of sound propagation, despite

the potential to complicate and slow down the training process.

Drawing inspiration from the concept of acoustic operator decomposition used in inter-

active sound propagation [Re129], we can model the energy-time echogram for a specific

bounce point bi(t) through a series of time-domain basis functions {τ k(t)}Kk=1 using a linear

combination: bi(t) =
∑K

k=1 αkτ
k(t), where α represents the coefficients in the basis space.

This approach allows for a compact and efficient representation of temporal dynamics.

Embracing this methodology, we develop a function Pτ , realized via a fully connected

network, to derive a set of time-domain basis functions. These functions are designed to be

universally applicable across all spatial features, offering a streamlined method to incorporate

time into our model without significantly impacting the training efficiency. To achieve this,
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Figure 9.2: System overview of INRAS . (a) Audio Scenes Feature Decomposition: inputs

to the scatter/gather module are the relative distances between the emitter/listener locations

and bounce points. The bounce module takes all bounce points to generate scene-dependent

features. (b) Spatial Binaural IR Prediction: in this stage, the decomposed features are

stacked and fed to the Listener module which generates the spatial binaural impulse re-

sponses. (Figure from [KS4])

we encode the time samples {tj}Tj=1 using sinusoidal encoding, a technique that facilitates

the model’s ability to capture temporal variations. The resultant output is denoted as

M = Pτ ({tj}Tj=1) ∈ RT×D.

By conducting fast matrix multiplication, we integrate the temporal basis functions with

the spatial features from each module, generating spatial-time features Î = MI⊤, Q̂ = MQ⊤

and Ô = MO⊤. This process not only enriches the model’s representation with essen-

tial temporal information but also maintains computational efficiency, enabling the nuanced

modeling of sound propagation over time while preserving the agility of the training proce-

dure. Through this sophisticated spatial-time feature composition, we ensure a dynamic and

detailed acoustic modeling that captures both the spatial intricacies and temporal fluctua-

tions of sound within a scene.

Listener Module. In the phase dedicated to predicting spatial binaural impulse responses,
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the listener module undertakes the crucial task of fusing features to encapsulate the complex

interplay between spatial and temporal elements in relation to the listener’s position and

orientation. This is achieved by concatenating the spatial-time features Î , Q̂, Ô to form

a comprehensive feature set E = {Î , Q̂, Ô} ∈ RT×3N , where each subset {Ebi}Ni=1 ∈ RT×3

epresents the amalgamated features corresponding to the listener (l) and emitter (s) positions

relative to each bounce point bi.

The aggregated feature set E is then introduced to the Listener module, which further

integrates the listener’s head orientation (θ), encoded by a learnable embedding matrix. This

process ensures that the final model output is sensitive not only to the spatial and temporal

aspects of sound propagation but also to the listener’s orientation within the scene, a critical

factor in rendering realistic binaural audio.

Employing a Multi-Layer Perceptron (MLP) within the Listener module, we successfully

generate binaural impulse responses in the time domain, denoted as h = VΓ(E, θ). This

step marks the culmination of our modeling efforts, where the complex interdependencies

of spatial features, temporal dynamics, and listener orientation are seamlessly integrated to

produce high-fidelity binaural impulse responses.

Training and Rendering. All components and modules of INRAS are trained jointly.

We use a combination of mean square error loss Lmse = ∥h − ĥ∥22 and multi-resolution

STFT loss Lmr stft which has been shown effective in modeling audio signals in the time

domain [Re116]. The multi-resolution STFT loss first converts the impulse response into

frequency-time domain H = STFT(h) and computes the spectral convergence loss Lsc =

∥|H|−|Ĥ|∥2
∥|H|∥2 , the magnitude loss Lmag = ∥|H|−|Ĥ|∥1 and the phase loss Lphase = ∥ϕ(H)−ϕ(Ĥ)∥,

our total loss can be summarized as follow:

Lmr stft = Lsc + Lmag + Lphase, Ltotal loss = Lmse + Lmr stft (9.1)

Once we obtain the impulse response h, we can render sounds perceived at the listener

location by convolving the impulse response with a sound source y. The final sound is

denoted as ŷ = h⊛ y.
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9.3 Experiments

Datasets. To evaluate our method, we use the Soundspaces dataset, which is comprised of

densely sampled pairs of impulse responses meticulously generated through geometric sound

propagation techniques [Re130]. This dataset ensures a standardized environment across all

scenes, with uniform ceiling heights and the provision of binaural impulse responses captured

at four distinct head orientations (0, 90, 180, 270 degrees). To ensure a fair and consistent

comparison with prior studies, we adjust all impulse responses to a sampling rate of 22050

Hz. Our evaluation focuses on the same six scenes that have been used in previous research,

encompassing a diverse range of architectural layouts: two multi-room configurations, two

rooms featuring non-rectangular walls, and two standard single rooms with rectangular walls.

For each of these carefully selected scenes, we allocate 90% of the data for training purposes,

reserving the remaining 10% for testing.

Baseline Methods. Our evaluation framework involves a comprehensive comparison of our

method, INRAS , against both contemporary learning-based models and established clas-

sical approaches in the field of spatial audio rendering. Specifically, we benchmark INRAS

against Neural Acoustic Fields (NAF) [Re131], representing the forefront of learning-based

techniques for acoustic scene modeling. Given that INRAS introduces a novel approach

to encode and compress the acoustic field of a scene, it’s also pertinent to assess its perfor-

mance relative to standard audio encoding methods. To this end, we compare INRAS with

two widely recognized audio encoding techniques: Advanced Audio Coding (AAC) and Xiph

Opus. We apply both linear and nearest neighbor interpolation methods to the acoustic

fields encoded by AAC and Opus.

Results. Quantitative evaluation results, as presented in Table 9.1, showcase that IN-

RAS surpasses both traditional audio coding methods and contemporary learning-based

approaches across all evaluated metrics. Notably, INRAS demonstrates a remarkable im-

provement in C50 and EDT errors over the Neural Acoustic Fields (NAF) method by 43%

and 39%, respectively. This indicates a significant enhancement in the accuracy of early re-
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Figure 9.3: Rendered Impulse Responses Waveform Visualization. Top left: the speaker

indicates the emitter location. We show examples (right) of rendered waveforms at two

listener locations (black square and black circle) rendering by three methods: AAC-Linear,

NAF, and INRAS (blue: GT; red: Prediction). Bottom left: Metrics upon which we

evaluate Impulse Response are illustrated. (Figure from [KS4])

flection components within INRAS -rendered impulse responses, bringing them much closer

to the ground truth.

Figure 9.3 provides a detailed comparison of impulse response waveforms rendered by

AAC-linear, NAF, and the INRAS method for two illustrative examples. The figure’s

top left quadrant features a loudness map of impulse responses generated by INRAS ,

with color coding to represent amplitude levels. The comparative analysis in the two right

columns highlights the AAC-linear waveforms’ substantial deviations from the ground truth.

Although NAF manages to replicate the exponential decay pattern characteristic of rever-

beration, it falls short in capturing the crucial early reflection components of the impulse
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Model\Metric C50 error T60 error EDT error Parameters Storage Speed

(dB) ↓ (%) ↓ (sec) ↓ (Million) ↓ (MB) ↓ (ms) ↓

Opus-nearest 3.58 10.10 0.115 - 181.37 -

Opus-linear 3.13 8.64 0.097 - 181.37 -

AAC-nearest 1.67 9.35 0.059 - 346.74 -

AAC-linear 1.68 7.88 0.057 - 346.74 -

NAF 1.06 3.18 0.031 2.23 8.55 37.86

INRAS (Ours) 0.6 3.14 0.019 0.67 2.56 9.47

Table 9.1: Quantitative evaluation of impulse response quality, storage requirements, and in-

ference speed. Results are indicated on average of six single scene models. (Table from [KS4])

responses, which are pivotal for sound clarity. Conversely, INRAS adeptly renders both

the early reflections and late reverberation phases of the impulse responses, showcasing its

comprehensive modeling capabilities.

Moreover, the efficiency of the INRAS model is underscored by its relatively modest

requirement of approximately 0.65 million trainable parameters, translating to less than 3MB

of storage and an inference speed of 4ms. This highlights INRAS ’s status as a significantly

more lightweight and efficient model, offering a potent combination of high fidelity in spatial

audio rendering and operational efficiency. Through these evaluations, INRAS emerges as

a leading solution in the field, adept at delivering precise and immersive auditory experiences

while maintaining a lean computational footprint.

Multi-condition Training on Multiple Scenes. The strategic decomposition of audio

scene features within INRAS enables the training of a singular model capable of accurately

representing multiple scenes. This versatility was explored by training INRAS on a diverse

set of scenes, each featuring distinct layout characteristics: a multi-room layout, a room

with non-rectangular walls, and a room with traditional rectangular walls, as depicted in

Figure 9.4. This exploration confirmed INRAS’s ability to learn continuous implicit neural

representations for varied scene architectures.
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Figure 9.4: Loudness map visualization comparing INRAS multi-scenes rendering of three

scenes (Top) vs. Ground truth using nearest neighbors (Bottom). (Figure from [KS4])

Figure 9.4 and Table 9.2 showcase the loudness maps for the three scenes as learned

by this unified INRAS model, along with quantitative results demonstrating the model’s

performance across these multi-scene configurations. Beyond assessing impulse response

quality through traditional acoustic parameters, we extended our evaluation to the quality

of the final audio signal produced by convolving the impulse response with a sound source.

This included calculations of the Signal-to-Noise Ratio (SNR) and the Peak Signal to Noise

Ratio (PSNR), metrics critical to gauging the auditory signal’s fidelity.

The findings, detailed in Table 9.2, reveal that INRAS when subjected to multi-condition

training, maintains not only high-quality outcomes but also achieves superior overall accuracy

compared to averaging the performance of other models individually tailored to each scene.

Remarkably, to accommodate multi-scene representation, the INRAS model required only a

marginal increase in trainable parameters by 0.1M, thus maintaining the storage requirements

under 3MB. This efficiency contrasts with other approaches, where the storage needs are

typically scaled linearly with the number of scenes represented.
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Model\Metric Multi-scenes SNR PSNR C50 error T60 error Storage

(dB) ↑ (dB) ↑ (dB) ↓ (%) ↓ (MB) ↓

Opus-nearest ✗ 3.18 13.35 3.6 10.1 544.11

Opus-linear ✗ 3.57 13.45 3.23 8.7 544.11

AAC-nearest ✗ 6.48 17.84 1.51 9.64 1040.31

AAC-linear ✗ 7.52 18.7 1.57 8.05 1040.31

NAF ✗ -1.54 11.25 1.05 3.01 25.65

INRAS (Ours) ✓ 8.06 18.80 0.68 4.09 2.99

Table 9.2: Quantitative evaluation of INRAS after multi-condition training on three scene

layouts. Results for other methods are computed as an average of the three scenes. (Table

from [KS4])
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Chapter 10

FROM VISION TO AUDIO AND BEYOND

10.1 Motivation

In the preceding chapters, vision-to-audio generation across different levels of audio-visual

correspondence was considered through the development of deep learning methods to seam-

lessly map visual representations to their auditory counterparts through multi-stage or single-

stage generative models. While these models have successfully generated high-quality au-

dio and some of them could produce meaningful deep learning features interpreting certain

audio-visual characteristics, they do not address broader audio-visual tasks which typically

necessitate learning general audio-visual representations. Humans, when faced with a silent

video, possess the innate ability to mentally conjure the corresponding sounds, drawing

upon our knowledge to associate and creatively imagine the sound. Recent advancements

in artificial intelligence have introduced foundational models in vision and language capa-

ble of supporting both content association and generation [Re132, Re133, Re134]. Yet, the

potential for similar models in the audio-visual domain remains largely untapped.

This work ventures into developing such a model through a unified audio-visual framework

designed to learn general audio-visual representations and enable vision-to-audio generation

within a unified single system. Constructing a general-purpose audio-visual model presents

significant challenges, notably due to the high-dimensional and time-dependent nature of raw

video and audio signals, which complicate the understanding of their joint occurrences and

demand extensive computational resources for training. Existing deterministic models based

on contrastive learning and masked autoencoders [Re53, Re54] are ill-suited for generative

tasks, and sophisticated models are often required to produce high-quality audio through

latent space modeling [Re94, Re135, Re43] and multi-stage processes [Re136, Re137, Re77].
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Figure 10.1: VAB is a unified audio-visual model capable of supporting various audio-visual

tasks within a single framework.

Addressing these challenges, we introduce ‘Vision to Audio and Beyond’ (VAB), an in-

novative framework centered around a pre-training task that predicts masked audio from vi-

sual inputs, facilitating both audio-visual representation learning and audio generation. This

pre-training occurs within the latent space, leveraging discrete audio tokens derived from a

publicly available pre-trained neural audio codec and frame-level visual features extracted

by a self-supervised pre-trained image encoder. The VAB model, utilizing an encoder-only

multi-way transformer, predicts masked audio tokens from visual features with a variable

masking scheme. After pre-training, VAB can act as a uni-modal or multi-modal encoder,

ready for fine-tuning in cross-modal retrieval and classification tasks, and supports zero-shot

visual-conditioned audio generation with efficient parallel decoding.

Our comprehensive experiments across various downstream tasks—ranging from vision-

to-audio generation and audio-visual event classification to cross-modal retrieval and audio-

only classification—demonstrate the efficacy and advantages of our approach. The VAB
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Figure 10.2: Pre-processing (left) and masked audio token prediction pre-training (right) of

VAB framework.

model not only efficiently generates high-fidelity audio from silent videos, achieving a sig-

nificant speedup over autoregressive approaches, but also delivers competitive performance

in classification and retrieval tasks, underscoring its potential to redefine the landscape of

audio-visual synthesis and understanding.

10.2 Method

We introduce ”Vision to Audio and Beyond” (VAB), a comprehensive audio-visual framework

designed for generating high-quality audio from silent videos and capturing semantic audio-

visual representations for a range of applications. Initially, we detail the pre-processing

phase, where raw audio and visual signals are transformed into latent spaces using a pre-

trained audio neural codec and an image encoder. With the framework utilizing audio tokens

and frame-level visual features as inputs, we delve into the VAB components, focusing on a

self-supervised pre-training task aimed at predicting masked audio tokens based on visual

features. This crucial stage allows VAB to build its representational capacity and master
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audio generation from video. Following this, we discuss the application of the pre-trained

VAB model to vision-to-audio generation and its fine-tuning for various downstream tasks,

showcasing the framework’s versatility and effectiveness.

10.2.1 Transform Audio and Video into Latent Spaces

Two fundamental motivations underpin our decision to convert audio and visual data into

latent spaces. The first is grounded in existing literature [Re94, Re135, Re43], which sug-

gests that conducting generative modeling within latent spaces not only accelerates training

convergence but also enhances the quality of the generated audio samples. The second moti-

vation addresses the computational challenges associated with processing raw video frames.

For example, processing just ten seconds of video at a frame rate of 1fps using a standard

Vision Transformer (ViT) [Re138] results in 1960 patches, a volume that remains daunting

despite attempts to alleviate it, such as the use of tubelets.

To tackle this issue, we’ve employed a frozen pre-trained image encoder like CLIP [Re139]

to distill frame-level features. This approach significantly streamlines the visual sequence

length and leverages the rich semantic insights gained from image-text pre-training. Inter-

estingly, we found that these robust image-text features are highly adaptable and effectively

capture the intricate relationships between audio and video. This strategy not only reduces

the computational burden but also minimizes the potential information loss that might oc-

cur when compressing audio tokens, striking a balance between efficiency and fidelity in

representing audio-visual connections.

To convert audio waveforms into discrete tokens, we investigate two pre-trained neural

codec variants: DAC [Re140] and Encodec [Re9]. These codecs are distinguished by their self-

supervised training on audio reconstruction tasks, which does not require any labeled data.

As a result, the audio tokens generated by DAC and Encodec represent highly compressed

versions of the original audio waveforms. Utilizing K residual vector quantization (RVQ),

both codecs transform a 1D audio waveform Aw ∈ RTa sampled at 16kHz into a series of

audio tokens A ∈ NK×S, where K denotes the number of residual codebooks, and S = Ta/da
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with da = 320 being the downsampling factor for both codecs. Consequently, a 10-second

audio clip is encoded into A ∈ NK×500 tokens.

DAC employs K = 12 codebooks, creating a hierarchical structure where lower-level codes

encapsulate coarse acoustic features and higher-level codes detail finer acoustic nuances. In

contrast, Encodec utilizes only K = 4 codebooks, resulting in a comparatively lower quality

of audio reconstruction than DAC. Our research encompasses a detailed examination of both

DAC and Encodec tokens. During the pre-training phase of our Vision to Audio and Beyond

(VAB) framework, we utilized the first four levels of audio tokens Ac = A0:4,500 from both

codecs. For DAC’s additional eight levels, we adopted a strategy akin to Vampnet [Re137],

implementing a coarse-to-fine model specifically tailored for audio generation, thereby en-

riching our study with a versatile approach to audio tokenization and its implications for

generative audio modeling.

For the image encoding process, we utilize the CLIP image encoder to derive frame-

level features at a capture rate of 1 frame per second. This approach yields a concise

representation of 10 seconds of video features, denoted as V ∈ R10×d, where d represents

the dimensionality of CLIP image features. It is crucial to note that both the audio tokens

and the frame-level visual features are extracted in advance of the VAB pre-training phase.

This preparatory step significantly enhances our ability to efficiently model both temporal

dynamics and audio-visual relationships during the pre-training process.

10.2.2 Conditional Masked Audio Token Prediction

Masking: For our VAB pre-training task, we focus on predicting masked audio tokens

conditioned on visual features, using the given audio tokens Ac and visual features V . The

process begins with randomly masking a portion of the audio tokens, employing a variable

masking strategy. This involves selecting the masking ratio Mr from a truncated Gaussian

distribution centered at 0.55, with a standard deviation of 0.25, and truncated between 0.5

and 1. Such variability ensures a diverse and appropriate range of masked audio tokens,

critical for fostering the learning of both representations and generative capabilities.
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To implement this, we incorporate the existing codebook embeddings from neural codecs

and introduce a new [MASK ] token for the masked portions. These masked audio tokens

Am ∈ N4,500 undergo embedding, and the resultant embeddings Aemb ∈ R500,demb are com-

bined, with demb representing the embedding dimension. To synchronize the dimensions,

visual features V are linearly projected to match demb, creating visual embeddings Vemb. Ad-

ditionally, modality-specific embeddings, Ev for visual and Ea for audio, are added to their

respective embeddings.

Finally, these enriched visual and audio embeddings are concatenated to generate the

complete input sequence x = [V ′emb, A′emb], where V ′emb = V emb + Ev and A′emb =

Aemb +Ea. This setup forms the backbone of our approach, optimizing the model to under-

stand and predict the complex interplay between audio and visual information effectively.

Multiway Transformer Encoder: The VAB framework adopts an architecture reminis-

cent of the Multiway Transformer Encoder [Re141, Re132], incorporating features from recent

advancements in transformer technology. Each transformer layer within VAB is equipped

with bidirectional multi-head attention mechanisms that cater to both audio and visual em-

beddings. This setup is further enhanced by layer normalization, feed-forward networks,

and residual connections. In a VAB model composed of N layers, the architecture differ-

entiates between modality-specific and shared processing layers. For the initial N1 layers,

modality-specific feed-forward networks are deployed, tailoring the learning process to the

unique characteristics of either audio or visual information. The subsequent N2 = N − N1

layers utilize shared feed-forward networks, facilitating cross-modal integration and learn-

ing. This design choice enables the shared bidirectional self-attention mechanism to foster

associative learning between audio and visual embeddings, enriching the model’s ability to

correlate these two modalities. The early, modality-specific layers act as dedicated experts

for processing either audio or visual data, allowing them to function as standalone encoders

for tasks focused on a single modality. Meanwhile, the later, joint layers are optimized

for the more complex vision-to-audio generation task, leveraging the combined strengths of

both modalities. Finally, VAB employs multiple linear projection heads tasked with pre-
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Figure 10.3: After the pre-training phase, VAB allows for zero-shot video-to-audio generation

(left). Moreover, it can undergo representation adaptation fine-tuning to facilitate cross-

modal retrieval through contrastive loss (middle) and accommodate classification tasks by

incorporation of a linear classifier (right).

dicting each level of the masked audio tokens. This intricate structure ensures that VAB

can adeptly handle a wide spectrum of tasks, from simple modality-specific encoding to the

intricate process of generating audio from visual inputs.

Let Au be the set of all unmasked audio tokens and VAB model parameters θ. The

objective of the pre-training is to minimize the negative log-likelihood

lvab = −
∑

∀a∈Am

log p(a|Au, V, θ) (10.1)

The overview of VAB pre-processing and pre-training is shown in Figure 10.2.

10.2.3 Zero-Shot Video-to-Audio Generation

Following the completion of VAB’s pre-training, we employ an efficient iterative decoding

technique akin to prior masked generative modeling methods to generate audio tokens [Re142,

Re143, Re137]. Initially, all audio tokens are set to [MASK ] and paired with visual features

V , mirroring the pre-training setup. During each decoding iteration t ∈ [0, tT ], we predict
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the token for the current masked audio token, resulting in ât. To evaluate the prediction’s

confidence score z, we incorporate the prediction log-probabilities and add temperature-

annealed Gumbel noise:

z(ât) = log(p(ât)) + α · gt. (10.2)

where gt is a sample from Gumbel noise, distributed independently and identically, and α

is the temperature parameter, which decreases linearly to 0 across the sampling iterations.

The sampled tokens are then ranked by their confidence scores, and we select the k tokens

with the lowest confidence for remasking in the next iteration. The quantity of tokens to be

remasked, k = γ( t
tT

)N , varies dynamically, with N being the total number of tokens, and

γ adhering to a cosine schedule. This approach ensures a gradual increase in the number

of tokens being replaced as iterations advance, starting with fewer replacements in early

iterations and escalating in later ones.

Moreover, to enhance the model’s adherence to visual content, classifier-free guidance is

implemented [Re144]. This nuanced strategy allows for a more controlled and visually co-

herent audio token generation, optimizing the audio output for more accurate representation

of the visual stimuli.

The audio tokens obtained from sampling are set to be transformed into audio wave-

forms using either DAC or Encodec codecs. However, it’s observed that for DAC, the

audio quality derived from decoding solely the coarse levels of audio tokens is not satis-

factory [Re77, Re137]. To address this, we develop a supplementary coarse-to-fine model

that enhances the fine-level audio tokens Af based on the given coarse tokens Ac. This

model adopts a bidirectional transformer encoder architecture similar to VAB, but differs

by not incorporating modality-specific feed-forward networks and by utilizing audio tokens

from all levels, rather than just the coarse levels, as inputs.

The training of this model centers on the masked audio token prediction task, focusing

exclusively on masking and predicting the fine-level tokens. The training objective for the
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model θc2f aims to minimize the following function:

lc2f = −
∑

∀a∈Af,m

log p(a|Af,u, Ac, V, θc2f). (10.3)

For the inference phase, the model uses the generated coarse audio tokens and visual features

as conditioning inputs, employing iterative decoding to refine the generation process. Con-

trary to the sequential nature of autoregressive generation, our method enables simultaneous

token generation, which significantly cuts down the number of inference steps required. This

not only streamlines the generation process but, in certain instances, also improves upon or

matches the quality of audio produced by traditional autoregressive methods, thus offering

a more efficient and effective approach to audio waveform generation.

10.2.4 Adaptation of VAB for Retrieval

Following the completion of VAB’s pre-training, the model’s learned representations are

primed for adaptation to an array of audio-visual tasks through fine-tuning. We thus em-

bark on fine-tuning the first N1 layers, which are modality-specific, employing contrastive

loss to better align the audio and visual modalities, particularly for retrieval tasks. Al-

though integrating masked prediction and contrastive loss during pre-training may appear

intuitive, our preliminary experiments indicated that such a dual-focused approach hindered

the success of both tasks, leading to convergence issues.

Moreover, we discovered that beginning contrastive training from scratch on the initial

N1 layers demanded a significantly longer training period to achieve comparable results to

those initialized from the VAB model pre-trained with masked audio token prediction. Like-

wise, initiating fine-tuning for masked audio token prediction from a model pre-trained with

contrastive loss did not facilitate the masked prediction task’s convergence. These findings

informed our decision to sequence the training phases, positioning contrastive training as a

post-masked prediction pre-training fine-tuning task.

Specifically, we conduct two separate forward passes to extract audio and visual output

features from the corresponding tokens and frames, respectively, without applying masking
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to audio tokens at this juncture. These output features are then subject to average pooling

and normalization. The fine-tuning phase employs the standard contrastive loss Lc:

lc = − 1

N

N∑
i=1

log

[
exp si,i/τ∑
j exp si,j/τ

]
(10.4)

where si,j = ||aci ||T ||vcj ||, ac and vc are audio and video representations, and τ is the learnable

temperature value initialized with 0.05.

10.2.5 Adaptation of VAB for Classification

The latent representations derived from our VAB model offer the flexibility to be tailored for

a range of additional tasks, such as classification. For tasks focused on a single modality, we

direct either audio tokens or visual features to the initial N1 layers of the VAB model, which

are specific to each modality. In the case of joint audio-visual classification, we combine

both audio tokens and visual features, following the same procedure as in the pre-training

phase of VAB, without masking any audio tokens. The output features from these N1 layers

are then subjected to average pooling, and a linear classifier is appended for the fine-tuning

process across all classification tasks.

While the VAB model fine-tuned post pre-training demonstrates commendable perfor-

mance in classification tasks, initiating fine-tuning from a model that underwent contrastive

fine-tuning exhibits superior results. This enhancement likely arises from the shared at-

tributes between retrieval and classification tasks, notably the non-requirement of audio

token masking, facilitating a smoother transition and knowledge transfer. This benefit is es-

pecially pronounced in tasks involving audio-only and combined audio-visual classification,

underscoring the versatility and adaptability of the contrastive fine-tuned VAB model as a

foundation for classification tasks.

10.3 Experiments

Implementation. For the pre-training of VAB, we utilized AudioSet [Re86] and VG-

GSound [Re145], two extensive audio-visual datasets derived from YouTube. From AudioSet,
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we were able to compile approximately 1.57 million videos out of the original 2 million, due to

some videos being unavailable. For VGGSound, we employed its training set, which consists

of around 177,000 videos. Audio tokens were extracted using the pre-trained Encodec and

DAC models at a 16kHz sampling rate. Video frames were processed using the eva-CLIP

image encoder, as featured in BLIP [Re146, Re147], to obtain CLIP embeddings at a frame

rate of 1fps. Both audio tokens and CLIP embeddings underwent preprocessing and were

stored ahead of the VAB model training.

Our experiments explored two variations of the model: VAB-Encodec/VAB-DAC, which

served as the standard for reporting and comparisons across tasks, and VAB-DAC-Test,

utilized for ablation studies and detailed examinations. The VAB-Encodec and VAB-DAC

configurations consist of 24 layers each, with dimensions of 1024 and 16 attention heads,

amounting to a total of 403M parameters. The initial 12 layers are allocated for modality-

specific processing. The VAB-DAC-Test model is structured with 768-dimensional trans-

former layers, featuring 12 attention heads across a total of 20 layers, with the first 12 desig-

nated for modality-specific expertise. For the VAB’s pre-training, an AdamW optimizer was

employed, targeting a learning rate of 2e-4, complemented by a cosine scheduler. The entire

pre-training phase and the fine-tuning for contrastive loss were executed on a single A100

(80G) GPU. Subsequent classification tasks leveraged an A100 (40G) GPU, illustrating the

computational efficiency and scalability of our approach in handling extensive audio-visual

data and sophisticated model architectures.

Zero-Shot Video-to-Audio Generation. We conducted a comprehensive evaluation of

video-to-audio generation on the VGGSound test set, benchmarking our VAB-Encodec and

VAB-DAC models against established baselines such as SpecVQGAN [Re41], IM2WAV [Re42],

Diff-Foley [Re44], and FoleyGen [Re43]. This evaluation encompassed generating 10 seconds

of audio for each entry within the VGGSound test set, totaling 15,546 samples. For the VAB

models, we utilized 16 decoding steps and applied a classifier-free guidance scale of 5. For

the DAC coarse-to-fine model specifically, we increased the decoding steps to 36.

To objectively assess the quality of the generated audio, we employed two metrics: Fréchet
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Methods FAD ↓ KLD ↓ Speed (s) ↓

SpecVQGAN 6.63 3.78 7.2

IM2WAV 6.32 2.54 289.5

Diff-Foley 6.40 3.15 4.4

FoleyGen 2.59 2.89 6.9

VAB-DAC (Ours) 3.24 2.84 1.3

VAB-Encodec (Ours) 2.69 2.58 0.4

Table 10.1: Quantitative evaluations for video-to-audio generation on the VGGSound test

set. Values in bold indicate the best value.

Audio Distance (FAD) [Re148] and Kullback–Leibler Distance (KLD). FAD serves as a

collection-based metric, gauging the similarity between generated and ground truth audio

features, as characterized by the VGGish Network [Re92] trained on AudioSet. KLD, on the

other hand, measures the divergence between the label distributions of each generated au-

dio sample and its corresponding ground truth, using predictions from a pre-trained PaSST

model [Re149]. FAD correlates with human auditory quality perception, while KLD offers

insight into the accuracy of the audio categories represented.

Additionally, we measured the inference speed of each model, defined as the average time

required to synthesize a 10-second audio clip from a video on an A6000 GPU. We used open-

sourced pre-trained models for SpecVQGAN, IM2WAV, and Diff-Foley to generate their

respective samples. For FoleyGen, we meticulously replicated the model as described in its

publication.

Our findings, detailed in the table 10.1, underscore the advantage of utilizing state-

of-the-art discrete audio tokens with multiple codebooks, as seen in FoleyGen and VAB,

which outperform previous methods in audio quality. With its innovative masked audio

token prediction and iterative decoding strategy, VAB significantly enhances inference speed,

surpassing all preceding models by a considerable margin. Although VAB’s FAD and KLD
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Figure 10.4: Human evaluations for video-to-audio generation. Left: overall quality of the

video. Right: visual relevance to the audio.

scores marginally trail behind the leading approaches, it demonstrates a consistently high

performance across both metrics, establishing a well-rounded balance between quality and

efficiency in audio generation.

To further explore the perceptual nuances between our generated audio samples and those

from baseline models, we implemented a subjective evaluation through a carefully designed

survey. This survey aimed to appraise two key perceptual attributes of the generated audio:

Overall Quality (OVR) and Visual Relevance (REL). To bolster the credibility of our results,

we meticulously selected 150 samples from a class-balanced subset of the VGGSound test

set for evaluation with each method involved in the study.

Participants in the study engaged in an A-vs-B comparative rating task, where they were

presented with pairs of audio samples: one produced by a baseline model and the other by

our leading VAB-Encodec model. Participants were asked to choose between five response

options, indicating either a strong or weak preference for sample A or B, or stating no prefer-

ence. The outcomes of this evaluation, illustrated in figure 10.4, reveal a clear preference for

the VAB-Encodec model across both assessed criteria. This preference was maintained even
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AudioSet Eval Subset VGGSound Eval Subset MSR-VTT (Zero-shot)

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10

Video → Audio

CAV-MAE [Re53] 18.8 39.5 50.1 14.8 34.2 44.0 13.3 29.0 40.5

VAB-DAC (Ours) 35.5 61.8 72.4 30.8 59.6 70.8 13.8 30.6 40.1

VAB-Encodec (Ours) 39.5 65.4 74.6 33.5 63.3 74.3 14.2 31.1 42.0

Audio → Video

CAV-MAE [Re53] 15.1 34.0 43.0 12.8 30.4 40.3 7.6 19.8 30.2

VAB-DAC (Ours) 37.0 61.8 70.8 33.1 62.7 73.8 12.0 27.3 36.2

VAB-Encodec (Ours) 37.5 64.0 73.7 34.9 62.7 73.1 9.6 23.3 32.9

Table 10.2: Cross-modal retrieval results on AudioSet, VGGSound, and MSR-VTT. Values

in bold highlight the best performance.

against baseline methods that might have achieved superior FAD or KLD scores, underscor-

ing the perceptual appeal and efficacy of the VAB-Encodec model in generating audio that

resonates more effectively with human listeners.

Audio-Visual Retrieval. In this evaluation, we focus on analyzing the effectiveness of the

VAB model’s learned representations in both audio-to-visual and visual-to-audio retrieval

tasks. Initially, we fine-tune the VAB model applying a contrastive loss, leveraging the iden-

tical dataset used during its pre-training phase. To gauge the retrieval efficacy, we utilize

the methodology outlined in CAV-MAE [Re53] for conducting retrieval assessments with

audio-visual samples derived from the AudioSet and VGGSound evaluation sets. Addition-

ally, we broaden our assessment scope to encompass zero-shot retrieval performance on the

MSR-VTT test set [Re150].

The evaluation process involves passing audio tokens and visual features through the

VAB model in separate forward passes. We then aggregate the encoder outputs via mean

pooling and normalize them to obtain distinct audio and visual representations. Based on
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the cosine similarity between these representations, we calculate the retrieval recall metrics

at ranks 1, 5, and 10 (R@1, R@5, R@10).

The comparative results, detailed in the table 10.2, highlight the VAB model’s supe-

rior performance on AudioSet and VGGSound compared to CAV-MAE, showcasing a sig-

nificant improvement (up to twice the performance enhancement on both AudioSet and

VGGSound). Additionally, our findings indicate that audio-to-video retrieval consistently

outperforms video-to-audio retrieval across all evaluated datasets, underscoring the VAB

model’s proficiency in bridging audio and visual modalities effectively for retrieval tasks.

Audio-Visual Event Classification. In this study, we assess the performance of the

VGGSound (Acc.)↑ AS-2M (mAP)↑ AS-20K (mAP)↑

Method V+A V A V+A V A V+A V A

Audio-visual Models

G-Blend [Re151] - - - 41.8 18.8 32.4 37.8 22.1 29.1

Perceiver [Re152] - - - 44.2 25.8 38.4 - - -

Attn AV [Re153] - - - 44.2 25.7 38.4 - - -

CAV-MAE [Re53] 65.5 47.0 59.5 51.2 26.2 46.6 42.0 19.8 37.7

MBT [Re47] 64.1 51.2 52.3 49.6 31.3 41.5 43.9 27.7 31.3

MAViL [Re54] 67.1 50.9 60.8 53.3 30.3 48.7 44.9 24.8 41.8

VAB-DAC (Ours) 63.9 55.4 48.2 47.0 33.3 36.2 38.9 28.3 28.8

VAB-Encodec (Ours) 65.2 55.1 51.3 47.7 33.5 38.6 38.7 29.0 29.0

Table 10.3: Comparison to previous audio-visual models on VGGSound, AS-2M, AS-20K in

audio-visual (V+A), video-only (V) and audio-only (A) classification tasks. Values in bold

represent the best performance.

VAB model’s representations in the task of audio-visual event classification. Leveraging

the contrastively fine-tuned VAB model, we fine-tune it further on three diverse datasets:

AudioSet-20K, AudioSet-2M, and VGGSound. During this stage of fine-tuning for classifi-
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cation, we maintain the initial N1 layers and append a linear classification head. This setup

allows us to fine-tune our model using audio-only (A), video-only (V), and combined audio-

visual (V+A) data, offering a comprehensive evaluation of the model’s capability in both

single-modal and multi-modal representation learning.

The classification results, as outlined in the table 10.3, demonstrate that both VAB-DAC

and VAB-Encodec models deliver robust performances across the A, V, and V+A tasks, with

VAB-Encodec showing a marginal edge. Remarkably, the V classification scenario outshines

previous approaches across all datasets, underscoring the strength of utilizing frame-level

CLIP embeddings for visual feature representation. However, a noticeable disparity is ob-

served in the A (audio-only) classification performance compared to leading methods. This

divergence can be attributed to the inherent lossy nature of audio token representation,

which, in the absence of visual cues, poses greater challenges for accurate audio categoriza-

tion. This phenomenon resonates with insights from self-supervised learning research in the

image domain involving quantized tokens [Re143]. Despite this, the pre-training phase of

VAB considerably enhances the model’s effectiveness over training from scratch with visual

features and audio tokens, affirming the value of VAB’s approach in leveraging advanced

representation learning for audio-visual classification tasks.

Audio-only Classification. To gauge the versatility and applicability of our VAB model’s

audio representations beyond its initial training scope, we extend its application to tasks

that are strictly speech or audio-centric. Drawing inspiration from MAViL [Re54], we carry

out experimental evaluations on the Environmental Sound Classification (ESC-50) [Re154]

and Speech Commands (SPC-v1) [Re155] datasets, focusing solely on fine-tuning the audio

component of the VAB model.

The outcomes, detailed in the table 10.4, showcase that VAB delivers performances that

are on par with, or even exceed, those of recently developed supervised and self-supervised

models. This achievement highlights VAB’s remarkable capability for generalization and

transfer learning, demonstrating its effectiveness in adapting from an audio-visual self-

supervised pre-training environment to tackling purely audio-based tasks.
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Method ESC-50 SPC-1

AST [Re156] 88.7 95.5

SS-AST [Re157] 88.8 96.0

Aud-MAE [Re158] 94.1 96.9

MAViL [Re54] 94.4 97.4

VAB-DAC (Ours) 89.2 95.1

VAB-Encodec (Ours) 91.4 96.1

Table 10.4: ESC-50 and SPC-1 classification accuracy
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Chapter 11

CONCLUSION

In this thesis, I have considered vision-to-audio generation, approaching the topic through

various lenses and scales and proposing a suite of methodologies to obtain outcomes for

this intricate task. My thesis work commenced with a thorough review of fundamental

concepts and related works in Chapter 2, which established the critical foundation necessary

for understanding the rest of my thesis.

As described in this thesis, I followed a bottom-up approach to identify the building

blocks of learning audio and vision correspondence and audio generation. In particular,

in Chapter 3 a system specifically designed for generating music from top-down views of

piano performances is showcasing the initial step towards bridging visual inputs with musical

outputs. In Chapter 4, we extend our study to the generation of music from arbitrary human

movements widening the applicability of video-to-music generation techniques. Chapter 5

presents a generalized video-to-music pipeline, offering a comprehensive framework for audio

generation from visual inputs, signifying a pivotal advancement in the field. In these studies,

the common thread is using a preset representation.

In further studies, I addressed how such representation can be learned implicitly. In par-

ticular, in Chapter 6, a self-supervised learning model that adeptly correlates temporal series

data, such as sequences of human body poses, without relying on manual annotations is de-

scribed. This chapter illuminates the potential of self-supervised techniques in capturing the

dynamics of human movement. Building on the insights from Chapter 6 as a building block,

Chapter 7 integrates it in the application of instrument music generation from musicians’

body movements, further expanding our methodological repertoire for audio generation from

visual cues. Chapter 8 introduces a novel approach for synthesizing object impact sounds
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from video content, broadening the audio generation landscape to encompass a wider array

of sound types. Chapter 9 presents an innovative spatial audio representation specifically

tailored for indoor scenes, enhancing the authenticity and immersion of audio experiences

within virtual environments.

The studies described above identified building blocks of learning vision-to-audio gener-

ation and audio-visual representation, and upon these, in Chapter 10, I propose an audio-

visual foundational framework that is based on and extends these building blocks to both

generate diverse types of audio from general videos and also learn audio-visual representa-

tions for a multitude of tasks extending beyond generation alone.

Throughout this thesis, the collective contributions reflect a deeper representation of the

audio-visual correspondence and novel approaches to the vision-to-audio generation domain.

These contributions have marked significant strides toward higher precision, generic, and

more interpretable audio-visual experiences.
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