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Abstract

Sounds are essential to our physical environment and play a critical role in allowing
us to interact with it effectively. Throughout our lives, we develop the ability to
interpret and understand the myriad sounds surrounding us, allowing us to navigate
and function seamlessly within our environments. The goal of computational audio
processing or computational audition is to accurately emulate this ability of the human
brain (and even that of animals). At the broadest level, this thesis explores the challenge
of teaching machines to interpret and understand the acoustic landscape.

For machines to accurately interpret the acoustic environment, they must be able
to distinguish all types of sounds. However, the range of possible sounds in this world
is vast and their complete variety is unknown. Current audio understanding and
interpretation approaches are constrained to recognizing a limited subset of “known”
sounds (or sound events) in digital audio recordings. Even within the subset of known
sounds, current modeling approaches for detecting and interpreting them require large
labeled datasets to achieve good performance. In real-world scenarios, the scarcity of
labeled data often hampers the effectiveness of supervised learning algorithms, limiting
their scalability and applicability.

A central contribution of this thesis is the development of methods for detecting
known sound events without the need for extensive and accurately labeled data. Models
trained in the absence of accurately labeled data often perform suboptimally, regardless
of the size of the dataset used. This work addresses the problem of formulating effective
strategies for modeling sound with imprecisely labeled training data. In other words,
we address the problem of building accurate models from weakly labeled data. The
term weak labels also refers to labels that only indicate the presence or absence of an
event without specifying the exact temporal boundaries of an event.

Accurate labeling of large datasets is both time-consuming and costly and is sen-
sitive to human judgment, thus requiring trained annotators with domain knowledge.
Unfortunately, large training datasets almost always contain examples with inaccurate
or imprecise labels. Inaccurate labels are also called “noisy” labels. Algorithms trained
using noisy labels typically underperform in detection tasks. In addition to label noise,
which comprises inaccuracies in label identity and quality, there are often also additional
sources of noise that result in the degradation of model performance. These stem from
poor signal quality, which can result from many factors (e.g., coding, channel, and
transmission errors). In the presence of weak labels and signal noise, we encounter a
paradoxical situation where providing more data to deep networks or other data-driven
learning frameworks actually degrades performance and introduces biases that are
essentially tantamount to memorizing training label noise patterns.

One of the solutions explored in this thesis is to strengthen the available annotations.
However, it is also equally, if not more important to develop techniques that impose
less stringent labeling requirements on training data, while allowing the models to learn
better. For the large part, we focus on these in our work. Our specific strategies include
the following:
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1. Studying the e ects of label noise, label corruption, and label density in the
process of learning with weak labels.

2. Building a novel co-training approach to learn sound events from the web (internet)
data without any human labeling (we show that our solution results in signi cant
improvement over models that are trained directly with weakly labeled data).

3. Developing strategies to exploit additional cues that add negligible annotation
or computational overhead. Examples of such cues are counts of sound events,
proportions of the sound events (in terms of occurrence), duration of sound events,
etc. We refer to such cue-strengthened labels as semi-weak labels.

4. Developing strategies based on the notion ofegativesfor sound labels (weak
or strong), including exploiting all available information in the recording to
complement or contrast the target label.

5. Improving audio segmentation using imprecise labels.

6. Examining the importance of the proximity of counts in a bag for semi-weak label
learning by controlled factoring of the distribution of thecount of weak labels, we
examine how such factoring of the recordings in uences learning.

As a nal major advancement in this thesis, we also address the problem of learning
without labels. We devise a novel method to perform unsupervised adaptation on
multimedia datasets as a partial solution to this problem. The strategy we propose also
generates new labels for the data, using which we are in the process of creating what
we believe is currently the largest dataset of sound events with labels that have been
computed in a completely unsupervised fashion.

Furthermore, we explore the feasibility of devising a uni ed framework to encapsulate
all aforementioned approaches, namely learning with weak labels, learning without labels,
combining weak and strong labels, using weak labels with additional cues (semi-weak),
learning in the presence of noise, etc. In this uni ed framework, all these strategies will
become special cases that can be invoked as necessary during the modeling.

This thesis establishes a robust and coherent foundation for future research in
computational audition, o ering innovative approaches for modeling and understanding
the world of sounds under varying degrees of label precision, label quantity, and data

quality.
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Introduction

Imagine standing on a street corner in the city. With your eyes closed, you can hear
and recognize a succession of sounds: cars passing by, people speaking, their footsteps
when they walk by, and the continuously falling rain. Recognition of all these sounds
and interpretation of the perceived scene as a city street soundscape come naturally
to humans. However, it is the result of years of training : encountering and learning
associations between the wide variety of sounds in everyday life, the sources that produce
these sounds, and the names given to them.

Our everyday environment consists of many sound sources that create a complex
mixture of audio signals. Human auditory perception is highly specialized in the
segregation of sound sources and the direction of attention to the source of the sound
of interest. The goal of automatic sound event detection (SED) methods is to recognize
what is happening in an audio signal and when it is happening in a similar manner.

Sounds are an essential component of our physical environment. They convey
important information about our surroundings and enable us to perceive and interpret
events that occur around us. Our perceptions of sound are multi-tiered we perceive
entire sound scenes (i.e. overall soundscapes such as the acoustic environment of an
airport or inside a house) as well as individual sound events (e.g. car honks, footsteps,
speech, etc.).Interpreting the acoustic environment around us requires us to be able to
distinguish, or discriminate between, all types of sound.
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The term sound event detection refers to the detection of sound events within an
audio recording, or the task of identifying and temporally locating the occurrences of
di erent types of sounds, and recognizing the categories they belong to. Some common
examples of sound events include speech, music, laughter, or the sound of a door closing.
Sound event detection is an important area of research and is used in many applications
such as noise monitoring in smart citiesg] 7], surveillance 8], urban planning 6],
multimedia information retrieval [9, 10|, in domestic applications such as smart homes,
in health monitoring systems and home security solutiond ], 12, 13 etc., to name a
few. In recent years, this area has gained increasing focus from the broader machine
learning, arti cial intelligence, and audio processing research communities.

Machine learning models typically need large, labeled datasets to achieve state-of-
the-art performance. This presents a bottleneck: supervised learning approaches do
not scale well to real-world scenarios due to a lack of labeled data. Labeling large
datasets accurately requires a signi cant investment of time and money. Furthermore,
skilled annotators with domain expertise are required for the task, and the accuracy
and completeness with which they can label data is limited by their judgment and
biases. Hand-labeled data also pose challenges in building applications in a systematic,
privacy-preserving, or compliant manner [14, 15].

For audio and video data, in addition to the class label, it is also necessary to
identify the time intervals within which the sound occurs;i.e. accurate temporal labels
are required during the model learning processes. This is true even for the most current
machine learning and deep learning-based models: their success largely depends on
the quality of labeled training data used to train them. The presence of label errors
(label noise) in the training data can greatly reduce the accuracy of even the best of
these models. Unfortunately, large training datasets almost always contain inaccurate
or incorrect labels 16, 17]. These tend to be memorized by most models, resulting in
relatively poor model performance in practice [18].

In light of the considerations above, it is useful to develop techniques that impose
less stringent labeling requirements on the data while still achieving good performance.
Labels that are not required to be very speci c, or temporally precise are generally
much easier to generate (automatically or by humans).

A popular approach for this is the use of weak labels. The term weak labels
generally refers to labels that are assigned to bags (i.e., sets or collections) of instances.
A bag is labeled positive for a class if at least one instance in the bag is positive for the
class and is labeled negative otherwise.

In the context of audio analysis (originally proposed in1[9)), weak labels are de ned
as those that provide information about the presence or absence of a sound event or
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class in a recording but do not provide ner granularity of information, such asvhere
these events occur in the recording, or even how many times they occur. Such labels
are considerably less expensive to collect, and it has been shown in prior studies that
such labels are su cient to learn e ective classi ers [20, 21].

However, classi ers that are trained with weakly-labeled data perform signi cantly
more poorly than those that are trained using strongly (or precisely) labeled data. This
is true despite recent advances, and even when the weak labels are accurate. Additional
suboptimalities arise when the weak labels themselves are imprecise (i.e. of uncertain
quality). This happens generally in scenarios where they are too easily, or automatically
obtained, e.g. by harvesting labels from metadata or comments associated with videos
uploaded to services on the internet. Weak labels from such sources are likely to be
noisy in many ways, e.g. indicating the presence of a sound when there is none, or
missing the occurrences of sounds in a recording.

In addressing these challenges, there is great potential for improvement in
techniques for training audio classi ers using imprecisely (or non -strongly)
labeled data. This is the focus of this thesis.

Our work focuses on devising techniques to improve audio classi cation using weak
labels. Within this framework, we address a variety of problems such as devising basic
formalisms for training sound event detectors from weak labels, determining the relative
importance of class-positive and class-negative audio for the classi er, and dealing with
labeling ambiguities that arise when labels are collected from noisy sources such as the
internet, etc.

The research presented here can be viewed as part of a broader e ort to minimize
annotation costs while still achieving strong empirical results. As mentioned above,
a strong advantage of weak labels is that they impose a much lower labeling burden.
However, it is worth investigating how their quality can be improved with minimal e ort.

To this end, we also investigate approaches that can re ne weak labels with additional
information, such as counts and ontologies, with minimal additional computational
e ort. As an extreme case, we also investigate approaches whee labels are available
for the data used for training. Finally, we aim to formulate a common formal framework
that encompasses all of these solutions. Ultimately, the goal is to bridge the gap
between the remarkable abilities of human auditory perception and the current state of
computational audition.

In this section, we detail the structure of this thesis and highlight signi cant
contributions made to its various components.
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1.1 Organization of the Thesis

The chapters of this thesis are organized into seven sections:

~ Section 1 - Introduction:  This section provides a broad overview of the eld,
highlighting the importance of sound event detection, the challenges of relying on
strong annotations, and the opportunities and obstacles presented by weak labels.

" Section 2. NELS and DCASE Discusses issues related to learning models
from data at scale, using practical systems as experimental settings. It comprises
the following chapters:

1. NELS : Techniques developed to enable continuous learning of sound events.
These are described in the context of a large-scale sound event classi cation
system called the Never Ending Learner of Sound, or NELS. The goal of
NELS is to be able to assign audio annotations to audio recordings on the
internet, continuously update itself from data, and infer sound classes from
natural language.

2. DCASE : Challenges unraveled and addressed in a large-scale competitive
evaluation called Detection and Classi cation of Acoustic Scenes and Events,
or DCASE, on learning audio classi ers from weak labels and enhancing
audio understanding systems.

Section 3: Addresses the generic problem of learning with weak labels, and the
speci ¢ problem of weak-label-based learning for sound event detection. It includes
solutions for dealing with noise and uncertainty in weak labels, and extending weak
labels with easily obtainable information. It comprises the following chapters:

1. Learning from weak labels:  Describes the formalisms we have developed
for learning acoustic event detectors from weak labels, and presents empirical
results showing that it is possible to achieve good acoustic event detection
performance with models learned from weakly-labeled data.

2. Webly labeled data: Describes our solution to learning from weak labels
culled from sources such as the Internet. Such labels tend to be noisy and
uncertain and pose many challenges during learning.

3. Semi-weak labels: Describes our work on extending or augmenting weak
labels with additional easily obtained information. We especially focus on
the counts of events, i.e. the number of times an event has occurred in a
recording. We refer to such labels as semi-weak labels and a solution for
learning audio classi ers with semi-weakly labeled data.

4
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" Section 4. Discusses ways of identifying and exploitingtructure in the data.
It comprises the following chapters:

1. The usefulness of samples: It is known that not all training samples are
equally important in learning a classi er. This is particularly true when
training with weak labels. This chapter describes ways to identify the relative
importance of samples, based on which we propose some e ective sampling
strategies.

2. Using Ontologies: Ontologies provide useful information about how sound
events are related to each other. In this chapter, we investigate ways of
building ontological hierarchies of sounds using weakly labeled data and
building classi ers based on those.

" Section 5: This section comprises a single chapter that describes our proposed
uni ed formalism that incorporates solutions to the various problems we address
in the context of training classi ers with imprecisely labeled data.

Section 6 - Conclusion and Future work: This section contains a chapter
that presents our conclusions mainly insights drawn from our work so far. It
also presents future directions.

A

Appendix: Discusses the following topics 1) Unsupervised adaptation at test
time - an approach critical for any learning task, 2) Learning without labels - An
extreme case of weakly labeled data is unlabeled data and we present an approach
to exploit the large corpora of this data with empirical evidence of improvements,
3) Strengthening of labels and open research problems, 4) Appendix for uni ed
formalism with additional results.

Conclusion

In this thesis, a comprehensive exploration of the synergies between audio signal
processing and machine learning has been undertaken, with a speci c focus on the
integration of advanced machine learning techniques, particularly deep learning, into
the realm of audio analysis. The research presented here has traversed foundational
concepts to sophisticated methodologies, culminating in a discussion of potential future
directions that could shape the eld.

The foundational aspects of audio signal processing and machine learning were rst
delineated, establishing the necessary context and framework for subsequent, more
specialized discussions. This foundational knowledge is vital for understanding the



6 CHAPTER 1. INTRODUCTION

Figure 1.1: Overall Thesis Outline

complexities inherent in the analysis and interpretation of audio signals. The exploration
of signal processing techniques and machine learning fundamentals lays the groundwork
for the advanced concepts that follow.

In the realm of Sound Event Detection (SED), this thesis has provided an in-depth
analysis of current methodologies, highlighting the challenges and innovations in this
eld. The discussion encompassed both traditional signal processing techniques and
modern machine learning approaches, emphasizing the increasing importance of the
latter in extracting nuanced patterns from complex audio data. The exploration of
SED served as a precursor to the examination of weak label learning, a critical aspect
of contemporary machine learning in audio signal processing.

The role of weak labels in machine learning was scrutinized, addressing both the
opportunities and challenges they present. This discussion was extended to include
speci ¢ algorithmic approaches for learning from weakly labeled data, with a particular
emphasis on Convolutional Neural Network (CNN) architectures. The insights gained
from these discussions underscore the importance of precise data annotation in the
training of e ective machine learning models and highlight ongoing e orts to optimize
algorithms for weak label learning.

The thesis further delved into the practical applications and implications of these
concepts through the analysis of two major projects in the eld, NELS and DCASE.
These case studies not only provided empirical evidence of the capabilities and limitations
of existing techniques but also o ered a perspective on the practical challenges faced in
real-world implementations of audio signal processing systems.

Addressing the challenges of learning from noisy and web-sourced data, the thesis
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explored contemporary strategies and methodologies, re ecting the increasing relevance
of these data sources in the era of big data. This discussion highlighted the need for
innovative approaches to handle the unique characteristics of such data.

Looking towards the future, the thesis proposed new directions for research and
development in the eld. The exploration of semi-weak label learning, ontology inte-
gration in audio analysis, and emerging trends in sound localization and unsupervised
learning point toward a landscape ripe for innovation. These future directions not only
address current limitations but also open new avenues for research, promising signi cant
advancements in the e ciency and e cacy of audio signal processing systems.

In conclusion, this thesis contributes to the academic discourse in audio signal pro-
cessing and machine learning by providing a nuanced understanding of the current state
of the eld and its potential trajectory. The research presented herein is characterized
by its academic rigor, technical depth, and practical relevance, o ering valuable insights
and frameworks for both theoretical exploration and practical application. The ndings
and discussions pave the way for future innovations, encouraging continued research
and development in this dynamic and evolving eld. The hope is that this work will
serve as a foundation for future studies and innovations, driving the eld forward in
the years to come.!

LCode for thesis available athttps://github.com/cmu-mlsp/ankit-phd-thesis
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Section |l : NELS and DCASE

During the early stages of this dissertation, large-scale audio analysis systems were still
relatively rare, so we set about creating two platforms to aid in our work:

1. NELS, a large-scale indexing platform that was intended to index audio on the
web by content. Possibly the earliest of its type of platforms, NELS enabled a
continuously expanding vocabulary of sound classes, as well as content-based
retrieval of audio through natural-language text queries.

2. To deal with the paucity of data of the form we deal with, and to popularize the
general area of research of dealing with such data, we designed and conducted
DCASE challenges.

Both NELS and DCASE not only contributed signi cantly to the work in this thesis,
but have also helped advance the eld in general. Since its inception in 2016, NELS was
reported in several research publications discussed in Section 2.7, and has won multiple
awards. The DCASE challenges (and their o shoots) and the data remain popular. In
the two chapters of this section, we describe NELS and our DCASE challenges.



Never Ending Learner of Sound

Videos and sounds available on the internet constitute the largest archive of sounds
that we know of. They are continuously updated, and their volume on the internet
increases by the minute, if not by the second. It is estimated that more than a million
minutes of videos are being uploaded to the Internet each minute. This constitutes the
vast majority of all consumer tra c [ 22]. The ability to recognize sounds in all these
recordings is key to organizing, understanding, and exploiting rapidly growing audio
and multimedia data.

However, most Internet recordings have unlabeled content, making it di cult to use
them for automatic sound analysis, indexing, and retrieval. To enable these applications,
it is important to develop methods that address the challenges involved in learning
from such data, such as those that leverage the relation between sounds and language
to assign labels, those that recognize and di erentiate between diverse sound classes,
and also methods of continuous, large-scale evaluation of the implemented techniques
for sound analysis.

To work on these challenges and to consolidate the solutions on one platform, we
developed a system that continuously learns from the data on the internet. It attempts
to learn relations between sounds and language and improves sound recognition models
over time.

We call this system the Never-Ending Learner of Sounds (NELS). It is available
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online at nels.cs.cmu.edu .

2.1 Prior work on sound recognition and understanding

At the time of this work research on sound recognition, such a3, 24, 25, 26|, largely
focused on curated data, with carefully collected and recorded audio. These generally
used well-de ned, task-oriented sets of sound classes. In addition, they include a limited
set of classes and samples and have have rich descriptions of their content.

In contrast, the challenges of learning from weakly curated or uncurated web audio
were, and indeed remain relatively under-explored. Similar challenges that use data
collected in an unstructured manner, with an unbounded number of sound classes
covering a wide range of topics, include an ever-growing number of classes and samples,
and have insu cient, unavailable, or wrong descriptions, etc. are necessary to develop
good solutions for learning from imprecisely labeled data. These requirements strongly
motivate a system like NELS.

Never-ending learning architectures that learn many types of knowledge from years
of diverse sources, using previously learned knowledge to improve subsequent learning
with su cient self-re ection to avoid learning stagnation, have been explored previously
in the literature in other contexts, e.g. Never-Ending Language Learne27] for text
and Never-Ending Image Learner [28] for images.

In contrast, NELS represents the rst such system for learning sounds. To enable a
system such as NELS, we need (in the least) strategies that learn associations between
sounds and language (metadata, ontologies, descriptive terms), continuously grow
acoustic vocabularies, improve the robustness of sound recognizers, and evaluate the
performance of sound recognizers in the absence of prior knowledge of the source or
generation process.

The following sections address our work towards developing each of these strategies
under NELS.

2.2 Learning associations between sounds and language

In the context of NELS, examples of associated knowledge are semantics related to
objects, events, actions, places [29], cities [30, 31] or qualities [32, 33].

The following paragraphs describe the indexing and search (using indexed sounds)
within the NELS framework. These use elements of associated knowledge such as those
in the examples mentioned above.

The NELS framework includes data acquisition through a crawler that runs con-
tinuously (24/7), collecting audio and metadata from YouTube videos. From these, it

10
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creates a content-based index based on a vocabulary of 605 sounds.

To initialize the process, NELS uses search queries corresponding to 605 sound event
labels from four di erent datasets. The queries are used to collect the corresponding
audio and metadata from YouTube videos. The video metadata is extracted using the
Pafy API [34] and corresponds to 12 attributes, such as title, URL, and description.
The crawled metadata are used to index the audio content. Although NELS can feed
from di erent sound web archives, we selected YouTube as our rst source due to its
diversity of sounds and the available metadata associated with them.

The procedure for indexing further involves sound recognizers and their evalua-
tions, combined with meta-data gathered from the automatic downloads. The sound
recognizers are initially trained using data from various sources, including web audio.
Their performance is evaluated using standard evaluation metrics such as the F1 score
and precision for classi er detections, as well as evaluation of the segmented data was
performed using human feedback. Combining crawled metadata, sound recognition
predictions, and human feedback is done as follows:

We crawled over 2300 hours of audio corresponding to 4 million video segments of
2.3 seconds. The indexed audio content is available for search and retrieval using our
engine on the user interface.

2.2.1 Relation between sounds and language

Language can describe audio content, be used to search for sounds, and help to de ne
sound vocabularies35. However, the relationship between sounds and language is
still an inchoate topic. To better understand the language usage for our indexing, we
performed two studies.

First, sound recognition results 23, 36] evidenced how although two sound events:
quiet streetand busy streetde ned audio from streets, the quali er implied di erences
in the acoustic content. These kinds of nuances can be described with Adjective-Noun
Pairs (ANPs) and Verb-Noun Pairs (VNPS) BZ. Our team collected one thousand pair
labels derived from di erent audio ontologies. The audio recordings containing the sound
events and their pair labels were crawled from the collective archiveesounds.org It
was concluded that despite the subjectivity of the labels, there is a degree of consistency
between sound events and both types of pairs.

Second, in 83|, we wanted to identify text phrases that contain a notion of audibility
and can be termed as a sound event. We noted that sound-descriptor phrases can
often be disambiguated based on whether they can be pre xed by the words sound
of without changing their meaning. Hence, by matching the combination sound(s) of
<Y> where Y is any phrase of up to four words to identify candidate phrases, followed

11
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by applying a rule-based classi er to eliminate noisy candidates, we obtained a list
of over 100,000 sound labels. Further, we could also discover ontological relations by
applying a classi er to features extracted from a dependency path between a manually
listed set of acoustic scenes and the discovered sound labels. For example, forests may
be associated with the sounds ddirds singing breaking twigs cooing and falling water.

2.3 Continuously growing acoustic vocabularies

An essential component of continuously growing sound vocabularies is to continuously
acquire new data. We do this through continuous crawling based on newer queries
generated by NELS by analyzing data obtained in response to the initial 605 classes.

In contrast to audio-only recordings in archives such aseesounds.orgcollecting
audio from videos poses several problems. YouTube contains a vast variety of videos,
and a proper formulation of the search query is necessary to Iter videos with higher
chances of containing the desired sound event. Typing a query composed by a noun
such asair conditioner will not necessarily fetch a video containing the corresponding
sound event because the associated metadata often corresponds to the visual content.
For example, it may contain visuals and descriptions of air conditioner inventory in an
electronics shop.

As a solution, we modify the query to be a combination of keywords, for example,
air conditioner sound. Although the results were empirically improved in response to
this, there is still no guarantee that the sound event will occur in the recording. On the
other hand it may be present, but of very short duration, overlap with other sounds, or
have a low relative volume.

We use the heuristic of discarding videos longer than ten minutes and shorter than
two seconds because they are either likely to contain unrelated sounds or be too short
to be useful.

2.4 Improving the robustness of sound recognizers

Extending the training dataset and improving the classi ers improves the robustness
of sound recognizers. We initialize by using the data obtained from the initial 605
sound events (obtained from four annotated datasets) to train classi ers. We then use
the trained classi ers to recognize newly crawled YouTube video segments that are
unlabeled. These pseudo-labeled data are then used to improve the classi ers. The
class predictions are also used to index the audio content.
Initially, we used the Convolutional Neural Networks (CNNs) classi er described
in [37], trained on the following datasets. Using curated annotations in these datasets

12
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for initialization helps us deal with mismatch conditions and improves robustness.

1. ESC-50: The ESC-50 databased/] has 50 classes from ve broad categories:
animals, natural soundscapes and water sounds, human non-speech sounds, inte-
rior/domestic sounds, and exterior sounds. The dataset consists of 2,000 audio
segments with an average duration of 5 seconds each.

2. US8k: The US8K or UrbanSounds8K 76] database has 10 classes (such as
gunshot, jackhammer, children playing). The dataset consists of 8,732 audio
segments with an average duration of 3.5 seconds each.

3. TUT16 (Task-3) : The TUT 2016 (Task-3) B6 has 18 classes (such as car
passing by, bird singing, door banging) from two major sound contexts, namely
home context and residential area. The dataset comprises 954 audio segments
with an average duration of 5 seconds each.

4. AudioSet : The AudioSet dataset B8 has 527 classes and 2.1 million audio
segments with an average duration of 10 seconds each.

The recordings in the data sets above are segmented into 2.3 seconds and converted
into 16-bit encoding, mono-channel, and 44.1 kHz sampling rate WAV les as i37].
Then, we extract features comprising log Mel-spectrogram with 60 mel-bands with a
window size of 1024 (23 ms) and a hop size is 512. These features are used to train
multi-class classi ers using CNNs for each dataset.

Subsequently, audio from both the datasets and crawled video segments are prepro-
cessed and classi ed. Ultimately, NELS is meant to be classi er agnostic and the bank
of classi ers used will include multiple types of classi ers.

2.4.1 Continuous semi-supervised learning of sounds.

NELS should use existing curated sound datasets and non-curated web audio to improve
its learning. Previously, semi-supervised self-training approaches have been used to
improve sound event recognizers [39, 40]. In [40], we used an earlier version of NELS.
Its classi ers were trained and tested using the US8K dataset consisting of about 8,000
labeled samples for 10 sounds. For re-training, we used 200,000 unlabeled YouTube
video segments. Similar to the earlier work of4[)], but with mismatched data, we
achieved about 1.4% overall precision improvement. Regardless of the improvement,
we reached a learning plateau. This could be due to mismatched conditions between
training and self-training audio. The initial class bias is introduced by the hand-crafted
dataset, and the use of ambiguous YouTube audio to self-train sound classes. Therefore,

13
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additional investigation is required to glean insights from the continually expanding
repository of web audio.

2.5 NELS Framework

In its current form, NELS is a framework that continuously (24/7) crawls audio
and metadata from YouTube videos and creates a content-based index based on a
vocabulary of 605 sounds. The sound recognizers were trained from a variety of sources,
including web audio itself. NELS also evaluates the quality of the recognition through
human feedback. The audio content is indexed combining the crawled metadata, sound
recognition predictions and human feedback. The indexed audio content is available for
search and retrieval using our engine on the website.

Figure 2.1: The framework serves as a continuous audio content indexer, a sound
recognition evaluation, and a search engine for the indexed audio.

2.5.1 Crawl

In this module, a search query is used to crawl audio and metadata from YouTube
videos. The query corresponds to 605 sound event labels from four di erent datasets.

14
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The video metadata is extracted using the Pafy APland corresponds to 12 attributes,
such as title, URL, and description. The crawled metadata is used to index the audio
content.

Although NELS can feed from di erent sound web archives, we selected YouTube as
our rst source due to its diversity of sounds and the available metadata associated with
them. In contrast to audio-only recordings, collecting audio from videos poses several
challenges. YouTube contains a massive amount of videos and a proper formulation
of the search query is necessary to Iter videos with higher chances of containing the
desired sound event. Typing a query composed by a noun suchaas conditioner
will not necessarily fetch a video containing such sound event because the associated
metadata often corresponds to the visual content; contrary to audio-only archives such
as freesounds.org Therefore, we modi ed the query to be a combination of keywords:
<sound event label> sound , for example, air conditioner sound . Although the results
empirically improved, the sound event was not always found to be occurring and even if
it was, sometimes it was present within a short duration, overlapping with other sounds
and with low volume. We discarded videos longer than ten minutes and shorter than
two seconds because they were either likely to contain unrelated sounds or were too
short to be processed.

2.5.2 Hear & Learn

In this module, we used 605 sound events from four annotated datasets to train classi ers
and run them on the crawled YouTube video segments, which are unlabeled. The class
predictions are also used to index the audio content.

The framework is being developed so that given a set of guidelines, new datasets
could be added seamlessly. NELS should be able to take advantage of existing curated
annotations, however dealing with mismatch conditions. The current four datasets
are: ESC50, US8k, TUT16 (Task-3), and AudioSetESC-50 [37] has 50 classes from
ve broad categories: animals, natural soundscapes and water sounds, human non-
speech sounds, interior/domestic sounds, and exterior sounds. The dataset consists
of 2,000 audio segments with an average duration of 5 seconds eathe US8K or
UrbanSounds8K][26] has 10 classes likgun shot, jackhammer, children playingThe
dataset consists of 8,732 audio segments with an average duration of 3.5 seconds each.
TUT 2016 (Task-3) [36] has 18 classes likear passing by, bird singing, door banging
from two major sound contexts namely home context and residential area. The dataset
consists of 954 audio segments with an average duration of 5 seconds eAddioSet [38]
has 527 classes and 2.1 million audio segments with an average duration of 10 seconds

Ihttps://pypi.python.org/pypi/pafy
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each.

The audio from both the datasets and crawled video segments are preprocessed
and classi ed. NELS is meant to be classi er agnostic. At the time of the original
work, we followed a Convolutional Neural Networks (CNNSs) classi er setup described
in [37]. Recordings are segmented into 2.3 seconds and converted into 16-bit encoding,
mono-channel, and 44.1 kHz sampling rate WAV les as ir8[f]. Then, we extracted
features comprising log-scaled mel-spectrograms with 60 mel-bands with a window size
of 1024 (23 ms) and a hop size is 512. Lastly, the features are used to train multi-class
classi ers using CNNs for each of the datasets. The system has since been updated to
use a more contemporary architecture [41].

2.6 Evaluation in the absence of prior knowledge

The evaluation of NELS is included in its user interface. This is shown in Fig. C.4.

Figure 2.2: NELS user interface Interface: The user interface takes a text query and
recovers audio recordings that best match the text in the indexed database.

The user interface for NELSnels.cs.cmu.edu and currently serves two purposes:
1) to evaluate sound recognition using human feedback, which is also part of the audio
indexing, and 2) to provide a search engine for indexed audio content.

16
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In NELS, search is an integral part of the evaluation, and we describe this rst.

2.6.1 Search

The user interface provides a search eld to capture a term (text-query) for searching
for sounds. The term is mapped to the closest of available sound classes. Our initial
implementation performed the mapping using the toolvord2vec[42] and a precomputed
vocabulary of 400,000 words calle@Glove [43]. Word2Vec computes vector represen-
tations of vocabulary words and the text query. It then computes cosine similarity
between the text query, the precomputed vocabulary, and our list of sounds. More
recently we have switched to more contemporary encoders such 48.[ Since our list of
sound classes does not necessarily match all the words of the precomputed vocabulary,
we only consider words within a similarity threshold of 0.15 (otherwise no results may
be retrieved). This is used to provide an additional functionality to the NELS interface
that of matching sounds. This allows the user to paste a YouTube video link on a second
text eld, inresponse to which NELS yields the dominant sound in the corresponding
video.

As part of the human evaluation strategy, each displayed video segment resulting
from the text-based search can be evaluated by the user with a two -button option:
Correct or Incorrect (i.e., whether the human claims that the system's predicted class
was present within the given segment or not). Figure 2.3 shows some examples.

Figure 2.3: Examples of indexed video segments using NELS. One shows an example
where the title and images are related for aan-openingsound. Two shows an example
where asiren wailing sound and title are related, but not the visual sound source, which

is a child rather than an electronic device. Three shows an examplepmd-oink sound,
which matches the visuals but not with the title and text metadata. Four shows the
thumbnail of a video that was indexed but eventually deleted by the user.

2.6.2 Evaluation of the learning quality

NELS indexes audio content 24/7, but these segments are unlabeled or have weak or
wrong labels. Therefore, nding methods to evaluate quality automatically at a large
scale is essential. A solution is to include human interventio4]. Hence, our user
interface allows human feedback collection to assess the correctness of sound event
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indexing. Nevertheless, human feedback may be slow or costly. Hence, combining it
with other methods that estimate performance at a large scale is important.

In [45], we used an earlier version of NELS with a recognizer trained on 78 sound
events from three di erent datasets. After, we crawled audio from YouTube videos
using the sound event labels from the datasets as the search query. The query was a
combination of keywords: <sound event labed sound", for example, air conditioner
sound". Then, we evaluated the highest-40 recognized segments per sound class based
on both types of reference (ground truth), human feedback, and search query. The
search query is a summary of the video's metadata that describes the whole video,
but it was interesting to know to what extent it holds at the video's segment level.
The results showed how the performance trends for using both types of references are
similar and relatively close with less than an absolute 10% di erence in precision. This
trend suggests that the query could be used as a lower bound of human inspection. In
other words, it could serve as a preliminary reference for evaluating sound recognition.
Further exploration of this and other associated metadata and multimedia cues could
be used as alternative measurements.

2.7 Discussion

In summary, acoustic intelligence in machines requires at least three essential components
(a) extracting sound-related knowledge from text (b) recognizing and detecting a large
number of sound events, and (c) a learning system that links these two systems. A
system like NELS is expected to do all of these same 24/7, continuously trying to
discover new sound concepts, attempting to build a computational model for it by
mining audio on the web, and then nally trying to infer some higher-level semantic
knowledge and commonsense relations about sounds. We have addressed the individual
components in this dissertation, and the next steps would be to tie the components
together. Moreover, we will also have to incorporate the never-ending part where the
processes are continuously running and updating the knowledge base.

The system consists primarily of a front end (nels.cs.cmu.edu), which shows infor-
mation about the current state of the system. It shows the vocabulary of sound events
that the system can currently detect and examples of YouTube videos where the system
has detected the sound events. We also provide users with several ways to query the
system. Users can search for a sound through a text query, and the system returns a
set of YouTube videos where it has detected the presence of the queried sound event.
Users can also directly upload an audio recording and the system can annotate the
recording with sound events. The same can also be done for any YouTube video as well
by providing the URL link of that video to the system. The system's back end primarily
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consists of crawling YouTube for sounds and then learning from the crawled videos.
The recognition system has been seeded by detectors built using various datasets such
as Audioset, Urbansounds, and ESC-50. In the next phase of NELS, the goal would
be to add semi-supervised approaches, allowing the system to learn from unlabeled
audio data on the Web. Moreover, the system also needs to continuously improve itself
as far as detecting sound events is concerned. To this end, human feedback might be
important to ascertain that the system is actually improving its performance45]. The
next phase would also involve linking the natural language understanding from text
with the detection process in audio/multimedia recordings. The two processes can help
each other and be useful in establishing commonsense relationships for sounds.

2.8 Key Discoveries during building NELS

The territory of web audio during the building phase of NELS was relatively unexplored
and had several challenges and opportunities. For instance, traditionally, sound recog-
nition research has focused on curated datasets with meticulously recorded and labeled
audio, carefully chosen sound classes, and limited sample siZ&35 24, 25, 26]. However,
the vast and ever-growing world of web audio presents a unique set of challenges. Unlike
the structured datasets of the past, web audio is often:

" Unlabeled: Lack of consistent labels makes it di cult to train supervised learning
algorithms.

" Unstructured: Audio content varies greatly in quality, duration, and complexity,
with overlapping sounds and background noise.

~ Unbounded: The number of sound classes is virtually in nite and new sounds are
constantly emerging.

These challenges make it di cult to apply traditional sound recognition techniques to
web audio. However, the sheer volume and diversity of web audio also present a unique
opportunity. By tapping into this rich source of data, we can potentially build sound
recognition systems with unprecedented capabilities, able to recognize and understand
a vast and ever-evolving vocabulary of sounds.
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Techniques for Detection of Acoustic Scenes
and Events

Over the past decade, work toward developing better techniques for acoustic scene and
event detection has been done under a community-wide computer audition challenge
called the Detection and Classi cation of Acoustic Scenes and Events (DCASE) challenge.
As part of this thesis, we participated in the de nition and setup of this task. We also
developed approaches in many subtasks.

DCASE is a research competition that is focused on developing algorithms for
automatic audio event and scene recognition. The challenge is organized annually
and typically related to a wide number of tasks for computational audition such as
classifying the di erent types of sound events or identifying the location or context for
the audio recording. The challenge is open to researchers from all over the world and is
an important event in the eld of audio event and scene recognition.

Since the outset of this thesis, we have been involved with the DCASE challenges,
both as participants and asorganizers These contributions have shaped the course of
this dissertation. The following is our contribution to the DCASE challenge over the
years. We participated in the DCASE 2016 challenge for Acoustic Scene Classi cation
and Sound Event Detection from Real-Life Recording, as detailed in the papeiq],
and organized DCASE 2017 Task 4, titled Large-scale weakly supervised sound event
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detection for smart cars, focused on detecting sound events using weakly labeled
training data [25]. We followed this up by co-organizing Task 4 in DCASE 2018 for
large-scale weakly supervised sound event detection, where the task aimed to develop
systems capable of detecting sound events using weakly labeled data, given only labels
at the clip level without time boundaries and unlabeled data47]. In the following
year at DCASE 2019, Task 4 was focused on sound event detection (SED) in domestic
environments using weakly labeled data and soundscape synthesis where the primary
goal was to advance SED with limited annotations, utilize synthetic data for model
training and improve generalization in domestic settings using weak labeld]. In the
next section, we brie y describe the DCASE task challenges over the years and then
dive into the individual contributions as described above.

3.1 Tasks in DCASE Challenge

There are a total of six di erent tasks carried out over the years in DCASE challenges
from 2016 to 2022. These tasks are as follows:-

A

Task 1: Acoustic Scene Classi cation

Task 2: Unsupervised Anomalous Sound Detection for Machine Condition Moni-
toring Applying Domain Generalization Techniques

Task 3: Sound Event Localization and Detection Evaluated in Real Spatial Sound
Scenes

Task 4: Sound Event Detection in Domestic Environments
Task 5: Few-shot Bioacoustic Event Detection

Task 6: Automated Audio Captioning and Language-Based Audio Retrieval

3.1.1 Task 1: Acoustic Scene Classi cation

The objective of acoustic scene classi cation is to classify a test audio recording into
one of the prede ned classes, provided that it characterizes the environment in which it
was recorded. Examples of acoustic scenes might include a busy street, a quiet o ce,
or a crowded train station. [1]

The acoustic scene classi cation task comprises two di erent subtasks:

Subtask A: Acoustic Scene Classi cation with Multiple Devices: This subtask
requires the classi cation of data from real and simulated devices. The goal is to develop
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Figure 3.1: Overview of the Acoustic Scene Classi cation System [1]

techniques that generalize well across a large number of di erent devices. Data for this
task comprise real and simulated audio recordings for mobile devices.

Subtask B: Low-Complexity Acoustic Scene Classi cation: This subtask requires
the classi cation of data from a single device. The goal is to develop low-complexity
solutions for acoustic scene classi cation. Constraints are imposed on the model
size (number of parameters) complexity (multiply-accumulate operations count), and
memory allowance. In addition to low complexity, the aim is to generalize across several
di erent devices. For this purpose, the task uses audio data recorded or simulated on a
variety of devices.

The following gure shows a brief overview of the progress made in the eld from the
year 2017 to 2022 in the DCASE challenge, where gradually over time the challenge data
have increased from smaller-scale datasets to larger-scale datasets, with the additional
task of low complexity acoustic scene classi cation being introduced in 2021 and 2022.

The key ndings from this task during these years were that the best performing
systems used convolutional neural networks with attention mechanisms and data
augmentation to improve the classi cation score. Generalization across devices was
improved using device-invariant features and domain adaptation methods. For the low-
complexity acoustic scene classi cation, the participants achieved competitive results
using e cient architectures and quantization. For the low-complexity solution with the
post-training quantization of parameters, it was observed that the technique reduces the
number of bits used to represent each weight or activation in the neural network, which
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Figure 3.2: Progress in Acoustic Scene Classi cation at DCASE Challenge between
2017 to 2022

led to smaller models and faster inference. Separable depthwise convolutions, where
one factorizes the standard convolution into depth-wise and point-wise convolution, led
to an additional reduction of the parameters, and operations saw additional success on
this task of acoustic scene classi cation.

3.1.2 Task 2: Unsupervised Anomalous Sound Detection for
Machine Condition Monitoring Applying Domain Gener-
alization Techniques

Anomalous sound detection (ASD) is the task of identifying whether the sound emitted
from a source is normal or anomalous. This is useful in many situations, e.g. automatic
detection of mechanical failure or detection of mechanical anomalies for monitoring the
condition of machines. Figure 3.3 shows an overview of the anomaly detection system
for this task.

The evaluation metric for DCASE task 2 is based on the area under the curve (AUC)
and partial AUC (pAUC) scores. AUC score measures how well a system can distinguish
between normal and anomalous sounds across all possible thresholds. pAUC score
measures how well a system can distinguish between normal and anomalous sounds at
low false alarm rates. The nal score is calculated by averaging the AUC and pAUC
scores on all types of machines and test sections.

For this task, around 1000 samples were provided as training data for each machine
type/lD (i.e., each class). These data were expected to be insu cient to train a
large-scale DNN.

The participant developed DNN-based strategies for outlier detection. These strate-
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Figure 3.3: Overview of the Anomaly detection system

gies are similar to using unsupervised approaches to learn accurate decision boundaries
between normal and anomaly classes. They designate the data for other classes as
anomalies for the target class for better classi cation. This achieves high AUC scores
for the di erent types of machines.

These approaches have the drawback that it is di cult to obtain good decision
boundaries when the samples of anomalies are similar to the target sample. This leads
to frequent false positives during classi cation. Also, there is a high variety of anomalies,
and these models are not very robust. Solving this is still an open problem for the
anomaly detection task.

3.1.3 Task 3: Sound Event Localization and Detection Evalu-
ated in Real Spatial Sound Scenes

The goal of the sound event localization and detection task is to detect occurrences
of sound events belonging to speci c target classes, track their temporal activity, and
estimate their directions of arrival or positions during it.

Given multichannel audio input, a sound event detection and localization (SELD)
system outputs a temporal activation track for each of the target sound classes, along
with one or more corresponding spatial trajectories when the track indicates activity.
This results in a spatiotemporal characterization of the acoustic scene that can be used
in a wide range of machine cognition tasks, such as inference on the type of environment,
self-localization, navigation without visual input or with occluded targets, tracking of
speci ¢ types of sound sources, smart-home applications, scene visualization systems,
and acoustic monitoring, among others.

The best-performing systems for this task used convolutional recurrent neural
networks (CRNNSs) with various input features such as log Mel spectrogram, intensity
vector, and generalized cross-correlation (GCC). The evaluation metrics for this task
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Figure 3.4: Overview of sound event localization and Detection system

were event-based F-score, polyphonic sound event detection score (PSDS), location-
aware detection score (LDS), and direction of arrival error (DOA).

3.1.4 Task 4: Sound Event Detection in Domestic Environments

The goal of the task is to develop techniques for detecting and localizing sound events in
audio recorded in domestic environments. The task uses heterogeneous data comprising
weakly labeled or unlabeled real data and simulated data that is strongly labeled (with
time stamps). The data provide information not only about the event class but also
about event time localizations in multi-event recordings. Figure 3.5 shows an overview
of the sound event detection system.

The participants were allowed the use of external data and pre-trained models in this
task. The main scienti ¢ question addressed here pertains to what strategies work well
when training a sound event detection system with a heterogeneous dataset, including
the following: 1) a large amount of unbalanced and unlabeled training data, 2) a small
weakly annotated set, and 3) a synthetic data set containing isolated sound events
and backgrounds. Additionally, the task investigates the impact of using embeddings
extracted from pre-trained models, and also whether there is any potential advantage
in using external data.

The evaluation metric for this tasks was sound event detection (SED) and sound
event separation (SES) performance. SED performance was measured by the segment-
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Figure 3.5: Overview of Sound event detection system

Figure 3.6: Progress in Weak Labels using DCASE Challenge

based F-1 score with a segment length of 1 second. SES performance was measured by
improving the scale-invariant signal-to-distortion ratio (SI-SDRi) between the estimated
source signals and the reference signals. The participants were evaluated on the nal
score, which was calculated as the average of the SED F1 score and the SES SI-SDRI
score across all the test recordings.

2 precision recall

SED F1-score= — (3.1)
precision+ recall
1 X
n=1
Final score= SED F1-score+ SES SI-SDRI (3.3)

2
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wheres, is the reference source signa, is the estimated source signak, is the
mixture signal, andN is the number of test clips.

The task shows that state-of-the-art systems are robust to noise and signal degrada-
tion, but still struggle with overlapping sound events.

3.1.5 Task 5: Few-shot Bioacoustic Event Detection

This task focuses on detecting sound events in a few-shot learning environment for
animal (mammal and bird) vocalizations. The goal is to detect a novel sound class,
given only a few examples, and the data comprise just ve exemplar vocalizations
(shots) of mammals or birds in eld recordings.

[49] provide an overview of the task objectives, dataset, and baselines, as well as
a comparison of 20 submitted systems based on di erent metrics. The best solutions
included using an ensemble of prototypical neural networks with adaptive embedding
functions to improve the F-score from 41.3% to 60.0% on the validation dataséi]],
and using segment-level metric learning with negative data and transductive inference
to achieve an F-score of 63.9% on the validation dataset [51].

The DCASE 2022 Challenge's Task 5 addressed the challenge of detecting novel
animal vocalizations speci cally from mammals and birds in eld recordings, given
only ve exemplar sounds per class. This few-shot learning scenario is particularly
relevant in bioacoustics, where annotated data is often scarce.

Nolasco et al. (2022) provided a comprehensive overview of this task, detailing its
objectives, the dataset utilized, baseline performances, and a comparative analysis of
20 submitted systems. The top-performing approaches employed advanced few-shot
learning techniques:

Prototypical Neural Networks with Adaptive Embedding Functions: Martinsson
et al. (2022) implemented an ensemble of prototypical networks, each with adaptive
embedding functions tailored to the speci ¢ characteristics of the target sound events.
This method improved the F-score from 41.3% to 60.0% on the validation dataset.

Segment-Level Metric Learning with Negative Data and Transductive Inference:
Liu et al. (2022) introduced a segment-level metric learning framework that incorpo-
rated both positive and negative examples during training. Additionally, they applied
transductive inference to better adapt to the evaluation set, achieving an F-score of
63.9ARXIV

These results underscore the potential of few-shot learning methodologies in bioa-
coustic event detection, especially when dealing with limited annotated data. The
signi cant improvements over baseline models highlight the e ectiveness of these ad-
vanced techniques in capturing the nuances of animal vocalizations in complex acoustic

27



28 CHAPTER 3. DCASE: DETECTING SCENES AND EVENTS

environments.

3.1.6 Task 6: Automated Audio Captioning and Language-
Based Audio Retrieval

3.1.6.1 Automated Audio Captioning

Automated Audio Captioning (AAC) is the task of general audio content description
using free text. It is an inter-modal translation task (not speech-to-text), where a
system accepts as an input an audio signal and outputs the textual description (i.e.
the caption) of that signal. AAC methods can model concepts (e.g. mu ed sound ),
physical properties of objects and environment (e.g. the sound of a big car, people
talking in a small and empty room ), and high-level knowledge ( a clock rings three
times ). This modeling can be used in various applications, ranging from automatic
content description to intelligent and content-oriented machine-to-machine interaction.

3.1.6.2 Language Based Audio Retrieval

This subtask is concerned with retrieving audio signals using their textual descriptions
of the sound content (that is, audio captions). Human-written audio captions will be
used as text queries. For each text query, the goal of this task is to retrieve 10 audio
les from a given dataset and sort them based on their match with the query. Through
this subtask, we aim to inspire further research into language-based audio retrieval with
unconstrained textual descriptions.

3.2 Contribution to DCASE Challenge: Task 1 Acoustic Scene
Classi cation

Our approach was to treat Task 1 as a multi-class classi cation problem. For this, an
e ective method for characterizing acoustic scenes or events in audio segments is needed.
One approach is to use bag-of-audio-words-based feature representati@} Wwhich are
usually built over low-level features such as MFCCs. Acoustic scenes, however, are more
complex mixtures of di erent audio events and a more robust representation is required.
To this end, we used Gaussian Mixture Models (GMMs) for feature representation. We
describe this in detail below.

On the classi cation front, we used support vector machines (SVMs) as our primary
classi er and in combination with other classi ers.

3.2.1 Feature Representations
Let D-dimensional MFCCs vectors for a recording be representedsaswheret =1 to T,
T is the total number of MFCCs vectors for the recording. The major idea behind both
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high-level feature representations is to capture the distribution of MFCC vectors of a
recording. We will refer to these features as and ~ features and the sub-types will be
represented using appropriate subscripts and superscripts.

The rst step in obtaining high-level xed dimensional feature representation for
audio segments is to train a GMM on MFCC vectors of the training data. Let us
represent this GMM by G = fwg;N(~; «);k =1 to Mg, wherewy, ~ and ¢ are
the mixture weight, mean and covariance parameters of thé" Gaussian inG. We
will assume diagonal covariance matrices for all Gaussians andwill represent the
diagonal vector of . Given the MFCCs vectors¥; of a recording, we computed the
probabilistic assignment ofx; to the ki Gaussian. These soft assignments are added
over all t to obtain the total mass of MFCCs vectors belonging to th&" Gaussian (Eq
3.4). Normalization by T is used to remove the e ect of the duration of recordings.

Prikjx) = motteme W prgy= 1 _p Pr(kjx) (3.4)
wj N (%t;~k; «) i=1
j=1
The soft count histogram features referred to as is, ~M = [P(1);::P(k)::P(M)]".
~M is an M -dimensional feature representation for a given recording. It captures how
the MFCC vectors of a recording are distributed across the Guassians@ ~M is
normalized to sum tol before using it for classi er training. The next feature (), also
based on the GMMG, tries to capture the actual distribution of the MFCC vectors of
a recording. This is done by adapting the parameters @ to the MFCC vectors of the
recording. We employ maximuma posteriori (MAP) estimation for the adaptation [53].

Parameter adaptation fork" Gaussian follows the following steps. First, we compute,

P . P . P .
ne= Pr(kix); Ex(®= o= Pr(kjpx)x; Ex() = & Pr(kix)® (3.5
t=1 t=1 t=1

Finally, the updated mean and variances are obtained as

A _ Nk

~ = E (%) + ~ 3.6
=B 36)
Ao N 2 2 2y A2

2 = Ec(3®) + 2+ 2 3.7
B (D) 8 37)

The relevance factor controls the e ect of the original parameters on the new estimates.
We obtain 2 di erent feature representation using the adapted means’3(<) and variances
(*x). The rst one denoted by ™ is anM D dimensional feature obtained by
concatenating the adapted mean$, for all k, thatis ™ =[=T;::2T]". In the second
~ features adaptecpk are concatenated along With~'\k toobtaina2 M D dimensional
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features. This form of ~ features are denoted by™ .

3.2.2 Classi cation

Once the feature representation for audio segments has been obtained, Task 1 essentially
becomes a multi-class classi cation problem. Our primary classi ers are SVMs where
we explore a variety of kernels. For the™ features, we use the Linear Kernel (LK)
and RBF Kernel (RK). Finally, we have a classi er fusion step in which we combine
the output of the di erent classi ers. We combined multiple classi ers by taking a
prediction vote from each classi er, and the nal predicted class is the one that gets
the maximum vote. We call it Fused Classi er and observe that the fused classi er can
provide signi cant improvement for several acoustic scenes.

3.2.3 Results

Our experimental setup with the folds structure is the same as the one provided by
DCASE. We extracted 20-dimensional MFCC features usingOms window and 50%
overlap. MFCCs are augmented with their delta and acceleration features. For our nal
feature representation, we experimented witd di erent values of GMM component size
M, 64;128 256 and 512 The relevance factor for ~ is set to 20. Table 3.1 shows the
overall accuracy results for di erent cases. The accuracy for the MFCC-GMMaseline
method provided in the challenge i§26%.

We can observe from Table 3.1 that features in general do not perform better than
the baseline method for any SVM kernel. However; features clearly outperformed the
baseline method. In the best case, witM = 128 and ~™ our method outperformed
the baseline by an absolut&%.

Table 3.2 shows results for the fused classi ers. For the fusion step, we did not
consider classi ers built over~ since these classi ers are inferior compared to those
using ~ features. We can observe that our proposed method beats the baseline method
by an absolute6:3%. Moreover, for scenes such &ark, Train, Library where the
baseline method gives very poor results, we improved the accuracy by an absolute
16 30%. We also obtained superior overall accuracy on all folds which suggests that
our proposed method is fairly robust. This is further supported by the fact that on the
DCASE evaluation set, we achieved an overall accuracy 85:9%.

3.3 Contribution to DCASE Challenge: Task 3 Sound Event
Detection in Real-Life Recordings

In earlier work by Elizalde et. al p4, 55, the detection of sound events in scenes
and long recordings has been treated as a multi-class classi cation problem. The
classi er is trained with the event sound segments. During testing, the classi er outputs
segment/frame-level predictions for all the classes.
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Table 3.1: Task 1 Accuracy for di erent cases (Single Classi er)

M ~M ~M

M | LK | RK | LK | RK | LK | RK
64 | 62.8| 60.6| 76.8 | 76.6| 75.5| 76:7
128 | 63.6| 62.3| 76.5| 75.3| 77.5| 77:5
256| 63.9| 63.9| 76.5| 71.9| 76:6 | 75.9
512 | 65.0( 62.9| 76:4 | 72.2| 76.2 | 75.9

Table 3.2: Overall Task 1 Accuracy (Fused Classi er)

Baseline Proposed
Scene Fold 1| Fold2 | Fold 3| Fold4 | Avg. | Fold 1| Fold 2 | Fold 3 | Fold 4 | Avg.
Beach 84.2 | 66.7 | 789 | 47.4 | 69.3 | 100 71.4 | 895 | 52.6 | 78.4
Bus 68.4 | 65.0 100 85.0 | 79.6 | 68.4 | 50.0 100 95.0 | 78.4
Cafe/Restaurant | 66.7 | 94.7 | 71.4 100 | 83.2 | 889 | 63.2 | 76.2 | 950 | 80.8
Car 70.0 | 89.5 | 895 100 | 87.3 | 80.0 100 100 100 | 95.0

City Center 833 | 73.7 | 895 | 955 | 855 | 889 | 84.2 100 955 | 92.1
Forest Path 57.1 100 66.7 100 | 81.0| 81.0 100 100 100 | 95.2
Grocery Store | 52.6 | 81.0 | 89.5 | 36.8 65 895 | 810 | 947 | 84.2 | 87.3

Home 100 55.6 | 95.0 | 77.8 | 82.1 | 100 61.1 | 80.0 | 444 | 714
Library 476 | 38.9 | 15.0 100 | 504 | 476 | 33.3 | 85.0 100 | 66.5
Metro Station 84.2 | 944 100 100 | 94.7 | 94.7 | 94.4 100 100 | 97.3
Oce 100 100 94.4 100 | 98.6 | 78.9 100 72.2 | 833 | 83.6
Park 10.0 5.6 0 400 | 139 | 650 | 33.3 | 50.0 | 30.0 | 44.6
Residential 78.9 | 47.6 100 84.2 | 77.7 | 842 | 429 | 947 | 57.9 | 69.9
Train 16.7 | 316 | 304 | 61.1 | 349 | 50.0 | 63.2 | 348 | 88.9 | 59.2
Tram 88.9 | 889 | 63.6 100 | 853 | 83.3 | 88.9 | 63.6 100 | 84.0
Overall 672 | 689 | 723 | 819 | 726 | 800 | 71.1 | 82.7 | 81.8 | 78.9

3.3.1 Features and Classi ers Optimization

We used a similar approach. As features, we rst used conventional MFCCs with 13
coe cients, plus delta and double delta vectors computed from them, for a total of 39
dimensions.

For the classi ers, we considered Tpotd6], built on top of Scikit [57], which is a
Python tool that automatically creates and optimizes machine learning pipelines. This
toolbox (version 4) considers 12 classi ers such as Random Forest, SVMs, K-Neighbors,
and Logistic Regression. The main Tpot parameter is number of generations , which
corresponds to the number of iterations run to tune the classier; we set it to 15.
Interestingly, Random Forest and Logistic Regression outperformed other models like
SVMs.

For our experiments, we extracted the 18 sound events from the two scenes using
the annotations, and then we extracted the features from these isolated sounds. For
each experiment, the sound events' feature les were fed to Tpot in a randomly selected
ratio of 75% training and 25% testing, with no overlap between train and test sets. We
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Feature Type Accuracy %
Home 56.4
Home + G 55.2
Home + G + P 55.7
Residential 53.3
Residential + G 57.8
Residential + G + P 56.7

Table 3.3: Sound-event classi cation accuracy using the DCASE set up with four-folds
partitions. The inclusion of the [G]eneric class improved performance for both scenes,
whereas the inclusion of the [P]erturbed audio improved only the Home performance.

kept the same partitions across our experiments for consistency. The performance was
measured in terms of accuracy, and the performance of MFCCs was 67.7%.

3.3.2 Inclusion of Generic Sound Event Class

In the annotated data, not every segment of audio corresponds to a labeled sound. To
handle unlabeled or out-of-vocabulary segments, we proposed a generic sound event
class.

In the rst experiment, we analyzed the impact of the generic class together with
the 18 sounds in the multi-class classi cation setup described in Section 3.3.1 using
MFCCs. The data for the generic class was chosen to be the unlabeled audio between
the labeled segments.

There were two event classes (or scenes) in this task. The average number of sound
events per scene was 60. We randomly selected 60 audio les from each scene for
analysis.

The normalized confusion matrices (CMs) in Figures 3.7 and 3.8 show the per-
formance. The performance with and without the generic class is 60.94% and 67.7%
respectively. However, although the generic class shared the background acoustics with
the other sound classes, it was not signi cantly confusible with them.

For the second set of experiments, the DCASE setup comprised separate audio
scenes, each with and without the generic class. Additionally, in each case where the
generic class was used, the generic class had events that were speci c to the scene. A
four-fold cross-validation experiment was conducted on the given data.

The results are shown in Table 3.3. We see that performance improves with the
inclusion of the generic class, which reduces class ambiguity. In addition, the CMs
(which are not included due to space limitations), had cleaner diagonals. The use
of fewer sound classes reduces class ambiguity, and scene-speci ¢ optimization of the
classi er using Tpot also helps.
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Figure 3.7: [Hlome and [R]esidential without the generic clasQbject impact and bird
singing capture most of ambiguities.

3.3.3 Generation of data through perturbation

The scarcity of labeled data for each event is a common issue. Annotations are costly,
all sound events don't occur with the same frequency, and it is also hard to capture
enough variations of the same sound to train robust models.

To address the problem of data scarcity, many data augmentation techniques have
been proposed in the literature for di erent tasks. One example i§§ where the authors
augment data by perturbing the audio signal in multiple ways and achieve improved
speech separation performance. We empirically analyzed multiple combinations of
time-based perturbations, by speeding up and slowing down the sound event samples
to di erent levels. We found that speeding up the original signal by more than 30%
resulted in unintelligible audio. Also, slowing down the signal by more than 100% didn't
make sense. The range of rate changes that we explored included 13 di erent speed
factors and the original signal at its normal rate.

As before, the experimental data included separate scenes from home (inside homes)
and residential areas (outside homes but within residential areas). Four-fold cross-
validation experiments were performed with that data, augmented with perturbed audio
that comprised the original data and 13 di erent rate-changed versions of it. The test
set was not augmented and remained intact. The results are shown in Table 3.3, where
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Figure 3.8: [Hlome and [R]esidential with the generic class. Although this class shared
the background acoustics with the 18 sounds, it didn't cause major confusion.

the performance forHome improved, but not for Residential

3.3.4 Sound event detection and submission systems
For Task 3 in DCASE we used the setup described above with data augmentation
using rate-perturbation. Sound events were extracted from each scene using the given
annotations. MFCC features were then extracted and a Tpot-optimized multi-class
classi er was trained. For testing, we segmented the scene recordings from the test
set into sequences of one-second-long segments. This duration was selected due to the
metric schema of the DCASE evaluation, which considers one-second segments.
Three experiments were performed: without the generic class or perturbation, with
generic class and perturbation (G+P), and with generic class but without perturbation
(G). The results of the development-test set are shown in Table 3.4. The inclusion of
the generic class and perturbation outperformed the baseline by a signi cant margin for
both Home and Residential scenes. G and G+P on the evaluation set achieved SBER
of 0.9613 for G and Fscore of 33.6% for G+P.

3.3.5 Conclusion from Acoustic scene classi cation
We used di erent approaches for both acoustic scene classi cation (Task 1) and sound
event detection (Task 3) of the 2016 DCASE challenge. On both tasks, we were able

34



35 CHAPTER 3. DCASE: DETECTING SCENES AND EVENTS

Acoustic Scene SBER | F-score
Home 1.05 25.1
Home + G 0.91 23.7
Home + G + P 0.9 247
Residential 0.64 54.6
Residential + G 0.72 45.9
Residential + G + P 0.63 52.2

Table 3.4: Our Segment-based Error Rate, using [G]eneric and [P]erturbation, outper-
formed the baseline.

to obtain signi cant improvement over the baseline method. For Task 1 we observed
that the ~ features performed much better than~ features. Although linear and
RBF kernels with ~ features can outperform the baseline by a considerable margin on
their own, we make note of the fact that a multiple classi er system can give further
improvements. For Task 3, we tested di erent classi ers and signi cantly improved the
baseline. Moreover, we explored a way of handling out-of-vocabulary sound segments
with the generic class and the inclusion of perturbed audio to add robustness.

3.4 Contribution to DCASE Task 4: Sound event detection
using weak labels

Task 4 evaluated systems for the large-scale detection of sound events using weakly
labeled audio recordings. The audio comes from YouTube video excerpts related to the
topic of transportation and warnings. The topic was chosen due to its industry relevance
and the underuse of audio in this context. The results will help de ne new grounds for
large-scale sound event detection and show the bene t of audio for self-driving cars,
smart cities, and related areas.

The task consisted of detecting sound events within 10-second clips and it was
divided into two subtasks:

" Subtask A: Without timestamps (same as audio tagging, Fig 4)
" Subtask B: With timestamps (similar to Task 3, Fig 3)

The task employed a subset of AudioS&f]]. AudioSet consists of an ontology of 632
sound event classes and a collection of 2 million human-labeled 10-second sound clips
drawn from YouTube videos. The ontology is speci ed as a hierarchical graph of event
categories, covering a wide range of human and animal sounds, musical instruments and
genres, and common everyday environmental sounds. To collect the dataset, Google
worked with human annotators who listened, analyzed, and veri ed the sounds they
heard within the YouTube 10-second clips. To facilitate faster accumulation of examples
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for all classes, Google relied on available YouTube metadata and content-based search
to nominate candidate video segments that were likely to contain the target sound.
Note that AudioSet does not come with precise time boundaries for each sound class
within the 10-second clips and thus annotations are considered weak labels. Also, one
clip may correspond to more than one sound event class. Task 4 relied on a subset of
17 sound events divided into two categories: Warning and vehicle sounds.

~ Warning sounds : Train horn, Air horn Truck horn, Car alarm, Reversing beeps,
Ambulance (siren), Police car (siren), Fire engine re truck (siren), Civil defense
siren, Screaming.

" Vehicle sounds : Bicycle, Skateboard, Car, Car passing by, Bus, Truck, Motor-
cycle, Train.

For both subtasks, the data was divided into two main partitions: development and
evaluation. The development data was divided into training and testing. Training had
51,172 clips, which are class-unbalanced, and had at least 30 clips per sound event.
The test had 488 clips, with at least 30 clips per class. A 10-second clip may have
corresponded to more than one sound event class. The evaluation set had 1,103 clips,
with at least 60 clips per sound event. The sets had weak labels denoting the presence
of a given sound event within the audio but with no timestamp annotations. For
testing and evaluation, strong labels (timestamp annotations) were provided to evaluate
performance on Subtask B. The task rules did not allow the use of external data, such
as other datasets. Similarly, it was not allowed to use other elements.

We followed the success of our work in the subsequent DCASE challenges and the
following describes our work on DCASE Task 4 in 2019. Task 4 involves training systems
for large-scale detection of sound events using a combination of weakly labeled data,
i.e., training labels without time boundaries, and strongly-labeled synthesized data.
For this we introduced the Domestic Environment Sound Event Detection (DESED)
dataset, mixing a part of prior year's dataset with an additional synthetic, strongly
labeled dataset.

The context for this section's work is DCASE 2018 Task 6P|, where we investigate
how large-scale SED systems can exploit a small set of weakly annotated data, a larger
set of unlabeled data and an additional training set of synthetic soundscapes with
strong labels.

Given these data, the goal of this task is to train SED models that output event
detections with time boundaries (i.e. strong predictions) in domestic environments.

36



37 CHAPTER 3. DCASE: DETECTING SCENES AND EVENTS

Class Unique Dev set
events || Clips | Events
Alarm/bell/ringing 190 392 755
Blender 98 436 540
Cat 88 274 547
Dishes 109 444 814
Dog 136 319 516
Electric shaver/toothbrush 56 221 230
Frying 64 130 137
Running water 68 143 157
Speech 128 1272 | 2132
Vacuum cleaner 74 196 204
Total | 1011 || 2045| 6032

Table 3.5: Class-wise statistics for the synthetic development subset.

3.4.1 Task description

This task is the follow-up to the DCASE 2018 Task 499 and focuses on the same
10 classes of sound events. Systems are expected to produce strongly labeled output
(i.e. detect sound events with a start time, end time, and sound class label), but are
provided with weakly labeled data (i.e. sound recordings with only the presence/absence
of a sound included in the labels without any timing information) for training. Multiple
events can be present in each audio recording, including overlapping events. As in
the previous iteration of this task, the challenge entails exploiting a large amount of
unbalanced and unlabeled training data together with a small weakly annotated training
set to improve system performance.

The advantage of having an additional training set with strongly annotated synthetic
soundscapes in the 2019 challenge was that this allowed us to explore scienti ¢ questions
around the informativeness of real (but weakly labeled) data versus strongly labeled
synthetic data, to explore whether the two data sources are complementary or not, and
to nd out how to best leverage these datasets to optimize system performance.

3.4.2 DESED development dataset

The DESED development dataset is composed of 10-sec audio clips recorded in a
domestic environment or synthesized to simulate a domestic environment. The real
recordings are taken from AudioSetlf6]. The development data set is divided into two
subsets: (i) A training subset composed of real recordings similar to DCASE 2018 task
4 [60] and synthetic soundscapes generated using Scaper (see also Table 3.5). (i) A
validation subset composed of real recordings with strongly labeled data, which is the
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combination of the validation and evaluation sets from DCASE 2018 Task 4.

3.4.2.1 Synthetic soundscape generation procedure

The subset of synthetic soundscapes comprises 10-second audio clips generated with
Scaper §4], a Python library for soundscape synthesis and augmentation. Scaper
operates by taking a set of foreground sounds and a set of background sounds and
automatically sequencing them into random soundscapes sampled from a user-speci ed
distribution, controlling the number and type of sound events, their duration, signal-to-
noise ratio, and several other key characteristics. The foreground events are obtained
from the Freesound Dataset (FSD){1, 62. Each sound event clip was veri ed by a
human to ensure that the sound quality and event-to-background ratio were su cient to

be used as an isolated sound event. We also controlled for whether the sound event onset
and o set were present in the clip. Each selected clip was then segmented when needed
to remove silences before and after the sound event and between sound events when
the le contained multiple occurrences of the sound event class. The number of unique
isolated sound events per class used to generate the subset of synthetic soundscapes is
presented in Table 3.5. We also list the number of clips containing each sound class
and the number of events per class.

The background textures are obtained from the SINS dataset (activity class other§§].
This particular activity class was selected because it contains a low amount of sound
events from our 10 target foreground sound event classes. However, there is no guarantee
that these sound event classes are completely absent from the background clips. A total
of 2060 unique background clips are used to generate the synthetic subset.

Scaper scripts are designed such that the distribution of sound events per class,
the number of sound events per clip (depending on the class), and the sound event
class co-occurrence are similar to that of the validation set, which is composed of
real recordings. The synthetic soundscapes are annotated with strong labels that are
automatically generated by Scaper [44].

3.4.3 DESED evaluation dataset

The evaluation set is composed of two subsets: a subset with real recordings and a
subset with synthetic soundscapes.

3.4.3.1 Real recordings

The rst subset contains 1,013 audio clips and is used for ranking purposes. It comprises
audio clips extracted from 692 YouTube and 321 Vimeo videos under creative commons
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Unique | Synth set 1
Class events || Clips | Events
Alarm/bell/ringing 63 101 184
Blender 27 84 95
Cat 26 113 197
Dishes 34 161 293
Dog 43 124 217
Electric shaver/toothbrush 17 113 117
Frying 17 52 52
Running water 20 67 73
Speech 47 471 803
Vacuum cleaner 20 92 93
Total H 314 H 1378 \ 2124

Table 3.6: Class-wise statistics for the synthetic evaluation subsets

licenses. Each clip is annotated by a human and annotations are veri ed by a second
annotator.

Figure 3.9: Mean-teacher model. and °represent noise applied to the di erent models
(in this case dropout).

3.4.3.2 Synthetic soundscapes

The second subset is comprised of synthetic soundscapes generated with Séadiis
subset is used for analysis purposes and its design is motivated by the analysis of last
year's results pQ]. In particular, most submissions from the previous year performed
poorly in terms of event segmentation. One of the goals of this subset is to facilitate
studies on the extent to which including strongly labeled data in the training set helps

1The JAMS [64] annotation les corresponding to these soundscapes can be accessed from DCASE
website: http://dcase.community/
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improve and re ne the segmentation output. The foreground events are obtained from
the FSD [61, 62). The selection process was the same as described for the development
dataset. Background sounds are extracted from YouTube videos under a Creative
Common license and from the Freesound subset of the MUSAN datasé¥][ The
synthetic subset is further divided into several subsets (described below) for a total of
12,139 audio clips synthesized from 314 isolated events. The distribution of isolated
sound events per class is presented in Table 3.6.

3.4.3.3 Varying foreground-to-background SNR

A subset (denoted Synthetic set 1) of 754 soundscapes is generated with a sound event
distribution similar to that of the training set. Four versions of this subset are generated
varying the value of the foreground events' SNR with respect to the background: 0 dB,

6 dB, 15 dB, and 30 dB.

3.4.3.4 Audio degradation

Six alternative versions of the previous subset (with SNR = 0dB) are generated
introducing arti cial degradation with the Audio Degradation Toolbox [66. The
following degradations are used (with default parameters): smartPhonePlayback,
smartPhoneRecording, unit_applyClippingAlternative, unit _applyLowpasskFilter,
unit_applyHighpassFilter and

unit_applyDynamicRangeCompression .

3.4.3.5 Varying onset time

A subset of 750 soundscapes is generated with uniform sound event onset distribution
and only one event per soundscape. The SNR parameter is set to 0 dB. Three variants
of this subset are generated with the same isolated events, only shifted in time. In the
rst version, all sound events have an onset located between 250 ms and 750 ms, in the
second version the sound event onsets are located between 4.75 s and 5.25 s, and in the
last version the sound event onsets are located between 9.25 s and 9.75 s.

3.4.3.6 Long sound events vs. short sound events

A subset with 522 soundscapes is generated where the background is selected from
one of the ve long sound event classes (Blender, Electric shaver/toothbrush, Frying,
Running water, and Vacuum cleaner). The foreground sound events are selected from
the ve short sound event classes (Alarm/bell/ringing, Cat, Dishes, Dog, and Speech).
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Three variants of this subset are generated with similar sound event scripts and varying
values of the sound event SNR parameter (0 dB, 15 dB, and 30 dB).

3.4.4 Baseline

We designed the baseline systeninspired by the winning system from the DCASE
2018 Task 4 by Lu §7]. It uses a mean-teacher model which is a combination of two
models: a student model and a teacher model (both have the same architecture). Our
implementation of the mean-teacher model is based on the work of Tarvainen and
Valpola [68]. The student model is the nal model used at inference time, while the
teacher model is aimed at helping the student model during training and its weights
are an exponential moving average of the student model's weights. A depiction of the
baseline model is provided in Figure 3.9.

The models are a combination of a convolutional neural network (CNN) and a
recurrent neural network (RNN) followed by an aggregation layer (in our case an
attention layer). The RNN output gives strong predictions (the weights of this model
are denoted ) while the output of the aggregation layer gives weak predictions (the
weights of this model are denoted).

The student model is trained on synthetic and weakly labeled data. The loss (binary
cross-entropy) is computed at the frame level for the strongly labeled synthetic data and
at the clip level for the weakly labeled data. The teacher model is not trained, rather, its
weights are a moving average of the student model (at each epoch). During training, the
teacher model receives the same input as the student model but with added Gaussian
noise, and helps train the student model via a consistency loss (mean-squared error) for
both strong (frame-level) and weak predictions. Every batch contains a combination of
unlabeled, weakly and strongly labeled samples.

This results in four loss components: two for classi cation (weak and strong) and
two for consistency (weak and strong), which are combined as follows:

L()=Lecassu( )+ ( )Lconsy ()

(3.8)
+ Lclasss( s)+ ( )I—conss( s)

3.4.5 Submission evaluation

DCASE 2019 Task 4 obtained 57 submissions from 18 di erent teams involving 60
researchers overall.

20pen source code available athttps://github.com/cmu-misp/ankit-phd-thesis/DCASE2019
task4/tree/public/baseline
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Real recordings Synthetic
Rank || System Classi er Event-based Segment-based| Event-based
Eval | Youtube | Vimeo | Valid Eval Set 1
1 Lin, ICT CNN 42.7% | 47.7% | 29.4% | 45.3% 64.8% 47.6%
2 Delphin-Poulat, OL CRNN 42.1% | 45.8% | 33.3% | 43.6% 71.4% 59.8%
3 Shi, FRDC CRNN 42.0% | 46.1% | 31.5% | 42.5% 69.8% 53.2%
4 Cances, IRIT CRNN 39.7% | 43.0% | 30.9% | 39.9% 64.7% 50.8%
5 Yan, USTC CRNN 36.2% | 38.8% | 28.7%| 42.6% 65.2% 41.8%
6 Lim, ETRI CRNN, Ensemble 34.4% | 38.6% | 23.7% | 40.9% 66.4% 42.5%
7 Kiyokawa, NEC ResNet, SENet 32.4% 36.2% | 23.8% | 36.1% 65.3% 42.3%
8 Chan, NU NMF, CNN 31.0% | 34.7% | 21.6%| 30.4% 58.2% 46.7%
9 Zhang, UESTC CNN,ResNet,RNN 30.8% | 34.5% | 21.1%| 35.6% 60.9% 49.2%
10 || Kothinti, JHU CRNN, RBM, CRBM, PCA || 30.7% | 33.2% | 23.8% | 34.6% 53.1% 35.6%
11 || Wang B., NWPU CNN, RNN, ensemble 27.8% | 30.1% | 21.7%| 31.9% 61.6% 32.9%
12 || Lee, KNU CNN 26.7% | 28.1% | 22.9%| 31.6% 50.2% 33.0%
Baseline 2019 CRNN 25.8% 29.0% | 18.1%| 23.7% 53.7% 40.6%
13 || Agnone, PDL CRNN 25.0% | 27.1% | 20.0% | 59.6% 60.4% 46.7%
14 || Rakowski, SRPOL CNN 242% | 26.2% | 19.2% | 24.3% 63.4% 29.7%
15 || Kong, SURREY CNN 22.3% | 24.1% | 17.0%| 21.3% 59.4% 23.6%
16 || Mishima, NEC ResNet 19.8% | 21.8% | 15.0% | 24.7% 58.7% 33.0%
17 Wang D., NUDT CRNN 17.5% 19.2% | 13.3% | 22.4% 63.0% 14.0%
18 || Yang, YSU CMRANN-MT 6.7% 7.6% 4.6% | 19.4% 26.3% 7.5%

Table 3.7: Fl-score performance on the evaluation sets

3.4.5.1 Evaluation metrics

Submissions were evaluated according to an event-based F1-score with a 200 ms collar
on the onsets and a collar on the o sets that is greater of 200 ms and 20% of the sound
event's length. The overall F1 score is the unweighted average of the class-wise F1 scores
(macro-average). In addition, we provide the segment-based F1-score on 1 s segments
as a secondary measure. The metrics are computed using the sed_eval library [69].

3.4.5.2 System performance

The o cial team ranking (best system from each team) along with some characteristics

of the submitted systems is presented in Table 3.7. Submissions are ranked according to
the event-based F1 score computed over the real recordings in the evaluation set. For a
more detailed comparison, we also provide the event-based F1-score on the YouTube
and Vimeo subsets and the segment-based F1-score over all real recordings. The event-
based F1-score on the validation set is reported for the sake of comparison with last
year's results (75% of the 2019 validation set is comprised of the 2018 evaluation set).
Performance on synthetic recordings is not taken into account in the ranking, but the
event-based F1-score on Synthetic set 1 (0 dB) is presented here as well. The baseline
for DCASE 2018 would obtain 22.2% F1-score on the evaluation set.

Twelve teams outperform the baseline with the best systems( 71, 72] outper-
forming the baseline by 16% points and the best system from 2018 by over 10 % points.
While the ranking on the YouTube subset is similar to the o cial ranking, there rankings
based on the Vimeo and synthetic subsets are notably di erent. Performance on the
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Vimeo set is in general considerably lower than on the YouTube set and Synthethic
set 1. The fact that no data from Vimeo was used during training (unlike data from
YouTube and synthetic data) suggests that the submitted systems struggle to generalize
to an entirely unseen set of recording conditions.

All three top-performing teams used a semi-supervised mean-teacher mo@d.|
Lin et al. [7Q focused on the importance of semi-supervised learning with a guided
learning setup [3] and on how synthetic data can help when used together with a
su cient amount of real data. Delphin-Poulat et al. [71] focused on data augmentation
and Shi [72] focused on a speci ¢ type of data augmentation where both audio les and
their labels are mixed. Cances et al7ff] proposed a multi-task learning setup where
audio tagging (producing weak predictions) and the sound event localization in time
(strong predictions) are treated as two separate subtaskgq. The latter was also the
least complex of the top-performing systems.

Most of the top-performing systems also demonstrate the importance of employing
class-dependent post-processingd 71, 74], which improves performance signi cantly
compared to e.g. using a xed median Itering approach. This highlights the bene ts
of applying dedicated segmentation post-processing [74, 76].

3.4.5.3 Conclusion from DCASE Task 4 Analysis

For Task 4, we observe that the best submissions outperform the prior winning submis-
sion by over 10 % points, representing a notable advancement. Performance tends to
show that the proposed systems in general did not over t the soundscape data set and
still performed well on the real data set. However, the performance from all systems
degrades in the unseen Vimeo subset, which indicates a lack of ability to generalize.
The progress is encouraging, but the remaining limitations indicate possible directions
for follow-up to this task.

Despite this challenge, we studied the robustness of the systems to noise and signal
degradation, which is known to impact model generalization. Our analysis is based
on the results of task 4. A comparative analysis of the performance of state-of-the-art
sound event detection systems shows that while overall systems exhibit signi cant
improvements compared to previous work, they still su er from biases that could
prevent them from generalizing to real-world scenarios.

3.4.6 Data augmentation: Additional experiments

In Task 4, the synthetic soundscapes evaluation dataset included multiple subsets
comprised of the same set of synthetic soundscapes, each with a di erent type of
data degradation applied via the audio degradation toolbox6p] or with for di erent
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foreground-to-background signal-to-noise ratio (FBSNR), that is the ratio between the
loudness of the sound event (foreground) and the loudness of the background noise. We
also considered other subsets where the same sound event would be localized at di erent
time instants within a sound clip and subsets using the long sound event classes as
background noise. All these scenarios are realistic and represent conditions where the
submitted systems are likely to fail. However, gathering enough real data that would
cover each of these aspects is hardly feasible. Not to mention that in some cases (e.g.,
varying FBSNR) it would require recording new data to ensure that only the tested
parameter is changing between experiments. Synthetic soundscapes then o er a exible
and realistic alternative to performance preliminary tests before considering further
investigation on real data if need be.

In the section below we present the results obtained by the participants of DCASE
2019 task 4 on the evaluation composed of synthetic soundscapes. This performance
was neither presented nor analyzed within the challenge. We propose an analysis of the
robustness of the ten top-performing approaches (on the evaluation set composed of
synthetic soundscapes) to degradation of the recording quality and to varying FBSNR
and a study of the robustness of the segmentation process implemented in the submitted
systems.

3.4.6.1 Varying foreground-to-background SNR

A subset of 754 soundscapes was generated with Scaper scripts. The scripts are designed
such that the distribution of sound events per class, the number of sound events per
clip (depending on the class), and the sound event class co-occurrence are similar to
that of the validation set which is composed of real recordings. The foreground event
signal-to-noise ratio (SNR) parameter was uniformly drawn between 6 dB and 30 dB.
Four versions of this subset were generated varying the value of the background SNR
parameter:

" 0 dB (the FBSNR is between 6 dB and 30 dB);
" 6 dB (the FBSNR is between 0 dB and 24 dB);
~ 15 dB (the FBSNR is between -9 dB and 15 dB);

" 30 dB (the FBSNR is between -24 dB and 0 dB).

These subsets are referred to dssnr _ 30dB, fbsnr _ 24dB, fosnr _ 15dB and
fosnr _ 0dB, respectively. These subsets are designed to study the impact of the SNR
on the SED system's performance. Related results are discussed in Section 3.4.9.1.
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3.4.6.2 Audio degradation

To study the robustness of the SED to audio degradation, six alternative versions
of the subsetfbsnr_30dB were generated introducing arti cial degradation with
the Audio Degradation Toolbox p6]. The signal degradations are generated to
simulate degradation faced in real environments. The following degradations are
used (with default parameters) : smartPhonePlayback, smartPhoneRecording,
unit_applyClippingAlternative, unit_applyDynamicRangeCompression,

unit_ applyLowpassFilter and unit_applyHighpassFilter. We refer to these versions
asphone _ play, phone _ record, clipping , compression , lowpass and highpass,
respectively. Performance results for these are discussed in Section 3.4.9.

3.4.6.3 Varying onset time

A subset of 750 soundscapes was generated with uniform sound event onset distribution
and only one event per soundscape. The parameters were set such the FBSNR was
between 6 dB and 24 dB. Three variants of this subset were generated with the same
isolated events, only shifted in time. In the rst version, all sound events had an onset
located between 250 ms and 750 ms, in the second version the sound event onsets were
located between 4.75 s and 5.25 s, and in the last version the sound event onsets were
located between 9.25 s and 9.75 s. We will refer to these subset$@8ms, 5500ms

and 9500ms, respectively. These are designed to study the sensitivity of the SED
segmentation to sound event location in time. In particular, we wanted to control if
SED systems were learning a bias in terms of time localization depending on the event
length (e.g., long sound events would most often start at the beginning of the sound
clip). Related results are discussed in Section 3.5.

3.4.6.4 Long sound events vs. short sound events

A subset with 522 soundscapes was generated where the background was selected from
one of the ve long sound event classes (Blender, Electric shaver/toothbrush, Frying,
Running water, and Vacuum cleaner). The foreground sound events were selected from
the ve short sound event classes (Alarm/bell/ringing, Cat, Dishes, Dog, and Speech).
Three variants of this subset were generated with the same sound event scripts, and
varying values of the background SNR parameter: 0, 15, and 30 dB in the rst, second,
and third subsets respectively. These subsets are referred toles0dB , Is_15dB and
Is_30_dB , respectively. This experiment is designed to study the impact of a sound
event being in the background or the foreground on SED performancé/]. Related
results are discussed in Section 3.4.9.1.
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3.4.7 Evaluation metrics

Submissions were evaluated with event-based measures for which the system output
was compared to the reference labels event by evefig]. The correspondence between
sound event boundaries was estimated with a 200ms tolerance collar on onsets and a
tolerance collar on o sets that are a maximum of 200ms and 20% of the duration of
the sound event. When sound event classes are taken into account, the overall F1 score
is the unweighted average of the class-wise F1 scores (macro-average). The metrics are
computed using the sed_eval library [69].

3.4.8 Robustness to noise and degradations

In this section, we focus on the impact of signal degradation on the SED and the
FBSNR performance. Each participant was allowed to submit up to four di erent
systems. Only the F1-score for the top-performing system (dbsnr_24dB ) for each
participant is presented here. We limit the analysis to the 10 top-performing systems.
Of the top 10 performing systems, 9 were based on CNN and 7 included recurrent
layers, the most common input features were log-mel energies and the most common
post-processing approach was median Itering. For further details about each system
see the submission reports [78, 74, 79, 71, 80, 81, 70, 72, 82, 83].

3.4.9 Simulated degradations

System Event-based F1-score

fosnr_24dB || phone_play | phone_record | clipping | compression | highpass | lowpass
Agnone, PDL [78] 39.1% 15.4% 9.2% 14.6% 29.6% 8.5% 0.9%
Cances, IRIT [74] 47.1% 25.7% 35.8% 42.6% 44.3% 19.2% 1.2%
Chan, NU [79] 41.2% 25.9% 17.5% 22.8% 33.4% 19.3% 1.2%
Delphin-Poulat, OL [71] 53.6% 32.9% 23.7% 29.5% 48.2% 23.3% 4.8%
Kiyokawa, NEC [80] 36.8% 33.9% 21.9% 35.6% 40.2% 22.1% 4.2%
Lim, ETRI [81] 38.9% 26.9% 30.3% 39.7% 48.1% 15.4% 0.7%
Lin, ICT [70] 43.7% 22.4% 9.3% 19.8% 35.3% 17.6% 0.5%
Shi, FRDC [72] 46.4% 35.0% 36.4% 48.3% 54.1% 17.4% 4.0%
Yan, USTC [82] 36.5% 22.1% 21.5% 18.3% 32.7% 16.6% 1.0%
Zhang, UESTC [83] 43.7% 21.8% 15.3% 24.6% 41.4% 14.1% 1.7%
Average score (all participants) 33.9% 22.0 % 16.4% 21.6% 31.4% 15.8% 1.7%

Table 3.8: F1-score performance on the degraded synthetic soundscapes

The F-1 score obtained on the degraded subsets is presented in Table 3.8. The
performance onfbsnr_24dB subset is presented here for comparison.

Some systems seemingly over- tted the synthetic soundscapes subset of the training
set and as a result, their performance decreased for most of the degradations. Otherwise,
the trend was similar for most of the systems. The submitted systems were found to be
robust to smartphone-related degradations and compression. This can be related to
the fact that they had been trained on audio data extracted from YouTube, which had
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Figure 3.10: SED performance depending on the FBSNR.

probably been recorded using smartphones. On the other hand, all systems seem to be
very sensitive to low-pass and high-pass Itering which tends to indicate that systems
are not robust to changes in the frequency range of the input representation between
training and test.

3.4.9.1 Foreground-to-background Signal-to-noise ratio

In Figure 3.10, we present the F1-score performance for the 10 top-performing systems
mentioned above under varying FBSNR (see Section 3.4.6.1). The trend for all systems
is similar, so no submission stands out in terms of robustness to noise. Interestingly, on
fbsnr_15dB where FBSNR should be distributed almost evenly around 0 dB, F1-score
performance is still acceptable for most systems and remain in the range of what was
obtained on real recording clips44]. Unsurprisingly, onfbsnr_0dB , the FBSNR is
always negative and the performance for all systems collapses.

We then propose to analyze the systems' performance when the background is
actually one event from the long sound event classes and the foreground sound events
are selected from the short sound event classes (see Section 3.4.6.4). In Figure 3.11, we
present the F1-score performance for the 3 top performing systems (on this particular
task) together with the performance averaged over all systems.

In all cases, when the FBSNR is low, all systems consistently obtain better perfor-
mance on long sound event classes. On the other hand, when the FBSNR is high, all
systems obtain better performance on short sound event classes. When the FBSNR
is 0dB, most systems perform similarly on short sound event classes and long sound
event classes. This shows that the bias toward long event classes observed in DCASE
2018 p9, 60 is less important in this (2019) case. The trend is con rmed by the
performance on short or long sound event classes that are within the same range in
the most favorable cases (0 dB FBSNR for the long sound event classes, 30 dB for the
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Figure 3.11: SED performance and FBSNR for soundscape composed of a long event
and multiple short events.

Figure 3.12: Segmentation (event localization) performance for long sound event classes.

short sound event classes). However, the system submitted by Lin et al0] does not
follow this trend and mostly performs better on long events. This could be due to the
guided learning methods that biases the mean teacher model. The teacher labels are
converted to 0/1 predictions instead of probabilities which may increase the number of
with a positive label and introduce a bias towards long events.

3.5 Segmentation

We now focus on system performances for segmentation, i.e., sound event localization
time (regardless of the sound event class). Event segmentation refers to nding both
the onset and o set time for each sound event. We especially consider the scenario in
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Figure 3.13: Long sound event classes: Time distribution of the onsets and the o sets
in the synthetic soundscapes subset of the DESED training set.

Section 3.4.6.3, in which three versions of a sound clip are generated with the same
background and the same sound event starting either at the beginning, in the middle,
or at the end of the sound clip. The F1-score performance is presented for the 3
top-performing systems (on this particular task) together with the performance of the
baseline system [84].

For short sound event classes, the F1-score performance is similar wherever the
sound event is located within the segment.

For the long sound event classes, performances are shown in Figure 3.12. This shows
the F1-score for segmentation, onset, and o set detection for long sound event classes
(but regardless of the sound event class). We see that the position of the long sound
event in the clip a ects the performance, which becomes worse when the sound event is
near the end of the clip.

One reason could be that in the training set, long sound events start and end largely
at the start of the clips. However, Figure 3.13 shows that long and short sound events
start at similar times. Long sound events also often end near the end of the clip. Thus,
if there was any bias from training, it should have helped to nd better endings for
long sound events towards the end of the clips. This is true all systems can nd good
endings for long sound events that start in the middle of the clip. But in this case,
most of these sound events also end near the end of the clip (see Figure 3.14). An
alternative explanation is that the submitted systems are simply not able to detect a
long sound event class toward the end of the sound clip. For example, median ltering
with variable length, which is used in most of the submissions (more than 0.5 s for long
sound event classes in some casé&s, [71]), would make it unlikely to detect a long
sound event class at the end of the sound clip. This hypothesis is con rmed by the fact
that the baseline that uses xed-length median lItering as post-processing performs
similarly regardless of where the sound event is located.
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Figure 3.14: Time distribution of the o sets for long event classes in the subséd90ms
(left) and 5500ms (right) of DESED Evaluation set.

In summary, we tested all DCASE 2019 task 4 submissions on synthetic sound-
scapes. The analysis revealed that using internet video sound clips to train SED makes
the systems handle smartphone sound quality better. But despite the improvement
relative to the DCASE 2018 task 4, SED systems still depend on biases (especially for
segmentation) that would limit their use in real situations. As a mitigation strategy,
in DCASE 2019 we added a real recording from an unknown source (Vimeo) to the
evaluation set.

A possible solution for the segmentation problem would be to make the evaluation
set include the extreme cases discussed above and use separate sound events (not
soundscapes) so that more diverse training examples could be created. This could
reduce some of the bias in system design and learning for this task.

3.6 Key insights

The above chapter outlines advancements in the Detection and Classi cation of Acoustic
Scenes and Events (DCASE) Challenge, focusing on various tasks related to automatic
audio event and scene recognition. The chapter provides a detailed exploration of six
primary tasks, including acoustic scene classi cation, sound event detection, anomalous
sound detection, and more.

Key tasks as part of DCASE include:

" Acoustic Scene Classi cation: Progress in this eld has been made, with state-
of-the-art systems leveraging convolutional neural networks (CNNSs), attention
mechanisms, and data augmentation to improve generalization across devices.
Low-complexity solutions were also explored, with techniques such as depth-wise
separable convolutions enabling more e cient models.
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Anomalous Sound Detection: This task highlighted the use of deep learning-
based outlier detection techniques, with impressive results in detecting machine
anomalies. However, challenges remain in dealing with false positives and highly
variable anomalies.

Sound Event Localization and Detection (SELD): Here, top-performing models

employed convolutional recurrent neural networks (CRNNS) to achieve accurate
spatiotemporal characterization of sound events. The systems performed robustly
in real-world environments, but further work is needed on handling domain shifts

and overlapping events.

Sound Event Detection in Domestic Environments: Combining weakly labeled,
unlabeled, and synthetic data, this task demonstrated how data fusion and domain
adaptation techniques can be used to detect sound events in noisy domestic
environments.

Few-shot Bioacoustic Event Detection: This task showcased the e ective use of
few-shot learning to detect novel animal vocalizations with only a handful of
examples.

Automated Audio Captioning and Retrieval: Advances in generating free-text
descriptions for audio and retrieving relevant audio clips based on text queries were
explored, pointing to future applications in multimedia retrieval and intelligent
machine interaction.

The chapter e ectively illustrates how cutting-edge machine learning techniques,
especially deep learning architectures like CNNs and CRNNSs, have driven advances
in acoustic scene classi cation and event detection. It emphasizes the importance of
model generalization, domain adaptation, and handling real-world challenges such as
device variability and overlapping sound events. Despite the substantial progress, open
challenges like false positives, overlapping events, and segmentation accuracy indicate

that further research is needed.
3

3Code is available at https://github.com/ankitshah009/V/
Task-4-Large-scale-weakly-supervised-sound-event-detection-for-smart-cars
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Section IlI: Training models with Weak
labels

Training models with weak labels is a crucial aspect of audio classi cation and sound
event detection, especially when access to precisely labeled data is limited. Chapters
4, 5, and 6 lay the foundation for understanding the methodologies and challenges
associated with learning from weakly labeled data.

Chapter 4 explores the foundational concepts of learning from weak labels, empha-
sizing the importance of weak labels in audio classi cation tasks. It introduces various
strategies to mitigate the challenges posed by weak labels, such as handling label noise,
label corruption, and label density. The chapter further discusses the e ectiveness of
Convolutional Neural Networks (CNNs) designed speci cally for weakly labeled audio
data, presenting experimental designs and results that highlight the impact of label
guality and density on model performance.

Chapter 5 addresses the complexities of learning from noisy and web-sourced data.
It presents the WeblyNet system, a novel approach for leveraging weak labels obtained
from the internet, which are inherently noisy and imprecise. The chapter details the
challenges of using such data and proposes a co-training method that signi cantly
improves model performance compared to directly using weak labels. This method relies
on using two complementary networks to re ne the learning process, demonstrating the
potential of webly labeled data to supplement traditional training datasets.

Chapter 6 extends the discussion to semi-weak labels, which incorporate additional
cues such as event counts and proportions. The chapter introduces a two-stage framework
for semi-weak label learning, where the rst stage estimates class counts, and the
second stage assigns instance labels based on these counts. This method improves the
granularity of weak labels with minimal additional annotation, leading to improved
classi er performance.

Together, these chapters provide a comprehensive view of the techniques and
strategies developed to train models e ectively using weak, noisy, and semi-weak labels.
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They establish the theoretical and practical foundations for advancing sound event
detection in scenarios where precise labeling is not feasible, paving the way for more
robust and scalable audio classi cation systems.
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Learning from weak labels

Traditional training methods for training sound-event classi ers requirestrongly labeled
data audio recordings where each instance of the target sound event is marked, along
with its temporal boundaries. Such data being hard to obtain, we musveakenthe
requirements of labeling. In this context, the weakest form of labeling is one where
only the presence or absencef a sound event in a recording is marked, with no further
indication of the number of occurrences of the recording or their locations in the
recording. Approaches that can learn classi ers from this lattermost class of label are
what we refer to as weak label approaches.

The development of weak labeling approaches for audio event detection (AED) has
opened up the possibility of large-scale AEDs. However, a deeper understanding of how
weak labeling a ects the learning of sound events is still missing from the literature.

In this work, using a CNN-based approach for weakly supervised training of audio
events, we study the e ect of factors that naturally arise in weakly supervised learning
of sound events on the generalization of the models. Speci cally, we empirically analyze
how two important factors, namely,label densityand label corruption a ect the learning
process in weakly supervised training of audio events.

4.1 Background - Importance of Weak labels

The problem of audio event detection (AED) deals with automatically analyzing the
audio contentof multimedia data to identify di erent sound events. The development of
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large-scale AED techniques has been slow due to the lack of availability of large datasets
and the di culty in annotating data for sound events. Many datasets B5, 86, 87, 88
released in the last decade were small-scale both in terms of amount of training data
and vocabulary of sound events. Supervised learning methods that rely stiongly
labeledexemplars for training or time-stamped information to extract event exemplars
are not expected to be a scalable approach to AED, as large amounts of strongly labeled
data are very hard to come by. In fact, large-scale AED has been possible primarily
due to techniques that learn from weakly labeled data [89]. Following [89, 20], several
works on weakly supervised learning have been proposed, and this is now the primary
mechanism to train audio classi ers.

It should be noted that all of these works use manually created weakly labeled
datasets such as Audiosetlp], which is a weakly labeled sound event dataset that, to
the best of our knowledge, is currently the largest dataset for sounds. As a reminder, a
primary motivation behind our work on weak labeling is to scale AED by exploiting
the web data without manual labeling e ort, e.g., by using metadata associated with
web videos to automatically tag them with sound event labels. Consumer-generated
web videos are recorded under unstructured conditions; occurrences of sound events
could be corrupted by noise/other events, leading to huge intra-class variations, making
the problem more challenging. This signal noise is, however, not the focus of this work.

In this chapter, we take a closer look at AED using weakly labeled data by analyzing
two factors: label densityand label noisg both of which are generally expected to induce
noise in labels during the learning process.

Label density measures what percentage of a weakly labeled recording actually
contains the labeled eventLabel noiserefers to incorrectly labeling audio events. It can
occur due to several reasons. In the case of manual labeling, sound events are sometimes
hard to interpret leading to incorrect labeling. However, label noise becomes a bigger
problem when we attempt to work with labels obtained through automated methods,
and it is essential to understand how this might a ect the learning process. So far,
there is little work on understanding label noise for sound events, although there is
some literature on this related to vision tasks [90][91][92].

In [93], the authors have usedabel noisein weakly supervised learning and have
proposed a uni ed learning framework that learns simultaneously from strongly and
weakly labeled data. They proposed a graph-based semi-supervised learning method,
which can be hard to scale for large amounts of audio data. 89, the authors propose
methods for transient sounds that can be thought of as being related to label density
to a certain extent.

In the sections below, we quantify the e ect of label noise and label density and
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study how these a ect learning from weak labels. We rst describe a weak label learning
approach that achieves state-of-the-art results on Audioset. Later, we also describe how
we build and analyze a weakly labeled dataset in a fully automated fashion to aid AED.

4.2 CNN for Weakly labeled audio

In our work, we use the CNN-based AED model based on the one described9§.[
The CNNs in the model are designed fox 2 R" ™ input, where n (row) is the time
dimension andm (column) is some multidimensional feature vectorn depends on the
duration of the recording, andm on the type of feature representation used to represent
the data.

We use two di erent input features in our work: logMel spectrograms and the
embeddings obtained from Google for the Audioset dataset [96].

The logMel spectrogram of an audio recording is represented Ky2 R" ™. In this
case,n is the number of log Mel frames, anan is the number of Mel Iters used in
the representation. In this work, wem = 128 Mel- lters. We use the term frame to
refer to the i 128dimensional time frame, and segment to represent a small segment
of the whole audio recording. In terms of logMel features, a segment is a collection of
k continuous frames K 128 matrix). For example, k = 128 represents al:5 second
segment of the audio recording.

The Google embeddings for Audioset comprise a 128-dimensional feature vector for
each 1-second segment of the audio recording. This leads tR& n 128 dimensional
representation for any audio, where is the duration of the audio recording in seconds.

Given a collection of weakly labeled recordingsX(;y;), the goal is to design a
network architecture that can learn from this weakly labeled dataset. We would expect
the network to factor in the fact that the labels areweak

Our network is inspired by P5. We refer to our weakly labeled network as WalNet.
The WalNet architecture is shown in Figure 4.5 for both logMel and Google-embedding-
based input features. The networks for both features consist of convolutional blocks,
which rst predict the posteriors for each class at the segment level. These segment-level
outputs are mapped by a mapping function to produce recording-level outputs. Our
mapping function is anaveragd) function. Thus, the recording level output for any
class is the average of the segment-level outputs. Using the recording level outputs,
we compute the loss with reference to the target labels and train the network using
backpropagation.
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Figure 4.1: WalNet CNNSs for Audio Events. The upper network is the CNN for logMel
features. The network shown in the lower portion is for Google embedding features.
The network provides an output at two levels of granularity - segment level output and
recording level output

4.2.1 Characteristics of WalNet

Our network design embodies the di erent aspects of weakly labeled learning. It is
designed to predict posteriors at the recording level by rst predicting class posteriors
at the segment level. The principle applied here is that we scan through the recording
and predict outputs at every small segment. Once we know what happened at the
segment level, we can use it to assign what will occur at the recording level. Thus, the
network does not make any assumptions about labeling within the recordings.

Moreover, the network is fully convolutional, allowing it to handle variable length
recordings. The network design controls the size of the segments over which posteriors
are predicted. The network design can also control the amount by segments that are
shifted.

In the speci ¢ case of LogMel WLAT in Fig 4.5, the segment size is 128 frames (.5
seconds), and segments are shifted by 64 frames Q.75 seconds). Hence, consecutive
segments overlap byp0% The number of segments obtained after layer L8 depends on
the duration of the audio recording. For example, an audio recording consisting 864
logmel frames R 2 R®# 128) will produce K = 12 segments at L8. These segment-level
outputs also be used for the temporal localization of sound events. Hence, the network
can localize events despite learning from weakly labeled data.

4.3 Label Noise, Label Density, and Corresponding Experimen-
tal Designs

4.3.1 Labels Density
Label density indicates how much of a given audio recording contains the tagged event.
We formally de ne label density (LD) of a recordingR, with respect to an audio event
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eas
LD{ = g (4.1)
Where D is the duration (any time unit) for which event e is present in recordingR, and
L is the length of R. Correspondingly, label density noise (LDN) iDN§ =1 LDg.
Label density noise is a measure of theeaknesof the labels of a recording with respect
to a given event. For example, an audio recording where a sound event is present for
one-fourth of the duration of the recording is a weaker representation of the event than
an audio recording where the event is present for three-quarters of the duration.

Understanding how label density a ects the learning process in a weakly supervised
learning framework is important. However, designing an evaluation strategy to measure
the impact of label density on the generalization capabilities of trained models is not
straightforward. Any such method would require one to measure the label density of
all recordings with respect to each event. This would require us to manually obtain
the duration for which each given event is present in the audio recording. Clearly,
this cannot be done for a large-scale dataset such Asdioset Hence, we consider an
alternative view on label density, allowing us to study its impact on weakly labeled
AED empirically. This alternate view is based on the intuition that if we mine weakly
labeled audio from the web, the expected density of labels for a given audio event will
be lower for long-duration audio recordings. In other words, on average, long-duration
audio recordings will have higher label density noise than shorter audio recordings.

Taking this alternate view, we designed our experiment as follows:

Audioset has weak labels for YouTube audio recordings. On this dataset, weak
labeling was manually done on audio recordings that were of exactly 10 seconds duration
These 10-second audio segments were actually obtained from longer YouTube videos.

Let R; be thei' recording, Y T}, be its source YouTube recordingS' and E' be
the start and end times ofR; in Y T;, and L' the list of events marked present irR;.

Considering that the R; are predominantly 10 seconds long, a high label density is
anticipated for these recordings. By extracting segments ranging froBi 10 seconds
to E' +10 seconds, ands' 25 seconds toE' +25 seconds from eacly T,, we generate
recordings that exhibit successively lower label densities and concurrently, higher label
noise. The weakly labelled sets thus obtained are denoted Asdioset-At-30 and
Audioset-At-60 for the former and latter cases respectively. This procedure is performed
for each tuple (Y Ti; S'; E'; LY.

WalNet, our proposed model, is trained on these three sets to examine the e ect of
label density on its performance. Given the design of our network, which accommodates
audio recordings of variable lengths, modi cations in the length of the recordings do
not constitute an obstacle.
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4.3.2 Corrupted Labels and Noise

Moreover, we perform the corruption so that the number of recordings marked to
contain the recording remains consistent with respect to the original labels. We perform
an analysis of the di erent values ofr. The set of corrupted labels for each will be
released for future works.

Labels that are incorrect or corrupted present a signi cant challenge. This issue
persists even in meticulously labeled datasets such as Audioset, where the authors have
acknowledged that the labels are imperfect, with numerous instances of false positive
labels.

The quality of labels may signi cantly deteriorate when we endeavor to mine audio
directly from the web and automate the weak labeling process, employing metadata
associated with the audio (videos) to assign labels. The process could potentially result
in both false positive and false negative label assignments. This could lead to marking
an event as present in the recording when it is not, or inversely, failing to identify an
event and incorrectly marking the recording as devoid of the given sound event. We
conduct an analysis of this form of label noise by intentionally corrupting the labels in
Audioset.

We regard the labels from AudioSet as awless or havin@% corruption, given that
Audioset is manually labeled, which may be assumed to be the optimal achievable
quality. We subsequently incrementally introduce label noise by manually corrupting
the assigned labels in Audioset. In speci c terms, for a subset of the labeled tuples
(Y T4; S E'; LY, we corrupt L' by modifying the events inL'. This corruption process
is executed in a strati ed manner, such that approximatelyr % labels for each event
are corrupted. Thisr% encompasses both false positive and false negative label noises.
Additionally, we orchestrate the corruption such that the quantity of recordings marked
as containing the event remains consistent with the original labels. We conduct an
analysis for di erent values ofr.

4.3.3 Weakly Labeled Audio In the Wild
In order to deepen our understanding of weakly labeled learning for sound events,
particularly in the context of automated labeling and web data, we directly procure
audio recordings from YouTube associated with a speci ¢ sound event and use these
recordings to train our model.

We employ a straightforward yet e cient Itering method to acquire recordings for
a speci ¢ sound event. We retrieve videos by using search queries of the form <sound
event name> sound. The addition of the word sound signi cantly enhances the

Ihttps://research.google.com/audioset/dataset/index.html
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retrieval of relevant videos on YouTube. We consider the top 50 retrieved videos (each
under 4 minutes in duration) for each event and label these as containing the event.
If a video is retrieved for multiple events, it is labeled accordingly for each event. We
refer to this training set asYouTube-wild In YouTube-wild all forms of label noise can
occur, and label density can range fromfd to 1. Since the retrieval process is imperfect,
labeling all top 50 videos containing the event results in false positive labeling. This
implies that we assign a positive label to the recording even when the event is not
present. In the process, false negative labels are also naturally introduced. For example,
a videoV retrieved for an evente; might also contain another evente,, but unlessV is
retrieved for e, as well, we are unaware of this and mar& as not present inV.

The YouTube-wild dataset was created for a subset of 40 sound events from Audioset
and comprises approximately 1,900 recordings. Like AudiosétpuTube-wild is multi-
labeled. The selection of sound events fdfouTube-wild was based on several factors.
Please see the appendix of this chapter for more details.

4.4 Experiments and Results

4.4.1 Dataset

The AudioSet dataset 6] comes pre-divided into three subsetdalanced training Eval
and Unbalanced We utilize the balanced trainingset as our training dataset for our
experiments. This balanced training set contains approximately 21,500 audio recordings.
The actual balanced trainingthe set available from Audioset is slightly larger due to a
few videos being unavailable for download. Most of the recordings are 10 seconds in
duration, though a few are less than 10 seconds. The total training data amounts to
around 60 hours. For our experiments, we use tHeval set from Audioset as our test
set, which consists of 19,789 recordings. Both the training and test sets contain at least
59 examples per class. From thenbalancedset of Audioset, we extract a collection
of 12,676 recordings to use as a validation set in our experiments. This validation
set contains at least 30 examples per class. Audioset is a multi-label dataset with an
average of 2.7 labels per recording.

4.4.2 Acoustic Features, Implementation and Evaluation Met-

rics
As mentioned earlier, we use Logmel spectrograms and Google embeddings as our
features. For logmel spectrograms, all audio recordings are sampled at a 44.1 KHz
sampling rate. A window of 23 ms (1024 points) and window hop size of 11.5 ms
is used. The number of mel bands is set to 128. Hence, each frameo2 Rk 128
corresponds to the logmel representation of a 32 ms window. WAL-Net is designed to
produce outputs for a 128-frame segment moving by 64 frames. This corresponds to a
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Table 4.1: Mean Average Precision on Audioset - 10-second recordings

Model AP
ConvNet (mean pooling) 20.3
ResNet (mean pooling) 21.8

ResNet-ATT [Xu et al., 20174a] 22.0
ResNet-SPDA [Zhang et al., 2016] 21.9
Mé&mnet [Chou et al., 2018] 22.6
WAL Net 22.9

segment size of 1.5 seconds and a hop size of 0.75 seconds.

For Google embeddings, we followed the procedure described96] [and further
outlined here. ?

Hyper-parameters are tuned using the validation set. Adam optimizatior9J] is
used to train the networks and model selection (across di erent epochs), and parameter
tuning is done using the validation set. We used average precision (AP and area
under ROC curves for each event (AUC)J9| as evaluation metrics. The mean average
precision (MAP) and mean area under ROC curves (MAUC) over all events are used as
overall evaluation metrics.

4.4.3 Audioset Performance

Table 4.1 presents the Mean Average Precision (MAP) on the evaluation set across
all 527 sound events. To allow for a comparison with the current state-of-the-art, we
also include the reported gures from10Q 94]. As of the time of this work, WalNet is
capable of achieving state-of-the-art performance by using the balanced training set
from Audioset. An ensemble of M&mnet, as presented i®4], demonstrates slightly
superior performance with a MAP of 23.2. We anticipate that an ensemble of WalNet
models could yield comparable improvements.

4.4.4 Analysis of Label Density

The experimental setup for this portion adheres to the procedure outlined in Section
4.3.1. For the Audioset training set, we created two additional sets, designat@didioset-
At-30 and Audioset-At-60. These two sets, which contain approximately 180 and 360
hours of audio data respectively, have higher label density than the original Audioset.
We train WalNet using the original Audioset, Audioset-At-30, and Audioset-At-60. The
validation and evaluation sets remain identical to those in the original Audioset. The
original Audioset provides label density at 10-second intervals, so we are analyzing the
performance of models trained on datasets with weak labels available at 10-, 30-, and
60-second intervals.

2https://github.com/tensorflow/models/tree/master/research/audioset
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Table 4.2: E ect of label density on performance using AudioSet

Training Set Feature MAP | MAUC
Audioset Log Mel Spec 21.3 | 0.923
Audioset-At-30 | Log Mel Spec 21.8 | 0.928
Audioset-At-60 | Log Mel Spec 21.6 | 0.923
Audioset Google Embedding [96] 22.9 | 0.919
Audioset-At-30 | Google Embedding 22.4 | 0.905
Audioset-At-60 | Google Embedding 22.4 | 0.908

Table 4.2 illustrates the impact of changes in label density on MAP and Mean Area
Under the Curve (MAUC) values. For logmel spectrograms, there is a minor performance
improvement when transitioning from Audioset to Audioset-At-30. However, a slight
decline in performance is observed when further transitioning to Audioset-At-60. Overall,
it could be contended that WalNet's performance is not signi cantly a ected by label
density.

This intuitively suggests that WalNet exhibits robustness to increases in label density,
a desirable trait in any weak label learning framework. The enhancement observed with
increasing audio lengths may be due to the corresponding increase in total training
data. However, it can be inferred that extended-duration recordings, assuming they are
available in large quantities, can be e ectively utilized for training an architecture like
WalNet, given the minimal impact of label density.

4.4.5 Analysis of Labels Corruption
The analysis of label noise, speci cally in the context of corrupted labels, adheres to
the procedure detailed in 4.3.2. We introduce arti cially induced corruption in labels
at 9 di erent rates, denoted byr. Consequently, we obtain 9 distinct training sets. A
WAL-Net model is trained on each of these training sets, utilizing Google embeddings as
input. The validation and evaluation sets are maintained as before. Fig. 4.2 illustrates
MAP values for di erent rates of corruption, r. The case wherg =0 corresponds to
the original training set from Audioset.

The model demonstrates reasonable robustness to additional noise up unt# 15.
A 15% noise in labels results in only about a 5.9% relative decrease in performance.
This showcases WAL-Net's resilience to label noise up to a certain extent. However,
at extremely high corruption levels, specicallyr = 40 and r = 50, a signi cant
decrease in performance is observed as expected. The MAP at these corruption rates
are 17:40( 24%)and 16:81( 26:4%) respectively.

From this, it can be concluded that corrupted labels play a signi cant role, and
depending on the extent of label noise, the performance degradation for a state-of-the-art
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Figure 4.2: E ect of corruption of labels on performance. The X-axis represents
corruption level r in %. The Y-axis shows MAP (Mean Average Precision) and %
reduction in MAP compared to no corruption.

Table 4.3: Weakly Labeled Audio in the Wild. Comparison with manually labeled
Audioset

Training Set MAP | MAUC
Audioset-40 54.3 | 0.938
YouTube-Wild | 38.0 | 0.872

method can range from moderate to severe. Although a deep learning model like WalNet
demonstrates a degree of robustness, label noise remains a signi cant challenge for
future works on Acoustic Event Detection (AED) utilizing weak labels, especially those
relying on YouTube data. Such work should account for the likelihood of corrupted
labels and model accordingly. As previously noted, even a manually labeled dataset
like AudioSet is not immune to label noise, and it can be anticipated that any other
large-scale weakly labeled dataset will encounter the same issue. Therefore, training
algorithms should be designed considering the presence of label noise in datasets.

4.4.6 Weakly Labeled Audio in the Wild

We now present the performance results for YouTube-wild. For comparison purposes,
we trained WalNet on the subset of Audioset training recordings that correspond to
the 40 events included in the YouTube-wild vocabulary. This subset is referred to as
Audioset-40 and comprises approximately 4,650 recordings. The objective is to draw
a comparison between YouTube-wild and a manually labeled set. The list of events
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and the YouTube-wild dataset will be made publicly available on our GitHub page.
Evaluation is once again conducted on the recordings from the Eval set of Audioset,
with results presented for Google embedding features.

We note a signi cant performance disparity between Audioset-40 and YouTube-wild.
Speci cally, compared to the manually labeled and scrutinized Audioset-40, YouTube-
wild lags behind by an absolute 16.3% or 30% relative in terms of MAP. This outcome
underscores the importance of careful examination of how weak labels function for
sound event identi cation and the need to develop more robust learning methodologies.

45 Conclusion

In this chapter, our objective was to delve into the challenges associated with large-scale
AED using weakly labeled data, thereby providing a foundation for future research
in this eld. We introduced a CNN-based framework designed to learn from weakly
labeled audio recordings and demonstrated its state-of-the-art performance on AudioSet.
Subsequently, we outlined various ways in which label noise might appear in weakly
labeled data. We proposed experimental designs aimed at examining the e ectdaijel
density and labels corruptionon performance. As we highlighted in this study, label
density is an inherent aspect of the weak label learning paradigm, but its e ects on
performance are minimal. Conversely, label noise can have a moderate to severe impact
on performance.

In addition, we explored the potential of directly mining weakly labeled data from
the web and compared it with AudioSet, which consists of manually labeled short audio
recordings. Our ndings indicate a signi cant need for further work in this area, given
the considerable performance gap.

4.6 Appendix
4.6.1 CNN Architecture

Let's consider each recording and its weak labels as pa(R;Y;), whereR; is the
i™ recording andY; represents its corresponding label. The label vectoy;, is a C-
dimensional vector withC denoting the total number of classes. Each indgxof this
vector is assigned a value of 1 if thé:jth sound event is present, otherwise 0. Our goal
is to train a network using this weakly labeled dataset, acknowledging that the labels
are weak This means that even though we have a label for the entire recording, the
labeled event may not necessarily persist throughout the recording, which complicates
loss calculation and network training.

Let's represent the segments of the recording; as SE‘, wherek = 1;2;:::K. Here,
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Figure 4.3: General Schema of Weak Label Training. The network is designed to
produce segment level outputs rst and these segment level outputs are then mapped
by the mapping function g() to obtain recording level output. The loss computation
and updates can then be done using these segment level outputs.

K indicates the total number of possible segments for the recordifty considering a
certain segment and hop size. We'll assume thaI(SE‘), wherek = 1;2;:::K, are the
network outputs for the recording segments. Each(SE‘) is a C-dimensional vector.
Our method of weak label training chie y involves mapping these segment-level outputs
to the recording-level, thereby generating a single vector that represents the class-wise
output for the entire recording. Once we have the recording-level outputs for all classes,
we can compute the loss function with the recording-level lab¥] and train the network.
This concept is formalized in Eq. 4.2.

Loss(Ri) = L(g(f (S7');;;f(SK); (SR ) (4.2)

In Eq. 4.2, the functiong() is used to map the segment-level prediction$ (SR)) to
the recording-level prediction. The lossl( loss function) is then computed by comparing
this recording-level prediction with the recording-level labely;. The mapping function
g() can be any function that inspects segment-level predictions and uses this information
to generate an output for the entire recording. This formulation encapsulates the notion
that weak labelswhich are labels for the entire recordings, originate from the presence
or absence of events at lower levels, such as at the segment level. The purpose of the
mapping function is to analyze these segment-level outputs and generate the recording-
level output based on them. The general structure for Weakly LAbeled Training (WLAT,
pronounced "dub-lat") is depicted in Figure 4.3.
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4.6.2 Multi-Label Training for WAL-Net

An audio recording can have multiple classes present in it. The weakly labeladdioset,
on an average consists &.7 labels per recording. Hence, the training procedure needs
to consider presence of multiple labels in the recording. The output of WLAT gives
class speci c posteriors for any given input. The binary cross entropy loss with respect
to each class is then given by Eq. 4.3.

I(Ye;Pe) = Ye log(ps) (1 ye) log(l pe) (4.3)

yc is the target output for " class,1 if ¢" event is marked to be present an®
otherwise. p, = WLAT (X) is the network output for the ¢" class. The training loss is
the mean of losses over all classes

LOGY) = & & lyeip): (4.9

Figure 4.4: WALNet for Audio Events. The upper network is CNN for logmel features.
The network shown in the lower portion is for Google embedding features.

WALNet CNN for Logmel : As shown in the top half of Figure 4.5, we have a CNN
network for logmel features. Any given audio recording is represented By2 R™ 128
considering we usé@28mel-bands in logmel representations aneh stands for the number
of logmel frames forR.

The blocks of layers from L1 to L5 are composed of two convolutional layers, followed
by a max pooling layer. Prior to the non-linear activation function, each convolutional
layer has batch normalization. The ReLU function hax(0; x)) is used in all layers from
L1 to L6, and 3 3 convolutional Iters are used throughout. The stride and padding
values are consistently set td. The number of Iters used in di erent layers is as
follows: L1: 32, L2:64, L3:128, L4:128, L5:256, L6:512 Note that L1 to L5 consist of
two convolutional layers followed by max pooling, while L6 only has one convolutional
layer followed by a max pooling layer. Both convolutional layers in these blocks use the
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Figure 4.5: WALNet CNN architecture block level details for log mel features.

same number of Iters. The max pooling operation is applied over2 2 window, and
logmel inputs are treated as single channel inputs.

Layer L7 is a convolutional layer with1024 lters of size 2 2 and uses RelLU
activation. The stride is set to1 and no padding is used. Layer L8 produces segment
level output and is a convolutional layer consisting o€ Iters of size 1 1, whereCq
is the number of classes in the dataset. This layer uses a sigmoid non-linear activation
function. The mapping functiong() averages the segment level outputs for each class.

WALNet for Google Embeddings : Google provides a VGG-like network to compute
segment level embedding for any recording. This network, trained on a substantial
amount of data (over 5 million hours) through strong label assumptions, is expected
to yield discriminative representations for audio recordings. The embeddings are 128-
dimensional quantized vectors, with the details of the embeddings available hO[i]°.
Each 1-second of audio recording is assigned an embedding, so a 10-second audio
recording would result in a10 128 matrix representation. Thus, each audio recording
is represented byR 2 RN 128 with N being the number of embedding vectors for the
recording.

The lower half of Figure 4.5 displays the WLAT CNN architecture for these embed-
ding features. The blocks of layers from L1 to L4 are composed of two convolutional
layers, followed by a max pooling layer. Each convolutional layer uses batch normal-

3https://github.com/tensorflow/models/tree/master/research/audioset
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ization followed by ReLU activation. The lter or kernel size, stride, and padding are
again3 3, 1, and 1 respectively. The number of Iters used in these blocks is as
follows: L1: 64, L2:128, L3:256, L4:512. Both convolutional layers in these blocks use
the same number of Iters. The max pooling operation is applied over & 2 window,
which moves with the same stride. Layer L5 is a convolutional layer with024 Iters of
sizel 8, and RelLU activation is used again. The stride is set t& and no padding is
used. Layer L6 is another convolutional layer, this time witHL024 Iters of size 1 1.
Both of these layers apply batch normalization before the non-linear activations. Layer
L7 is the segment level output layer, and is a convolutional layer witlC Iters of size

1 1 and uses a sigmoid non-linearity. The mapping functiog() averages the outputs
again.

4.7 Datasets
4.7.1 Audioset

AudioSet is classi ed as darge-scale weakly labelledataset. It includes weak labels
that have been manually annotated. Each entry in the data set consists of a recording
of 10 seconds or less, and these weak labels signify the existence of events within these
short clips. This dataset is multi-label, with each recording having, on average, 2.7
labels. It comes pre-partitioned into three sets. We utilize thé&alanced set as our
training data. At the time of our acquisition, this set comprised approximately 21,500
recordings, which is about60 hours of audio data. The actual balanced training set
o ered by AudioSet is slightly larger, but some videos were unavailable for download at
the time of our retrieval. The Eval set of AudioSet is employed as our test or evaluation
set, which contains about 20,000 recordings in total. We use a subset of around 13,000
recordings from theunbalancedset as our validation set, ensuring at least 30 examples
for each class.

The AudioSet training data can be represented by tuples in the form oR(; Y T,; S'; E'; L"),
whereR' is the i recording in AudioSet andY T} is the corresponding YouTube id of
R'. S' indicates the start time of R" in Y Ti;, while E' denotes the end time. HenceR'
is a segment of the vided T, on YouTube, starting at S' and concluding atE'. The
recordingsR' are weakly labeled (manually), and.' symbolizes the set of audio events
found in R'. Consequently, this labeling implies that the set of events ih' are present
in YT}, betweenS' and E'. For a deeper understanding, we refer readers to the label
sets provided by AudioSet.

“https://research.google.com/audioset/download.html
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Table 4.4: 10 Events with highest relative drop in performance

Events AudioSet-10 AudioSet-10 at 45 % label corruption AP Drop (% Drop)
Glass 0.080, (0.925) | 0.005, (0.476) 0.074, (93.35)
Neigh, whinny 0.165, (0.945) | 0.012, (0.692) 0.152, (92.59)
Oowl 0.144, (0.929) | 0.011, (0.564) 0.134, (92.51)
Knock 0.110, (0.947) | 0.008, (0.529) 0.102, (92.43)
Tick-tock 0.109, (0.949) | 0.009, (0.735) 0.100, (91.95)
Mouse 0.052, (0.934) | 0.004, (0.697) 0.0478, (90.94)

Single lens re ex camera

0.052, (0.935)

0.005, (0.621)

0.047, (90.44)

Breaking

0.142, (0.973)

0.017 (0.782)

0.125, (88.06)

Tap 0.07, (0.) 0.008, (0.833) 0.068, (87.82)
Burping,eructation 0.090, (0.956) | 0.014, (0.771) 0.076, (84.13)
Mean 0.101, (0.947) | 0.014, (0.670) 0.087, (86.14)

4.7.2 YouTube-Wild

Vocabulary Selection : Numerous audio events irAudioSet represent a vast range
of meanings. The automated labelling process outlined above can yield insigni cant
results for these events. Therefore, we chose to work with a smaller subset of events,
speci cally, those with a more de nitive meaning - that is, those that, when retrieved,
produce a relatively meaningful and pertinent set of audio recordings. The selection
process also considers the total number of examples available for the event in AudioSet.
We select events with a higher count of examples in AudioSet to analyze hdfeuTube-
Wild compares toAudioSet which is manually labeled. This choice is driven by the
desire to better understand wheré¥ouTube-Wild stands in comparison to AudioSet.
YouTube-Wild is a dataset that is collected and labelled without manual intervention
and comprises lengthy audio recordings, unlike AudioSet, which is manually labelled,
and the weak labels apply to relatively short 10-second recordings. Both datasets
originate from YouTube, hence, the level of background noise is expected to be similar.
The most notable di erences, however, are likely to stem from the two forms of label
noise .

In this chapter, we have elucidated deep learning techniques for detecting audio events
utilizing weakly labeled data. Our methodologies primarily depend on convolutional
neural networks, subsequently integrating the weak label constraints into the learning
procedure. The fundamental concept entails adopting a bottom-up strategy, where the
recording-level prediction is conducted through segment-level predictions. Within the
Weakly Labeled Audio Tagging (WALNeT) framework, the network is con gured to
produce segment-level outputs directly, followed by a mapping function that converts
these segment-level outputs into recording-level outputs. The comprehensive framework
is universally generic and can be implemented with various network architectures. We
explored multiple mapping functions, some of which introduce attention-like behavior
into the framework. Other types of mapping function can also be developed.
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From the viewpoint of weakly labeled audio event detection, our methodology
encapsulates several attractive qualities. It can manage recordings of di ering lengths,
and the network design governs the segment sizes over which segment-level outputs
are created, eliminating any need for additional preprocessing steps. Our method
can achieve state-of-the-art performance. Particularly compared to the Segment-Level
Audio Tagging (SLAT) method, our WLAT approach performs superiorly and is also
less computationally demanding, resulting in enhanced training and inference times.

Additionally, we delved into the intricacies of weak label learning. We speci cally
highlighted two factors likely to be encountered when learning from weakly labeled data.
Label density noise is a problem intrinsic to the nature of weak labels, and corrupted
labels are also anticipated to frequently occur. Considering that other deep learning
techniques for weakly labeled datasets have been propos&dd, it would be intriguing
to discern which methods are more robust against these label noises. It is crucial that

future research endeavors address these issues when learning from weakly labeled data.
5

5Code available at: https://github.com/cmu-mlsp/ankit-phd-thesis/tree/master/
WALNet-Weak_Label Analysis
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Learning from noisy and web data

Although weakly labeled data provide a signi cant simpli cation of labeling requirements,
compared to strongly labeled data, they still require signi cant manual e ort in assigning
the weak labels themselves. In this work, we introducsebly labeledearning for sound
events, which aims to remove human supervision altogether from the learning process.
We rst develop a method of obtaining labeled audio data from the weba(beit noisy),

in which no manual labeling is involved. We then describe methods to learn from
these webly labeled audio recordings e ciently. In our proposed systerilyeblyNet two
deep neural networksco-teacheach other to robustly learn from webly labeled data,
leading to around17% relative improvement over the baseline method. The method
also involves transfer learning to obtain e cient representations.

5.1 Motivation: Why deal with noisy and web data

As discussed previously, the long-standing problem in audio event detection (AED)
has been the availability of labeled data. Labeling sound events in an audio stream
requires marking their beginnings and ends. Annotating audio recordings with times
of occurrences of events is a laborious and resource-intensive task. Weakly-supervised
learning for sound events30] addressed this issue by showing that it is possible to train
audio event detectors usingveakly labeleddata: audio recordings that are tagged only
with the presence or absence of the events as opposed to the time stamp annotations in
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strongly labeledaudio data.

Being able to work with weak labels is, however, only half the story. Even weak
labeling, when done manually, becomes challenging on a large scale; tagging a large
number of audio recordings for a large number of sound classes is non-trivial. Datasets
along the lines of AudioSet]01]] are not easy to create and require considerable resources.
However, a signi cant advantage of weakly labeled learning is that it opens up the
possibility of learning from the data on the webwithout employing manual annotation
thereby allowing large-scale learning without laborious human supervision.

The web provides us with a rich resource from which weakly-labeled data could be
easily derived. It removes the resource-intensive process of creating the training data
manually and opens up the possibility of completely automated training. However, this
brings up a new problem the weak labels associated with these recordings, having
been automatically obtained through some means, are likely to be noisy. The challenge
now extends to being able to learn fromveaklyand noisily labeled web data. We call
such datawebly labeled .

Several works have been on webly supervised learning of visual objects and concepts
[103 104 103. However, learning sound events from webly labeled data has received
little to no attention. The main prior work here is [93], where webly labeled data have
been employed; however, to counter the noise in the labels, strongly labeled data are
used to provide additional supervision. Needless to say, the strong labels that act as
supporting data are manually obtained.

This chapter discusses an approach to utilize the web data to learn sound events.
Primarily, the goal is to eliminate human supervision altogether from the learning
process by proposing webly supervised learning of sounds. Webly labeled data by
default are weakly labeled and hence our proposed methods are designed for weakly
labeled audio recordings. Our motivation then is to introduce a learning scheme that
can e ectively counter additional challenges of webly labeled data. We rst present
the challenges of webly labeled learning of sounds and then an outline of the proposed
system in next section.

5.1.1 Challenges in Webly Labeled Learning

Webly labeled learning involves several challenges. The rst one is obtaining the webly
labeled data itself. The challenge of obtaining quality exemplars from the web has been
well documented in several computer vision workd (3 106 107, 105. This applies

to sound events as well and is, in fact, harder due to the complex and intricate ways
we describe soundslpg. Often, sound-related terms are not mentioned in videos, and
hence, text-based retrieval can lead to a much inferior collection of exemplars.
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Nevertheless, a collection of exemplars for sound events obtained through automated
methods will contain incorrect exemplars or label noise. This is a major challenge from
the learning perspective. Learning from noisy labels has been a known probleaq,
and in recent years, e ectively training deep learning models from noisy labels has also
started to get attention. However, it remains an open problem. Even here, most of the
work on learning from noisy labels has been in the domain of computer vision.

The next challenge is the presence of signal noise. Manual annotations keep in check
the overall amount of signal noise in the data. Even if the source of data is the web
(e.g. AudioSet), manual labeling ensures that the sound is at least audible to most
human subjects. However, for webly labeled data, the signal noise is unchecked, and
the sound event, even if present, might be heavily masked by other sounds or noise.
Signal noise in the webly labeled data is challenging to quantify and remains an open
research topic for future works.

In this work, we develop an entire framework to deal with such webly labeled data.
We begin by collecting a webly labeled dataset using a video search engine as the source.
We then propose a deep learning-based system for e ectively learning from this webly
labeled data. Our primary idea is that two neural networks can co-teach each other
to robustly learn from webly labeled data. The two networks use two di erent views
of the data due to which they have di erent learning capabilities. Since the labels are
noisy, we argue that one cannot rely only on the loss with respect to the labels to train
the networks. Instead, the agreement between the networks can be used to address this
problem. Hence, we introduce a method to factor the agreement between the networks
in the learning process. Our system also includes transfer learning to obtain robust
feature representations.

5.2 Webly Labeled Learning of Sounds
5.2.1 Webly Labeled Training Data

Obtaining training audio recordings is the rst step in the learning process and is a
considerable hard open problem on its own. The most popular approach in webly
supervised systems in vision has been text-query-based retrieval from search engines
[106 107, 103. Our approach is along similar lines where we use text queries to retrieve
potential exemplars from a video search engine, YouTube.

We must rst select a vocabulary of sounds terms used to describe sounds.
For this work, we use a subset of 40 sound events from AudioSet, chosen based on
several factors. These include preciseness in event names and de nitions, the quality of
metadata-based retrieval of videos from YouTube, the retention of sound hierarchies,
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Figure 5.1: Top 5 sound classes False positive rate False positive False Positive for the
5 sound classes with the highest FP.

and the number of exemplars in AudioSet (larger is better)

5.2.1.1 Obtaining Webly Labeled Data

Using only the sound name itself as a text query on YouTube leads to extremely noisy
retrieval. [11Q argued that humans often use the phrase sound of in texts before
referring to a sound. Based on this intuition, we augment the search query with the
phrase sound of . This leads to a dramatic improvement in the retrieval of relevant
examples. For example, usingsound of dog instead of dog improves the relevant
results (sound event actually present in the recordings) by more than 60% in the top
50 retrieved videos. Hence, we use the phrase sound of <sound-class> as the search
query for retrieving example recordings of each class.

We formed two datasets using the above strategy. The rst one, referred to as
Webly-2k , uses the top 50 retrieved videos for each class and has around 1,900 audio
recordings. The second oné&Mebly-4k , uses the top 100 retrieved videos for each
class and contains around 3,800 recordings. Note that some recordings are retrieved
for multiple classes; hence, the datasets are multi-labeled, similar to AudioSet. Only
recordings under 4 minutes duration are considered.

5.2.1.2 Analysis of the Dataset

The average duration of theWebly-2k set is around 111 seconds, resulting in a total

of around 60 hours of data. Webly-4k is around 108 hours of audio with an average
recording duration of 101 seconds. As mentioned before, label noise is expected in these
datasets. To analyze this, we manually veri ed the positive exemplars of each class and

1For more details visit github page mentioned in Section 5.3.
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estimated the number of false positives (FP) for each class. As may be expected, the
larger Webly-4k contains far more noisy labels thatWebly-2k

Figure 5.1 shows the FP counts for 5 classes with the highest false positives. Note
that for these classes, 30-50% of the examples are wrongly labeled to contain the sound
when it is actually not present. However, FP values can also be low for some classes,
e.g.,Piano and Crowd. Estimating false negatives requires one to manually check all
of the recordings for all classes, which makes the task considerably tricky. Even the
AudioSet dataset has not been assessed for false negatives (FN), and we also keep FN
estimation out of the scope of this paper.

5.2.2 Our Approach: WeblyNet

The manual veri cation in the previous section was done only for analysis; the actual
goal is to learn from noisily-labeled Webly-4k (or -2k) directly. Robustly training neural
networks with noisy labels remains a very hard problenil]. Several methods have
been proposed, especially in the vision domaifl2 103 104 113 111 109. These
methods include bootstrapping, self-training, pseudo-labeling, and curriculum learning,
to mention a few. Another set of approaches tries to estimate a noise transition matrix
to estimate the distribution of noise in labels 114. However, estimating the noise
transition matrix is not an easy problem as it is dependent on the representation and
input features. Conventionally, ensemble learning has also been helpful in handling
noisy labels [109].

In supervised learning, neural networks are trained on some divergence measure
between the output produced by the network and the ground truth label. As the network
is trained, the noise in the labels will lead to wrong updates in parameters, which
can a ect the generalization capabilities of the network]14. Some recent approaches
have used the idea of having two networks working together to address this problem
[115 114. [119 gives a when to update rule where networks are updated when they
disagree. In 116, networks co-teach each other by sampling instances for training
within a minibatch.

Our approach is fundamentally based on the idea of training multiple networks
together, where the agreements (or disagreements) between the networks are used for
improved learning. The method incorporates ideas from co-training and multi-view
learning. Multi-view learning methods (e.g., co-trainingf17[11g) are primarily semi-
supervised learning methods where learners are trained on di erent views of the data.
The goal is to maximize their agreement on the unlabeled data. Our proposed method
exploits this central idea of the agreement between classi ers to address the challenges
of webly labeled data. The intuition is as follows: Two (or more) independent classi ers
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Algorithm 1 WeblyNet system
Input : Networks N, to Nk, RepresentationR; to Ry of audio recordings for di erent
networks and labelsY of the recordings, learning rates; to , divergence weights ;
0 k( 1=, NuMber of epochSNepochs
Output : Jointly trained networks
1: for n = 1;2; :::iNgpocns dO
for k= 1;2;::::K do
Compute loss,L(Ng;Y) w.r.t label Y for network N
end for
for k= 1;2;:::K(K 1)=2do
Compute divergenceD (N;(Ri); N;(R;)) between each pair of networks
Weigh each divergence by its corresponding hyperparameter
end for
Combine all loss termd_() and divergence term® ()
10: Update networks based on the combined loss.
11: end for

operating on noisily labeled data are likely to agree with the provided label when it is
correct. When the given label igncorrect, the classi ers will unlikely concur with it.
However, they are likely to agree withone anotherif both independently identify the
correct label. Hence, the networks can inform each other of the errors they are making
and help in Itering out those that are coming from noisy labels, thereby improving the
overall robustness of the networks.

In contrast to prior work such as 16, our proposed method explicitly ties in
the co-teaching of the networks by having a disagreement measure in the loss term.
Moreover, in our method, the two networks operate on di erent views of the data and
hence have di erent learning abilities. As a result, they will not fall into a degenerate
situation where both networks essentially end up learning the same thing. This allows us
to combine the classi ers' outputs during the prediction phase, which further improves
the performance. We refer to our overall system as WeblyNet.

Furthermore, our method is easily extended to more than two networks. The
central idea remains the same: a divergence measure captures the disagreement measure
between two given network pairs. GiverK networks in the system,K (K 1)=2 pairs
of disagreements can be measured. These disagreement measures along with losses with
respect to the available ground truths are then used to update the network parameters.
Each divergence measure can be appropriately weighed by a scalato re ect the
weight given to that particular pair of networks. Algorithm 3 outlines this procedure.

In this work, we work with only two networks. Figure 5.2 shows an overview of
the proposed method. The two networks, Network 1" and Network 2," take two
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Figure 5.2: WeblyNet System: Network 1 (N1) is a deep CNN with rst view of data
as input. Network 2 (N2) takes in the second view of data obtained through transfer
learning. The networks are trained together to co-teach each other.

di erent views of the data as input. The networks are trained jointly by combining
their individual loss functions and a third divergence term, which explicitly measures
the agreement between the two networks. The individual losses provide supervision
from given labels, and the mutual agreement provides supervision when the labels are
noisy.

5.2.2.1 Two Views of the Data

Our primary representation of audio recordings are embeddings provided by Google
[96]. The embeddings are 128-dimensional quantized vectors for each 1 second of audio.
Hence, an audio recording, in this rst view, is represented by a feature matrix

X3 2 RNX128 where N depends on the duration of the audio. The temporal structure

of the audio is maintained by stacking the embedding sequentially ;. The rst
network N, is trained on these features.

Several methods exist in the literature for generating multiple views from a single
view [11§. In this work, we propose to use various non-linear transforms through a
neural network to generate the second viewX(,) of the data. To this end, we use
a network trained on the rst view X, to obtain the second view of the data. This
network is trained on another large-scale sound events dataset (di erent from the webly
labeled set we work with). One motivation is that, given the noisy nature of webly
labeled data, a network trained on a large-scale dataset such as AudioSet can provide
robust feature representations (as in transfer learning approaches [119]).

We rst train a network ( N, with C = 527) on the AudioSet dataset and then use
this trained model to obtain feature representations for our webly labeled data. More
speci cally, the F2 layer is used to obtain 1024-dimensional representations for the audio
recordings by averaging the outputs across all 1-second segments. This representation
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learning through knowledge transfer, as shown empirically later, is signi cantly useful
in webly labeled data where a higher level of signal noise and intra-class variation is
expected.

5.2.2.2 Network Architectures: N; and N2

N is trained on the rst (X ;) audio representations. Itis a deep CNN. The layer blocks
from B1 to B4 consists of two convolutional layers followed by a max-pooling layer. The
number of Iters in both convolutional layers of these blocks are, { B1:64, B2:128, B3:256,
B4:256 }. The convolutional lters are of size3 3 in all cases, and the convolution
operation is done with a stride of 1. A padding of 1 is also applied to inputs of all
convolutional layers. The max-pooling in these blocks are done using a window of size
1 2, moving by the same amount. Layer F1 and F2 are again convolutional layers with
1024 lters of sizel 8and 1024 lters of sizel 1, respectively. All convolutional layers
from B1 to F2 include batch-normalization 120 and ReLU (max(0; x)) activations.
The layer represented a€ is the segment-level output layer. It consists o€ lIters of
sizel 1, where C is the number of classes in the dataset. This layer has a sigmoid
activation function. The segment-level outputs are pooled through a mapping function
in the layer marked asG to produce the recording-level output. We use the average
function to perform this mapping.

The network architecture N; achieves state-of-the-art results on AudioSet when
trained with C = 527 (i.e. all 527 classes in AudioSet). Hence, we believe it is a good
base network for our webly labeled learning.

The network N, (with X, as inputs) consists of 3 fully connected hidden layers with
2048, 1024 and 1024 neurons respectively. The output layer contains a C number of
neurons. A dropout of 0.4 is applied after the rst and second hidden layers. RelLU
activation is used in all hidden layers, and sigmoid is used in the output layer.

5.2.2.3 Training WeblyNet

Given the multi-label nature of datasets, we rst compute the loss with respect to
each class. The output layer of bothiN; and N, gives posterior outputs for each
class. We use the binary cross-entropy loss, de ned with respect & class as,
[(Ye;pe) = VYe log(pe) (1 vy log(l pc). Here,y. andp. = N (X) are the target
and the network output for " class, respectively. The overall loss function with respect

to the target is the mean of losses over all classes, as shown in Eq 5.1
1 X
LINXY W) = & 10 pe) (5.1)

c=1
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In the WeblyNet system,N; and N, co-teach each other through the following loss

function
L(X1;X2;y) = L(N1(X41);y) + L(N2(X2); y)+
D (N1(X1); N2(X2))

The rst two terms in Eg5.2 are losses for the two networks with respect to the
target.
D(N1(X1);N2(X>)) is the divergence measure between the outputs of the two networks.
The divergence of opinion between the networks provides additional information
beyond the losses with respect to target labels and helps reduce the impact of noisy
labels on the learning process. The term in Eq 5.2 is a hyperparameter and controls
the weight given to the divergence measure in the total loss. This can be set through a
grid search and validation.

The divergenceD (N1(X1); N2(X3)), between the networks can be measured through
a variety of functions. We found that the generalized KL-divergence worked best?Z1].
Note that the outputs from the two networks do nobsum to 1, The generalized KL
divergence is de ned aP (Xjjy) = - 1 Xi Iog(yl) o Xit 1 Vi. DkL (X]jy) is
non-symmetric and is not a distance measure. We uBgx;y) = Dk, (Xjjy)+ DL (Y]iX)
to measure the divergence between the outputs of the two networks. This measure
is symmetric with respect tox andy. If oNt+ and oV are outputs from N; and N
respectively thenD (N1(X1);N2(X3)) is

(5.2)

x Ni N o't
D(N1(X1);N2(X?2)) = (07 o7 *)log— N (5.3)
During the inference stage, the predlctlon from WenyNet is the average of the
outputs from the networksN; and N».

5.3 Experiments and Results

WeblyNet is trained on the Webly-4k and Webly-2k training sets. Audio recordings are
represented throughX ; and X, views (Sec. 5.2.2). To the best of our knowledge, no
prior work has done an extensive study of webly supervised learning for sound events.
Previous work, P3], is computationally not scalable to over 100 hours of data we use in
this work. Moreover, it relies on strongly labeled data in the learning process, which is
not available in our case.

All recordings from the Eval set of AudioSet are used as the test set. This set
contains around 4500 recordings corresponding to our set of 40 sound events. A subset
of recordings from theunbalanced sebf AudioSet is used for validation. Furthermore,
to compare our webly supervised learning with a manually labeled set, we also create the
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Method MAP Method MAP
V\[’lLlAgT] 21.3 Res'\['f;'zs]PDA 21.9
ResNe[tl—gét]entlon 220 ResNet-r[r;;?n pooling 218
M&m?;'jgt"\"s 22.6 ours N 22.9

Table 5.1: MAP of N; compared with state-of-the-art on whole AudioSet (527 Sound
Events, Training: Balanced Set, Test: Eval Set)

Methods MAP Methods MAP
N1-Self (Baseline) (4k)| 38.7 N-Self (Baseline) (2k)| 38.0
N,-Self (4k) 41.4 N,-Self (2Kk) 41.2
WeblyNet (4k) 45.3 WeblyNet (2k) 44.0

Methods MAP Methods MAP

N;-Self (Baseline) 38.7 | N; (Co-trained) | 43.6

N,-Self 41.4 | N, (Co-trained) | 43.5

N-Self andN,-Self (Averaged)| 43.5 WeblyNet 45.3

N, [113] 42.6

Table 5.2: Upper Tables: Comparison of systems on Webly-4k (L) and Webly-2k (R).
Lower: N; and N, co-teach each other in WeblyNet, leading to improvement in their
individual performances over training them separately. Results are shown on Webly-4k.
See Sec. 5.3.2

AudioSet-40training set. AudioSet-40is obtained from thebalanced sebf the AudioSet
by taking all recordings corresponding to the 40 sound events in our vocabulary with
over 4,600 recordings.

All experiments are done in the PyTorch toolkit. Hyperparameters are tuned using
the validation set. The network is trained through Adam optimization P7]. Similar to
other works [L01, 119, we use Average Precision (AP) as the performance metric for
each class and then the Mean Average Precision (MAP) of all classes as the metric for
comparison.

5.3.1 Full AudioSet performance

We begin by assessing the performance Mf, (with C=527) on AudioSet. The primary
motivation behind this analysis is to show that the architecture oN; is capable of
obtaining state-of-the-art results on a standard well-known weakly labeled dataset.
Table 5.1 shows comparison with state-of-the-art. OuN; can achieve state-of-art-
performance on AudioSet (as of the time of this work). The performance df; on
AudioSet shows that it can serve as a good base architecture for our WeblyNet system.
Hence, it also serves as the baseline method for comparison.
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5.3.2 Evaluation of Webly Supervised Learning

Figure 5.3: (Average Precision) AP for sound events on Webly-4k training. Comparison
of baseline ;-Self) and WeblyNet System

We rst train N; alone on the webly labeled dataset, and this performanchl (-Self)
is taken as the baseline. We also trailN, alone onX, features (N,-Self) to assess
the signi cance of the second view obtained through knowledge transfer in the webly
supervised setting. To compare our method with a noisy label learning method, we
apply the well-known approach described in [113] for traininiyl,.

The two tables in the upper row of Table-5.2 show results for di erent systems on
Webly-4k and Webly-2k training sets. We observe that WeblyNet leads to an absolute
improvement of 6.6% (17% relative) over the baseline method on the Webly-4k training
set. Moreover, theX, representations from pre-trained AudioSet lead to considerable
improvement over the baseline performance, around 7% and 8.5% relative improvements
on the Webly-4k and Webly-2k training sets, respectively.

The lower table in Table-5.2 shows how our proposed system in which both networks
co-teach each other leads to an improvement in the performance of the individual
networks. First, we see that a simple combination of the two networkd\(-Self and
N,-Self (Averaged) also leads to improved results. Once the WeblyNet system has been
trained, we consider the output from individual networksN; (or N,) as the output of
the system. These are referred to a¥, (Co-trained) and N, (Co-trained) respectively
in Table 5.2. We can observe that the performances of both networks are improved by
a considerable amount, over 12.7% fdd, (38.7 to 43.6) and over 5% folN, (41.4 to
43.5). The overall WeblyNet system leads to 45.3 MAP.
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Method MAP | Method | MAP | Method MAP
AudioSet-40 Webly-4k Webly-4k
N ;-Self (Clean data) 54.3 N-Self 38.7 WeblyNet 453

Table 5.3: Webly labeled training vs. manual labeling (AudioSet-40)

Sounds Webly-4k Webly-2k
N.-Self | WeblyNet | N;-Self | WeblyNet
Vehicle | 28.1 46.9 34.8 36.4
Singing | 51.3 52.7 47.8 50.5
Animal | 29.7 35.2 29.0 31.1
Water | 51.8 59.6 50.4 51.9
Tools | 31.9 36.5 40.7 40.6
Avg. 38.6 46.2 40.5 42.1

Table 5.4: APs for ve classes with high label noise in webly sets.

Moreover, the noisy label learning approach froni]J leads to an improvement
in N, (to 42.6), which is 1% absolute less than the improvement iN, obtained with
our co-training approach (43.6). This shows that learning together with agreement
IS more e ective than bootstrapping in [L13. Moreover, our overall system is 2.7%
absolute (6.4% relative) better than that obtained through [113].

5.3.2.1 Comparison with manual labeling.

Table 5.3 shows the comparison dfi; trained on AudioSet-40 (which is manually
labeled) with systems trained on the Webly-4k set. Note that the test set is the same
for all cases, only the training set is changing. A considerable di erence of 15.6%,
exists betweenN; trained on AudioSet-40 and that trained on Webly-4k. WeblyNet
improves the webly supervised learning by reducing this gap to 9.0%. Such di erences
in performances between human-supervised data and non-human-supervised webly data
have been discussed in computer vision as well. Often, human supervision is hard to
beat even by using even orders of magnitude more data [103].

5.3.2.2 Class speci c results.

Figure 5.3 shows the comparison of class-speci ¢ result comparison between baseline
(N .-Self) and WeblyNet. WeblyNet improves over the baselind ;-Self for most classes
(32 out of 40). In addition, we analyze the performance of ve classes with high label
noise (Fig. 5.1). Table 5.4 shows the AP for these sounds. For all of these events,
the improvements are considerable, e.g., around 67% and 19% relative improvements
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for Vehicle and Animal sounds, respectively. Interestingly\N;'s overall performance
decreases for these 5 events as we increase the size of the dataset, from Webly-2k to
Webly-4k. A considerable performance drop is seen for Vehicle and Tools sounds whereas
only small improvements are seen for Animal and Water sounds. Deep learning methods
are expected to improve as we increase the amount of training dataset. However, it is
clear that the larger Webly-4k contains too many noisy labels, adversely a ecting the
performance in certain cases. The proposed WeblyNet system can address this problem.
On average, WeblyNet gives 7. 6% absolute (20% relative) over the baseline method
when trained on the Webly-4k set.

5.3.2.3 E ect of divergence measure.

To ensure that divergence plays a role in improving the system, we performed a sanity
check experiment with =0 in Eq. 5.2. The WeblyNet system, in this case, produces a
MAP of 43.5, the same as the simple combination of the individually trained networks.
This is expected as the networks are not tied together anymore, and one network will
have no impact on the learning of the other.

To analyze the role of the divergence measure in the system's improvement, we
remove it from the loss function in Eq. 5.2 (that is, = 0 ) and train the system
using losses with respect to the targets only. This shows that the two networks actually
co-teach each other by measuring the divergence between their outputs. Hence, the
(dis)agreement between the networks can be used to train neural networks better.

5.4 Conclusions

Human supervision comes at a considerable cost, and hence we need to build methods
which rely on human supervision to the least possible extent. We have presented
webly-supervised learning of sound events as the solution. We presented a technique for
mining web data and then a robust deep learning method to learn from webly labeled
data. We showed that our proposed method in which networks co-teach each other
leads to a considerable improvement in performance while learning from challenging
webly labeled data. The method is extendable to more than two networks, although
additional experiments have not shown signi cant gains from adding more networks.
We also need better methods to mine the web for sound events. This can involve clever
natural processing techniques to associate metadata with di erent sound events and
then assigning labels based on that

2Code available at: https://github.com/cmu-mlsp/ankit-phd-thesis/tree/master/
webly-labeled-sounds
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Semi weak label learning

6.1 Exploiting Additional Cues with weak labels

Strong labels represent one end of the labeling spectrum, where every instance of
an audio event must be fully tagged, including with its temporal boundaries. At an
abstract level, it is helpful to think of data such as images or sound recordings laesgs
of candidate instances (e.g., candidate regions of the image or candidate sections of the
recording), where every instance is labeled. Such labels are labor-intensive to obtain.

Weak labels represent, in some sense, the other end of the labeling spectrum, where
labels are still provided, but only at the presence or absence of an event in a recording.
Using the bag analogy, they only indicate if a bag of instances contains a particular
class without indicating the speci c instances or even the number of instances within
the bag from that class. In terms of e ort these require, perhaps, the lowest level of
e ort that still generates a label. The reduced labeling e ort comes at a cost there
remains a considerable gap between the performances obtained from models trained
with strongly labeled data and those trained from weakly labeled data. This leads to
the question: is there an intermediate labeling strategy that requires only a relatively
low increase in labeling e ort over weak labels that can reduce this gap? This is the
problem addressed in this chapter.

We introduce a middle ground between the two settings of full and weak supervision.
In many settings, it is possible to annotatecount information, which speci es the
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number of occurrences of individual classes in a bag, for not much extra e ort over
simple weak labeling that merely tags their presence or absence. For instance, it is
often fairly straightforward to annotate how manydogs there are in an image, if the
annotation of exact bounding boxes is not required. Similarly, it is reasonable to expect
that it is not signi cant extra e ort to indicate how many (e.g.) gunshots were heard
in an audio recording, if it is not required that their exact locations be tagged as well.
We refer to such labels as semi-weak labels, and the problem of learning from such
data as as learning with semi-weak supervision, or learning from counts. We show that
classi ers trained using semi-weak labels can classify test instances with much greater
accuracy than those trained with merely weak labels.

Figure 6.1: An example of semi-weak labels for audio event detection. Semi-weak labels
give count information, while weak labels only provide information about the presence
or absence of classes.

Our proposed solution for learning from semi-weak labels is to pose the training
as a constraint satisfaction problem. The constraint to satisfy is that the sum of the
counts predicted per category in each bag must equal the size of the bag. Thus, we
rst learn to predict whether the instance is present in the bag or not similar to the
weak-label-learning setup, and then obtain an expected count of each class in a bag.
Then, given the bag size and conditional expected count for each class, we propose
to solve an optimization problem to translate the real valued expected count to a
non-negative integer count. Finally, given the predicted count as ground truth and the
instance-level logits, we try to nd the best assignment of labels such that the counting
requirement is satis ed as well as the likelihood of the bag is maximized.
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6.2 Related Work

We rst review some of the existing literature on prior approaches to using somewhat-less-
weak labels than weak labels. These have generally considered counts and proportions
in a bag.

6.2.1 Multiple Instance Learning

Learning from bag-level labels is often referred to asmulti-instance learning (MIL).
Carbonneau et al. 124 provides an extensive summary detailing most aspects of
multiple instance learning. Dietterich [L25 rst introduced multiple instance learning
where it was applied to predict drug activity. Since then, several algorithms have
been introduced to address MIL. To deal with label noise, a natural solution is to
count the number of positive instances in a bag and apply a threshold to tag a bag
as positive. This was summarized in1pq as the threshold-based assumption for
multi-instance learning. The threshold-based assumption, which de ned that a bag is
positive if and only if the number of positive instances is between a range, was the rst
time that count information was brought into multiple instance learning. Since then,
several e orts[127, 12§ have been made to predict at the bag level using count-based
assumptions. 126 extended the assumption and proposed an SVM-based algorithm to
predict the bag label. One common problem with those methods was scalability; also,
those methods do not generalize to multi-class classi cation.

Multiple Instance Regression : MIL regression consists of assigning a real value to
a bag. Compared to MIL classi cation, MIL regression has attracted much less attention
in the literature. For MIL regression, one line of research has the assumption that some
primary instance contributes largely to the bag label. This motivated sparsity-based
approaches that assign sparse weights to instances and use regularization methods
such as L1 and L2 regularizerslp9 130 131. However, most of these methods work
only for small-scale data and focus on the accuracy of the predicted results rather
than attempting to identify the primary instances that contribute to the bag label.
Subramanian et al. 137 addressed the identi cation of primary instances by using
a Dirichlet process to group the instances and nd clusters. However, this method
assumes that the largest cluster de nes the label; this method also does not work for
multi-class machine learning problems. Also, those methods do not work properly in
our semi-weakly supervised setting, as they fail to incorporate the natural property of
counts, which is a non-negative integer value.

Instance-Level Prediction : Another relevant mainstream of MIL research is
instance-level prediction. Maron]33 is perhaps the best-known framework for instance-
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level prediction for MIL. Following this framework, many research ideas have been
proposed. The basic ideas of those frameworks are to label the instance dynamically
or statically according to the bag label. Training instance-level classi ers is nontrivial
as strong labels are unavailable. Recently, many methods have proposed to perform
bag-level prediction and hope that bag-level accuracy could propagate to instance-level
accuracy [L25 134 135. However, as discussed 186 137, this method is suboptimal.
Empirical studies have been conducted irlLB7] that better bag-level prediction does not
promise better instance-level prediction. Consequently, the most successful instance-
level prediction models, i.e., mi-SVM and SI-SVM1[34, discard the bag information as
much as possible, and treat each instance individually.

6.2.2 Learning from Proportions

A related approach, previously proposed in the literature, is that of learning from
proportions [138 139 140, where the proportion of instances in a bag that belong
to any class is indicated. When the precise number of instances in individual bags is
known, knowing proportions is identical to knowing instance counts of classes in the
bag. But in other settings, such as in the image or sound examples mentioned above, it
is much simpler and possibly far more natural to annotate theounts of occurrences of
a class than the proportions. For example, in an audio recording that must be labeled
for the occurrence of, say, dog barks, it is more intuitive and natural to state that a
dog barks three times in the recording than to saye(g) that 20% of the recording
comprised the sound of dogs barking. In fact, the main signature of sound events such
as dog barked is their onset, which is generally distinct, while it is generally hard to
spot precisely when the sounderminates. As such, while it is perfectly reasonable to
state that the recording includes three barks, it may be infeasible, or even meaningless,
to specify what fraction of the recording comprised dog barks as shown in Figure C.4.
Quadrianto [141]] proposed the MeanMap model which assumes that the data follows
an exponential distribution and is conditionally independent of the bags. Farif4 and
Patrini[ 143 further re ned the loss function of MeanMap and made it applicable for
multi-class classi cation. Yu [144 proposed another line of research and used SVM
models to iteratively estimate the instance-level classi er. However, this method su ers
from scalability issues when it is extended to a multi-class setting. More recently, a
DL-based method was proposed bylB8 145 146. The commonality for the DL-based
methods for the LLP problem is that they try to use bag-level supervision to perform
instance-level estimation such that the estimated distribution is as close as possible
to the bag label. Interestingly, [L3§ introduces another loss function that directly
minimizes the prediction results at the instance level. They introduced the Optimal
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Transport algorithm to make the loss function computationally tractable.

Figure 6.2: Left: We illustrate scenario which is natural for human to annotate between
counts and proportions. Right: The relation between learning from proportion (LLP),
learning from count (LLC) and Learning from Weak labels (MIL). The intersection
part assumes that the bag size is known, and the count is exact. MIL problem is a
special case of LLC where the count is equal to 1.

6.3 Problem Statement

Figure 6.1 shows an example setting of a problem in the detection of audio events.
Generally, we consider a supervised multi-class classi cation problem, where we de ne
the instance-level datax 2 X and labely 2 Y, where X R W Candy =

and N be the number of bags. For each bag 2 B = fXg, yB 2 Y B is the label of the
bag level. More speci cally,yf; is the count of class in bagi. Formally, given the bag

size, we de ne the space of labels as
X
YB=1fc22ZX: ¢ =Ngg (6.1)
i=1

Given a series of bagsS = [(ky; ¥&); (by;¥8);:::;(by;yE)] B YB, our goalis to

whereXx; is a feature vector for an instance and is the parameters of the network.

6.3.1 A General Loss Function

In this problem, we focus on instance-level prediction and solve it by viewing the
problem as a risk minimization task. More speci cally, given a regression loss function
Lreg :B  YB! R, dened as

1 X

RN(f):: W

Lreg(f (xi); ¥7) (6.2)

1
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One intuitive approach is the de ne a divergence function that quantitatively quantify
the distance between the predicted bag labgls and the ground-truth label. As such, let's

de ne 8h 2 B, the predicted count asg; = j”‘:l f (xj), and we want to minimize the
divergence between the predicted counts anld the actual counts
Lreg(f (xi);¥7) = ;diV(ek;yiB)) (6.3)

Usually, learning from counts could be formulated as a regression problem. However,
for interclass separation of the features at the bag-level and to tackle the problem
as multi-label bag classi cation, we used binary cross-entropy to recognize di erent
classes existing in a bag. So ldét( ) denotes the indicator function, taking values 1 or
0 depending on whether its argument is true or not, we de ne another loss term as
follows:

Fmax = MaXizo.1.::8, [F (Xo); F (X1); :::f (X )] (6.4)
Additionally, we require the loss function to be robust to the sparsity of the bag
and the generalizability of the loss function is critical in the learning process. Thus, we
introduce one L1 regularization term that makes the model perform better when the
bag is sparse or "pure”. Here, we de ne sparseness based on the bag level counts of
each class. Our proposed loss function with thg( regularization term is de ned as follows

1
Rn(F) = Lieg+ Loast ——Kf (X;)ke 1 (6.5)
Xi2hb NB

6.4 Preliminary: DLLP Approach

DLLP [14 approach is a DNN-based model for learning from proportion. Mathemati-
cally, given a baghy; by; ; by, suppose tf]_atf (bj) = p (y ] byj) is the vector outputs of
the DNN for the j -th instance inh. Let  is an element-wise addition operator. Then
the posterior bag-level class proportion could be estimated as

1 Me .
pi=5—- P(yiby) (6.6)
Ng =1
The nal objective, i.e., Lqyp, is made of a distance measurement. Lef be the
counts of clasxk in bagi, p¥ be the counts normalized by bag size, anpl be the k-th
element in the vectorp; (the estimated proportion of clask), then the loss is de ned
asLqp = KL (pi;p;). KL refers to the commonly used Kullback Leibler divergence

for measuring the distance between two distributions.
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6.5 Proposed Methods: Two-Stage Framework

In this section, we introduce a two-stage model for learning from counts. It is extended
from DLLP [145].

6.5.1 Stage-1: Estimating Class Count
6.5.1.1 Poisson Loss and Expected Count

As mentioned in Section 6.1, one di erence between LLP problem and LLC problem is
that the label for LLC problem is discrete. So it is not optimal to use a KL-divergence
to measure the di erence between prediction and the true labels. Instead, we propose to
use Poisson Loss - a Poisson distribution based loss function. The Poisson distribution
is the discrete probability distribution of the number of events occurring in a given time
period, which applies to the LLC setting if we consider the counting is the number of
times a class instance appears in this bag [147].

In our framework, we assume that the counting for clagsfollows a Poisson distri-
bution, i.e. p(d =Kj j)= % For simplicity, since we assume the size of the bag is
unknown, we assume the count for each class in a bag is independent. Given a bag of
output of the network p (y j bj ), we de neck as the expected count for clask in bag

b.

N R
cki=  p yjbj (6.7)
u=1
So we have
"= B(Kjx) = ok (6.8)

Then the Poisson loss is de ned as the negative log likelihood function

Lieg(y;") = log(p(yi")) = " ylog(") +log(y): (6.9)
Because the last term in Equation 6.13 would be a constant for a given bag, it is
usually omitted. So, the nal loss and its gradient is

L(y:™)/ ™ ylog(")
ral(y;")=1 y=
The following are two interesting properties for the Poisson los&dapted gradient:
Unlike other distance functions like mean absolute error, the Poisson loss doesn't have a
constant gradient for all input values. Also, when the actual count is large, the gradient
value would be relatively smaller. This matches our intuition that when the actual

(6.10)
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count is very large, an o -by-1 error matters less than if the actual count is 1 or 2.
Asymmetric gradient:  the gradient is zero when" = y but the gradient is di erent
when” =y 1and” = y+1, where the absolute gradient would bd=(y 1) and
1=(y + 1) respectively. The gradient tends to focus on penalizing the under-estimation
rather than over-estimation.
In addition, we introduce a classi cation loss,Ls, and a regularizerL ; =

jN:Bl % pj ,, to make our model more robust to sparse bagi4g and ensure
the inter-class separability of the learned representationd49. L.s is nothing but
a binary cross-entropy loss to measure whether the network can classify if a class is
present/absent in a given bag. We use a uni ed loss function de ned as

Lic = I—reg + Las+ L1 (6.11)

6.5.1.2 Estimating Class Count

Although we have"j as the expected count for clasps, it remains a problem to estimate
the exact count for each class. Mathematicallg, lett 2 R begthe expected count for
classj in bagh, andthent;2 « = c¢c2 ZzZK: jK:1 d = Ng , then the exact count
for each class iy could be obtained by

X _ _
fi =arg max  log p d=tjc (6.12)
K .
j=1
This is constrained convex optimization and we can use any greedy algorithm to get

the optimal solution. Initializing f} as a vector of zeros, for each iteration, we manually
calculate the marginal gain to increasé to f! + 1. We choose to increase the count of
a class such that the increment is maximized, and iterate until the sum of the count
vector is equal toNg. Using a heap to track the maximum value, we can design an
algorithm with time complexity of O(log(K) Ng) as shown in Algorithm 2.

6.5.2 Stage-2: Estimation of the Instance Label (Decoder)

In Stage-1, the network outputs the expected count for each class, and then we develop
an optimization problem to translate the expected count to the exact count. In stage-2,
given the exact count of each class and the predicted probability distribution of each
instancep (yjh; ), we devise a assignment problem to obtain the instance-level label.
Thus, we have the following linear-sum optimization problem.
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X ne X ko
max log(pj)  Xij
X j k
sit
xK =1:8/2f0;1; Ng 1
X K i J B g (613)
xK =g8k2f0;1, K 1g
pi 0
xK 2 f0;1g; 8j; k
wherep; = p (y = kjhj) , ¢ is the estimated exact count of clask in the bagi
and x}} =1 if and only if the instancej is assigned with the labek.

6.5.3 Algorithm: Greedy algorithm to obtain exact count and
Semi-Weak Label Classi cation System

The following algorithm provides the greedy approach chosen to translate from the
expected count to the exact count.

Algorithm 2 Greedy Algorithm to Translate Expected Count to Exact Count

Input : Number of bag sizeNg; Number of classeX; A list of oating points
[ao;a1; ;ax]; a list of probability density function for Poisson distribution

[Fao ()i Ta(0);  ifa (X)] P

Output : A list of integers [to; t1;:::; tk ] such that jK=o tj = Ng.

Initialize : Let = heap <int;int> be a max-heap that stores pairs. Heap has two
methods: g:po) would pop and return the max value from the heap and;:pushv; i)
would add a pair of< v;i > to the heap. The comparison of pair is based the rst
value in the pair;

Letret =[0;0; ;0] be a zero-initialized vector of siz& ;

1: for i = 1;2;::::K do

2: r fa(retfi]+1) fg(retfi])
3 g:push(r;i)

4: end for

5. for _ = 2;::::Ng do

6: v;i  q:pop)

7: retfi] ret[i]+1

8: r fa(retfi]+1) fg(retfi])
9 g:push(r;i)

10: end for

11: return ret

The following section provides the algorithm 3 for our semi-weak label classi cation
system. In theory, the weak label classi cation system can work for all kinds of input
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data for classi cation whereas as an initial validation of the proposed algorithm, we
run experimental analysis on an image classi cation task.

Algorithm 3 Semi-Weak Label Classi cation System

Input : batchsize number of bags[(ky;yg); (br;y2)::;(by;yE )], loss weight , and
regularization weight , number of epoch$gpechs @and a loss function for regressioh g
Output : A predicted label for each instanceyo; y1;:::; Yn ]

1: for n = 1;2; ::iiNgpochs dO

2: for i = 1;2;::::Ng do

3 Compute the class-wise distribution forx;.

4 end for

5: for k = 1;2;:::K

6: Compute C, = \3.

7: end for

8: Compute loss,Leq W.r.t label yg,C.

9 Compute bag-level binary label using max pooling.

10: Compute loss,L s w.r.t label yg.

11: Compute the regularization term and compute the nal loss given,

12: Update networks based on the combined loss.

13: end for

14: for i = 1;2;::::N do

15: for i = 1;2;::::Ng do

16: compute the the probability distribution for x; using learned classi er.

17: end for

18: Enumerate all combinations of counts and get the guesthat maximizes the
likelihood of by.

19: Given t and the probability distribution, using linear sum max algorithm to get
the best assignmentyo; y1; :::ys,

20: end for

6.6 Experiments and Results

6.6.1 Datasets

We conducted experiments based on the CIFAR-10 dataset. CIFAR-10 dataset consists
of 50000 train and 10000 test images with each class consisting of 5000 and 1000
training and testing images, respectively. We created bags of di erent sizes from each
of the dataset images with and without replacement in our analysis. Each bag was
created according to the size ranging from 2, 4, 6, 8, 16,32 bag sizes. In the case
of the images with the replacement, we make sure that the number of images being
repeated is restricted with a reuse parameter, which is controllable to avoid a bag being
over-represented by the same image. For each data set generated with a di erent bag
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size, we ensure that the parameter con guration is set such that the maximum amount
of the CIFAR-10 data set is used during both the training and testing phase is used to
represent the newly generated dataset with semi-weak labels. As the CIFAR-10 dataset
has a training to testing image ratio is maintained as 5:1, the same ratio is maintained
in di erent datasets generated as shown in table 6.1

We generate the dataset with the following distribution: Poisson, exponential
and uniform distribution. This distribution is based on how the class information
is distributed in each given bag. The rationale with the generation of the instances
of the bag in the above format was to ensure that the bags are generated based on
naturally occurring instances in nature for the Poisson distribution, the exponential
distribution, and the uniform distribution. The generation process is the following. 1)
randomly sample a clas$ with equal probability. 2) sample a numbern; from the
given distribution and then truncate it into the range between 0 andNg. 3) sample
n; instances from class$. In the case where the number of instances needed would be
more than the total number of instances, the instances would be sampled at most two
times. For each parameter setting, we sample the bags with 5 di erent random seeds.
All the experiments are conducted on these 5 trials and the nal value is obtained by
averaging the best performance on the validation set. In the standard setting, to try to
generate more balanced data, where each class has some instances in a bag. Therefore,
we selective choose a hyperparameter for the distribution that minimizes the sparsity
level of the bag. We de ne the sparsity of a bag as the number of absent classes divided
by the number of classes. In particular, we use the following settings for the Poisson
distribution [(Ng =2; =0:5);(Ng =4; =0:5);(Ng =8; =1:2);(Ng =16; =
2.0);(Ng =32; =3:2)],and[(Ng =8; =0:67);(Ng = 16; = 0:5)] The data
summary table is provided in Table 6.1. For uniformly distributed samples, directly
sample the numbemMg of samples from the original dataset and label them with the
counting vector.

6.6.2 Architecture

We use a Residual Network with 18 layers as our base backbone for extracting features
from the image. Given a bag of imagefxo; x1;::;xn, g 2 By P €, the embedding

e 2 RBnv K for each instance is rst extracted using a Convolutional Neural Network
as the feature extractor. Then a linear layefc : RY ! R X is used to create a class
activation map. Di erent pooling layer is applied at the end to generate counting
prediction vector and logits for multi-label classi cation problem. All models are
trained using Stochastic Gradient Descent with an initial learning rate of 0.01 for 100
epochs. The learning rate would be manually divided by 10 at epochs 30 and 50. The
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Table 6.1: Generated Data Summaries

Distribution Bag Size lambda # of training bags # of testing bags Avg. Count Avg. (Std) Sparsity Dataset Id

2 0.5 40,000 8,000 1.13 8296(4%) po
4 05 22,000 4,500 1.28 68%(7%) pl
8 1.2 10,000 2,000 1.63 50.02%(10.53%) p2
16 2 4,000 1,000 2.28 28.9%(12.4%) p3
Poisson 32 3.2 2,000 800 3.65 8.72%(8%) p4
8 1.2 5,000 1,000 3.43 8.329%(8%) p5
8 1.2 1,000 200 3.56 9%(8.2%) pé
16 8 4,000 1,000 6.52 79%(6%) p7
16 2 2,000 500 6.32 809%(6.2%) ps8
16 2 1,000 200 6.21 79%(6.1) p9
Exponential © 0.67 10,000 2,000 1.97 58%(11.7%) €0
16 0.5 4,000 1,000 2.89 429%(13.9) el
Uniform 8 N/A 10,000 2,000 1.41 42%(9.21%) uo
16 N/A 4,000 1,000 1.95 18.7%(9.72%) ul

weight decay is set to 5e-4 for training. Standard data augmentations are utilized to
avoid over tting of CIFAR10 dataset, including random crop with padding of 4 and
random horizontal ip with a probability of 0.5.

6.6.3 Baselines

Fully-supervised Upper-bound : We want to argue that comparable results could

be achieved by using semi-weak label compared to strong labels. Therefore, we also
train ResNetl8 in a fully supervised setting on CIFAR10. We trained it 250 epochs
with an initial learning rate of 0.1 and then divided it by 10 in the mid-training.
This model could be deemed as an upper-bound of the performance in a semi-weak
setting. For our analysis with di erent base network architectures, we further use
similar hyperparameters.

Weakly Supervised Baseline : We produce results with the weakly supervised
baseline where we consider the loss from counting to be absent and thus we generate
the results based on bag level prediction where only presence or absence of the class is
available.

Learning from Proportions : If we set the loss function as KL-loss, the our model
without the decoder could be used a baseline model to represent the performance of
modeling the learning from counts as LLP.

6.6.4 Evaluation

We use precision to evaluate our framework for both instance-level prediction and
bag-level prediction. For bag-level prediction, we compute the precision rate using
macro averaging. For fully supervised model, we predict the class label individually
and label the bag positive for class if there is at lease one predicted instance for class
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i in this bag. Similarly, for semi-weakly supervised model, we label a bag according to

the instance-level predicted results.
Table 6.1 provides a detailed summary of all the generated dataset con gurations.

We use the following settings for the Bag size wheMg 2 [2; 4; 8; 16, 32] and the number

of training instances are chosen such that we utilize most of the data available in the
CIFAR-10 dataset. The average count here represents the aggregated mean of average
number of instances per class. We represent the sparsity based on the percentage
of classes with zero instance in a bag. Our experimental results for all the dataset
con gurations from Table 6.1 are summarized in Table 6.2. To remove the e ect of
randomness, for each dataset setting, we train the model with 5 di erent random seeds
and then average the results across all trials. The comparison between baselines are
discussed in the loss ablation section 6.6.9

Table 6.2: Benchmarking Results on Di erent Datasets using Semi-weak label

Dataset ID Bag Prec. Inc. Prec. Dataset ID Bag Prec. Inc. Prec.
pO 94.24 92.76 p7 64.37 85.20
pl 93.78 92.65 p8 89.92 81.92
p2 93.20 91.21 p9 84.97 69.93
p3 92.92 88.07 e0 90.69 91.05
p4 93.9 71.91 el 87.10 87.65
p5 90.54 87.73 uo 94.86 91.42
p6 77.39 68.91 ul 95.62 87.34

6.6.5 Baseline Results

Fully-supervised baseline :Table 6.3 shows the results obtained with the di erent
classi ers constructed as the base classi er for the classi cation with the CIFAR-10
dataset. We nd that the bag level prediction on the dataset p2 is comparable to
the fully-supervised dataset which is expected as the semi-weak label dataset will be
upper-bounded by the fully supervised setting.

Table 6.3: Fully supervised upper-bound results with classi er con guration

Classi er Loss Bag Prec. Inc. Prec.
ResNet18 Poisson 94.26 94.40
ResNet34 Poisson 94.67 94.681
ResNet50 Poisson 95.2 96.41
MobileNetV2 Poisson 90.03 89.066
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Learning-from-proportion baseline  : For the learning-from-proportion baseline,
results are shown in Table 6.7 (KL v.s Poisson) because we use KL-loss to proxy the
baseline model of learning-from-proportion. This baseline achieved 87% instance-level
precision, which is less than our proposed model on dataset p3, i.e., 88.07%. This result
also holds if we consider bag size equals to 8 for dataset p2.

Table 6.4: E ect of the Choices oL ¢4 on two standard dataset setting withNg 2 f 8; 169

Dataset ID  Lyeg | Bag Prec.| Inc. Prec.
p5 KL 90.26 90.40
pS L1 92.67 90.681
p5 Poisson| 93.2 91.21
p3 KL 87.03 87.066
p3 L1 92.01 85.97
p3 Poisson| 92.92 88.08

Learning-from-weak-label baseline : For the learning-from-weak-label baseline, we
report those number in Table 6.5. Once we deactivate the counting loss, then the model
is converted into the traditional weak label setting. In Table 6.5, without counting
loss, the performance is much worse than our proposed semi-weak labeling framework.
It only achieves 87% instance-level prediction precision, which is 5% worse than our
proposed framework.

Table 6.5: Ablation Study of Removing Regression Loss and Classi cation Loss. 2
f0; 1:0g)

Dataset ID Bag Prec. Inc. Prec.

p2 93.20 91.21
p2 (W/o Lgs) 93.23 91.17
P2 (W/0 Lyeg) 90.92 87.39
P8 92.92 88.07
P8 (W/o Lgs) 62.13 83.92
P8 (W/0 Lyg) 41.81 72.04

6.6.6 Ablation Study for the Decoder

As is shown in Table 6.6, instead of using greedy search, we use the proposed three-stage
framework to infer the instance-level labels. Results show consistent improvement after
using the decoder algorithm. More importantly, when the bag is sparse, the counting for
each class is high and thus the estimation would have high variance. Therefore, when
the bag is less sparse, greedy search works well. But once the bag size increases or the
bag becomes sparse, the high variance of the estimated logits would make the greedy
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solution less attractive. Therefore, the decoder contributes more to the performance of
the predicted value (+2%) as the greedy predictions become unstable.

Table 6.6: Ablation Study for the Decoder

Dataset ID Inc. Prec.
p2 91.21
p5 87.73
p7 85.20

p2(+Decoder) 92.08
p7(+Decoder) 88.92
p7(+Decoder) 87.32

6.6.7 Variation with the Number of Training Samples

We investigate the degree to which the size of the dataset relates to the model perfor-
mance. We progressively sample di erent number of bags and evaluate them on the
test set. We compare the results using di erent scales of training samples. The dataset
settings are illustrated in Table 6.7.

Table 6.7: Scale Testing Results on two standard dataset setting witkg 2 f 8; 16g.

Dataset ID Bag Prec. Inc. Prec.

p2 93.2 91.21
p5 90.54 87.74
p6 77.39 68.91
p3 92.93 88.08
P8 89.92 81.92
p9 84.97 69.93

6.6.8 Variation with the Batch Sizes and Architectures

We conduct experiments on variants batch sizes and nd di erent performance char-
acteristics. For all experiments, we train the model with batch size equal to 32, 64,
96, 128 and 256 as seen in Table 6.8 and bag size equal to 8 and 16 as the standard
setting. We found that the results with the batch size doesn't provide large variation in

the output of the optimization for the bag level training. However, as we increase the
batch size there is a drop in performance observed on the instance level prediction.
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Table 6.8: Ablation Study of Using di erent backbones and di erent batch sizes on
dataset p2By =8.

Backbone Bag Prec. Inc. Prec.
Resnetl8 (bs=32) 94.036 92.096
Resnetl8 (bs=64) 93.20 91.21
Resnet18 (bs=96) 93.630 91.944
Resnet18 (bs=128) 93.2 91.23
Resnet18 (bs=192) 92.661 90.649
Resnetl18 (bs=256) 92.541 90.183
Resnet34 (bs=128) 93.763 91.763
Resnet50 (bs=128) 93.512 91.893

MobileNetV2 (bs=128) 91.474 89.002

6.6.9 E ectiveness of Di erent Regression Losses

As is proposed for learning from proportions, KL loss is mostly widely used loss function
for comparing the estimated class distribution and the true class distribution. Therefore,
we also tried to use KL-loss as well L1 loss, which is usually used for multi instance
regression as alternative choices.

As is summarized in Table 6.7, poisson loss function performs better than other
loss functions for bag size equal to 8 and 16, in terms of bag level prediction as well
as instance-level prediction. This is as expected as poisson distribution is naturally
de ned for non-negative and integer values like counting. Another explanation is that
the data is generated from poisson distribution but according to Table 6.9, even though
the dataset is generated from non-poisson distribution, the poisson loss function still
achieve comparable values. This implies that poisson distribution is robust.

6.6.10 E ect of Regularizer with Sparse Bags

In order to analyze the model performance on bags with di erent sparsity, we further
create bags with higher expected counts for each class to generate bags with higher
sparsity. The speci ¢ setting and data statistics are summarized in Table 6.1

Interestingly, we found that the regularized term works really well for sparse bags.
It consistently improve the performance thought marginally.

6.6.11 Performances over Di erent Bag Sizes

As we see in table 6.1, we have di erent bag sizes generated with a variation of the
parameters lambda and number of training bags to create new copies of dataset with
di erent bag size. Table 6.2 shows that as we increase the bag size the performance
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Table 6.9: E ect of the Regularizer on Sparse Bags (Dataset ID=p7)

Bag Prec. Inc. Prec.

0.0 637 84.67
0.01 64.37 85.20
0.1 65.09 85.52
0.5 65.07 85.87

remains fairly increasing upto a bag size of 8 and then there is a gradual decrease Iin
performance observed with large drop seen with the bag size of 32. Such variation can
be attributed to the fact that with the larger bag size the nature of the distribution of
the bags to the instance level information per class is arti cial and there is a consistent
decrease in the performance as we increase bag size from 16 to 32 and beyond.

6.6.12 Comparison with Di erent Distribution

Besides generating data from poisson distribution, we also train our models with the
exponential distribution as well as the uniform distribution. We observe that the results
with the poisson distribution is better as compared the exponential distribution which is

in accordance with our expectation as the count information in case of the exponential
distribution will be sparse than case of the poisson distribution. The analysis can be
reviewed in the table 6.2 for case of the dataset id e0 and p2 there is a stark di erence
with the same bag size and sparsity distribution but di erence in the distribution of
classes in each bag results in performance drop from 93.2% precision to 90.69% precision.

6.6.13 Example of Count assignment optimization

Figure 6.3 gives an example with bag size of 4 and class size 3. If we negate the reward,
then the objective becomes minimizing the "cost", which is referred to a classical
linear-sum assignment problem in bipartite graphs [150].

6.7 Using Semi Weak labels for Sound event detection

HTS-AT leverages a hierarchical Transformer-based architecture coupled with multi-
scale attention mechanisms designed speci cally for audio processing. Unlike traditional
convolutional neural networks (CNNSs) that primarily capture local time-frequency
patterns, HTS-AT e ectively models both short-term and long-term dependencies in
complex acoustic scenes. By jointly attending to multiple temporal scales, HTS-AT can
handle overlapping events and ne-grained temporal structures often encountered in real-
world audio. Additionally, its token-semantic representation of audio signals facilitates
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Figure 6.3: An example of assignment problem. The nodes on the left represent the
unsigned instance and on the right represent the label. There are 4 instances in a bag
and with 2 class-0 instances, 1 class-1 instance and 1 class-2 instance. Each edge has
an associated rewarg; , which is probability of instancei belonging to clasg. Each
instance must have one assignment and the goal is to maximize the reward.

improved interpretability, as each token corresponds to a meaningful acoustic concept.
As a result, HTS-AT provides a exible and robust framework that not only excels in
classi cation tasks but also enhances temporal localization and event segmentation,
making it a compelling choice for advancing state-of-the-art SED performance. The
Hierarchical Transformer for Sound Event Detection (HTS-AT) outputs an event
presence probability map that indicates the probability of an event's occurrence over
time. To incorporate count information, we rst re ne this map and then estimate how
many times each event occurs. The main steps involve thresholding, median ltering,
and counting the number of event onsets.

6.7.1 Thresholding the Event Presence Map

a threshold :

8

< . .
. 1, i P(ycjxe) > ;
Plycjx)= o (6.14)
- 0; otherwise

Here, P(y. j X;) 2 f 0; 1g represents the binarized event presence at tinte

6.7.2 Median Filtering

The binarized presence map may contain noisy spikes or brief gaps. To address this, we
apply median Itering across the temporal dimension. LeM be the size of the median
lter window. The median- ltered presence mapP™(y. j ;) is de ned as:
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P™(ye j xi) = median P(ye j Xto m=2c); 1113 P (Ve | Xvtv=2c) (6.15)
This step removes isolated spikes and llIs in short gaps, ensuring that only consistent,
sustained activations are maintained.

6.7.3 Counting Event Occurrences

Once we have a smoothed, binarized event presence ni#p (y. j X), we estimate the
number of event occurrences by counting transitions from 0 to 1 as we move forward in
time:

XT
count. = max O;P™(ycjx) P™(yejxi 1) : (6.16)

t=2
The value count; is the estimated number of occurrences of event classvithin the
time window.
6.7.4 Incorporating the Count Loss

If ground-truth counts N{"¢ are available for each event class we can include a count
loss to train the model to predict accurate counts. LeNPf™® be the predicted count
obtained from count. We de ne the count loss as a mean squared error (MSE):

L — 1)@ (N pred Ntrue)Z. (6 17)
count — C c c - .

c=1
This count loss can be combined with the original classi cation l09Sjass; cation :

L nal — I-classi cation T L count s (618)
where is a hyperparameter controlling the trade-o between classi cation performance
and counting accuracy.

6.7.5 Results

By integrating the count information, we observe increase in the sound event detection
performance for AudioSet dataset from 0.385 mAP (without counts) to 0.403 (with
counts) added.

6.8 Conclusion

In this chapter, we propose various ways of strengthening' weak labels in a manner
that does not impose serious additional labelling burden.
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We propose semi-weak labelling: a novel machine-learning problem that learns
from counts. We propose a two-stage framework to do instance-level prediction given
only a counting vector for a bag is available. We generated a dataset from CIFAR10 for
experimentation. We achieve comparable results with the fully-supervised setting and
much better results than the weakly supervised setting. Additionally, we introduced
an L1 regularization term that makes our model robust to sparse bags and achieves
marginal prediction improvement on sparse bags. We propose additional forms of
semi-weak labelling including those that work from bounds on counts, approximate
counts, and sequentiality information, all of which are easily obtained. We believe
semi-weak labels provide better insights in real-world tasks where counting information
can be easily obtained and future research can extend our work on other modalities or
mixture of modalities. *

1Code: https://github.com/cmu-mlsp/ankit-phd-thesis/tree/master/
semi-weak-label-learning
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Section IV - Enriching Weakly Supervised
Learning

In weakly supervised learning, limited label precision poses unique challenges to model
robustness and adaptability. However, this shift in labeling strategy introduces unique
challenges in ensuring that models remain robust, accurate, and adaptable. The
chapters in this section present three distinct but complementary approaches to push
these boundaries of what is possible with weakly supervised learning: strategic negative
sampling and ontological based enhancements.

Chapter 7 delves into the role of negative sampling in the re nement of classi ers
trained on weak labels. By identifying and selecting the most informative negative
samples, it highlights a pathway to improve model performance even when only approx-
imate class presence is known. Rather than overloading the classi er with countless
uninformative negatives, it shows how more surgical selection can foster better decision
boundaries and more nuanced understanding of complex categories.

Chapter 8 focuses on the integration of ontologies - structured, hierarchical rep-
resentations of domain knowledge - into weak label learning frameworks. Ontologies
capture the interconnectedness of concepts, providing models with a robust backbone
of domain-speci ¢ information. This infusion of structured knowledge helps to disam-
biguate related classes, bridge semantic gaps, and yield better generalization, especially
when data labels are limited or uncertain. The combined e ect of these three approaches
illustrates a future where weakly supervised models are not only cheaper and faster to
train, but also more reliable, interpretable, and domain-aware.

In essence, these chapters together map an exciting territory for weakly supervised
learning. They show how we can go beyond simply making do with less information
and begin actively leveraging the unique properties of weak labels to discover deeper
patterns, re ne representations, and harness domain knowledge. The advances discussed
here promise to reduce our dependence on costly strong labels, while achieving a new
level of performance and understanding in machine learning models.
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Importance of sampling negative in weak
labels

7.1 Problem: Sampling of negatives in weak labels

Data selection is essential for deep learning, which determines the budgets and the
performance of the network. Motivated by reducing the total amount of data fed into
the neural network, we study the selection of more informative negative samples and
the underlying principles to quantify the importance of data. Compared to our baseline,
our experiment results on CIFAR-10 and AudioSet propose that negative sampling
strategies can improve classi cation performance under weak label settings. Through
these negative sampling strategies, we elegantly remove negative data that are less
important while retaining AP and AUC scores even when we use a 1/3 subset rather
than the whole data set.

Weak labels imply the knowledge of the presence/absence of an event rather than
the exact location of it compared to strong labels. With strongly labeled data, one can
only work with a limited number of labels, and the annotator's subjective bias during
labeling is unavoidable. However, with the weak label, since what we need is only the
presence information, it saves the e ort for intensive labeling, and subjective bias is
signi cantly suppressed, which means the scaling is easier as we can gather data quickly,
especially when the data acquisition is easy nowadays while labeling is still far more
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labor-some.

For a particular class in the weak-label classi er, all samples without instances of
this class are considered negative samples. For instance, when learning a classi er to
detect cars in an image, all images without cars can be simply viewed as negative
samples. Note here the label is weak, it only tells a story that the image contains cars
in it, but the exact location information is unknown. In this case, the rest of the parts
except the car in the positive labeled image, which themselves are negative samples,
could become the dominating factor of our classi er's prediction. To alleviate this
situation, negative selecting strategy comes as a rescue, this is where negative sampling
comes into place.

As we discussed above, we are interested in learning the decision boundary, which
can best separate the positive and negative instances to build highly accurate weak label
classi ers. To achieve this goal, we need a strategy to better select the negative samples,
telling which of these negative samples are better or more informative for the current
task. The strategy to be used here is calleNegative Sampling , which leads to the
task of our project: Find an optimal sampling strategy for the weak-label classi er. We
aim to optimize the decision boundary in weak label classi ers by selecting the most
informative negative samples.

To address this problem, the following questions need to be answered:

A

Whether some negative samples are more important than the others, if yes, is
there an underlying criterion to quantify it;

More speci cally, whether negative data is similar to or di erent from the target
object contributes more to the classi cation results and how to measure that;

Can the data selection strategy (Negative Sampling) be modeled for di erent
tasks using weak labels combined with negative sampling;

To what proportion should the positive against negative instances enough to train
a classi er.

We look to address the following: How to choose the reasonable sampling strategy?
The sampling strategy we designed should identify the most informative negative samples
that can help learn the best classi er with a reasonable label budget, which is also the
core problem in active learning research eld. That is why we introduce this topic in our
project. Even though active learning aims to sample unlabeled data while only negative
instances is our focus, the method will intrinsically select informative data samples
that can improve the learning of the model and thus enhance the discriminative and
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predictive ability of the model. In other words, the active learning algorithm will only
select the data samples that are closest to the actual decision boundary disregarding
irrelevant data samples from consideration, which will hopefully give us guidance on
how to choose our negative samples.

7.2 Related work on Negative Sampling

7.2.1 Active Learning

Several sampling strategies have been proposed for active learning, focusing on identify-
ing the most uncertain samples. For instancelp]] introduced an uncertainty-based
active learning algorithm for positive and unlabeled data. This approach estimates the
probability density of the positive and unlabeled points separately using Bayes' rule.
Then it employs margin-based and entropy-based methods to measure informativeness
and select the most uncertain samples for querying.

To enhance the quality of negative samples in tasks with high mutual information,
[157 developed an active sampling strategy inspired byl$3. Their approach aims
to select the most informative data for contrastive learning using a gradient-based
method for uncertainty measurement, coupled with the solutionlp3 to ensure sample
diversity. Additionally, [ 154 devised an active learning strategy in which the uncertainty
and informativeness of data are assessed by a multi-model committee. This method
prioritizes minority classes with low variance during sampling to address class imbalance
in the training set. Similarly, [155 proposed a kernel machine committee model that
integrates Bayesian (RVM) and discriminative (SVM) kernel machines for multi-class
data sampling. This model e ectively captures decision boundaries and can sample
informative data for multi-class training.

Learning-based methods for sampling have also been exploretl5q introduced
a learning-based active learning framework, where a sampling model and a boosting
model iteratively learn from each other to improve performance. Their sampling
model integrates uncertainty sampling and diversity sampling into a uni ed process for
optimization, actively selecting the most representative and informative samples.

7.2.2 Weak Label Learning

[21] studied how characteristics like label density and label corruption needs to be
considered for large scale audio or sound event detection (AED) problem, which basically
means the portion of positive data in positive bags and in uence of mislabeled data.
They also proposed a CNN based weak label learning model for large scale AEB7

introduced semi-weak labels as weak label with counting information, and developed a
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two-stage framework for semi-weak label learning. It not only learns classi cation at
the bag level but can also be extended to instance level classi er with counts assigned.
However, semi-weak labels are not often available, especially for audio or video data.

7.2.3 Negative Sampling

For Knowledge Graph Embedding problem where high score negative samples are
rare, [158 developed a more stable and e cient GAN-based method with caching.
High-quality triplets are cached and sampled by the generator when training. The
cache is updated with Importance Sampling method to adapt to its dynamically
changed distribution. [L59 studied the in uence of negative sampling on objective
and risk of embedding learning, and proposed a negative sampling strategy MCNS
based on their theory, which approximates the positive distribution with self-contrast
approximation and accelerated by Metropolis-Hastings.1p(d incorporates the richness

of graph structure and designed a structure-aware sampling strategy to sample semantic
meaningful negative data for Knowledge Graphs.

7.3 Baseline Selection

To the best of our knowledge, importance of negative sampling in weak label learning

is a novel research area as for now. As can be seen above, although many research and
studies have been conducted in related elds, like weak label learning, active learning,
etc., few of them have made a detailed discussion if we could achieve better or worse
results by sampling di erent negative samples. So in this project, we rst implement
random sampling on negative data as a baseline score. Without loss of generality, we
are going to conduct experiments on both image bag and weak label audio classi cation.

7.3.1 Image Bag Classi cation

Aiming at developing e ective negative sampling strategy on more general form of weakly
labeled data, we generate image bags from randomly selected images of CIFAR-10 such
that instances in the same bag may possibly be irrelevant. We start from bags with
xed size 5, and uniformly distributed the label density, which denotes the proportion
of positive data in positive bags, among all the bags. To alleviate the in uence caused
by single image being learned unevenly multiple times in a single epoch, each image
only occurs in one bag.

Although the full dataset is unbalanced for a single class, its wide coverage and
large size are important to the robustness of training. Any subset sampled from the
original dataset is likely to be at a disadvantage. Therefore, results on full weakly
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labeled dataset naturally become the ideal benchmark that we intend to approximate
and even surpass. As for the baseline, a randomly sampled balanced subset is used for
comparison and demonstration of other strategies' e ectiveness. Each epoch, it will
re-sample same amount of negative bags as all the positive ones.

For downstream classi cation problem, we pick a simple CNN model and a complex
ResNet18 model to examine strategies' e ectiveness on di erent models.

Figure 7.1. Learning Decision boundary showcasing importance of negative sampling

7.3.2 Audio Classi cation

AudioSet is a large weakly labeled and multi-class dataset consisting of 527 classes
on sound events. The dataset is consists of 3 subsets, hamely balanced training set,
unbalanced training set and evaluation set. Considering the consumption of time and
computing resource, we use the balanced training set as the training set and evaluation
set for testing. The balanced training set contains 22k samples and the evaluation
set contains 20k samples. However, some YouTube URLs are not available when we
download audio clips from YouTube. 21515 audio clips for the balanced training set
and 16322 samples for the evaluation set were downloaded in all, which is 97% and
80% of the original set respectively. For preprocessing, the audio clips are padded or
truncated into 10 seconds waveform. Then we convert them into log Mel spectrograms,
which are the acoustic features of the audio recordings. Hence, each feature input of
X 2 R10%6 128 corresponds to the log Mel representation of a recording segment with
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Figure 7.2: Figure showing the negative bags with minimal contribution towards learning
the decision boundary

di erent lengths. All of the audio recordings are sampled with a sample rate of 44.1
kHz.

To form the list of training for the baseline, we de ne positive and negative data as
follows: rst, we name all the samples that contain audio segments from a pre-selected
subset of classes aBositive and the left asNegative . For the experiment study,
negative audio bags were sampled by di erent sampling strategies based on a speci ed
Positive-Negative-ratio in each epoch of training. In our baseline experiment, we use a
random sampling strategy, which means that each negative sample would be selected
under the same probability.

We focus on a subset of 50 classes over the entire AudioSet. A thing to note is that
we removed the rst and second frequent class, which transformed the balanced train
set into an imbalanced set with a large pool of negative bags to sample. The di erence
of AudioSetynsetso IS that it contains all the audio recordings but only contains labels
in the subset of classes. Table 7.1 shows the top 5 classes information in AudioSet50.

"Music" and "Speech" classes have many positive data samples in the whole train
and evaluation set. However, most of classes like "vehicle", "in small room" and
"animal”, whose positive samples only make up a little proportion to the whole train
set, are imbalanced.

We choose PSLAZ61]], one of the state-of-the-art methods used in audio classi cation,
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as our model structure for training and evaluation. Our implementation is based on the
PyTorch framework. Hyper-parameters are tuned on our dataset according to [161].

We applied the same data augmentation as in papet§1]: MixUp and Time and
Frequency masking to improve the performance of the classi cation on audio. The
input spectrogram has the shape of (1056, 128). Frequency masking is applied to
the frequency domain. The mask window is sampled fromuniform (O; F) and the
start frequency for masking is drawn fronfy uniform (0;128 f). Time masking is
applied to the time domain so that spectrogram ifto; to + t] frames are masked, where
t uniform (0; T) and to uniform (0; 1056 t). We use the same parametdf = 48 and
T =192 as [PSLA]. Mixup augmentation combines the waveform of 2 di erent training
audio recordingsx;, X; and their labelsy;, y;:

X=xi+@ )xy=yi+t@d )y (7.1)
where is drawn from a beta distribution:
Beta(; ):prot(x;; )= - 15(% X)) :

We set =10 and a mix-up rate of 0.5 to achieve better classi cation performance.

Table 7.1: Top 5 classes in AudioSet40

Name Midt Class number  Frequency of occurrence
music /m/04rlf 137 6244

speech /m/Q9x0r 0 5735

vehicle /m/07yv9 300 860

Inside, small room  /t/dd00125 506 764

Animal /m/0jbk 72 734

7.4 Experiments Results

7.4.1 Image Bag Classi cation

Experiments for image bag classi cation are conducted with Python v3.8.11, PyTorch
v1.9.0 and CUDA v11.1 on NVIDIA GeForce GTX 1070. For inference from output
logits to labels, we tried 3 methods, softmax followed by mean, mean followed by
softmax and softmax followed by max. As the results show that mean followed by
softmax is the most e ective one, we stick to this computation during following runs
for consistency. It is reasonable that output of softmax is bounded from O to 1, if
few instances in the bag are positive and have high probability outputs, the averaged

lIn AudioSet, the labels are stored as integer indexesMid represents the mapping for each class.
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probability of that class is still low, and can be even lower than class that has all
hard-to-distinguish negative instances. What's more, we also tried out the in uence of
resample frequency on this task by comparing results of resampling every epoch and
resampling every 3 epochs. However, no obvious relation can be observed between these
two settings, and we adopt resampling every epoch for later experiments.

To better evaluate the e ectiveness of sampling strategy and the robustness to
di erent classes and seeds and postive-negative ratios, we consider several strategies
from the literature, which are listed below. Each are implemented for sampling from
pool of negative bags and getting a truncated training dataset.

1. Random : Randomly selectk bags with uniform distribution at each epoch.

2. Least Condence : An uncertainty-based strategy that samplek bags with
lowest prediction con dence, which is de ned as the di erence between positive
probability and negative probability.

3. SVM-Margin : An uncertainty-based strategy that samplek bags with lowest
margin. A SVM model is trained rst on full dataset and used to generate margin
scores of bags.

4. Entropy : An uncertainty-based strategy that samplek bags with lowest entropy
scores. The entropy score is computed as the entropy of predicted positive-negative
distribution

5. Gradient Embedding : An uncertainty-based strategy that selectk bags that
generates largest gradient in terms of L2 norm.

6. BADGE : A strategy combining uncertainty and diversity by picking bags that
have gradient embedding as centers &fclusters in the pool. It selects the bag
with the largest gradient embedding and usk-MEANS++ to nd the rest ([ 153).

7. KL Divergence : A similarity-based strategy that selectsk negative bags that
are closest to positive bags in terms of KL Divergence.

The rst is a standard sampling method, the next four are uncertainty-based, the
sixth is a mixture of uncertainty and diversity-based method, and the last is similarity-
based. By randomly choosing the negative bags, we want to produce the same amount
of negative bags as the sampled version of the negative bags since they will guarantee
the same condition of total bags to be selected for the task, and this will produce the
baseline for the sampling strategy. By comparing the nal AP and ROC-AUC scores of
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Table 7.2: Comparison between di erent models using sampling strategies

Method Sampling strategy  Class 0 AP Class 0 AUC Class 1 AP  Class 1 AUC

CNN Full Set 0.88 0.95 0.93 0.97
CNN Random 0.83 0.93 0.87 0.95
CNN Least Con dence 0.81 0.92 0.82 0.93
CNN BADGE 0.85 0.94 0.87 0.95
CNN Entropy 0.81 0.92 0.82 0.93
CNN KL_embedding 0.83 0.93 0.89 0.95
CNN KL_prob 0.87 0.95 0.88 0.95
CNN Grad_embedding 0.83 0.93 0.84 0.94
CNN SVM-Margin 0.87 0.95 0.87 0.95

ResNet Full Set NaN 0.01

ResNet Random 0.37 0.65

ResNet Least Con dence 0.23 0.25

Figure 7.3: The left column shows the curve of AP, the right column shows the curve

of ROC-AUC; Two rows from top to bottom represent class 0 and class 1 with seed 0,
respectively.

113



the proposed sampling strategy and the random version, we can easily nd whether the
proposed sampling is e ective or not.

Figure 7.3 and Table 7.2 shows the results of 2 classes. In the experiments, KL-
Divergence method is implemented in two ways, one computes KLD based on the
embedding extracted from the model, and the other uses output probability distribution.
As we can see, CNN+fullset, which is our baseline, it has relative good performance
for test data due to the large amount of data. The performance with other negative
sampling strategies like Gradient Embedding are not consistently as good as the baseline.
However, strategies like BADGE, SVM-Margin, KL-prob can beat Random most of the
time, and achieve AP and AUC asymptotical to Full dataset.

7.4.2 Audio Classi cation

We run experiments using Python v3.8.8, Pytorch v1.10.0 and CUDA v11.4 on NVIDIA
GeForce RTX 2080Ti. By comparing the result of multiple experiments, we decided to
use the following parameters and training strategy: Most of the samples have length of
10 seconds so we pad or truncate the other audio clips to 10 seconds. We use batch size
of 32 on the json of data les. Before each epoch of training, we sample the negative
with the sampling strategies and keep all the positive samples. Then we will perform
data augmentation on those samples and shu e them. The optimizer we used in our
experiments is Adam, with learning rate setting ade 3 for 30 epochs in total. Weight
decay of5e 7 is added to our model to alleviate over tting. We adopt the parameters
and strategies mentioned before for the following experiments.

7.5 Conclusion

We have experimented with several sampling strategies on the CIFAR10 and Audioset.
It turns out that KL divergence of nal output, SVM-Margin and BADGE will give

a consistent better performance than random and quite similar to that of the full set.
These strategies quantify the similarity of the positive bags and the negative ones then
e ectively select samples with more information, which leads to a better classi cation
performance for the weak label.

In this chapter, we explore the importance of negative sampling in weak label
learning, focusing on the selection of more informative negative samples to improve
classi cation performance. Our experiments on CIFAR-10 and AudioSet demonstrated
that negative sampling strategies can signi cantly enhance the performance of weak

1P-N ratio represents the ratio between the number of positive samples and negative samples, which
is an important hyperparameter during training.
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Table 7.3: Baseline model scores for Top 5 classes in AudioSet40

Class Name P-N Ratid AP AUC
Music_random 1.0 0.8600  0.9049
Music_margin 1.0 0.8520  0.8980
Music_Badge 1.0 0.8315 0.8899
Music_grad 1.0 0.8608  0.9040
Speech_random 1.0 0.7999  0.8919
Speech_margin 1.0 0.8256  0.8990
Speech_Badge 1.0 0.8040 0.8964
Speech_grad 1.0 0.8140  0.8939
Vehicle_random 0.1 0.4295  0.9066
Vehicle_margin 0.1 0.4172  0.9005
Vehicle_Badge 0.1 0.4262  0.9083
Vehicle_grad 0.1 0.4206  0.9089
In Small Room_random 0.1 0.1420  0.7807
In Small Room_margin 0.1 0.1310  0.7585
In Small Room_Badge 0.1 0.1353 0.7722
In Small Room_grad 0.1 0.1560 0.7914
Animal_random 0.1 0.2410  0.8263
Animal_margin 0.1 0.2523  0.8368
Animal_Badge 0.1 0.2983  0.8522
Animal_grad 0.1 0.2689  0.7943
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label classi ers. By selectively removing less important negative data, we were able to
maintain high AP and AUC scores even when using a reduced subset of the dataset. We
highlighted the advantages of weak labels, which require only the presence information
of an event, making data acquisition and scaling easier compared to strong labels. This
approach reduces the e ort and subjective bias associated with intensive labeling.

Our literature review covered various sampling strategies in active learning, weak
label learning, and negative sampling, providing a comprehensive background for our
study. We implemented random sampling as a baseline and conducted experiments on
image bag classi cation using CIFAR-10 and audio classi cation using AudioSet.

For image bag classi cation, we generated image bags from CIFAR-10 and examined
the e ectiveness of di erent sampling strategies using simple CNN and ResNet18
models. For audio classi cation, we used a subset of AudioSet and applied state-of-the-
art methods like PSLA, along with data augmentation techniques such as MixUp and
Time and Frequency masking.

In summary, our results indicate that negative sampling plays a pivotal role in
weak label learning. Developing e cient sampling strategies can enhance classi cation
performance while minimizing data needs. This direction of paves the way for additional
investigation in the areas of weak label learning and negative sampling.
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Learning with Ontologies

Ontologies play a crucial role in the formal representation of knowledge by de ning the
concepts and properties within a speci ¢ domain, as well as the relationships between
these concepts. They provide a structured framework that facilitates the organization,
sharing, and reuse of knowledge across various applications. Prominent ontologies such
as WordNet and AudioSet exemplify the state-of-the-art in capturing domain-speci ¢
information, o ering comprehensive vocabularies and hierarchical relationships that
enhance the understanding and processing of data.

The signi cance of ontologies extends to numerous elds, including natural lan-
guage processing, image classi cation, and knowledge graph completion. Using the
rich semantic information embedded within ontologies, previous studies have demon-
strated improvements in model performance, particularly in tasks that require a deep
understanding of domain-speci ¢ concepts and their interrelations.

In this chapter, we explore the potential of using ontological information to enhance
learning from weakly labeled data. Weakly labeled data, which only require the presence
or absence of an event, are advantageous due to their relative ease of collection compared
to strongly labeled data. Speci cally, we employ the AudioSet ontology and dataset,
which comprises audio clips weakly labeled with ontology concepts and incorporates "Is
A" relationships between these concepts.

Our approach begins with a reimplementation of the model proposed by [Sound Event
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Ontology Reference], adapted to accommodate a multilabel scenario. Building upon this
foundation, we introduce a Graph Convolutional Network (GCN) to e ectively model
the ontology information, enabling more nuanced learning of the underlying concepts.
Through our investigations, we discover that while the baseline Siamese network does
not exhibit improved performance when incorporating ontology information in a weak
and multilabel context, the GCN approach successfully captures the ontology knowledge,
enhancing performance under these conditions.

Furthermore, we examine the resilience of di erent modules to noise introduced by
weak labels and their ability to integrate ontology information more e ectively. Our
most e ective model, the Siamese-GCN hybrid, achieves a mean Average Precision
(mAP) of 0.45 and an Area Under the Curve (AUC) of 0.87 for lower-level concepts,
and a mAP of 0.72 and an AUC of 0.86 for higher-level concepts. These results indicate
a notable improvement over the baseline Siamese network, although the gains are
comparable to models that do not use ontology information.

This chapter underscores the importance of ontologies in enhancing machine learning
models, particularly in scenarios involving weakly labeled and multi-label data. By
integrating structured domain knowledge through advanced techniques such as graph-
convolutional networks, we demonstrate the potential for more robust and semantically
informed learning processes.

8.1 Importance of Utilizing Ontologies

Ontologies o er structured, hierarchical representations of domain knowledge through
de ned concepts and the relationships among them. They enable a machine to generalize
from unknown or unfamiliar instances to broader, more recognizable categories. For
example, a listener may not identify the exact animal making a particular sound, yet still
recognize it as an animal sound. In the same way, a machine can leverage ontological
information to classify an object it has never explicitly encountered as belonging to a
higher-level class. Incorporating these hierarchical relations from ontologies can help
re ne model predictions, especially when faced with semantically similar observations
or ambiguous subclasses. Previous works have explored using such external knowledge
both to guide feature extraction [L62 163 and to integrate this structured information
directly into model architectures [164, 165, 166, 167].

This chapter investigates whether learning ontological classes from weakly labeled
data can be improved by incorporating such external knowledge. Consider an audio
clip containing dog howling baby crying and engine idling yet only weakly labeled
as containingdog howling Using ontological information, the model might infer that
the sound of a howling dog implies broader categories likeimal soundsor living
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things. Even if the clip also featured acat meowingbut remained unlabeled as such,
the ontology could guide the model toward identifying the higher-level clasmimal
soundsor living things, despite incomplete labeling. Thus, ontological knowledge can
help the model interpret hidden cues in the data, improving classi cation performance
for both annotated and unannotated but related categories.

The appeal of weakly labeled datasets lies in their scalability and reduced annotation
cost, as they require only the presence or absence of an event to be known. Google's
AudioSet, for instance, employs weak labels at massive scaléq. However, these
labels often introduce noise that complicates model training. Ontologies may help
mitigate this issue by furnishing structured domain insights that strengthen a model's
interpretive capabilities, even under noisy conditions.

This chapter expands on prior research into ontology-guided classi cation, hier-
archical learning, and knowledge graph utilization. We implement and evaluate two
models that incorporate ontology information to predict classes and hierarchies from
weak labels. Through our experiments, we aim to gain a clearer understanding of how
ontological embeddings a ect performance in weakly supervised scenarios and to assess
the strengths and limitations of these approaches. The following sections discuss related
literature, detail the methods and models employed, and present an in-depth analysis
of our results and conclusions.

8.2 Methods

8.2.1 Dataset and Ontology

We use the AudioSet dataset, which consists of an ontology of weakly labeled 632 audio
event classes and 2,084,320 human-labeled 10-second sound clips drawn from YouTube
videos. The 128-dimensional Audioset features and ontology les are made available
by Google and accessed online from previous woil], [16§. Feature embeddings
provided by [16§ are extracted from a VGGish modelf69 followed by a PCA to reduce
down to 128 dimensions and each ten second clip is represented by ten 128-dimension
feature vectors, i.e. one feature vector represents one second of one clip. Each clip in
the dataset can contain mutiple labels where the clsses encompass a wide variety of
sounds like human noises, music, animals or vehicles.

AudioSet is an audio dataset that consists of 2,084,320 10-second recordings, each
with feature encodings and an event label. Each 10-second recording has ten 1-second
segments and ten 128-dimensional feature encoding. For each 1-second segment of the
10-second clip, there is a corresponding 128 dimension embedded representations. Each
clip in the dataset can contain mutiple labels where the clsses encompass a wide variety
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of sounds like human noises, music, animals or vehicles. AudioSet is made available
through [21] and [16], whose feature embedding is derived usin@gg with methods
from [169].

We use balanced training set of Audioset for training our models, containing about
22,160 ten second clips. We then preprocess the corresponding labels of each audio clip
to get the labels in the top two levels of the Audioset ontology. The validation set is
about 20% of the training set size and is drawn from the unbalanced training set of
Audioset, and the Audioset test set contains about 20,383 audio clips. The same label
processing is done for the validation and test set to obtain two levels of ontology labels.
Although there are more levels to the Audioset ontology, we choose to focus on the top
two levels to t our model architectures.  To give a more general idea of the Audioset
data, consider a weakly labeled audio clip which could have multiple labels with no
timing information, but the labels could be related due to their ontology. For example,

a human voice and hands could possibly co-occur because they are both natural sounds.
The labels could also be related due to their dependency, such as a human crying could
co-occur with sad music. On the other hand the labels could also not be related with
each other. For instance, a dog barking sound and car engine sound could co-occur in a
clip accidentally.

8.2.2 Framework

We consider multi-labeled training data {1, Y1), ..., (Xn, Yn)} Where x; 2 X is a single

128-dimension audio feature representation and the correspondgis a collection of

labels {(y2, y2, ..., Yi'), ..., (Y&, Y2, ..., Vo)} with k equal to the number of ontology

levels andT; equal to the number of labels fox at the i"" ontology level. Thus in our

post-processed dataset we hake= 2 and will refer to these as subclass or "level 1"
labels and superclass or "level 2" labels.

8.2.3 MLP Network without Ontology Information

To investigate whether incorporating the ontology information is bene cial to use with
weakly labeled data, we rst need to train a model which uses no ontology information.
We implement a simple MLP network with three hidden layers and a nal output layer
at collectively predicts ontology classes. More concretely, the nal layer has size
ikzl T; to predict all ontology labels. Each hidden layer is of size 512 followed by a
BatchNorm layer, ReLU activation, and a Dropout layer. This model makes no use of
the ontology information to aid in the prediction of the ontology labels, making it a
good baseline to compare to our models which will incorporate the ontology information.
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The nal outputs pass through a nal sigmoid activation for the multi-label scenario
and the model aims to minimize the binary cross entropy loss.

8.2.4 Twin Neural Network Model with Ontology-based embed-
dings and Ontological layer

The ontology based model from1[7( is a recent contribution that speci cally focuses on
audio data while also providing a method for prediction of classes at di erent ontology
levels. Much of the prior work on ontology prediction has been in di erent areas such as
medicine (drug classi cation) or text classi cation, whereas17(Q presents a framework
that is more relevant and recent. This model will therefore serve as a baseline for the
models which will incorporate ontology information. The framework with modi cation
for multi-label scenarios is shown in Figure 8.1.

Figure 8.1: Architecture of Twin Neural Network + Ontological Layer with modi cation
to t the multi-label task

Now we present the components of the model and its mathematical formulation,
which is an extension of the work inf7( to learn ontology-based embeddings for
classi cation of multi-labeled data. We use a Siamese neural network (SNN) to separate
the ontology-based embeddings by imposing the embedding distance close to O if the
input pairs are from the same subclass, close to 1 if they are from di erent sub classes,
but the same super class, and close to 2 if they are from di erent super classes. To t
in the multi-label scenario, we applied two kinds of sampling methods, the rst one
is that samples fall into the same sub (super) class category if and only if they have
exactly the same subclasses; samples fall into di erent sub (super) class category if any
of their sub (super) classes is di erent. The second approach is that samples fall into
the same sub (super) class category if and only if there is any sub (super) class in their
intersection; samples fall into di erent sub (super) class category if there is no any sub
(super) class in their intersection.
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The base model architecture of the Siamese net is the same MLP with three hidden
layers from section 3.3, and each branch of the Siamese net shares the MLP parameters.
Given a pair of input vectorsxs; X»,; the output of the MLP is an ontology embedding
z, = f(X1);z, = f(X2). The embedding vectors,;z, produce subclass probabilities
after a sigmoid activation, which is used for the prediction of multi-labeled data.

The ontological layer,M, then relates the class probabilities of level 1 to those in
level 2 of the ontology through the following relation:

p(y2jx) = M p(yjx) (8.1)

We modify the ontological layer proposed in17qQ in order to t the multi-label
data scenario, whereM is constructed such that it averages the probabilities of the
subclasses within a single superclass. Note that this layer is xed and not trainable, it
depends strictly on the ontology of the training data.

The nal loss function incorporates the binary cross entropy loss of the level 1 classes,
L, and the level 2 classed, ,, with the embedding lossD, = (jjz1 z»jj. d)? where
d 2 f 0;1; 2g according to the type of input pair.

L= y(Li+ L)+ p(Li+ LY+ 3Dy (8.2)

The base network takes an input feature of dimension 128 before the output layer
to the 42 classes in the rst ontology level and then through the ontology layer to the
7 classes in the second level. The baseline paper does not actually report evaluation
metrics for the Audioset data, as they focused on other audio datasets: Urban Sounds -
US8K and data from the Making Sense of Sounds Challenge. These are both single
labeled datasets.

8.2.5 Graph Convolutional Network

To model both the co-occurrence information introduced from weak labels and the
domain knowledge from ontology, we seek to utilize graph embedding approaches to
extend the Siamese network architecture. Inl[f1] and [174, a Graph Convolution
Network (GCN) is shown to be e ective for learning useful node representations through
the information in a correlation graph. The essential idea is to update the node
representations by aggregating information from neighboring nodes.

Following the ideas of previous work,1[71, 172 173 , we de ne the subclass labels
and superclass labels as the nodes of the graph and aim to learn the label representation.
The knowledge in the graph is encoded as a correlation matrix, which is a crucial part
of the GCN. We will describe how it is constructed in Section 8.2.5.1.

We use one-hot encoding of labels as the initial node representation and use 2 GCN
layers to extract embeddings with neighboring information. For each GCN layer we
use 2 linear layers to transform the input embedding of the node itself and a graph
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convolution to aggregate the embeddings from its neighbor. Given a label embedding
Z 2 R® 9 (whereC is the number of nodes andl is the dimensionality of node features),
the graph convolution operations is:
z'" = h(A%Z'W]W)) (8.3)

whereW] 2 RY ® and W2' 2 R* @ are 2 transformation matrices to be learned
and A°2 R® € is the correlation matrix and h(:) is a non-linear operation which is a
LeakyReLU in our experiments. The dimensions of each the linear layers are 280 and
512 for the rst GCN layer and 320 and 128 for the second GCN layer.

8.2.5.1 Correlation Matrix

The GCN learns node representations by collecting information from other nodes based
on the correlation matrix provided. Thus, how we build the correlation matrix is crucial
but also challenging for GCN. In this work, we referred to previous worklf1, 174 and
experimented on 3 di erent correlation matrices.

Labels Co-occurrence based Correlation Matrix : [177 proposed a way to
model label dependency in the form of conditional probability, i.eP(L; j L;) denotes
the probability of occurrence ofL; whenL; is present. To construct the correlation
matrix, we count the co-occurrence of label pairs present in training set to get a matrix
M 2 RC €, whereM;; denotes the co-occurrence time df; and L;. We then divide
M by the occurrence time ofL; in training set to get the conditional probability P.

To prevent a long-tail distribution where some rare co-occurrences may be noisy, we
binarize P by setting a tunable thresholdt. The correlation matrix A is setto 1 if P is
above thet and set to 0 whenP is below thet, whereA 2 R¢ €.

Ontology-based Method One : [171] proposed the correlation matrixA to denote
label pairs who have same parentsd;; =1 whenL; andL; have same parentsA;; =0
otherwise.

Ontology-based Method Two : [171]] proposed the correlation matrixA to denote
label pairs who have edges in between them. In the dataset we are using, edges only
occur between parents and children, so we s&t; =1 whenlL; is a child ofL; or the
other way around; otherwiseA;; =0.

To prevent over-smoothing, after binarizing, we re-weighf to get_the desired
correlation matrix A°by setting A}, = pwheni =j andAY =(1 p)= ;A; when
A =1.

8.2.6 Siamese Network with Graph Convolutional Network

The Graph Convolution Network module described in Section 8.2.5 can convert the
label embedding from a one-hot representation to an embedding aggregating neighbor
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information. We use a matrix multiplication to get the similarity between a given audio
clip embedding and every label's embedding. Given these similarity values, we then use
a SoftMax activation and Binary Cross Entropy loss to calculate the loss between our
outputs and the target labels. The overall framework is shown in Figure 8.2.

Figure 8.2: The framework of Siamese Network + GCN
Here we replace the baseline Ontological Layer with the label embeddings that the
GCN generates. To combine it with Siamese Network, we still keep theg, , and 3
for the loss term. Next we will discuss the experiments in more detail and the results
from the various models.

8.3 Experiments

8.3.1 Evaluation Metrics

The performance of our models is evaluated using weighted average precision and AUC
from predictions. All reported metrics are on the test set of the Audioset dataset. As
discussed previously, we extract the labels for each segment from the top two levels of
the Audioset ontology. The average precision (AP) metric is rst computed for each
class by considering the precision (fraction of true positive labels out of all predicted
positive labels) - recall (fraction of true positive labels out of actual positive labels)
curve at di erent thresholds. Thus it is an indication of how well the model can identify
positive classes in the data. The other metric we consider is AUC, which considers
negative labels by computing the area under the TPR (true positive rate) - FPR (false
positive rate) curve and is an indication of how well the model can distinguish between
classes. The AP/AUC metric for the classes on the same ontology level is combined
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through a weighted average based on the proportion of each class that is present in the
training data to get a nal weighted AP and weighted AUC score for each level.

8.3.2 Performance of MLP Model with no Ontology Information

The MLP model with no ontology information achieves a weighted AP/AUC score of
0.45/0.87, respectively for subclasses. The weighted AP/AUC score for the superclasses
are 0.71/0.86, as shown in Table 8.1. The model is trained for about 70 epochs at a
learning rate of 2e-3. Please refer to the Appendix for more hyperparameter training
details for each of the models.

8.3.3 Performance of Siamese Network with Ontological Layer

The Siamese model with Ontology layer achieves a subclass weighted AP/AUC =
0.36/0.81 and superclass weighted AP/AUC = 0.39/0.65. After hyperparameter tuning

of the loss function, we were able to achieve results in Table 8.1 with = 1:5; , =

1, 3=0:25 The experiments found that these metrics can be tuned based on the
values in the loss function to control the contributions from each level of the ontology.
A more detailed table of the hyperparameter tuning is presented in the appendix, and
the results in the summary table are chosen as a good balance between the two ontology
levels.

This experiment shows there should be more research work to apply a Siamese net-
work to a multi-label scenario, such as how to generate pairs of the same sub/superclass
as well as their similarity metric. We further investigated this problem by considering
two de nitions: one in which a pair of data is of the "same" subclass if they have
exactly the same labels and another in which "same" means that two pairs just have
some intersection in their labels. Our experiments suggest that the latter de nition is
better for the multi-label scenario. However, the performance of this baseline Siamese
model which uses ontology information suggests that this external knowledge is still
di cult to embed into a model for weakly labeled data. Furthermore, we believe that
this de nition of "same" or di erent" sub/superclass is still ambiguous and introduces
even more noise into the model as it attempts to cluster pairs that are not really the
"same" subclass. This can explain why we see such poor performance metrics compared
to the MLP with no ontology information.

8.3.4 Performance of Siamese-GCN Model

The extension of the Siamese model replaces the Ontology layer with a Graph Convolu-
tion network to embed ontology information. We trained the model by Adam optimizer
for about 30 epochs. We use 2 Linear Layer as the node embedding of GCN and apply
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Weighted AP Weighted AUC
Model Subclass | Superclass | Subclass | Superclass
MLP 0.4509 0.7056 0.8706 0.8556
Siam. + Ont. 0.3653 0.3876 0.8055 0.6505
Siam. + GCN 0.4285 0.6790 0.8460 0.8280
MLP + GCN 0.4590 0.7117 0.8751 0.8602

Table 8.1: mAP and AUC Results of di erent models. Siam. = Siamese, Ont. =
Ontology.

Figure 8.3: mAP across di erent low-level labels

2 Layer GCN. The performance is sensitive to the hyper-parameters, , and 3 of
the loss function because it would amplify or reduce learning rate for di erent loss
terms. We nd the observation is that the greater is not necessary equal to the greater
learning rate.

We also can see that the Siamese network with GCN could tolerate noises introduced
from weakly labelled data better than the baseline Siamese with an un-trainable
Ontological Layer. This suggests that the GCN can better capture the ontology
hierarchy and that it can even overcome the noise introduced by attempting to nd
pairs for the Siamese net. Overall, the evaluation metrics for this model are close to
the baseline MLP with no ontology information.

8.3.5 Performance of MLP-GCN Model

To study the utility of the Siamese net we also implement an MLP-GCN using the
same GCN structure as the one in the Siamese GCN. We investigate which correlation
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Figure 8.4: AUC across di erent low-level labels

matrices can provide the best improvement in performance. Among the 3 correlation
matrices, we found label-co-occurrence based correlation works best to model ontology
information in the weak label scenario. Consequently, we did more experiments on the
two trainable parameters:t; p.

From our experiments we found = 0:2;t = 0:08 achieved the best results. Also
although this model performs better than the previous models, the improvement w.r.t
an MLP without an Ontological Layer is still limited. This suggests that even with
the ontology information embedded into the GCN, it is still hard to get signi cant
improvements in classi cation results. It further demonstrates that the architecture
of the Siamese net is not a great t for the multi-label scenario. Using just a simple
MLP to learn embeddings, it can already achieve relatively good performance with the
GCN. Overall, we found that there were certain classes for which it was always di cult
to achieve high AP or AUC scores as demonstrated in Figures 8.3, 8.4, 8.5. For these
classes, e.g. glass, re, or silence, we analyzed which data points contain those classes
and found that they are often multi-labeled with more commonly found classes in the
training set, such as human voice, or domestic sounds. This could make it di cult for
the model to learn di erent representations for those classes.
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