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Xiulong Liu
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Eli Shlizerman
Electrical and Computer Engineering

Human perception relies on the integration of multi-sensory signals such as vision, audio and
language, enabling complex tasks such as interpreting environments and making decisions.
In Artificial Intelligence (Al), multi-modal learning seeks to enable such abilities. Significant
progress has been made in text-centered multi-modal learning, e.g., vision-language learning,
while understanding the connections between vision and audio is still less characterized.
Unlocking these relationships can enable Al systems to generate realistic audio, enhance
contextual understanding for execution of complex tasks, and create interactive interfaces.
These can support applications in augmented reality, robotics, and virtual experiences.
Audio-visual learning is challenging due to the high-dimensional and redundant nature
of both vision and audio signals. The signals are continuous and contain various information
that are not necessarily organized. Existing text-centered multi-modal learning methods do
not generalize to audio-visual scenarios since they rely on strong semantic properties of text
modality. In particular, when these methods are directly adapted to audio-visual tasks, they
often fail to capture meaningful cross-modal interactions that are important for downstream
tasks. It is therefore important to develop specific multi-modal systems for audio-visual
scenarios to effectively handle redundancy. These systems should be capable of solving a
range of tasks, from audio generation to complex multi-modal understanding problems such

as question answering and navigation.



To address these challenges, in my PhD research I developed multi-modal interactive
systems. These systems are of two types: Multi-modal audio generation systems and
Multi-modal task solving systems. Audio generation systems aim to create as close as
possible realistic audio from visual and other modalities inputs by modeling temporal and
semantic correspondences. Task solving systems process audio-visual and other multi-modal
inputs to support tasks such as retrieval, question answering, and navigation. They do so

through multi-modal interactions to extract task-relevant cues.
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Chapter 1

INTRODUCTION
1.1 Background

Our perception relies on seamless integration of multi-sensory signals such as vision, audio
and language. These modalities complement each other to enable us to perform complex
tasks based on context, from interpreting environments to making decisions. In Artificial
Intelligence (AI), the study of such interactions, known as multi-modal learning, aims to
enable this integration by machine learning models to process and learn from diverse modal-
ities. While significant advancements have been made in vision-language and audio-language
learning, understanding and leveraging the intricate relationships between multiple modali-
ties, especially vision-audio, remains a largely yet to be well explored domain. Unlocking such
relationships between visual and audio can enable Al systems to perform tasks such as gener-
ating realistic sounds for visual scenes, understanding environmental contexts for navigation,
or building more interactive and accessible interfaces. These capabilities are foundational
for applications in augmented reality, robotics, and immersive virtual experiences.
Audio-visual learning is challenging due to the complex and redundant nature of vision
and audio signals. Unlike text, which consists of discrete tokens with strong semantic mean-
ing and minimal redundancy, vision and audio are continuous and high-dimensional. The
information within is not semantically organized, such that its relevance to the specific tasks
is not directly interpretable. This imposes challenges on focusing on the parts relevant to
specific tasks. The relationships of the modalities are highly diverse, ranging from clear
temporal alignments, e.g., finger movements corresponding to piano notes, to abstract se-
mantic associations, e.g., environmental sounds paired with visual scenes. While text-based

multi-modal learning, e.g., vision-language learning, has developed unified methods that can
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Figure 1.1: A high level conceptual overview of a design of multi-modal interactive system.

generalize across tasks, audio-visual learning remains focused on domain-specific problems
and does not immediately generalize across scenarios. These challenges, such as managing
redundancy, modeling cross-modal interactions, including temporal and semantic correspon-
dence and ensuring generalization across tasks, require novel systems design tailored to the
unique nature of audio-visual learning. To address the aforementioned challenges, my re-
search focuses on developing systems that model the connections between vision and audio
with possible inclusion of other modalities such as text, for a variety of tasks. From a high-
level viewpoint, my works can be organized into proposing systems which receive multi-modal
inputs and then transform them into different modalities outputs through multi-modal rep-
resentation learning, as shown in Figure 1.1. From this core and abstract representation, my
work can be organized into two concrete branches (as shown in Figure 1.2). These corre-
spond to: 1. Multi-modal audio generation systems, designed for generating realistic
audio from visual and other modality inputs by addressing both temporal and semantic cor-
respondence. 2. Multi-modal task solving systems, designed to process audio-visual and
other modality inputs. These systems support tasks such as retrieval, question answering,
and navigation by leveraging interactions across multiple modalities. By developing efficient

system pipelines and fusion methods for integrating multi-modal data, my work reduces re-
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dundancy in vision and audio, models their diverse interactions, and improves the ability to
generalize across different scenarios.

However, modeling these interactions is non-trivial, especially due to the temporal nature
of both video and audio. Unlike static images, these modalities unfold over time, introducing
a dynamic dimension that complicates their alignment. For instance, the occurrence of a
dog barking is closely tied to the moment it opens its mouth, rather than the mere pres-
ence of the dog in the scene. Instead, this example highlights the critical role of timing in
the audio-visual correlation. Furthermore, 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 applica-
ble. In other contexts, such as music dance videos, the audio-visual correspondence becomes

more subjective, emphasizing dance beats and styles rather than explicit visual cues which
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Figure 1.3: A high-level overview of Multi-modal Audio Generation Systems: Various visual
(4 other modality) representations as well as the intermediate audio representations are se-
lected for different audio generation tasks. Existing deep generative models such as GAN,
autoregressive models are applied to transform the input reprentations into audio represen-

tations.

introduce ambiguity.

In terms of Multi-modal audio generation systems that generate audio from visual inputs
(with optional extra modalities), these require addressing two key types of audio-visual corre-
spondence: temporal correspondence, where visual and audio signals are closely synchronized
(e.g., finger movements on a piano producing notes), and semantic correspondence, where
the connection between visual and audio is based on context (e.g., sounds of fountains and
chatter in a tourist scene). For temporal correspondence, capturing fine-grained spatial and
temporal dynamics is essential, while for semantic correspondence, extracting meaningful,
high-level visual cues for generating audio is key.

The success of audio generation systems depends on selecting suitable representations for
both audio and visual data aligned with the specific requirements of correspondence types.

These representations are then integrated using advanced deep generative models, enabling
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Figure 1.4: A high-level overview of Multi-modal task solving systems: The systems process
inputs from visual, audio, and other modalities, e.g., text, through modality-specific en-
coders, which extract deep features that capture the essential characteristics of each modal-
ity. These features are then integrated into the multi-modal interaction models, which fuse
information across modalities and focus on extracting task-relevant cues to solve downstream

tasks.

the transformation from multi-modal inputs to realistic and contextually accurate audio out-
puts. The design choices for audio and visual representations, along with the deep generative
approaches applied to generate the audio through various intermediate representations, are
summarized in Figure 1.3.

In terms of systems for multi-modal inputs including audio, visual and other modalities to
solve tasks, these require effective interactions among the modalities to extract task relevant
information. At a high level, multi-modal interactions involve leveraging task-specific cues,
such as a question or query in the context of question answering (QA), to guide the fusion and
alignment of features across other modalities. Specifically, each modality is first processed
by a modal-specific encoder to extract deep features that are then integrated into the multi-
modal interaction models. These models, often employ attention mechanisms, which focus on

the most relevant components of each modality, ensuring that the fused information directly



supports the target task.
The task solving pipeline, as shown in Figure 1.4, is designed to solve a variety of tasks

such as classification, retrieval, QA and navigation effectively.

1.2 Summary of Lessons Learned and My Research Contributions

In Multi-modal audio generation systems, I developed multiple methodologies tailored
to different types of audio-visual correspondences. These include systems that focus on
temporal correspondence, semantic correspondence and their combinations. These works
have been among first explorations of generative models in the multi-modal audio generation
domain. They uniquely address various correspondence types by designing novel audio-visual

representations and set the foundation for multi-modal audio generation.

o Audeo [XL1]: A two-stage generative model that uses Generative Adversarial Net-
works (GANSs) to translate piano performance videos into corresponding music, lever-

aging fine-grained temporal visual-audio alignment.

o RhythmicNet [XL2]: A multi-stage system to generate rhythmic soundtracks for
various human body movements (e.g., dancing, workouts) by capturing motion-based
visual rhythms, generalizing vision-to-music applications to different kinds of human

activities.

« InteractiveBeat [XL3|: This approach adapts RhythmicNet into a real-time, inter-

active soundtrack generation system for dynamic applications that follow causality.

o MI-Net [XL4]: A vision-to-music system for multi-instrument performance, which

exploits the semantic correspondence between visual inputs and timbre in latent space.

o VATT [XL5]: A general video-to-audio generation system with optional text prompt,

enabling sound generation across diverse categories from in-the-wild videos.



« xRIR [XL6]: A generalizable framework for room impulse response prediction, which
captures the acoustic effects of different room environments with high resolution in

order to render realistic spatial audio.

In Multi-modal task solving systems, I developed several multi-modal interaction
models tailored to specific requirements that address different tasks. These systems can be
categorized into basic perception tasks, such as audio-visual classification and retrieval, and
more fine-grained tasks that require complex understanding. Such problems often rely on

text inputs for better performance.

« VAB [XL7]: This model was adapted from a generative architecture to an understanding-

based model, enabling tasks such as audio-visual retrieval and classification.

e MuseChat [XL8]: A conversational music recommendation system for videos that

incorporates user preferences through text inputs, capturing dynamic user interactions.

« MUSIC-AVQA-v2.0 [XL9]: An audio-visual QA system that handles complex spa-
tial and temporal reasoning. It models the interplay among questions, audio and visual

cues to provide accurate answers.

« CAVEN [XL10]: A dialogue-based audio-visual navigation system, which uses sparse
text feedback and reinforcement learning to guide agents in challenging environments

with intermittent or distracting audio cues.
1.3 Thesis Outline

This thesis is organized as follows: Chapter 2 provides an overview of fundamental concepts
and related works. From Chapter 3 to 8, the thesis includes published works that are built
for multi-modal generation audio generation systems. Chapter 3 describes the model for
translating piano performance videos into corresponding music. Chapter 4 focuses on in-

troducing the work in generation of rhythmic soundtracks for human activity videos with



various human body movements. Chapter 5 details how the rhythmic soundtracks gener-
ation can be adapted into a real-time soundtrack generation system to support interactive
applications. Chapter 6 explores the generation of instrument music from musicians’ body
movements. Chapter 7 generalizes such generation from music domain into generic audio
by combining audio-visual features with large language model. Chapter 8 further discusses
leveraging audio-visual cues in room environments to render immersive and realistic spa-
tial audio. From Chapter 9 to 12, published works of Multi-modal task solving systems
are presented. Chapter 9 introduces equipment of an audio-visual generative model with
audio-visual understanding capabilities using a unified framework to solve downstream tasks
such as audio-visual retrieval and classification. Chapter 10 describes a design of a first-of-
its-kind video to music recommendation system that allows interactions between user and
system through conversation, refining the recommendation results in an iterative way while
enhancing interpretability. Chapter 11 introduces a bias-free audio-visual QA benchmark
and a system that can achieve the state-of-the-art performance. Chapter 12 extends the
Multi-modal task solving system to embodied Al framework, introducing an audio-visual
navigation system equipped with conversation capability with oracle for better performance
in navigation. Chapter 13 concludes the thesis by summarizing key contributions for the
two type of systems I have developed. The thesis incorporates works which have been pub-
lished in the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR)
[XL6, XL8, XL11], Neural Information Processing Systems (NeurIPS) [XL5, XL2, XL1],
International Conference on Machine Learning (ICML) [XL7], AAAI Conference on Artifi-
cial Intelligence (AAAI) [XL10], the IEEE Winter Conference on Applications of Computer
Vision (WACV) [XL9, XL3]. *

In 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.



Chapter 2

FUNDAMENTAL CONCEPTS AND RELATED WORKS

This section provides an overview of key concepts and methods in the multi-modal learn-
ing literature. These are mostly related to audio and computer vision, known as audio-visual
learning. Recent audio-visual learning includes the possible consideration of text as well.
The discussion focuses on how each modality is represented and how they interact with each
other given that deep learning tools are utilized for the problems within audio-visual learn-
ing. As mentioned in the previous section, this overview will be provided from two different

perspectives: the generation perspective and the task solving perspective.

2.1 Audio Representations

Raw Waveform. An audio waveform is typically represented as one-dimensional time se-
ries, x = {x1,..., %, ..., o7}, where x; € R and T is the duration of the audio. While the
waveform is a direct way for representation of audio, its high sampling rate poses significant
modeling challenges. This is since a very short waveform that lasts one second would contain
16k to 44.1k samples, depending on the sampling rate. Furthermore, suitable approach to
analyze such sequences would be sequence modeling. In the realm of deep learning, such
models are known to be difficult to utilize since they often suffer from exploding or vanish-
ing gradients [Re8]. To address these issues, specialized architectures have been proposed
based on the design of effective techniques such as multi-scale dilated convolutional blocks.
However, a more natural representation that fits into the deep learning framework would be
the adoption of the time-frequency representations to substitute waveform representation.
Time-frequency Representations. The most common Time-frequency representa-

tion of audio is probably the spectrogram. The spectrogram is a 2D representation with two
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axes, the temporal axis and the frequency axis. It is computed through Short-Time Fourier
Transform (STFT). The algorithm starts with dividing the audio waveform into overlapping
windows, with each window consisting of a certain number of samples. For each window,
a function w(t) such as Hann, is applied before calculating the Discrete Fourier Transform
(DFT) on the window, X (m,w) = >, z(t)w(t —m)e7**. The index m denotes the temporal
location, while w represents the frequency location. The window size controls the number of
terms in the summation while the FFT size determines the number of frequency bins that w
can take. These two parameters are critical when designing a spectrogram, as they dictate
the trade-off between time and frequency resolution. Once the STFT X (m,w) is computed,
the spectrogram is obtained by taking the squared magnitude: S(m,w) = |X(m,w)[®>. The
spectrogram captures the distribution of power across frequencies over time. Since the phase
information is discarded in this representation, this results in a simpler representation. Ad-
ditionally, since each time step in the spectrogram aggregates a wider temporal range of
samples, the long-sequence modeling problem inherent to waveform representations is allevi-
ated. A logarithmic transformation is often applied to the spectrogram to address dynamic

range scaling and to better match human auditory perception.

Another popular Time-frequency representation is the Mel-scale spectrogram. The Mel
scale is a perceptual scale in which equal distances correspond to equal perceived pitch
differences. The conversion from frequency f in Hertz to Mel scale m is given by: m =
2595 10g10(1+%). A Mel spectrogram is obtained by applying this non-linear transformation
to the frequency axis of a standard spectrogram. Since the number of Mel bins is typically
smaller than the number of frequency bins in the linear scale, this representation can also
be considered as a form of dimensionality reduction. Since the (log or Mel) spectrogram can
be viewed as a 2D matrix similar to a grayscale image, many deep learning techniques from
the image domain can be directly applied to audio analysis tasks.

Latent Representations While Time-frequency representation is expected to capture

audio information at high resolution, direct generation of such representations using neural

networks remains challenging. To address this, more effective intermediate representations
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have been developed to simplify the generation task. In particular, latent neural repre-
sentations have emerged as a promising approach [Re9, Rel0, Rell]. These methods use
an autoencoder to compress the high-resolution audio signal into a low-dimensional latent
space, achieving high compression ratios. In this space, each latent vector corresponds to a
short temporal segment of the original audio. For generation tasks, models are trained to
synthesize sequences of latent vectors, which are then decoded back into the waveform or
spectrogram via the decoder. This design reduces the burden on generative models to cap-
ture fine-grained details, instead relying on the autoencoder to preserve relevant information
through effective compression.

The representations may remain continuous or be quantized into a discrete set, depending
on the structure of the latent space. The quantization process further compresses the latent
vectors by mapping them to a finite set of code vectors, each represented with a token. This
combination of quantization and autoencoding is referred to as a neural codec, where each
audio signal is represented as a sequence of tokens in latent space [Rel0, Rell]. These token
sequences can then be modeled using a variety of generative models tailored for discrete

token generation.
2.2 Music Symbolic Representations

Similar to general audio, music can be represented using formats such as waveforms, spectro-
grams, or Mel-spectrograms. However, due to the structured nature of musical compositions,
it is often beneficial to leverage symbolic representations for music modeling. These represen-
tations provide an explicit encoding of notes and other musical events, as exemplified by the
Musical Instrument Digital Interface (MIDI) format [Rel2]. A digital format is considered
symbolic if it encodes information using a fixed alphabet of discrete symbols.

Piano-Roll A straightforward symbolic encoding is the piano-roll representation, which
can be viewed as a two-dimensional matrix M € RT*? | where the horizontal axis represents
time and the vertical axis represents musical pitch. Each entry M;; specifies the velocity of

the j-th pitch at the i-th time step. In MIDI terminology, velocity refers to the intensity or
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force with which a note is played.

MIDI MIDI representations extend symbolic encoding by recording each note event—such
as note onset, note offset, and velocity—as a sequence of messages, analogous to words in
a sentence. This text-like structure makes symbolic representations especially well-suited
for modeling with large language models. As a result, a wide range of unconditional mu-
sic generation approaches have adopted various symbolic strategies to model musical se-

quences [Rel3, Rel4, Rel5|.

2.2.1 Visual Representations

Raw Video Representation. A common way to represent video data is by a four-

dimensional tensor v € RT*XCxHxW

, where T is the number of frames, C' is the number
of channels, and H and W denote the height and width of each frame, respectively.

Body Pose Representation. In many cases, raw video contains significant redundancy.
For instance, in videos with people, their movements can be effectively captured by focusing
solely on body movements, rendering background and appearance details unnecessary. This
principle also holds for certain vision-to-audio generation tasks. For example, music accom-
panying a dance is primarily influenced by the rhythm of the movement, rather than the
background scene or the visual appearance of the performer. Therefore, using body move-
ments as the primary representation is both more effective and efficient. Such movements can
be extracted using human pose estimation methods, such as OpenPose [Rel]. Specifically,
body movements can be encoded as body keypoints, through a three-dimensional tensor
h € RT™*/>*Pwhere T is the temporal dimension, J is the number of body joints, and D
denotes the dimensionality of joint coordinates (e.g., 2D or 3D).

Deep Neural Representations in Latent Space. Beyond raw videos and body key-
points, one can leverage latent representations extracted from pre-trained visual models.
For example, image classification architectures such as ResNet [Rel6] and Inception [Rel7]
are commonly used to obtain compact feature embeddings f, € RPs for each video frame,

where Dy denotes the feature dimension. Additionally, multi-modal embeddings from mod-
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els like CLIP (Contrastive Language-Image Pre-training) are frequently employed across a
wide range of downstream tasks including generative applications. Beyond frame-level rep-
resentations, features from pre-trained video understanding models can be used to capture
global temporal context [Rel8, Rel9, Re20]. In the audio—text domain, contrastive alignment
techniques [Re21] are similarly used to learn latent vectors that encapsulate rich semantic

information from audio, to be utilized for both understanding and generation tasks.
2.3 Deep Generative Models

Autoregressive Models. One of the primary approaches to audio generation is the au-
toregressive modeling approach, which learns an explicit probability distribution governed
by a prior imposed by the model architecture. The joint probability of an audio waveform

x = {x1,..., 2, ..., o7} can be factorized as a product of conditional probabilities:

=

p(x) = || p(xi|z1, .oy meq). (2.1)

t=1

Each audio sample x; is conditioned on the samples at all preceding samples. Autoregres-
sive models are widely used in audio generation due to their ability to produce explicit
probability densities, offer stable training, and align naturally with the sequential nature of
audio signals. To implement such models, architectures based on 1D-convolutions [Re22],
transformers [Re23|, or recurrent neural networks [Re24] have been proposed.

More recently, neural codecs have emerged as powerful tools for compressing raw audio
into a downsampled sequence of discrete tokens. This allows autoregressive models to oper-
ate at the token level rather than directly on the raw waveform, significantly simplifying the
learning process. For example, FoleyGen [Re25] employs a transformer-based architecture to
perform autoregressive generation by flattening audio tokens. Other works, such as Vamp-
Net [Re26] and SoundStorm [Re27], introduce an advanced autoregressive technique known
as masked parallel decoding, in which selected masked tokens are predicted in parallel to
improve generation efficiency.

GANs A Generative Adversarial Network (GAN) [Re28] is another useful approach
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that has demonstrated impressive results across a range of generative tasks, including music
synthesis [Re29]. GANSs are inspired by game theory, in which two models, a generator and a
discriminator, compete in a zero-sum game, gradually improving each other’s performance.
The GAN framework consists of two components: a discriminator D, which estimates the
probability that a given sample comes from the real data distribution, and a generator
G, which generates synthetic samples from a noise input z. The discriminator is trained
to distinguish real samples from those generated by (, while the generator is trained to
produce realistic outputs that can fool the discriminator into assigning a high probability
to fake data. During training, the generator G and discriminator D engage in adversarial
learning: G attempts to generate data that appears real, while D tries to detect fakes. This
dynamic encourages both models to improve. Mathematically, the discriminator aims to

maximize the objective
Eonpr (@108 D(2)] + Eznp. () [log(1 — D(G(2)))], (2.2)

where p,(x) denotes the real data distribution and p.(z) is the prior distribution over noise

inputs. Simultaneously, the generator is trained to minimize
E,p. (s [log(1 — D(G(2)))) (2.3
Combining both objectives, the GAN training process can be expressed as a minimax game:
minmax £(D, G) = Eyp, (nllog D(x)] + Eonpollog1 — DG (24)

While GANs have achieved success in various domains, their training can be slow and un-
stable. In practice, hybrid approaches which combine autoregressive models with adversarial
training are often used to improve the quality and the realism of generated samples.
Mask Token Generative Modeling Autoregressive (AR) models factorize the joint dis-
tribution over a token sequence Y = {y;}¥, as

N

p(Y) = TIp(vi | <),

i=1
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and generate one token at a time. While AR decoding is conceptually simple, it requires NV
sequential passes through the Transformer, resulting in O(N) latency. Masked-token gen-
eration generalizes AR by predicting—and “committing'—multiple tokens in each iteration,
exploiting bidirectional context to unmask a subset of positions in parallel. At each step,
the model fills all masked slots simultaneously, then selects the most confident predictions
to fix, and repeats this process until no masks remain.

A broad class of generative frameworks, across modalities (e.g., text, images, audio),
thus operates by learning to recover randomly masked discrete token sequences via parallel
iterative decoding. Let Y = {y;}2, denote the tokens (from a finite vocabulary of size
K) obtained by a domain-specific tokenizer (e.g., text embeddings or VQ-VAE tokens for
images/audio), and let M = {m;}¥, € {0,1}" be a binary mask indicating which positions
are concealed. A bidirectional Transformer py is trained to minimize the masked token

prediction loss:

Loask = —Ey M [i m; log py (yi |Y®(1- M))}, (2.5)

=1

generalizing the Masked Language Modeling objective [Re30] to any discretized signal do-
main.

At inference it is initialized as
Y© = [[MASK],...,[MASK]], M©® =1y,

and for each t =0,...,T — 1 perform the following steps in sequence:

First, the model predicts logits for every position:
PO = py(- | YW, MD). (2.6)
Next, we sample candidates at each masked position and compute their “confidence”:

0 = M0 PO () 27)
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The number of tokens to commit is decided by applying a monotonically decreasing schedule
7:[0,1] = [0, 1]
T

ng = %(t) N-‘, 7. = the ns-th largest value in {cgt)}. (2.8)

With this, tokens whose confidence exceeds the threshold are committed, and the rest remain

masked:
(t+1) (t)
Y; 70 ) C; > T,
(v M) = ( ) t (2.9)
([[MASK]], 1) , otherwise.
A common choice is a cosine decay schedule,
() = 5(1+cos(mn)), v e[0,1], (2.10)

which ensures that early iterations unmask only the most confident tokens, and later iter-
ations refine the remainder. After T iterations one obtains YY), the fully generated se-
quence [Re31].

This Mask Token Generative Modeling paradigm has been instantiated in natural lan-
guage generation [Re31], image generation [Re32, Re33|, and audio token generation [Re27,
Re34|, demonstrating its modality-agnostic efficacy and significant decoding speedups over

autoregressive approaches.

2.4 Conditional Audio Generation

Visual-to-Audio Generation task has drawn significant attention since generative frame-
works such as diffusion and transformer-based architectures have been developed. FEx-
isting Visual-to-Audio generation approaches can be divided into two branches of stud-
ies based on audio categories: wvisual-to-music generation and visual-to-natural sound gen-
eration. In visual-to-music generation domain, earlier studies explored Midi or spectro-
gram generation from human body movements by studying the temporal and semantics
alignment [XL1, XL4, XL3] [Re35]. More recently, diffusion-based methods have been

proposed to generate music waveforms directly from videos [Re36]. In visual-to-natural
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sound generation, earlier efforts pioneered the generation of sounds linked to various objects
and materials [Re37]. Later works proposed an audio generation approach based on Sam-
pleRNN [Re38, Re24] that could generate several types of natural sounds from in-the-wild
videos. While these approaches showcase promising results, they are often limited to specific
audio categories. Neural codec [Re9, Re39, Rell, Re40, Rel0] and autoregressive transformer
architectures [Re41, Re42] addressed these limitations and as they have evolved, generative
models now effectively generalize across a broader range of sounds or music, leveraging com-
pressed latent spaces [Re43, Red4, Re25, Re45]. Similar advances have been shown with dif-
fusion techniques such as [Re46, Re47]. In the discrete token modeling space, masked-token
generative apparoach has also gained popularity since such method can efficiently generate
the audio without excessive iterations [Re48, Re34], compared to the common autoregressive
decoding schemes.

Text-to-Audio Generation As an alternative to the generation of audio soley from
video, text can be used as an input to guide audio generation. When text is the in-
put, audio generation becomes more controllable semantically. Existing approaches such
as Make-An-Audio [Re49], AudioLDM [Re50], AudioLDM-2 [Re51] and others [Reb2, Reb3,
Reb4] enable general text-to-audio (or music) generation by adapting latent diffusion tech-
niques, first developed in [Reb5]. Concurrently, methods such as AudioGen [Re56], Mu-
sicGen [Re57], AudioLM [Reb58], MusicLM [Reb9], SoundStorm [Re27], VampNet [Re26]
leverage transformer-based architectures and token-based modeling techniques to produce
audio tokens, that are then decoded into waveforms using neural codecs like Encodec [Re40)]
and SoundStream [Rel0]. In particular, SoundStorm and VampNet use an efficient technique
known as masked token-based modeling which speeds up generation with parallel unmasking

in the decoder.
2.5 Audio-Visual Learning for Acoustics

Each environment exhibits a distinct auditory experience. To understand how sound is

realized in a space, a room impulse response (RIR) is typically recorded. This captures
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how an ideal impulse emitted from a source reflects, gets absorbed, scatters, and ultimately
reaches a microphone, all shaped by the room’s specific geometry and surface character-
istics. Early machine learning methods for room impulse response (RIR) prediction, such
as Image2Reverb [Re60] and Fast-RIR [Re61], utilize a generative approach conditioned on
semantic information like RGB images of the environment, source and listener locations, and
T60 values. Recent advances on implicit neural representations [Re62, Re63] have inspired
a series of works that approximate a function mapping spatial coordinates of source and lis-
tener locations to RIRs [Re64, Re65, Re66, Re67]. Some methods [Re68, Re69, Re70, ReTl,
Re72, Re73, Re74] also condition on room geometry and material properties of the visual
environment. By explicitly modeling the 3D scene, these methods can render precise RIRs
at novel locations within the same environment they are trained on. In addition to RIR
prediction task, prior methods have combined both modalities for a series of other audio-
visual learning tasks related to room acoustics, including audio spatialization using visual
spatial cues from the environment [Re75, Re76, Re77, Re78, Re79], learning image features,
scene structures, or human locations from echoes [Re80, Re81], ambient sound [Re82], or
music [Re83] in the room, and using RGB images or videos of a target environment to guide

sound transfer that aligns with the space’s acoustics [Re84, Re85, Re86, Re87, Re88].
2.6 Multi-modal Large Language Models

Multi-modal Large Language Models (MLLMs), have been able to attain significant progress.
With the advent of open source, pretrained and instruction-tuned LLMs such as LLama [Re89],
Alpaca [Re90], Vicuna [Re91]. In particular, when extending these LLMs into MLLMs, a
pretrained modality-specific encoder extracts the features and then a projection layer maps
these features into vectors of the same dimension as text embeddings of the corresponding
LLM. This approach led to developments in visual LLMs [Re92], audio LLMs [Re93, Re94],
audio-visual LLMs [Re95] and showed improvement in multi-modal understanding tasks such
as captioning and question-answering [Re96]. Recent efforts have also focused on specific

tasks such as multi-modal retrieval [XL8], multi-modal embodied navigation [Re97], leverag-
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ing LLM’s strong reasoning capabilities to interpret or improve the results for specific tasks.
In terms of generation, several works [Re98, Re99] aimed at achieving any-to-any modality

generation using LLMs as a central medium.
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Chapter 3
PIANO PERFORMANCE VIDEO-TO-MUSIC GENERATION

This chapter is based on the following published work: [XL1].

3.1 DMotivation

Reconstructing musical audio from visual input presents a challenging problem at the in-
tersection of computer vision and audio synthesis. In the case of piano performance, a
top-down video contains rich visual information about hand movements, finger positions,
and key presses, all of which are directly linked to the resulting sound. Learning a mapping
from this visual data to the corresponding audio requires understanding both the temporal
alignment and the physical interactions that generate sound.

Unlike tasks where audio is directly available, generating audio from video alone must
address the lack of direct acoustic cues. The system must infer timing, pitch, and dynamics
from visual observations, despite the lower temporal resolution of video compared to audio.
This requires not only synchronizing events between modalities but also predicting fine-
grained acoustic features that may not be explicitly visible in the input.

To address this, it is useful to introduce an intermediate representation between video
and audio that captures the underlying musical structure. MIDI, a symbolic format encoding
key events and timing, provides a compact and interpretable interface for music generation.
By learning to predict MIDI sequences from video, the system can decouple the perception
of musical actions from the synthesis of audio. This two-stage process—video to MIDI, and
MIDI to audio—simplifies learning and improves generalization. Alternative intermediate

representations, such as spectrograms, can also be used to bridge the gap between visual
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- ~  Roll2Midi Net

Net

Performance Video Generated Audio

Figure 3.1: Given an input of video frames of a musician playing the piano, Audeo generates

the music for that video. (Figure from [XL1])

input and audio output, offering a dense time-frequency view of sound that complements

symbolic approaches.

In light of these observations, I proposed an entire pipeline, named Audeo, to generate
the piano music of a silent piano performance video. Awudeo translates the performance
from the video domain to the audio domain in three stages by recovering Midi signals.
In the first stage, given a top-view video, I use a multi-scale feature attention deep residual
network to capture the visual information and to predict which keys are pressed at each frame
(Video2Roll Net). I formulate this as a multi-label classification task, and the collection
of predictions can be seen as a ‘Piano-Roll. However, long-term temporal dependencies are
not considered in the first stage and therefore cannot generate faithful music. Therefore,
in the second stage, I utilize a Generative Adversarial Network (GAN) [Re28] to refine and
enhance the Roll with musical attributes to output the Midi signal (Roll2Midi Net). This
step turns out to be critical for providing symbolic musical representation. The third and
last stage of the Audeo pipeline is the synthesis of Midi to the audio signal (Midi Synth).
Since the predicted Midi is binary and missing expressive velocities, I propose using the same
velocity to synthesize mechanical audio via a classical Midi synthesizer or a deep synthesizer
to obtain more realistic audio. The deep synthesizer translates Pseudo-Midi to a spectrogram

and then to audio. An overview of the Audeo system is shown in Figure 3.1.
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3.2 DMethods

I use Midi as an intermediate signal to translate piano video frames to output audio. Since
piano performance videos from the Internet are usually without accompanying Ground Truth
Midi, I retrieve the Pseudo Ground Truth (GT) Midi from the audio with the Onset and
Frames framework [Rel00]. The Pseudo GT Midi can be considered a two-dimensional
binary matrix M € RE*T where K is the number of pitches, and T is the number of frames.
For each entry, My ;, 1 indicates if the key £ is sustained at frame j and 0 otherwise. We
describe the details of each component of the Audeo system in the following.

Video2Roll Net: The task in the first stage can be defined as a multi-label image classifi-
cation problem. One video clip X can be seen as a four-dimensional tensor X € RTX¢xHxW
where T, C', H, W are time, channel, height, and width dimension respectively. I use stacked
five consecutive grayscale frames X; o 1¢+41,+42 as the input into Video2Roll Net, which
outputs a prediction of the keys pressed in the middle frame X;. Mathematically, I estimate
the conditional probability of the keys being pressed at frame ¢ given video frames X; o..o.
The probability of estimated keys at frame ¢ will be P(M.;) = P(M. 4| Xy—24—1411.022)- |
use ResNet18 as the backbone and the architecture takes into consideration the natural phe-
nomena appearing in this task: 1) the visual cues of the sustained keys are relatively small
compared to other objects in the image such as hands and fingers; 2) at each frame, the
pressed keys may correlate due to the concept of musical harmony so some combinations
have a higher chance to appear at the same time than others; 3) the spatial dependencies are
significant to detect the sustained keys but the typical CNN is designed to be invariant to
spatial positioning. To address these issues, I design a multi-scale feature attention network
similar to [Rel01]. Specifically, using ResNet18 as the backbone, Video2Roll Net contains
three functional modules: feature transform, feature refinement, and correlation learning.
The feature refinement setup is similar to a feature pyramid network (FPN) [Rel02], which

uses a top-down features propagation mechanism. The main difference to common FPN is

that in our Video2Roll Net multi-scale features at residual blocks are first transformed and
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re-calibrated via the feature transform module before passing to the next stage. This allows
the network to detect visual cues on various scales better. As a final component, the corre-
lation learning module is used to learn feature spatial dependencies and semantic relevance
by the self-attention mechanism. The response of any location to attention is related to the
features of other locations. Since detecting pressed keys is essential to generate meaningful
music, the multi-scale feature attention strategy enables Video2Roll Net to find the region
of visual cues associated with pressed keys more accurately.

Roll2Midi Net: The prediction of the Piano Roll (Roll) M;J;T of Video2Roll Net is not
perfect due to various challenges. For example, hand occlusions in video frames pertain
Video2Roll Net from detecting changes in pressed keys. Moreover, because M:,t is predicted
at each frame individually, Roll predictions do not have a temporal correlation. Also, since
Pseudo GT Midi is generated from the Onset and Frames framework [Re100], which depends
on the audio stream, one common phenomenon is that if the performer sustains a key for a
sufficiently long time, the magnitude of the corresponding frequency will gradually decay to
zero and this key in the Pseudo GT Midi will be marked as off, however, since our Video2Roll
Net depends on short-time visual information only, all pressed keys are still considered as
active. Hence this prediction will not match the reality of the audio. To mitigate these
effects, I introduce a generative adversarial network (GAN) [Re28] to refine and complete
the Video2Roll results M:,LT so that the outputs are closer to Pseudo GT Midi. The GAN
includes a generator G and a discriminator D. The input of the generator is Roll predictions
M;7T1;T2 and each column of M is the probability score retrieved from the last fully connected
layer of Video2Roll Net after applying a sigmoid function. Using probability scores instead
of threshold outputs enables the generator to re-calibrate the probabilities and generate a

more robust Pseudo Midi representation. The GAN objective is defined by:
min max Enrullog D(M)] + Ep yillog(1 — D(G(M)))). (3.1)

Our generator is a five depths U-Net [Re103] and the discriminator consists of 5 layers CNN.

Having a discriminator instead of simply applying a U-Net, allows the model to learn a more
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general pattern of the Pseudo Midi and the prediction becomes acceptable once it is ‘real’
enough. Since the variations of Midi in different music styles are significant, using U-Net
only may overfit the training data. I use the Mean Square Error (MSE) to optimize both
the generator and the discriminator. During inference, I pass the Roll representation to the
generator and obtain the refined representation (Midi) Mz = G(M). The Roll2Midi Net
can boost the correctness of overall predictions and the estimated Midi is sufficient to be

synthesized to get meaningful music close to the ground truth.

Midi Synth: Both the Roll and the Pseudo Midi can be synthesized to audio using classical
Midi synthesizers. I find it sufficient to get clear, robust, and reasonable music with the
predicted Midi. Moreover, the classical Midi synthesizer is flexible and can support creative
applications. For example, music with various timbres can be generated using a piano perfor-
mance video only by setting instruments other than piano during the synthesis step. While
interesting results can be obtained at this point, the audio synthesized from classical Midi
synthesizers is mechanical since the predicted Pseudo Midi is binary and does not include
expressive velocities. Moreover, estimating expressive velocities on the Midi-level requires
having a Midi GT, which specifies them. However, the Onsets-and-Frames that I use as the
GT generate velocity prediction with insufficient precision. I thereby investigate whether I
can generate more realistic music with the Pseudo Midi predictions via deep synthesizers.
To do that, I pre-train a PerfNet [Rel04] with Pseudo GT Midi M. The PerfNet learns
a transformation H between M and the spectrogram S. With the pre-trained PerfNet, I
forward propagate the Midi Mg to obtain an initial estimated spectrogram Sp=H (]\7[ R)-
Note that even though our predicted Pseudo Midi has been refined, a discrepancy between
M and My would still exist, and I find that using PerfNet to learn transformation from
My to S directly can’t be generalized. I conjecture that this is due to the sensitivity of
the transformation between the Pseudo Midi and the spectrogram, which increases the dif-
ficulty in the generalization. To mitigate this problem, I train an additional U-Net to do

the refinement on the spectrogram level. This U-Net can be formulated as a function U and

I aim to minimize the L1 distance between Si and S: Ly(Sg,S) = ||U(Sg) — S||. I find
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that estimating the initial rough spectrogram first and then performing the refinement on
the spectrogram level later leads to better generalization. As the last step, the Griffin-Lim

algorithm is used to convert the spectrogram to an audio waveform [Rel05].
3.3 Experiments and Results

I evaluate Audeo pipeline directly on piano performance videos available on YouTube. The
minor constraint for data collection is top-view piano performance with a fully visible key-
board. I use videos recorded by Paul Barton® at the frame rate of 25fps and the audio
sampling rate of 16kHz. The Pseudo GT Midi are obtained via Onsets and Frames frame-
work (OF) [Rel00] and all Pseudo GT Midi sets are set as binary and are down-sampled to
25fps.

Evaluation Metrics. For the Midi Fvaluation, I evaluate predictions from Video2Roll
Net and Roll2Midi Net by reporting the precision, the recall, the accuracy, and the F1
score on the frame-level defined in [Rel06]. To compare with other methods, I reproduce
proposed models in [Rel07] and test them on our Pseudo Midi Evaluation set. For Audio
Evaluation, I use the popular music identification App SoundHound? to perform a detection
test on the generated music. The detection is marked as a success if SoundHound successfully
shows the correct source name of the music and failure if nothing or the wrong source shows
up. I report the average detected rate at the segment level.

Midi Evaluation: Table 3.1 shows the results of Audeo on the generation of the Roll
and the Pseudo Midi compared to other methods. The Video2Roll Net detects detailed
visual cues that result in a higher recall, accuracy, and F'1 score compared to previous works.
It turns out that having fewer false negatives is essential to generate a complete melody
without missing the notes. The relatively low precision of Video2Roll Net reflects the
fact that mismatches in audio-visual information are a common phenomenon. Thereby,

I do expect false positives in the predictions. The results indicate that to get a cleaner

https://www.youtube.com/user/PaulBartonPiano

’https://www.soundhound. com/



Model Precision | Recall | Accuracy | Fl-score
ResNet [Rel07] 64.3 54.7 40.4 49.7
ResNet+Aggregation+slope [Rel07] | 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
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Table 3.1: Precision, recall, accuracy and Fl-score in (%) for pseudo Midi evaluation. If not

specified, all results use threshold (TS) = 0.4 after the application of the sigmoid function.

Bold number indicates the best result. (Table from [XL1])

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 [XL1})

and more robust symbolic representation Roll2Midi Net is indeed necessary. The core of

the generative adversarial network enables Roll2Midi Net to partially eliminate both false

negatives and false positives by judging whether the generated Pseudo Midi is real enough.

The F1 score of

Indeed, Roll2Midi Net boosts the overall performance even further.

Roll2Midi outperforms the best model in [Rel07] by more than 10%.

Audio Evaluation on Music Identification: 1 compare the detection by SoundHound

of samples generated from Audeo system to the ResNet baseline and the ground truth audio.

Furthermore, I synthesize Roll and Pseudo Midi obtained from Awudeo via FluidSynth or



27

PerfNet to test and exclude synthesizer effects. The results of music identification are shown
in Table 3.2. It turns out that all Audeo methods outperform the ResNet baseline and
synthesizing Pseudo Midi via FluidSynth or PerfNet. This indicates that Audeo can capture
the core of learned music and is not sensitive to variance in performance. For test videos
from the type not introduced in training, such as Scott Joplin, while the gap with the ground
truth (72.4 vs. 87.7%) is still obvious, the identification results demonstrate the robustness
and generality of the Audeo system. In terms of total average, Midi+FluidSynth performs
better than other methods and outperforms the ResNet baseline by 18%. Notably, using
PerfNet as synthesizer results in slightly lower detection than FluidSynth in this test. While
deep synthesizer may recover emotion and naturalness in the spectrogram domain, it also

introduces noise which is non-trivial to reduce.
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Chapter 4

RHYTHMIC SOUNDTRACK GENERATION FROM VARIOUS
HUMAN BODY MOVEMENTS

This chapter is based on the following published work: [XL2].

4.1 Motivation

Sound plays an essential role in enhancing how humans perceive and interpret visual in-
formation. In many natural and human-made environments, rhythmic patterns such as
footsteps, clapping, or machinery are closely associated with repetitive or structured phys-
ical actions. In human activity videos, rhythmically aligned audio can reinforce temporal
structure, highlight motion patterns, and increase the expressiveness of the scene. This is
especially evident in professional video production, where rhythmically synchronized sound-
tracks are often carefully selected or manually composed to enhance the alignment between
motion and audio.

Automating the generation of rhythmic soundtracks for human activity videos presents
a unique challenge. It requires the system to infer temporal patterns in movement and
translate them into rhythmic audio that is perceptually coherent and musically plausible.
Unlike general-purpose music generation, this task is constrained by the motion dynamics
visible in the video, such as periodic gestures or dance movements. The goal is to produce
audio that not only synchronizes with these motions but also emphasizes and supports their
rhythm.

Given the key role of drums in establishing musical rhythm, drum soundtrack provides

an appropriate starting point for this task. Drum tracks often serve as the foundation of
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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.
Rhythm2Drum then converts the rhythm to drum performance. Finally, Drum2Music adds
additional instrument tracks (guitar / piano) on top of the drum track. (Figure from [XIL2])

musical compositions, and their structure aligns naturally with repetitive motion patterns in
human activity. By first generating drum rhythms conditioned on motion cues, the system
can establish a temporal base that mirrors the video’s content. Additional instrumental
layers, such as melodic or harmonic components, can then be introduced in a second stage,
allowing for richer and more expressive soundtracks. This approach mirrors conventional
music production workflows and provides a structured path toward aligning motion and
music in a semantically meaningful way.

In Chapter 3, we showed that visual cues—such as hand movements—can be predictive
of musical content, as in piano performance videos. Similarly, human body movements in
activity videos often exhibit rhythmic patterns that align well with percussive music. Mo-
tivated by this connection, I introduce RhythmicNet, a system that generates rhythmic
music to accompany arbitrary human activity videos. In the first stage of RhythmicNet,
given a human movement video, we extract the keypoints from the activity video and use
a spatio-temporal graph convolutional network [Rel08] in conjunction with transformer en-
coder [Re23] to capture motion features for estimation of music beats. Since music beats

are periodic and various visual changes occur in human movements, we propose an addi-
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tional stream called the style, which captures fast movements. The combination of the two
streams constitutes the rhythm of the movements and guides music generation in the next
stage, called Rhythm2Drum. This stage includes an encoder-decoder transformer that, given
the rhythm, generates the drums’ performance hits and a U-net [Re103] which subsequently
generates drums’ velocities and offsets. We find that these two stages are critical for gen-
erating quality drum music. In the last stage, Drum2Music, we complete the drum music
by adopting an encoder-decoder architecture using transformer-XL [Rel09] to generate a
music track of either piano or guitar conditioning on the generated drum performance. An
overview of RhythmicNet is shown in Figure 4.1. Experiments on datasets of large-scale
dance videos and ‘in the wild’ internet videos show that music generated by RhythmicNet

will be consistent with human body movements in videos.
4.2 Methods

RhythmicNet includes three sequential components: 1) Association of rhythm with human
movements (Video2Rhythm), 2) Generation of drum track from rhythm (Rhythm2Drum),
3) Adding instruments to the drum track (Drum2Music). We describe the details of each
stage below.

Video2Rhythm. We decompose the rhythm into two streams: beats and style. We propose
a novel model to predict music beats and a kinematic offsets based approach to extract style
patterns from human movements.

Music Beats Prediction. Beat is a binary periodic signal determined by a fixed tempo. It
is obtained by a music beat prediction network, which learns the beat by pairing body
keypoints with ground truth music beats in a supervised way. To predict regular music
beats from human body movements, we extract 2D skeleton keypoints via the OpenPose
framework [Rel] and perform first-order differences to obtain the velocity for each video.
Motion sequences are considered as three-dimensional tensor X € RV*7*2 where V is the
number of keypoints, T is the number of frames, and the last dimension indicates the 2D

coordinates. We formulate the prediction of music beats as a temporal binary classification
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problem: Given the skeleton keypoints X, we aim to generate the output with the same

length Y € R”, where each frame is classified into ‘beat’ (y = 1) or ‘non-beat’ (y = 0).

We encode the keypoints using a spatio-temporal graph convolutional neural network
(ST-GCN) [Rel08]. Such encoding represents the skeleton sequence as an undirected graph
G = (V, E), where each node v; € V' corresponds to a key point of the human body, and
edges reflect the connectivity of the body keypoints. The sequence passes through a spatial
GCN to obtain the features at each frame independently, and then a temporal convolution
is applied to the features to aggregate the temporal cues. The encoded motion features are
then represented as P = AXWgWyp € RV*TvXC  where X is the input, A € RV*V is the
adjacency of matrix of the graph defined based on the body keypoints connections. Wy and
Wr are the weight matrices of spatial graph convolution and temporal convolution. 7, and
C, indicate the number of temporal dimensions and feature channels. By averaging the node

features, we obtain the final motion features P € RTv*Cv.

Given the motion feature P, we use a transformer encoder that contains a stack of
multi-head self-attention layers to learn the correlation between different frames. Due to the
periodicity of the music beats, we introduce two components to allow the model to capture
them more accurately: 1) We adopt a relative position encoding [Rel10] to allow attention
to explicitly resolve the distance between two tokens in a sequence instead of using common
positional sinusoids to represent timing information. This encoding is critical for modeling
the timing in music where relative differences matter more than their absolute values [Rel3].
2) We use the temporal self-similarity matrix of motion features (SSM), which has been shown
effective in human action recognition in the regularization of the transformer and counting
the repetitions of periodic movements [Relll]. SSM can be constructed by computing all
pairwise similarities S;; = f(F;, Pj) between pairs of frame-level motion features P; and P;,
where f(+) is the similarity function. We use the negative of the squared Euclidean distance
as the similarity function, f(a,b) = —||a — b||?, followed by taking softmax over the time

axis. SSM has only one channel, and it goes through a convolution layer S = Conv(S) and
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then added to every attention head in the self-attention component implemented as

QKT +S+R
vV Dy,

Attention(Q, K, V') = Softmax( WV,

where ), 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. We train the model using weighted binary cross-entropy loss that puts more
weight toward the beat category to address imbalances. The network’s output is the beat
activation function; i.e., for each video frame, the model predicts its probability of being a
‘beat’ frame. We apply an algorithm based on HMM decoding proposed in [Rel112] to obtain

beat positions.

Style Extraction. While beats represent the monotonic periodic pattern occurring at fixed
time intervals (i.e., periodic signal), there are additional a-periodic components in the rhythm.
In particular, between two music beats, various irregular movements typically contribute to
the rhythm. In contrast to beats, these patterns are inconsistent, and it is unclear how
to extract such patterns from visual information systematically. We, therefore, define an
additional stream called style, which records incidences of transitional movements of the
human body, such as rapid and sudden movements. For the prediction of such events, we
apply a rule-based approach since the definition of style is implicit, and there is no data to
learn a mapping from body keypoints to transitional movements. The style is defined as a
binary stream that indicates transition time points as 1 and non-transitional time points as
0. We compose the style stream by implementing several steps based on spectral analysis of
kinematic offsets of the motion [Rel13]. The first step is to compute kinematic offsets. Kine-
matic offsets are 1D time series signals representing the average acceleration of the human
body over time. To obtain kinematic offsets, we calculate the directogram of the motion by

factoring it into different angles. Given Fi(j,t) as the velocity magnitude of joint j at time
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t, we formulate the directogram D(¢,0) [Rell4] as:

110 — ¢ < 27/ Nyjins
D(t,0) => Fi(j,t)19(LF,(j,t)), where 14(¢) = (4.1)
J 0 otherwise

The indicator function 14(¢) is used to distribute the motion of all joints into Ny;,s angular
intervals. Then the first-order difference of the directogram is calculated to obtain the
acceleration of motion across different angles. The mean acceleration in the positive direction
measures motion strength (i.e., the larger the value, the more remarkable in motion strength)
and corresponds to the kinematic offsets.

Once kinematic offsets are obtained, in the next step, we perform a Short-Time-Fourier
Transform (STFT) on them to identify peaks in the change of acceleration. The highest
frequency bin in STFT (out of 8) represents the most profound transitions in the signal, and
we use the highest frequency bin to extract the style patterns from motion. We mark the
time points of the peaks as 1 and other time points as 0. The output signal is re-sampled to
have the same sampling rate as the music beats.

Rhythm Composition. We obtain the rhythm by adding the streams of the beats and the style
into a single signal. The rhythm should correspond to the correlation of body movements
with the tempo of the soundtrack.

Rhythm2Drum. The stage of Rhythm2Drum interprets the provided rhythm from the
previous stage into drum sounds. In this stage, we follow the GrooveVAE setup [Rel5], where
each drum track can be represented by three matrices: hits, velocities, and offsets. The hits
represent the presence of drum onsets and is a binary matrix H € RY*T, where N is the
number of drum instruments and 7" is the number of time steps (one per 16-th note). The
velocities is a continuous matrix, V', that reflects how hard drums are struck, with values in
the range of [0,1]. The offsets O is also a continuous matrix that stores the timing offsets,
with values in the [—0.5,0.5) range. These values indicate how far and in which direction
each note’s timing lie relative to the nearest 16th note. The matrices V', O, and H have the

same shape.
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Given the input rhythm sequence Y € R™7, we aim to generate the H, V and O. We
model H, V, and O smoothly in two steps using the combination of an encoder-decoder
transformer [Re23] and a U-net [Rel03]. In the first step, the binary rhythm is passed as
input to the transformer encoder. In the decoder, the H matrix is converted into a word
sequence defined by a small vocabulary set of all possible combinations of hits, and is mapped
back to a binary matrix for the final output. We observe that by autoregressively learning
the hits H as a word sequence, the transformer can generate more natural and diverse drum
onsets. We train the transformer with the cross-entropy loss. In the second step, we add
style patterns (velocity and offsets) to the onsets. Since H has the same shape as V' and O,
we can consider it as a transformation between 2 images of the same shape. To achieve such
transformation, we adopt a U-net [Rel03] to take the onset matrix H as an input and to
generate V' and O. We use Mean-Square Error (MSE) loss for U-net optimization. Finally,
we convert the generated matrices H, V', and O to the Midi representation to produce the

drum track.

Drum2Music. In this last stage, we add further instruments to enrich the soundtrack.
Since the drum track contains rhythmic music, we propose to condition the additional in-
strument stream on the generated drum track. Specifically, we propose an encoder-decoder
architecture, such that the encoder receives the drum track as an input, and the decoder
generates the track of another instrument. We consider the piano or guitar as additional
instruments since these are dominant instruments. We use Remi representation [Rel4] to
represent multi-track music. Compared to the commonly-used Midi-like event representa-
tion [Rel3], the Remi representation includes information such as Tempo changes, Chord,
Position, and Bar, which allow our model to learn the dependency of note events occur-
ring at the same positions across bars. For both the encoder and decoder, we adopt the
transformer-XL network model, which extends the transformer by including the recurrence
mechanism [Rel09]. The recurrence mechanism enables the model to leverage the infor-
mation of past tokens beyond the current training segment and to look further into the

history.
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The encoder contains a stack of multi-head self-attention layers. Its output E; can be
represented as: E; = Enc(z;, M¥), where MF is the encoder memory used for the i-th
bar input and the encoder hidden state sequence computed in previous recurrent steps.
Similarly, in the decoder, the prediction of j-th token of the i-th bar y; ; is formulated as
vi; = Dec(yi<j, MP, E;), where y; ;; are the previously generated tokens in the same bar,
MP is the decoder memory used for i-th bar, and F; is the corresponding encoder output
of the same bar. The decoder consists of a stack of layers with casual self-attention, cross-
attention to the encoder output, and a feed-forward network.

For the training data, we split the music piece into segments with a total number of bars.
In the encoder, for recurrent step 7, we provide the i-th bar of drum performance x; to the
transformer-XL. We adopt a teacher-forcing strategy and feed the ground truth tokens into
the decoder to generate the next tokens. We minimize the negative log-likelihood (NLL)
between generated tokens and ground truth tokens to optimize the model. During inference,
the drum track is given to the encoder for each bar, and the tokens in the decoder are

generated one by one. Finally, we use the temperature-controlled stochastic top-k sampling

method [Rell5] to randomly generate a new music track.
4.3 Experiments and Results

Datasets. We use the AIST Dance Video Database [Rel17], a large-scale collection of dance
videos in 60fps for training and testing of Video2Rhythm. For Rhythm2Drum, we use
the Groove Midi dataset [Rel5|, which contains 1150 Midi files and over 22,000 measures
of drumming. For Drum2Music, we extract two subsets of Lakh Midi dataset [Rell8] to
separately train Drum2Piano and Drum2Guitar models.

Video2Rhythm Evaluation. Following the rubrics proposed for musical beat tracking [Rel19],
we compute the performance in terms of F-score measure, Cemgil’s score (Cem), and Cor-
rect Metrical Level continuity required/not required (CML,/;) score. To compare with ex-
isting approaches, we implement a baseline temporal convolutional network (TCN) for beat

prediction [Rell6]. The comparison and ablation results are shown in Table 4.1. The
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Models\Metrics CML, (%) | CML; (%) | Cem (%) | F (%)

TCN [Rell6] 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),
CML, (Correct metrical level continuous accuracy), CML; (Correct metrical level total ac-

curacy). Bold font indicates the best value. (Table from [XI.2])

best method of Video2Rhythm (ST-GCN+TF+SSM+RelAttn) significantly outperforms
the baseline model in all metrics by a large margin. In particular, the continuity scores
outperform the baseline model by more than 25%, indicating the estimated beat sequence is
significantly more consistent.

Rhythm2Drum FEvaluation. We use several metrics to evaluate Rhythm2Drum. For mea-
suring the diversity of the generated drum hits, we adopt the Number of Statistically-
Different Bins (NDB) metric proposed and used in [Re120, Re29, Re35]. For the evaluation
of velocities and offsets, we compute the Mean-Squared Error (MSE) for the test set. We
compare our methods with the baseline model GrooveVAE [Rel5]. The results are shown in
Table 4.2. The results show that using hits sequences to generate the drum track enables a
more diverse set of samples such that the next U-net component, which generates velocities
and offsets, in turn will generate more realistic drumming sounds.

Drum2Music Evaluation. To evaluate the generated piano and guitar tracks, we use objective

metrics such as PC/bar (pitch count per bar), PI (average pitch interval), IOI (average inter-
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Model\Metric (lower better) NDB MSE Velocity MSE Offsets
GrooveVAE [Rel5] 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 (140%) | 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 [XL2])

onset interval) described in [Rel21]. For these metrics, we compare the statistics calculated
on the test dataset and on the generated music. For additional metrics of PCH (pitch
class histogram) and NLH (note length histogram), we calculate the overlapping area (OA)
between the statistics on the test dataset and the generated music for each sample and report
the average of them. In addition, we compare the NLL loss based on the validation set. The
numerical results are shown in Table 4.3. We compare two versions (with and without using
memory) to show the effectiveness of the recurrence mechanism. Our results show that for
both Drum2Piano and Drum2Guitar with recurrent encoder-decoder transformer (i.e. with
memory), the NLL loss is lower for the validation set and the statistics of the generated
samples are much closer to the test dataset than the no-memory counterpart.

Human Perceptual Evaluation of Soundtrack Music. In addition to the objective evaluation
of the different components of RhythmicNet we also performed human perceptual surveys
using Amazon Mechanical Turk. These surveys were intended to evaluate the effectiveness of
RhythmicNet generated soundtracks to align with the movements and the extent that the
generated soundtrack enhances the overall perception of the video compared with various
soundtrack controls.

In the first survey, we asked people (non-experts) to choose the video that they prefer,
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Metrics PC/bar | PI IOl | PCH1 | NLH 1 | NLL |

Dataset (Piano) 5.48 6.16 | 0.31 - - -

Drum?2Piano 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, IOI values, the closer to the dataset
the better. For PCH and NLH values, the larger, the better. (Table from [XL2])

including a video without a soundtrack and 3 variations of soundtracks generated by our
approach (drums-only or drums with another instrument). Results in Table 4.4 clearly
indicate a preference for a video with a soundtrack. Furthermore, interestingly, preference
for which instruments are included in the track split almost equally between the 3 provided
variations, with a slight preference for tracks with Drums+Piano.

In the second survey, we asked people to answer the question: 'In which video the
sound best matches the movements?". The given options of the soundtracks were generated
soundtracks with Random, Shuffle and RhythmicNet rhythms. The Random drum track
was generated with Rhythm2Drum method with a random rhythm with 50% chance to be ON
or OFF at each time step. The Shuffle drum track was generated with the Rhythm2Drum
method but the order in the rhythm is shuffled. RhythmicNet option corresponded to the
drum track generated with the Rhythm2Drum method. From results shown in Table 4.5(left),
we observe a clear indication that the drum tracks generated with our method are chosen to
be the best match to the movements more frequently (41.4% (Ours) v.s. 30.8% (Random)
and 27.8% (Shuffle).

In an additional survey, we performed a perceptual ablation study to test how the two

components, Video2Rhythm and Rhythm2Drum, influence the perception of the soundtrack



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 [XL2])

Soundtrack match to the video

Soundtrack match to the video (Ablation)

Random Video2Rhythm | Video2Rhythm +
Random | Shuffle | RhythmicNet
+ GrooVAE | + GrooVAE 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 [XL2])

compared to baseline approaches. Survey results are shown in Table 4.5(right) and suggest

that in comparison to the baseline, these two components significantly improve the perception

of the soundtrack.
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Chapter 5

INTERACTIVE VIDEO-TO-MUSIC GENERATION FROM
HUMAN BODY MOVEMENTS

This chapter is based on the following published work: [XL3].

5.1 DMotivation

In Chapter 4, the generated music soundtracks are well-aligned with the body movements,
however, they could not be obtained in real-time. Instead of merely selecting from a prede-
fined set of soundtracks generated a system, we need a tool that has the potential to generate
soundscapes dynamically, adapting in real-time to movements of the user. This motivates
the system that we propose in this work, InteractiveBeat. Beyond generating soundtracks
for various movements, the system provides an immersive experience of real-time interac-
tion with the soundtrack, where any person can create rhythmic sound effects with their
bodies. InteractiveBeat is a first-of-its-kind learning-based real-time vision-based system for
rhythmic drum sound generation in response to human body movements being captured by
a video camera. InteractiveBeat introduces (i) a learning-based approach that redesigns the
traditional motion rhythm extraction algorithm (offline visual beat detection), enabling its
seamless transition to a real-time operation, (ii) a style transfer module that maps motion
rhythm to drums rhythm, (iii) a compact polyphonic drum generative model that trans-
lates rthythm to drum sounds. An overview of InteractiveBeat is shown in Figure 5.1. To
complete the pipeline, we integrate real-time motion-estimation as the system’s front-end,
and design a producer-consumer workflow that includes updating rules to support real-time

improvisation. Each component is implemented by compact networks and is able to run in
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Figure 5.1: System Overview: Three stages of InteractiveBeat: (i) VisBeatNet for prediction
of kinematic offsets and visual beats to estimate beat interval, (ii) MuStyleNet transfers
kinematic offsets to ‘style,” a vector representing drum rhythm, (iii) DrumGenNet translates

‘style’ to Drum MIDI in the next beat interval. (Figure from [XL3])

real-time.
5.2 DMethods

We design our system, InteractiveBeat, to generate rhythmic drum sounds with core objec-
tives of being real-time, aligned with human body movements, drum sounds with coherent
rhythmic structures. To meet these objectives, InteractiveBeat consists of three neural net-
work components:
o VisBeatNet predicts kinematic offsets, visual beats, and estimates tempo from a live
stream of human motion.
o« MuStyleNet transforms kinematic offsets into a drum ‘style’
e DrumGenNet synthesizes a polyphonic drum track based on the estimated tempo and
inferred drum ‘style’
A real-time producer-consumer pipeline integrates the above network components with the
motion estimation front-end.
This design is different than related recent work of RhythmicNet [XL2]. In particu-
lar,VisBeatNet and MuStyleNet components, as described below, implement a more effective
way to bridge the motion rhythm and drum rhythm than ‘Video2Rhythm’ in RhythmicNet,

and work in real-time. Furthermore, DrumGenNet adopts a similar network structure as the
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first stage of ‘Rhythm2Drum’ component of RhythmicNet, but with a more compact design
to meet the real-time requirement.

VisBeatNet To predict motion rhythm and to estimate the tempo, we develop a novel
approach, VisBeatNet. This is inspired by an optical flow-based visual beats prediction
method [Rell4]. While the original method relies on offline operations such as windowing,
filtering, and dynamic programming optimization, we adapt it for real-time applications.
Specifically, VisBeatNet employs a compact neural network that is trained to predict visual
beats in real-time. The training uses ground truth derived from a robust pre-computation of
visual beats. In the following, we review the background of visual beats pre-computation
and then describe VisBeatNet, our solution for real-time application.

Visual Beats Pre-computation We use a real-time human pose estimator (OpenPose)
[Rel] to extract the 2D skeleton key-points from a real-time video stream, and pre-compute
the visual beats ground truth via: computing the Directogram, converting the Directogram
to Kinematic Offsets, and performing dynamic programming to obtain the Visual Beats.

Each stage is detailed below.

o Computing the Directogram from Skeleton Sequence: Skeleton sequence is consid-
ered as a three-dimensional tensor S € R7*7*2 where T is the number of frames, .J is the
number of keypoints, and the last dimension indicates x and y coordinates. By computing
the first order difference of this 3D skeleton tensor, AS; = S; — S;_1, we capture motion
at each frame. Using polar coordinates of the last dimension and splitting the full circle
(0,27) into N equal bins, we assign the motion magnitude of every key point into one of
the bins according to its motion angle. The motion magnitudes of each bin are summed

to obtain the Directogram Dg(t, 6)
D¢g(t,0) = ZASt(j)]lg(ASt(j)), where
J

1 6_¢§2 Nins
Lo(g) =4 o=

0 otherwise
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» Converting the Directogram to Kinematic Offsets: Kinematic Offsets represent
motion changes according to deceleration. The deceleration is computed through the
negative first order difference of the Directogram ADg to obtain Motion Flux M, which
represents the deceleration in various directions. Low-pass filters are applied to M to filter
noise. To find the Kinematic Offsets, negative values in M are removed and the mean
over each frame is computed which constitutes K. Top 1% peaks in K are then used and

normalized to [0, 1] range to obtain the smoothened Kinematic Offsets.

e Obtaining the Visual Beats from Kinematic Offsets: Kinematic Offsets, a contin-
uous signal, is converted to a binary sequence that indicates whether there is a significant
change in the human motion. We call the sequence Visual Beats. Using dynamical pro-
gramming with the objective ‘beat score function’ the Visual Beats are computed by finding

a set of local peaks of Kinematic Offsets having close or equal interval

n n—1
V(m) = u(my) +a) Vrlmj,mj), (5.1)
j=1 j=1

Tbin(m;1 — m;)]
Tma(t

where u is the Kinematic Offsets value of the candidate beat to encourage strong visual

Vr(mj,mjp1) =

~ 1.0, (5.2)

impacts. {m;}}_; € m is a subset of candidate beats. Vr(m;,m; 1) penalizes the devia-
tion from optimal tempos within a local window to encourage equal-spacing beats and it
computes time-dependent autocorrelation function 7" on Kinematic Offsets to measure the
deviation. a balances the weight between two terms and 7' is the autocorrelation average

within local time window.

VisBeatNet: A real-time network for visual beats We introduce VisBeatNet, a
light-weight neural network designed to predict Kinematic Offsets and Visual Beats from a

motion sequence. This architecture is built upon two uni-directional Gated Recurrent Units

(GRUs), RN1 and RN2.

« RN1 (Kinematic Offsets Prediction): RN1 predicts the Kinematic Offsets K auto-

regressively from Directogram D as the given context.
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« RN2 (Visual Beats Prediction): RN2 takes both Kinematic Offsets K and residual
connection from hidden states of prediction window in RN1 as inputs and outputs the

Visual Beats P, distribution via a linear prediction head.

Training. We train VisBeatNet using the pre-computed Kinematic Offsets and Visual
Beats as theground truth. The training applies teacher-forcing to RN1, and employs two
loss terms: (i) Mean Square Error (MSE) between the predicted Kinematic Offsets and the
ground truth, and (ii) Weighted binary cross-entropy between the predicted beat distribution
and the actual Visual Beats.

Post-processing using B-HMM. After training, the Visual Beats distribution P, is pro-
cessed by a pre-built beat Hidden Markov Model (B-HMM). Utilizing the Viterbi algorithm,
the B-HMM yields the final output: a list of beat times T}, specifying when each beat occurs.

While Visual Beats capture moments of strong visual impact in human motion, they
inherently lack the drum rhythm, resulting in unnatural sounds when they are directly
translated to audio, i.e the direct approach, termed Mono, directly overlays a monophonic
drum sound atop of the visual beats, utilizing an auto-regressive drum notes generator. To
address this limitation, we propose a refined approach which achieves more natural drum
sounds, termed Poly, which periodically updates the tempo with VisBeatNet. Subsequently,
a polyphonic drum language model conditioned on ‘style,” a learning-based drum rhythm,
are applied.

MuStyleNet: Style Transfer for Drum Rhythm The essence of drum audio lies in
its rhythm - the pattern of drum onsets within each frame. In a realistic drum track every
frame contains multiple onsets of different drum kits. Extracting the strongest onset in each
frame gives rise to what we define as the drum ‘style’, a vector representing the rhythm of
the drum audio.

To obtain the‘style’, it is crucial to establish a relationship between ‘style’ and kinematic
offsets, which represent the rhythm of body movements. There are multiple plausible ways

to transform these offsets into the drum ’style’. A straightforward method was presented
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in ‘RhythmicNet” This method combined predicted music beats with motion peaks based
on spectral analysis. Since drum rhythms contain regular patterns, while motion rhythms
do not, it is unclear how to obtain associated ‘styles’. Indeed, the crude approximation for
the ‘styles’ can result in unnatural drum rhythms when used as the conditional input to the
drum generation network.

Towards this end, we propose an adversarial style transfer module, MuStyleNet, which
learns to translate the Kinematic Offsets into drum ‘style’ using a Generative Adversarial
Network [Re28]. The network takes kinematic offsets K = {Kj, Ky, ..., K;} as input and
outputs the corresponding onset envelope O = {01, Os,...,O;}. The generated envelope is
given to the discriminator component to decide whether the envelope is real or fake. The

GAN objective is defined by:
mén mBXEON@[log D(0)] + Ep,_pllog(1 — D(G(K)))]. (5.3)

Once the generated onset envelope is obtained, O is accumulated by step size st to obtain
Ts . . . . . .

Ogec(k) = Zt:’“ﬁ; Oy, where st is determined by the beat interval estimated in VisBeatNet

and T,

Sk+1

=T, + st. For consistency with the drum MIDI dataset that is used in the next
stage, we fix st to be an interval of a quarter beat, and normalize the compressed onset
envelope to obtain the drum ‘style.

Drum Generation DrumGenNet This stage translates the 1D drums matrix, obtained
in the previous stage, into polyphonic drum sounds. In contrast to the 2-stage Rhythm2Drum
network in RhythmicNet [XL2]|, we keep the first stage network (with fewer number of
layers and hidden size) that translates 1D drum rhythm into 2D drum hits matrix and
due to real-time constraints discard the UNet that generates velocity and offset matrices.
Furthermore, the 1D rhythm inout is continuous rather than binary, and thereby we use the
continuous values as velocity for all drum hits at each time step. These changes make the
drum generation network compact with the inference overhead compatible for real-time. We
train DrumGenNet using a cross-entropy loss.

Real-Time Pipeline
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Interrupt Producer, and play drum every quarter beat

Producer
% Consumer
- OpenPose Buffer List
Wit B EE-— InteractiveBeat
Erase
— Drum at next
i beat interval
Real-time No Buffer Yes
Video Stream Full?

Figure 5.2: Real-Time Pipeline: A two-threaded pipeline with the Producer’ and Consumer’.
The Producer uses Openpose [Rel] to extract the skeleton sequence from live video and
buffers it. When full, the sequence moves to the Consumer thread. The Consumer runs
InteractiveBeat to produce drum MIDI for the next beat interval, dynamically updating.
The Producer continues to add sequence to the buffer, pausing only for drum sound playback

every quarter beat. (Figure from [XL3])

For real-time operation of the system, we integrate all components, i.e., motion estima-
tion, beat inference, style transfer and drum generation, into a single and efficient pipeline.
We design the pipeline to work in a producer-consumer mode, where the thread of the pro-
ducer reads the body keypoints from motion estimation module, and sends them to a buffer
list shared with the consumer thread. When the thread of the consumer obtains enough
frames with keypoints, InteractiveBeat starts the inference by computing the Directogram
and feeding it into the neural network components to generate the ’style’ The ‘style’” is
provided to DrumGenNet to obtain associated drum MIDI. Meanwhile, InteractiveBeat dy-
namically updates the tempo every beat interval to keep up with the human motion. The

InteractiveBeat real-time pipeline is illustrated in Figure 5.2.
5.3 Experiments and Results

Validation of Visual Beats as Ground Truth To validate the effectiveness of using
visual beats as ground truth, we conducted a user study comparing pre-computed visual

beats against music beats obtained from the audio of the videos. We collected videos from
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AIST dataset ’in-the-wild’ dataset
Visual Beats Music Beats | Visual Beats Music Beats
Votes 46.7% 53.3% 63.7% 36.3%

Table 5.1: Preference of Visual Beats v.s Music Beats. (Table from [XL3])

AIST and ‘in-the-wild’ for evaluation (30 from each). The question, "Which beats do you
think are better in sync with body moves?" is asked. As shown in Table 5.1, Visual Beats are
preferred over Music beats. For ‘in-the-wild’, the preference is of large margin of +27.4%
and for AIST the preference is of smaller margin of 6.6%. We suspect that the difference in
the margin is due to data processing and annotation. AIST includes precise annotations and
alignment of well-annotated music beats with dance movements while ‘in-the-wild” dataset
relies on music beats extracted with libraries, such as Demucs + Librosa, since there are no

annotations. This process can introduce errors.

Visual Beats Prediction Comparison Learning-based Visual Beats. To compare
visual beats, we train stage 1 of the Video2Rhythm component in RhythmicNet [XL2] and
compare it against VisBeatNet. We use pre-computed visual beats as ground truth,. The
original implementation of Video2Rhythm uses a bi-directional graph-transformer with SSM
modules, which is non-causal and cannot be applied in real-time. Direct adaption would
be adding a causal transformer decoder to it that decodes the Kinematic Offsets with auto-
regression and a linear layer for Visual Beats estimation. We use a 1-layer decoder with same
hidden size and number of attention heads as RhythmicNet. Given a 3-sec input, we predict
the next 1 second, and repeat the process for 3 times on a rolling basis to collect 3-sec Visual

Beats predictions for evaluation 5.2.

Rule-based Visual Beats. We also implement a rule-based Visual Beats prediction base-
line that satisfies the constraints of maximum within a pre-defined window size of 0.25s,
minimum time wait after previous peak 0.25s, and above the average within the window

than a threshold, which is set to 0.015. These parameters are the same as the ones used to
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Num Params | Inference time AIST Dataset ’in-the-wild’ Dataset
Pr 1 Rec T Cem T Ft B-Aln 1 Pr 1 Rect Cem T Ft B-Aln T
Rule-based - 1ms 38.62%  57.31%  33.53%  45.10% 0.286 39.25%  56.96% 33.42%  45.7% 0.2813
RhythmicNet[XL2] | 800k 90ms 69.78% 49.60% 45.93% 59.45% 0.4147 | 67.25% 51.29% 44.52% 55.70%  0.4098
VisBeatNet 30k 5ms 69.01% 50.71% 46.02% 58.19%  0.4032 | 66.17% 51.91% 44.31% 55.43%  0.4175

Table 5.2: Visual Beat prediction evaluation on AIST dance dataset(lab environments)
and ‘in-the-wild’ dataset. The abbreviation of each component stands for: Pr(Precision),
Rec(Recall), F (F-score measure), Cem (Cemgil’s score), B-Alg(Beat Alignment Score). (Ta-
ble from [XL3])

extract candidate Visual Beats during Visual Beats pre-computation.

Beat Objective Evaluation. We follow the rubrics proposed for musical beat track-
ing [Rell9] to evaluate Visual Beats prediction. We compute the performance in terms of
Precision, Recall, F-score measure, and Cemgil’s score (Cem). We also compute the Beat
Alignment Score[Rel22] which measures the correlation between motion and music. As
shown in Table 5.2, VisBeatNet achieves on-par performance with RhythmicNet on visual
beats prediction, while using only 2 GRU layers (30k parameters) with &ms inference time
compared to the RhythmicNet (800k parameters) with 90ms inference time. In Section 4.6,
we show that such inference time introduces large system latency which hinders real-time
application. Further, it is noteworthy that the rule-based approach achieves reasonable per-
formance in recall score. However, its precision is low, which generates excessive beats even

when no movements appear.

Beat Subjective Evaluation. We compare the predicted visual beats by VisBeatNet
against the ground truth visual beats to evaluate the perceptual gap between the prediction
and the ground truth. As shown in Table 5.3, the gap is of 11.4% or 6% for AIST and ‘in-the-
wild’ datasets respectively, which demonstrates the relative effectiveness of VisBeatNet. The
gap for ‘in-the-wild’ is smaller than the gap on AIST. The reason is that the pre-computed

visual beats for ‘in-the-wild’ videos are more noisy than AIST videos due to the quality of the
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AIST dataset ‘In-the-wild’ dataset
VisBeatNet GT Visual beats ‘ VisBeatNet GT Visual beats
Votes ‘ 44.3% 55.7% ‘ 47.0% 53.0%

Table 5.3: Visual beats prediction v.s GT perceptual preference. (Table from [XL3])

body keypoints inputs, but in terms of alignment, visual beats align better with movements
than accompanying music beats, as we show in Table 5.1.

Drum Generation Comparison The drums can be generated by whether directly
adding monophonic drum notes to the visual beats, or applying a polyphonic drum gener-
ative model conditioned on drum ‘styles’. For monophonic drum, we train a 1-layer GRU
model, with hidden size 64 on Groove MIDI dataset to auto-regressively generate monophonic
drum notes. Polyphonic drums are generated using ‘DrumGenNet. We generate the drum
sounds using ‘styles’ extracted from the videos rather than real drum rhythm extracted from
drum tracks. This is important because the drum generator input comes from the rhythm
in motion modality rather than drums, while the evaluation of the original ‘Rhythm2Drum’
stage of ‘RhythmicNet’ [XL2] ignores this crucial point. To be clear, we name the baseline
methods as ‘Mono’ or ‘Poly’ method as follows.

Rule-based-Mono uses the rule-based visual beats to generate ‘style’ patterns, and use ‘Mono’

to generate drum sounds.

RhythmicNet-Mono use the ‘Video2Rhythm’ stage of ‘RhythmicNet’ to generate ‘style’ pat-

terns, and use ‘Mono’ to generate drum sounds.

RhythmicNet-Poly uses ‘Video2Rhythm’ for ‘style’, and ‘DrumGenNet’ to generate drums.

The tempo is estimated by ‘Video2Rhythm'.

InteractiveBeat uses ‘MuStyleNet’ to generate ‘style’ from Kinematic Offsets, and ‘Drum-

GenNet’ to generate drum. The tempo is estimated by VisBeatNet.
We use two audio objective metrics to compare the drum sound quality.

1) FID was introduced to evaluate image quality in GANs. It is adapted in audio-visual
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AIST dataset ‘In-the-wild’ dataset
FID| NDB| Votes | FID| NDBJ| Votes!

Rule-based-Mono 68 49 3.7% 72 49 3.0%
RhythmicNet-Mono [XL2] | 66 49 10.3% 70 49 12.7%
RhythmicNet-Poly [XL2] 47 46 33.7% 49 47 35.3%
InteractiveBeat 37 41 52.3% | 43 41 49.0%

Table 5.4: Audio quality metrics(NDB, FID) and soundtrack preference between Interac-
tiveBeat and other baselines. (Table from [XL3])

domain for audio spectrograms of generated soundtracks. It measures the distance between
InceptionV3 pre-classification feature distributions for real and generated samples. By adapt-
ing InceptionV3 input for a 2D magnitude spectrogram and training it on GrooveMIDI for
classifying 12 drum genres, we extract 2048-sized vectors from the last layer for both sets of
samples. FID is then computed from these vectors.

2) NDB metric is used to evaluate the diversity of generated samples; the lower the
NDB score, the better the diversity. Following RhythmicNet [XL.2], We select k = 50 for
k-means algorithm to cluster Voronoi cells in log-spectrogram space.

For each baseline, we generate 5000 samples separately from the test set of AIST and
‘in-the-wild” to perform the objective evaluations. As shown in Table 5.4, InteractiveBeat
achieves better drum quality than ‘RhythmicNet’. A polyphonic drum generative model with
a clear bar-level structure is necessary to produce quality drum sounds.

We also perfrom a perceptual experiment where we select 30 videos from each of the
datasets AIST and ‘in-the-wild” and ask the raters to compare the drum sounds for different
methods. In particular, we ask: "Which drum track sounds most natural, coherent, and
rhythmic?" As shown in Table 5.4, InteractiveBeat consistently outperforms other baselines
by a large margin, +18.6% and +13.7%, for AIST and ‘in-the-wild’ respectively.

Real-Time System Evaluation To evaluate the real-time system, we use latency as the

main metric and evaluate the baselines (Rule-based-Mono, RhytmicNet-Mono,RhytmicNet-
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Methods Causal or Non-Causal(C/NC) | Total Latency(ms)| | VotesT
Rule-based-Mono NC 158 3.7%
RhythmicNet-Mono [XL2] NC 133 11.3%
RhythmicNet-Poly [XL2] C 103 35.3%
InteractiveBeat C 34 49.7%

Table 5.5: Real-Time evaluation on InteractiveBeat v.s other baseline methods. (Table

from [XL3])

Poly) along with InteractiveBeat. The system latency can be analyzed based on the following
aspects:

Camera Frame Rate (CFR): Our off-the-shelf web camera for experiments operates at CFR =
30fps.

OpenPose Inference Speed (OIS): On a TitanX GPU, OpenPose achieves OIS = 70fps on
AIST and ’in-the-wild’ videos.

Network Inference Speed (NIS): This is the inference speed of all networks combined.

Causal v.s Non-causal (C/NC): generate the drum for the present with delay (NC) v.s gen-

erate the drum for the next interval, compensating for delay (C).

For CFR and OIS, CFR= 30fps is the minimum possible latency (Lcq, = 33ms) of the
system , while OpenPose achieves faster speed (70fps). For NIS and C/NC, we describe
the integration of different network choices into the real-time pipeline, and analyze the total
latency. A summary of total latency is shown in Table 5.5 and we summarize the latency

metrics below.

e Rule-based-Mono: A non-causal method that directly adds monophonic drums to the

‘style’.

Inference time: L,; = 125ms (visual beats are determined after 125ms, half of the window

size (0.25s).

Total latency: Liota; = Leam + Ln; = 158ms.
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 RhythmicNet-Mono: A non-causal method with the Video2Rhythm stage of ‘Rhyth-
micNet’ [XL2]. It uses a 3-sec input window for real-time adaptation and checks for visual

beats in the latest 60ms.

Inference time: L,; = 7T0ms.

‘Style’ check delay: T, = 30ms.

Total latency: Liptai = Leam + Lni + T, = 133ms.

« RhythmicNet-Poly: A causal method which compensates for camera frame rate delay
by forecasting the style’ for the next interval. Apply a 3-sec Video2Rhythm inference
window followed by a 1-layer GRU forecaster.

Inference time: Video2Rhythm & forecaster: 81ms, ‘DrumGenNet’: 22ms.

Total latency: Liptq = Lni = 103ms.

« InteractiveBeat: Our method for causal forecasting visual beats in the next interval.

Inference time: Directogram calculation (1ms), VisBeatNet (5ms), MuStyleNet (6ms) and
DrumGenNet (22ms).

Total latency: Liptq = Lp; = 34ms.

As shown in Table 5.5, InteractiveBeat achieves significantly lower latency than other
baselines due to compact networks design that reduces inference speed and a causal scheme
which compensates for the delay. Notably, ‘RhythmicNet-Poly’ is an adaption from ‘Rhyth-
micNet” with addition of real-time constraint. Our results show that merely adding such
constraint without change of network design would still correspond to larger latency.

To further evaluate the operation in real-time in terms of its perceptual experience, we
conducted a human study where we generated drum sounds for a total of 30 videos from
AIST and ‘in-the-wild’ set in real-time for each method. A question "Which drum soundtrack

do you prefer, considering the alignment with body movements and latency?" was presented
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to raters. As shown in Table 5.5, InteractiveBeat receives most votes, higher by +14.4%
than the second top pipeline of ‘RhythmicNet-Poly’.
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Chapter 6

MULTI-INSTRUMENT MUSIC GENERATION FROM MUSIC
INSTRUMENT PERFORMANCE VIDEOS

This chapter is based on the following published work: [XL4].

6.1 DMotivation

The approach in Chapter 3 mainly solves the scenarios where detailed audio-visual corre-
spondence can be found, such as piano performance, and it is limited to a single type of
instrumental music. However, in many cases where the details of movements of playing in-
struments can not be observed, it is impossible to find a one-to-one mapping directly from
vision. In this case, I generalize the visual input from single instrument video to differ-
ent types of instruments by associating musicians’ performance movements and the timbre
attribute of instruments. I propose to generate multi-instrumental music from videos with-
out labeling the instruments in an completely unsupervised way so as to generalize to as
many types of instruments as possible. To achieve that, I introduce a novel approach named
‘Multi-Instrumentalist Net’ (MI Net) that first learns a discrete latent representation of
the music of various instruments and leverages human movement of the instrument play-
ing as the condition to drive the music generation. The pipeline is a novel adaptation of a
Vector Quantized Variational Autoencoder (VQ-VAE) [Re9] 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
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Figure 6.1: 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 [XL4])

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.
6.2 DMethods

Encoding of Audio Representations. 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
Figure 6.1. VQ-VAE [Re9] encoder outputs a discrete latent representation, and the decoder

decodes this representation and reconstructs the input. Direct application of original VQ-
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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 [Rel04]. 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, ReLLU, 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 e; 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 [Re9], we use the exponential moving average updates for the codebook to
replace the embedding loss. The resulting loss is £ = ||S — D(e)||3 + 3| E(S) — sg[e]||3, where
the first term is the reconstruction loss and the second term, 3, 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, ...,pr} € R7*T where J
is the number of joints and 7" 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
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playing different instruments and self-organize itself into separate clusters as shown in my
previous unsupervised skeleton-based action recognition approachs [XL11]. To achieve this,
we use a bi-GRU as the body movement encoder Fj,. Given the input sequence P, the last
hidden state of the encoder h = FEj(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 [Rel23] 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.

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 x 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 [Re23]. The content encoder is the transformer encoder that inputs
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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 € R7e*¢ and the
Midi conditional signal M € R7»*¢ where C' is the feature dimensions, the cross-attention
is defined as: Cross Attention(A, M) = softmax(%)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.
6.3 Experiments and Results

Dataset. We evaluate the MI Net on URMP dataset [Rel24], 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 [Rel25], 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, doesn’t include Midi files due to the ‘in the
wild” nature of the videos.

Comparison with Other Models. For comparison, we implement two baselines of cur-
rent 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 [Re35]. It is based on Spatio-temporal Graph Convolution Network (ST-
GCN) [Rel08], 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
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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
[Re120] and used in [Re29, Re35] 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 6.1 and indicates 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 movement
encoder final hidden state and fit 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 joints dimensions of the outputs of ST-GCN for Graph-
Transformer to perform the classification. The results are shown in Table 6.2. Notably, for
URMP dataset, our method associates the body movements with the instruments at a high
accuracy, evident by the score in Table 6.2 and t-SNE plots of the latent representations in
Figure6.2. 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
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Table 6.1: NDB results.

Figure 6.2: T-SNE plots of the encoded body (Table from [XL4])

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

Lower is better.

Model URMP | Solos
RNN-based Seq2Seq | 82.6 37.8
Graph-Transformer 89.2 38.3

MI Net (Our) 98.7 | 61.5

Violin and Viola instruments. (Figure from Table 6.2: KNN Classification Accuracy in %.

[XT.4])

audio events by instruments.

(Table from [XT4])




61

Chapter 7

AUDIO GENERATION FROM ARBITRARY VIDEOS WITH
OPTIONAL TEXT PROMPTS

This chapter is based on the following published work: [XL5].

7.1 DMotivation

In previous chapters such as Chapter 3, Chapter 6 and Chapter 4, the vision signals come
from human motions, including the body movements or hand movements. Such systems are
constrained by the existence of human movements. To generalize such system further, we
create a vision to sound generation system where the video of any category can be taken
as the input and the system generates the audio for that. Therefore, I propose a general
video-to-audio generation system called VATT (shown in Figure 7.1) that can take optional
text prompts as inputs to generate the audio that fits both the context of video and the text
prompts. VATT consists of two modeling stages: i) Video-to-Caption stage, which converts
video features into an audio caption through a pretrained large language model (LLM)
with a learnable projection layer. Through this cross-modal conversion, visual features that
are relevant to audio concepts are extracted. These features are closely connected to audio-
related tasks such as audio captioning and audio generation. ii) Video + Text to Audio stage,
that generates audio conditioned on the hidden states extracted from the LLM in the prior
modeling stage. At its core, the proposed model in this stage is a bi-directional transformer
decoder that generates audio using a token-based representation similar to [Re32, Re27].
To obtain the conditioning on the hidden states of the preceding component, the projected

video features along with the optional text prompts are concatenated together and fed into



62

Water Splashing | Generated Audio Caption
sounds are heard. (If No Text Prompt)

Generated Audio
W (No Text Prompt)

. 7 Generated Audio
—'-- Y, .
A (with Text Prompt)
Video Frames
. . . { » Generation Flow w/o Text Prompt
Live music along with H !
- 1
water splashing sounds. ' Generation Flow w/ Text Prompt |

Text Prompt (Optional)

Figure 7.1: VATT is a flexible audio generative model capable of generating audio in two
modes: i) When a silent video is the sole input, the model generates the audio along with a
caption describing the possible audio that could match the video. ii) When in addition to
the video, a text prompt is provided, the model generates audio aligned with both the video

and the given text prompt. (Figure from [XL5])

the LLM in stage i), with the hidden states from the last layer extracted and attached to the
audio tokens for the decoder. The decoder is trained using masked token modeling, where
the objective is to predict masked audio tokens from unmasked ones at varying masking
ratios. During inference, starting from all tokens being masked, an efficient parallel decoding
algorithm is implemented which gradually unmasks multiple tokens in parallel based on video
and text inputs until a stop condition is met. Finally, the generated tokens are converted into
audio waveforms through a neural audio codec decoder. An overview of VATT is shown in

Figure 7.2.
7.2 DMethods

VATT consists of two modeling stages: i) Video-to-Caption : This stage utilizes a Large

Language Model (LLM) with a learnable projection layer that converts video features into
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Figure 7.2: Two stages of VATT system training pipeline: (1) Video-to-Caption stage
that maps video features into an audio caption through LLM. (2) Video + Text to Audio
stage that learns to generate audio tokens through masked tokens prediction conditioned on

Stage (1) features. (Figure from [XL5])

embeddings compatible with the LLM. The model receives an instruction to generate audio
captions from video inputs. ii) Video + Text to Audio: This stage incorporates an
encoder-decoder architecture. The encoder uses the finetuned LLM from Video-to-Caption
stage with frozen weights. During inference, VATT generates audio tokens from video and
optional text prompts through iterative parallel decoding. These tokens are then converted

into audio waveforms using Encodec [Rell].

VATT Converter is designed to integrate visual and textual prompts for audio gener-
ation as well as audio captioning. The core component, VATT Projector, is an embedding
layer that maps video features into the text embedding space of the LLM. Given visual
features extracted from frame-level vision encoders Vy = {vy,v,...,vr}, a Linear layer is
applied to project each feature from its original dimension d, to the LLM text embedding

dimension d;,,,, producing a sequence of transformed features V;,,, = V;W; + b;, where W; and



64

b, are learnable parameters of the linear projection.

V2A Instruction Tuning: The key functionality of VATT Converter is to extract
from visual stream semantic features relevant to audio. Drawn on the success of multi-
modal LLMs, such as visual-LLM [Rel26] and audio-LLM [Re93], we employ multi-modal
instruction tuning to align the visual inputs of videos with the ground truth audio captioning
of the same videos. Given a prompt instruction, T; = {t;1, t;2, ..., tix }, such as “Describe the
audio that the video could generate:" and the projected visual features Vj,, as inputs, we
model conditional distribution of audio descriptions T, = {ta1,ta2, -.-; tan }» as Po(Tu|Ti, Vim)
by fine-tuning an instruction-tuned LLM, e.g., Vicuna-7B [Re91]. For training efficiency,
we fine tune the LLM with VATT Projector by integrating LoRA [Rel27] adaptors while
keeping the original LLM weights frozen. We minimize the negative log-likelihood of audio

caption tokens conditioned on visual inputs and prompt instruction

Lo (T2 | T Vi) == o Py (fa =t | T Vi) (7.1)
=1

where t,; is the [-th text token in the ground truth audio description T,, and 6 is the set of
trainable weights including VATT Projector and LoRA adaptor.

Video 4+ Text to Audio Stage Once the audio-related visual features are aligned
with the text features in the LLM embedding space, the LLM effectively encodes multi-
modal information that serves as a representation for text generation and audio generation.
Indeed, in the second stage of VATT, there are two generation modes to generate audio:
i) When no conditional text prompt is provided, the video features along with a standard
template prompt (e.g., “Describe possible audio that the video could infer.”) are fed as inputs
to VATT Converter. ii) When an audio caption is provided as the text prompt, the video
features and the audio caption are fed together into VATT Converter. In such a case, the
provided audio caption helps guide the video-to-audio generation process and overrides the
need for generated audio caption.

Audio Token Decoder To generate audio, we design an audio token-based decoder,

VATT Audio, conditioned on the encoded features from VATT Converter. In contrast to
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existing methods, which typically use auto-regressive token modeling [Re56, Re57, Re25] or
latent diffusion techniques [Reb0, Re51], we adopt a novel token-based modeling technique
based on masking tokens. The method, originally derived in image generation tasks [Re32]
and recently adapted to text-to-audio generation [Re27, Re26], is capable of achieving com-
petitive generation quality while improving efficiency through an iterative parallel decoding

algorithm during inference.

Token-based Representation for Audio To represent audio waveforms using dis-
crete tokens, we adopt a pretrained audio neural codec, Encodec [Rell], similarly to Foley-
Gen [Re25]. Encodec is a multi-level residual vector-quantized (RVQ) autoencoder trained
with waveform reconstruction and adversarial objectives, capable of high-fidelity reconstruc-
tion from compressed tokens. Specifically, Encodec uses L = 4 codebooks of tokens to repre-
sent the audio. Lower-level codebooks encode coarse semantic information, while higher-level
codebooks capture fine-grained details. We adopt an open source Encodec model pretrained
using audio waveforms at Sr,, = 16kH 2z sampling rate. The model compresses a waveform
into tokens at Sr; = 50H z sampling rate, leading to ry, = %1: = 320 waveform samples per
token. For any waveform A,q, € R"™*7 we extract corresponding audio tokens representa-
tion Ayp € NEXTe (T, = Z—Z) from Encodec encoder part. Once the model generates Ao,
the embedding vectors of L levels of tokens at each time step are summed up before being
sent to Encodec decoder to obtain the waveform.

Masked Audio Token Generative Modeling We model the distribution of audio token
matrix A, € NP*Te by developing a token masking strategy which learns the joint distribu-
tion of the audio tokens in full parallelism. This is different than using “delayed patterns”
proposed in [Re57] which enables parallelism but only on the level of codebook dimension.
At each time step of Ay, embedding vectors of L tokens are summed up to represent audio
waveform at the corresponding segment. In order to perform masking operation at any po-
sition, we introduce an additional learnable (MASK) token in each codebook. By randomly

replacing some of the tokens entries in the A with (MASK) at corresponding codebook

we obtain the masked audio token matrix AY, € NEXTe. We obtain EM € RéemxTe hy
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summation of the embedding vectors of each token in AM along the level axis.

Conditional generative modeling is implemented as follows. We extract the hidden states
of the last layer Hy,, € R%m*Tim (before the LLM prediction head) from VATT Converter
as the conditional inputs into the audio token decoder. We use a linear layer to project
H,, to Ej, € Riem*Tim with same feature dimension as the masked audio embeddings
EM_ A straightforward way to model the relationship between EM and Ej, is to use an
interleaving self-attention and cross-attention block as proposed in Vanilla Transformer ar-
chitecture [Re23]. However, we find that such interleaved interaction between audio and
multi-modal input condition does not capture the fine-grained correspondence between them.
Therefore, we propose to use a bi-directional self-attention architecture to fuse the features.

Specifically, we concatenate Ej,, with EM along the temporal axis to obtain the fused
features F,,, = C’oncat([Elm, EM }) The decoder consists of L,,, layers of self-attention
blocks. The output hidden states in the last layer of the decoder, H?“ = Dec(Em),
represent fused audio and conditions features. We only extract the part of the hidden states
corresponding to the audio tokens, Ho“ € R¥m>*Te and pass it through L Linear layers in
parallel to perform classification on masked tokens at each level of the codebooks. For each
masked audio token in matrix AY, | we calculate the cross-entropy loss between the predicted

token Gy, and the ground truth token af’,, formulated as

Lyarr =~ > T(aor = <MASK>)log | Py(Asor = afy| Ats Him))| . (7:2)

M
Atok eAtok

where ¢ is the set of trainable parameters in the audio token decoder, and I is the indicator

function.

7.2.1 Masking Design and Iterative Parallel Decoding

Masking Distribution Design Inspired by [Re32, Re27|, we incorporate variable random
masking. In particular, it was shown that masking ratio plays an important role in audio

token decoder to generate meaningful signals. While in [Re32, Re27] arc-cosine masking
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distributions is used by default, here we study several masking strategies that include distri-
butions along with different hyper-parameters to find the strategy that reaches more optimal
generation quality. Our study shows that normal distribution with a mean of 0.75 and stan-
dard deviation of 0.25, truncated from 0.5 to 1.0 is such optimal strategy. The general
interpretation of this strategy is that a relatively high range masking ratio enables models
to generate better initial tokens when most of the entries in the token matrix are masked.
This is essential for future decoding steps to generate meaningful tokens.

Iterative Parallel Decoding Scheduling of masking plays a key role as well. During
inference, we follow the cosine scheduling scheme proposed in [Re32] to gradually resolve the
audio tokens. The iterative sampling procedure starts with all (MASK) in the audio token
matrix. At a step t, the model takes the audio token matrix A;_; from the previous step
along with the conditions as inputs and samples a new audio token matrix A, in parallel with
all tokens unmasked. Based on the confidence at each entry of A, only tokens with top-k
confidence are kept while the remaining entries are re-filled with (MASK), resulting in A;.

The cosine scheduling scheme determines the ratio of re-masked tokens by r, = cos (g : i).

T
Notably, to resolve the confidence of each entry in the matrix, we adopt the “gumbel-top-k
trick” [Rel128] with temperature that varies, i.e., ¢; = % + G, where G ~ Gumbel(0, 1)
and p; denotes the output probability of the sampled token at the entry ¢. This is equivalent
to sampling k values from multinomial distribution from the softmax probabilities without
replacement. The temperature 7 controls the degree of stochasticity. We use 7 = 75 -
(1-— %) with linear decay during generation, where 7y is the initial temperature. Similarly
to [Re32, Re27], our method achieves optimal quality and fast speed within a few decoding

steps (typically 10 - 20).
7.3 Experiments and Results

Evaluation Metrics: To evaluate video-to-audio generation quality, we follow the method
of [Re25], which proposed the metrics Kullback-Leibler-Divergence (KLD) with PassT [Rel129],
Fréchet Audio Distance (FAD) [Rel30] and Align Accuracy (Align Acc) [Re46]. KLD mea-
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sures how closely the generated audio matches the GT through pairwise comparison, re-
flecting how well the audio captures the concepts in the video. FAD evaluates the overall
distribution, indicating the overall quality of the audio. Align Acc assesses the relevance
and temporal alignment of the audio and the video. Additionally, we incorporate generation
speed (time taken per waveform sample) to measure efficiency. We also compute the CLAP
score [Re21] to evaluate the adherence of generated audio to text prompts to compare our
results with text-to-audio generation.

For video-to-audio captioning, we use two types of metrics, natural language generation
(NLG) metrics and audio-text relevance metric. NLG metrics evaluate the generated cap-
tions with respect to the ground truth audio captions using rule-based matching in terms
of precision and recall. These metrics include BertScore [Re6], BLEU-4 [Rel31], ROUGE-
L [Rel32] and CIDEr [Rel33]. To assess the relevance of generated audio captions with the
actual audio, we compute the CLAP-score [Re21] as cosine similarity between audio and text
embeddings.

Quantitative Evaluation of Audio Generation: We evaluate audio generation of
VATT models on the VGGSound test split. For each of the 15,446 video samples, we generate
a 10-second audio waveform. We compare VATT variants against existing video-to-audio gen-
eration methods as well as text-to-audio generation methods including AudioLDM-2 [Reb1]
and AudioGen [Reb6] using different text prompts. The results on the metrics described
above are summarized in Table 7.1 and Table 7.2. VATT models achieve best KLD score
and Align Acc against other methods while maintaining competitive FAD (top 2). Notably,
when guided by GT audio captions (VATT-LLama-T and VATT-Gemma-T; bottom) our
models generate sounds that match the GT audio more accurately, as indicated by lowest
KLD score of 1.41 and 1.66 for VATT models with two LLM backbones, surpassing both
video-to-audio and text-to-audio methods. In comparison to text-to-audio methods, VATT
models achieve competitive audio-text alignment in terms of CLAP score, demonstrating a
strong capability to follow text prompts.

Quantitative Evaluation of Video-to-Audio Captioning: We evaluate video-to-
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Table 7.1: Quantitative results against video-to-audio generation methods on VGGSound

test set. -T7 refers to model with text prompts. (Table from [XL5])

Methods KLD | FAD | Align Acc T Speed (s) |
SpecVQGAN [Re43] 3.78 6.63 48.79 7.2
IM2WAV [Re44] 2.54 6.32 74.31 289.5
Diff-Foley [Re46] 3.15 6.40 82.47 4.4
FoleyGen [Re25] 2.89 2.59 73.83 6.9
V2A-Mapper [Red7] 2.78 0.99 74.37 11.54
VATT-LLama (Ours) 2.39 2.38 80.32 1.1
VATT-Gemma (Ours) 2.25 2.35 82.81 0.65
VATT-LLama-T (Ours) 1.41 2.54 80.16 1.2
VATT-Gemma-T (Ours) 1.66  2.98 81.48 0.76

audio captioning by prompting VATT Converter to generate audio captions. We use the
prompt “Describe the possible audio for this video:” to generate captions for all VGGSound
test videos. For baselines, we prompt LLAVA-13B-v1.5 model in two zero-shot modes to
generate visual and audio descriptions respectively. Since LLAVA can take a single image as
an input only, we select the middle frame of videos. We use “Provide a concise, descriptive
caption for the following image.” as the visual prompt, and “Describe the sounds that this
scene could yield in a short sentence without reasoning” as the audio prompt. We also
compare against a video LLM baseline, Video-LLAMA-7B, to perform zero-shot video-to-
audio captioning. Specifically, we directly input VGGSound videos into the VL branch of
the Video-LLAMA model, and prompt it to generate audio captions using the instruction
“User/ What sounds could match the video?” Since Video-LLAMA has not been pretrained
on VGGSound dataset and LTU generated captions, we implement a similar structure of
Video-LLAMA and train on our LTU-generated captioning data. We replaced the original
BLIP-2 visual features used by Video-LLAMA with our eva02-CLIP-L visual features due

to the expensive pre-processing time for all BLIP-2 features from videos in VGGSound
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Table 7.2: Quantitative results comparing VATT with text-to-audio generation methods on
VGGSound test set. ‘-T’ refers to model with text prompts. CLAP score is calculated as
the cosine similarity of generated audio with respect to the GT audio caption. (Table from

[XL5])

Methods Text Prompt KLD | FAD | Align Acct CLAP Score 1
AudioGen [Re56] LLAVA visual caption  3.65 6.03 41.66

AudioGen [Re56] GT audio caption 2.19 3.17 48.96 0.409
AudioLDM-2 [Re51] LLAVA visual caption — 3.54 3.62 53.49

AudioLDM-2 [Reb1] GT audio caption 2.09 2.46 51.84 0.326
VATT-LLama-T (Ours) GT audio caption 1.41 2.54 80.16 0.347
VATT-Gemma-T (Ours) GT audio caption 1.66 2.98 81.48 0.310

and AudioSet. For the Video-QFormer component of Video-LLAMA, we keep it the same
as Video-LLAMA, and we name this model as VATT-Qformer - LLama. Our evaluation
is summarized in Table 7.3. VATT models with LLMs outperform LLAVA-prompted and
Video-LLAMA zero-shot results demonstrating a stronger capability to infer sounds from
videos semantically. In particular, when measuring audio-text relevance, our model with
LLama achieves an increase of +5.0% in accuracy when compared with LLAVA visual
caption baselines. For reference, the ground truth audio captions generated by LTU [Re93|
have an average CLAP score of 0.379.



71

Table 7.3: Comparison of video-to-audio captions on NLG evaluation metrics and text-audio

relevance (CLAP Score). (Table from [XL5])

Methods BertScore (F1) + BLEU-4 1+ ROUGE-L 1 CIDEr 1t CLAP Score 1
LLAVA w/ Visual Prompt 0.855 0.089 0.137 0.026 0.213
LLAVA w/ Audio Prompt 0.870 0.123 0.155 0.095 0.182
Video-LLAMA w/ Audio Prompt 0.861 0.091 0.117 0.021 0.204
VATT Converter - Gemma (ours) 0.900 0.345 0.337 0.926 0.229
VATT-Qformer - LLama 0.907 0.419 0.375 1.264 0.245

VATT Converter - LLama (ours) 0.909 0.424 0.384 1.354 0.263
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Chapter 8
SPATIAL AUDIO EFFECTS IN ANY ROOM ENVIRONMENTS

This chapter is based on the following published work: [XL6].

8.1 Motivation

In mixed reality applications, a realistic acoustic experience in spatial environments is as
crucial as the visual experience for achieving true immersion. Despite recent advances in
neural approaches for Room Impulse Response (RIR) estimation, most existing methods are
limited to the single environment on which they are trained, lacking the ability to gener-
alize to new rooms with different geometries and surface materials. We aim to develop a
unified model capable of reconstructing the spatial acoustic experience of any environment
with minimum additional measurements. To this end, we present xRIR, a framework for
cross-room RIR prediction. The core of our generalizable approach lies in combining a geo-
metric feature extractor, which captures spatial context from panorama depth images, with a
RIR encoder that extracts detailed acoustic features from only a few reference RIR samples.
More specifically, xRIR features three key components: i) a Geometric Feature Extractor,
which utilizes a vision transformer to process panorama depth images from the receiver’s
perspective, capturing the spatial relationships between the source and receiver positions
within the room; ii) a Reference RIR Encoder, which extracts spatio-temporal features from
a few reference RIRs, capturing the unique energy decay and reverberation characteristics
associated with room materials; and iii) a Fusion and Weighting Module, which predicts the
target RIR through a weighted combination of the reference RIRs. By integrating comple-

mentary geometric and acoustic features, xRIR effectively approximates both structural and
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Figure 8.1: Our xRIR framework can predict accurate room impulse responses (RIR) of any
new environment, by integrating the geometric prior learned from a large simulated RIR
dataset of diverse training environments and the nuanced acoustic profile extracted from a

few reference RIR measurements in the new environment. (Figure from [XL6))

material properties of any room, enabling precise RIR predictions not only at new locations
in the training environments, but also in any new environment of interest. To evaluate our
method, we introduce ACOUSTICROOMS, a new dataset featuring high-fidelity simulation
of over 300,000 RIRs from 260 rooms, specifically curated for this task.

8.2 DMethods

We tackle the cross-room room impulse response (RIR) prediction task, which aims to pre-
dict single-channel (omnidirectional) RIRs for any source-receiver pair across diverse room
environments, including those unseen during training. We aim to develop a generalizable
model that can accurately predict RIRs in any environment without labor-intensive data
collections or training a separate model for each room. xRIR achieves this by utilizing only
minimal additional measurements from the new room, such as only a few panorama depth

images and reference RIR measurements, to quickly adapt to new acoustic environments
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with minimal effort, thereby facilitating generalization to previously unseen environments.
Next, we formally define the cross-room RIR prediction task by outlining its data, inputs,
and the modeling objective.

Data. Let R = {Ry, Rs,..., Ry} represent a dataset of M rooms, split into a training
set, Riaim C R, and a test set, Riest = R\ Riain. Each room R, includes a set of receiver
locations, denoted L,, = {P™1, PMm2)  PmNn)Y where N, is the number of receivers
in the room. For each receiver P in room R,,, RIRs are measured at various source
locations P{™%J) resulting in measurements A,,;; of the source-receiver pair P{™%/) and
Pmi)

Inputs. To capture the necessary observation conditions for predicting a target RIR
Ay, we define an observation tuple O = (Py, P.,G,), where Ps is the target source loca-
tion, P, is the receiver location, and G, represents the local geometry near the receiver
location P,, e.g., room boundary points or depth maps around the receiver. Additionally,
we introduce a set of K reference RIRs measured at the target receiver location P, from

various reference source locations P e = {P(l) p? pE)

iy Propss - - - s Proga - These references, denoted

as A = {Aﬁi@, Afﬁ}, o ,AE?}, are crucial for capturing essential acoustic characteristics
that encode nuanced information about room materials. Note that in the above formula-
tion, while we fix the receiver location and set reference RIRs at different source locations,
exchanging the receiver and source in the input yields an equivalent alternative formulation.

Modeling Objective. The objective of cross-room RIR prediction is to train a model F
that predicts the target RIR A, using the observation tuple O along with the reference RIRs
A, and their respective source locations Py A =F (O, Aset, Pregs). In this formulation,
O provides the geometric and positional context, while A, and P give sparse acoustic
observations that help bridge the lack of explicit material properties by capturing key room
acoustics characteristics.

Unlike the single-room RIR prediction task [Re65, Re64], which assumes consistent ge-

ometry and material properties and fits a separate model for each scene, our cross-room

formulation aims to train a single model that generalizes across multiple scenes with diverse
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Figure 8.2: System Overview of Our xRIR Model for Cross-Room RIR Prediction.
The model architecture consists of three main components: i) a Geometric Feature Extractor,
which captures spatial relationships among the source, receiver, and room geometry; ii) a
Reference RIR Encoder, which extracts spatiotemporal features from reference RIRs; and
iii) a Fusion and Weighting Module, which integrates these spatial and acoustic features to

predict the target RIR. (Figure from [XL6])

room geometries and materials, while with the extra condition of only a few RIR measure-
ments. Models that are designed for single-room RIR prediction task [Re64, Re65] must
be re-trained with dense data when applied to a new environment. While our method uses
one unified model to predict accurate RIRs across different rooms, seen or unseen. Our
formulation can also be easily adapted to the single-room RIR prediction setting by fitting
dense measurements in the room as in prior work. Please see supp. for results on single-room

experiments.

The xRIR Model: To solve the cross-room RIR prediction task, we propose a new
architecture, xRIR, which processes not only geometry and positional features of source and
receiver, but also leverages the reference RIRs to accurately predict the target RIR. As il-
lustrated in Figure 8.2, xRIR consists of three main components: i) a Geometric Feature
Eztractor (Sec. 8.2.1), which encodes the spatial relationships among the source, receiver,
and room surface geometry, capturing important geometric features that shape acoustic

behavior; ii) a Reference RIR Encoder (Sec. 8.2.2), which processes the spatiotemporal char-
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Figure 8.3: Illustration of the Geometric Feature Extractor. Rec: Receiver, Tgt Src:

Target Source, Ref Src: Reference Source. (Figure from [XL6])

acteristics of the reference RIRs to extract features that represent their acoustic properties
within the room.; and iii) a Fusion and Weighting Module (Sec. 8.2.3), which integrates the
spatial features from the Geometric Feature Extractor with the reference RIR features from
the Reference RIR Encoder, generating a set of weights to combine reference RIRs as the

predicted target RIR.

8.2.1 Geometric Feature Extractor

The Geometric Feature Extractor module captures spatial relationships among the source,
receiver, and room geometries, which is important for accurate acoustic modeling. It consists
of two geometric sub-modules: the Direct Path Module, and the Reflection Module. These
two modules emulate the process of sound propagation. The Direct Path Module extracts the
feature of the direct path between source and receiver, while the Reflection Module models
the sound propagation path through the reflections from the room boundaries. A detailed
overview of the Geometric Feature Extractor is illustrated in Figure 8.3.

Direct Path Module. To capture the direct path between each source and the receiver,
we concatenate their 3D coordinates. For the target source, we define Py, = (P, P,), where
P, and P, are the coordinates of the source and the receiver, respectively. For each reference

source Pr(ekf?dir, we define Pr(ekf?dir = (Pr(e]??s, P,). Py, and each Pr(ekf?dir encode locations of every
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source-receiver pair, thereby encoding the direct path information. To extract their features,
we apply sinusoidal positional encoding [Rel34] followed by a multi-layer perceptron (MLP)
to project them into high-dimensional vectors, resulting in gq;, € R'*% for the target source-
receiver pair and gfff{ g € R for each reference source-receiver pair.

Reflection Module. Inspired by INRAS [Re64], we also model the reflection paths
between source and receiver via the room boundary. But differently, instead of using a fixed
set of bounce points per room, we propose to use a panorama depth map at the receiver’s
location as a proxy for local room geometry to unify the representation across different rooms.

Given the panorama depth map I, € R7*Wx3

centered at receiver’s viewpoint, we first
project Iy, to a 3D coordinate map Icoord = Frect(lgp) via an equi-rectangular projection
transformation Fi.. Each pixel in I.,o.q represents the 3D coordinate of a visible boundary
point in the room from the receiver’s view. Each source in the room has chance to reflect
through these points until finally reaching the receiver. To model such interactions, we create
a set of reflections-based maps by subtracting the 3D coordinate map from the source and
receiver positions.

To perform the subtraction, it is necessary to unify the coordinates between the 3D
coordinate map and the source / receiver positions. We achieve this by projecting the

world coordinates of the sources and the receiver into camera coordinates at the receiver’s

position, resulting in the same coordinate system as the 3D coordinate map. We obtain

the target source position as P.s = R(P; — P,) and each reference source location as
Pr(j? rof = R(Pr(e?s — P,), where R is the world-to-camera transformation matrix. Then we

create reflection-based maps Iy, for the target source, Ir(f )ref for reference sources, as well as
I, .+ for the receiver by performing subtractions: I.¢ = Prels — Icoord, ]ﬁff)’rf = Pr(ﬁ? ref — Leoord
and I, = Icoora — 0, where O means the origin, where the receiver is located.

These reflection-based maps encode the dense interaction between room geometry and the
sources / receiver. To further extract features, we utilize a vision transformer module [Re135]

F,; that partitions each reflection-based map into patches, aggregates local features, and

builds spatial dependencies among patches. This results in compact patch-level geometry
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representations: g, ¢ = Fu(Lri), 9oy = Foi(Lsr) and {grefrf th(Ir(fgrf)}le, where each
feature map has dimensionality IV, x C,. Finally, we apply a MLP layer to project the patch

dimension N, to 1, resulting in g, ¢, gs.f, and {gﬁff) S| respectively.

8.2.2 Reference RIR Encoder

To capture acoustic features related to energy decay and reverberation patterns within the
room, we leverage reference RIRs as proxies for the acoustic characteristics at various source
locations relative to the receiver. To encode these acoustic features, we first compute the
log-magnitude spectrogram of each reference RIR using the Short-Time Fourier Transform
(STFT): Sierx = log(|[STFT(Aetx)||), where Sy € RF*T. To extract robust acoustic
features, we implement the Reference RIR Encoder using ResNet-18, and use the mean

pooled features f*) € R? from the last layer to encode each reference RIR.

8.2.3  Fusion and Weighting Module

The Fusion and Weighting Module integrates the outputs from the Geometric Feature Ex-
tractor and the Reference RIR Encoder to generate the target RIR prediction. This module
combines geometric and acoustic features for reference sources as well as the geometric fea-
tures of target source, finally computing the weights that are applied to reference RIRs.
Fusion of Geometric and Acoustics Features. For each reference source, we combine

the geometric feature gﬁff) dirs gﬁff)yrf, gr.xt and the acoustic feature f{¥) by concatenating them

along the feature dimension, resulting in: hief = Concat(gﬁef) dirs gfef) o6 Gects FUO).

Similarly, for the target source, we combine the geometric feature gair, gs ¢ and g, ¢ via
concatenation, yielding: hi = Concat(gair, gs.f, grrr)- We then project the fused feature hi
(k)

to hy through a MLP to make the feature dimension the same as h,.

To align the target and reference features, we compute the attention between the target
fused vector h, and each reference fused vector h]ref Specifically, given the reference fused
features Hyer = {h( ot} | and the target fused vector hy, the attention output Z is computed

as:
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Href : htT

®Hre7
v ) '

where - and ® denote matrix multiplication and element-wise multiplication with broad-

Z = softmax (

casting respectively, and Hyep € REXC hy € R Z € REXY These attention outputs
Z = {z;}, for each reference RIR is now attended by the fused feature of the target RIR.

Time-Aligned Weighting Matrix. Given the attention outputs Z € RE*Y we
next generate a time basis vector T;, based on the temporal indices of the spectrogram
[0,1,2,...,T]. Specifically, we compute T;O using sinusoidal positional encoding [Rel34] and
then apply a MLP layer to project T}, to C, resulting in Ty, € RT*¢. We generate the
time-aligned weighting matrix W € R¥*T by computing the outer product between Z and
Typ: W =Z - TE. Each row of W corresponds to the weights applied to the log-magnitude
spectrogram of each reference RIR, adapting them to match the temporal structure of the
target spectrogram. This weighting matrix W effectively shapes each reference spectrogram
to align with the characteristics of the target RIR.

Finally, we predict the target RIR’s log-magnitude spectrogram Sp.q via the weighted
sum of the log-magnitude spectrograms of the reference RIRs: Speq = Zle Wi © Siet k-
W, is the k-th row of the weight matrix W, applied to the corresponding log-magnitude
spectrogram Syef .

Training and Inference During training, we use the magnitude STFT L; Loss to
compute the error between the magnitude spectrograms of the predicted target RIR and
the ground-truth RIR: Lgrpr = || exp(Sprea) — €xp(Sgt)|l1. Additionally, following [Red], we
incorporate an energy decay loss to optimize the decay patterns of the predicted spectrogram.

The energy decay loss Lgp is defined as: Lgp = HEDC(Spred) — EDC(Sg) v where EDC(+)

denotes the energy decay curve of RIR in the frequency domain. The total loss becomes
Liotal = LsTrT + ALED, Where ) is a weight to balance the contribution of the energy decay
loss.

During inference, we randomly samples K RIRs {A¢;4}F=FK along with corresponding

source locations {Preﬁk}ﬁi{( from a test room as reference inputs. The model predicts the
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magnitude spectrogram of a target RIR, which is then converted back to a waveform via the

Griffin-Lim [Rel36] algorithm.

8.3 Experiments and Results

Method Seen Splits Unseen Splits

EDT error (s) C50 error (dB) T60 error (%) EDT error (s) C50 error (dB) T60 error (%)

Random Across Rooms 0.290 6.831 37.35 0.313 7.802 35.15
Random Same Room 0.129 3.567 12.80 0.172 5.440 16.08
Few-shot RIR [Re4] (K=1) 0.157 3.957 31.42 0.130 3.225 20.10
Few-shot RIR [Red] (K=4) 0.157 4.026 31.63 0.136 3.568 19.30
Few-shot RIR [Re4] (K=8 0.174 4.451 32.71 0.187 4.470 21.15
Linear Interpolation (K=8) 0.094 2.421 9.76 0.121 3.090 13.73
Nearest Neighbor (K=8) 0.064 1.717 8.94 0.090 2.667 11.64
xRIR (K=1) 0.046 1.183 9.50 0.075 1.841 13.47
xRIR (K=4) 0.040 1.005 8.15 0.068 1.335 13.28
xRIR (K=8) 0.038 0.940 8.13 0.055 1.457 10.53

Table 8.1: Cross-Room RIR Prediction Results for Both the Seen and Unseen
Splits. We report EDT Error (EDT) in seconds, C50 Error (C50) in dB, and T60 percentage
error (T60), with lower values indicating better performance. For Few-shot RIR [Re4] and

xRIR (Ours), we evaluate in a few-shot manner by setting the number of reference RIRs K

to 1, 4, and 8. (Table from [XL6])

8.3.1 Implementation Details

In the ACOUSTICROOMS dataset, RIRs are sampled at 22,050 Hz with a maximum length
of 9600 samples (0.435 s). We compute the magnitude spectrogram S with FFT size 124,
window size 62, and hop size 31, yielding a shape of 63 x 310. Panorama depth maps of
room geometry are rendered at a resolution of 256 x 512 from the receiver’s location, and
source/receiver positions are recorded as 3D coordinates (z,y, z). For xRIR, we implement a

Vision Transformer block Fyy with 6 multi-head attention layers (8 heads, hidden size 512).
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Method Classroom Dampened Room Hallway Complex Room

EDT C50 T60 EDT C50 T60 EDT C50 T60 EDT C50 T60

Random Across Rooms 0.546  8.740 19.03 0.771 18.726 - 0.874 11.025 21.71 0472 7392 16.01
Random Same Room 0.160  3.092 3.12  0.099 6.840 - 0.308 6.461 16.61 0.218 4.566 5.66
Linear Interpolation (K=8) 0.113 2.172 4.42 0.058 4.584 - 0.088 2.127 4.55 0.124 2.848 5.17
Nearest Neighbor (K=8) 0.108 1.949 2.71 0.044 3.278 - 0.068 0.990 3.02 0.091 1.936 2.53
Diff-RIR [Re5] (K=12) 0.113  2.147 1239 0.100  3.796 - 0.160 2.049 14.34 0.115 2.027 12.76
xRIR (K=8) (Ours) 0.093 1.628 6.25 0.044 3.302 - 0.062 0.954 3.20 0.077 1.688 4.33

Table 8.2: Sim-to-Real Transfer Results in Four Real Environments from the
Hearing- Anything- Anywhere Dataset [Re5]. We report EDT Error (EDT) in seconds,
C50 Error (C50) in dB, and T60 percentage error (T60). Due to noisy measurements in the
dampened room, resulting in low SNR and invalid T60 calculations on the EDC curve, we

omit this metric for the dampened room. (Table from [XL6])

Depth maps are divided into 16 x 32 patches, resulting in all reflection-based features such
as gy and gs,¢ of dimension 256 x 512. Direct path features are calculated using sinusoidal
encoding on each 3D coordinate with 20 frequency bins, and are then projected into 256-
dimensional vectors via MLP. For loss calculation, we set A = 0.01 to balance the STFT loss

and the energy decay loss.

8.3.2 Baselines

We compare with a series of baselines as well as prior methods [Re4, Reb]:

« Random Across Rooms: Randomly sample a RIR from the entire dataset as the

prediction for the target RIR.

« Random Same Room: Randomly sample a RIR from the same room as as the

prediction for the target RIR.
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o Nearest Neighbor: Sample k-shot reference RIRs and select the RIR with the closest

spatial distance to the target source as the prediction.

o Linear Interpolation: Linearly interpolate between k-shot reference RIRs based on

the distance between each reference and the target source location.

« Few-Shot RIR [Re4]: Few-Shot RIR implements a transformer architecture that
fuses features from separate encoders of multi-modal conditional inputs and then gen-
erates the target RIR by decoding the transformer outputs via a UNet decoder. We
adapt their model to our task by replacing the binaural echos with our single-channel
reference RIRs (different source and receiver locations) and using panorama depth

images as inputs to the image encoder instead of egocentric RGBD images.

« Diff-RIR [Re5]: We compare with Diff-RIR in evaluation on sim-to-real transfer.
The framework utilizes the few-shot, i.e., 12 reference RIRs, to train a differentiable
rendering pipeline to learn acoustics parameters of the room geometry. For fair com-
parison, we finetune our xRIR model pre-trained on ACOUSTICROOMS on the same
set of reference RIRs as Diff-RIR in each room, and then test on the same test split.
Note that Diff-RIR requires training one model per each room and the training pro-

cess becomes computationally infeasible for large space with complex room geometries.

Therefore, we do not include it in our comparison on ACOUSTICROOMS.

8.3.8 Metrics

We evaluate the energy pattern of the generated RIRs against ground-truth RIRs using three
key acoustic metrics, which are strongly correlated with hearing perception and commonly

used in prior work on RIR prediction [Re64, Re65]:

« Early Decay Time (EDT) Error: To evaluate early reflection characteristics, we
use the EDT error, which measures the time taken for the initial 5dB decay in the

energy curve.
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Figure 8.4: Qualitative Comparisons of RIR Predictions. We compare the perfor-

mance of our method and the baselines both in simulated (top row) and real (bottom row)
environments. Room geometry, sample RIR predictions, and the corresponding error met-
rics are included. xRIR shows more accurate RIR predictions in both settings. (Figure from

[XL6])

« Clarity (C50): For comparing early-to-late energy ratios, we employ the clarity met-
ric C50, which provides insights into the prominence of early reflections over later

reverberations.

o« T60 Error: We evaluate the accuracy of reverberation time by comparing the 760
value of the predicted RIR and the ground-truth RIR. We calculate 760 using 720,
based on a linear fit between —5dB and —25dB on the logarithmic energy decay curve

obtained from Schroeder Backward Integration [Rel37].

8.8.4 Quantatitive Results on ACOUSTICROOMS

We show cross-room RIR prediction results in both environments seen during training as

well as unseen new environments. As shown in Table 8.1, our xRIR model significantly
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Figure 8.5: Qualitative Comparisons of Acoustic Map Predictions in Two Real
Environments: a Hallway and a Classroom. We visualize the acoustics maps by
computing the C50 metric at dense locations in the entire room and compare with the ground-
truth acoustic map. xRIR achieves C50 distributions that better matches the ground-truth.
(Figure from [XL6])

outperforms all baselines across all metrics (EDT error, C'50 error, and 760 error). In the
seen split, our xRIR model yields the lowest errors across metrics, particularly in C'50 and
T60. Our gains persists in the unseen split. In particular, our model with K = 8 reduces
T60 error to around 10%, while other baselines exhibit much higher errors. This result
highlights our model’s robustness in capturing reverberation characteristics across different
room configurations and the ability to generalize to unseen environments with different room

acoustic properties.

The Few-Shot RIR approach from [Re4] does not perform well on ACOUSTICROOMS.
We suspect that this is due to two factors: i) their UNet decoder struggles to reconstruct high-
fidelity RIRs on our data, as it relies on highly compressed fusion features; ii) their method
uses binaural echoes with co-located source and receiver positions, which fundamentally differ
from our setup, where reference RIRs are measured with the source and receiver at different
locations. This spatial disparity likely impacts feature relevance, limiting its performance on

our dataset.
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8.8.5 Sim-to-Real Transfer to Real Environments

To evaluate whether our model can also generalize to real-world environments, we use four
real rooms from the Hearing-Anything-Anywhere Dataset [Re5]. We compare our method
against Diff-RIR [Reb], a physics-based differentiable RIR rendering pipeline that utilizes
12 reference RIRs per room to predict RIRs for new locations. As shown in Table 8.2,
our model compares favorably against all baselines. In partilar, despite using only 8-shot
references, our method outperforms Diff-RIR that uses 12 reference RIRs in all acoustic
metrics, demonstrating its strong generalization capabilities. We observe that our method
underperforms on the T60 metric compared to the Nearest Neighbor baseline across all four
rooms. We suspect this is because T60, as a global metric, is more sensitive to measurement
noise due to its aggregation of all acoustic interactions within the room. Our learning-
based method can struggle with low SNR beyond the early parts of the waveform, as it is
trained on simulation data with higher SNR than real room measurements. In contrast, EDT
focuses on early reflections with high SNR, make it less noise-sensity, and C50 is similarly
robust due to noise smoothing in the integration beyond the early parts. Despite this,
our results demonstrate that xRIR’s effectiveness in adapting from simulated rooms to real
environments, successfully capturing diverse room acoustics with fewer reference RIRs than

prior methods.

8.3.6 Qualitative Results

We present qualitative results by comparing the predicted RIRs and acoustic maps between
our model xRIR and the baseline methods, in both simulated and real environments.

RIR Predictions. In Figure 8.4, we visualize sample results of RIR waveforms on a
simulated apartment and a real room with complex geometry. Side-by-side comparison shows
that predicted RIRs from xRIR align more closely with the ground-truth RIR waveforms in
the early part than baselines. This observation is consistent with the low acoustics metrics

errors achieved by our method in the quantitative results shown in Table 8.1.
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Acoustics Maps. Furthermore, we compute the RIRs at dense locations across the
entire real rooms, and compute the clarity of the predicted and ground-truth RIRs to re-
construct acoustics maps according to the floor plans. As shown in Figure 8.5, across dense
locations in these rooms, overall xRIR achieves better C50 distribution than Diff-RIR [Reb]
compared to the ground-truth acoustic maps, especially at moderate-to-low intensity regions.
These qualitative results demonstrate the effectiveness of xRIR in accurate RIR prediction

in both simulation and real-world settings.
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Chapter 9
FROM VISION TO AUDIO AND BEYOND

This chapter is based on the following published work: [XL7].

9.1 DMotivation

Creating a general-purpose audio-visual model that solves both audio-visual understand-
ing and generation task poses significant challenges. First, raw video and audio signals are
both high-dimensional and time-dependent data, creating an intricate scenario for compre-
hension of their joint events and necessitating extensive training computations. Existing
contrastive learning and masked autoencoder-based audio-visual learners [Re138, Re139] are
deterministic models that cannot support generative purposes, and the reconstruction loss is
made on the level of image and spectrogram patches. The state-of-the-art audio generative
frameworks [Re56, Rel40, Re25], on the other hand, usually perform modeling on the latent
space and sophisticated models are often essential to generate high-quality audio, requir-
ing multi-stage modeling [Rel41, Re26, Re59]. It remains uncertain whether I can employ
similar self-supervised representation learning techniques in the latent space while consis-
tently producing high-quality audio. To address these challenges, I introduce an innovative
audio-visual framework ‘Vision to Audio and Beyond’ (VAB), which is an efficient unified
audio-visual framework capable to learn to associate audio with visual signals and enables
vision-to-audio generation within the same model. At its core, this framework involves a pre-
training task of predicting masked audio from visual inputs. In order to facilitate the learning
of audio-visual representation and audio generation, I perform the pre-training task within

the latent space instead of using raw images and audio spectrograms. Specifically, I tokenize
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Figure 9.1: Pre-processing (left) and masked audio token prediction pre-training (right) of
VAB framework. (Figure from [XL7])

the audio data into discrete tokens utilizing a public open pre-trained neural audio codec and
extract frame-level visual features from a self-supervised pre-trained image encoder. During
VAB pre-training, I employ an encoder-only multi-way transformer to predict masked audio
tokens from visual features using a variable masking scheme. After completion of the pre-
training phase, the VAB model can function as a uni-modal or multi-modal encoder, and
it is prepared for fine-tuning in cross-modal retrieval and classification tasks. Meanwhile,
it can also support zero-shot visual-conditioned audio generation through efficient parallel

decoding strategies.

9.2 Methods

[ detail the design of Vision to Audio and Beyond (VAB) framework and its capability of

generating high-quality audio from silent video and acquiring semantic audio-visual rep-
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resentations for subsequent tasks. I first describe VAB pre-processing stage that consists
of converting raw audio and visual signals into latent spaces through the utilization of a
pre-trained audio neural codec and image encoder. With audio tokens and frame-level vi-
sual features as inputs, I outline VAB components that facilitate self-supervised pre-training
stage centered around masked audio token prediction conditioned on visual features. At this
stage VAB establishes its representation and learns to generate audio for video. In a subse-
quent stage, I elaborate on how the pre-trained VAB model is leveraged for vision-to-audio

generation and fine-tuning across various downstream tasks.

Audio and Video Transformation into Latent Spaces There are two primary moti-
vations for converting audio and video frames into latent spaces. First, prior research [Re56,
Rel40, Re25] indicates that performing generative modeling within latent spaces enhances
training convergence and facilitates the generation of high-quality audio samples. Second,
operating on raw video frames instead of latents, entails significantly longer sequences and
places a substantial computational burden. For instance, a ten-second video at 1fps results in
1960 patches when employing a standard Vision Transformer (ViT) [Rel35]. For such num-
ber of patches even employment of tubelets does not result in significant relief and therefore
more compact representation through latents could be advantageous. I thus have utilized a
frozen pre-trained image encoder, such as CLIP [Re3], to extract frame-level features and
serve as latents. This choice enables a significant reduction in the length of visual sequences
and benefits the semantic features obtained from image-text pre-training. In fact, I discov-
ered that these Ill-established image-text features can be adapted to capture audio-video
relationships effectively, thereby mitigating the potential information loss associated with
compressed audio tokens. Indeed, I use CLIP image encoder to extract frame-level features
at a rate of 1fps, resulting in 10 seconds of video features V' € R'%*¢ where d is the dimension
of CLIP image features.

To transform audio waveforms into tokens, I explore two off-the-shelf pre-trained neural
codec variants, DAC [Rel42] and Encodec [Rell]. DAC and Encodec are both trained in a

fully self-supervised manner on reconstruction tasks without reliance on any labels and pro-
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vide audio tokens that represent compressed versions of the original signals. Both DAC and
Encodec use K residual vector quantization (RVQ) to encode 1D audio waveform A,, € RTa
(16kHz) into audio tokens A € NX*5 where K is the number of residual codebooks and
S =T,/d,, d, = 320 is the downsample factor for both codec. A 10 seconds audio results
in A € Nfx300 tokens in total. In DAC, it comprises K = 12 codebooks. These codebooks
constitute a hierarchy wherein codes in lower levels represent coarse acoustic features, while
codes in higher levels capture finer acoustic details. On the other hand, the Encodec contains
only K = 4 codebooks, exhibiting poorer audio reconstruction quality compared to the DAC.
To conduct a comprehensive study, I explored the use of both DAC and Encodec tokens.
During VAB pre-training, I employed the first four levels of audio tokens A, = A%45% for
both DAC and Encodec. For the remaining 8 levels of DAC tokens, I follold Vampnet [Re26],
applying an additional coarse-to-fine model solely for the purpose of audio generation.

It is important to emphasize that both audio tokens and frame-level visual features are ex-
tracted before the VAB pre-training, which enables us to model temporal and audio-visual

relationships during the pre-training process more efficiently.
Conditional Masked Audio Token Prediction

Masking: Given audio tokens A. and visual features V', I employ visual-conditioned
masked audio tokens prediction as the VAB pre-training task. First, I randomly mask the
audio tokens using a masking strategy with variable masking ratios. Specifically, I sample the
masking ratio M, from a truncated Gaussian distribution centered at 0.55 with std = 0.25,
left truncated by 0.5 and right truncated by 1. It is important to have a variable and
reasonable portion of masked audio tokens to enable learning both the representation and
the generation. I reuse the codebook embeddings in neural codecs and add a new [MASK]
token. The masked audio tokens A4,, € N*%% are embedded and summed to obtain masked
audio embeddings Aenp € R%demb  where depy, is the embedding dimension. The visual
features V' are projected linearly to the same dimension as dey;, to have visual embeddings
Vemp and to add modality-specific embeddings F, and E, to Vi, and Aenp, respectively.

I then concatenate the visual and audio embeddings to form the final input sequence x =
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[ emb? Aemb

|, where VI = Vemb + By, AL b = Aemb + Ea.

Multiway Transformer Encoder: The architecture of VAB is similar to the Multiway
Transformer Encoder [Rel43, Rel44] where each transformer layer contains a bi-directional
multi-head attention shared for audio and visual embeddings, layer normalization, feed-
forward networks, and residual connections. For VAB model with N layers, I use modal-
specific feed-forward networks for the first N; layers and shared feed-forward networks for the
rest of Ny = N — Nj layers. The shared bi-directional self-attention allows audio and visual
embeddings to associate with each other during training. The modal-specific feed-forward
networks can be considered experts in learning information specifically for audio or vision
so that I can use the first /Vi-th layers as either audio or visual encoders for single modality
tasks. The upper-level joint feed-forward networks are useful for the more challenging vision-
to-audio generation. Finally, multiple linear projection heads are used to predict each level
of masked audio tokens.

Let A, be the set of all unmasked audio tokens and VAB model parameters 6. The
objective of the pre-training is to minimize the negative log-likelihood

lvab = - Z logp(a|Au,V, 9) (91)

Ya€Am
The overview of VAB pre-processing and pre-training is shown in Fig 9.1.

Zero-Shot Video-to-Audio Generation After VAB pre-training, audio tokens can be
generated using efficient iterative decoding similar to previous masked generative modeling
approaches [Re32, Rel45, Re26|. Specifically, I initialize all audio tokens by [MASK] tokens
and feed them into the VAB model along with the visual features V', similarly to pre-training.
For each decoding iteration ¢ € [0,¢r], the process involves predicting the token for the
remaining masked audio token to obtain a;. Subsequently, I compute a confidence score z by
incorporating the prediction log-probabilities and introducing temperature-annealed Gumbel

z(d) = log(p(dr)) + a - g, (9.2)

where ¢, represents an independently and identically distributed (i.i.d) sample drawn from
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Gumbel noise, and « signifies the temperature that undergoes linear annealing, gradually
reducing to 0 as the number of sampling iterations progresses. Following this, I sort the set of
sampled tokens based on their confidence scores and determine the & lolst confidence tokens
to re-mask in the subsequent sampling iteration. Specifically, the number of tokens to be re-
masked, denoted as k = w(é)N , where N represents the total number of tokens, and ~ follows
a cosine schedule so that felr masked audio tokens are replaced in the early iterations, while
more masked audio tokens will be replaced in the later iterations. Additionally, classifier-free
guidance [Rel46] is also employed to achieve better visual adherence.

As a result, the sampled audio tokens are ready to be decoded by DAC or Encodec to
generate audio waveforms. For DAC, the quality of the audio tokens decoded by coarse levels
turns out to be insufficient [Re59, Re45, Re26]. Therefore, I train an additional coarse-to-fine
model to generate fine-level audio tokens A, conditioned on coarse tokens A.. The coarse-
to-fine model architecture is a bi-directional transformer encoder as Ill. In comparison to
the coarse model in the previous stage, I do not use modal-specific feed-forward networks,
and I use all levels of audio tokens instead of coarse-level tokens as inputs. I train the model
using masked audio token prediction, but only fine-level audio tokens would be masked and
predicted. Formally, training the model 6.of minimizes the objective

lc2f - - Z 1ng(a|Af,u7 AC7 V) 0C2f>' (93)

VaEAf,m

During inference, generated coarse audio tokens and visual features will be used as the
conditions and iterative decoding will be used in coarse-to-fine again for generation. Unlike
autoregressive generation, which generates tokens one by one, our approach generates them
simultaneously. This significantly reduces the total number of inference steps while still
achieving, and in some cases even surpassing, the performance of the autoregressive approach.

Adaptation of VAB for Retrieval After VAB pre-training, the learned representation
is amenable for adaptation to a variety of audio-visual tasks through fine-tuning. I therefore
proceed to fine-tune the first N; modal-specific layers of the VAB model using the contrastive

loss, aiming to align audio and visual modalities for retrieval tasks. While it might seem
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logical to apply masked prediction and contrastive loss concurrently during the VAB pre-
training, our early experiments revealed that such a training strategy led to failure of both
tasks and could not converge. Additionally, I observed that initializing contrastive training
from scratch on the first Ny layers required more training epochs to converge to a similar
performance as the one initialized from pre-trained VAB with masked audio token prediction.
Furthermore, fine-tuning for masked audio token prediction initiated from the contrastive
pre-training model did not aid the convergence of masked audio tokens prediction. As a
result of these insights, I apply contrastive training as fine-tuning task after the masked
prediction pre-training phase. Specifically, I run two forward passes to obtain audio and
visual output features from audio tokens and visual features, separately. The audio tokens
are not masked at this stage. The resulting output features are then average-pooled and

normalized. I fine-tune the model using the standard contrastive loss L.

1 X exp 8;i/T
le=—5) lo : : 9.4
N ; & Dt €XP Sip /T + XD 8i3/T (9-4)

where s;; = |[a§||"||v§]], a® and v* are audio and video representations, and 7 is the learnable
temperature value initialized with 0.05.

Adaptation of VAB for Classification The latent representation can be adapted to
additional tasks, for example, classification. For uni-modal classification tasks, I provide
audio tokens or visual features as inputs to the first N; modal-specific layers of the VAB
model. For audio-visual joint classification, I use both audio tokens and visual features as
inputs and concatenate them into a joint sequence as in VAB pre-training. Similar to the
contrastive fine-tuning, I do not mask audio tokens. I average-pool the output features of
the N layers and add a linear classifier for fine-tuning all classification tasks. While fine-
tuned VAB pre-trained model achieves reasonable performances in the classification tasks,
I found that the contrastive fine-tuned VAB model could serve as a better initialization for
classification fine-tuning. This advantage may stem from the fact that both retrieval and
classification tasks do not require masking of audio tokens, thereby enabling a more seamless

transfer of knowledge. This effect is particularly evident in audio-only and audio-visual
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classification tasks.

9.3 Experiments and Results

AudioSet Eval Subset VGGSound Eval Subset MSR-VTT (Zero-shot)
R@1 R@5 R@l10 R@l R@5 R@10 R@l R@5 RQ10

Video — Audio

LanguageBind [Rel47] 6.4 20.2 28.3 10.3  30.1 39.7 1.9 6.2 8.8
ImageBind [Rel48] 221 432 52.6 21.6 434 52.9 7.0 18.5 25.2
CAV-MAE [Rel38] 18.8  39.5 50.1 14.8  34.2 44.0 13.3  29.0 40.5
VAB-DAC (Ours) 35.5 618 72.4 30.8  59.6 70.8 13.8 30.6 40.1

VAB-Encodec (Ours) 39.5 654 74.6 33.5 63.3 74.3 142 31.1 42.0

Audio — Video

LanguageBind [Rel47] 4.4 15.0 22.5 6.5 22.7 33.5 1.2 4.4 6.9
ImageBind [Rel48] 20.8 426 51.6 20.7  43.2 53.4 6.0 16.9 23.7
CAV-MAE [Rel38] 15.1 34.0 43.0 12.8 30.4 40.3 7.6 19.8 30.2
VAB-DAC (Ours) 37.0 618 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 9.1: Cross-modal retrieval results on AudioSet, VGGSound, and MSR-VTT. Values
in bold highlight the best performance. (Table from [XL7])

Audio-Visual Retrieval. In this task, I assess the learned representations of VAB
model for both audio-to-visual retrieval and visual-to-audio retrieval. I first fine-tune the
VAB model using the contrastive loss, employing the same training dataset utilized during the
pre-training phase. To evaluate the retrieval performance, I adopt the CAV-MAE [Rel38]
methodology for conducting retrieval on audio-visual samples sourced from the AudioSet
and VGGSound evaluation set. Furthermore, I extend our evaluation to include zero-shot
retrieval on MSR-VTT [Rel49] test set. I feed audio tokens and visual features through

the VAB model in two separate forward passes. Subsequently, I compute the mean-pooled
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and normalized encoder outputs to derive audio and visual representations, respectively.
[ then calculate retrieval recall metrics at ranks 1, 5, and 10 (R@1, R@5, R@10) based
on the cosine similarity of these audio and visual representations. Besides CAV-MAE, I
expanded our comparison of retreival performances by comparing VAB with two additional
open-source multi-modal alignment models: ImageBind [Rel48] and LanguageBind [Rel47].
These models primarily utilize images or text, respectively, as the main modality to unify
various modalities within the latent space. The comparison results are presented in the
Table 9.1. Notably, I found that VAB models performed consistently better on Audioset and
VGGSound than all of the baselines by a large margin (x2 improvement on AudioSet and
VGGSound). T also discovered that the video-to-audio retrieval is generally better than the
audio-to-video retrieval for all datasets. I further observed that while LanguageBind is known
for its effective performance in text-centric tasks compared to ImageBind, its effectiveness

does not generalize well in correlating audio and visual modalities.

Audio-Visual Event Classification. In this task, I evaluate the quality of VAB rep-
resentations in the context of audio-visual event classification task. To accomplish this, I
employ the contrastive VAB model and fine-tune it on three distinct datasets: 1) AudioSet-
20K, 2) AudioSet-2M, and 3) VGGSound. During the classification fine-tuning stage, I retain
the first Ny layers of the model and add a linear classification head. Our model is fine-tuned
using audio-only data (A), video-only data (V), and audio-visual data (V+A), enabling us
to evaluate both single-modal and multi-modal representation quality. The results of the
evaluation are presented in the Table 9.2. Both VAB-DAC and VAB-Encodec exhibit com-
petitive performances across A, V, and V+A classification tasks, with a slight advantage for
VAB-Encodec. Notably, visual-only (V) classification outperforms previous methods across
three datasets, highlighting the effectiveness of incorporating frame-level CLIP embeddings
as our visual features. Additionally, I observed a notable performance gap in the audio-only
(A) when compared to the best-performing methods. This outcome can be attributed to
the fact that audio tokens represent a lossy compression of the original audio. Without the

guidance of visual features, correctly categorizing audio becomes a more challenging task.
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VGGSound (Acc)?t AS-2M (mAP)t AS-20K (mAP)t
Method V+A V A V+A V A V+A V A
Audio-visual Models
G-Blend [Rel50) - - - 41.8 18.8 324 378 221 29.1
Perceiver [Rel51] - - - 442 258 384 - - -
Attn AV [Rel52] - - - 442 257 384 - - -
CAV-MAE [Rel38] 65.5 47.0 59.5 512 262 46.6 420 198 37.7
MBT [Rel53] 64.1 51.2 523 496 31.3 41,5 439 277 313
MAVIiL [Rel39] 67.1 509 60.8 53.3 303 48.7 44.9 248 41.8
VAB-DAC (Ours) 63.9 55.4 482 470 333 362 389 283 288

VAB-Encodec (Ours) 652 55.1 51.3 47.7 33.5 386 387 29.0 29.0

Table 9.2: 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. (Table from [XL7])

This observation aligns with findings in self-supervised learning in the image domain us-
ing quantized tokens [Rel45]. However, VAB pre-training significantly improves supervised
training using visual features and audio tokens from scratch.

Audio-only Classification. To assess the generalization of the acquired audio repre-
sentations, I further evaluate the pre-trained VAB model by transferring it to other speech-
only or audio-only tasks outside its original domain. In particular, I follow MAViL [Rel39]
and conduct experiments on the Environmental Sound Classification (ESC-50) [Rel54] and
Speech Commands (SPC-v1) [Relb55] datasets. In these experiments, only the audio branch
of VAB is fine-tuned. The results, presented in Table 9.3, demonstrate that VAB achieves
competitive performance to recent supervised and self-supervised models. These findings
underscore the adaptability and transferability of VAB, as it can seamlessly transition from

audio-visual self-supervised pre-training to audio-only downstream tasks.



Method ESC-50 SPC-1
AST [Re2] 887 955
SS-AST [Rel56] 888  96.0
Aud-MAE [Rel57] 941  96.9
MAViL [Re139)] 94.4 974
VAB-DAC (Ours) 80.2 951
VAB-Encodec (Ours) 91.4 96.1

97

Table 9.3: Comparison with ESC-50 and SPC-1 audio only classification accuracy. (Table

from [XL7])
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Chapter 10

CONVERSATIONAL MUSIC RECOMMENDATION FROM
VIDEOS

This chapter is based on the following published work: [XL§].

10.1 Motivation

In audio-visual understanding, incorporating natural language as an additional modalities
can improve the tasks performance. This is especially the case when the additional text
can provide rich contexts that complement audio or visual information. In particular, for
video music recommendation system, the textual context can give sufficient description about
the user’s preference, which can serve as an important cue for music being recommended.
Therefore, I propose a system called “MuseChat”, a comprehensive conversational music rec-
ommendation system for videos. As shown in Figure 10.1, MuseChat consists of two main
modules: the music recommendation module and the sentence generator module. Users be-
gin with uploading a video and receive a music recommendation tailored to the video’s con-
tent. MuseChat enables user-system interactions through dialogues in natural language. At
each dialogue turn, users are empowered by the music recommendation module in MuseChat.
They can refine recommendations by specifying their preferences in natural language, such as
mood, genre, instruments, theme, and artist details. This process continues until they iden-
tify their desired music track. Another distinguishing feature is the system’s interpretability
versus the “black box" nature of conventional music recommendation models. Our sentence
generator module can not only justify the recommended music with reasons but also craft

personal narratives for users based on the selected music.
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Figure 10.1: MuseChat features two modules: the Music Recommendation Module, which
processes either video input alone or in combination with user prompts and past music
suggestions, and the Sentence Generator Module, which uses these inputs to create natural

language music recommendations. (Figure from [XL8])

10.2 Methods

We propose a novel approach to address the conversational music recommendation task on
this dataset, establishing a new baseline performance. There are two main modules involved

in the system: music recommendation and sentence generator.

Music Recommendation The goal of the music recommendation module is to select
the most relevant music from the music pool using video, candidate music, and user text
prompt. Each training sample is defined as a quartet (v, m., my,t3), where v is the video,
m,. denotes the candidate music track, m; is the target music track and t3 is the text of
user prompt showing preferences. As illustrated in Figure 10.2, we focus on enhancing the

model’s ability to transit the recommendation from the existing candidate music m,. to target
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music my. Intuitively, when user prompt is given as an additional context to the candidate
music and original video, the information combined from these modality contexts should
arrive at a representation staying as close to the target music as possible. This motivates
our formulation of the recommendation module as a metric learning problem: To learn a
common embedding space between the tri-modal combination (candidate music 4+ video
+ user prompt) and music. Towards this end, we propose a novel MVT-Fusion Module, as
shown in Figure 10.2 (right), that explores music-text-video fusion in a fine-grained manner to
obtain the tri-modal embedding. The embedding then serves as a goal embedding with which
the target music is aligned. We utilize contrastive learning for the embedding alignment. We
detail MVT-Fusion Module and contrastive formulation respectively.

MVT-Fusion Module takes the candidate music m, (represented as mel-spectrogram),
user prompt t3, and video frames v as inputs. Each input is encoded via pretrained encoder in
their corresponding modality. The candidate music is encoded using an AST encoder [Re2]
g™e. The user prompt is fed into CLIP [Re3] text encoder g' to obtain contextualized
language features (unpooled). Each video frame is transformed into a vector using CLIP
image encoder ¢g”, and is then averaged along the temporal axis to obtain a single vector x?,
representing the semantics of the video.

To better capture the correlation between the candidate music and the user text prompt,
we develop a fusion method for merging the features from music and text modalities. We
adopt the “late fusion” strategy, applying several self-attention layers to both output features

from the CLIP text encoder and the AST encoder before fusion. The output features from

self-attention layers of two branches are x* € R™*? and x™ € R™*? and expanded as:

ts __ t3 t3 t3

X = [:cds,xl >---v%t71>] ) (10.1)
Me Me m Me

xMe = [xds,xl Cli. ,x(nm_l)} ,

where variable with subscript cls serves as their summary of the respective sequence,
along with the other elements capturing detailed features.

Then, we fuse the transformed features by implementing a cross-modal attention layer,
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which is defined as: Att(Q, K, V') = softmax (%) V', where d;, is the dimensionality of key
vectors. () and K, V are from two different modalities.

We add the video vector x” to obtain the tri-modal fusion vector representation x/:

x! = x" 4 Att(x3, x™e x™) 4+ Att(xle, x| x"3) (10.2)

cls» cls»

Contrastive Formulation Once x; is obtained as the tri-modal fusion feature, it is
necessary to align the representation of the target music with it. To achieve this, we first
transform music from the pool into a vector space using a separate AST encoder g"*. Then
we propose a contrastive learning approach to learn a common vector space between tri-
modal fusion vector and music vector. Specifically, we use the hidden state of the last layer
corresponding to the cls token as the music vector. We denote the target music vector as

cls ls

x|'" | and any other music vector as X" Then, we formulate a contrastive loss aiming
cls cls

at keeping the vector distance between x; and x| closer while pushing away x"* from

any other music, as illustrated in Figure 10.2 (left). Specifically, we use the Contrastive

Multiview Coding Loss [Rel58], a cross-modal variant of InfoNCE [Rel59]. For each batch

f mcls
h (X(i)7 X(5) )

f mcls f mcls )
2jril (Xawx(jﬁ ) th (Xu’)vx(i)t >

B, we have:

B
Lr=-> |log (10.3)
i=1

where x{i) and X?Zfls are i-th fusion vectors and target music vectors in the batch respectively.
h(x,y) = exp (":") is a discriminating function, with 7 being a trainable temperature
hyperparameter.

Sentence Generator To equip MuseChat with reasoning capability, we propose a sen-
tence generator to provide justification for the recommended music. Towards this end, we
design a multi-modal LLM, as illustrated in Figure 10.3, using Vicuna-7B [Rel60] (derived
from fine-tuning Llama2-7B [Re89] model) as the backbone. Each training instance com-

prises a music representation, denoted as x™t, which is the average of the music embedding

mi
cls»

X" =[xt M. ,x@;_l)}, derived from the previously fine-tuned AST Encoder ¢g™¢. The
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instance also includes the corresponding recommendation reasoning statement, t4, from the
simulated conversations. Notably, in our settings, each piece of music, whether as a candidate
or target, has a corresponding reasoning statement in a conversation. Therefore, we do not
specifically use the reasoning statement of candidate music in the first turn, ¢5, because when
this candidate music serves as the target in the other conversation, its reasoning statement is
already utilized. We apply a linear layer f; to project the averaged music features x™t onto
the text embedding space. To increase training efficiency, we leverage LoRA [Rel27] to fine-
tune the attention and output layers of Vicuna. We use next token prediction task aiming
at minimize the negative log-likelihood of response tokens conditioned on the recommended

music:

Lg (y;0) = —ZZ:ZOQ lpe (yz | {f; (th) ,y<i] ;9)] , (10.4)

where y; is the i-th token in the response y, and € is the trainable parameters.
Although we train the sentence generator using only music embeddings, during inference,
we also input the title of suggested music from the music recommendation module. This is

necessary because the model cannot generate accurate names of unseen music tracks.

10.3 Experiments and Results

Ranking Evaluation Following the setup for measuring music retrieval with free-form
natural language tasks as described in [Rel63], we randomly create non-overlapping music
pools using test data, each containing 500 tracks. Each pool has only one target music track
for each video. For the track-level testing, we calculate embeddings for all 12 segments of each
120-second video and music track. We then take the average of these 12 embeddings to create
a single representative embedding for each video and each music track. Using these averaged
embeddings, we evaluate the performance of the music recommendation module. In the first
turn, music is suggested based solely on video features, as we assume that the user does not

provide any specific preferences at this point. In the second turn, we include the user’s text
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Model MR | R@l{ R@51 R@10} SRt

VM-NET [Rel61] 28 531 1814  28.78 -

MVPt [Rel62] 7 2071 4889  63.14 -
ViML [Re163] 5 2261 5243  66.56 -
Sum-Fusion 17 1058 2847  40.19  21.70
Self-Attn Fusion 5 2140 50.83 6520  28.37

Cross-Attn Fusion 3 25.71  56.97 71.07 31.48
MuseChat (ours) 2 32.79 63.92 76.53 40.49

Chance 250 0.20 1.00 2.00 0.40

Table 10.1: Music retrieval results for baseline models and MuseChat. (Table from [XL8])

prompt and candidate music along with the video features. This setup allows us to evaluate
the system’s ability to modify its initial recommendations based on the new information. For
both turns, we rank music tracks by calculating the cosine similarity between the features of
the music in the pool and the fusion features. We use various metrics such as Recall@K for
K =1, 5, 10, and Median Rank (MR) to evaluate the performance of the recommendation.
We also measure the “success rate' (abbreviated as SR), defined as the percentage of videos
whose target music track appears at least once as the top of the recommended list within
two turns. Since the MVP model cannot accommodate the user prompt as an input for the
second turn, its SR is same as R@1. We report the average performance for each of these
metrics across all test music pools.

Baselines Comparison We introduce six baseline models with various structures and
modalities to assess the effectiveness of MuseChat in ranking. (1) VM-NET [Rel61]. We
re-implement it in PyTorch and replace the audio and vision backbone with AST [Re2]
and CLIP [Re3] respectively for better performance. (2) MVPt [Rel62] does not have
publicly available source code. Thus, we replace their DeepSim [Rel64] audio encoders with
the publicly available AST [Re2] model. (3) VIML [Rel63] also lacks publicly available
source code. We replace their DeepSim audio encoders with the publicly available AST

model and use their proposed text dropout strategy. Text and video features are fused



104

using Transformer blocks, following the settings described in their paper. (4) Sum-Fusion
retains the architecture of MuseChat but employs a different fusion mechanism by summing
up the vectors of the video, music, and text directly. We use the mean-pooled vector for
both candidate music encoded by AST and text features extracted by CLIP text encoder.
(5) Self-Attn Fusion extends the summation approach by including self-attention layers
for text and music modalities before fusion, capturing intra-modal dynamics. (6) Cross-
Attn Fusion removes self-attention layers and keep the cross-attention layer between music
and text branch. We train the baseline models using the same music video pools and loss
function as MuseChat. As shown in Table 10.1, MuseChat outperforms all baseline models.
In particular, in R@1 metric, our model achieves a significant gain of +7.0% against “Cross-
Attn Fusion” and +10.1% against the ViIML model, showing the effectiveness of our fusion
approach as well as the use of all three modalities as inputs. Notably, for models that could
take video, candidate music and user prompt as inputs, we report the recall and MR for the
second turn to show the effectiveness of our model when dealing with user preferences. The
first turn results for these models are detailed in the supplementary materials. Additionally,
we explore the contributions of various modalities to the retrieval performance in our model,

with these specifics also included in the supplementary materials.

Modality Ablation Studies To further show the necessities of combining all three
modalities for retrieval, we conduct ablation studies by removing video, candidate music,
and text branch in turn during training. When excluding candidate music or text features,
we remove the related cross-attention layers, retaining only the self-attention layers, with the
cls token used for the summation of modality features. As Table 10.2 indicates, the model
without visual branch, which is only valid for the second turn, exhibits the worst performance.
This reveals the significance of visual information. Additionally, when comparing the MVPt
[Re162] model with MuseChat without candidate music, we observe that user prompt helps

to retrieve music more accurately.

Reasoning Evaluation We introduce two baseline models to highlight the significance

of training our sentence generator module using both music embeddings and music titles as
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Model Modality MR ] R@1{ R@51 R@I0t SR
MVPt [Rel62] Video — Music 7 20.71  48.89 63.14 20.71
MuseChat w/o Video (Music, Text) — Music 19 8.12 2453 3711 8.12
MuseChat w/o Candidate Music  (Video, Text) — Music 5 22.67 51.53 6542 = 26.02
MuseChat (ours) (Video, Music, Text) — Music =~ 2 32.79 63.92 76.53 40.49
Chance - 250 0.20 1.00 2.00 0.40

Table 10.2: Ablation Studies: Comparing MuseChat’s Performance Without Certain Modal-

ity Branches and training from scratch. (Table from [XL8])

Model Input Modality BertScore [Re6] (f1) T AB Divergence [Re7] | L, Distance | Fisher-Rao Distance [Re7] |
Vicuna-7B Music Title 0.9453 3.93 0.382 2.11
Vicuna w/ Music Music Embeddings 0.9526 2.68 0.279 2.02
MuseChat (ours) Music Title + Embeddings 0.9676 1.51 0.208 1.47

Table 10.3: Comparison of semantic similarity between output and simulated conversations
using various metrics. BERTScore [Re6] assesses token-level similarity, while AB Divergence,

L, Distance, and Fisher-Rao Distance are derived based on InfolLM [Re7]. (Table from [XL8])

inputs. The first baseline employs the frozen Vicuna-7B [Rel60] model, which is fine-tuned
on the Llama2-7B [Re89] weights. Since this model cannot process music embeddings, we
only present it with the music title. The second baseline (Vicuna w/ Music) uses the same
architecture as our sentence generator module but takes only music embeddings as input.
We employ various common NLG metrics [Re6, Re7] to evaluate the performance of the
models on simulated conversations. As shown in Table 10.3, the Vicuna-7B model performs
the worst. It struggles to capture the musicality of the given track, as it is a text-only model.
As for Vicuna w/ Music, while capturing the musicality of the recommended track due to its
training on both music and text, it fails to identify the correct music name and artist name

based on audio information only. In contrast, by taking both audio information and music
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title as inputs, our sentence generator module achieves the best performance on reasoning.
We also evaluate our model and two baselines via human assessment, employing a 5-point
MOS scale to gauge correctness (music and artist identification), musicality (description of
music traits), and clarity (response understandability and coherence). Table 10.4 shows the
human evaluation results. Since Vicuna-7B only takes the music title as input, it achieves a
better score in correctness compared to Vicuna w/ Music, which struggles to identify the title
and artist of an unknown piece of music based solely on music characteristics. In contrast,
the Vicuna w/ Music model captures musicality better than Vicuna-7B, which relies solely on
its knowledge base for musicality assessment. MuseChat, however, achieves the best overall
performance by both correctly identifying music and artist name and understanding music

in the context of video and user preference.

Model Correctness Musicality Clarity  Overall
Vicuna-7B 3.07 2.54 3.60 3.07
Vicuna w/ Music 1.24 3.50 4.05 2.93
MuseChat (ours) 4.63 4.22 4.54 4.46

Table 10.4: Human evaluation scores for music reasoning outputs. (Table from [XL8])
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Figure 10.2: The music recommendation module combines video, the candidate music (1st
round result), and user prompt (2nd round input) to retrieve a music in a common embedding
space, trained using multi-modal contrastive loss (left). The candidate music corrected by
user prompt along with the original video should result in a representation “closer” to the
target music than other music. MVT-Fusion Module (right) is designed to combine the 3
modalities into an embedding space: i). The candidate music is encoded using the Audio
Spectrogram Transformer (AST) [Re2]. ii). User prompt is fed into CLIP [Re3| text
encoder (freeze) to get unpooled features. iii). Average pooling is performed on CLIP
(freeze) vector of each video frame to obtain the video representation. iv). To foster fusion
between candidate music and user prompt, self-attention layers and cross-modal attention
(A2T and T2A, ‘T’ - text, ‘A’ - audio) are added to obtain the fused music-text vector.
(Figure from [XL8])
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Figure 10.3: Tllustration of sentence generator. During training, we only train the linear pro-
jection layer and the additional LoRA weights while keeping the parameters of Vicuna-7B
and AST encoder frozen. And the prompt input is “### Recommender: Music feature:
<Music> [music token] </Music>; Generate Recommendation:". During inference, we give
the recommended music title as additional information, and the prompt input is “ ### Rec-
ommender: Music title: [title]; Music feature: <Music> [music token] </Music>; Generate
Recommendation:". “[music token]" corresponds to the embedding vector projected from

AST encoder output. (Figure from [XL8])
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Chapter 11

UNBIASED AUDIO-VISUAL QUESTION ANSWERING
BENCHMARK

This chapter is based on the following published work: [XL9].

11.1 Motivation

In recent years, there has been a growing emphasis on the intersection of audio, vision,
and text modalities, driving forward the advancements in multi-modal learning research.
More specifically, in the field of audio-visual learning, the interplay between audio and visual
information provides a rich avenue for understanding dynamic scenarios. One particular task
that embodies this synergy is Audio-Visual Question Answering (AVQA). As Figure 11.1
shows, given a musical instrument performance video and associated music audio, models
are expected to answer questions that are related to them or the relationships therein. Unlike
existing popular Visual Question Answering (VQA) task, which only tackles two modalities
- vision and language, AVQA is designed to bridge and reason through all three modalities
- vision, language and audio, which stimulates the merge of a new dataset. MUSIC-AVQA
dataset, proposed to cater for this task, acting as an important benchmark, facilitate the
research progress in this field.

The dataset consists of 3 major question categories by modality: Audio-Visual, Visual and
Audio questions, respectively. Across all the categories, 5 question aspects are considered,
including “Existential" - e.g. Is there a voiceover?, “Temporal" - e.g. Which violin makes the
sound first?, “Counting" - e.g. How many sounding violins in the video?, “location" - e.g.

Where is the performance?, and "Comparative' - e.g. Which object makes the sound first?.
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Figure 11.1: An overview of MUSIC-AVQA v2.0 QA samples. (a) showcases two videos
with the same visuals but different audio; (b) both videos display two violinists in different
orders; (c) videos present acoustic guitar ensembles of different counts; (d) features a piano-
flute duet where the piano plays longer in the first video. To answer accurately, models must

consider these audio-visual nuances rather than just language priors. (Figure from [XL9)])

By joining the modality types with question aspects, the dataset ends up with 33 question
templates, in which one can change the instrument name from one to another based on the
video. Each question template contains a fix set of answers, ranging from binary answers
(e.g. "yes" and "no") to counting answers (e.g. "1", "2", "3" etc.) and so on. Finally, MUSIC-
AVQA dataset contains 9,290 (7,423 real, 1,867 synthetic) videos and 45,867 corresponding

questions.

However, strong bias that exists in any modality can lead to the model neglecting the
others. Consequently, the model’s ability to effectively reason across these diverse modalities
is compromised, impeding further advancement. We notice there is a strong bias exists in the
dataset, which results in undermining the reliability of this dataset as a credible benchmark.

For example, in a particular question category asking about whether or not the audio track
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comes from the instrument played in the video, Over 90% of answer in the dataset is "yes".
In audio-visual temporal question, when asking which instrument in the video sounds first,
nearly 80% answer is “Simultaneously”. In counting questions, answers of small number like 1
and 2 alone could take up more than 50%. These imbalance exhibit across question aspects of
“Existence", “Counting", “Temporal”, “Location" and “Comparative”. Such outstanding bias
could impact the model training negatively and thus lowering the ability of the underlying
model, as model will be trained to favor towards to the most common answers in the training
set and ignoring the importance of video and audio, as well as the reasoning between three
of them. This problem has been explored in other tasks, for example, VQA [Rel65] task,
on which several datasets and models [Rel166, Rel67, Rel68, Rel69] are proposed to tackle
it. But in AVQA, this problem is still remain untouched. In light of these observations, we

endeavor to systematically address the issue and propose an improved version of the data,

called MUSIC-AVQA v2.0.

Our initial step was to evaluate the answer distribution for each question template.
Through this analysis, we identified specific templates that displayed a skewed answer distri-
bution. After identifying these skewed templates, we proceed to select the question templates
that have minority answers, designating them as our primary targets for balance. Recogniz-
ing the significance of holistic data representation, we take the additional step of manually
collecting videos that corresponded with these specific question template and answer pairs.

This ensures that the dataset is more representative and balanced.

Existing works have proposed models to the task of AVQA, which were trained on the
public MUSIC-AVQA dataset. On the evaluation of the balanced dataset, we show that
the strong data bias does misleading the model training, resulting in inferior performance.
Moreover, we also contribute another model that has the ability to learning the connec-
tions across all the three different modalities. The model extends existing methods by: (i).
adding an additional pretrained Audio-Spectrogram-Transformer (AST) branch for audio-
visual grounding, and (ii). designing a cross-modal pixel-wise attention between audio and

visual spatial maps.
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Figure 11.2: An overview of answer distribution in bias question templates before and after

balance. (Figure from [XL9])

11.2 Dataset

We describe our approach to balance the dataset on the public MUSIC-AVQA dataset.
This process entails two phases: pinpointing biased questions and then achieving balance.
First, we scrutinize the distribution of answers for each question template. Specifically, we
review questions templates under all the 9 questions types. Our criteria for identifying bias
is when a single answer represents over 60% of responses for binary questions or exceeds
50% for multi-class questions (with more than two possible answers). Out of the 9 question
types evaluated, 7 exhibited a skewed answer distribution for at least one of their templates.
These include: audio-visual existential, audio-visual counting , audio-visual temporal, visual
location, visual counting, audio counting and audio comparative questions. Within these
types, multiple templates could exhibit biases, amounting to 15 out of 33 templates in total.
A detailed comparison of the answer distribution before and after our balancing for each

biased template is illustrated in Figure 11.2. We present the balancing process below.

Audio-visual Existential Questions: Binary questions dominate this question type,

where the answers are either “yes" or “no". In this case, we simply pick the most frequent
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answer and collect complementary pairs for it. We take two questions as an example: Is this
sound from the instrument in the video? 90% of data samples in this question template
are answered “yes". To create QA pairs whose answers are “no", we replace the audio track
from the video with audio of another instrument type. To make the QA pairs non-trivial,
we cluster the set of instruments into “string instrument", “woodwind instrument", “brass
instrument" and “percussion instrument"'. When replacing the audio track, by 50% chance
the audio track is replaced with a different instrument of the same cluster, while another 50%
chance the audio track is replaced with instrument music belonging to other clusters. Using
this method, we create 794 videos paired with non-matching audio segments. Is there a
voiceover? Originally, this question is severely imbalanced where 79.6% of answers are “no".
However, after carefully delving deep into the video data, we found that different individuals
have different definitions to the concept of “voiceover", which led to inconsistencies in the
labels. For example, some labelers define “voiceover' as human voice appearing on top of
the instrument sound, while others define it as any general “off-screen" sound. To fix such
inconsistency, we define it as any “off-screen sounds”. After manually checking 1,278
video-audio-question pairs from the training set, we corrected 169 mislabeled entries (13%).
Despite this correction, a significant imbalance remained with 68% of labels still being no".
To address this, we add another 456 QA pairs from our collected videos where “voiceover"
presents (answered “yes'"), resulting in a balanced distribution with 51.7% yes" and 48.3%

no" answers.

Audio-Visual Counting Questions: This type of question asks about counting aspect
of instruments in the video. The questions are structured using 4 templates that address
the following aspect of counting: (i). the total number of sounding instruments (T1). (ii).
the number of instrument types which are sounding (T2), (iii). the number of a specific
sounding instrument type (T3), iv). and number of instruments that did not sound from
the beginning to the end (T4). The answers are restricted to “0-10" and “more than ten".
Upon analyzing the dataset, we observe a significant imbalance in the answers. Specifically,

“0", “1" and “2" dominates the answers. For all four templates, the most frequent answer
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exceeded 50% of the total, with one template even reaching 60%.

To balance audio-visual counting questions, we manually collect musical ensemble per-
formance videos. Our goal is to gather videos of musical ensemble performances where at
least one answer to the aforementioned question templates exceeded 2. We sourced poten-
tial videos from the YouTube8M [Rel70] dataset, specifically targeting those tagged with

non

terms like "musical ensemble," "string quartet," or specific instrument names. For each in-

strument type, we selected videos tagged with that type and combined them with videos

non non

tagged as "musical ensemble," "string quartet,” "quartet ensemble," or a specific instrument
name, which helps narrow down potential candidates. From this set, we manually filtered
out videos that were of very low quality, had static scenes like album covers, or had ambigu-
ous content. For each selected video, we annotated: (i). Total number of instruments, (ii).
Number of distinct instrument types, (iii). Count of each instrument type, (iv). Number of
sounding instruments, (v). Number of distinct sounding instrument types, (vi). Count of
the most frequently appearing instrument that also produces sound, (vii). Number of instru-
ments that did sound from the beginning to the end of the video. In total, we collected 591
videos for audio-visual counting questions. Using the annotations from these videos, we gen-
erated additional QA pairs for each template: 572 (+39%) for T1, 502 (+25.4%) for T2, 815
(+40.1%, 350 from originally unlabeled videos for the question template in MUSIC-AVQA
dataset, 465 from our collected videos) for T3, and 413 (4+30.3%) for T4. These new pairs
have answers from the less frequent answer categories. After adding these pairs, imbalance

issue from all 4 question templates is sufficiently mitigated, with the most frequent answer

percentages decreasing by 16%, 17%, 15%, 13% for the 4 templates, respectively.

Audio-Visual Temporal Questions: This category of questions probes the order in
which instruments play during a performance. The candidate answers range from 22 in-
strument categories, as well as positional indicators like “left"; “middle", “right" that specify
an instrument’s location. Additionally, the term“Simultaneously" denotes that instruments
play at the same time. Among 3 question templates in this question category, the question

“Which <0bject> makes the sound first/last?" shows a strong imbalance: 74% of answers
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are “simultaneously". To address this imbalance in a multi-class setting, we labeled QA pairs

o

with the answers “left," “right," or “middle" to diminish the dominance of the “simultane-
ously" category. For example, consider a video where three violinists are performing. If the
violinist on the left initiates the performance, followed by the middle and right violinists, we
can formulate a QA pair as: "Q: Which violin starts playing first? A: left." In addition, we
augment the video by horizontally flipping it. This transforms the QA pair to: "Q: Which
violin starts playing first? A: right." Following the above procedure, we collected 203 ad-
ditional targeted videos from YouTube for creating QA pairs. After augmentation, we end
up creating 713 (+81.1%) additional QA pairs with answers rather than “simultaneously”,
reducing the most frequent answer percentage by 33% from 74% to 41%.

Visual Counting Questions: Unlike audio-visual questions, these questions rely solely
on visual information. The first two templates, “Is there <Object> in the entire video”
and “Are there <Object> and <0bject> instruments in the video” determine the presence
of specific instruments. For these templates, the majority of answers are "yes", constituting
78.4% and 62.7% respectively. To counter this bias, we generated 794 and 423 QA pairs with
the answer 'no" for each template. These pairs were created using labels from our collected
videos.

The third template focuses on counting the types of instruments present in the video.
There’s a notable imbalance here, with the answers “1" and “2" making up 91% of all re-
sponses. To address this, we used labels from the 591 videos from our audio-visual counting
collection. We specifically chose 204 videos where the answer to this question exceeded 2.
This selection helped reduce the dominance of the top two answer categories, bringing their
combined percentage down from 91% to 80%.

Visual Location Questions: This category of questions pertains to the location of the
performance and the specific positioning of a performer. It seeks answers to whether the
performance is indoor or outdoor and inquires about the relative position of instruments in
the video. Out of the four question templates in this category, the template “Where is the

performance?" with answers either “indoor” or “outdoor”, exhibits an outstanding imbalance.
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To address this, we collect 456 QA pairs whose answer is “outdoor”; from 456 videos that
are not labeled for this question template from original MUSIC-AVQA dataset, resulting in
reduction of QA pairs with the dominant category (“indoor”) by 17.9% from 72.6% to 54.7%.

Audio Counting Questions: The first two question templates, "Is there a <Object>
sound?" and "Are there <Object1> and <Object2> sounds?', focus on the audio aspect,
determining the presence of specific sounds. For these templates, the majority of answers
are "yes", accounting for 76.0% and 78.8% respectively. To address this imbalance, we created
794 and 423 QA pairs with the answer “no" for each template, using labels from videos where
the sounding instruments were identified. This reduced the dominance of the "yes" answer
to 52.5% and 61.5% for the two templates, respectively. The third template queries the total
number of distinct instrument sounds heard throughout the video. Notably, the answers "1"
and "2" represent over 89% of all responses, highlighting a significant imbalance. To address
the issue, we labeled 572 QA pairs from our collection of ensemble performance videos,
specifically choosing videos where the answer to this question was neither "1" nor "2". After
the balancing, We reduced the combined dominance of the "1" and "2" answers by 28% to
61%.

Audio Comparative Questions: This type of question compares different instruments
sounding in the video in terms of loudness, duration and rhythm aspect. Among 3 question
templates, a question template asking which instrument playing longer has a strong imbal-
ance, where the answer “no” (indicating that neither instrument plays significantly longer)
represents 68% of the data. To address this imbalance, we curated 182 QA pairs from previ-
ously unlabeled videos in the original dataset, ensuring that the first <Object> plays longer

than the second <Object>. This reduces the dominance of “no” answer to 53.9%.
11.3 Methods

In addition to data balancing, we introduce a new model designed to set a robust base-
line for MUSIC-AVQA v2.0. This model integrates existing audio-visual learning and QA
components: (i). LAVISH [Rel71], a 2-tower pretrained Swin-Transformer V2 [Rel72] with



117

(€0 JU
| i g

. Xas \ 1 X,
( X, ]\ —
Audio Spec | ) Avg Poolin, a
Transformer | H B o
X,
- JU 1Y i W qav
Spatial *av
T lavisH ° Temporal
. LAVISH ‘RS \ I Groulr)\ding
- N |
| VA

' swnza) \ 1T
Audio Stream | X 1 i Spatial Temporal
(Spectrogram) | II o ! Grounding Grounding
Audoisual ©
| Adapter | ! PO Xav 0
7 '
i
X 1 1

qav

! 1 Avg Pooling ¢

Xa

2 ———

Cross-Modal
Pixel-wise Attention

Temporal
Grounding

___________________________________
i - h :
' xq:quesglon vef:tor Xps: Visual ;patlal map |
Xy Xqav | Xq5 : audio spatial map x,: audio vector

x, | x;‘,?: audio-visual fusion vector i

T : ﬁ| a (IO ; io-vi i
i any sounding | Question ! Xgay: Question-aware audio-visual vector |
i vi in the video? | Encoder LIJ ! :Trainable  :Frozen i
e e |

(2) 2)

Figure 11.3: An overview of the new baseline model: (i). A pre-trained Audio-Spectrogram-
Transformer (AST) branch is incorporated as an additional audio feature branch. (ii). A
cross-modal pixel-wise attention module between audio and visual feature maps is designed

to better capture the audio-visual correspondence at a granular level. (Figure from [XL9])

“Audio-Visual Adapter" for audio-visual fusion. (ii). A spatial & temporal grounding mod-
ule from AVST [Re96]. Our extension to the existing model include: (i). A new audio-
visual fusion branch, the “AST branch'. This extracts audio feature from a pretrained
Audio-Spectrogram-Transformer (AST) and merges them with the visual feature branch
from Swin-v2 backbone, leveraging audio-visual spatial and temporal grounding [Re96]. (ii).
A cross-modal pixel-wise attention module, further refining audio-visual fusion at a granular
level. A detailed overview of the model is illustrated in Figure 11.3.

AST branch: Incorporating the pretrained audio feature as an auxiliary branch enables
our model to capture richer semantic audio information compared to the vision pretrained
transformer applied to the audio spectrogram in LAVISH. Specifically, we extract the final
hidden output of the AST model, which is a spatial feature map z{!). We then apply the
same operations as those used for the LAVISH [Rel71] branch outputs, namely spatial and
temporal grounding as introduced by AVST [Re96] (please refer to it for details). The feature

map 517((115) undergoes average pooling to produce a vector x((lll), which subsequently computes
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spatial attention in relation to the visual map, x,s , output from LAVISH’s vision branch.
The resulting spatial grounding module output is a vector in each frame, x(%), capturing
visual features attended by audio. Following this, temporal grounding is performed. z(!) is
concatenated with audio features, which are then attended by the question vector produced
by a LSTM encoder, z,, along the temporal axis. The output of temporal grounding mod-
ule is a question-aware audio-visual fusion feature xf}}l)v This feature is concatenated with
outputs from other branches and subsquently passed to a MLP for classification.
Cross-modal pixel-wise attention module: Existing spatial grounding module [Re96]
uses a mean-pooled audio vector to compute attention with visual spatial maps. This at-
tention approach: i) Losing the spatial details of spectrogram features. ii) is uni-directional,
where only the audio vector serves as a query to the visual maps without any reciprocal
interaction. To address these limitations, we propose a refined pixel-wise cross attention be-
tween the visual and audio maps, aiming to capture the correspondence between these two

c RHXWXC

modalities more effectively. Specifically, given representing frame-level visual

€ REXWXC yepresenting spectrogram frame-level feature

map output from LAVISH, and x4
output from LAVISH, we compute two pixel-wise audio-visual attentions between two maps.
We first flatten the spatial dimension of both feature maps to be (HW) x C, resulting in
and z/ .. Then we compute mutual cross-attention between these two flattened maps, where

each map attends to the other :

T

att / xvsxas /
= Soft 11.1
xvas xas + Y ma’X( HW )xam ( )
tt / Tl T
att __ Soft as*’vs 11.2
Lavs Tys + 50 maX( HW )xvs ( )

The obtained z,,s and x,,s represent the pixel-wise fusion maps for audio and vision branch.
We then normalize both maps and average pool their spatial dimensions to produce two
vectors, T4, and x,,. These are concatenated to yield the final module output, 2. z®?

is same dimension as (%), 1) - outputs of the spatial grounding modules from the other 2

av av

branches. As a result, subsequent operations, such as temporal grounding, remain consistent

with the other two branches.
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11.4 Experiments and Results

11.4.1 Models FEvaluation on Bias and Balanced Dataset

To further verify the data bias existing in the MUSIC-AVQA dataset and its negative impact
to the model performance, we evaluate AVST and LAVISH models on two newly created
datasets (biased and balanced datasets) here. We first create a balanced test set by sampling
20% from MUSIC-AVQA v2.0, with balanced answer distribution in every question categories
using stratified sampling. Then within this balanced test set, we sample a bias test set by
keeping the same QA distribution as MUSIC-AVQA dataset [Re96] ( with our corrected QA
pairs in “voiceover' category). Both the biased and balanced set test are used to evaluate
all models.

After reserving the balanced test set from MUSIC-AVQA v2.0, the residual data remains
balanced. To ensure a fair comparison, it is imperative that the training sets for both the
bias and balanced datasets are of equal size. To achieve this, we first extract a bias subset
from the leftover balanced data. To maximize the training samples in this bias set, any
QA pair with an answer belonging to the most frequent answer category within its question
template is incorporated into the biased subset.

Once the balanced test set is held out from MUSIC-AVQA v2.0, the remaining part is
still a balanced dataset. To guarantee the fairness of comparison, we need to keep the size
of training set same for the bias and the balanced set. To achieve this, we first sample the
bias subset from the remaining balanced set. In order to maximize the number of training
samples for the bias set, any QA pair whose answer is the most frequent answer category

in its question template is included into the bias subset. For QA pairs in remaining answer

/

categories in the question template, the numbers are determined by: N, X %‘;th”, where

most

Npost is the number of QA pairs whose answer is the most frequent answer category of the
question template in our remaining balanced set, N . is the number of QA pairs whose

answer is the most frequent answer category of the question template in MUSIC-AVQA

training dataset, and N, is the number of QA pairs whose answer is from another less
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Table 11.1: Evaluate Existing Models on Balanced Test set. Highlights are results where
both models trained on balanced set consistently outperform trained on bias set. (Ext:

Existential. Cnt: Counting. Temp: Temporal. Comp: Comparative.) (Table from [XL9])

Audio-Visual Visual Audio
Model Train set | Total
Ext Temp Cnt Loc Comp | Cnt Loc Cnt  Comp

bias 69.40 | 70.16 61.94 62.99 63.26 63.94 | 75.02 78.85 | 77.86 63.61
AVST [Re96]

balanced | 71.15 | 71.38 59.98 68.85 63.48 65.40 | 77.61 77.80 | 82.13 62.05

bias 70.39 | 68.11 60.08 66.72 65.11 63.12 | 78.14 81.46 | 78.80 60.96
LAVISH [Rel71]

balanced | 73.35 | 72.04 63.19 71.95 67.07 63.40 | 80.40 82.66 | 83.57 63.14

Table 11.2: Evaluate Existing Models on Bias Test set (Ext: Existential. Cnt: Counting.

Temp: Temporal. Comp: Comparative.) (Table from [XL9])

Audio-Visual Visual Audio
Model Train set | Total
Ext Temp Cnt Loc Comp | Cnt Loc | Cnt Comp

bias 73.07 | 85.68 66.02 69.97 63.26 63.94 | 77.50 77.89 | 83.56 65.57
AVST [Re96]

balanced | 72.01 | 75.36 64.68 70.82 63.48 65.40 | 77.91 76.75 | 84.44 62.11

bias 74.59 | 84.79 67.84 73.53 65.11 63.12 | 80.77 81.14 | 84.54 63.59
LAVISH [Rel71]

balanced | 74.00 | 75.36 68.33 73.37 67.07 63.40 | 80.36 81.79 | 84.83 63.92

frequent category of the question template in MUSIC-AVQA training dataset. Once we
create the bias subset, we sample another balanced subset by keeping the same number of
samples as the bias subset. In the last step, we reserve 1/8 for validation, with the remaining

7/8 forming our biased and balanced training sets.

By following the outlined procedure, we create 2 datasets, a bias and a balanced set. Fach
dataset contains 31,513 training samples, mirroring the size of the original MUSIC-AVQA
training set (approximately 31k). Additionally, both datasets share 4,502 validation samples,

10,819 balanced test samples, and 9,119 biased test samples. We then assess the performance
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Table 11.3: Evaluation Results on Balanced Test Set: Our new baselines v.s existing models.
(Ext: Existential. Cnt: Counting. Temp: Temporal. Comp: Comparative.) (Table from
[X19])

Audio-Visual Visual Audio
Model Total
Ext  Temp  Cnt Loc  Comp | Cnt Loc Cnt  Comp
AVST [Re96] 71.02 | 72.44 59.36 6822 65.54 63.31 | 77.48 77.88 | 82.34 60.81
LAVISH [Rel71] | 73.18 | 73.83 60.81 73.28 65.00 63.49 | 81.99 80.57 | 84.37 58.48
LAST 74.85 | 74.08 59.15 75.17 69.02 66.12 | 83.19 8341 | 85.75 61.59
LAST-Att 75.44 | 76.21 60.60 75.23 68.91 65.60 | 84.12 84.01 | 86.03 62.52

Table 11.4: Evaluation Results on Bias Test Set: Our new baselines v.s existing models.
(Ext: Existential. Cnt: Counting. Temp: Temporal. Comp: Comparative.) (Table from
[X1.9])

Audio-Visual Visual Audio
Model Total
Ext  Temp Cnt Loc Comp | Cnt Loc Cnt Comp
AVST 7192 | 75.36 64.81 70.51 65.54 63.31 | 77.74 76.67 | 84.74 61.78
LAVISH [Rel71] | 73.51 | 7492 66.5  75.08 65 63.49 | 82.08 79.59 | 85.32 59.14
LAST 75.24 | 75.58 65.78 76.16 69.02 66.12 | 83.63 82.36 | 86.20 61.78
LAST-Att 75.45 | 76.47 66.75 76.20 6891 65.60 | 83.86 83.09 | 85.71 63.10
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of 2 existing open-source models, the baseline AVST model [Re96] and the state-of-the-art
LAVISH [Rel71] model. Both models are evaluated on the biased and balanced test sets
respectively, adhering strictly to their original training guidelines without any modifications.
To validate the integrity of our code and data, we trained, validated, and tested both models
using the original MUSIC-AVQA dataset. The AVST model achieved a total accuracy of
71.25% on the test set (compared to the reported 71.51%), while the LAVISH model achieved
77.17% (close to the reported 77.20%). These results align closely with the numbers reported
in their publications.

We proceeded with training both models on the bias and balanced training sets, resulting
in 4 distinct models. For models trained on the bias set, we use the total accuracy on the
bias validation set to select the best checkpoint across epochs. Similarly, for models trained
on the balanced set, we use the total accuracy on the balanced validation set for checkpoint
selection. After training, we evaluated all four models on both the bias and balanced test
splits. The evaluation results are presented in Table 11.1 for the balanced test set and in
Table 11.2 for the bias test set. As shown in Table 11.1, both models trained using the
balanced set achieve higher total accuracy on the balanced test set, with gains of +1.75%
for AVST and +2.96% for LAVISH. Specifically, in question types where severe answer
imbalance exists, such as audio-visual counting and existential questions, models trained
on our balanced data consistently achieve higher accuracy on the balanced test set. For
instance, the LAVISH model showed improvements of +3.93% and +5.23% respectively.
Conversely, as shown in Table 11.2, all models trained on the bias set surpassed those trained
on the balanced set when evaluated on the biased test set. These results suggest the data
bias in original MUSIC-AVQA. Models trained from the data overfit to the biases, thereby

undermining their ability to generalize well.

11.4.2 New Baseline Evaluation

To establish new baselines, we evaluate our proposed models using MUSIC-AVQA v2.0,

our entire balanced dataset, comprising 36.7k QA pairs for training, 5,250 for validation,
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and 10,819 for testing. We compare two model variants, ‘LAST’ and ‘LAST-Att’, against
existing models. The LAST variant integrates the existing LAVISH model with the AST
branch, as detailed in Section 11.3. LAST-Att represents our full model, incorporating both
the AST branch and cross-modal pixel-wise attention. Further implementation specifics for
both models can be found in the Supplementary Material. As shown in Table 11.3 and
Table 11.4, both of our proposed baselines surpass the performance of LAVISH and AVST
on both test sets. Notably, on the balanced test set, LAST-Att achieves a performance boost
of +2.26% over LAVISH and +4.42% over AVST.
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Chapter 12

CONVERSATIONAL AUDIO-VISUAL EMBODIED
NAVIGATION

This chapter is based on the following published work: [XL10].

12.1 Motivation

The advent of powerful deep neural networks and sophisticated language models have led to
significant advancements in building conversational agents that can collaborate with humans
in solving challenging reasoning tasks [Rel73, Rel74, Rel75, Rel76]. While, much effort has
been expended on tasks that are predominantly in the language domain, such progress is yet
to percolate into real world problems that need complex reasoning over multiple modalities
of perception. One such task that we exclusively explore in this paper is that of audio-visual
navigation of an embodied robotic agent where the goal is to localize a sound producing
source in a realistic, complex, and never-seen before environment when the sound is noisy,
intermittent, sporadic, and mixed with other sounds — a situation even humans may find
hard to tackle. As can be easily imagined, the applications needing such an audio goal
capability are enormous; for example, at one end, we may think of a robotic disaster and
emergency response agent that may need to move through huge rubble to localize victims
who may cry for help and on the other, one may consider a home robotic vacuum repurposed
to be vigilant to strange sounds.

While the task of navigating to the audio goal, has witnessed some attention in the
recent years ( [Rel77]), we consider a variant of this task, dubbed audio-visual-language

embodied navigation (AVLEN) ( [Rel78]), where the agent has the ability to interact with a



125

Agent i Ag g

@ asks
help___it ¥ questionii V.

e Navngatlon via ___Forecasted ~_ Navigation after
‘audio/visual cues Trajectory interaction

Figure 12.1: An illustrative CAVEN interaction: The agent starts at <D guided by the audio
event at @ At @, the agent decides to seek help from the human/oracle H (e.g., because
the audio stopped). The oracle then provides a short natural language instruction for the
agent to follow. At locations @ and @, the agent decides to ask questions to the oracle
using the forecasted trajectories (orange) and gets feedback, finally reaching the audio goal

at &. (Figure from [XL10))

human/oracle when it is unable to solve the task by itself and potentially query an oracle for
task-specific guidance. However, the interactive abilities of the agent in AVLEN is limited
in several aspects. In particular, the AVLEN agent could ask only a fixed question (e.g.,
“Help me!"), while the (human) oracle could provide a natural language response for guiding
the agent to the goal. This technique of querying, while useful to some extent, does not
cover the full scope of bi-directional interactions. As we know, back and forth interaction
in natural language simulates a human-like conversation, allowing for better expressivity
towards sharing ideas effectively. For instance, let’s assume for a moment that the agent is
a 5 year old child who needs help in finding a sounding toy at a secret location. While the
parents (oracle) could suggest: “look inside the wooden trunk” (as in [Rel78]), the child
might not know what a ‘trunk’ is. Instead, isn’t it better if the child had asked: "Should I look
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next to the large brown box?" and the parents say: "yes'? or suggest "No, look inside it"? It
is not only easy to respond with a ‘yes’/‘no’ answer (if possible), but this also avoids the need
to know what a ‘trunk’ is (and ask more questions or make wrong inferences). Engaging in
conversations to resolve such ambiguities is of importance in several time-critical real-world
circumstances, e.g., the sound of wheezing in an elderly care or a thud in a medical facility.

Our goal in this paper is to build a fully-conversational robotic agent, which we call
CAVEN - Conversational Audio-Visual Embodied Navigation, with the capabilities as de-
scribed above, that can engage in bidirectional interactions with an oracle in natural language
towards solving the audio goal task in a complex realistic visual environment. Specifically,
CAVEN can either use the audio-visual cues for its navigation (as in prior works [Rel79,
Re180, Rel81]) or in case the agent is uncertain of which navigation step to take, it can inter-
act with the oracle in two distinct modes: (i) a question mode, in which the agent forecasts
a plausible trajectory based on audio-goal belief, using which it frames a natural language
question to be posed to the oracle, and subsequently interpreting the oracle’s response to the
question, and (ii) a query mode, where the agent is unsure of what question to even phrase
(e.g., when there are no useful cues in the scene) or completely uncertain about its current
situation, and therefore directly seeks the oracle’s guidance. Figure 12.1 illustrates a typical

conversation between a human and our agent.

There are several challenges to tackle when designing the learning and inference model
for CAVEN. Specifically, (i) when should the agent use language? (ii) what type of language
interaction should the agent use (question or query)? (iii) how should the agent phrase the
question? (iv) how to make the oracle understand the agent’s question?, (v) how should
the oracle respond to the agent’s question? and (vi) how frequently should the agent be
allowed to ask questions (budget)? Note that, some of these challenges are partially ad-
dressed in prior works [Rel82, Rel83, Rel84] such as (v) and (vi). However in CAVEN, we
tackle all these challenges within a single framework, by proposing a novel budget-aware par-
tially observable semi-Markov decision process (POSMDP), using a reinforcement learning

framework by introducing novel learning rewards.
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To empirically assess the performance of CAVEN, we conduct extensive experiments on
the semantic audio-goal navigation task [Rel77] in the SoundSpaces simulator, under various
challenging scenarios, each having intermittent sounds emanating from a source. One key
difficulty to train the CAVEN model is the absence of any large scale dataset that includes
language instructions in an audio-visual navigation setting. To this end, we introduce AVN-
Instruct — a novel audio-visual-language navigation sub-instruction dataset with 41.5k pairs
of audio-goal, trajectory, and language instructions. Our experimental results using the
above setup clearly bring out the benefits of enabling the agent to converse with the oracle,

demonstrating a solid gain of nearly 12% over competing approaches on the success rate.
12.2 DMethod

Task Setup: We assume the standard embodied audio goal problem setup [Rel79], where
the agent is equipped with an RGBD camera and a binaural microphone and at any time
step can take one of four navigation actions: {stop, move_ forward, turn_ right, turn_left} in
a densely-sampled 3D grid with the goal of locating the audio source. As in [Rel79], we
assume the sound is semantically unique and is produced by a static object, however the
audio could be noisy, sporadic, or mixed up with other environmental sounds. An audio
goal navigation episode is deemed successful if the agent calls the stop action within a given
proximity to the goal.

Beyond the standard problem setup above, CAVEN can also seek language-based guid-
ance from an oracle. Practically, the oracle could be a human who has higher level informa-
tion about the scene, e.g., a remote operator controlling several such agents and intervening
whenever needed, or a home owner who is notified about the situation and is sought to
provide guidance. To incorporate the language modality into the audio goal setup, we follow
AVLEN [Rel78] in which the agent can query the oracle for help and the oracle responds
via a short message describing a pathlet towards the audio goal. However, the interaction
in AVLEN is only uni-directional and the agent cannot ask questions. Our CAVEN goes

beyond this shortcoming and can phrase a question in free-form natural language using cues



128

—| Observations |

Rewards |

| Tques \
/ Question-based Policy |\
|
h
Selector «_ ¢-— T

Policy 0 \Language-based Policy !
\.\ T .
\ |_Audio-Visual Policy |/

) s
Perception &

Memory Modules

JuswuolAug -

Figure 12.2: Architecture of our CAVEN model. We show the reinforcement learning policies,

namely a selector policy 7, and three option policies 7y, 7, and Tgyes. (Figure from [XL10])

from the audio-visual context. Further, we assume the oracle after receiving this question,
will either give a “yes” response if the oracle’s interpretation of the question in its own
state space results in actions that match its estimate of the actions along the ground truth
geodesic to the goal. Otherwise, the oracle responds with a “no” followed by a short sentence
guiding the agent to the goal. Note that the oracle in AVLEN has access to the 3D space
of the full environment and thus can provide plausible instructions for navigation, however
CAVEN has only a wvery restricted view of the scene in its vicinity, thus making this task
of creating a question at the agent’s side entirely different from that of the oracle’s. In our
new problem setup, we also assume that the number of times an agent can receive direct
navigation instructions from the oracle (as a result of a wrong question or when it directly

queries) is limited by a budget so that the agent only seeks help when necessary.

12.2.1 CAVEN Learning and Inference Framework

As we envisage CAVEN to incorporate various modules with diverse temporal spans, it is
natural to consider a partially observable semi-Markov decision process (POSMDP) as our
control module [Rel85]. A POSMDP is essentially a partially observable Markov decision
process (POMDP) with macro actions and is characterized by the tuple (S, A, T, R,Q, Z,~)

where S, A, T, R, and ~ are the state space, action space, transition function, reward
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function, and discount factor, respectively, while 2 and Z are the observation space and
observation model. In a partially observable setup, the agent maintains a belief distribution
b over S, which is used to compute the expected reward. While in a POMDP setup, the agent
maintains a policy 7 : RISl x A — [0,1] that maximizes the expected reward, in POSMDP
the agent maintains multiple low level ‘options’ as temporal abstractions, denoted =, and a
high level selector policy 7, to select the options from =. An option £ € = is defined by the
triplet (8¢, ¢, 3%), where S¢ is the set of valid states, ¢ is the policy, 5 is the termination
condition. In our setup, we disentangle agents’ interactive audio goal navigation process
into three low level temporal abstractions (i.e., options): i) audio-visual navigation g, ii)
instruction-guided navigation &, iii) bi-directional question-answer navigation £,,.s. We use
g, Te, and Tgues to denote the respective policies of &, &§, and &pues and R, R), and R,
as corresponding immediate rewards. In our case, instead of using the termination condition
for each option, we allow the audio-visual navigation option ¢, to take a single step, while
the interaction-based options (§ and ,es) are allowed a fixed span of v steps (unless stop

action is executed by these options). These options are assumed valid in any state of the

environment, i.e., S¢,, S¢,, Se,..s € S.

Although the agent always has access to three option policies, it should maintain its
autonomy and should only engage in a limited number of language interactions to mitigate
its uncertainty. Further, in our setup, we have different levels of engagement of the ora-
cle with the agent for varied language interactions (e.g., bi-directional conversations with
question and answer, querying for language instructions) and a system should favor ask-
ing correct questions based on its audio-visual cues over relying on oracle instructions to
reduce the oracle’s effort. To consider all of these scenarios, we formulate option poli-
cies with dynamically adjusted constraints. These constraints are realized by penalties
associated with the reward functions of each option policy. The audio-visual navigation
policy 7, : RISXIMI x G x |A] — [0,1] chooses the navigation actions a € A based on
the audio-visual features. Here, M is a memory module storing a fixed number of past

observations, and G is a set of audio goal estimates. Since, 7, is fully autonomous and
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does not require oracle interaction, we encourage selecting this option by defining an un-
constrained reward, R (b, a;) = E { 20 T R, (bs, ai)]. The instruction guided navigation
policy 7, : RIS x T x G x |A| — [0,1] navigates based on the received natural lan-
guage instruction. Here, Z is the set of all natural language instructions. Since, m, is
entirely dependent on the oracle instruction, we penalize such interactions using (,, i.e.,
R)(bs,a;) = E { =Lyt R (by, ai)} —(¢(t). The bi-directional conversational navigation pol-
iCY Tgues 1 RIS x Qx Tx G x |A| — [0, 1] navigates based on asking a question and receiving
an answer. Here, Q is the set of all natural language questions. Specifically, 7,5 consists of
multiple novel components and the policy module can be divided in three submodules based
on the functionality: i) question generator GY, ii) question evaluator &, and iii) instruction
generator G'. The output of 7,,es depends on the interplay between these submodules. Ques-
tion generator GY is used to generate questions. Then, the question evaluator £ evaluates
on the oracle side if the question is correct. If the question is incorrect then the instruction
generator G' (which mimics the oracle) generates instructions for navigation. Since, asking
correct question results in minimal oracle effort in producing a response, we define a dynamic
penalty based on the question by, Ry, (b, a;) = E [Zf;’ TR (b ai)} — Cues(t, E(q)),
where ¢ € Q and £(q) is an indicator function that checks whether the question ¢ asked by
the agent falls within the range of the estimated navigation direction by the oracle, and no
penalty will incur when £(q) = 1.

Putting it all together, our objective to learn these policies m = {7‘['5, Ty, T, unes} is via
maximizing the value function V7™ (by), i.e., argmax, V™ (by), where

V(b)) = ma(&lb) Ry + X e Z'(01b, £V (V)| + ma(elb) [Rit Loea Z(0/]b, )V (V)] +
e B) [ R + e 2010, Eques) V().
Here, b’ is the updated belief and Z’ is the multi-time transition function [Rel86] given by:
Z'(0[b, &) = 32, Xy sV Z(8, 0, jls, £)b(s). Below, we detail the architecture of each of
these policies.
Bi-directional Question-Answer Policy Module: Bi-directional question-answer policy

consists of three components: (i) TrajectoryNet (forecasting short navigation steps), (ii)
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Figure 12.3: Architecture of our question policy module and the control flow within it. Here,
0, is oracle-interpreted agent’s direction to take, while #; and 6, represent the lower and

upper bounds of oracle’s estimated direction range to the goal.

QuestionNet (generates natural language questions using trajectories), and (iii) FollowerNet
(interprets the question on oracle side). These components detailed below are illustrated
in Figure 12.3. They are used to enable the functionalities within the 7g,.s policy as: i)
question generator (TrajectoryNet + QuestionNet), ii) question evaluator (FollowerNet),
and iii) instruction generator (QuestionNet).

(i) TrajectoryNet: In order to forecast the steps of a trajectory, the agent needs to have
a clear observation of its surroundings. Towards this end, we allow the agent to have a
panoramic view at its current location. With the full view of its surroundings and an estimate
of the audio-goal, the agent forecasts a sequence of [-step actions, denoted by F,. This is
achieved by TrajectoryNet — a transformer encoder-decoder network which takes as input a
sequence of ego occupancy maps E; of four disjoint views (separated by 90-degrees) and the
goal vector g; predicted by a binaural audio encoder, to predict a sequence of actions F, =
(fays fas -+, fa,) (auto-regressively). The ego occupancy map is calculated by transforming
depth images into point clouds and projecting them onto the ground plane.

(ii) QuestionNet: The action sequences defined in SoundSpaces [Rel79] are discrete, e.g,
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move_forward implies moving forward by 1m. However, the language produced from these
actions by itself may be ambiguous (since it is a higher level construct) and thus does not
explicitly reflect the granularity of these discrete actions. Further, as will be explained in
the Experiments section, while the trajectories are forecasted using the SoundSpaces grid
(which uses 90 degree angles for turning), the language instructions are produced using a
model trained on the LandmarkRxR dataset [Rel87], that uses panoramic images as input.
To compensate for these mismatches, we propose to first gather the view of the agent at
the end of the forecasted trajectory, which we call g,;e., and the corresponding displacement
vector geup = [dy, cos(0y), sin(fy)], where d; is the distance between the agent’s location and
the trajectory end point and 6y is the angle difference between the direction of d; and the
agent’s facing direction.

Next, we capture the panorama around the agent using 12 equiangular views, as RGB
images as well as the corresponding occupancy maps to abstract the 3D scene geometry.
ResNet-152 features are then extracted from these RGB images using an ImageNet pre-
trained model, while the ego-occupancy maps are encoded using a 2D-CNN; both the features
are fused with position embeddings and passed through a transformer encoder. In order
to fuse these panoramic views with the forecasted agent views (in the SoundSpaces grid),
we propose to use a transformer decoder, which takes the output of the encoder and a
fusion of ResNet-152 features from g,;e,, coupled with the position encoding of gs.;, and the
embeddings of hitherto produced words in the question (e.g., GloVe [Rel88]), and proceeds
to generate the next word in the question autoregressively.

(iii) FollowerNet: After the question is asked, the oracle needs to verify if it can be correctly
translated into a direction that falls within the oracle’s own estimation of the direction range
to the goal. To this end, we incorporate FollowerNet at the oracle, which is assumed to have
knowledge of the agent’s location and its audio-visual context, and can convert the question
back to the oracle’s space of the view angles.

Language-based Policy Module: There can be situations when an agent cannot produce

a question to ask the oracle; e.g., when there are no useful landmarks to base the question.
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To cater to such cases, we equip the agent to directly query the oracle for language-based
instructions. When invoked, the agent receives instructions, similar to when a wrong question
is posed to the oracle.

Audio-Visual Navigation Policy Module: This policy is modeled as a transformer [Re23|
based encoder-decoder as in [Rel77]. The encoder takes as input the current and previous
observations in the memory M, the output of which is combined with the goal descriptor
g and decoded by the decoder to produce a feature vector defining the belief state of the
agent b. Next, a single-layer actor-critic neural network learns a policy, m,, that transforms
this belief b to predict the distribution on the navigation actions, which the agent samples
to take a step in the environment.

Selector Policy: This module, denoted m,, decides when to navigate using audio-visual
cues (i.e., use m,), when to query the oracle for instructions directly (i.e., use m); or when to
pose a question to the oracle, (i.e., use myes). Instead of directly using model uncertainty (as
is common in prior works [Rel89]), we use our proposed RL framework to train this policy

in an end-to-end manner, guided by the reward design ¢ described below.
12.3 Experiments and Results

labelsec:expts Datasets: The CAVEN agent is trained and evaluated on the SoundSpaces
platform [Rel79]. It uses MatterPort3D environment scans [Re190]. We use the the semantic
audio-visual navigation dataset from [Rel79] to benchmark our experiments.

AVN-Instruct Dataset: For pre-training and evaluation of the language interaction mod-
ules (i.e., QuestionNet, FollowerNet), we use the Landmark RxR dataset [Re187], which con-
tains 150k well-annotated sub-trajectories and their corresponding language sub-instructions
grounded on scenes captured using the MatterPort3D simulator. Then we adopt the pre-
trained QuestionNet to synthesize a dataset called AVN-Instruct, which contains a total of
41.5k dense pairs of sub-instructions, audio-goal, and visual scene under the state space of
Soundspace simulator. Before integrating the modules into the RL framework, we fine-tune

the whole question module end-to-end on AVN-Instruct with a set of 500 and 1000 samples
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Heard Sound Unheard Sound
Help SR1T SPLT SNA1TDTG| SWST SNIt SNO1|SRtT SPLT SNAT DTG| SWST SNIt SNOt
Rand Nav. X 1.4 3.5 1.2 17.0 1.4 - - 1.4 3.5 1.2 17.0 1.4 - -
ObjGoal-RL X 1.5 08 0.6 16.7 1.1 - - 1.5 0.8 0.6 16.7 1.1 - -
Gan et al. X 29.3 23.7 23.0 113 14.4 - - 159 123 11.6 12.7 8.0 - -
Chen et al. X 21.6 15.1 12.1 11.2 10.7 - - 18.0 134 129 129 6.9 - -
AV-WaN X 209 16.8 16.2 10.3 8.3 — — 17.2 13.2 127 11.0 6.9 — -
SMT+Audio X 22.0 16.8 16.0 124 8.7 - - |16.7 11.9 100 12.1 8.5 - -
SAVi X 339 24.0 183 838 21.5 - - 248 172 132 99 14.7 - -
AVLEN Language 36.1 24.6 19.7 8.5 23.1 - 21.8 [26.2 176 14.2 9.2 15.8 - 15.9
AVLEN GT-Actions [48.2 343 26.7 75 36.0 - 29.1 [36.7 241 187 83  26.6 - 22.3
CAVEN Noisy Language|45.2 32.9 28.8 7.5 32.3 179 31.4 |38.2 27.6 24.1 8.2 259 150 23.1
CAVEN Language 48.4 35.8 31.0 6.9 34.2 215 33.4 |42.0 30.0 26.5 7.6 30.9 16.7 27.9
CAVEN GT-Actions [54.8 41.4 35.9 6.5 39.9 243 37.8 |[49.7 37.3 32.7 6.7 37.2 198 33.0

Table 12.1: Comparison of CAVEN performances against the state of the art under heard
and unheard sound settings. (Table from [XL10])

for validation and testing.

Evaluation Metrics: We follow the standard metrics defined in SAVi [Rel77] to evaluate
the navigation performance, namely SR, SPL, SNA, DTG and SWS. In addition, we intro-
duce two new metrics for assessing navigation performance that also considers the number of
language-based oracle interactions, namely: (a) success rate weighted by the inverse number
of language interactions (SNI) — which is the ratio of the success rate to the average number
of times either direct instructions are sought from the oracle or a question is posed to it per
episodes, and (b) success rate weighted by inverse number of oracle instructions (SNO) —
which is the ratio of the success rate to the average number of times either direct instructions
are sought from the oracle or a wrong question is posed to it. These additional metrics help

explain the performance gain under conversational settings.

Experimental Results and Analysis: Here, we compare our proposed formulation against

state-of-the-art semantic audio-visual navigation approaches, namely [Rel81, Rel79, Rel80,
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Help|SR 1|/SPL 1|SNA 1|DTG ||SWS 1|SNI 1[SNO 1
Chen | X [40| 24 | 20 | 147 | 23 . -
WaN X [30] 20| 1.8 | 140 | 1.6 - -
SMTA | x [42] 29 | 21 | 149 | 28 . -
SAVi X |118| 74 | 50 | 131 | 84 . -

AVLEN |Lang| 14.0| 84 5.9 12.8 11.1 - 8.5
Rand Bi [16.9| 10.6 7.9 11.9 11.1 7.2 9.4
Ufm Bi |16.9] 10.5 7.6 11.9 11.6 7.1 9.5
MU Bi |19.6] 124 8.9 11.4 14.0 7.8 10.2

CAVEN| Bi |21.3| 13.9 | 11.7 | 11.6 | 14.5 8.4 11.6

Table 12.2: Comparison of CAVEN performances with different approaches in the pres-
ence of distractor sound. WaN: AV-WaN, STMA: STM+Audio, Rand: Random, Ufm:
Uniform, MU: Model Uncertainty, Lang: Language, Bi: Bi-directional Interaction. (Table
from [X1.10])

Rel91, Rel77]. Using the same protocol as in AVLEN, we evaluate our performances on
two different settings: (i) heard and (ii) unheard sound, both in unseen environments with
sporadic sources. To ensure fair comparisons, we control CAVEN to have a similar number
of oracle feedbacks as in [Rel78]. Table 12.1 provides the results of our experiments us-
ing heard and unheard sounds. The table shows that our full model -CAVEN (language),
achieves significant improvements across all metrics. CAVEN exhibits a 12% gain on the
newly introduced SNO metric over [Rel78], our closest competitor, in both heard and
unheard cases. This clearly shows that the agent benefits much more from both our novel
language components. Given the budget on directly receiving instructions from the oracle,
we find that CAVEN poses a correct question about 40% of the time, thereby incurring less
penalty. Even with a noisy oracle, i.e., Noisy Language in Table 12.1, we achieve better
performances compared to [Rel78], showing the robustness of our framework. To induce
noise, we either ground the generated oracle’s instructions on random trajectories or switch

'yves’/’'no’ responses, both with a chance of 25%.
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Param Jguc.|SR 1 SPL 1 SNA 1 DTG | SWS 1
1.0 321 231 194 80 208

0.5 36.5 26.9 24.6 8.2 21.1
0.0 (ours) 42.0 30.0 26.5 7.6 30.9

Table 12.3: Ablation of the reward parameter d4,.s of CAVEN’s question module under
unheard sound settings. (Table from [XL10])

Navigation Under Distractor Sounds: We also evaluate the performance of CAVEN in
the presence of distractor sounds, in the unheard setting. Since this environment presents
a mixture of sounds, therefore to disambiguate, a one hot encoding of the target sounding
object is also provided as an input to the agent . The presence of distractor sounds adversely
affects the estimation of the audio-goal, which results in more uncertainty in the agent’s
decision-making. Under this setting, the conversations between the agent and oracle becomes
even more critical. Even under such challenging circumstances, as shown in Table 12.2, we

notice a 5.5% and a 3.1% gain on SPL and SNO, respectively against our closest competitor.

Ablation on Selector Policy: In Tables 12.1, 12.2, we compare various strategies instead
of learning the selector policy, 7s. In Random, the agent randomly selects a navigation policy,
while in Uniform, the agent chooses a policy every 3 steps, alternating between the three
policies. In Model Uncertainty, the audio-goal uncertainty estimated by the selector policy is
used to decide which policy to invoke; i.e., if the audio-goal uncertainty is above 66.7%, the
language-based policy is invoked; if the uncertainty is between 33.3% and 66.7%, question
policy is invoked; otherwise, the audio-goal policy is invoked. Our results show learning of

T 1S better.

Analysis of Policy Dynamics: To study the situations when the agent invokes the various
navigation policies, we record the confidence of audio-goal estimated by selector policy s,
when each of the option policies is invoked and compute its distribution using all test set

episodes. As shown in Figure 12.4, the audio-goal is invoked when the agent is highly
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Figure 12.4: Distribution of estimated audio goal confidence when each policy is invoked.

(Figure from [XL10])

confident and the language-based policy is invoked when agent’s confidence is low. It is
note-worthy that the question policy is invoked more often when the agent is moderately
confident. Though it potentially risks being penalized by asking wrong questions, it benefits
from seeking confirmation from the oracle using its own beliefs to alleviate uncertainty, thus
navigating efficiently.

Insights into Differential Rewarding: In Table 12.3, we report the CAVEN performances
on varying the penalty parameter dg,.s. Note that our differential rewarding scheme gives
no penalty when the agent makes a correct question dg,s = 0, however penalizes heavily
for mistakes. Thus, the gap between the two penalties act as an incentive for the agent to
make more number of correct trajectory predictions than in a case where this penalty gap
is lower (e.g., dques = 0.5,1.0 in which case it is similar to the penalty it receives for the
wrong question). The success rate is higher suggesting that the incentive the agent receives

in making a correct question influences learning of the trajectory forecasting significantly.
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Chapter 13

CONCLUSION

In this thesis, I have explored and developed throughout my PhD research two major
categories of multi-modal interactive systems: Multi-modal audio generation systems and
Multi-modal task solving systems. Within the domain of Multi-modal audio generation,
our work and proposed methods progressed from being able to address specialized tasks,
such as generation of music from musician video or rhythmic music generation, toward more
general applications. Furthermore, the works progressed from music generation to wide-
ranging audio generation. Chapter 3 introduced a video-to-music generation system focused
on piano performances, where a direct visual-to-musical mapping exists. Chapter 4 expanded
this to systems that infer rhythm from subtle human body movements. Chapter 5 generalized
the approach by introducing a latent-space model, removing the need for explicit visual-
audio mappings and enabling broader applications. In Chapter 6, earlier methodologies
were significantly enhanced through the integration of advanced techniques such as multi-
modal large language models (LLMs) and neural audio codecs, enabling generalized audio
generation across diverse content types with text-based conditioning. Chapter 7 further
addressed immersive audio by proposing a spatial rendering technique that captures realistic

environmental acoustics, improving the realism of generated sounds.

From Chapter 8 onward, the focus shifted to Multi-modal task solving systems, where gen-
eration models were adapted for understanding-based tasks. Self-supervised learning meth-
ods were employed to align audio-visual representations in a robust way. Chapter 9 expanded
the modality space by introducing language, significantly improving audio-visual alignment
and enabling more challenging downstream applications. A conversational, video-based mu-

sic recommendation system was developed to better capture user preferences, improving both



139

accuracy and interpretability. Chapter 10 presented a new benchmark to address biases in
existing audio-visual question-answering datasets, alongside a model specifically designed for
unbiased evaluation in complex multi-modal contexts. In Chapter 12, exploration of integrat-
ing language into embodied Al was presented through the development of a dialogue-driven
audio-visual navigation agent trained with reinforcement learning to operate effectively under
sparse human feedback.

Overall, this thesis presents a series of landmark contributions to the design of multi-
modal systems that bridge audio, visual, and other modalities through developing deep
learning techniques. The innovations presented in my works and this thesis enable the
construction of robust representations for both generation and task solving systems and pave
the way toward foundational AI systems capable of perceiving, reasoning, and generating

realistic multi-modal signals in complex real-world environments.
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