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Figure 1: ProtoSound is a technique to customize a sound recognition model using very few recordings, enabling the model to
scale across contextual variations of sound (e.g., water flowing on a stainless steel vs. a porcelain sink) and support new user-
specific sound classes (e.g., a piano). Images show some example sound categories that were trained and recognized during our
field evaluation using an experimental mobile app built off ProtoSound. See our supplementary video for details.

ABSTRACT

Recent advances have enabled automatic sound recognition sys-
tems for deaf and hard of hearing (DHH) users on mobile devices.
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However, these tools use pre-trained, generic sound recognition
models, which do not meet the diverse needs of DHH users. We
introduceProtoSoundan interactive system for customizing sound
recognition models by recording a few examples, thereby enabling
personalized and ne-grained categories. ProtoSound is motivated
by prior work examining sound awareness needs of DHH people
and by a survey we conducted with 472 DHH participants. To eval-
uate ProtoSound, we characterized performance on two real-world
sound datasets, showing signi cant improvement over state-of-the-
art (e.g., 9.7% accuracy on the rst dataset). We then deployed
ProtoSound's end-user training and real-time recognition through
a mobile application and recruited 19 hearing participants who
listened to the real-world sounds and rated the accuracy across
56 locations €.g.,homes, restaurants, parks). Results show that
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training for di cult-to-produce sounds (e.g., re alarms, sirens)
and (2) handling contextual soundscape variatioag(homesvs.
outdoors). In contrast, traditional few-shot approaches require the
full training set to be available beforehand$ 6Q and do not
generalize well across contexts [8].

To guide ProtoSound's evaluation, we conducted a large-scale
survey with 472 DHH participants, which uncovered key personal-
ization preferences such as the minimum number of custom sounds
to support and the maximum desired recording e ort. We then used
these insights to design three experiments: quantitative evaluations
on two real-world datasets and a eld study. On a dataset of sounds
recorded by hearing people in multiple contexts, ProtoSound out-
performed the best baseline model by a 9.7% accuracy margin (88.9%
vS. 79.2%). The average accuracy (88.9%) was close to the ground

ProtoSound personalized the model on-device in real-time and ac- truth obtained by manual human labeling (91.3%). On an additional
curately learned sounds across diverse acoustic contexts. We closedataset of sounds recorded by DHH people in and around their
by discussing open challenges in personalizable sound recognition, homes, ProtoSound's average accuracy was 90.4%. In comparison,

including the need for better recording interfaces and algorithmic
improvements.
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the dataset's label accuracy rated by a hearing person was 94.5%.
While the above results are promising, they do not re ect an
actual system use. Thus, we deployed ProtoSound's end-user train-

ing and real-time recognition through a mobile application and
conducted a eld evaluation with 19 hearing participants to our
knowledge, the rst evaluation of few-shot sound recognition in
the eld. While our ultimate goal is a long-term study with DHH
users, demonstrating real-world e cacy and improving the system
is an important step before deployments with the target popula-
tion; hence, we recruited hearing users who could reliably listen to
the real-world sounds and evaluate ProtoSound's recognition accu-
racy. Results show that ProtoSound trained the model on-device
through low end-user e ort and accurately learned sounds in a
range of acoustic environment®(g. homes, restaurants, grocery

and Jon E. Froehlich. 2022. ProtoSound: A Personalized and Scalable Soun@tore' parksy and Streets)_ However, errors arose due to recording
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1 INTRODUCTION

Sound recognition can provide important information about the
environment, human activity, and situational cues to people who
are d/Deaf and hard of hearing (DHH%[14, 23. Recent advances
in machine learning and signal processing have enabled automatic
sound recognition a feature now available on both major mobile
platforms: Google Android4 and Apple iOS #3. However, prior
sound recognition systems for DHH usergq 26 33 use generic
models that are trained on large sound corpora and do not support
end-user personalization such as training on new sound categories
(e.g.a new custom home appliance) or a speci ¢ soursdg. my
child's voice or pet's dog bark) [5, 14].

In this paper, we preserProtoSoundan interactive system that
allows users to personalize a sound recognition engine by recording
custom sounds (Figure 1). Unlike traditional data-intensive machine

mistakes €.g.jincorrect labels, overlapping sounds), pointing to a
need to develop better user interfaces in the future.

In summary, our work contributes: (1) a real-time, personalized
sound recognition system for DHH users, (2) results from a suite
of evaluation experiments providing insight into the feasibility of
few-shot sound recognition in the eld, (3) ndings from a large-
scale survey identifying personalization preferences of 472 DHH
participants, and (4) two open-source artifacts: a Python-based im-
plementation of the ProtoSound pipeline deployable to any device,
and an Android-speci ¢ on-device implementation.

2 BACKGROUND AND RELATED WORK

We provide background on and contextualize our work within
sound awareness needs and systems for DHH users, acoustic signal
processing algorithms, and relevant machine learning approaches.

2.1 Sound Awareness Needs of DHH users

ProtoSound is informed by the diverse sound awareness needs of
the DHH community. A person belonging to the DHH community

learning approaches, users can customize a model using only a few may identify as Deaf (capital "D"), deaf (small *d"), or hard of hearing

sample recordingse(g., ve for each sound). While prior machine
learning work .g.[58 66) has performed algorithmic experiments
of few-shot sound recognition, we contribute the rst useable
system by integrating user-centric features such as: (1) on-the-y

[6, 73. Individuals who identify as Deaf follow an established set
of norms, behaviors, and language (called "Deaf cultuée'3p,
45). In contrast, deaf or hard of hearing individuals connect to
deafness audiologically and refrain from membership to a particular
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community [6, 45. These individuals do not have a distinct cultural
identify of their own and may choose to interact with either Deaf

or hearing people based on comfort. These cultural di erences may
in uence sound awareness preferences. For example, two large-
scale surveys with DHH participantsy] 14 found that hard of
hearing users may be more interested in some souredg.phone
ringing, speech) than d/Deaf users.

While accounting for diversity of preferences, prior work also
highlights several general sound awareness needs among DHH
people b, 14 24 40. For example, within the sound characteristics
such as volume or duration, sound identity is the most desired,
with all DHH sub-groups generally ranking urgent sounds.g.,
re alarm, siren) as most important, followed by sounds indicating
human activities €.g.doorbell, footsteps) and appliance alerésd.,
microwave beep, kettle boiling)[ 14). Additionally, the relevance
of sound information may vary with social contextg(g. family vs.
strangers) 14 25 and physical locations€.g.at homevs.while
mobile) [, 14, 24. This points to the need for the DHH users to be
able to personalize their sound awareness systems.

2.2 Sound Awareness Systems for DHH users

Commonly used technologies by DHH users include ashing door-
bells and vibratory wake-up alarms that provide visual and haptic
alternatives to speci ¢ auditory information. While useful for their
speci c applications, these devices do not o er a general alternative
to environmental sounds.

In pioneering work, Matthewset al.[4Q built a desktop-based
prototype that used sound visualizations.{. spectrograph, rings)
to convey basic sound informatiore(g. pitch, source location) in
an o ce setting. The same team later developed a Personal Digi-
tal Assistant (PDA) app for DHH users to request human-assisted
transcription of speech and non-speech sounds in the last 30 sec-
onds of audio 89. More recent work aimed to provide broader
sound recognition support with pre-trained deep-learning models
[25 26 59. For example, Sicongt al.[59 leveraged convolutional
neural networks (CNNSs) to build and evaluate a smartphone-based
app that sensed and classi ed nine environmental sourelg (door
knock, bell ringing). Jairet al.[25 conducted eld deployments of

in general, but less accurate in noisy environments, and wanted to
add custom sound(g. footsteps).

We build on the work above by examining a personalized sound
recognition system that can support custom sounds in a diversity
of contexts.

2.3 Acoustic Signal Processing Algorithms

Acoustic signal processing involves extracting meaningful informa-
tion from the time or frequency domain of an audio signal, [36].
Easy-to-compute information such as zero-crossing rate (ZCR),
short-time energy (STE), and spectral ux (SER[44, 49 52 per-
form reasonably well on clean sound les, but fail to account for real-
world acoustic variations3§. Thus, autoregression-based features
(e.g.Linear Prediction Coe cients (LPCs)3g) were developed

to capture variations in speech and music. For sound recognition
speci cally, cepstral features that model the human auditory system
such as Mel-frequency cepstral coe cients (MFCCs) or Harmonic
Cepstral Coe cient (HCC) [7, 11 are common. For example, in
Bragget al's work detailed abovej], MFCC features were fed to

a GMM-based classi er. Lat al.[35 trained a two-step classi er
and used ZCR and SF features to distinguish pre-de ned sound
events (music, speech, and ambient noise) and MFCCs to identify
new sounds.

The above stationary features, while providing a good represen-
tation of psychoacoustic propertiee .Joudness, pitch, timbre), do
not model the temporal variation in real-world sounds. Hence, non-
stationary methods based on waveletd), sparse-representations
[9], or power-spectrum B9 are often used in combination with
stationary features to encode temporal variation on a frequency
spectrum. Of these, deep-learning architectures have shown the
most promise by modeling the subtleties and non-linearities in
acoustic data, distinguishing a large variety of real-life sound events.
ProtoSound uses a lightweight CNN model commonly used for im-
age classi cation on mobile device§T), but ne-tuned on online
sound e ect libraries.

2.4 Relevant Machine Learning Training
Paradigms
Traditional supervised training paradigms are useful for speci ¢

a smarthome sound awareness system that recognizes 19 soundstasks such as gunshot detectiob or intruder alerts [3] but re-

(e.g.microwave beeps, water running) in the homes of DHH users.
Participants found the system useful for knowing about home ac-
tivities but expressed a desire to personalize the system to sounds
speci ¢ to their homes €.g. children and pets).

In terms of personalizable systems, Bragtal.[5] developed a
mobile app to recognize sounds that were recorded by DHH partic-
ipants in a user study. However, this preliminary Gaussian Mixture
Model (GMM)-based approach classi ed only two sounds in an
0 ce setting with limited accuracy, and is unlikely to represent
varied use cases, sound, and environmental noise in the daily life of
DHH users. Jairet al.[26] built a smartwatch-based sound recog-
nition app that allowed DHH end-users to lter noti cations for
undesired sounds. This sound lItering, however, was performed
on the interface after prediction from a generic model and did not
support adding or modifying sound classes through user-provided
recordings. In a user evaluation, participants found the app useful

quire a large amount of in-situ data to work in diverse contexts
[15. For more modest training set sizes, relevant machine learning
approaches include transfer learning3, a supervised training
method that uses limited training examples to ne-tune a model
previously trained on large datasets from a di erent domaia.g.,
image classi cation). Likewise, co-training approachd[64 use
a small number of examples and a large unlabeled set to create
a model with better classi cation performance. Our system uses
meta learning p5, a learning approach that allows models to recog-
nize previously unseen classes or adapt to new environments with
very few labelled training instances. This approach has recently
been explored in many domains, including computer visidib[53,
acoustic event detectiorbB, 66|, and natural language processing
[50, 72].

Most similar to our work isListenLearnef6g, which provides a
platform for learning new classes through one-shot user labelling.
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Figure 2: Our ProtoSound few-shot sound recognition pipeline. For the desired sound classes, users either record a few samples

of sounds on their own or select from our online library of di cult-to-produce sounds (

e.g.,for re alarms, sirens) (A). To

accommodate contextual shifts, these sound samples are then mixed with the ambient soundspace of a place, leading to the

support set (B). This support set is then fed into our pre-trained sound recognition model (C) to generate

class prototypes

which is the representation of each sound class in the feature space (D). During prediction, a query sound is then compared
with these stored class prototypes using a nearest neighbor distance metric ( i.e., N-N classi er) (E). When our con dence
threshold is passed (F), the nearest class is outputted as the prediction (G).

ListenLearner starts with a pre-de ned set of classes that it uses to
learn representations of new sounds by recording a large number of
samples and prompting the user for labelling.§., what sound was
that?). However, this semi-supervised approach requires longitudi-
nal deployments for recording many samples, while our approach
allows for quicker adaptation to new environments through fewer
training examples. Furthermore, by prompting users for feedback
at unspeci ed times, ListenLearner assumes that users have domain
knowledge {.e, they can listen to and identify a recently occur-
ring sound) an assumption that may not hold for DHH users. Our
intentional recording approach may enable users to leverage vi-
sual and contextual cues for recording.¢. by seeing that a faucet

is turned on). Finally, unlike ProtoSound, ListenLearner does not
support customizing existing classes.§.,my dogvs.a generic
dog). Acoustic distribution of sound classes may vary widely across
acoustic contexts37] and using existing class representations may
not generalize well.

3 THE PROTOSOUND SYSTEM

ProtoSound is an interactive system for personalizing a sound recog-
nition model in real-time using few custom recordings. ProtoSound
uses prototypical networksgQ, one of the most e cient algo-
rithms for few-shot classi cation and extends the traditional train-
ing pipeline to incorporate user-centric features for real-world
deployment such as a technique to accommodate varying con-
texts of use, and a library of di cult-to-produce sounds preferred
by DHH people. Throughout the design of ProtoSound, we worked
with individuals of the DHH community, including the lead author
who is DHH, and a co-author, who is an ASL interpreter.

3.1 System Design

ProtoSound's sound-sensing pipeline involves two phases: model
personalization and prediction. Model personalization includes per-
sonalizing the model from a set of user recordings (Figure 2B ).
During this phaselog-mel spectrograni2? of user recordings in a
context, or samples from our library of di cult-to-produce sounds
are fed into the model to extract feature embeddings (Figure 2C) We

use log-mel spectrogram input features since they have historically
shown better performance than other alternatives.§. MFCCs)
with CNN architectures 84). The extracted embeddings for each
class are averaged, resulting in class prototypes, which are repre-
sentations of each class in feature space (Figure 2D ). These class
prototypes are used for predicting a new sound using a nearest-
neighbor classi er that is, we output the class nearest to a query
sample by calculating the Euclidean distance in the feature space
(Figure 2E G). In addition, to aid real-world use, ProtoSound con-
tains several user-centric features: context generalization, a library
of di cult-to-produce sounds, and open-set classi cation.

3.1.1 Context Generalizatiddeally, the users should record
sounds for model personalization in each context. However, in real-
life, users may move across auditory contextsy.jnside homes

to outdoors), and may reuse a model trained in one context in
another for example, a model trained on sounds such as water
running in the home could also be used outdoors. Such context shift
often introduces novel acoustics conditions.g. background noise,
changing data distributions) and a model may not generalize well.
This is particularly an issue with meta-learning approaches which
tend to over t the model on context speci ¢ datef§. Cross-setting
generalization methods increase the robustness of classi cation al-
gorithms by adapting them to a target context [19].

ProtoSound uses a custom, data-driven cross-setting general-
ization technique 19: augmenting the samples procured from a
source domain that the model was previously trained and..a
home) with the ambient soundscape of the target domarg(an
outdoor location), using the following equation:

Target sample= 11  © source samplet+

ltarget soundscape source soundscafe

To determine , we performed iterative experiments on two bench-
mark sound datasetsESC-5(51] and UrbanSound8k56) and
selected an optimum value of 0.3. Although we chose a single
value to reduce the number of tunable parameters, it can be set to
change based on a particular auditory context shidtd. homes-to-
outdoors may have a di erent value than outdoors-to-restaurant).
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Note that while the soundscape may vary across samples recorded converted to a single format (16KHz, 16-bit, mono), and silences
from one context, our context generalization scheme only needs greater than one second were removed, resulting in 38.8 hours of

an estimate of the background noise to determine the bounds of a
feature space in a context. Beyond accommodating context shifts,
cross-setting generalization could also help mitigate other possible
acoustic variations, such as those caused by di erent recording
devices ¢.9.a model created on a laptop may be used on a phone).

3.1.2 Existing Library of Di icult-to-Produce SounésotoSound
requires sound recordings for personalization. However, in real-life,
there may be sounds that are highly desired by DHH users but do
not occur spontaneously for recording@.,re alarms, sirens). To
support training for these di cult-to-produce sounds, ProtoSound
contains samples of 10 sound categories preferred by DHH people
[5, 2€ (e.g.,re/smoke alarms, babies crying, sirens, bird chirps),
procured from a high-quality online libraryi-reeSound hese sound

sound data.

We segmented each clip into one second audio segments and
computed short-time Fourier Transforms using a 25ms sliding win-
dow and 10ms step size (frequency range from 20Hz to 8000Hz),
which yielded a 96-length spectrogram. We then converted our
linear spectrogram into a 64-bin log-scaled Mel spectrogram and
generated a 100 X 64 input frame for every one second of audio. To
these log-mel spectrograms, we applied Cepstral Mean and Vari-
ance Normalization (CMVN)d]] before inputting into the model.

For training, we used a cross entropy loss function with an Adam
optimizer [30].

3.2.2 Selection of the Prototypical Networks Algoritvaselected
prototypical networks as our base algorithm following our perfor-

samples were manually cleaned (removing noise, deleting silences) mance comparison experiment with ve state-of-the-art few-shot

by three hearing authors and are available in ProtoSound's reposi-
tory. During training, these sounds are augmented with the ambient
soundscape of the target domain.

3.1.3 Open Set Classificatidtost sound classi cation tools as-
sume a closed-set classi cation scenario, with a xed set of pre-
de ned classes to distinguishl]. In real-world, however, the un-
derlying data distributions of soundscapes are often unknown and
can change over time with new classes becoming relevan2f].

learning approaches: MAML1E, FOMAML [15, Reptile 4§, ANIL
[54 and Prototypical Networks §0. For our experiments, we used
three benchmark sound datasetsudioSe{1§, ESC-5051], and
UrbanSound8J56. Results re ect past work’$8 66 with prototyp-
ical networks performing the best{g. accuracy95.6%) followed
by ANIL (avg. accuracy 93.4%), Reptilayg. accuracy91.7%), Fo-
MAML (avg. accuracy90.8%), and MAMlayg. accuracy90.6%).
Prototypical Networks also had the lowest training time.

To accommodate this issue, researchers have introduced open-set3.2.3 Open-Source Reledsm. researchers and practitioners to

classi cation approachese(g.[42), where an algorithm can also
classify a given sound as unknown . ProtoSound uses the following
open-set classi cation algorithm adapted from Junieral.[27]:

Letd; andd; be the respective Euclidean distance of a query
sample from the nearest and the second nearest class prototype in
feature space. Then, we calculate the ratio:

If Ris less than or equal to a speci ed thresholdthe query sample

is classi ed as the same label as the nearest class. Otherwise, it is

ignored. Following our internal experiments, we used azalue of
0.6.

In addition to the above algorithm, ProtoSound uses an end-
user tunable loudness threshold (default value: 45dB, equivalent to
an AC hum). During prediction, any query with average loudness
below this value is ignored.

3.2 System Implementation

3.2.1 Model Architecture and Pre-trainikide implemented Proto-
Sound using a MobileNetV2 architecturg4 a state-of-art CNN

for mobile devices, measuring about 8MB. Past few-shot learning
work (e.g., p9) did not nd improvements from using bigger net-
works like ResNetsg( due to the risk of over tting on sparse
data b5 59. We pre-trained the model using a train set compiled
from six online sound e ect libraries -Freesounfil7], BBC[75,
Network Sound76, UPC[77, TUT [4]] and TAU [2] each of
which provide a collection of high-quality, pre-labeled sounds. We
selected sound categories for which we found more than 1000 clips,
which included a total of 35 common sounds from di erent contexts

(e.g.homes, urban, outdoors, see Table 1). Clips were downloaded,

build on our work, a PyTorch-based implementation of Proto-
Sound with our pre-trained MobileNetV2 model is available at
https://github.com/makeabilitylab/ProtoSound. The code can sup-
port any number of classes and can run on any device with a Python
interpreter. The sound samples can be supplied from live micro-
phone or le input. For live prediction, our code samples the mi-
crophone at 16KHz and segments the input into 1-second bu ers,
which serve as query samples.

4 SURVEY: PERSONALIZED SOUND
RECOGNITION (472 DHH PEOPLE)

While past studies have shown that personalized sound recognition
is generally desired among DHH peopl8, 25 26, the specic
customization preferences are as yet unknowand. how many
custom sound classes are desired in a context, maximum recording
e ort users are willing to put). We conducted an online survey with
DHH participants to better understand these preferences and to
shape ProtoSound's evaluatioe.g.the number of classes to use

in our experiments).

4.1 Participants

We used Google surveyg§, which targets users of the Google
Opinion Rewards Android app7/9. Due to our institutional policy,

we could not ask about identityg(g. deaf vs. Deaf) or hearing loss
levels. Instead, we relied on a DHH assistive technology screener,
and targeted respondents who indicated use of TDD, TTY, or closed
captions (58% of the selected 472 patrticipants), Hearing aid (19%),
Real-time captionsd€.g.CART) (29%), Android Live Transcribe &
Sound Noti cations (18%), and/or Other hearing assistive devices
(9%) in a survey question. 511 respondents satis ed this criterion,
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but we excluded 39 who misunderstood our surveyd. confused
sound events with calendar noti cations) or provided invalid re-

sponses. The remaining 472 participants were adults (18 and older)
across US states and territories with 55% men, 43% women, and 2%

of unknown gender. All participants used Android smartphones
and were compensated up to $1 USD.

4.2 Survey Design

The 10-question survey took about 3 minutes to completeg=2

min 47 s,SB=3 min 52 s) and asked about the use of the current
Android sound recognition feature?), its usefulness, interest in
recording sounds for a future personalized system, and the number

Dhruv Jain et al.

5 EXPERIMENT 1: ON REAL-WORLD SOUNDS
COLLECTED BY HEARING RESEARCHERS

Our rst experiment evaluated ProtoSound on sounds recorded by
ﬁearing researchers in real-world settings.

5.1 Experimental Setup

Test Dataset: Since commonly used “synthetic' sound classi ca-
tion benchmarks €.9.,ESC-50%1], UrbanSound8k$€6) do not
mimic the real-world conditions€.g.packground noise, overlap-
ping sounds), we created a “naturalistic' test set by compiling
datasets of real-life sound recordings from two prior HCI works
[25 2§. It contains samples for 22 common sounds preferred by

of sounds a personalized system should support. For the complete DHH people B, 24 and ambient soundscapes recorded by hearing

survey questionnaire, see Appendix Al.

4.3 Results

About 34% (162) of the 472 participants used Android sound recogni-

tion multiple times a week (22% used it daily). Of these weekly/daily

users, 89% rated it useful (40%: extremely useful). Among the re-

maining 310 participants, the majority (71%) rated its usefulness as
neutral and 24% indicated they were not aware of the feature.
Participants were also able to select from a list of options for
what prevented them from using sound recognition more frequently.
Among the weekly/daily users, 81% were concerned about system
accuracy (47%: too many noti cations, 17%: incorrectly recognized

sounds, 22%: missed sounds, 18%: false alerts) and 33% felt that the

recognition was too generic (21%night not recognize some sounds |
care about 15%:can't select the sounds | wajtpointing to a need
for personalization. Indeed, 73% of the weekly/daily users indicated
that they would be interested in recording sounds to personalize
the system.

When asked to select the minimal number of sounds a sound
recognition technology needs to support in each contegtq(,

kitchen, bedroom, restaurant) to be useful, a majority (74%) se-

researchers in a total of 21 locations (e.g., homes, university labs,
lounges, parks, and urban streets) Thirteen sound classes also exist
in the dataset used to pre-train the model; nine are new (Table 1).
These recordings were converted to the same format as the train
set (16KHz, mono), resulting in 4.5 hours of data.

Tasks: In a meta-learning paradigm, a model successflgigrns
to learn[19 on a set of few-shot tasks sampled from a labelled
dataset. Each meta-learning taskq includes a support set, con-
taining a few examples for model training, and a query set, consist-
ing of examples for accuracy evaluation. In algorithmic terms, a
meta-learning task is de ned as:

Given a support set of N classes (called N-way) and K-
samples for each class (called K-shot, where K is small,
usually < 10), the aim is to classify samples on a query
set along the N classes.

For our experiments, we used the 5-way, 5-shot setting for two
reasons. First, it aligns with past evaluations of generic-model sys-
tems [, 25 26 where DHH users found 3-5 medium-to-high pri-
ority sounds per context to be su cient. Second, a low number
of classes and samples per class will reduce the user's recording
time in our survey, 74% participants desired six or fewer classes

lected 6 sounds or less (35%: 1-3, 39%: 4-6), indicating that a few,,4 7194 wanted to spend less than 25 minutes recording.

medium-to-high priority sounds are desired in a location.

In two open-ended questions, participants speci ed how much
e ort (number of sounds and time) they were willing to spend
on recording their personal sounds in each conteatd. kitchen,
bedroom). 71% were not willing to record more than 15 sounds and
wanted to spend less than 25 minutes for each context.

4.4 Discussion

Our ndings suggest that nearly a third of our DHH participants
use sound recognition multiple times a week and most of those
users nd it useful (89%). Our results also suggest that ProtoSound

Baseline Algorithms: Beyond evaluating our ProtoSound
pipeline, we also compared its performance with two baseline ap-
proaches: the traditional prototypical networks pipelin6@, which
is the current state-of-the-art in few-shot classi catiorbB 66 and
a fully supervised method used in commercial syster2g g3 74.

For the supervised method, we pre-trained the model with our
train set (Table 1 ). After pre-training, we replaced the last layer
by a randomly initialized linear layer with output dimension of 5
(number of ways) and ne-tuned on the test tasks described in our
experiments below.

could increase usage and value with personalized models, and help -2 Speci ¢ Experiments and Results

users become aware of sounds that are speci ¢ to them or their
environment. The majority (74%) of our participants indicated that
6 sounds or less could su ce in each context and expressed a desire
to not spend signi cant recording time or e ort. These ndings
suggest that a few medium-to-high priority sounds could cover the
needs of a majority of DHH users, and that a low-e ort, few-shot
experience is important.

5.2.1 Overall Accuracio calculate the overall accuracy, we ran-
domly sampled 100 tasks from our real-life test set, each of batch
size 100 containing 25 support samples (5 shétway) and 75 query
samples (15 samples per way). After passing data through the model,
we performed a clip-level prediction by aggregating the probabili-
ties for each second of data and outputting the most likely predic-
tion. On average, ProtoSound achieved 88.9% accu&igy5(6%),
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Table 1: Sound classes in our train (online libraries) and test (real-life recordings) sets. Bolded classes appear in both sets.

Train dataset Test dataset

Fire/smoke alarm, Alarm clock, Door knock, Typing, Door open/close, Fire/smoke alarm , Alarm clock , Door knock ,
Vacuum cleaner, Toothbrush, Toilet ush, Water running, Hair dryer, WoodDoorbell,Door open/close, Microwave, Cutlery,
creak, Sawing, Hammering, Drilling, Dog bark, Cat meow, Cricket, Bird chirpishwasherWater running , Kettle Whistle, Phone
Engine idling, Vehicle running, Car horn, Footsteps, Breathing, Cough, Snaiaging, Washer/dryerpPog bark, Cat meow, Bird
Speech, Laugh, Clap, Wind, Train, Helicopter, Aircraft, Gunshot, Glass  Chirp , Baby cryingVehicle running , Car horn, Siren,
breaking, Fireworks Cough, Snore, Speech

Figure 3: (a) Context-speci ¢ accuracies of ProtoSound and two state-of-the-art baseline approaches: prototypical networks
and simple supervised ne-tuning. Error bars represent 95% con dence intervals. (b) Snapshot of a web-app we built to collect
human labels on our real-life test set.

which was signi cantly higher than the baselines: traditional pro-  chosen for a speci ¢ testd.g, doorbells perform poorly with phone
totypical networks achieved 79.2% (9.7% less than ProtoSound, pairtings), hence aggregating class performance across multiple tests
wise t-test was signi cant:tgg=8.8,p<.001) and supervised ne- is counterintuitive.

tuning achieved 70.6% (18.3% l¢s45.7,p<.001). Improvement
over supervised ne-tuning approach is expected since, unlike them,
few-shot recognition approaches tend to work well with limited
data [5§. Regarding the traditional prototypical networks the
state-of-the-art in few-shot recognition ProtoSound performed
better since it can better handle the soundscape variatiang.(
background noise) in each context, owning to our context gen-
eralization scheme. This is better demonstrated in the following
context-speci ¢ accuracy experiment.

5.2.3 Comparison to Manual Labdls.obtain ground truth per-
formance, we recruited people to label our test set. Humans o er
an excellent gold standard as they can utilize contextual knowledge
from a lifetime of real-world experiences. Similar tbicoustic§33,
we created a web-app (Figure 3 b) that mimicked our ProtoSound
model personalization and testing task. The app randomly sampled
5 sounds and 20 samples for each sound from our test set (total 100
samples) which were divided into support (25 samples) and query
set (75 samples).
5.2.2 Context-Specific Accura®yr test set contains samples We then recruited six hearing participants from our research
from three contexts: homes (kitchen, bedroom, and living room), of- group. Each participant listened to the support samples for learn-
ces (university labs and lounge), and outdoors (parking lots, parks, ing and categorized the samples from the query set among the 5
and streets). As sound quality may vary across context, we also cal- classes (Figure 3 b). Similar to our open-set classi cation approach,
culated the context-speci ¢ accuracies of ProtoSound and the two participants could also select an unsure option if they thought a
baselines. As expected, for all three approaches, the accuracy wassample did not belong to any of the listed classes. Each participant
higher in quiet environments of homes and o ces compared to out- analyzed three batches, resulting in 6 participant8 batches 75
doors (Figure 3 a). However, the accuracy di erence between quiet = 1350 evaluations.
and noisy environments (homes vs. outdoors) was much lower for Average accuracy of participants' labels was 91.3¥-¢@.8%).
ProtoSound (3.6%) than the baselines (13.8% and 16.0% respectivelParticipants revealed two factors that made it challenging to cor-
suggesting that ProtoSound can better generalize across contexts.rectly classify some samples: (1) noigeg silence, or too much
Figure 4 shows the low-dimensional projections of embeddings background noise) and (2) interclass similarities that is, sounds
obtained from the three approaches in an outdoor context. that were very similar €.g.doorbells and phone rings). In compari-
Note that we did not calculate per-class accuracies due to the son, our model achieved 92.9% average accuracy for the same setup
limitation of the few-shot evaluation each individual test includes (SB=4.3%), which is close to human performance; a paired t-test
a random combination of ve classes from our dataset. The accu- was not signi cant t17=0.8,p=0.4). On further investigation, we
racy of each class depends heavily on which other four classes are found that, like humans, the errors were most prominent for similar
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