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Abstract

Recent advancements in deep learning have brought machine learning and its many
applications to the forefront of our everyday lives. As technology has become more
and more integrated into our educational curriculum, researchers have focused on
creating deep learning tools that allow students to interact with machine learning in
a way that incites curiosity and teaches important concepts. My research contribution
focuses on applying transfer learning and spectrogram audio classification methods
to teach basic machine learning concepts to students. | introduce the Personal Audio
Classifier (PAC), a web application that allows users to train and test custom audio
classification models that can classify 1-2 second sound bites recorded by the user.
Alongside this in-browser machine learning tool, | provide a set of best practices
for spectrogram audio conversion in machine learning applications. | also contribute
a custom App Inventor extension that allows users to use the output of the web
interface to create App Inventor applications that rely on their trained custom audio
classification model. Finally, | provide a high school workshop curriculum based on
PAC and the App Inventor extension and detail the results of running workshops with
three high school classes at the Boston Latin Academy. My results show that high
school students with no prior machine learning knowledge are able to grasp important
technical concepts related to machine learning and its applications, as well as build
and explore custom machine learning models in the browser through the exploration
of a hands-on curriculum based around PAC.

Thesis Supervisor: Harold Abelson
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Chapter 1

Introduction

From personal voice assistants to self-driving cars, machine learning applications have
permeated every aspect of our daily lives. Many of these advances are thanks to the
sub eld of machine learning known as deep learning, a eld primarily concerned with
building large neural networks to perform specialized tasks. Deep learning archi-
tectures such as deep neural networks, recurrent neural networks, and convolutional
neural networks have been widely applied to elds such as audio recognition, com-
puter vision, and natural language processing. In these architectures, each layer of
a network is responsible for learning a transformation from its input data to a more
abstract representation. In an image classi cation problem, this input data might
consist of a 3-dimensional matrix of pixels, and the rst layer might compose a com-
posite representation of edge pixels, while a later layer might encode features like a
nose or mouth. A key feature of deep neural networks is their ability to learn this
representation without the need for human input. Even so, architectural decisions,
including the number of layers or even the number of nodes in each layer, are vital
to the ultimate success of a deep learning model.

In recent years, the research eld of machine learning has developed a better
understanding of how to tailor deep neural networks to speci ¢ problems that hitherto
could not be tackled using standard algorithms. Yet as researchers have continued to
make signi cant advancements in deep learning during the past decade, it has become

clear that computational complexity, training time, and esoteric development tools
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could pose as a deterrent to the widespread development of deep learning applications.
As machine learning continues to permeate various aspects of our daily lives through
applications such as facial recognition and even autonomous vehicles, it is vital that
those without access to complex machine learning technology stacks can still gain
an understanding of the underlying technical concepts behind these tools so that
they feel comfortable utilizing them. In doing so, it is important to build powerful
machine learning tools and education curriculum targeting students and those without
signi cant machine learning experience. | present the following contributions in this

thesis:

1. The Personal Audio Classi er (PAC), a machine learning tool that allows users
to build, analyze, and export custom audio-classi cation models in their web

browser without the need for expensive technology stacks.

2. A framework for performing on-the-y spectrogram audio conversion that can
be used to translate audio classi cation to the image classi cation problem space

in the browser.

3. An MIT App Inventor extension that allows users to use audio-classi cation

models exported from PAC to build custom mobile applications.

4. A high school workshop curriculum that utilizes PAC and the App Inventor
extension to explore custom audio-classi ers and teach basic machine learning

concepts.

5. An analysis of results collected from running two workshops across three Boston

Latin Academy AP Computer Science classes.

The structure of this thesis is as follows: Chapter 1 continues to provide the mo-
tivation and background for the Personal Audio Classi er and introduces a number
of machine learning tools that are instrumental to its development. Chapter 2 dis-
cusses prior work related to the development of in-browser machine learning tools and
provides an understanding of the technical concepts that are important for perform-

ing audio classi cation using convolutional neural networks. Chapter 3 introduces
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the Personal Audio Classier and details the design choices, implementation, and
functionality behind the web interface. Chapter 4 introduces MIT App Inventor and
explains the implementation and use cases for the PAC extension. Chapter 5 delves
into the workshop curriculum and explains how PAC is used to teach machine learn-
ing concepts. Chapter 6 gives a high-level view and provides analysis of the results
collected during the Boston Latin Academy workshops. Chapter 7 concludes the the-
sis and re-summarizes my contributions. Chapter 8 discusses potential extensions of

my work and future development of related machine learning curriculum.

1.1 Applications of Transfer Learning to K-12 edu-

cation

In the past decade, colleges and higher education institutions around the world have
embraced machine learning and arti cial intelligence as an integral aspect of advanced
computer science curriculum. Academic and industry professionals have joined forces
to build out a complex set of programming tools that allow us to push the boundaries
of machine learning understanding while developing real-life applications of arti cial
intelligence that continue to permeate our every day lives. Frameworks like Tensor ow
[12], Pytorch [11], and Keras [13] have given researchers and engineers unprecedented
ability to build and tune complex neural networks. However, the development of these
complex technology stacks coupled with the increasing computational complexity and
training time for deep neural networks has made machine learning less accessible to
those below the college level. While some might argue this is a necessary side e ect of
advancement in a complex research eld and that machine learning curriculum should
be restricted to post K-12 education, studies such as [1] have shown that interacting
with machine learning tools at a younger age provides an important introduction to
the development of computational thinking skills. Thus, the motivation of this thesis
work is to contribute to making machine learning concepts accessible to K-12 students

through in-browser tools that do not require users to have experience with esoteric
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programming frameworks.

1.2 Transfer Learning

In order to make machine learning models more accessible to a broader audience, |
draw on the large body of work related to transfer learning, a concept born out of
the aforementioned de ciencies, and rst introduced by Yosinki's 2014 paper [4] on
transferable features in deep neural networks. Transfer learning is a machine learning
method where an existing deep learning model is used as the starting point to train
a new model specialized for a slightly di erent task. The ability to start with a pre-
trained model allows students to apply deep learning to solve novel problems without
the vast compute and time resources normally needed to train neural networks from
scratch. To take an example, we can look at one recent notable application from the
eld of deep learning: the development of robust deep convolutional neural networks
used for image classi cation and object recognition. In 2012, Hinton [3] rst showed
that a deep neural network with over 60 million parameters and 650,000 neurons
could be trained to classify ImageNet images with startling accuracy. However, de-
veloping this complex model required a uniquely e cient GPU implementation of the
convolution operation, tens of thousands of dollars in state-of-the-art GPU hardware,
and months of training and testing. While this development process is likely only ac-
cessible to researchers or institutions with deep pockets, the result is one that should
be available to developers of all levels and students of any age. Transfer learning has
allowed for just this, giving machine learning enthusiasts around the world the ability

to build their own models using complex models like Hinton's as a starting point.

1.3 Tensor ow.js and MIT App Inventor

By using transfer learning as a starting point, the possibilities for novices to experi-
ment and understand machine learning are endless. However, if we want to create ef-

fective machine learning engagement tools for students and machine learning novices,
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we have to think beyond the neural network. To remain engaged, students must in-
teract with machine learning in a way that precipitates curiosity while demonstrating
the power of deep learning models.

Suppose Oli, a high school student, has recently been introduced to machine
learning. Oli has only a surface-level understanding of machine learning and computer
science concepts, but has learned to identify instances of machine learning in his
everyday life: things like FacelD on his iPhone, or interacting with Siri and Alexa.
Recently, Oli has become especially fascinated by the power of personal assistants,
and has noticed that Siri and Google Assistant can be trained to only respond to his
own voice. Motivated by the ubiquity of privacy and technology in today's media
headlines, Oli wants to combine his interest in machine learning with an attempt to

build his own privacy-conscious application. He comes up with the following goals:

1. Learn how audio-classi cation works, and train his own custom audio-classi er

that can detect features like speaker, emotion, language, etc.

2. Leverage this audio-classi er to create a private voice diary on his own phone

that would only unlock at the sound of his voice.

To help Oli achieve this goal, we can build him a exible audio-classi cation tool
that uses transfer learning to retrain a model to classify unique types of audio. With
such a tool, Oli could easily train a model to identify di erent types of emotion,
or even the sound of his own voice. However, Oli does not come from a computer
science background and would likely be unable to use machine learning libraries like
PyTorch [11] or TensorFlow [12]. Furthermore, Oli has little experience developing
mobile applications and hopes to nd a way to achieve his goals without needing to
learn an entire mobile development stack.

Thus | introduce two important technologies, Tensor ow.js [14] and MIT App
Inventor [2], that this project utilizes to help students like Oli develop exposure to
machine learning concepts without requiring a deep computer science background.

Tensor ow.js is a Javascript machine learning library that has recently found success
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in the niche bridging machine learning implementation and educational tools. It al-
lows for deep learning models to be trained and run right in the browser, and when
combined with a well-designed web GUI, can hide the complexities of programming
syntax while still allowing users to interface with machine learning models. Similarly,
MIT App Inventor (Figure 1-1) is a free open-source web platform that allows users
to create mobile applications via a drag-and-drop interface, requiring little to no pro-
gramming experience while still o ering rich application functionality. App Inventor
also o ers the ability to add custom extensions to any app, allowing us to build an
audio classi cation extension that Oli could upload and use to help build his private

diary app.

1.4 Project Tools Overview

This section will provide a brief overview of the tools introduced in this thesis and
explain their relationship in the context of developing machine learning understand-
ing. The primary tool described in this thesis is the Personal Audio Classi er (PAC).
PAC is a web application application built in React that allows users to train custom
audio classi ers in their browsers. Oli could specify custom audio labels, correspond-
ing to his own voice as well as the voices of a few friends, and record a series of
audio clips that correspond to each voice (Figure 1-2). The PAC backend passes all
recorded audio through a series of mathematical operations to both selectively remove
sequences of quiet or anomalistic audio, and convert the raw audio WAV form into a
spectrogram that can be processed via modern image recognition techniques. Oli is
then prompted to specify the layers and parameters of a transfer model, pre-trained
on ImageNet, that is then re-trained to distinguish between the various voice labels
Oli speci ed. Finally, Oli is prompted to record test audio clips to see how successful
his trained model is at distinguishing between the various voices (Figure 1-3). At this
point Oli can download his trained model from PAC for use in the MIT App Inventor

PAC Extension.

The PAC Extension was created for use in MIT App Inventor and allows for Ol
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(@)

(b)

Figure 1-1: (a) The App Inventor designer interface allows users drag and drop com-
ponents to build an app's visual functionality. (b) The block interface allows users to
program blocks and de ne interactions between various components.
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Figure 1-2: The PAC training interface. Users specify custom labels and record
training examples for each label.

to import his custom audio classi cation model directly through the App Inventor
interface (Figure 1-4). After uploading his model, Oli can now create an application
in App Inventor that records audio clips to provide as inputs to his PAC model, and
executes speci ¢ actions upon successful classi cation of these recorded inputs. Oli
can use the PAC Extension to build his voice authentication app, only allowing entry

to his diary if the recorded voice matches his own (Figure 1-5).
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Figure 1-3: The PAC testing interface. Users record test audio clips and PAC classi es
each recording, showing classi cation con dence for each label.
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(@) (b)

Figure 1-4: (a) App Inventor o ers a variety of components and allows for users

to build and upload their own extensions (b) Each extension can receive a set of
custom properties, allowing users to upload their trained model to be used in their
application.
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(a) (b)

Figure 1-5: (a) Oli's voice authentication app allows him to record a 1 second voice
clip to authenticate a user. (b) Upon classifying a recording as Oli's voice, the app
allows entry to Oli's diary.
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Chapter 2

Prior Work

My work in this thesis draws upon prior work in the elds of transfer learning, image
classi cation, educational machine learning tools, and spectrogram audio classi ca-
tion. This section will rst introduce Teachable Machine [5], an educational machine
learning tool developed by Google that builds on important concepts including trans-
fer learning and in-browser image classi cation. Then, I'll introduce the Personal
Image Classi er (PIC) developed by Danny Tang in the MIT App Inventor lab [2]
from which this project takes signi cant inspiration. Lastly, | will introduce tools
speci ¢ to spectrogram audio classi cation that are important to understanding the
theory behind the conversion of an audio classi cation problem to an image classi -

cation problem.

2.1 Teachable Machine

Teachable Machine [5] is a tool created by Google that utilizes TensorFlow.js [14]
to increase machine learning accessibility for students. As described in the prior
chapter, existing machine learning research is primarily focused on development in
frameworks like Pytorch and TensorFlow. Unfortunately, these technologies require
signi cant knowledge and computing resources. Using Teachable Machine, users can
build custom image classi ers with nothing more than a Chrome browser and a web-

cam. In order to provide this functionality, Teachable Machine uses Tensor ow.js to
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Figure 2-1: The Teachable Machine training interface. Users specify labels and record
or upload images for each class.

implement a transfer learning model that allows users to specify custom image labels
and corresponding images as inputs. It then trains the model and classi es inputs as

one of the provided image labels. The user experience is as follows:

1. Training: Users rst specify classi cation labels and either upload images or
record images with their webcam, as seen in (Figure 2-1). After populating
each label with image examples, Teachable Machine prompts users to train

their custom transfer model.

2. Testing: After training the custom model, Teachable Machine provides an in-
terface for webcam or le inputs and classi es the input clips between the user-

provided labels (Figure 2-2).

3. Export: After testing the Teachable Machine model, users are prompted to
export their models for use in Tensor ow or Tensor ow.js. This allows for

applications to be built using these custom machine learning models.

Much of the PAC approach described in this thesis takes after key components of

Teachable Machine. PAC utilizes a transfer learning model to build machine learning
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Figure 2-2: The Teachable Machine testing interface. The trained model shows web-
cam classi cation results live in the web browser.

functionality into a web application. Similarly, the ability to test and export a custom

machine learning model allows for students to build a wide variety of applications.

2.2 Personal Image Classi er

The Personal Image Classi er (PIC) is a educational machine learning tool built
by Danny Tang in the MIT App Inventor lab. The Personal Image Classier is
an important addition to the eld of educational machine learning curriculum as it
bridges the gap between Teachable Machine and MIT App Inventor while allowing

users more machine learning customization. The user experience is as follows:

1. Training: Just like in Teachable Machine, users specify classi cation labels and
upload or record images for each label, as seen in (Figure 2-3). After populating
each label with image examples, PIC prompts users to train a custom transfer
model, allowing them to specify hyperparameters and customize model layers

(Figure 2-4).

2. Testing: After training the custom model, PIC provides an interface for webcam

inputs and classi es the test images, showing the user classi cation con dences
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Figure 2-3: The PIC training interface. Users specify custom labels and record cor-
responding examples.

and test error metrics (Figure 2-5).

3. Export: After testing a custom PIC model, users can export their models for
use in the MIT App Inventor PIC Extension. This allows for App Inventor
applications to provide inputs to a pre-trained PIC model, and perform actions

based on the model's output classi cations.

In following this structure, PAC was built to provide users with a similar user
experience for building custom audio classi ers, with an improved user interface and
important input processing features prompted by the inherently inconsistent nature

of audio recordings.

2.3 Spectrogram Audio Classi cation

In recent years, image classi cation has become one of the most prevalent applications

of deep learning across industry and academia. The reasons for this include the prac-
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Figure 2-4: The PIC model interface. Users customize a variety of model hyperpa-
rameters, including layer details, training epochs, and training data fraction.
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Figure 2-5: The PIC testing interface. Users can add images for each class, test their
trained model, and view label correctness in the same interface.

tical applications of image classi cation algorithms in our every day life, from facial
recognition to self driving cars, as well as the development of a clear representational
understanding of images. Images are two-dimensional, with a possible third dimension
for RGBA channels. Understanding how adjacent pixels relate to each other forms
the basis for understanding an image. This insight has spurred the development of
machine learning tools like Iters and convolutional neural networks that provide re-
searchers with the tools to build powerful image classi cation models. At rst glance,

it might seem that the audio format would provide audio classi cation models with
similar advantages: there is a clear relationship between adjacent portions of an audio
clip, and understanding these relationships can provide a broader understanding of
the audio content. Unfortunately, the di culties surrounding the audio format pri-
marily lie in representation. The information that humans extract from audio clips

is complex in that it spans a variety of audio characteristics, including amplitude,

frequency, and time. This complexity is exacerbated by the fact that there is no ob-
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vious "winner" in terms of a representational format that can encompass all of these
characteristics. In recent years, researchers have found that image representations of
audio can incorporate many of these important characteristics, while allowing them
to apply existing image classi cation tools to a novel classi cation problem. In the
remainder of this section | will delve into the shortcomings of various audio represen-
tations and motivate the use of spectrogram images as an optimal representation of

audio for the purposes of audio classi cation.

Take for example a typical WAV audio recording. Any such audio le has an
associated sample rate, conveying the number of audio sample taken per second. In
Figure 2-6 [7], we see a 3 second audio clip with a sample ratetgf100Hz, implying
44;100 3 = 132,300 consecutive changes in air pressure. This commonly utilized
audio visualization, plotted using Python, depicts amplitude against time. Although
this representation gives us important information about how loud or quiet an audio
clip is, it tells us nothing about the actual audio content, thereby giving us very little
representational value in the context of deep learning. In order to extract information
about the audio content, we can compute the Fast Fourier Transform (FFT) of our
audio clip, providing us with a visualization of the frequencies present in our audio.
The FFT operation takes in a frequency bin size as input and produces a graph
depicting how often each frequency occurs in the audio clip (Figure 2-7) [7]. While this
new representation now includes information about audio frequencies, it introduces
a new problem: the FFT operation deliberately converts an input from the time
dimension to the frequency dimension, but the audio classi cation problem requires
that our representation encapsulate some understanding of time; just as the human ear
would not equate an audio clip played forwards with the same clip played backwards,
our representation must inherently capture when the frequencies occur in our audio
clip. To solve this, we can add a time dimension to our representation by repeatedly
computing our FFT over short overlapping sample windows, and sliding this sample
window across the audio le. This allows us to visualize how the frequencies in our
audio le change over time. As a nal addition to our audio visualization, seen in

Figure 2-8 [7], we represent the amplitude of a particular frequency at a particular time
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Figure 2-6: A standard audio visualization plotting amplitude against time for a three
second saxophone clip.

Figure 2-7: The frequency distribution from a Fast Fourier Transform for a three
second saxophone clip.

using a third dimension, color, with darker colors corresponding to low amplitudes
and lighter colors corresponding to progressively stronger amplitudes.

Our resulting audio representation, also known as a spectrogram, provides us
with a comprehensive visualization that encapsulates frequency, time, and amplitude.
Khamparia [8] and Boddapati [9] have showed that existing image classi cation tech-
niques can achieve impressive results on spectrogram audio classi cation tasks with
very few changes to typical convolutional model architectures. These results provide
the basis for building an in-browser audio classi er using spectrograms as the audio

representation.
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Figure 2-8: The nal spectrogram output depicting frequency, amplitude, and time
over a three second saxophone clip.
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Chapter 3

The Personal Audio Classi er

While many existing in-browser tools have targeted the widely popular domain of
image classi cation, less work has been done to make the eld of audio classi cation
more accessible to students and machine learning novices. PAC was built to o er
a simple and accessible tool to empower those without signi cant machine learn-
ing knowledge to understand and utilize audio classi cation in their own research,
projects, or applications. In this section | will delve into the design methodology,

functionality, and Ul behind PAC, detailing each user interaction step and delving

into a variety of challenges | faced in building this system.

3.1 Technology Stack

The PAC front-end is built primarily in React, with custom components written in
JavaScript. The front-end server is hosted via Express and Node. The spectrogram
back-end is written in Python, and the back-end server is hosted via Gunicorn and

Flask. Both servers are hosted on a Linux virtual machine owned by MIT CSAIL.

3.2 Design Tenants

In designing a exible and intuitive interface for PAC, it was important to follow a

number of important design tenants, inspired by interfaces like Teachable Machine
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and PIC. These include:

1. The interface should require no coding experience or prior machine learning

knowledge.

2. The application should be modularized, with various steps of the machine learn-

ing process abstracted into di erent steps of the interface.

3. The application should still allow for signi cant customizability (from classi -
cation labels, to model hyperparameters), in order to cater to a variety of use

cases.

4. The interface should have an easy learning curve, and be intuitive enough to

allow users to start building their classi er immediately.

5. The application should be visually appealing and grab the attention of students

and teachers.

3.3 Front-end Functionality

The front-end is broken up into four important pieces of functionality: training,
model customization, testing, results. Each section provides users with a means of
interacting with the machine learning development process without requiring any
prior machine learning knowledge. In this section | will describe PAC's front-end

functionality and user interface.

3.3.1 Training

On the initial landing page for PAC, users have the opportunity to begin building a
custom audio classi er. The Ul rst shows the recording component in the left column
where users will be able to record audio clips (Figure 3-1). All recording features are
disabled until the user adds classi cation labels by clicking the animated "+" symbol.

Upon clicking the "+" symbol, a popup prompts users to provide a name for the new
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label and creates an empty label in the right column of the Ul (Figure 3-1). In
terms of implementation, each label corresponds to an instance of a "Label" React
component, with its user-speci ed name, and an initially empty dataset of training
images. Each label has a number of functions that allow for spectrograms to be added
to and removed from the dataset.

After adding at least one label, the recording component becomes enabled, allow-
ing users to record audio clips for a label via a drop-down in the recording component
(Figure 3-2). After clicking the record button, a waveform displays above the button,
showing the device's input audio stream (Figure 3-2). After the recording button is

pressed, the following steps occur:

1. A custom React library opens the device microphone for one second, recording

the device's input audio as a WAV le.

2. The audio le is passed to the PAC back-end via an API call, where the le is

converted to a spectrogram image.

3. The spectrogram PNG is returned to the front-end and stored in memory in

the label's training dataset via a temporary data url.

4. A preview of the audio spectrogram appears in the label's Ul component and

the indicator for the number of training samples is updated.

After recording at least two audio clips for each classi cation label, a "Train"
button becomes enabled above the label view (Figure 3-2). Clicking this button

displays the model customization Ul, as detailed in the following section.

3.3.2 Model Customization

After clicking the "Train" button, a popup appears to users, allowing them to modify
the hyper-parameters of a custom transfer model that will train to distinguish between
the user-speci ed audio classes (FIG). PAC allows users to tweak their model in the

following ways:
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(@)

(b)

Figure 3-1: (a) The initial PAC web interface provides a recording interface and a
button to add custom classi cation labels. (b) Upon entering a label name, a label
is added to the right column of the PAC Ul. Each label is associated with an initial

empty dataset of training images.
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