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Abstract

Audio Visual Event Detection has bene ted greatly from the advancement of deep learning
in the past few years. Various model architectures have been applied to the task in
multiple modalities, pushing the performance benchmark and enabling the deployment of
such models in many critical tasks such as surveillance and malicious content lItering.
However, the research community still lacks: 1lygstematic understanding of the

di erent machine learning models' behavior given thenique natureof audio signals
compared to the image or text counterparts. 2) Tiobustness of di erent models used

for audio-visual learning also remains to be an under-studied area.

The rst goal of this thesis is to investigate best practices for building an audio-only
and audio-visual learning system that performs well. Speci cally, we analyze the features,
compare di erent architectures, and understand the di erence in training techniques
to provide a comprehensive and thorough understanding. Our investigation traces the
evolution of models from the convolutional family to the Transformer family, and the
transition in learning paradigms from supervised learning to self-supervised learning.
(This part is elaborated in Chapters 2,3,4,5,6,7)

The second goal is to study the robustness of each model by gauging their behavior
under noise and adversarial perturbation. We rst demonstrate the existence of real-world
threats caused by adversarial perturbation in both the visual and audio domains. Following
this, we broaden our adversarial robustness analysis beyond the scope of unimodal audio
input to include a myriad of modalities such as audio, video, imagery, and text. (This part
is covered in Chapters 8,9,10, 11) Further, we extend our research purview to include a
comparative study between adversarial robustness and noise robustness (Chapter 12 ).
Aiming at ful lling the promise of both generalization and robustness in audio-visual
learning, we present our audio-journey di usion system. We utilize the di usion model
as an e ective data augmentation instrument, adding semantically diverse samples to
enhance performance, demonstrating the potential for generalization. Additionally, we
take advantage of the di usion model's innate denoising capabilities, suggesting that it
could readily enhance the robustness of existing audio classi cation systems. (Chapter 13)

Xiii
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Chapter 1

Introduction

1.1 Background and Motivation

The ability of machines to interpret sound, much like humans, is increasingly prevalent
across diverse settings, from smartphones and security systems to autonomous robots. This
advancementin sound understanding has the potential to enable a vast array of applications,
including intelligent machine state monitoring through acoustic data, enhanced visual
surveillance with acoustic assistance, cataloging, and information retrieval uses such as
audio archive search and audio-assisted multimedia content search. To imbue an Al with
the ability to comprehend audio, the initial hurdle is addressing the Audio/Visual Event
Detection (AED) task. This entails characterizing the acoustic event within an audio stream
(which may be augmented by visual data) by assigning a semantic label to it. This is the
primary focus of the research conducted in this thesis.

In the past decade, many neural network models have been applled to the AED task
and have shown great performance. [ ; ; ] showcased
the e ectiveness of using the convolutional famlly archltecture which has become the
mainstream architecture for audio classi cation. However, a shift is being observed
recently with the advent of pure attention-based neural architectures like DeiT [ ]
which are now topping audio tagging leaderboards [ ], challenging the previously
uncontested dominance of CNN family models in audio classi cation. Moreover, the
evaluation performance of AudioSet [ ] - the largest available weakly-labeled
sound event dataset - has seen signi cant improvement. The mean average precision
(mAP) has risen from an initial 31.2 when the task was rst released in 2017 to the current
47.1 mAP.

However, a detailed examination reveals signi cant variations in the research published
in this area. For instance, some past comparisons were drawn between audio-visual
systems and audio-only systems, and the performance of models initialized with pre-trained

1
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Figure 1.1: Categories of Robustness

weights greatly di ers from those without pre-training [ ]. Training durations for
models can span from mere hours to several weeks, and ensemble systems often secure
unwarranted advantages over single-checkpoint models. Frequently, the essence of these
studies is concealed in seemingly minor details, leaving key information unexplained.

In this thesis,our primary aim is to articulate the most e ective approach to con-
structing a large-scale audio-visual learning system. To this end, we conduct thorough
experiments on AudioSet [ ]. We evaluate state-of-the-art baselines on the AED
task and delve into the performance and e ciency of two principal categories of neural
architectures: CNN variants and attention-based variants. We examine these models in
both audio-only and audio-visual contexts, ensuring reproducible speci cations. We also
scrutinize their optimization procedures and carry out an analysis focused on data quality
and e ciency. In addition, we also conducted a study on their e ciency-accuracy trade-o
across GPU versus CPU platforms.

Despite accuracy, since audio-visual systems are widely applied in safety-critical tasks
such as content Itering and surveillance, this calls for a thorough understanding of their
robustness. Robustness is an overloaded term as is shown in Fig. 1.1. This de nition is
a summary of Robustness de ned in[ ; ; ]- In this thesis, we are mainly
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focusing on input robustness, noise robustness, and adversarial nbise.

The robustness study of this thesis begins by acknowledging and validating the threats,
showecasing the real-world presence of unimodal adversarial perturbations against visual-
only and audio-only classi cation systems. In order to tackle such realistic threats, in
this thesis, we focus ohow audio-only and audio-visual event classi cation systems can
be built so that they are robust to noise and adversarial attde&sstudy how to fuse
audio with other modalities, and what is the best loss functions for multimodal input
(e.g. audio+visual). Conversely, we utilize adversarial perturbation as a precise tool to
dissect and comprehend the robustness of each element within a multimodal system,
speci cally examining early fusion versus late fusion and time versus frequency. We
then aim to identify a practical metric that can aid in quantifying robustness on a large
scale and elucidate the relationship between adversarial robustness and noise robustness.
Ultimately, our research investigates methods capable of enhancing system robustness
while maintaining reasonable computational costs.

1.2 Thesis Outline

A detailed outline of our contributions in this thesis is presented below.

Part I: Understanding what's the best practice of building a large-scale Audio Event
Detection (AED) system, Chapter 2,3,4,6,7audio-only systems, and Chapter 5 is our

rst attempt to build an audio-visual system.

Chapter 2 and Chapter 3 list our e orts studying CNN family neural architecture on
audio classi cation tasks on smaller datasets. In Chapter 2, we present a comparison of
several Deep Learning models on the IEEE challenge on Detection and Classi cation of
Acoustic Scenes and Events (DCASE) 2016 challenge acoustic scene classi cation task and
data. We perform experiments on six sets of features, including standard Mel-frequency
cepstral coe cients (MFCC), Binaural MFCC, log Mel-spectrum, and two di erent large-
scale temporal pooling features extracted using OpenSMILE. On these features, we apply
ve models: Gaussian Mixture Model (GMM), Deep Neural Network (DNN), Recurrent
Neural Network (RNN), Convolutional Deep Neural Network (CNN), and i-vector. With
large feature sets, deep neural network models outperform traditional methods and achieve
the best performance among all the studied methods. The best-performing single model is
the non-temporal DNN model, which we take as evidence that environmental sounds do
not exhibit strong temporal dynamics.

lInput Robustness: the degree to which a system or component can function correctly in the presence
of invalid inputs or stressful environmental conditions; Noise Robustness: a subset of input robustness, the
robustness against noise in nature; Adversarial robustness: worst case scenario, model's ability to withstand
adversarial perturbation without changing output.
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Chapter 3 describes a detailed case study on 1D CNN with raw audio as input on the
UrbanSound8k dataset. We showed that CNNs with up to 34 weight layers are e cient to
optimize over very long sequences (e.g., vector of size 32000), necessary for processing
acoustic waveforms. This is achieved through batch normalization, residual learning, and
a careful design of receptive elds to down-sample. Our networks are fully convolutional,
without the use of fully connected layers and dropout. We demonstrate the performance
gains with the deeper models. Our evaluation shows that the CNN with 18 weight layers
outperforms the CNN with 3 weight layers by over 15% in absolute accuracy for an
environmental sound recognition task and is competitive with the performance of models
using log-mel features.The work described in the above 2 Chapters were both
published at ICASSP 2017.[ ; ]

Chapter 4 presents multiple instance learning (MIL) frameworks in order to tackle
weakly labeled large-scale audio datasets, and presents an analysis of various pooling
functions. We nd the linear softmax pooling function to perform the best among the
ve. We build CNN+Pooling and CRNN+Pooling network architectures. It was the rst
system to reach state-of-the-art audio tagging performance on AudioSet [ 1,
while exhibiting strong localization performance on the DCASE 2017 challenge at the
same timeThe initial small-scale e orts on DCASE 2017 subset were published
at InterSpeech 2018 | ; ] and expanded to a large-scale setting at
ICASSP 2019 [ !

Chapter 5 describes an attempt to add visual cues to audio classi cation networks. We
conducted experiments on the audio tagging task of the DCASE 2017 challenge showing
that the incorporation of video information improves a strong baseline audio tagging
system by 5.3% in terms of score. However, not all audio classes bene ted from the
fusion. This work was completed and published at ICASSP 2018. | ]

Chapter 6 is a comprehensive study of state-of-the-art baselines on the AED task.
We study the performance and e ciency of 2 major categories of neural architectures:
CNN variants and attention-based variants. We perform extensive experiments on Au-
dioSet [ ], where we closely examine their optimization procedures. We also did
an analysis based on the data quality and e ciency in Section 6.4. Our open-sourced exper-
imental result$ provide insights into the trade-o between performance, e ciency, and
optimization process, for both practitioners and researchdrsis work was completed
and published at InterSpeech 2022 [ ], the e ciency study is accepted to
ICML 2023 ESFomo workshop [ ]

As self-supervision methods showing success in recent years, we study a simple
extension of image-based Masked Autoencoders (MAE) [ ] in Chapter 7 to self-
supervised representation learning from audio spectrograms. Following the Transformer
encoder-decoder design in MAE, our Audio-MAE rst encodes audio spectrogram patches

2https://github.com/lijuncheng16/AudioTaggingDoneRight
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with a high masking ratio, feeding only the non-masked tokens through encoder layers.
The decoder then re-orders and decodes the encoded context padded with mask tokens,
in order to reconstruct the input spectrogram. We nd it bene cial to incorporate local
window attention in the decoder, as audio spectrograms are highly correlated in local
time and frequency bands. Empirically, Audio-MAE sets new state-of-the-art performance
on six audio and speech classi cation tasks, outperforming other recent models that
use externally supervised pre-traininghis work was completed and presented at
NeurlPS 2022 [ ]

Part Il: Understanding the robustness of multi-modal systems in both unimodal and
multimodal settings.

In Chapter 8, we veri ed that threats from adversarial attacks exist in both the vision
and audio domains in the real world. In the visual domain, we demonstrated that it is
possible to adversarially fool deep image classi ers in the real world, not by modifying
an object of interest itself, but by modifying the camera observing the objects using a
piece of sticker for instance. The optics involved with such modi cations greatly limits
the types of attacks that can be physically realized, but by developing a reasonable threat
model and then tting the parameters of this model to data, we can accurately capture the
allowable set of perturbations. In the audio domain, we showed we could jam an emulated
Alexa model with some inconspicuous background music to deactivate the VAs while our
audio adversary is present. We implemented an emulated wake-word detection system of
Amazon Alexa based on recent publications. Then we computed our audio adversaries
with consideration of expectation over transform and we implemented our audio adversary
with a di erentiable synthesizer. Our experiments show that we can e ectively reduce the
recognition F1 score of our emulated model from 93.4% to 11.0%. Finally, we tested our
audio adversary over the air, and veri ed it works e ectively against Alexa, reducing its
F1 score from 92.5% to 11.0Pese 2 works were completed and published at ICML
2019 ] and NeurlPS 2019 ].

In Chapter 9, we study how to e ectively utilize available multimodal cues from videos
for the cross-modal video-text retrieval task. We propose a framework that simultaneously
utilizes multi-modal features (di erent visual characteristics, audio inputs, and text) by
an ensemble approach for e cient retrieval. We conduct extensive experiments to verify
that our model combination is able to boost the performance of a video-to-text retrieval
task compared to the state-of-the-art. In addition, we propose a new pairwise ranking loss
function in training the embedding and studying the e ect of various loss functions. The
results on MSVD and MSR-VTT datasets show that our method yields signi cant gains
compared to the state-of-the-art.his work was completed and published at ICMR
2018[ ] (Best Paper Award) and IJMIR 2019 | ] and extend to Trecvid
2022 Workshop [ ].

In Chapter 10 We aim to study several key questions related to multimodal learning
through the lens of adversarial noises: 1) The trade-o between early/middle/late fusion
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a ecting its robustness and accuracy 2) How does di erent frequency/time domain features
contribute to the robustness? 3) How do di erent neural modules contribute against the
adversarial noise? In our experiment, we construct adversarial examples to attack state-of-
the-art neural models trained on Google AudioSet.| 3 W& compare how much
attack potency in terms of adversarial perturbation of sizesing di erent ! , norms we
would need to deactivate" the victim model. Using adversarial noise to ablate multimodal
models, we are able to provide insights into what is the best potential fusion strategy
to balance the model parameters/accuracy and robustness trade-o and distinguish the
robust features versus the non-robust features that various neural networks model tend to
learn. This work was completed and published at ICASSP 2021] ].

In chapter 11, we study several key questions related to multi-modal learning through
the lens of robustness: 1) Are multi-modal models necessarily more robust than uni-modal
models? 2) How to e ciently measure the robustness of multi-modal learning? 3) How to
fuse di erent modalities to achieve a more robust multi-modal model? To understand the
robustness of the multi-modal model in a large-scale setting, we propose a density-based
metric, and a convexity metric to e ciently measure the distribution of each modality
in high-dimensional latent space. Our work provides a theoretical intuition together
with empirical evidence showing how multi-modal fusion a ects adversarial robustness
through these metrics. We further devise a mix-up strategy based on our metrics to
improve the robustness of the trained model. Our experiments on AudioSet | ]
and Kinetics-Sounds | ] verify our hypothesis that multi-modal models are not
necessarily more robust than their uni-modal counterparts in the face of adversarial
examples. We also observe our mix-up trained method could achieve as much protection
as traditional adversarial training, o ering a computationally cheap alternati¢d his
work was completed and published at ICASSP 2022[ ] (Best student paper) .

Chapter 12 is inspired by the insights derived from Chapter10 and Chapter 11, which
highlight that all existing defenses come with certain compromises. Given the increasing
sizes of datasets and models, standard-trained models are poised to remain prevalent
in the eld. Hence, gaining a deeper understanding of the robustness of various AED
model architectures, without any defense mechanisms, is crucial. Equally important is
the exploration of alternative metrics that could potentially signal robustness prior to
empirical robustness measurement. Sharpness, providing insight into the model's loss
landscape, emerges as a promising candidate in this context. We also study adversarial
robustnessrersusoise robustness, where we nd the two types of robustness do not
necessarily translate to each other. Our ndings suggest that the architectural di erence
contributes to their di erence in robustness. Transformer architectures are more robust
overallversusonvolutional families. Sharpness-wise, we found it di cult to establish fair

3Audioset is the largest available weakly-labeled audio dataset.
“Implementation: https:/github.com/lijuncheng16/AudioSetDoneRight
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comparisons across di erent architectures following existing de nitions of sharpness met-
rics, though we observe that robust-aware trained models display atness. Acknowledging
the aforementioned gap, as well as the limitations of classical robustness research methods
such as adversarial training, certi ed robustness, and smoothing, we discern that the most
pragmatic way forward involves capitalizing on the development of foundational models
trained on large datasets. This approach can simultaneously enhance both generalization
and robustnessThe preprint of this work is at [ ], and will be submitted to

incoming conferences in 2023.

Partlll: Future pathway to generalization and robustness through foundational models.
Therefore, in Chapter 13, we leverage state-of-the-art (SoTA) Large Language Models
(LLMs) to augment the existing weak labels of the audio dataset to enrich captions; we
adopt SoTA video-captioning model to automatically generate video caption, and we again
use LLMs to merge the audio-visual captions to form a rich dataset of large-scale. Using
this dataset, we train di usion models on this audio captioning resource. In our experiment,
we rst veri ed that our Audio+Visual Caption is of high quality against baselines and
ground truth (12.5% gain in semantic score against baselines). To show di usion help
with generalization, we use the trained di usion model to generate more diverse audio
data of the same format by using textual inversion [ ]. We demonstrate that we
could train a classi er from scratch using the di usion-generated data, or use di usion to
enhance classi cation models on the AudioSet test set, working in conjunction with mixup
or other augmentation methods for impressive performance gains. To show di usion
ultimately aids robustness, we use the trained di usion model to denoise noise tested
in the previous chapter, and it showed impressive robustness gains, and also came with
a certi able guarantee. Our approach exempli es a promising method for augmenting
low-resource audio datasets, making them more generalizable, and a promising approach
to improve robustness.

This work is accepted at ICML2023 ESFoMo workshop[ ], andis also in
submission to NeurlPS 2023, and is open-sourced. °

Shttps://audiojourney.github.io/
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Part | Overview:

In this part, we mainly focus our discussion on what is the best practice for building a
large-scale audio-visual learning system, the readers will also see the progress in this eld
in chronicle order towards its maturity.

We start with comparative studies on CNN families (Chapter 2, Chapter 3), where we
compare and study the latent spaces and performances of CNN models VS. other common
deep neural network models under a supervised learning framework using strong labels.
To scale up to a larger scale, we discuss the challenges and methods of dealing with weak
labels in Chapter 4. To scale out to multimodality, we analyze the e ect of introducing
visual cues in Chapter 5.

In reviewing the state-of-the-art in Audio Event Detection (AED), we explore Trans-
former family models and their training methodologies in Chapter 6, comparing them
with the CNN family models discussed in the preceding chapters.

Acknowledging the constraints of supervised learning, we introduce self-supervised
techniques in Chapter 7. Here, we discuss the optimal model architecture and self-
supervised tasks for e ective AED, and we study how SSL would enable us to learn
an optimal audio representation that potentially captures the distribution of general audio
data.






Chapter 2

Deep Learning Methods for
Environmental Sound Detection

2.1 Introduction

Compared with speech, environmental sounds are more diverse and span a wide range
of frequencies. Moreover, they are often less well-de ned. Existing works for this task
largely use conventional classi ers such as GMM and SVM, which do not have the feature
abstraction capability found in deeper models. Furthermore, conventional models do not
model temporal dynamics. For example, the winning solutions by [ 1 ] for
DCASE challenge 2013 and 2016, extracts MFCC and i-vectors, and they both used other
deeper models for temporal relation analysis. In this chapter, we focus on the task of
acoustic scene identi cation, which aims to characterize the acoustic environment of an
audio stream by selecting a semantic label for it. We apply deep learning (DL) architectures
to various feature representations generated from signal processing methods. Speci cally,
we use the following architectures: (1) Deep Neural Network (DNN) (2) Recurrent Neural
Network (RNN); (3) Convolutional Deep Neural Network (CNN). Additionally, we explore
the combination of these models: (DNN, RNN, and CNN). We also compare DL models with
Gaussian mixture model (GMM), and i-vectors. We also use several feature representations
based on signal processing methods: Mel-frequency cepstral coe cients (MFCC), log
Mel-Spectrum, spectrogram, and other conventional features such as pitch, energy, zero-
crossing rate, mean-crossing rate, etc.

This chapter covers aomprehensive stuay a diverse set of deep architectures on
the acoustic scene recognition task, borrowing ideas from signal processing as well as
recent advancements in automatic speech recognition. We use the dataset from the DCASE
challenge. The dataset contains 15 diverse indoor and outdoor locations (classes), such
as buses, cafes, cars, city center, forest paths, libraries, trains, totaling 13 hours of audio

13
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recording (see Section 3.1 for detail). In this chapter, we present a comparison of the most
successful and complementary approaches to sound event detection on DCASE, which we
implemented on top of our evaluation system [ ] in a systematic and consistent way.

2.2 Experiments

2.2.1 Dataset

We use the dataset from the IEEE challenge on Detection and Classi cation of Acoustic
Scenes and Events | ], and we also use the evaluation setup from the contest. The
training dataset contains 15 diverse indoor and outdoor locations (labels), totaling 9.75
hours of recording (1170 les) and 8.7GB in WAV format (Dual Channel, Sample Rate:
44100 Hz, Precision: 24 bit, Duration: 30 sec each). We do a 4-fold CV for model selection
and parameter tuning. The evaluation dataset (390 les) contains the same classes of audio
as the training set, totaling 3.25 hours of recording and 2.5GB in the same WAV format.

2.2.2 Audio Features

We create six sets of features using audio signal processing methods:

1. Monaural and Binaural MFCGame as the winning solution in the DCASE challenge
2016 [ ]. We take 23 Mel-frequency (excluding the Oth) cepstral coe cients
over a window length 20 ms. We augment the feature with rst and second-order dif-
ferences using 60 ms window, resulting in a 61-dimension vector. We also computed
the MFCC on the right, left, and channel di erence (BIMFCC).

2. Smile983 & Smile6kVe use OpenSmile [ ] to generate MFCC, Fourier trans-
forms, zero crossing rate, energy, and pitch, among others. We also compute rst
and second-order features resulting in 6573 features. We select 983 features recom-
mended by domain experts to create the 983-dim feature. Note that this is a much
larger feature set than the MFCC features and each feature represents a longer time
window of 100 ms.

3. LogMeil We use LIbROSA [ ] to compute the log Mel-Spectrum, and we use the
same parameters as the MFCC setup. This is the mel log powers before the discrete
cosine transform step during the MFCC computation. We take 60 mel frequencies
and 200 mel frequencies resulting in 60-dim and 200-dim LogMel features.

All features are standardized to have zero mean and unit variance on the training set. The
same standardization is applied at the validation and test time.
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2.2.3 Models and Hyperparameter Tuning
Guassian Mixture Models (GMMs)

We use the GMMs provided by the DCASE challenge committee | ] as the baseline
system for acoustic scene recognition. Each audio clip is represented as a bag of acoustic
features extracted from audio segments, and for each class label, a GMM is trained on this
bag of acoustic features using only audio clips from that class.

i-vector Pipeline

We replicate the i-vector [ ] pipeline from [ ]. The universal background model
(UBM) is a GMM with 256 components trained on the development dataset using BIMFCC
feature. The mean super vectdr of the GMM can be decomposed'as=< , ) ~, where

< is an audio scene independent vector gné is an o set. The low-dimensional (400-dim)
subspace vector is an audio scene-dependent vector, and it is a latent variable with the
normal prior. The i-vectoiF is a maximum a posteriori probability (MAP) estimate-af

We use the Kaldi Toolkit [ ] to computematrix and perform Linear Discrimant
Analysis (LDA).

Deep Neural Networks (DNNSs)

Multi-layer perception has recently been successfully applied to speech recognition and
audio analysis and shows superior performance compared to GMMs | ]. Here we
tried various sets of hyperparameters including depth (2-10 layers), number of hidden
units (256-1024), dropout rate (0-0.4), regularizer (L1, L2), and various optimization algo-
rithms(stochastic gradient descent, Adam | ], RMSProp [ ], Adagrad [ D,
batch normalization [ ], etc. All the deep models we tried in the next two sections are
tuned via cross-validation (CV) to achieve their best performance.

Recurrent Neural Networks (RNNS)

Bidirectional architectures generally perform better than uni-directional counterparts. We
tried both LSTM [ ]and GRU [ ] bidirectional layers. Our network only has
2 layers (one direction a layer) due to convergence time and limited improvement from
deeper RNN models [ ]

Convolutional Neural Networks (CNNs)

Lately, CNNs have been applied to speech recognition using spectrogram features [ ]
and achieve state-of-the-art speech recognition performance. We employ architectures
similar to the VGG net | ] to keep the number of model parameters small. The input
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DNN \ RNN \ CNN
Input depending on feature

Dense 256 GRU 256 32 3-BN-RelLu

BN + Dropout0.2f GRU 256 32 3-BN-Relu
Dense 256 Dropout0.4 MaxPool2+Dropout0.3

BN + Dropout0.2 BN 643 3-BN-RelLu

Dense 256 643 3-BN-RelLu
BN + Dropout0.2 MaxPool2+Dropout0.3

Dense 256 128 3-BN-RelLu

BN + Dropout0.2 1283 3-BN-Relu
MaxPool2 2+Dropout0.3

15-way Softmax

Table 2.1: Speci cations of di erent deep neural network models in comparison.
BN:Batch Normalization; ReLu: Recti ed Linear Activation Function

we use is the popular recti ed linear units (Relu) to model non-linearity. We also found
that dense layers in the bottom do not help but only slow down computation, so we do
not include them in most experiments. Dropout layers signi cantly improve performance,
which is consistent with the CNN behaviors on natural images. Table 2.1 shows an example
of the architectures of all the DL models described above.

2.2.4 Pipeline & System Con guration

For each audio clip (train and test), our processing pipeline consists of the following:
1) Apply the various transforms (Section 2.2.2) to each audio clip to extract the feature
representations; 2) For non-temporal models such as GMMs, we treat each feature as a
training example. For temporal models such as RNNs, we consider a sequence of features
as one training example; 3) At test time, we apply the same pipeline as training and break
the audio clip as multiple instances, and the likelihood of a class label for a test audio clip
is the sum of the predicted class likelihood for each segment. The class with the highest
predicted likelihood is the predicted label for the test audio clip.

We train our deep learning models with the Keras library [ ] built on TensorFlow,
using 4 Titan X GPUs on a 128GB memory, Intel Core i7 node.

2.2.5 Model Ensemble

As a side experiment, in pursuit of the best performance, we ensemble all the models
mentioned above. In total, we have thirty models for the problem and ve di erent



Results 17

IncMmMminiVectorli DNNEERNNIICNNID LateFusion

09 ¥

08| a

o7 a

06| a

MFCC BIMFCC Smile983 Smile6kogMel

Figure 2.1: 4-fold Cross Validation avg. accuracy of 5 di erent models

architectures. We rank the models by performance, only best-performing models which
pass a prede ned accuracy threshold are included in fusion. To further stabilize the model,
we construct ensembles of the ensembles. For example, the baseline GMM is excluded due
to its poor performance. We test with random forest, extremely randomized trees, Ada-
boost, gradient tree boosting, weighted average probabilities, and other model selection
methods in the late fusion [Car04]. The ML community has seen renewed interest in
Model Ensemble and uncertainty quanti cation recently, [RT21] has surveyed the e ects

of using ensemble, mixup, and temperature scaling. Since ensembling is not the focus
of this thesis, interested readers can refer to [Man22] for a complete list of literature on
conformal predictions and ECE (Expected Calibration Error).

2.3 Results

Figure 2.1 shows the cross-validation (CV) accuracy for 5 classi ers over 6 features. 60-dim
and 200-dim LogMel are listed in a single column. GMM with MFCC feature is the o cial
baseline provided in the DCASE challenge, which achieves a mean CV accuracy of 72.5%,
while our best performing model (DNN with the Smile6k features) achieves a mean CV
accuracy of 84.2% and test accuracy of 84.1%. The best late fusion model has an 88.1% mean
CV accuracy and 88.2% test accuracy, which is competitive with the winning solution in

the DCASE 2016 challenge [EZ+16].
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GMM [|-Vector  DNN RNN CNN Fusion

Beac 69.3 80.7 89.8| 80.3| 78.7| 92.3
Bus 79.6 82.4 95.3| 88.6 | 72.1| 95.3
Cafe/Resf 83.2 70.0 699 | 64.7| 66.4| 79.9
Car 87.2 96.1 87.2| 88.8| 99.1| 97.2
City 85.5 90.0 97.3| 96.2| 93.5| 89.2
Forest 81.0 92.0 96.4 | 95.0( 99.8 | 99.8
Grocery | 65.0 93.8 79.3| 75.5| 85.3| 96.2
Home 82.1 65.2 84.8| 75.7| 82.9| 88.2
Library 50.4 76.1 81.2| 816 | 72.7| 86.2
Metro 94.7 83.5 97.3| 93.7| 98.7| 92.3
Oce 98.6 93.1 99.7| 79.6| 97.6 | 99.7
Park 13.9 78.6 494 | 458 | 45.7 | 71.2
Resident| 77.7 66.5 769 68.7| 816 | 77.0
Train 33.6 72.4 51.1| 61.2 | 59.2 | 65.2
Tram 85.4 84.6 97.0| 90.7| 91.7| 92.2
Average | 72.5 81.7 84.2 | 80.2| 82.2 | 88.1

Table 2.2: Class-wise accuracy (%) of the best CV average models.
Colored rows correspond to the most challenging classes in the confusion matrix
from [ ]

2.4 Discussion

Figure 2.1 shows that feature representation is critical for classi er performance. For neural
network models (RNNs, DNNs), a larger set of features extracted from the signal processing
pipeline improves performance. Among the neural network models, it is interesting to
note that RNNs and CNNs outperform DNNs using MFCC, BIMFCC and Smile983 features,
but DNNs outperform RNNs and CNNs on Smile6k feature. It is possible that with limited
feature representation (e.g., MFCC and BIMFCC), modeling temporally adjacent pieces
enhances the local feature representation and thus improves the performance of temporal
models like RNNs. However, with a su ciently expressive feature (e.g., Smile6k), temporal
modeling becomes less important, and it becomes more e ective to model local dynamics
rather than long-range dependencies. Unlike speech, which has a long-range dependency
(a sentence utterance could span 6-20 seconds), environment sounds generally lack a
coherent context, as events in the environment occur more or less randomly from the
listener's perspective. A human listener of environmental noise is unlikely able to predict
what sound will occur next in an environment, in contrast to speech.

Table 2.2 shows that most locations are relatively easy to identify except for a few
di cult classes to distinguish, such as park and residential area, or train and tram. We
can also see that various models have varying performances in di erent classes, and
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(a) Weight after FFT (b) Weight after Smoothing

Figure 2.2: DNN's 1st layer after input

thus performing late fusion tends to compensate for individual model's error, leading to
improved overall performance.

2.4.1 GMM & I-Vectors

The performance of non-neural network models, particularly, the GMMs su er from
the curse of dimensionalityThat is, in the high dimensional space, the volume grows
exponentially while the number of available data stays constant, leading to a highly sparse
sample. In spite of being GMM-based, this issue is less prominent for the i-vector approach
since its Factorial Analysis procedure always keeps the dimension low. The performance
of i-vector pipeline[ ] is the best among all the models using BIMFCC feature, we
observe i-vector pipeline outperforms DL models with low-dimension features. We also
observe i-vector pipeline tends to do better in more noisy classes such as train and tram,
while su ering in relatively quiet classes such as home and residential areas.

2.4.2 DNN

Deep classi ers are able to learn more abstract representations of the feature. Figure 2.2
shows the 1st layer of a fully connected DNN model. Here, our feature is BIMFCC (61-dim).
The DNN model has 5 dense layers, each with 256 hidden units. Figure 2.2(a) shows the FFT
of the weight of the rst layer, and indicates the responsiveness of the 256 corresponding
hidden units. We note that DNN's neurons are more active in the MFCC range (0-23) and
are less active in the delta of MFCC (24-41) and double delta dimension (42-61). If we apply
a Savitzky-Golay smoothing function [ ] which acts like a low-pass Iter on each
neuron's vector (61-dim). We get Figure 2.2(b) which is the de-noised weight of the layer
(each colored line corresponds with one neuron vector), which looks like a Iter bank. The
chaotic responses of DNN neurons also demonstrate that DNibiscapable otapturing
temporal information in the feature.
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(@): RNN Neuron (512-dim) Activation

(b): BIMFCC 61 over 100 frames
Figure 2.3: RNN activation

(a)Log Mel-spectrum (b)Weight after FFT

Figure 2.4: CNN 1st Convolutional2D layer

2.4.3 RNN

Our RNN model consists of 2 bidirectional GRU layers, and they both have 512 hidden units.
Figure 2.3(a) shows the neuron activation of the forward layer of the bidirectional GRU
network over 100 frames. Figure 2.3(b) shows the corresponding input feature (MFCC).
With a train audio, it shows that RNN neurons are stable across the time domain as long as
there is no variation of features over time. This shed light on why our RNN performs better
on relatively more monotonous audio scenes such as train and tram rather than event-rich
audio scenes like park and residential areas. Meanwhile, there could be a potential gain
from incorporating attention-based RNN [ ] here to tackle those event-rich audio
scenes based on audio events.
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2.4.4 2D-CNN

Figure 2.4(a) shows the input to the 2D-CNN which is a log Mel energy spectrum (60-dim).
Figure 2.4(b) is the weight of the 1st convolutional layer (32 convolutional lters) after
FFT. This highly resembles a Iter bank of bandpass Iters. We notice there is a sharp
transition in Iters at around the 40th Mel band. This is due to the weak energy beyond
the 40th Mel band shown in Figure 2.4(a). Our nding is consistent with prior work on
speech data [ ]. The Iter bank we learned is relatively wider compared with that
learned in speech.

2.5 Conclusion

We found that deep learning models compare favorably with traditional pipelines (GMM
and i-vector). Speci cally, GMMs with the MFCC feature, the baseline model provided by
DCASE contest, achieves 77.2% test accuracy, while the best-performing model (hierar-
chical DNN with Smile6k feature) reaches 88.2% test accuracy. RNN and CNN generally
have performance in the range of 73-82%. Fusing the temporal specialized models (e.g.
CNNs, RNNSs) with resolution specialized models (DNNSs, i-vector) improves the overall
performance signi cantly. We train the classi ers independently rst to maximize model
diversity and fuse these models for the best performance. We nd that no single model
outperforms all other models across all feature sets, showing that model performance can
vary signi cantly with feature representation. The fact that the best-performing model

is the non-temporal DNN model is evidence thahvironmental (or scene ) sounds do
not necessarily exhibit strong temporal dynamibss is consistent with our day-to-day
experience that environmental sounds tend to be random and unpredictable. This chapter
sets the foundation for the ensuing discussions within this thesis, o ering readers a concise
overview of the appearance of a typical audio classi cation system.






Chapter 3

Deep Dive into CNNs: 1D CNN + Raw
Audio

3.1 Introduction

Acoustic modeling is traditionally divided into two parts: (1) designing a feature repre-
sentation of the audio data, and (2) building a suitable predictive model based on the
representation. However, it is often challenging and time-intensive to nd the right rep-
resentation in the so-called feature-engineering process, and the often heuristically
designed features might not be optimal for the predictive task. Deep neural networks,
which have achieved state-of-the-art performances in acoustic scene recognition as we
have seen in Chapter 2, have increasingly blurred the line between representation learning
and predictive modeling. Instead of using the hand-tuned Gaussian Mixture Model features
and Mel-frequency cepstrum coe cients, neural network models can directly take as input
features such as spectrograms | ] and even raw waveforms [ ]. By using
simpler features, deep neural networks can be viewed as extracting feature representa-
tion jointly with classi cation, rather than separately [ ]- This joint optimization

is highly e ective in speech recognition [ ] and image classi cation [ ],
among others.

A fundamental building block of these models is the convolutional neural networks
(CNNs), which can learn spatially or temporally invariant features from pixels or time-
domain waveforms. CNNs have famously achieved performance competitively or even sur-
pass human-level performance in the visual domains, such as object recognition [ ]
and face recognition [ ; ]. A common theme among these powerful CNN
models is that they are usually very deep, with the number of layers ranging from tens to
even over a hundred. Nonetheless, designing and training a deep network suitable for a
new application domain remains challenging.
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Recent works have applied CNNs to audio tasks such as environmental sound recog-
nition and speech recognltlon and found that CNNs perform well with just the raw
waveforms [ ; ; ]- In one case, CNNs with time-domain waveforms
can match the performance of models using conventional features like log-mel features as
mentioned in Chapter 2. These works, however, have mostly considered only less deep
networks, such as two convolutional layers [ ; ].

In this chapter, we study very deep architectures with up to 34 weight layers, directly
using time-series waveforms as the input. Our deep networks are e cient to optimize
over long sequences (e.g., vector of length 32000), necessary for processing raw audio
waveforms. Our architectures use a very small receptive eld in the convolutional layers,
but alarge receptive eldinthe rstlayer chosen based on the audio sampling rate to mimic
the bandpass Iter. Our models are fully convolutional, without fully connected layers
and dropout, in order to maximize the representation learning in the convolutional layers
and can be applied to audio of varying lengths. By applying batch normalization [ 1,
residual learning [ ], and a careful design of down-sampling layers, we overcome
the di culties in training very deep models while keeping the computation cost low.

On an environmental sound recognition task [ ], we show that deep networks
improve the performance of networks with 2 convolutional layers by over 15% in absolute
accuracy. We further demonstrate that the performance of deep models using just the raw
signal is competitive with models using log-mel features [ ].

3.2 Very Deep Convolutional Networks

Table 3.1 outlines the 5 architectures we consider. Our architectures take as input time-
series waveforms, represented as a long 1D vector, instead of hand-tuned features or
specially designed spectrograms. Key design elements are:

Deep architectures. To build very deep networks, we use very small receptive eld 3 for

all but the rst 1D convolutional layers. This reduces the number of parameters in each
layer and controls the model sizes and computation cost as we go deeper. Furthermore,
we aggressively reduce the temporal resolution in the rst two layers by 16x with large
convolutional and max pooling strides to limit the computation cost in the rest of the
network [ ]. After the rst two layers, the reduction of resolution is complemented

by a doubling in the number of feature mapsWe use recti ed linear units (ReLU) for
lower computation cost, following [ ; I

1Small receptive elds were rst popularized by [ ] for 2D images.

2In the visual domain this change in resolution and the number of features maps leads to more specialized
Iters at the higher layers (e.qg., feature maps responding to faces) and more basic Iters at the bottom (e.qg.,
feature maps responding diagonal lines).
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M3 (O.2M)\ M5 (0.5M) M11 (1.8N/I) M18 (SWM) M34-res (4M)
Input: 32000x1 time-domain waveform
[80/4, 256]\ [80/4, 128[| [80/4, 64]] [80/4, 64] [80/4, 48]
Maxpool: 4x1 (output: 2000 n) . :
LIl
(3,256] | [3,128] | [3,64]2 | [3,64] 4 2 jg 3
Maxpool: 4x1 (output: 50() . :
LIl
[3,256] | [3,128] 2| [3,128] 4 g gg 4
Maxpool: 4x1 (output: 125 p) ,
3,192
[3,512] | [3,256] 3| [3,256] 4 3 192 6
Maxpool: 4x1 (output: 32 n) :
[3,512] 2| [3,512] 4 2 ggj 3
Global average pooling (output: 1n)
Softmax

Table 3.1:Architectures of proposed fully convolutional network for time-domain waveform
inputs. M3 (0.2M) denotes 3 weight layers and 0.2M parameters. [80/4, 256] denotes a convolutional
layer with receptive eld 80 and 256 lIters, with stride 4. Stride is omitted for stride 1 (e.g., [3,
256] has stride 1). [...]: denotes stacked layers. Double layers in a bracket denote a residual
block and only occur in M34-res. Output size after each pooling is writtercas = where< is the

size in time-domain and- is the number of feature maps and can vary across architectures. All
convolutional layers are followed by batch normalization layers, which are omitted to avoid clutter.
Without fully connected layers, we do not use dropout [ ] in these architectures.

Fully convolutional networks.  Most deep convolutional networks for classi cation use

2 or more fully connected (FC) layers of high dimensions (e.g., 4096 in | ; ]) for
discriminative modeling, leading to a very high number of parameters. We hypothesize that
most of the learning occurs in the convolutional layers, and with a su ciently expressive
representation from convolutional layers, no FC layer is necessary. We, therefore, adopt a
fully convolutionaldesign for our network construction [ ; ]- Instead of FC
layers, we use a single global average pooling layer which reduces each feature map into
one oat by averaging the activation across the temporal dimension. By removing FC layers,
the network is forced to learn good representation in the convolutional layers, potentially
leading to better generalization. We support this design decision in our evaluation and
demonstrate that fully convolutional networks perform comparably or better compared
with their counterparts endowed with FC layers.
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Figure 3.11(a) The model architecture of M3 (Table 3.1).(b) Residual block (Res-Block) used in
M34-res. The input audio is represented by a single feature map/channel. In each convolutional
layer, a feature map encodes the activity level of the associated convolutional kernel. Note that the

number of feature maps doubles as temporal resolution decreases by a factor of 4 in the max-pooling
layers, capped by a global average pooling. A reduction by a factor of 4 in our max pooling layers

is equal to a 2D max pooling with stride (2x2) used in many vision networks. A Res-Block consists

of two convolution layers.

First layer receptive eld. Time-domain waveforms at a reasonable sampling rate (e.g.
8000Hz) over a few seconds could have a very large number of samples along a single
dimension. If we exclusively use the small receptive eld for all convolutional layers
suchasin]| ], which uses 3x3 in pixel for all layers, our model would need many
layers in order to abstract high-level features, which could be computationally expensive.
Furthermore, the audio sampling rate could a ect the receptive eld size in the rst layer,
since a eld size of 80 at 8kHz sampling rate is at a di erent length scale than at 16kHz
sampling rate. We thus choose our rst layer receptive eld to cover a 10-millisecond
duration, which is similar to the window size for many MFCC computations. In Section 3.3
we show that a much smaller or larger receptive eld gives poor performance.

Batch Normalization. We adopt auxiliary layers called batch normalization (BN) [ ]
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that alleviate the problem of exploding and vanishing gradients, a common problem in
optimizing deep architectures. BN normalizes the output of the previous layer so the
gradients are well-behaved. This makes possible training very deep networks (M18, M34-

res) that were not studied previously [ ]. Following [ ], we apply BN on the
output of each convolutional layer before applying ReLU non-linearity.
Residual Learning. Residual learning [ ] is a learning framework to ease the

training of very deep networks. Normally we train a block of neural network layers to t

a desired mappingd 1 x° of x (x being the input to the layers). In the residual framework,
we instead let the block of layers approximake!x® = H1x° x, the residual mapping.
Residual learning is achieved through a skip connection in the residual block ( res-block ,
Figure 3.1b). We apply residual learning in M34-res (Table 3.1).

3.3 Experiment Details

We use the UrbanSound8k dataset which contains 10 environmental sounds in urban areas,
such as drilling, car horn, and children playing [ ]. The dataset consists of 8732 audio
clips of 4 seconds or less, totaling 9.7 hours. We use the o cial fold 10 to be our test set,
and the rest for training and validation. For computational speed, the audio waveforms
are down-sampled to 8kHz and standardized to 0 mean and variance 1. We shu e the
training data but do not perform data augmentation.

We train the CNN models using Adam [ ], a variant of stochastic gradient descent
that adaptively tunes the step size for each dimension. We run each model for 100-
400 epochs (de ned as a pass over the training set) until convergence. The weights in
each model are initialized from scratch without any pre-trained model. We use Glorot

initialization [ ] to avoid exploding or vanishing gradients. All weight parameters are
subjected to, regularization with a coe cient of 0.0001. Our models are implemented in
Tensor ow | ] and trained on machines equipped with a Titan X GPU.

Additional Models. To aid analysis, we train variants of models in Table 3.1. The fc
models replace the global average pooling layer with 2 fully connected (FC) layers of
dimension 1000 (Table 3.5), since many conventional deep convolutional networks use 2
FC layers of dimension in the thousands | ; ; ]. Following these works,
we also use a dropout layer between each FC layer for regularization, with a dropout
rate of 0.3. We insert a batch normalization layer after each FC layer to aid training.
These models have substantially more parameters than the original models due to the FC
layers (Table 3.5). Additionally, M3-big and M5-big (Table 3.4) are variants of M3 and M5,

SDue to copyright complications, we did not release our original implementation. We
note there are very successful reproducing e orts: https://github.com/philipperemy/
very-deep-convnets-raw-waveforms.git . Interested readers can follow their re-implementation.
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respectively, with 50% and 100% more lters (e.g., 384/256 lIters in the rst convolutional
layer in M3-big/M5-big).

3.4 Results and Analyses

Table 3.2 shows the test accuracies and training time for models in Table 3.2. We rst note
that M3 performs very poorly compared with the other models, indicating that 2-layered
CNNs are insu cient to extract discriminative features from raw waveforms for sound
recognition. This is in contrast with models using the spectrogram as input, which achieve
good performance with just 2 convolutional layers [ ], and shows that applying CNN
directly on time-series data is challenging. M3-big, a variant of M3 with 50% more lters
and 2.5x more parameters, does not signi cantly improve the performance (Table 3.4),
showing that shallow models have limited capacity to capture time-series inputs even with
a larger model.

Model Test | Time
M3 56.12% 77s Table 3.2Test accuracies and training time per
M5 63.42% 63s epoch (a sweep over the training set) for models in
M11 69.07% 71s Table 3.1 on UrbanSound8k dataset using a Titan
M18 | 71.68% 98s X GPU.
M34-res| 63.47% 124s

Deeper networks (M5, M11, M18, M34-res) substantially improve the performance.
The test accuracy improves with increasing network depth for M5, M11, and M18. Our
best model M18 reaches 71.68% accuracy, close to the reported test accuracy of CNNs on
spectrogram input using the same dataset [Pic #5The performance increases cannot be
simply attributed to the larger number of parameters in the deep models. For example,
M5-big has 2.2M parameters (Table 3.4) but only achieves 63.30% accuracy, compared with
the 69.07% by M11 (1.8M parameters). By using a very deep architecture, M18 outperforms
M3 by as much as 15.56% in absolute accuracy, which shows that deeper architectures
substantially improve acoustic modeling using waveforms. Furthermore, by using an
aggressive down-sampling in the initial layers, very deep networks can be economical to
train (Table 3.2 Time column). When we use stride 1 instead of 4 in the rst convolutional
layer for M11, we observe a 3.5x increase in training time but a lower test accuracy (67.37%)
after 10 hours of training, compared with 68.42% test accuracy reached in 2 hours by M18.

4Figure 4 in [ ] reports 73% accuracy using CNN model on log-mel features, with probability
voting. We point out that we have a di erent evaluation scheme: we use the 10th fold as a test set, while
[ ] performs a 10-fold evaluation. Also, we use sound at an 8kHz sampling rate while they use the
original 44.1kHz.
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Model Test

M11-srf| 64.78%

M18-srf| 65.55% Model Test | # Parameters
M11-Irf | 65.67% M3-big | 57.55% 0.5M
M18-Irf | 65.08% M5-big | 63.30% 2.2M

Table 3.3: Test accuracies for M11 Table 3.4: Test accuracies for M3, M5 variants with

and M18 variants di erent receptive more lters in the convolutional layers.
eldsinthe rstconvolutional layer. M3-big, M5-big have 50% and 100% more lters (384

M11-srf and M18-srf have receptive and 256 ltersinthe rstlayers, respectively).
eld 8; M11-Irf and M18-Irf have 320.

Interestingly, the performance improves with depth up to M18, at 71.68% test accuracy.
M34-res only achieves 63.47% test accuracy. This is due to over tting. We observe that
with residual learning we have no problem optimizing deep networks like M34-res, and
M34-res reaches an extremely high training accuracy of 99.21%, compared with 96.72%
training accuracy by M18. We also observe over tting in a residual variant of M11 network
(not shown here) which reaches higher training accuracy but a lower test accuracy (by
0.17%). Over tting caused by very deep networks is well documented [ ]. We believe
that our dataset is too small to train M34-res without further regularization. Nonetheless,
M34-res still outperforms M3 and M5.

We compare our fully convolutional network with conventional networks that use
large fully connected layers (FC) for classi cation. Table 3.5 shows that FC layers can
increase the number of parameters signi cantly and increase training time b@2%.
However, FC layers do not improve test accuracy, and in the cases of M3-fc and M11-fc the
additional FC layers lead to lower test accuracy (i.e., poorer generalization). We believe
that the lack of FC layers in our network design pushes learning down to convolutional
layers, leading to better representation and generalization.

To understand the e ect of the receptive eld (RF) size in the rst convolutional layer,
we train M11-srf and M18-srf, variants of M11 and M18 with RF 8, and M11-Irf and M18-
Irf with RF 320. Table 3.3 shows that the performance degrades signi cantly by 4.29%
and 6.13% absolutely for M11 and M18, respectively compared to M11 and M18 with RF
80 shown in Table 3.2. Previous works have shown that the rst convolutional layer,
when trained on raw waveforms, mimics wavelet transforms [ ; ]. Our results
suggest that a small RF popularized by vision models is insu cient to capture the necessary
bandpass lter characteristics in the rst convolutional layer, while a large RF smooth out
local structures and cannot e ectively detect local impulse patterns.

We study the e ect of batch normalization (BN) in optimizing very deep networks
(Table 3.6). Without BN, both M11-no-bn and M18-no-bn can be optimized to high training
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Model | Test | # Parameters Time
M3-fc | 46.82% 129M 150sTable 3.5Test accuracy for models in Table 3.1
M5-fc | 62.76% 18M 66s endowed with fully connected (FC) layers. Time
M11-fc| 68.29% 1.8M 73s is training time per epoch.
M18-fc| 64.93% 8.7M 100s
Model Train Test
M11-no-bnl 98.58% 69.38% Table 3.6Test accuracies for model variants with-
M18-no-bn| 99.33% 62.48% out batch normalization.
M34-no-bn| 10.96% 11.45%

accuracy. Note that M18-no-bn results in lower test accuracy, indicating that BN has a
regularization e ect [ ]. M34-no-bn could not be optimized without BN and performs
close to random guess (10%) after 159 epochs of training.

Fig. 3.2 shows the learned kernels for M18 variants with di erent RF sizes in the
rst convolution layer. All of them learn a lIter bank of bandpass Iter. M18 (Fig. 3.2
left) has well-distributed Iters. In contrast, the small RF model (Fig. 3.1 middle) has
much more dispersed bands, and thus lower frequency resolution for subsequent layers.
Conversely, a large RF model (Fig. 3.2 right) has ne-grained lters but does not have
su cient Iters in the high-frequency range, showing that it cannot e ectively respond to
local high-frequency impulses.

Figure 3.2Kernels of the rst convolutional layer (Conv1D) after Fourier transformation, sorted
by activation frequencies.

Left: M18. Middle: M18-srf (small receptive eld). Right: M18-Irf (large receptive eld).
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3.5 Conclusion

In this chapter, we analyzed very deep convolutional neural networks that operate directly
on acoustic waveform inputs. Our networks, up to 34 weight layers, are e cient to optimize,
thanks to the combination of batch normalization, residual learning, and down-sampling.
We use a broad receptive eld (RF)inthe rst convolutional layer and narrow RFs in the rest
of the network. Our results show that a deep network with 18 weight layers outperforms
networks with 2 convolutional layers by 15.56% accuracy absolutely and achi&&%
accuracy, competitive with CNNs using log-Mel spectrogram inputs [ ]. Our fully
convolutional networks compare favorably with those with fully connected layers. We also
show that an appropriate receptive eld size in the rst convolutional layer based on the
sampling rate of the input audio boosts performance considerably. The deep architectures
we propose have the potential to enhance the performance of CNNs in audio recognition
and other time-series modeling applications.

At the time of writing this thesis, this work has garnered quite some interest in the
community over the years. There are 2 independent open-source e ort reimplementing
our system in Keras(TensorFlowiind PyTorcK. We also observed 1D-CNN being the top
choice to encode raw audio waveforms, SoTA neural Encodec system [ ] achieving
high- delity audio encoding and decoding adopted similar intuition.

Shttps://github.com/philipperemy/very-deep-convnets-raw-waveforms
Shttps://github.com/uvipen/Very-deep-cnn-pytorch






Chapter 4

Multiple Instance Learning and
Pooling

4.1 Introduction

Previous chapters relied on training models using a supervised learning paradigm which
requires strongly labeled data. However, given the di culty and high resource requirement
of annotating large datasets, there are only a few datasets that are publicly available and
are often of limited size [ 1 ]. Motivated by this, many recent works have
explored the use of weakly labeled data for training AED systems. One approach is to trans-
form the audio into time-frequency representations and apply a convolutional recurrent
neural network to tag or classify the entire clip [ il ]. These methods, however,
involve high complexity and computation time as the recurrent and subsequent pooling
layers require the full clip to be parsed before a decision can be made. Another approach
for learning with weak labels is to treat segments in an audio clip dsag of instanceand
apply multiple instance learning [ ]. The MIL model assumes independent labels for
each instance and accounts for the uncertainty of the weak labels by assigning a positive
bag label only if there ist least ongositive instance. Evidently, this paradigm is more
suitable for portable applications as the classi er can be applied to individual instances
which is ideal for real-time operation.

In this chapter, we propose to enhance the framework for multi-class MIL using
convolutional audio embeddings. Di erent from prior works, our proposed architecture
addresses the issue of building low-complexity models with a small footprint for real-time
applications. We propose the use of audio embeddings as input features and show that
by using pre-trained embeddings the MIL model can be implemented with a simple DNN
architecture. The use of audio embeddings also signi cantly improves AED accuracy
compared to random initialization.

33



34 Multiple Instance Learning and Pooling

4.2 Multiple Instance Learning

4.2.1 MIL Framework

The task of detecting audio events using weakly labeled training data can be formulated
as a multiple-instance learning problem [ ]. In the case of binary classi cation, the
relationship between instance labels and bag labels often obeys the standard multiple
instance (SMI) assumption: the bag label is positive if and only if the bag contains at least
one positive instance. In MIL, labels are assignethagsof instancesvithout explicitly
specifying the relevance of the label to individuiaistancesAll that is known is one or
moreinstancesvithin the bagcontribute to thebaglabel. Applying this framework to our
task, we view audio cliBas abagof instances g = fGg§ where eachinstanceiggis an
audio segmen®of shorter duration. We then assign all the labels of the clip to the bag so
that each bag has the labg} = f~g-gwhere~g== 1 indicates the presence of audio event

=. The goal of the MIL problem is then to classify labels of unséagsgiven only thebag

and label pairs ¢ .¢ as training data. In this we work we implement the MIL framework
using neural networks.

4.2.2 MIL using Pooling layers

In our implementation, we generate instances by segmenting the audio clip into non-
overlapping 1-second segments and taking the time-frequency representations. The seg-
ment size was chosen as a balance between the number of total instances and coverage
of audio events. We use a frame size of 25ms with a 10ms shift in the short-time Fourier
transform and integrate the power spectrogram into 64 Mel-spaced frequency bins. A log
transform is then applied to the spectrogram. We also use the rst delta as an additional
input channel.

Since the spectrogram can be viewed as an image we employ convolutional layers for
feature extraction. We reference CNN architectures proven to have good performance in
the eld of computer vision. Speci cally, we use the rst three conv groups from VGG-16
[ ] and add two fully-connected layers of size 3072 and 1024. Batch normalization is
added after each convolutional layer. The ReLU activation function is used in all layers.
As our goal is a multi-label system we apply a sigmoid activation function and view the
outputs as independent posterior probability estimates for each class. We use a reduced
version of the full VGG model because (1) we are exploring compact models for portable
applications and (2) the subset dataset does not contain enough samples to train large
models without over tting. This is where pooling functions are critical, they e ectively
aggregate the frame level predictions to bag level and made e cient use of the labels. After
the aggregation of pooling, the multi-class MIL loss can then be de ned as simply the
cross entropy loss summed over all the classes, which is:
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0
L = l~g=log%-,11 -~gflog'l 42°
We use the Chain rule to decompose its gradient w.r.t. the frame-level probabdiand
the frame-level weighFg.

My m’@: msg ml% mjé mFB

where the rst term 2 e ~Z: , 1 2= does not depend on the choice of the pooling

function. It is negative when the recordlng label is positiveg{= 1), and positive when
the recording label is negative-4-= 0). Now, let's dive into the various pooling functions
that we can use and analyze their corresponding gradieﬁ%éand r%

Max Pooling: To obtain a prediction for the entire bag we adopt a naive approach and
assign the label of the maximum scoring instance to the bag. The motivation behind
this is in part due to the fact that since instances in a continuous audio clip are not
i.i.d. many MIL algorithms are not applicable [ ]. However, this approach is still
bene cial as it allows us to train an instance classi er that can be applied in a real-time sce-
nario. Using this approach, the nal bag label is obtained using a max pooling layer. That is

(
= = 1 ° %: = 1 if 8= Jé:

fp= 49 fmglxa @8 mg 0 otherwise
where 5G4 is the predicted probability of class on instanceGzg The fact that only
one frame receives a non-zero gradient may cause many frame-level false negatives. The
gradient for this single frame, though, does have the correct sign: whesr 1, the gradient
m@' is negative, so the frame-level probabilitg will be boosted in order to reduce the
Ioss when-g== 0, the gradient is positive, sawill be suppressed.

Average Pooling: The average pooling function [ ] assigns equal weight to all
frames. o)
1 =
- SR

This means the gradient is distributed evenly across all frames. For negative recordings,
this will suppress the probability-g of all frames, and this is correct behavior. For positive
recordings, however, not all frames should be boosted, and the average pooling function
can produce a lot of false positive frames. The equation appears to defy the SMI assumption,
but it is reported to perform better than the max pooling function in [ I

=



36 Multiple Instance Learning and Pooling

Linear Softmax Pooling: Softmax pooling functions computeas a weighted average of
the~gs, where largergs receive larger weights. In this way, the recording-level probability

is still mainly determined by the larger frame-level probabilities, but frames with smaller
probabilities get a chance to receive an error signal. The linear softmax function assigns
weights equal to the frame-level probabilitiegthemselves.

I
b= (€3, M-_2p &

878 msy 878

% IS positive where-gj ~8=2, which gives rise to complicated and interesting behavior.

For positive recordings+$-= 1), the gradient is negative wherg j ~8-2, and positive
where~g Y ~322. As a result, largergs will be boosted, while smallefgs will be sup-
pressed. This is exactly the desired behavior under the SMI assumption: the frame-level
probabilities are driven to the extremes 0 and 1, resulting in well-localized detection of
sound events. For negative recordingg{= 0), the gradient is positive wherg;j 422,

and negative whereg Y ~4= 2. This means all frame-level probabilities will be pushed to-
ward~g=+ 2. Considering that4-is a weighted average of the;'s, given enough iterations,

all the~gs will converge to zero as desired.

Exponential Softmax Pooling: The exponential softmax function assigns a weight of
4G ?~¢ to the frame-level probability-s.

i
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n;%_;: is always positive. As a result, the exponential pooling function also has the concern

of producing too many false positive frames. Nevertheless, the problem is less serious
compared to average pooling, because smaljgeceives smaller gradients.

Attention pooling function: [ ], the weights for each frameg are learned with a
dedicated layer in the network. The recording-level probability y is then computed using
the general weighted average formula. The attention pooling function appears to be most
favored by researchers because of its exibility, and variants have emerged such as the
multi-level attention in [Y ]

[
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% is always positive. Therefore, the frame-level probabilities will be boosted or suppressed

according to the recording label, with strengths proportional to the learned weights. This is
correct behavior if frames with larger probabilitieg also get larger weight& g. However,
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because the weightSgare also learned, we should also consicﬁ, the gradient of the

loss function w.r.t. the weights: this term is positive whetgj ~4- When the recording is
positive, this will cause the weighE gto rise where the frame-level probabilitygis large

and to shrink where the-gis small, agreeing with the motivation that frames with larger
probabilities~g should get larger weight& g When the recording is negative, however,
the opposite phenomenon will happen: larger weights will concentrate upon frames with
smaller probabilities. This has serious consequences: while the recording-level probability
~4-is indeed small, there are frames with large probabilitig@nd small weight$-g, which
means the recording-level prediction and frame-level predictions will be inconsistent
with the SMI assumption, and the frames with large probabilities will end up being false

positives for localization.

Figure 4.1: The architecture of MIL using CNN. Backpropagation is performed along the
MAX instance for each class in the max pooling case. Other pooling functions will go

through all blocks.
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4.2.3 MIL using Audio Embeddings

Our model infers that for a certain class, the highest-scoring instances are most important
and contribute directly to the corresponding bag label. The training of the neural network
to identify these important instances is similar to an expectation maximization (EM)
approach. However, there are two possible issues that may result from this model. The rst
is that as with most EM methods, system performance highly depends on the initialization
point. With a bad initialization point, the model chooses the wrong instance as being
indicative of the class label and optimizes on irrelevant input. These types of errors would
be hard to recover from if there is a high variation for each individual audio event. A
second issue is that by using a max pooling layer over all instances back-propagation will
only propagate through the maximum scoring instance. This may result in some instances
being ignored for most of the training. While this focus on relevant instances only is the
central idea of MIL, it greatly reduces robustness to noise that occurs intermittently in the
audio. We propose that the use of pre-trained audio embeddings can alleviate the above
issues. By using audio embeddings as features we postulate that audio events as well as
noise conditions can be better represented which can improve the performance of the MIL
framework.

Similar to [ ] we generate audio embeddings by training a CNN to give frame-
wise predictions of the clip label. The input features are 128-bin log-mel spectrograms
computed over 1-second segments of audio by short-time Fourier transform. We use the
clip label as the target for all 1-second segments in the audio clip. The outputs from the
penultimate layer of the CNN are then extracted and used as input to the MIL framework.
We use the same CNN structure described in the previous section but add an additional
fully-connected layer of size 512 to generate the nal audio embedding. Since frame-wise
training of the instances results in badly labeled data, the nal model selection of the
embedding CNN is crucial in generating meaningful embeddings. We use the maximum
of frame-wise predictions as the predicted clip label and select the CNN model with the
best performance at the clip-level using held-out validation data.

The MIL-DNN system is similar in architecture to the MIL-CNN but uses audio em-
beddings as features for each instance. The convolutional layers are replaced with fully-
connected layers as we no longer deal with images. The best-performing system has four
hidden layers using a ReLU activation function with layer sizes of 512, 512, 256, and 128.
The architecture of the MIL-DNN framework is shown in Figure 4.2.

One step further, we added more pooling layers in between the CNN layers and added
RNN blocks in the end to capture the temporal correlation. This architecture was named
TALNet [ ], and could achieve competitive performance till 2022. The architecture
of TALNet is shown in Chapter 6 Figure 6.1 (B).
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Figure 4.2: Architecture of MIL using audio embeddings.

4.3 Dataset & Challenges

4.3.1 Dataset

We evaluated our models on Google's AudioSet | ]. AudioSet is an extensive
collection of 10-second YouTube clips annotated over a large number of audio events. This
dataset contains 632 audio event classes and over 2 million sound clips, however as a
proof of concept we refer to a subset released by the DCASE 2017 challenge [ ]- The
challenge subset contains 17 audio event classes divided into two categdiasing
andVehiclesounds. These audio events are highly focused on transportation scenarios
and are primed towards evaluating AED systems for self-driving cars, smatrt cities, and
related areas. The subset contains 51,172 samples which are around 142 hours of audio.
The class names and number of samples per class are shown in Table 4.1.
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Class Name Samp #| ClassName | Samp #
Warning Sounds Vehicle Sounds
Car alarm 273 Skateboard 1,617
Reversing beeps 337 Bicycle 2,020
Air/Truck horn 407 Train 2,301
Train horn 441 Motorcycle 3,291
Ambulance siren 624 Carpassingby 3,724
Screaming 744 Bus 3,745
Civil defense siren 1,506 Truck 7,090
Police siren 2,399 Car 25,744
Fire engine siren 2,399

Table 4.1: Class labels and number of samples per class.

4.3.2 Challenges of the Dataset

The main challenge of the dataset is the noisiness of YouTube data. As clips are user-
submitted and mostly recorded using consumer devices in real-life environments, audio
events are often far- eld and corrupted with a variety of noise, including human speech,
music, wind noise, etc. Another challenge is the variability of audio events. Even within
the class, the characteristic of an audio event can vary drastically. An example of this
is the use of di erent types of sirens by di erent regions which would make it hard to

di erentiate betweenambulanceand re truck sirens In short, it is possible that each label
type encompasses all possible global variations of that category.

Finally, the number of samples per class is also highly imbalanced in the subset dataset.
The imbalance ratio of the least occurring to most occurring class is 1:94. While this
issue can be alleviated through machine learning techniques, the inherent shortage of
information in minority classes may result in bad generalization of those classes.

These issues are further discussed in Chapter 6 Section 6.4. In Chapter 6, we also
developed data-balancing techniques: a weight to to the loss proportional to the inverse
frequency of each class to combat the class imbalance issue mentioned above.

4.4 Experimental Setup and Results

In all experiments, we used cross entropy as the loss function and the Adam optimizer
[ ] to perform weight updates. To handle class imbalance the loss function was
weighted inversely proportional to the number of samples for each class. For model
selection of the embedding CNN, we adopted a clip-level validation scheme. The posterior
class probabilities were averaged over all instances in a clip and the model with the best
clip tagging accuracy was selected to generate audio embeddings.
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We compared our MIL framework to an MLP baseline from the DCASE challenge
[ ]. The best F1-score achieved by our MIL system using a CNN architecture on a
two-fold cross-validation setup was 22.4%. Using audio embeddings as features and only a
DNN as classi er the performance improved to 31.4% which is 20.5% absolute improvement
from the DCASE baseline. We compared it to a MIL framework where the DNN classi er
is replaced with a 3-layer Bi-LSTM RNN and found that results were comparable to
DNNs. We also applied late-fusion to models with di erent hyper-parameters using a
weighted majority voting scheme which improved the F1-score further to 35.3%. The
weights of the voting scheme were based on model validation accuracy. Finally, we show
that the performance of our MIL framework improves to 46.5% using embeddings from
AudioSet. These embeddings are part of AudioSet and trained with a CNN architecture
from [ ] using the YouTube-8M dataset | ]. Table 4.2 shows the performance
and parameter number of the di erent models trained on the DCASE 2017 subset and the
full AudioSet [ ] respectively. Table 4.2 and Table 4.3 also empirically veri ed
our theoretical analysis in Section 4.2.2. Evidently, all the other four pooling functions
outperform max pooling in terms of F1 for both audio tagging and localization. Although
the linear softmax system is not the best in terms of all the evaluation metrics, it is the
only system that achieves a low error rate and a high F1 for localization. The max pooling
system falls behind on the F1, while the other three systems exhibit excessively high error
rates. The confusion matrix for the proposed MIL system is shown in Figure 4.3. Although
there is high confusability in theCar class, which may be due to the imbalance of labels,
the system is still able to distinguish between classes with relative accuracy.

4.5 Discussion

Under similar performance conditions, the MIL system using DNN reduces the number
of parameters by a factor of almost 10 compared to a 3-layer Bi-LSTM RNN. In terms of
evaluation runtime, the DNN model is also up to 5 times faster than RNNs. The DNN
model is able to handle 2,500 samples per second compared to 500 samples with RNN using
an NVIDIA GTX-1080 GPU.

In addition, by using independent instance classi ers our system is able to run in
real-time and give running predictions of audio events. This property is crucial when
applying AED in smart cars as events such as sirens and horns have to be detected as soon
as they occur.

Finally, as shown by the gain in performance through the use of AudioSet embeddings,
the MIL system can easily be improved through transfer learning of other sound events. An
interesting observation from our experiments is that joint optimization of the pre-trained
embedding CNN with the MIL loss did not improve performance much above random
initialization. This shows that audio embeddings already contain rich acoustic information
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Model | Prec. | Rec.| F1 | ErrRate| Param #
Trained and tested on DCASE 2017 subset 50k samples

Baseline [ ] 7.9 - 13K
MIL-CNN 19.6 - 29M
MIL-RNN-Embed 23.7 - 6.5M
MIL-DNN-Embed 25.4 - 700K
Ensemble 28.6 - -
MIL-DNN-AudioSet 41.9 - 700K

TALNet-Max Pooling 49.0) 32. 42,2 81. 8M
TALNet-Average Pooling  42. 49/646.8 101.8 8M
TALNet-Linear Softmax 46. 48. 454 78.9 8M
TALNet-Exp. Softmax 42. 486 46.2 89. 8M
TALNet-Attention 39.6 | 48. 45, 92.0 8M

Table 4.2: Comparisons of precision, recall, F1-score (%), and number of parameters for the

various models.

Pooling mAP | AUC |d-prime [Train Set#
[ ] 0.314] 0.959 2.45 N\
[ ] 0.327] 0.96% 2.558 2M
[ ] 0.360] 0.97 2.66 2M
Max Pooling 0.35 0.961 2.497 2M
Average Pooling| 0.361 0.966| 2.574 2M
Linear Softmax| 0.359 0.966| 2.575 2M
Exp. Softmax | 0.362 | 0.965 2.554 2M
Attention 0.354| 0.963 2.531 2M

Table 4.3: Comparisons of mAP, AUC, d-prime, and num
models on AudioSet Eval Set.

ber of training data for the various

and can be trained in a task-independent manner. Such phenomenon became more evident

when we trained the model on the entire AudioSet and te
model trained on the entire AudioSet worked out of the b

st on the DCASE 2017 subset, the
ox", it achieved very competitive

performance both on AudioSet tagging task as shown in Table 4.3, and could achieve
competitive performance on DCASE 2017 subset's localization task without ne-tuning.
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Figure 4.3: Confusion matrix for the proposed MIL system.

4.6 Conclusions

In this chapter, we proposed a multiple-instance learning framework using deep neural net-
works for audio event detection which can be trained using large-scale weakly-supervised
data. We showed that by using pre-trained audio embeddings we can achieve good perfor-
mance with a simple DNN model in an MIL framework. Audio embeddings were extracted
from a CNN trained to give frame-wise predictions for the weakly labeled data. Further
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improvements were achieved by using embeddings from AudioSet which were trained
with more data and additional labels. We postulate that audio embeddings map data into
an acoustically meaningful high-dimensional space which is more indicative of audio
events. Using these embeddings we can achieve a good trade-o between model size
and performance. The insights gained in this chapter align with our subsequent studies
regarding the utilization of embeddings learned from larger datasets.



Chapter 5

Adding Visual Cue to Audio
Classi cation

5.1 Introduction

Strongly labeled datasets are scarce and usually domain-speci ¢, which not only limits the
potential for supervised systems trained on these datasets to be scaled up, and also severely
impacts their generalizability to other domains. To tackle this problem, the audio research
community has turned to a large-scale dataset with weak labels as described in Chapter 4.
Compared with strongly labeled datasets, weakly labeled datasets are much less expensive
to collect at scale and can cover a wider range of sound event types. In the weakly labeled
datasets, the time spans of the events are not explicitly given, and only the presence or
absence of events is known. For example, Google Audio Set [ ] encompasses
a variety of human and animal sounds, musical instruments and genres, and common
everyday environmental sounds. Systems developed on these datasets can be suitable for
a larger number of domains, such as speech sentimental analysis in paralinguistics. We
discuss the MIL framework extensively in Chapter 4, which is used to tackle weak labels.

In the meantime, the vision research community is trying to explore the correlation
between audio and video. The eld of computer vision has been revolutionized by the emer-
gence of massive labeled datasets [ ] and learning deep representations | ;

]. Recent progress in this eld has enabled machines to recognize scenes and objects
in images and videos accurately, and a number of pre-trained models with very good
accuracy [ ; ] have been made available to the public. The success in visual
recognition was well-translated into the recognition of audio: [ ] achieved a sig-
ni cant performance improvement from the state-of-the-art of audio-tagging models by
transferring discriminative visual knowledge from well-established visual recognition
models into the sound modality using unlabeled video as a bridge; [ ] trained visual

45
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and audio networks from matching audio and video pairs without any supervision and
the networks exhibited performance even superior to supervised models on audio tagging
tasks; [ ] showed that it was possible to synthesize audio tracks for silent videos of
objects interacting with materials that could deceive the human ear. However, all of these
methods require long hours and signi cant computation resources to train.

We consider this questionVhat is the best of both worlds? Can we leverage knowledge
from both the audio and vision communities to help us with audio tagénty®s chapter,
we propose a novel multimodal framework that incorporates information from both the
audio and video modalities without incurring excessive computational costs. On one hand,
we train a CRNN network using the audio data to produce clip-level predictions based
on the multiple instance learning (MIL) paradigms. On the other hand, we extract key
frames from the video data to summarize video clips, apply the pre-trained Inception V4
model [ ] to recognize the visual objects in the keyframes, and then use pre-trained
GloVe vectors | ] to map the video labels to sound events. The nal predictions are
made by fusing the knowledge in the two branches. We evaluate our multimodal system on
the audio tagging task of the DCASE 2017 challenge [ ], and show that our proposed
framework improves over a baseline audio-only system by 5.3% in termg store. In
addition, our framework is lightweight and can be trained within 6 hours on a single GPU.

5.2 Methodology

5.2.1 Learning Sounds from Visual Information

As for the audio branch, we adopt the MIL framework described in Chapter 4, the structure
of the MIL system | ] is shown in Fig. 5.1 Because the audio and video tracks of
video clips are often correlated and synchronized, we can also extract information from
the video track that is indicative of the sounds in the audio track. We try to predict sound
events from the video track using the following steps, which are shown in the right branch
of Fig. 5.2.

Key Frame Extraction

The video track of each clip contains many video frames, some of which are nearly
identical while others are distinct. Selecting a subset of frames at equal intervals can
reduce the burden of subsequent object recognition, but the frames selected this way are
not guaranteed to well represent the entire clip. In | ], it has been found important to
select a representative set of frames (calkey frame¥to preserve the information in the
video track. This is a clustering problem and could be solved using conventional clustering
algorithms such as k-Means; we used the following sparse coding algorithm [ ]to
select a representative set because it is more robust to outliers compared with K-Means.
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Figure 5.1: Note here, each frame only has a positive and negative prediction.

Given a set of objects = fGe"”"Lg, the sparse coding algorithm operates on a
dissimilarity matrix 2 R~ =, where the entry3ggmeasures the dissimilarity between
the objectdgandG. In order to express the relationship of representing between the
objects, a binary membership matrix 2 R~ ~ is de ned, in whichl gg= 1 means thatxis
a representative fox. The algorithrln aims to minimize the total dissimilarity between
each object and its representativiee.  g.d 3339 TO ensure that each object is represented
by pne and only one object, the membership mattixnust have each column normalized,

l.e. glgo= 1089 to restrict the number of representative objects, the number of non-zero
rows of/ must be as few as possible. The sparse coding algorithm, therefore, tries to solve
the following optimization problem:

G G &
min _ e, lsSPs9
fleg g4 81 91
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G
st lgg= 14891592 0188+ 9
&1

where & = 0if the 8th row of / is all zeros andL otherwise, and_is a regularization
parameter that controls the size of the representative set. Because the optimization is
NP-hard when thd ggmust be binary, the algorithm actually solves a relaxed version of the
problem in whichl ggcan be any real number in0»1% The representatives can be selected
by summing up each row of the matrik, and picking the top few rows with the largest
sums.

In order to select key frames quickly, it is necessary to nd an e cient way of encoding
the frames into feature vectors. We use the light-weight, convolutional AlexNet [ ]
for this purpose: we feed each video frame into the network and extract features from its
conv5 layer. The dissimilarity matrix is made up of the Euclidean distances between the
feature vectors. We select 4 keyframes for each clip.

Object Recognition and Knowledge Mapping

Once we get the keyframes, we can pass them through the pre-trained InceptionNet
V4 model [ ] to recognize the objects in them. For each keyframe, this produces a
distribution of over 1,000 classes. To reduce the noise in the probabilities of unlikely classes,
we rectify these distributions by retaining only the top 10 classes and renormalizing
their probability mass among themselves. To obtain a clip-level representation of the video
information, we sum up the recti ed distributions of all the keyframes and rectify the
result again. This yields 10 object classes and their probabilities.

Now we have a belief of what objects are present in the video track of a clip, we want
to map it to the con dence of the sound events we are interested in. We conduct this
knowledge mapping using pre-trained GloVe vectors (glove.840B.300d) [ ]. Since
pre-trained GloVe vectors already contain a vector for each vocabulary from its knowledge
source, we adopt the GloVe vectors from the descriptions of all the visual objects and sound
events and compute the cosine similarity of each (object, sound event) pair. For each of
the top 10 object classes, we assign its probability to the sound event that is closest to it in
terms of cosine similarity; some sound events may receive probabilities from more than
one object class. This results in an estimation of the probability of each sound event in the
clip as indicated by the video track.

5.2.2 Fusion of Audio and Visual Knowledge

Both the audio track and the video track predict a probability for each sound event. The
nal fusion step tries to produce a re ned prediction by combining the two knowledge
sources. This combination is implemented with a weighted average of the two probabilities,
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where the weights are tunable for each sound event. The better-performing model on each
individual class would have a higher weight on that class, and the weight combination is
tuned toward achieving the best overal} score.

Figure 5.2: Block diagram of our proposed multimodel framework. Note here that both
Audio and Video bottleneck features contain dynamics.



50  Adding Visual Cue to Audio Classi cation

1 Audio OnlyllE Audio + Video

08

06 :
0”4 [ .
02 J] ]
0 [ |
I I I I i I I I q\) I :\_ I I I I é) I
—~ —~ —~ —~ Feh) —~ c E <@ —~ © c — c —~ c c
X 2 2 2 o 2 5 5 9O F O 5 S 3 I s 2
m g 2 X o ¢ £ 2 5 c 9 I F & & @
2 @ 9 S5 9 S = < 5 5 2 = S o =
7 c% F o 3 < 2 0 a g o 2 O
() E — 4
o @ o )
S <
o

Figure 5.3:Y) indicates sound events for which the visual information receives a higher
weight in the reranking.

5.3 Experiment

We evaluated our framework on the data for Task 4 of the DCASE 2017 challenge [ 1
which is the same setup of Chapter 4 Section 4.3.1.

5.3.1 The Baseline Audio Tagging System

The structure of the baseline audio tagging system, which only uses the audio track, is
shown in the left branch of Fig. 5.2.

The input to the system is Mel spectral features. We rst resampled the raw waveform
to 20 kHz, and then divided it into frames of 24 ms (480 samples) with a frame shift of
5 ms. We then applied a 1,024-point Fourier transform to each frame, and aggregate the
output into a 60-dimensional Mel spectral feature vector. In this way, each 10-second clip
is represented by a 200060 feature matrix.

The feature matrix is treated as a two-dimensional image, and passed through a series
of convolutional and local max pooling layers. After the pooling layers, the feature map
sequence represent an equivalent frame rate down to 10Hz from the original raw frame rate
of 200Hz. The output of the last pooling layer is fed into a bidirectional Gated Recurrent
Unit (GRU) layer with 100 neurons in each direction. Dropout with a rate of 0.2 was
applied after each pooling layer and the GRU layer. Finally, a fully connected layer with
17 neurons and the sigmoid activation function predicts the probability of each sound
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event type at each frame, and these are aggregated across time using the max pooling
function to get clip-level probabilities of the sound events.

We used the stochastic gradient descent (SGD) algorithm to minimize the cross-entropy
loss averaged over clips and sound event types. We used a batch size of 95 clips. We applied
a Nesterov momentum of 0.8, and a gradient clipping limitldf . The learning rate was
initialized to 0.1, and was decayed by a factor of 0.8 when the validation loss did not reduce
for 3 consecutive epochs.

We implemented the network using the Keras toolkit [ ], and trained it on a
single GeForce GTX 1080 Ti GPU. Each epoch of training took 20 minutes, and the model
would converge within 6 hours.

5.3.2 Class-Speci c Thresholding

The clip-level probabilities predicted by the network must be thresholded to generate
binary predictions for evaluation. Due to the imbalance between the sound event classes,
the distribution of predicted probabilities may vary drastically across them, and we found
it critical to tune the threshold for each class individually. The primary evaluation metric
used in the DCASE challenge is the score, micro-averaged across all sound event types.
We devised an iterative procedure to tune class-speci c thresholds to optimize the micro-
average 1: (1) tune the threshold of each class to maximize the class-wis€) repeatedly
pick a random class and re-tune its threshold to optimize the micro-averagentil no
improvements could be made. We tuned the thresholds on the validation data after each
epoch of training and picked the model reaching the highesbn the validation data as

the nal model. The thresholds obtained from the validation data were directly applied to
the test and evaluation data.

5.3.3 Fusion of Audio and Visual Information

We used the procedure described in Section 5.2.1 to estimate the probability of the sound
events for each clip using visual information. Each 10-second clip consists of 240 video
frames; we selected 4 keyframes among them. Object recognition and knowledge mapping
produce the probability of each of the 17 types of sound events.

To verify the quality of the video-only branch, we calculated thescore of each sound
event type using its predictions on the validation data. The video predictions outperformed
the audio-only baseline system on seven sound events: ambulance, bicycle, bus, car passing
by, re truck, skateboard, and truck.

We combined the outcome of the audio and video branches using di erent weights: for
the seven sound events where the video branch performed better, we assigned a weight
of 0.8 to the video branch and 0.2 to the audio branch; for the remaining sound events,
we gave a weight of 0.2 to the video branch and 0.8 to the audio branch. These weights
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were not tuned to the fullest; even better performance may be expected if they were tuned
more carefully.

5.3.4 Results and Analysis

System Development | Test | Evaluation
Audio Only 50.1 54.9 50.6
Audio + Video 60.6 60.9 55.9

Table 5.1: Micro-averageg score (in percent) of the audio-only system and the audio-visual
reranked system on development, test and evaluation data.

Table 5.1 lists the micro-average score on the development, test and evaluation set
of the baseline audio-only system and the multimodal system. With the help of the visual
information, we achieved a remarkable improvement of 10.5%, 6.0% and 5.3% on the three
sets, respectively. The naly score on the test set, 55.9%, is the best performance known
so far for the audio tagging task of the DCASE 2017 challenge [ |

The contribution of visual information to the test, score of each sound event type
is shown in Fig. 5.3. The fusion improved the performance of 14 out of the 17 sound
event types. The most signi cant improvement came from the car passing by class. This
class is confusable with the car class and contains very few positive examples, and was
totally missed by the baseline system. Most of the sound event types related to types
of vehicles also saw an improvement, because the video tracks clearly show the type of
vehicle involved. The bicycle class bene ted from visual information because many clips
show people talking about bicycles, in which bicycles are visible in the video track but
not audible in the audio track. Adding visual cues could be a double edge sword as well,
where we see classes like police car" decreasing in performance, since they often appear
at the same time in the visual domain as retrucks and ambulances, introducing noise
to the system. The analysis of this result reveals some problems of the data annotation,
where the quality of labels of AudioSet is not 100% reliable. This annotation problem will
be discussed in Chapter 6: Section 6.4.

We would like to emphasize that the entire multimodel system consumed very few
extra computational resources. The CRNN in the audio branch took 6 hours to train on a
GPU; the video branch, which only used pre-trained models, took less than 30 minutes to
run on the validation, test, and evaluation data.
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5.4 Conclusion

In this chapter, we showcased a multimodal framework for audio tagging, which combines
information from both the audio and the video tracks of video clips to predict the sound
events in the audio track. The system outperforms a strong baseline system on the audio
tagging task of the recent DCASE 2017 challenge, boosting the {estore by 5.3%. We
also note introducing visual modality could be a double-edged sword, where some classes
see drops in performance after mixing with visual cues. This framework is also lightweight
compared to other models that use visual information because it makes extensive use of
pre-trained state-of-the-art deep learning models and avoids training them from scratch.
Re ecting upon this work at the point of drafting this thesis, it still exhibits the potency
and e ectiveness of late fusion. We will delve more comprehensively into this type of
audio-visual system in Chapters 9 and 11. These discussions will include in-depth analyses
of the optimal fusion strategy and its inherent robustness characteristics.






Chapter 6

CNN versus Transformer Family

6.1 Introduction

Inthe 2020s, after seeing tremendous success in language tasks[ ], the ML community
has been exploring a variety of methods for deploying attention-based architectures, e.g.
Vision Transformers (ViT) | ] in computer vision and other elds, and competitive
performances are reported. Recently, AST [ ]and PSLA | ] improved the
SoTA performance of the AT taslon the AudioSet benchmark by leveraging a suite of
improvements including DeiT[ ] (distilled ViT) architecture, ImageNet pretraining,
data augmentations, and ensemble. However, there is still no clear winner-takes-all”
approach in audio classi cation tasks that can have the best performance while being
e cient.

Audio signals, 1D continuous by nature, require di erent processing than vision (2D)
or language input sequences (discrete). Environmental sounds, compared to well-studied
human speech, do not require a language model, but are more diverse and span a wide
range of frequencies. Thus, the same techniques that worked well in speech are not
guaranteed to work out of the box [ ]. Plus, the lack of well-de ned strongly-labeled
data makes environment sound recognition tasks not only more challenging but also
understudied so far.

In Chapter 2, we identi ed CNN's superiority over MLPs, and RNNs. CNNs [ ;

]and its variant CRNNSs [ ] have become the de facto architecture for acous-
tic event recognition tasks and have dominated the AudioTagging leaderboard until the rise
of VIiT [ ]. The major di erence between convolutional models and attention-based
networks (e.g. ViTs) is the locality inductive biases. In a nutshell, the convolutional neural
network sweeps through every consecutive pixel with its learned kernel, which is perfect

IAudio Tagging (AT) task aims to characterize the acoustic event of an audio stream by selecting a
semantic label for it.

55



56 CNN versus Transformer Family

for learninglocal features ], but cannot see beyond its receptive eld; whereas ViT
networks skip through, attend between patches to buglbbal correlation@nd sometimes
not even rely on the positional information.

In this chapter, we seek to thoroughly understand the di erence between using each
type of model on the AT task. We train 4 variants of transformer networks includ-
ing CNN+Transformer, Vision Transformer (ViT), Transformer, and Conformer on the
task of Audio Tagging, and compare them with ResNet, CRNN control group. Between
these six architectures, we perform analysis on the largest available dataset: Google Au-
dioSet [ ]. We also perform an analysis regarding di erent architectures' e ciency
by training them on the Speech Commands dataset [ ]. Chapter contributions:

1. We systematically compared the performances of di erent transformer variants
between several CNN variants under a permutation of di erent settings on the
same large-scale dataset Audioset (e.g. w/. or w/o. pretraining. Ir scheduling). Our
experiments suggest that pretraining ot always necessary, LR scheduling & data
augmentation are always helpful.

2. Our experiments shed light on critical optimization strategies & tradeo s, e.g. feature
size, LR schedule, batch size, momentum, normalization, and loss landscape, which
have not been thoroughly explained previously.

3. We also compare ve Convolutional Neural Network (CNN) architectures and one
pure Transformer architecture optimized for edge deployment, train them for wake-
word detection on the Speech Commands dataset | ], and quantize two repre-
sentative models. This is covered in Y 6.9.

6.2 Tabular view of State-of-the-art Audio Event
Detection Systems

Same as the setup in Chapter 4, reiterating for reader's convenighudipSet | ]
contains 2,042,985 10-second YouTube video clips, summing up to 5,800 hours annotated
with 527 types of sound events (weak laBelThe same group | ] conducted quality
assessments of these labels ranging from 0-100%fullh&rainset has 2 subsets: classwise
balancedset (22,176 samples) andbalanced2,042,985 samples) set, avalset with

20,383 samples | ].

AudioTagging Benchmark: The left columns of Table 6.1 list state-of-the-aingle
modelsand training procedures for the AT task trained on tliell AudioSet and test on

2does not specify which second speci ¢ event happens



Tabular view of State-of-the-art Audio Event Detection Systent/

Previous approaches Our Implementation
Model CNN Variants \ Attention see Table 6.2
PANNs \ |
Procedure ’ CNN14 ) [ResNet PSLA ! I[ERANN]S i Cf)nformjar [ AST | Al A2 3 A3 Ad
! L
params 42.2M 23M 13.6M 54.5M 88.1M 88M see Table 6.2
train dataset 1934187 1953082 1953082 1803891 2063949 1953082 1998999 1998999
eval set 18887 19185 19185 17967 20371 19185 20126, 20126
feature size 64 1001 641000 1281056 1281280 | 64500 1281024 128 1024 | 64400
pretrained 7 7 ImageNet 7 | SSL ImageNet ImageNet 7 | ImageNet 7
epoch* 10 50 30 9 | 100 5 10 10! 10 10
batch size 32 n/a 100 32 640 12 20 400 80 448
optimizer adam adam adam adam ! adam adam adam adam adam adam
095 0999 095 0'999 ' 09 098 095 0999 |
maxLR 0.001 0.0001 1.0E-04 0.001 3.0E-04 1.0E-05 1.0E-05 14.0E-4 1.0E-05 4.0E-4
LR decay 7 7 step one-cycle linear step step stepl step step
decay rate 7 7 0.5 [ 1! 3.00E-6 0.5 0.5 0.5 0.5 0.5
decay epochs 7 7 5 cyclic 100 2 2 2 2 2
weight decay 7 5.0E-07 5.0E-07 7 | 0.01 5.0E-07 7 7 [ 7 7
warmup steps 7 7 1000 7 | 10k 1000 1000 1000, 1000 1000
dropout 3 3 7 7 041 7 7 3 7 3
databalancing 3 7 3 3 13 3 3 3 '3 3
mixup 3 7 3 modi ed ; 3 3 0.3 03 ! 0.3 0.3
TimeSpecAug 3 7 3 3 i timeonly 3 t192,36  t192,f36  t75,f12  t75,f12
label enhance] 7 7 3 77 7 7 707 7
normalize 7 7 x2 7 | 7 x2 X2 X2 x2 x2
train time 3 days n/a aweek nfa | n/a aweek 108 Hrs  16.45Hrs 21.0Hrs  8.84Hrs
GPU V1001 n/a titanX 4 na n/a titanX 4 | V1004 V1004 ' V1002 V1002
Best mAP 0.431 0.392 0.439 0.450 0.415 0.448 0.430 0.437 0.410 0.411

Table 6.1: Di erent training procedures for single-checkpoint Audio-Only models trained

on the full AudioSet as of March 2022. SSL|[

]: pre-trained on Self-supervised task

using 3.9M (67k hours) proprietary data. To standardize reporting di erence in steps
versusepochs, epoch* here means 1 full iteration of the TrainSet. Adam optimizer's
default\Vy =0.9,=0.999, the ones without speci édare default ones. LR: learning rate.
TimeSpecAug| € Sndicate the max length of time and frequency magkneans

speci ¢ setups are unknown. Label enhancement| ] involves altering the original
labels. CNN14 [ ] achieves 0.442 mean average precision (mAP) using 128 mel
bins. We are aware of PaSST [ ], due to its high similarity to AST except for
dropout/ensemble, we do not separately list it.

the evalset3. Here, wedo notinclude multi-modal or ensembledhodels, which would
introduce tremendous extra variability, making fair comparison almost impossiblénlike
some previous works, wdo notlist models trained only using th&alancedsubset since

it only accounts for 1% of the AudioSet training set, which are 10-20% mAP worse than

3Previous benchmarks are excerpted from the original publications

“We consider weight-averaging(WA)[ ] an implicit ensemble, hence we report single-checkpoint
score w/o WA: AST | ] 0.4590.448, and PSLA | ] 0.4440.439. WavegramCNN in
PANNS [ ]is also an implicit ensemble, thus leaving out of the comparison.
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models trained on thédull set.

6.3 EXxperiments & Results

We explored many variations with di erent optimization techniques, data augmentations,
choice of regularization, and a reasonable amount of grid search for the hyperparameters.
We o er 4 di erent training procedures with di erent costs and performance that cover

di erent typical use cases, see table 6.1.

Procedure Al: aims at reproducing the best SOTA performance. Therefore, itis the longest
in terms of training time using the larger feature.

Procedure A2: is to test whether we could reach SoTA without pre-training, except with
larger batch size and LR.

Procedure A3 & A4: aim at matching SoTA performance using 5.1;;&14\/Iels,2%56 less

time resolution) smaller features thus a lot faster. It can be trained on average 6x faster
and could be a good setting for exploratory research.

Best mAP Best mAP
Al A2 A3 A4

AST/VIT  87.9M 0.430 0.2740.410 0.268

Model  #param

Transformer 28.5M - 0.230 - 0.209
CNN+Trans 12.1M - 0437 - 0411
Conformer 88.1M - 0335 - 0.308
ResNet50 25.6M 0.410 0.399 0.382 0.370
CRNN 10.5M - 0429 - 0.406

Table 6.2: Al, A3 contain blanks since ImageNet pre-trained weights are only available for
ResNet50 and AST/ViBolded: the models reported in Table 6.1

AST/VIT (Table 6.2, Figure 6.1(C)). uses pre-trained weights from the DeiT-base-384 | ]
model imported from the timm library [ ]. Inorder to preserve the learned positional
embedding in the pre-trained DeiT | ] model (Z4=576 patches), we choose the

same 1616 patch-size for all our AST experiments. We did a comparison on stride sizes
as shown in Table 6.3. e.g. A3 procedure uses strides of 8 (8 pixels overlap), resulting in
(7 49=343) patches. Shorter strides bene t smaller features more than larger features,
but there is a catch: Computation cost grows quadratically due to @¥2° attention
mechanism? being the number of patches.

Transformers (Table 6.2) We implemented pure transformers without convolution or ViT
type patches, which takes in logMel spectrogram as input. Since the Transformer layer
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Figure 6.1: (A):  CNN+Transformer (B): TALNet| ]J(CRNN) (C):
AST][ 1/DeiT[ J(ViT) (D): Conformer (E): ResNet

Procedure tstridefstide, 4 4 6 6 8 8 1010 1212 1616

mAP | - - - 0430 0429 0.421
L | #patched 8192 3570 2048 1212 756 512
Hrs/Epoch - - 10.8 6.19 5.53

mAP [0.414 0.408 0.410 0.370 0.320 0.24
6}?‘?00 #patches 1485 390 343 195 128 72
Hrs/Epoch| 12.67 2.45 2.1 144 101 0.8

Table 6.3: time, freq stride in uence AST's mAP and train time, blanks are the experiment
could not tinto GPUs.

is temporal agnostic, we introduce positional encoding to retain the temporal order of
inputs. To add positional encoding to the audio model, we adopted the classic positional

encoding [ ], which is de ned as follows, wheBerepresents the dimension of
the input, ?>Bis the position in time andis the dimension index in the input tensor.
2 sin 2>B100083 : =28
PBosge =
3 cos ?>B10008%% : =28, 1

We added positional encoding to spectrograms before feeding into CNN layers and we
scaled up the original input. Given thg input X 3, we scale up the input by square root
of the input dimensionG=G A>D=8 3e , PEQC
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The overall architecture is depicted in Figure 6.1(A) but without the stacked 2D conv +
pooling layers. The resulting mAP is not as high as the AST/VIT type. In Table 6.2, we report
the best performing one with c= 8layers of Transformer blocks with MultiHeadAttention
(MHA) layers (8 attention heads) after testing dag = 246810 12with 4, 8, 12 attention
heads set-ups. The same as| ], to train faster and generalize better, we implemented
dropout layers within the MHA layers. mAP for other setups is too low for meaningful
comparisons. Transformers su er from the san@®'=23° cost issue as ViE being the

input length. Therefore, training for Transformers is quadratically slower than models
with the same number of parameters without the attention mechanism.

CRNN (Table 6.2, Figure 6.1(B)) We follow the well-tuned TALNet architecture using
#, = 10convolution layers with 3 3 kernels and?, = 5 max-pooling layers in between,
resulting in embedding size of 1024 feeding into the biGRU layer. The output of GRU is fed
to a fully-connected layer of size 527 to predict frame-wise probabilities. Finally, the frame
probabilities are aggregated with a pooling function to make the nal prediction. We
did not tune hyperparameters for TALNetO? <3 2° where< is the stacked convolution
output sequence lengtl3 is the representation dimension.

CNN+Transformer (Table 6.2, Figure 6.1(A)) The rst part of Stacked Conv blocks and
Pooling is the same as the CRNN we implemented, which é#ses 10Conv layers and

# -, = 5pooling layers. We replace the GRU layer with the aforementioned Transforfners
0239, and experimented with#c = 1+2¢4 layers of Transformer layers with 4,8,12
attention heads. We use the same positional encoding as our aforementioned Transformer
model. Here, we report the best performis: = 2 layers of transformers with 8 attention
heads, followed by the attention pooling layer to aggregate frame probabilities.

ResNet (Table 6.2) Following [ ], we replace the standard ResNet50's last layer with
attention pooling layer to output 527 classes probabilities. We also implemented ResNet34,
but since ResNet architectures are from the same fanf@y :=32°, : : kernel size, we

only list ResNet50 in Table 6.2.

Conformer (Table 6.2) We implemented the same large conformer as [Sri-Q4F23°

using 12 conformer blocks with 768D encoder embeddings and 12 attention heads, as this
setting was reported to be the best-performing setup for conformer architecture. Each
conformer block is shown in Figure 6.1(D).

6.4 Data Quality & Data E ciency

Missing les: Intable 6.1, due to the downloading di erence of AudioSet, the number
of train&test set variesa whopping 5%across previous works, especially the di erent
test size could cause severe uctuations in nal mAP reporting as seen in Figure 6.2. e.g.
one could have downloaded the lower-label-quality test samples that tank their score. We

5To avoid repetition<s =3 are shared among di erent models



Data Quality & Data E ciency 61

Figure 6.2: Performance(mAP) uctuation on quantiles of data with varying label quality.

release our test set labels along with our implementation for consistency.

Speedup: As we can see in Table 6.1, previous approaches bene ted from using larger
features. In Table 6.3 we see dramatic speedup using 64(¥mMéBftime) logMel spectro-
gran? versusl28(#mels)1024 lter bank features, this 5.12 times feature size reduction
results in more than 6 times speedup. Note tlnaif of the pipeline e ciency (for both

train & inference) depends on the data e ciency, the rest is then about model e ciency.
Using our smaller feature would result ih0 ! reduction of data time per sample. Therefore,

we highly recommend our A3, A4 procedures for research or inference tasks, which could
easily tinto a single 16GB-GPU with a lot less carbon footprint. Indeed, we trade o 2
points of mAP for 6 times speed up. To analyze the performance loss due to feature tempo-

5The waveform is downsampled to 16 kHz; frames of 1,024 samples (64 ms) are taken with a hop of 400
samples (25 ms); each frame is Hanning windowed and padded to 4,096 samples before taking the Fourier
transform; the lterbank of 64 triangle lters spans a frequency range from 0 Hz to 8 kHz.
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ral/frequency resolution loss, we took a closer look at di erent label quality quantiles of
the data. As Figure 6.2 shows, larger features outperform smaller features in high-quality
classes by 20.1% mAP, indicating models bene t, but very limited, from higher freg/time
feature resolution.

6.5 Impact of Pretraining

Similar to the conclusion of | ], we nd ImageNet pretraining helps certain archi-
tectures to converge but is not a must. As shown in Table 6.2, CNN-Trans nicalekd

from scratctcanoutperformAST models that are pre-trained on ImageNet and also be
better than the Conformer model pre-trained using SSL in [ ]. CRNNs are also
competitive. We observe AST models need pre-trained weights to converge to optimal,
cold-start weights/positional embeddings from random Gaussian results in a lot lower
performance. This is maybe due to a huge distribution shift from Gaussian to optimal
weight distribution.

6.6 Insights regarding Optimization Process

LR scheduling is crucial for training a high-performance model. The proven strategy is to
scaleLR / batch size [ ] when amplifying batch size, and to Il the GPU memory
till full with large enough batch size since increasing batch size linearly speeds up training
time. LR decay is also important and can be seen as simulated annealing [ ]. We
view Adam/SGD training agf= = 3| [ @ whereL is the BCE loss function in our case,
summed over all training examples, afkddenotes the parameterg1C denotes Gaussian
random noise updating in continuous timeCtowards convergence, which models the
e ect of estimating the gradient using mini-batches. In | ], they showed that the
meanE[ 1C° = 0 and varianceE![ 1C[ 1C*° =6 1F°X!C (P, where IF° describes the
covariance in gradient uctuations between di erent parameters. They also proved that
the noise scale6 = nt£ 1° wherenis the learning rate (LR} the training set size and

the batch size. This noise scale controls the magnitude of the random uctuations in the
training dynamics. Intuitively, the initial noisy phase allows the model to explore a larger
fraction of the parameter space without getting trapped in local minima. Once we nd
a promising region of parameter space, we reduce the noise to ne-tune the parameters.
In Table 6.1 and all our experiments, we observe LR decay outperforms constant LR by
at least 2 % mAP. We also implemented cyclic schedule [ ] used by [ ], but the
result is suboptimalersusstep decay. Meanwhile, annealing the temperature in a series of
discrete steps can sometimes trap the system in a robust minimum, in our experiments,
this severely impedes training attention-based models such as AST, transformers. e.g
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when we initialize training AST in our A3 procedure with a non-optimal LR: say 1E-6,
1E-4, the model's mAP gets stuck” below 0.1. This e ect is less severe for non-attention
or hybrid models. We postulate the culprit is th&harp loss landscapéthe attention-
based models [ ], when the gradient accumulation cannot adapt to changes in the
loss landscape, training would be impeded since we would keep on exploring the wrong
direction in parameter space. This also explained why our training also failed when we
usedgradient accumulatiostep size 2.

In Table 6.1, we can see some previous works have tunedihaef Adam to 0.95,
this is actually letting gradient updatindgwice as slower than the default 0.% ¢ =
Vi<c 1,1 Wi%cwhere< cisthe rst moment of the gradient anécis the gradient aCstep.
This trick might compensate for the aforementioned sharp-loss-landscape phenomenon,
but we did not achieve the same performance gain using the trick, hence sticking to default.
Some previous works advocategularizatiorfor better model generalizability by adopting
weight decay or dropout, we observe 1-2% mAP performance drop using regularization in
our experiments and therefore did not include them in our procedures. We note [ ]
used AdamW [ ] optimizer. AdamW itself was designed to x weight decay within
the Adam update iteration, we do not use regularization in this chapter, hence AdamW is
not studied here.

6.7 Data Augmentations & Normalization & Balancing

AST and PSLA [ A, ] applied an unusual normalization (Normalize*) to
the feature input:G = GT which results in the normalized feature witk*® = 0,

and EOAR = 025 In our experiment, Training AST using the input &0AG = 1 or
EOA® = 00625would lead to mAP of 0.09, 0.02 respectively. The latter phenomenon
can be explained by vanishing gradients, whereas the former behavior is likely due to the
training noise[ 1@ (Y6.6) being too large. When the input variance is too large, the training
would continue exploring suboptimal regions of the parameter space. Normalization
remains a key step in modern deep learning systems as it is noted in both work along
the line of Batch Normalization and Layer normalization. We will discuss once again in
chapter13 how this a ects the audio generative modeling.

Previous works in Table 6.1 reported that data augmentation tricks improve perfor-
mance across all models/procedures. Table 6.4 shows their speci ¢ impact after ablation.
Note that Mixup[ ], TimeSpecAug| ] shifts the input distribution’'s mean and
variance, the higher the mixup coe cient/the longer time/freq makkthe lower variance
of the inputt more in uence on end performance. We also compared another augmenta-
tion cutMix [ ], which marginally outperformed the mixup method. Overall, we

nd data balancing helps, but due to the stochasticity(random sampling/shu ing) of the
vanilla (no-balancing) train loader, its in uence also uctuates.
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Balanced Sampling: In our experiments, as we observe in Table 6.4, balanced sampling
would improve the performance, and this is in line with [ ]. However, a recent
study [ ] challenged this view. It is di cult to reproduce the results in [ ]
since the held-out eval set is not public, but it is worth noting that di erent distributions

of the training data could lead to di erent levels of capability to generalize to unseen data.

Augmentation  data balancing Mixup SpecAug Normalize* CutMix
MAP drop(%q) 3.2.0 1.50.8 1.50.3 16.59.0 2.01.1

Table 6.4: Data Augmentation's in uence on mAP through ablation, on all models trained
with A4 procedure

6.8 Discussion of Metric

The case of huge performance uctuation in Y 6.4 also serves as an example where using
MAP as the sole metric could potentially distort the impression we got from the results. In
fact, there are also discussions in [ ] that motivate to adopt an alternative of mAP
such as d-prime (in-class discriminability) or label-rank probability, or other metrics that
factors in model calibration, e.g. ECE (mentioned in Y 2.2.5). To gain a better view of the
problem, let us revisit the math rst. The Mean Average Precision(mAP) is calculated as the
mean of the Average Precision (AP) over all queries or all instances, and AP summarizes a
precision-recall curve as the weighted mean of precisions achieved at each threshold, with
the increase in recall from the previous threshold used as the weight:
0
AP= 1'_ '_ %%

where% and' - are the precision and recall at the nth threshold. Average Precision (AP)
is used to summarize a Precision-Recall curve, and it provides a single value measure that
represents the overall quality of the model across all threshold levels. However, it is worth
noting that the AP is sensitive to class imbalance (this is the case of AudioSet), and it puts
more emphasis on retrieving all positive examples (recall).

It's widely understood that varying thresholds lead to a balance or trade-o between
precision and recall. By summarizing this curve with a single value (the AP), we can
compare di erent models. But, we lose information about how well each model does at
speci ¢ thresholds or the shape of the precision-recall curve (scenarios where we care
about the model performance when it's high-precision or high-recall).
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On the other hand, AudioSet[ ]'s other o cial metric ROC AUC, is a graphical
representation of the true positive rate (TPR, or Recall) against the false positive rate (FPR)
at various threshold settings. The area under the ROC curve (AUC) gives a measure of the
classi er's ability to distinguish between positive and negative classes. The ROC curve
is generally used when the observations are balanced between each class. The slightly
di erent but di erent AUC is PR AUC: The area under the Precision-Recall curve is a
plot of Precision (positive predictive value) against Recall (TPR). There are cases when
a model can have a high ROC AUC while the PR AUC is low, indicating poor precision
or recall. This can happen when the negative class dominates, as the ROC curve can be
overly optimistic with imbalanced dat@onversely, the PR curve will be more sensitive
to di erences in these rates for the minority class (the positive class in many imbalanced
datasets).

AudioSet[ I's 3rd o cial metric3° provides a single-number summary of
the receiver operating characteristic (ROC) curve. A higher valud®afdicates better
discriminability. 1f3°= 0, the system or the observer cannot discriminate signal from noise
at all. 1f3%is negative, it suggests that the system or observer is systematically wrong.
In the speci ¢ implementation3®is calculated by applying the percent point function
(inverse of the cumulative dbstribution function) of the standard normal distribution to the
ROC AUC3°= 11AUC® " 2,where 1listhe inverse of the cumulative distribution
function of the standard normal distribtﬁign, often referred to as the quantile function or
percent-point function. It is multiplied by 2, based on the scaling of the AUC ROC, which
ranges from 0.5 (random guessing) to 1 (perfect classi cation). Note that this calculation
is a rather rough approximation and can be applicable under the assumption that both
distributions are normal with equal variances.

Using other model calibration-aware metrics like label-rank probability, ECE can
signi cantly improve the trustworthiness and usefulness of a model's predictions. However,
model calibration can add an extra layer of complexity and computation time to the training
process. It often requires additional steps such as temperature scaling, Platt scaling, or
isotonic regression. It is important to note that calibration should be performed using a
separate validation set, not on the training or test sets, to avoid over tting and to give a
realistic assessment of the model's performance. Also, calibration will not usually improve
the model's ability to rank predictions (e.g. it will not improve the AUC-ROC).

As we can see, each metric is shipped with trade-o s, we focus mainly on mAP
throughout this thesis, as it is the most widely-established metric in the audio research
community that allows for apple-to-apple comparison. We further our discussion through
the lens of the confusion matrix in the top-k case in Chapter 12.3.
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6.9 E ciency Accuracy Tradeo GPU versusCPU for
CNNs versus Transformers

Having grasped the variations in the training pipelines of di erent models, we also set a
secondary objective to scrutinize these models in real-world settings and evaluate their

e ciency. We observe that the over-the-air test accuracy of trained models on parallel
devices (GPU/TPU) usually degrades when deployed on edge devices using a CPU for
over-the-air, real-time evaluation [ ]. Further, the di ering inference time when
migrating between GPU and CPU varies across models. This drop is due to hardware
latency and acoustic impulse response, while the non-uniform expansion of inference time
results from varying exploitation of hardware acceleration by architectures. We seek to
quantify their accuracy-e ciency tradeo s to inform researchers and practitioners about

the key components in models that in uence this tradeo .

Dataset and Setup: We trained eight wake-word detection models using six di er-
ent architectures on wake-word audio samples from the Google Speech Commands

dataset [ ] with PyTorch: VGG19_bn, DSCNN, E cientNet_b1l, E cientNet_b7, E -
cientNetV2_m, E cientNetV2_xl, ResNet50, and Transformer| ]- All architectures
were non-streaming We also used PyTorch Eager Quantization [ ] to perform static

PTQ on VGG19 bn and DSCNN. Here, we compared quantization in families of models -
VGG-based models, represented by VGG19 bn (VGG19 bn, ResNet), and MobileNet-based
models, represented by DSCNN (DSCNN, E cientNetV1, E cientNetV2). Digital testing
analyzed models' performance on 807 audio les from the Speech Commands dataset, of
which 187 contained the wake word.

Over-the-air Test: We performed over-the-air testing to analyze overall model perfor-
mance and layer-wise latencies. Three subjects conducted testing, two with lower voices,
and one with a higher voice. All trials took place at the same location in the same room,
ensuring a consistent room impulse response across trials. During over-the-air testing,
subjects completed ve trials for each model on a GPU platform and then a CPU platform.
Table 6.5 details the results from analyzing digital versus over-the-air performance for all
trained models on GPU and CPU devices. Digital Test F1 re ects the F1 score calculated
by checking the correctness of models' predictions for whether or not an input contained
the wake word. Over-the-Air Test F1 re ects the F1 scores calculated from individual
subjects’ analysis of model prediction correctness for each trial. Table A.2 (Appendix)
breaks model leaf node layers into nine operational categories across the eight examined
models: Conv, BN, ReLu, MaxPool, Linear, Dropout, AvgPool, LayerNorm, and GELU. We
used PyTorch hooks to calculate the average latency for each layer category, and the THOP
library [ ] to calculate the average FLOPS for each layer category.

"We used the same de nition of streaming and non-streaming in [ 1
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GPU (Mac-M1) Digital F1 Over-the-Air F1 Latency
VGG19 bn [ ] 93.37 96.69 2.99 17.3
DSCNN [ ] 92.15 93.7&%.61 37.6

E cientNet_b1 [ ] 92.75 93.16 4.90 85.5

E cientNet_b7 [ ] 93.87 96.55 2.59 146.0
E cientNetV2_m [ ] 92.88 92.14 5.60 94.0
E cientNetV2_xI [ ] 92.64 94.06 2.08 146.3
ResNet50 [ ] 91.86 90.52.48 56.5
Transformer [ ] 93.87 91.47 4.56 65.8
CPU (Raspberry Pi 4B) Digital F1 Over-Air F1 Latency
VGG19 bn | ] 93.37 90.80 6.54 372.0
DSCNN [ ] 92.15 90.28 4.02 151.0

E cientNet_b1 [ ] 92.75 89.834.31 283.0

E cientNet_b7 [ ] 93.87 89.20 5.20 1044.0
E cientNetV2_m [ ] 92.88 93.45 6.61 808.0
E cientNetV2_xI [ ] 92.64 71.85554 1673.0
ResNet50 [ ] 91.86 90.180.37 324.1
Transformer [ ] 93.87 88.96 11.30 182.6

Table 6.5: Model performance on Speech Commands Dataset. F1 scores are scaled to 100.
Bold font highlights better latencies.

Preliminary Observations: VGG19 bn and E cientNet_b7 achieved the highest F1
scores during over-the-air GPU testing, surpassing the larger E cientNetV2_xI model by
about two points (Table 6.5). VGG19_bn also achieved the lowest lat&@&€19 bn's
success is likely linked to the e ciency of its convolution method on K&lkihg from

GPU to CPU, over-the-air performance dropped for many architectures. All models
except for E cientNetV2_m saw their F1 scores slip below the digital baseline, consistent
with previous research [ ]. The E cientNetV2_xI model in particular showed a
steep decline in performance, accompanied by a large increase in latency (Table 6.5).
E cientNetV2_xI's drop in performance is likely a result of its increased latency, in turn,
caused by its convolution method's ine ciency on DP&RCNN achieved the lowest latency,
enduring only a small performance drop. The Transformer maintained a relatively low
latency across both GPU and CPU, though its accuracy dropped moving to CPU. In the
discussion below we drillinto the ne-grained components of each architecture to elaborate
on these italicized sections.



68 CNN versus Transformer Family

6.9.1 CNNsversus Transformers' E ciency Di erence

Figure 6.3 breaks down individual network components, analyzing their Percentages of
Aggregate Runtime (PAR), the relative time models spent computing each type of layer.

Figure 6.3: Percentage of Aggregate Runtime (PAR) of di erent architectures on GPU
versusCPU, PAR measures the percentage of a model's total runtime spent computing
layers in a speci c category across trials. Contrast to Table A.2

Matrix Multiplication in Convolution: Convolution layers in particular often take
longer to compute on CPU as opposed to GPU. This divergence stems from hardware
optimization di erences for matrix multiplication. Hardware optimization strongly a ects
the e ciency of convolution layers because most of the convolution's computation comes
from matrix multiplication. Convolution is computed as follows: L&be the input matrix

of dimensions F 235 where isimage heightF is image width, an®s=is the number

of input channels. Let be a matrix of weights with dimension&- 2.pc : : where
2.pds the number of output channels andis the kernel size. For each input channel,
these matrice§&sand, are multiplied together. The sum of these multiplications yields an
output matrix| of dimensions F 2.pe¢The exact formula is shown below, resulting in
atotalcostob F 2- 2pc: %°, whereAis a speci ¢ input channel andis a speci ¢
output channel:

| oo B/ 535 Goore Aa |, >AeBela

Note that only the forward pass is involved in wake-word detection; there is no back-
propagation.
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Matrix Multiplication Optimization: The parallelization abilities of CPUs are limited by
their low numbers of cores and caches. GPUs, however, are equipped with a larger array of
cores and caches to support the acceleration of parallelizable computations, including ma-
trix multiplication. Matrix multiplication can be broken down via tiling [ ], enabling

one large matrix multiplication to be calculated as the multiplication of a series of much
smaller, parallelizable chunks. This strategy helps avoid costly memory accesses. GPUs
can take advantage of this parallel character to signi cantly speed up matrix multiplication.
For most of the models we tested, convolution took a larger share of time to execute on
CPU versus on GPU (See Table A.2 Conv rows and PAR columns). Parallelization and
tiling o er a good explanation for this pattern.

MBConv Blocks [ ] versus Vanilla CNNs: The cost of convolution on GPU
versus CPU can also be a ected by model architecture. Models with MBConv blocks (like
DSCNN, E cientNet, and E cientNetV2) use pointwise convolutions, forcing depthwise
convolutions to be done in sequential order. This method reduces the cost of convolution
to$r F 2= 2pg :2°] ]. Notably, the sequential computation design of
MBConv blocks reduces their parallelizability, and consequently, MBConvs can only
receive a minor latency boost on GPU. Yet moving to CPU, they show less slowdown and
reap the bene ts from requiring fewer operations (Table A.2 shows about 10x slow down
GPU versus CPU in Conv latency). Meanwhile, models using vanilla CNN blocks (like
VGG19 bn) enable greater parallelization and therefore high GPU performance but su er
a more severe slowdown transitioning to CPU. Table A.2's latency columns show that the
VGG19_bn model's vanilla convolution layers saw an exponentially larger latency increase
(100x GPU versus CPU) compared to models using MBConv blocks (DSCNN, E cientNet,
E cientNetV2). This di erence clari es that theoretical algorithm complexity alone is

not su cient to determine an algorithm's practical e ciency on GPU; parallel algorithm
complexity must also be accounted for.

Accelerating Convolution: Convolution receives signi cant acceleration on GPU de-
vices. As CPUs cannot take advantage of parallelism to accelerate matrix multiplication,
convolution is often much slower on CPU devices, even with architecture optimization
like MBConv blocks. This is corroborated by our ndings in Table A.2, which shows a
greater latency increase moving from GPU to CPU in models which were more reliant
on convolution blocks, like E cientNet_b1 and E cientNet_b7. Yet the value of archi-
tecture optimization cannot be ignored. Without a deeper understanding of how GPUs
accelerate convolution and how di erent models optimize for GPU or CPU, itis hard to
fully comprehend the performance tradeo between parallel and sequential devices.
Fused-MBConv Blocks in E cientNetV2: E cientNetV2 was NAS trained on GPU

to nd the optimal combination of MBConv and Fused-MBConv blocks. In order to
take better advantage of GPU acceleration, Fused-MBConv blocks remove the pointwise
convolution, forcing depthwise convolutions to be sequentially applied for each indi-
vidual channel | ]. This change echoes the structure of vanilla convolution blocks.
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In Table A.2, E cientNetV2 shows similar patterns to VGG19 bn, which used vanilla
convolution. Speci cally, convolution has a much lower PAR on GPU than on CPU for E -
cientNetV2 (Table A.2), a marked di erence from E cientNet where PAR for convolution
was similar across CPU and GPU. This is consistent with its use of Fused-MBConv blocks.
Also, E cientNetV2 was designed using NAS to nd the optimal block combination on
GPU, without guaranteeing that the combination is optimal on CPU.

Batch Normalization (BN) VS Layer Normalization: Data from Table A.2's latency
columns shows that for most models, batch normalization slows down from GPU to CPU,
but less than convolution. BN layers normalize over mini-batches of an activation matrix
and require cell-by-cell operations, so the work of normalizing one colum$ is © where

< is batch size. Normalization occurs for albatches in the activation matrix, giving
batch normalization work of 1<=°. Batch normalization can be done in parallel on GPU,
yielding a span ofs i< °. LayerNorm layers normalize over the rows of the activation
matrix. The work of normalizing one row i§ 12° where2is the number of channels in the
activation matrix. Since normalization occurs for &l (h, w) dimensions in the activation
matrix, layer normalization has work df 1<2°, and a parallelized complexity &f 120
since multiple (h, w) dimensions can be computed at once. This correlates our ndings
in TableA.3, sinc = 1 for over-the-air audio input. Thus cost of the Transformer's
LayerNorm on GPU is almo&*1°, while loss of parallelization moving to CPU causes a
large increase in latency.

Multi-Head Attention Parallelizability: The Multi-Head Attention layer computes

the self-attention equatiorSo%oma%)eggl0 + where «&++ 2 R 3. Ultimately, Multi-

Head Attention takes$ 1=23° work, all resulting from matrix multiplication. While matrix
multiplication receives acceleration boosts both from PyTorch and GPU, Multi-Head
Attention takes more work than convolution by a factor ef limiting the speedup potential.
Though the latency of Multi-Head Attention decreases moving from CPU to GPU, it does
not show a major decrease akin to convolution (Table A.3). This is likely attributable in
part to the limited optimization potential for attention layers.

Summing up, model e ciency-wise, when considering deployment on CPUs, MobileNet-
related architectures (CNN) emerged as a more e cient choice due to their use of MBConv
blocks, which reduced computational cost. However, for GPUs both vanilla CNNs and
Transformers are good candidate architectures to take full advantage of GPU acceleration.
It is also worth noting that Neural Architecture Search (NAS) optimization methods used
for image data do not necessarily translate to bene ts for audio data.

6.10 Conclusion:

In conclusion, our study revealed several key insights. Pre-training is not always a necessity,
but it becomes important when dealing with models that have a large number of parameters.
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We found that smaller features could lead to a sixfold increase in e ciency with only a
2% loss in mean average precision (mAP). Models that incorporate both local and global
information demonstrated the best performance and were highly e cient. Attention-
based models, though they have more parameters and are somewhat more challenging
and sensitive during training, exhibited a robust resistance to noise despite their sharp
loss landscape [ ]. Data augmentation was consistently bene cial, with proper data
balancing and normalization identi ed as crucial factors for its success.

At this juncture, we are noticing a distinct data limitation that could potentially cap
the performance of the supervised learning paradigm. This observation necessitates that
we broaden our research scope in the following chapter to explore learning paradigms
that aren't solely dependent on labeled data.






Chapter 7

Self-Supervised Training: Masked
AutoEncoder

7.1 Introduction

As Transformers | ] and self-supervised learning [ ; ; ; ;

; ] are dominating computer vision (CV) and natural Ianguage processing
(NLP) research. The revolution rst started in NLP with the invention of the Transformer
architecture and self-attention [ ]. Masked autoencoding with BERT [ ] seta
new state-of-the-art on various NLP tasks by self-supervised pre-training on large-scale
language corpus. Similarly in the CV community, Vision Transformers (ViT) [ ]
have become popular for CV tasks, and, for self-supervised image representation learning,
Masked Autoencoders (MAE) [ ] have brought the CV community closer to the
success of BERT in NLP. In addition to the existing masked autoencoders that can read
(BERT) or see (MAE), in this chapter we study those that ksten

As mentioned in the previous chapter, Transformer-based models have recently re-
freshed leaderboards for audio understanding tasks as shown in Chapter 6. A key technique
to train Transformers is to initialize audio model weights with ImageNet pre-trained su-
pervised modelsq.g, DeiT [ 1) by de ating patch embeddings and interpolating
positional embeddings for encoding audio spectrograms. However, exploiting ImageNet
pre-trained models could be sub-optimal. Unlike initializing video models with weights
from image modelsd.g, the initial weights of 13D [ ] or 3D-ResNets [ ] are
in ated from ImageNet pre-trained image models), there are clear and notable discrep-
ancies between spectrograms representing audio content and natural images. It remains
unclear why such heterogeneous image-to-audio transfer is useful beyond arguably similar
low-level semantics such as shapes of spectrograms and shapes of visual objects. Further,
any label bias would inevitably be transferred to audio models.

73
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Addressing these concerns, self-supervised audio representation learning has recently
attracted much research attention. Based on BEIT [ ] that learns to reconstruct
image patches or learnt patch tokens, SS-AST | ] extends to the audio domain
and exploits spectrograms (akin to 1-channel 2D images) and uses both contrastive and
reconstruction objective as self-supervision. Without using any labels, the key enabler
to e ective self-supervised representation learning is large-scale pre-training data. In
this chapter, instead of using AudioSet | ] for supervised training, we use it for
pre-training without using the majority of its labels. Performing large-scale training with
Transformer architectures is challenging as self-attention in Transformers has quadratic
complexity w.r.t. the length of input sequence.

This computational burden has been addressed in di erent ways. A popular approach
is to reduce the sequence length in self-attention. Various ViT-based architectures have
been developed to alleviate such issues for image and video understanding. For example,
Swin-Transformer [ ] only performs local attention within windows that shift across
layers. MVIT [ ] employs pooling attention to construct a hierarchy of Transformers
where sequence lengths are downsampled. For self-supervised learning, MAE [ ]
e ciently encodes only a small portion (25%) of visual patches while the majority of patches
are discarded. The simplicity and scalability in MAE make it a promising framework for
large-scale self-supervised learning.

In this chapter, we study MAE for AED and the unique challenges of the audio domain.
We present Audio-MAE (Fig. 7.1) as a uni ed and scalable framework for learning self-
supervised audio representations. Similar to MAE, itis composed of a pair of a Transformer
encoder and decoder. Sound is rst transformed and embedded into spectrogram patches.
Before feeding them into the Transformer encoder, we mask and discard the majority
and only feed a small number of non-masked embeddings into the encoder for e cient
encoding. After padding encoded patches with learnable embeddings to represent masked
patches, it then restores the order of these patches in frequency and time and propagates
them through a Transformer decoder to reconstruct the audio spectrogram.

Unlike image patches, spectrogram patches are mostly locally correlated. For example,
formants, the vocal tract resonances, are typically grouped and continuous locally in
the spectrogram. The location in frequency and time embeds essential information that
determines the semantics of a spectrogram patch and how it sounds like. To this end, we
further investigate using localized attention and a hybrid architecture in the Transformer
decoder to properly decode for reconstruction. This simple-yet-e ective upgrade leads to
improved performance for Audio-MAE.

Similar to MAE for images, we minimize the patch-normalized mean square error.
At the ne-tuning stage, we discard the decoder and ne-tune the encoder with patch
masking. Empirically, Audio-MAE sets a new state-of-the-art performance on six audio
and speech classi cation tasks. Itis the rst audio-only self-supervised model that achieves
state-of-the-art mAP on AudioSet-2M, outperforming other recent models with external
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Figure 7.1: An audio recording is rsttransformed into a spectrogram and split into patches.
We embed patches and mask out a large subset (80%). An encoder then operates on the
visible (20%) patch embeddings. Finally, a decoder processes the order-restored embeddings
and mask tokens to reconstruct the input. Audio-MAE is minimizing the mean square
error (MSE) on the masked portion of the reconstruction and the input spectrogram.

supervision. We further provide the visualization and audible examples to qualitatively
demonstrate the e ectiveness of the Audio-MAE decoder.

7.2 Related Work

Masked pre-training in vision Masked/Denoising autoencoders [ ; ;

] are a general representation learning methodology by reconstructing sources
from masked or corrupted mputs In CV visually masked pre-training has made recent
progress [ ; ; ]. Based on VIiT | ] that applies Trans-
formers to image patches, BEIT [ ] and MAE [ ] present masked image
modeling frameworks. BEIT [ ] learns to predict discrete visual tokens generated
by VAE [ ] in masked patches. MAE | ] reduces sequence length by masking
a large portion of image patches randomly and encoding only non-masked ones for the
reconstruction of pixel color information. MaskFeat | ] studies features for masked
pre-training and nd that Histograms of Oriented Gradients (HoG) [ ], which are in
turn related to spectrogram features, perform strongly for image and video classi cation
models.

Out-of-domain pre-training for audio. Transferring ImageNet supervised pre-trained
VIiT [ ] or ResNet [ ] has become a popular practice for audio models
[ ; ; ; ; ] as is covered in Chapter 6.

After pre-training, these models operate over audio spectrograms by de ating from 3-
channels (RGB) into 1-channel (spectrogram) in the pre-trained patch embedding and
employing the rest of the backbone on top. HTS-AT employs Swin Transformer [ ]
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to hierarchically encodes spectrograms. Without using out-of-domain (non-audio) data,
Audio-MAE focuses on audio-only self-supervised pre-training from scratch.

In-domain pre-training for audio. Existing in-domain (audio-only) self-supervised
methods can be broadly categorized by the input S|grmg( raw waveform [ ;

: ], frame-level features [ X X ]
or spectrogram patches [ ; ]) and the objective used for self-supenasin (
contrastive [ ; ; ; ; ] or prediction/reconstruction | ;

; D). For example, wav2vec 2.0 | ] takes raw waveform as

inputs and exploits contrastive learning to discriminate contextualized representations in
di erent time segments. Mockingjay [ ] proposed a masked acoustic model pretext
task to reconstruct frame-level Mel-features of masked time frames. SS-AST | lis
a self-supervised learning method operates over spectrogram patches and employs joint
contrastive and reconstructive objectives on masked patches. Previous methods generate
audio representations by encoding full-view of both masked and non-masked time or
spectrogram segments for self-supervised pre-training. In contrast, Audio-MAE encodes
only the non-masked patches. There exist independent and concurrent works [ ;

; ] using related methods. which we also compare against in this chapter.

7.3 Audio Masked Autoencoders (Audio-MAE)

Our Audio-MAE is a conceptually simple extension of MAE to audio. Fig. 7.1 shows an
overview.

Spectrogram Patch Embeddings. Following [ ; ], we transform audio
recordings into Mel-spectrograms and divide them into regular grid patches. These patches
are then attened and embedded by a linear projection. As in MAE [ ], we add xed
sinusoidal positional embeddings to the embedded patches.

(a) Original (b) Unstructured (c) Time (d) Frequency  (e) Time+freq

Figure 7.2: Audio-MAE's masking strategies on Mel-spectrograms.

Masking Strategies. Audio-MAE masks out a large subset of spectrogram patches. As
a spectrogram can be viewed as a 2D representation of time/frequency components of a
sound, it is reasonable to explore treating time and frequency di erently during masking.
In this chapter, we explore both thenstructuredi.e., random masking without any prior)
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andstructured(i.e., randomly masking a portion of time, frequency, or timieequency of
a spectrogram) in the pre-training and ne-tuning phase. lllustrative examples are shown
in Fig. 7.2. We show masked regions with a dark overlay.

The masking mechanism, as introduced in MAE [ ], is the key ingredient for
e cient self-supervised learning. Masking reduces the sequence length and encourages
learning global, contextualized representations from limited visible patches. We observe
that akin to images, a large masking rate (80% in our experiments for spectrogram patches,
which is similar to 75% in MAE for images) is feasible for learning self-supervised audio
representations. Unlike BERT [ ] that uses a 15% masking rate for self-supervised
learning in NLP, most of the tokens/patches can be discarded for spectrograms as well as
iImages due to high redundancy in these modalities. Beyond self-supervised pre-training,
we further explore the e ectiveness of masking in the supervised ne-tuning stage. Em-
pirically, we found unstructured (random) masking at a higher ratio for pre-training and
structured (time frequency masking) at a lower ratio for ne-tuning provide the best
accuracy (ablations are in Y7.4.4).
Encoder. Audio-MAE uses a stack of standard Transformers [ ] as its encoder. The
encoder only processes (20%) non-masked patches to reduce computation overhead which
IS quadratic to the input sequence length. We use the 12-layer ViT-Base (ViT-B) [ ]
Transformer as our default. Given that masking is a crucial step in prompting the model
to learn the distribution, it renders Convolutional Neural Network (CNN) architectures
less suitable in Mean Absolute Error (MAE) scenarios. This is due to the inability of CNNs
to manage zero-masking, resulting in errors.
Decoder with Local Attention . The decoder is also composed of standard Transformer
blocks. The encoded patches from the encoder are padded with trainable masked tokens.
After restoring the original time-frequency order in the audio spectrogram, we add the
decoder's ( xed sinusoidal) positional embeddings and feed the restored sequence into the
decoder. At the top of the decoder stack, we add a linear head to predict and reconstruct
the input spectrogram.

To address the unique characteristics of audio spectrograms, our work investigates an
enhancement to the vanilla MAE decoder. Image-based MAE gldml self-attentiom
the Transformer decoder which is appropriate for visual context, because visual objects
are typically invariant under translation or scaling, and their exact position may not
a ect the semantics of an image. In contrast, the position, scale, and translation of
spectrogram features howeveirectly a ectsthe sound or semantics of an audio recording.
Consequently, global self-attention is sub-optimal for spectrograms if the time-frequency
components is predominantly local. For instance, we would have better success to use
the harmonics €.g, Fig. 7.2a) in lower bands of a vowel to predict the spectrogram patch
vertically in a higher frequency band rather than horizontally in the time domain. Similarly,
a frictional sound of a consonant likely only correlates to other part of the consonant, and
is without dependency to other silence segments in the audio recording. Compared to
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images, the spectrogram patches are more similar to speech or text tokens where its order
and position is more relevant.

To address the nature of audio spectrograms, in addi-
tion to using Transformers with global self-attention as in
vanilla MAE, we incorporate théocal attention mechanism
which groups and separates the spectrogram patches in to
local windows in self-attention for decoding. We investi-
gate two types of local attention: (1) Shifted window locaigure 7.3: Decoder's local at-
tion: Inspired by the shifted window in Swin Transform+ention and shifted window
ers | ], we shift window attention by 50% betweeftight).
consecutive Transformer decoder layers. For padding the
margin when shifting, we cyclically shift the spectrogram to the top-left direction. Fig. 7.3
illustrates the localized decoder attention by shifted windows. (2) Hybrid window attention
(global local attention): Inspired by [ ], to add better cross-window connections,
we design a simple hybrid (global+local) attention that computes local attention within a
window in all but the last few top layers. In this way, the input feature maps for the nal
reconstruction layer also contain global information. For simplicity, we usxpooling or
hierarchical structure. Decoders with di erent attention types are compared in Y7.4.4.

Objective. The Audio-MAE decoder learns to reconstruct the input spectrogram by
predicting the values in the spectrogram patches or their per-patch normalized ones.
The objective is the mean squared error (MSE) between the prediction and the input
spectrogram, averaged over unknown patches. Empirically we found employing the
reconstruction loss alone is su cient while including additional contrastive objectives
(e.g, InfoNCE loss | ]) does not improve Audio-MAE.

Fine-tuning for Downstream Tasks . During ne-tuning, we only keep and ne-tune

the encoder with the decoder removed. Di erent from the original MAE, and inspired
by [ ; ], we also explore to employ masking in the ne-tuning stage to re-
move a portion of patches to further regularize learning from a limited view of spectrogram
inputs, which, as a side e ect, also reduces computation during ne-tuning. Compared
to SpecAug [ ] which takes full-length input with the masked portion set to zero,
Audio-MAE sees only a subset of real-valued input patches. Following MAE, we apply
average pooling over encoded non-masked patches and employ a linear layer on top for
classi cation.

7.4 Experiments

We perform an extensive evaluation on six tasks, including audio classi cation on AudioSet
(AS-2M, AS-20K) and Environmental Sound Classi cation (ESC-50), and speech classi ca-
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tion on Speech Commands (SPC-1 and SPC-2) and VoxCeleb (SID). We use AudioSet for
ablation studies.

7.4.1 Datasets and Tasks

AudioSet [ ] (AS-2M, AS-20K) The setup is the same as Chapter 6. For the AS-2M
experiments, we use the union of unbalanced and balanced training audio for pre-training
and ne-tuning. For the AS-20K experiments, we use AS-2M for pre-training and the 20K
balanced set for ne-tuning.

Environmental Sound Classi cation (ESC-50) [ ] is an audio classi cation dataset
consists of 2,000 5-second environmental sound recordings. There are 50 classes in ESC.
We report accuracy under 5-fold cross-validation with the same split used by [ ].
Speech Commands(SPC-2, SPC-1) | ] are two keyword spotting tasks. In SPC-2,
there are 35 speech commands. The training/validation/testing set has 84,843/9,981/11,005
1-second recordings, respectively. In SPC-1, there are 10 classes of keywords, 1 silence
class, and 1 unknown class that includes all the other 20 common speech commands. We

use the data and split provided in the SUPERB [ ] benchmark to report the testing
accuracy.
VoxCeleb (SID) [ ] contains 150K utterances from 1,251 speakers. The speaker

identi cation task (SID) is to classify the utterances to identify its original speaker. We
use the V1 standard train (138,361), validation (6,904), testing (8,251) sets and report the
testing accuracy.

7.4.2 Implementation Details

We use a vanilla 12-layer ViT-B by default as the Transformer encoder. For the decoder, we
use a 16-layer Transformer with shifted local attention. We investigate the vanilla (global
attention) and hybrid (globallocal attention) decoder variants (see Table. 7.1c).

Following [ ; ], we transform raw waveform (pre-processed as mono
channel under 16,000 sampling rate) into 128 Kaldi [ ]-compatible Mel-frequency
bands with a 25ms Hanning window that shifts every 10 ms. For a 10-second recording in
AudioSet, the resulting spectrogram is of 1024 128 dimension.

For patch embedding, we use convolutional kernels wite 1& size and stride in
time and frequency (thus, patches are non-overlapping) to avoid short-cuts via overlap
in self-supervision (though, at high masking ratios such short-cuts are less severe). By
default, we use a masking ratio 6f8 with (unstructured) random masking for pre-training.
During ne-tuning, we employ a lower masking ratioq(3 in time and0"3 in frequency).
Ablations on these design choices are given in Y7.4.4.
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(a) Pre-training masking (b) Fine-tuning masking

Figure 7.4: For pre-training, igherratio andunstructuredmasking (random) is preferred.
For ne-tuning, alower ratio and structuredmasking (time frequency) is better. The
y-axes are mAP on AS-2M and the x-axes are masking ratio. This ablation format follows

[ 1

7.4.3 Pre-training and Fine-tuning

We use AudioSet-2M for pre-training and randomly iterate over all audio recordings. We
train for 32 epochs with a batch size of 512 and a 0.0002 learning rate. We distribute
the training load over 64 V100 GPUs and the total training time3§ hours. For each
audio, we randomly sample the starting time, cyclically extract 10-second audio, and
randomly jitter its magnitude by up to 6dB. We use only natural audio spectrograms and
apply noaugmentations€.g, [ ; ; ]) as we do not nd these strong
augmentations helpful in the pre-training phase.

In the ne-tuning phase, we remove the decoder and only ne-tune the encoder. For
the supervised ne-tuning on AudioSet-2M, since the size of training samples are uneven
across classes (unbalanced), we follow the common practice of using a weighted sampling
to balance the classes during training. In each epoch, we sample 200K instad€8s (
of AudioSet-2M) without replacement. We ne-tune for 100 epochs, which aggregate
to 10 full epochs of AudioSet-2M. The probability of sampling an instance is inversely
proportional to the dataset-wise occurrences of its classes. Fine-tuning on 64 GPUs takes

12 hours. For the smaller balanced AudioSet-20K, we ne-tune on 4 GPUs for 60 epochs
without weighted sampling.

7.4.4 Ablations and Model Properties

Masking Strategies in Pre-training and Fine-tuning. In Fig. 7.4, we compare di erent
pre-training and ne-tuning masking strategies for Audio-MAE. First, in Fig. 7.4a we
explore thepre-training masking ratiolWe observe, similar as in MAE for images [ 1,
that a high pre-training masking ratio (80% in our case) is optimal for audio spectrograms.
This is due to the fact that both audio spectrograms and images are continuous signals
with signi cant redundancy. Further, we nd the unstructured random masking works the
best for self-supervised pre-training over more structured maskiagy( time, frequency).
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Unlike MAE for images, there are clear performance di erences among masking strate-
gies when pre-training with audio spectrograms. Comparing Audio-MAE reconstructions
between Fig. 7.7a to 7.7e and 7.7d to 7.7h, under the same masking ratio, we observe
the unstructured random masking is comparably easier than structured maskieg (
time and/or frequency) as the model can guess the missing component by extrapolating
nearby context€.g, formants in vowels and frictional sounds in consonants around). We
also observe that for higher masking ratios, the structured masking alternatives drop in
performance, presumably because the task becomes too di cult while random masking
improves steadily up to 80%. This result show that designing a pretext task priviper
hardnesss important for e ective self-supervised learning of audio representations. We
therefore use random masking with ratio of 80% as our default for pre-training.

Fig. 7.4b studies the e ect of masking during thee-tuning phase. We see that in this
case, it is more bene cial to use structured masking: tinfiequency performs better than
time- or frequency-based masking, and these perform better than unstructured masking.
Overall, we see that the optimal masking ratios dosverthan for pre-training and we use
0.3 as our default in the ne-tuning phase.

In general, we observe that for task-agnostic pre-training, unstructured masking with
a higher ratio is preferred. While in task-speci ¢ ne-tuning, structured masking with
lower ratios performs better.

Impact of Patch Size and Stride. We compare the performance of Audio-MAE trained
with di erent patch sizes and strides in Table 7.1a. A non-zero overlag@,(strideY patch

size) between patches will increase the number of patches and quadratically increase
computation in oating point operations (FLOPS), as reported in the table. Most prior
works follow AST [ ] to use overlapped patches (patct6and stride= 10) to

boost end task performance. As shown in Table 7.1a, we do not observe a performance
improvement using overlapped patches for Audio-MAE (both 47.3 mAP), presumably
because due to overlap, the patch embedding can leak information into the masked patches.
The non-overlapped 1616 patches achieve a good balance between computation and
performance. By default, we use this setup in our experiments.

Encoder. We investigate the design choices of encoder and decoder architectures in
Audio-MAE. Table 7.1b shows the trade-o between encoder model size and performance.
As expected, larger models achieve better performance, at a cost of computation and
memory. The accuracy gain of ViT-L over ViT-B/S is more signi cant on the smaller and
balanced AS-20K. For VIiT-S, the performance gap to ViT-B can be signi cantly closed (5.0
' 2.3 mAP) when ne-tuning with more in-domain data (AS-20K AS-2M).
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ht
Figure 7.5Decoder reconstruction comparison.

Decoder. Table 7.1c compares decoder attention types in Audio-MAE. Note that decoders
are discarded after pre-training and only the equal-sized ViT-B encoders are ne-tuned
for the end task. Our results show th&acal attentiorwith shifted window achieves the
best performance. Combining local and global attentide.( hybrid attention, Hwin)

also improves vanilla global self-attention. Fig. 7.5 shows the qualitative reconstruction
comparison. In the spectrogram of vowels, the decoder with local attention reconstructs
better harmonics and recovers more context in the spectrogram. Similar phenomena are
observed in the frictional sound in the middle consonant.

Table 7.1d ablates the impact of decoder depth on mAP. A deeper 16-layer decoder
achieves better performance against its shallower variants. Note that our decoder uses
local window attention by default where only a fraction of tokens (4 local windowsvs.

64 8 with global attention) are attended. For global attention we nd 8-layer decoders to
perform better than 16-layer. Table 7.1e compares decoder width (embedding dimension).
A 512-dimension decoder achieves a good trade-o0 between computation and performance
as a wider one is not better.

Pre-training Data and Setup. Table 7.1f summarizes the impact of pre-training dataset
size when netuned with the full AS-2M dataset. Overall the model performance is mono-
tonically increasing when using more data for pre-training. Comparing the performance of
using 1% well-annotated AS-20K balanced data to using randomly sampled 20K unbalanced
data for pre-training, the similar mAPs (39.4 vs 39.6) suggest thattkeibutionof data
classes (balancegkrsusinbalanced) isfessmportant for pre-training. This is generally

the same for the case when we netune the model with the same fraction of the dataset,
as is shown in Table 7.1g. We also compared with AST (IN-SL), the di erence is more
dramatic. Evidently, AudioMAE SSL is more robust to the skewed distribution than the
supervised learning method. The performance gap can only be closed given enough data,
as is shown in gure 7.6. Millions of additional data brought up the mAP of the majority

of the classes. Meanwhile, as shown in Table 7.1h, training for longer is bene cial yet the
performance saturates after the 2h-epoch.
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Patch size, stride Seq shape FLOPs mAP Backbone #Params AS-20K AS-2M
(16,16), (16,16 64 8 48.6 47.3 ViT-S 22M 32.1 45.0
(16,16), (10,20) 1012 130.547.3 ViT-B 86M 37.1 47.3
(32,16), (16,16) 68 47.8 46.6 ViT-L  304M 37.6 47.4
(16,32),(16,16) 64 42.1 46.8

(a)Patch size and stride (b) Model size (encoder)

Attention type AS-20K AS-2M ESC-50 SID  Depth mAP Width mAP
Global® (vanilla) 36.6 46.8 936 94.1 2 468 256 46.9
Locaf1® (shifted) 37.1 473 941 9438 8 472 512 47.3

Hwin (local®+ global) 36.8 47.3 93.8 95.0 16 47.3 768 47.3

(c) Decoder attention comparison . Attn type(@ePt) (d) Decoder depth (e)Decoder width
% of AS-2M mAP % of AS-2M AudioMAE-mAP AST[ ]-mAP
19%(As-20K) 39.4 195(AS-20K) 37.1 34.7
1%(As-2m)  39.6 1%(AS-2M) 32.3 23.6
10% 42.6 10% 37.6 30.7
50% 46.4 50% 44.5 41.1
100% 47.3 100% 47.3 45.9
(f) Pre-training size for AS-2M (g) Pre-training size same as FineTune size
FineTune
epoch mAP scenario IN-SSL IN-SL AS-SSL AS-20K AS-2M
8 465 (1) X  37.1(0.0)47.3(:0.0)
16 46.8 (2) X 32.1(-5.0) 45.4(-1.9)
24 47.2 2) X X 32.5(-4.6) 45.9(-1.4)
32 473 (3) X X 36.9-02) 47.1(-0.2)
40 47.3 3) X X X 36.2(-0.9) 46.9(-0.4)

(h) Pre-training epoch (i) External ImageNet (IN) pre-training . SSL: w/
self-supervised MAE. SL: w/ supervised ( ne-tuned)
MAE.

Table 7.1Ablation studies on AS-2M
The gray entries are the default Audio-MAE setup (ViT-B encoder, decoder with shifted local
attention, pre-trained for 32 epochs). Table format follows [ 1.

Out-of-domain Pre-training on ImageNet. Initializing audio models from ImageNet
pre-trained weights has become popular for audio classi cation. However, as there are
signi cant discrepancies between image and audio modalities, it is questionable if out-
of-domain pre-training bene ts audio representation learning. In Table 7.1i we design 3
scenarios to investigate this for Audio-MAE: (1) Audio-only pre-training (AS-SSL) from
scratch. We consider this the ideal schema for learning audio representations as it is a
simple and clean setup that prevents uncontrollable bias transfer from other modalities. (2)



84  Self-Supervised Training: Masked AutoEncoder

Directly using self-supervised ImageNet MAE models (IN-SSL) and its ne-tuned variant
(IN-SL). (3) Audio-MAE self-supervised pre-training on top of these ImageNet weights.

The results show that (1) from-scrat@udio-onlypre-training is the best. For scenarios
(2) and (3), we observe that ImageNet pre-training alone (2) is not su cient (especially
when the downstream data is smaller, AS-20K), and, in self-supervised pre-training on
AudioSet, ImageNet initialization (3) does not help but degrades accuracy. Also in (3),
supervised ImageNet pre-training (IN-SL) seems harmful. Consequently, the result suggests
that out-of-domain pre-trainingice., ImageNet) is not helpful for Audio-MAE, possibly
due to domain shift.

Model Backbone PT-Data AS-20K AS-2M ESC-50 SPC-2 SPC-1 SID
No pre-training

ERANN [ ] CNN - - 45.0 89.2 - - -
PANN [ ] CNN - 27.8 43.1 83.3 61.8 - -
In-domain self-supervised pre-training

wav2vec 2.0 [ Transformer LS - - - - 96.2 75.2
HUBERT [ ] Transformer LS - - - - 96.3 814
Conformer [ ] Conformer AS - 41.1 88.0 - - -
SS-AST [ ] ViT-B AS+LS 31.0 - 88.8 98.0 96.0 64.3
Concurrent MAE-based works

MaskSpec [ ] VIiT-B AS 32.3 47.1 89.6 97.7 - -
MAE-AST [ ] VIiT-B AS+LS 30.6 - 90.0 97.9 95.8 63.3
Audio-MAE (global) ViT-B AS 36.6"11 46.8'06 93.6"11 98.3 06 97.6 06 94.1 06
Audio-MAE (local) ViT-B AS 37.0 "11 47.3 11 94.1 "10 98.3 06 96.9700 94.8 "11
Out-of-domain supervised pre-training

PSLA[ ] E Net IN 319 444 - 96.3 - -

AST [ ] DeiT-B IN 34.7 45.9 88.7 98.1 95.5 41.1
MBT | ] ViT-B IN-21K 31.3 44.3 - - - -
HTS-AT [ ] Swin-B IN - 47.1 97.0 98.0 - -

PaSST [ ] DeiT-B IN - 471  96.8 - - -

Table 7.2: on audio and speech classi cation tasks. Metrics are mAP for AS and accuracy
(%) for ESC/SPC/SID. For pre-training (PT) dataset, AS:AudioSet, LS:LibriSpeech, and
IN:ImageNetY: Fine-tuning results with additional supervised training on AS-2M. We
gray-out models pre-trained with external non-audio datasetgy( ImageNet). Best single
models in AS-2M are compared (no ensemblédjnear evaluation results from | ]
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7.4.5 Comparison with the State-of-the-art

Table 7.2 compares Audio-MAE (with 3-run error bars) to prior state-of-the-art. We
categorize the comparison into 3 groups. For a fair comparison, our main benchmark is the
models in the middle group with self-supervised pre-training on in-domain (audio) datasets
(AudioSet and LibriSpeech). For reference we also list other models without pre-training
(the top group) and other models with supervised pre-training on out-of-domain ImageNet
(the bottom group), where the latter contains the previous best systems on the datasets.

Figure 7.6: Perfomance of AS20k vs AS2M

Pre-trained on AudioSet, Audio-MAE achieves the best performance across all tasks
compared to other models with in-domain self-supervised pre-training. On AudioSet-20K,
its 37.1 mAP signi cantly outperforms all other approaches including concurrent works
and other models with out-of-domain pre-training. On AudioSet-2M and ESC-50, our
method also outperforms Conformer [ ] and SS-AST | ]. Notably, unlike
SS-AST and concurrent MAE-AST [ ], which trained with additional 1,000 hours of
speech in Librispeech, we use only AudioSet for pre-training. Figure 7.6 showcased that
most classes bene ted linearly from more data. This trend also applies to all the models
discussed in Chapter 6, the low-performing classes mostly remain low-performing, there
are 81 of the bottom 100 performance classes remained in the bottom 100 classes when
going from AS-20k trained to AS-2M trained. For instance, female/ male speech classes
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(0.03 mAP, 0.05 mAP) are much worse than speech class (0.81mAP), this could be due
to the highly imbalanced distribution of the training data. This issue could be alleviated
through oversampling as will be shown in Chapter 13 Y 13.7, but it is di cult to eliminate

due to various other issues such as labeling errors and lack of distinguishability.

(a) Unstructured 1 2 3 (b) Unstructured 1 2 3 (c) Unstructured 1 2 3 (d) Unstructured 1 2 3

(e) Structured 123  (f) Structured 1 23  (g) Structured 123  (h) Structured 12 3

Figure 7.7: Spectrogram reconstruction visualizations on the AudieSatset. Column-

wise type: speech, music, event, others. Masking type: (a-d) unstructured (random);
(e-h) structured (timefrequency). Masking Ratio: 70%. In each group, we show the
original spectrogram (1, top), masked input (2, middle), and MAE output (3, bottom). The
spectrogram size is 102428, patch size is 186. Each sample has 68=512 patches

with 154 (70% masked) patches being visible to Audio-MAE. Please click (1 2 3) for audible
wans.

In the bottom group of Table 7.2, Audio-MAE also outperforms previous state-of-
the-art models with ImageNet supervised pre-training. Note that the proposed Audio-
MAE does not rely on any out-of-domain data and labels, nor use knowledge distillation
(e.g, DeiT) from additional CNN-based models. Also, compared to HTS-AT [ ]
and PaSST [ ], Audio-MAE is trained with audio under 16K sampling rate. As



	List of Figures
	List of Tables
	Abstract
	Acknowledgements
	Contents
	Introduction
	Background and Motivation
	Thesis Outline

	Building an Audio Visual Event Recognition System that performs well
	Deep Learning Methods for Environmental Sound Detection
	Introduction
	Experiments
	Results
	Discussion
	Conclusion

	Deep Dive into CNNs: 1D CNN + Raw Audio
	Introduction
	Very Deep Convolutional Networks
	Experiment Details
	Results and Analyses
	Conclusion

	Multiple Instance Learning and Pooling
	Introduction
	Multiple Instance Learning
	Dataset & Challenges
	Experimental Setup and Results
	Discussion
	Conclusions

	Adding Visual Cue to Audio Classification
	Introduction
	Methodology
	Experiment
	Conclusion

	CNN versus Transformer Family
	Introduction
	Tabular view of State-of-the-art Audio Event Detection Systems
	Experiments & Results
	Data Quality & Data Efficiency
	Impact of Pretraining
	Insights regarding Optimization Process
	Data Augmentations & Normalization & Balancing
	Discussion of Metric
	Efficiency Accuracy Tradeoff GPU versus CPU for CNNs versus Transformers
	Conclusion:

	Self-Supervised Training: Masked AutoEncoder
	Introduction
	Related Work
	Audio Masked Autoencoders (Audio-MAE)
	Experiments
	Conclusion


	Robustness of Audio-visual Systems
	Verifying Threats
	Introduction
	Adversarial Camera Sticker
	Vision Experiments and Results
	Audio Adversarial Attack: Adversarial Music
	Audio Adversarial: Background
	Synthesizing Adversarial Music against Alexa
	Audio Experiments and Results
	Conclusion

	Robust Multi-Modal Fusion
	Introduction
	Related Work
	Approach
	Experiments
	Conclusions

	Understand by Breaking Multimodal Fusion
	Introduction
	Background and Related Works
	Adversarial Perturbations
	Experiments
	Results and Discussion
	Conclusion

	Unimodal versus Multimodal Robustness, Quantify Robustness
	Introduction
	Related Work
	Background
	Challenge Common Assumptions in Multimodal Learning
	Metrics for Class-wise robustness
	Density-Convexity based Mix-up
	Experiments
	Conclusion

	Noise Robustness under Common Corruptions versus Adversarial Robustness
	Introduction
	Common Corruptions and Adversarial Perturbations
	Through the Lens of Confusion Matrix
	Through the Lens of Sharpness:
	Conclusion


	Towards Generalization and Robustness in Audio-Visual Event Recognition Systems
	Audio-Journey: Diffusion to improve Generalization and Robustness
	Introduction
	Background & Related Works
	Harnessing LLMs to generate Audio+Visual Captions: Prompt Engineering
	Text-guided Diffusion in Quantized Latent Space
	Diffusion as Data Augmentation for better Generalization
	Diffusion As Denoiser for better robustness
	Experiment and Results

	Thesis Conclusion and Contribution
	Future Work
	Appendix for Chapter 6
	Quantization:
	Training Details:
	FLOPS Count & Hooks:
	Quantization Details:
	Hardware and Software:
	Other Models

	Appendix for Chapter 11
	Proof of Theorem 1

	Appendix for Chapter 13
	More on Prompt Engineering:
	Training Details
	Cross Attention Mechanism
	Additional Samples and Demos

	Bibliography


