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Oswiadczenie

Ja, nizej podpisany Mariusz Kle¢, autor rozprawy doktorskiej pt. "Efektywna reprezentacja danych w
systemach przetwarzania sygnaléw dzwiekowych”, oswiadczam, iz wyzej wskazang rozprawe napisatem
samodzielnie i zaden jej fragment lub calosé nie byl pisany przez osobe trzecia. Jednocze$nie o§wiadczam,

iz:
e praca nie byla wcze$niej podstawa nadania stopnia doktora innej osoby.
e zalaczona wersja elektroniczna jest tozsama z wydrukiem rozprawy.

e wszystkie elementy pracy, ktore zostaly wykorzystane do jej realizacji, a nie bedace mojego autor-
stwa, zostaly odpowiednio oznaczone oraz zostalo podane zrédto ich pochodzenia.

e przedstawiona przeze mnie wyzej wskazana praca nie narusza przepisow ustawy z dnia 4 lutego
1994 r. o prawach autorskich i prawach pokrewnych (tj. z dnia 17 maja 2006 r. Dz.U. Nr 90, poz.
631 z pozn. zm.).

Mam $§wiadomosé, ze zlozenie nieprawdziwego oswiadczenia skutkowaé bedzie niedopuszczeniem do
dalszych czynnosci postepowania w sprawie nadania stopnia doktora lub cofnieciem decyzji o nadaniu mi

stopnia doktora oraz wszczeciem postepowania dyscyplinarnego.
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Streszczenie

Skutecznosé systemow przetwarzajacych sygnal dzwiekowy zalezy m.in. od doboru architektury sieci neu-
ronowej, zestawu danych trenujacych oraz ich poczatkowej reprezentacji. Wytrenowane sieci neuronowe o
odpowiednich architekturach (np. sieci splotowe lub autoenkodery) moga stanowi¢ dodatkowe detektory
cech, uzupelniajac poczatkowa reprezentacje danych i poprawiajac w ten sposob ich zdolnosci dyskrymi-
nacyjne, jak réwniez zdolnosci predykcyjne systeméw wykorzystujacych bezposrednio dane dzwiekowe w
postaci czasowej (ang. end-to-end learning). Poprawa skutecznosci tych systemow wynika rowniez m.in. z
uzupelniania poczatkowych danych trenujacych o dodatkowe dane kontekstowe, czesto odmiennej modal-
nosci. Dlatego tez, odpowiednie modelowanie danych oraz ich reprezentacja sg kluczowe w calym procesie
przetwarzania sygnalu dzwickowego. Niniejsza rozprawa oparta jest na cyklu publikacji dotyczacych me-
tod usprawniania skutecznosci systeméw przetwarzajacych sygnal dzwiekowy, wykorzystujacych wyzej
wymienione podejscia.

W niniejszej pracy formulujemy teze, iz wlaczenie zdarzenn dzwieckowych do korpuséw mowy, wyge-
nerowanych razem z poglosem i dzwiekami tta, poprawia odpornosé modeli przetwarzajacych mowe na
wystepowanie tych zakloceni. Udowadniamy réwniez, ze wykorzystanie réoznej dtugosci ramek czasowych
rozproszonej transformaty falkowej oraz splotowych sieci neuronowych przyczynia sie do poprawy rozpo-
znawania wczesnych objawow chorob serca. Wreszcie, weryfikujemy teze, ze wykorzystanie modelu stano-
wiacego rozszerzenie standardowego modelu tzw. Wielkiej Piatki do reprezentacji osobowosci uzytkownika
przyczynia sie do redukcji btedu popelnionego przez systemy rekomendacji muzycznej, w poréwnaniu z
modelem standardowym.

Czesto w nagraniach dzwiekowych zawierajacych mowe wystepuja nieprzewidziane, czesto impulsowe
zdarzenia dZzwiekowe, ktore nie tylko zaburzaja zrozumialo$é, ale moga réwniez spowodowaé wykluczenie
nagrania z korpusu z powodu niskiej jakosci. W pracy pt. "Developing a Corpus for Polish Speech Enhan-
cement by Reducing Noise, Reverberation, and Disruptions” poruszona zostala istotnos¢ problemu braku
odpowiednio zdywersyfikowanego oraz odzwierciedlajacego rzeczywiste warunki akustyczne zbioru trenu-
jacego do celéw trenowania systemoéw stuzacych poprawie zrozumialodci mowy oraz separacji moéwcow.
W pracy tej proponujemy rozwiazanie generujace dowolna liczbe kréotkich nagran dzwiekowych, zawie-
rajacych nagrania mowy polskiej na tle dzwiekdéw otoczenia, z poglosem oraz wspomnianymi nieprzewi-
dzianymi zdarzeniami dzwiekowymi. Nasze eksperymenty z wykorzystaniem tych danych oraz treningiem
glebokich sieci neuronowych potwierdzaja ich uzyteczno$é oraz potwierdzaja stawiana teze dotyczaca
poprawy odpornosci modeli na wystepowanie tego typu dodatkowych zdarzen dzwickowych.

W pracy pt. "Music Recommendation Systems: a Survey” oméwione zostaly postepy w systemach
rekomendacji muzycznej, w tym systemy uwzgledniajace glebokie sieci neuronowe. Praca ta przedstawia
roéwniez wyzwania zwigzane z personalizacja systemow rekomendacji muzycznej oraz zarysowuje przyszte

kierunki badan w tej dziedzinie. W innym artykule cyklu prac, pt. "Beyond the Big Five Personality Traits
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for Music Recommendation Systems” zaproponowalismy wzbogacenie danych wejsciowych dla systemow
rekomendacji muzycznej o dodatkowe czynniki osobowosciowe shuchaczy. Sa one reprezentowane za po-
mocg rozszerzonego modelu tzw. Wielkiej Pigtki (ang. Big Five), ktory oprocz pieciu podstawowych cech
osobowosciowych, mierzy trzy dodatkowe aspekty kazdej z nich, prowadzac do uzyskania bardziej kom-
pleksowej i szczegblowej reprezentacji. Za pomoca specjalnie stworzonej do tego celu aplikacji, zebrane
zostaly profile osobowosciowe 279 uczestnikow. Dane te zostaly wykorzystane w algorytmie hybrydowej
rekomendacji muzycznej. Wyniki eksperymentéow wykazaty istotnosé zastosowania rozszerzonego modelu
Wielkiej Piatki, przyczyniajac sie do redukcji bledu rekomendacji popelianego przez system.

Istotnym aspektem skutecznej rekomendacji jest rowniez skuteczna klasyfikacja utworéw ze wzgledu na
ich gatunek lub nastréj. Skutecznosé¢ rozproszonej transformaty falkowej (ang. Scattering Wavelet Trans-
form, SWT) w reprezentowaniu danych muzycznych do celow klasyfikacji zostala potwierdzona w pracy
pt. "Pre-trained Deep Neural Network Using Sparse Autoencoders and Scattering Wavelet Transform for
Musical Genre Recognition”. W pracy tej zastosowano architekture autoenkoderéw celem wstepnego wy-
trenowania ostatecznej sieci neuronowej do klasyfikacji gatunku muzycznego. Eksperymenty podkreslaja
wysoka skutecznosé SWT w reprezentacji danych muzycznych oraz umozliwiaja wglad w zachowanie funk-
cji kosztu w przypadku sieci z wstepnym wytrenowaniem za pomoca autoenkoderéw. Wyniki uzyskane
w tej pracy przyczynily sie do stworzenia kolejnej pracy pt. "Early Detection of Heart Symptoms with
Convolutional Neural Network and Scattering Wavelet Transformation”. Zajmujemy sie w niej ekstrakcja
dodatkowych cech sygnatu bicia serca, poprzez zastosowanie SW'T oraz splotowych sieci neuronowych
(ang. Convolutional Neural Networks, CNN). Sieci tego typu, poprzez wykonywanie operacji splotu na
kilku ramkach czasowych SWT jednoczesnie umozliwiaja wykrycie zaleznosci wystepujacych miedzy nimi,
co przyczynito sie do poprawy skutecznosci rozpoznawania pierwszych objawéw choréb serca, takze z za-
szumionych danych.

Podsumowujac, w niniejszej rozprawie udowodniono postawione w niej tezy.



Abstract

The effectiveness of audio signal processing systems depends on several factors, including the choice
of neural network architecture, the training data, and their initial representation. The trained neural
networks of appropriate architectures (e.g., convolutional networks or autoencoders) can act as additional
feature detectors, complementing the initial data representation and thus improving their discriminative
capabilities. This can also improve the performance of the systems that directly use data in the time
domain form (end-to-end learning). Additionally, enhancing the initial training data with additional
contextual data of a different modality further improves the effectiveness of these systems. Therefore,
proper data modelling and representation are crucial for audio signal processing. This dissertation is
based on a series of publications focusing on methods for enhancing the effectiveness of audio signal
processing systems using the abovementioned approaches.

In this dissertation, we hypothesise that including sound events in speech corpora, along with reverbe-
ration and background sounds, enhances the robustness of speech processing models to such disturbances.
We also demonstrate that using various lengths of time frames of the Scattering Wavelet Transform (SWT)
with Convolutional Neural Networks (CNN) helps improve the recognition of early symptoms of heart
diseases. Finally, we validate the hypothesis that using the extended version of the standard Big Five
model for representing user personality helps reduce the error made by music recommendation systems
compared to the standard model.

The presence of unexpected sound events in audio recordings containing speech can disrupt intelligi-
bility and cause the recording to be excluded from further processing due to its low quality. In the paper
"Developing a Corpus for Polish Speech Enhancement by Reducing Noise, Reverberation, and Disrup-
tions", we emphasised the significance of the lack of a suitably diversified training set that reflects real
acoustic conditions for training systems aimed at improving speech intelligibility. The paper proposes a
solution that generates short audio recordings containing Polish speech against background sounds, with
reverberation and unexpected sound events. Our experiments with this data and training deep neural
networks confirm their usefulness and support the hypothesis regarding improving the models’ robustness
to the occurrence of such additional sound events.

In the next paper, "Beyond the Big Five Personality Traits for Music Recommendation Systems",
we proposed enriching the input data for music recommendation systems with the additional personality
factors of listeners. These factors are represented by an extended Big Five model, which measures three
additional aspects of each of the five main personality traits. Incorporating this extended model allowed
us to reduce the recommendation error. The paper "Music Recommendation Systems: a Survey"discusses
the advancements in music recommendation systems, including those involving deep neural networks. It
also presents the challenges of personalising music recommendation systems and outlines future research

directions.
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An essential aspect of effective recommendation is the accurate classification of songs by genre or
mood, which improves the quality of the music recommendation. The effectiveness of the SWT in re-
presenting music data was confirmed in the work titled "Pre-trained Deep Neural Network Using Sparse
Autoencoders and Scattering Wavelet Transform for Musical Genre Recognition". The paper utilised
the autoencoder architecture for pre-training the final neural network for music genre classification. The
experiments highlighted the high efficiency of SWT in representing music data and provided insight into
the behaviour of training the networks pre-trained with autoencoders. The results obtained in this work
contributed to the subsequent work titled "Early Detection of Heart Symptoms with Convolutional Neu-
ral Network and Scattering Wavelet Transformation". This work addressed extracting additional features
of the heartbeat signal using SWT and CNN. The convolution operations on several SWT time frames
enabled the detection of dependencies between frames, improving the efficiency of recognising the first
symptoms of heart diseases from noisy data.

To summarise, we verified all hypotheses of this dissertation.



Podziekowania

Chcialbym podzickowaé wszystkim ktorzy przyczynili sie do realizacji niniejszej rozprawy doktorskie;j.
Przede wszystkim chciatbym ztozyé podzigkowania mojemu Promotorowi, dr hab. Alicji Wieczorkow-
skiej za wszelka pomoc w trakcie pisania rozprawy, cierpliwos¢ i motywowanie do jej ukoriczenia. Bardzo
dziekuje réwniez mojemu Promotorowi Pomocniczemu dr hab. inz. Krzysztofowi Szklannemu za udostep-
nienie sprzetu, stowa zyczliwosci oraz cenne wskazowki. Podziekowania kieruje rowniez do $p. prof. dr hab.
Krzysztofa Maraska ktory shuzyt wsparciem i umozliwil mi odbycie stazu w firmie SONY w Stuttgarcie,
wyznaczajac kierunek mojego dalszego rozwoju naukowego. Duze podziekowania kieruje rowniez w strone
calej mojej Rodziny. W szczegolnosci cheialem bardzo podziekowaé mojej Zonie Marlenie za dodawanie

sit w chwilach zwatpienia i nieustannie okazywane wsparcie.

xi






Spis tresci

Wprowadzenie
1.1 Motywacja . . . . . . . . e e e e
1.2 Tezy rozprawy . . . . . . ..o e e e

Przeglad literatury

2.1 Splotowe sieci neuronowe w ekstrakcji cech audio . . . . . . ... ..o
2.2 Sieci rekurencyjne w przetwarzaniu CZasowyml . . . . . . . . .. .o e e e e
2.3 Zastosowania transformeréw . . . . .. ..o Lo
2.4 Wydobywanie cech audio w sposob nienadzorowany . . . . . . .. . ... ... ... ...
2.5 Wykorzystanie surowych danych w gtebokim uczeniu . . . . . . . .. .. ... ...
2.6 Inzynieria cech dla systemoéw rekomendacji muzycznej . . . . . . ... ...
2.7 Analiza nagran fizjologicznych . . . . . . . . . ...

2.8 Wykorzystanie samodzielnie opracowanych zbioréw danych . . . . . .. ... .. .. ...

Przeglad opublikowanych artykulow

3.1 Developing a Corpus for Polish Speech Enhancement by Reducing Noise, Reverberation,
and Disruptions . . . . . . . ..o e

3.2 Pre-trained Deep Neural Network Using Sparse Autoencoders and Scattering Wavelet
Transform for Musical Genre Recognition . . . . . . . ... ... ... .. ... ...

3.3 Early Detection of Heart Symptoms with Convolutional Neural Network and Scattering
Wavelet Transformation . . . . . . . . . .. ...

3.4 Beyond the Big Five Personality Traits for Music Recommendation Systems . . . . . . .

3.5 Music Recommendation Systems: a Survey . . . . . .. ..o
Podsumowanie
Bibliografia

Artykuly dolaczone do rozprawy

6.1 Developing a Corpus for Polish Speech Enhancement by Reducing Noise, Reverberation,
and Disruptions . . . . . . . . oL e e e

6.2 Pre-trained Deep Neural Network Using Sparse Autoencoders and Scattering Wavelet
Transform for Musical Genre Recognition . . . . . ... ... ... ... ... ... ...,

6.3 Early Detection of Heart Symptoms with Convolutional Neural Network and Scattering

Wayvelet Transformation . . . . . . . . . . . . .

S O Ut Ol o R W W

©



xiv SPIS TRESCI

6.4 Beyond the Big Five Personality Traits for Music Recommendation Systems . . . . . . . . 58
6.5 Music Recommendation Systems: a Survey . . . . . .. ... 0oL 82



Rozdzial 1
Wprowadzenie

Dobor architektury sieci, poczatkowej reprezentacji dzwieku, oraz zastosowanie odpowiedniego korpusu
danych trenujacych przyczynia si¢ do nauki nowych cech audio przez modele neuronowe. Cechy te sta-
nowia uzupelnienie poczatkowej reprezentacji oraz przyczyniaja sie do poprawy przetwarzania danych
dzwiekowych w systemach klasyfikacji danych audio oraz w systemach wykorzystujacych bezposrednio
dane dzwickowe w postaci czasowej. Niniejsza rozprawa oparta jest na cyklu spojnych z tematem publi-
kacji dotyczacych metod poprawy skutecznosci systeméw przetwarzajacych sygnal dzwiekowy, w tym za

pomoca sieci neuronowych, oraz dodatkowych danych trenujacych.

1.1 Motywacja

Rozwoj algorytmoéw gtebokiego uczenia jest czesto napedzany przez duze korporacje, ktore dzieki posia-
danym zasobom sa w stanie wytrenowaé¢ duze modele olbrzymia ilosciag danych w akceptowalnym czasie.
Wytrenowana sie¢ moze zostaé¢ wykorzystana w celu rozwiazania zupelnie innego problemu w procesie tzw.
uczenia transferowego (ang. transfer learning). Przyktadowo, sieci wytrenowane na danych obrazowych
moga zostaé wykorzystane do ekstrakcji nowych cech z dwuwymiarowych reprezentacji sygnatéow audio,
celem poprawy skutecznosci ich klasyfikacji. Zatem efektywnosé gtebokich modeli neuronowych jest Scisle
powiazana z jakoscig oraz wielkoscig danych trenujacych. Dlatego tez dostep do wysokiej jakosci danych
trenujacych jest kluczowy dla poprawy skutecznosci dziatania glebokich sieci neuronowych, przyczynia-
jacych sie do odkrywania nowych cech z danych dZwiekowych, a tym samym poprawy dyskryminacyjnych
wlasciwosci tych cech. W przypadku systemow przetwarzajacych mowe, dane te sa czesto nagrywane w
sposoéb spontaniczny, z reguty za pomoca urzadzeri przenosnych, bez profesjonalnego zaplecza sprzeto-
wego. Z tego powodu systemy poprawiajace zrozumiato§é mowy zyskuja na znaczeniu. Naleza do nich
systemy redukujace szumy oraz systemy oddzielajace méwcéw do osobnych kanaléw. Przyczynia sie to
nie tylko do poprawy zrozumiatosci méwcow, ale rowniez skutecznosci systeméw konwertujacych mowe
na tekst. Ponadto ma to kluczowe znaczenie w zastosowaniach telekomunikacyjnych, zaré6wno podczas
rozmow telefonicznych jak i wideokonferencji.

Problem zaszumionych danych wystepuje rowniez w nagraniach dzwiekow fizjologicznych takich jak
np. bicie serca, realizowanych za pomoca urzadzen przenosnych w nieprofesjonalnych warunkach. Cho-
roby sercowo-naczyniowe sa gléwna przyczyna $miertelnosci na calym swiecie, dlatego wezesna diagnoza
chorob kardiologicznych ma istotne znaczenie dla zapobiegania powaznym powiklaniom i zmniejszenia



2 1. Wprowadzenie

wskaznikow $miertelnosci. Dostep do specjalistycznych narzedzi diagnostycznych w ubogich krajach jest
ograniczony, jednak urzadzenia mobilne sg coraz bardziej powszechne na calym $wiecie. Wykorzystujac
mikrofony wbudowane w smartfony mozna przeprowadzi¢ wstepng ocene stanu zdrowia w ramach badan
przesiewowych, ustanawiajac poczatkowy i wazny krok w identyfikacji oséb zagrozonych powaznymi po-
wiklaniami sercowo-naczyniowymi. Czesto jednak urzadzenia te sg uzywane przez osoby bez technicznego
przygotowania, dlatego tez w nagraniach tego typu wystepuja réznego rodzaju szumy i artefakty. Z tego
powodu bardzo istotne jest rozwijanie systeméw odpornych na wystepowania szuméw w nagraniach.
Typem systeméw ktore operuja duza iloscia danych dzwiekowych sg systemy rekomendacji muzyczne;j
a platformy do strumieniowego stuchania muzyki staty sie bardzo popularne w ostatnich latach, zapewnia-
jac uzytkownikom dostep do ogromnej liczby utworéw muzycznych. Przeszukiwanie tak duzych zbiorow
danych stanowi wyzwanie, ktéremu systemy rekomendacji muzycznej staraja sie sprosta¢. Odkrywanie
nowych cech przez sieci neuronowe usprawnia przeszukiwanie duzych kolekcji danych muzycznych oraz

ich klasyfikacje, przyczyniajac sie do poprawy skutecznosci tych systeméw.

1.2 Tezy rozprawy
W niniejszej rozprawie postawiono nastepujace hipotezy badawcze:

1. Wlaczenie zdarzen dzwiekowych do korpuséw mowy, wygenerowanych razem z pogtosem i dzwigkami
tta, poprawia odpornos¢ modeli przetwarzajacych mowe na wystepowanie tych zakltocen.

2. Wykorzystanie réznej dtugosci ramek czasowych rozproszonej transformaty falkowej oraz splotowych
sieci neuronowych przyczynia sie do poprawy rozpoznawania wczesnych objawéw choréb serca.

3. Wykorzystanie modelu stanowiacego rozszerzenie standardowego modelu tzw. Wielkiej Piatki do
reprezentacji osobowosci uzytkownika przyczynia sie do redukeji btedu popelnionego przez systemy

rekomendacji muzycznej, w poréwnaniu modelem standardowym.

Powyzsze hipotezy badawcze zostana udowodnione w dalszej czesci niniejszej rozprawy.



Rozdzial 2

Przeglad literatury

W klasyfikacji sygnaléw audio za pomoca sieci neuronowych, jednowymiarowy sygnal poddawany jest
transformacji do postaci dwuwymiarowej. NajczeSciej stosowane techniki stuzace do tej transformacji
obejmuja zastosowanie dyskretnej transformaty Fouriera (and. short-term Fourier Transform, STFT) lub
transformat falkowych (ang. wavelet transform, WT). Wyboér odpowiedniej poczatkowej reprezentacji sy-
gnalu wplywa na architekture sieci neuronowej, proces treningu, wymagania co do mocy obliczeniowej,
oraz ostatecznie na skutecznosé klasyfikacji. W glebokich sieciach neuronowych nowe cechy sa odkrywane
warstwa po warstwie, wplywajac na jako$¢ cech w ostatniej warstwie. To wlasnie ostatnia warstwa gle-
bokich sieci neuronowych zawiera najbardziej warto$ciowe cechy wplywajace na zdolnosci dyskryminacji
nowych danych.

Rozdzial tej zawiera przeglad najnowszej literatury w kontekscie zastosowail glebokich sieci neurono-
wych w problemach przetwarzania dzwieku, ze szczegdlnym naciskiem na problem klasyfikacji. Przeglad
uwzglednia roznorodne architektury sieci neuronowych, poczawszy od sieci splotowych (ang. Convolutio-
nal Neural Networks, CNN) i sieci rekurencyjnych (and. Recurrent Neural Networks, RNN), poprzez au-
toenkodery (ang. autoencoders, AE) skonczywszy na transformerach (ang. Transformers, TR). Niniejszy
przeglad dotyczy réwniez systemoéw stuzacych m.in. do separacji méwcow, wykorzystujacych bezposrednio

dane dzwiekowe w postaci czasowej.

2.1 Splotowe sieci neuronowe w ekstrakcji cech audio

Metody zastosowane w sieciach splotowych do rozpoznawania obiektow w obrazie [14, 19, 34, 36, 46|, sa
wykorzystywane rowniez w przetwarzaniu dwuwymiarowych reprezentacji sygnatu audio [24, 25, 26, 27].
W pracy [25] wykorzystano jedenascie roznych sieci splotowych, wytrenowanych na obrazach, w proble-
mie klasyfikacji dzwiekow otoczenia. Wytrenowane architektury uwzgledniaja takie modele jak VGG [34],
SqueezeNet [17], ResNet [14] czy AlexNet [19]. Eksperymenty z uzyciem baz ESC-10, ESC-50 [28] oraz
UrbanSound8K [3| pokazuja, iz podejicie uczenia transferowego pozwala na uzyskanie wysokiej skutecz-
nosci rozpoznawania dzwickow otoczenia. Przyktadowo, ResNet-152 osigga 99.04% skutecznosci dla bazy
ESC-10 oraz 99.49% dla UrbanSound8K, natomiast DenseNet-161 [16] osiagga 97.57% skutecznosci dla
ESC-50.

W kolejnej pracy [24] autorzy proponuja model CNN ze zintegrowanym mechanizmem uwagi czasowo-

czestotliwosciowej (ang. time-frequency attention mechanism), ktorego celem jest usprawnienie ekstrakeji
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4 2. Przeglad literatury

cech audio ze spektrogramu. Mechanizm uwagi wydobywa istotne ramki czasowe oraz pasma czesto-
tliwosciowe, minimalizujac w ten sposéb wplyw nieistotnych okienek spektrogramu oraz nieistotnych
czestotliwosci. Mechanizm ten znaczaco poprawil zdolnosé sieci do wychwytywania kluczowych cech
czasowo-czestotliwosciowych, zwiekszajac mozliwosci dyskryminacyjne modelu przetestowanego na ba-
zach UrbanSound8K oraz ESC-50. Podobne podejscie zostalo zastosowane w pracy [45] z ta roznica, iz w

tym przypadku autorzy zastosowali dodatkowo sieé¢ rekurencyjna, ktéra poprawita wyniki uzyskane dla
bazy ESC-50.

2.2 Sieci rekurencyjne w przetwarzaniu czasowym

Wezesniejsze prace podkreslaja skutecznosé sieci CNN w ekstrakeji cech z sygnatu audio. Niemniej jednak,
zaleznosci czasowe wystepujace w nastepujacych po sobie segmentach spektrogramu moga nie byé¢ w
calosci wychwycone przez sieci CNN. W tych przypadkach pomocne okazuja sie sieci RNN. W pracy [32]
zaprezentowano ich skutecznosé w klasyfikacji zdarzen dzwiekowych z placu budowy. Opisywany model
otrzymuje na wejsciu kombinacje trzech reprezentacji spektralnych: wspotczynniki mel-cepstralne (ang.
mel-frequency cepstral coefficients, MFCCs), spektrogram w skali melowej, oraz cechy chromatyczne.
Autorzy za pomoca proponowanego podejscia uzyskali 97% skutecznosci.

Interesujace podejscie zostalo opisane artykule [2], w ktorym autorzy opisuja metodologie integracji
roznych reprezentacji czasowo-czestotliwosciowych do postaci trojwymiarowej. W skltad tej reprezentacji
wchodza ciagla transformata falkowa, spektrogram w skali melowej, oraz spektrogram uzyskany z filtrow
gammatone. W artykule wykorzystano CNN oraz RNN do przetwarzania wspomnianej tréjwymiarowej

reprezentacji, poprawiajac skutecznosé rozpoznawania wad wymowy.

2.3 Zastosowania transformerow

Transformery [40], zamiast modelowaé kolejne ramki czasowe jedna po drugiej (jak w przypadku sieci
RNN), pobieraja cala ich sekwencje na wejsciu. Przeglad zawarty w pracy [18] opisuje zastosowanie trans-
formeréw w takich obszarach, jak przetwarzanie jezyka naturalnego, obrazow, danych multi-modalnych,
oraz sygnalow audio. W pracy [44] zaproponowano koncepcje "transformera spektrogramowego”, dedy-
kowanego celom klasyfikacji sygnatow audio. Dzieki zastosowaniu transformera, opisywany model jest
w stanie nauczy¢ sie czasowych i czestotliwosciowych cech ze spektrogramu, wykrywajac w ten sposob
skomplikowane zalezno$ci pomiedzy nimi.

Transformery wykazaly rowniez duzy potencjal w zastosowaniach zwiazanych z separacja mowcow [8],
jednak sa wyjatkowo wymagajace jesli chodzi o wymagana moc obliczeniows. W artykule [22] autorzy

proponuja kompaktowa wersje transformera bez wplywu na skuteczno$é w separacji moéwcow.

2.4 Wydobywanie cech audio w sposéb nienadzorowany

Powyzsze metody stanowia przyktady treningu nadzorowanego. Uczenie bez nadzoru stanowi alterna-
tywe dla powyzszych metod, réwniez umozliwiajac ekstrakcje cech sygnatu audio. Typowym przykladem
architektury stosowanej do treningu bez nadzoru sa autoenkodery. Ucza sie one kompresowaé¢ dane w

taki sposob, aby zrekonstruowaé¢ dane wejSciowe na wyjsciu sieci z ich zakodowanej i skompresowanej
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reprezentacji w warstwie ukrytej. Przyklad stanowi praca [9], wykorzystujaca autoenkodery do wykry-
wania w sygnale mowy wysokopoziomowych cech, takich jak fonemy, nie ulegajac jednoczesnie wpltywom
zmiennych czynnikow mowy, takich jak wysokosé dzwieku, czy szumy. W kolejnej pracy [30] autorzy
wykorzystali wariacyjny autoenkoder (ang. variational autoencoder, VAE) do generowania syntetycznych
przyktadéw trenujacych celem zbalansowania zbioru danych treningowych do rozpoznawania dzwiekéow
oddechu. Autorzy udowodnili w ten sposob skutecznosé tej metody, w ktorej zréwnowazone dane trenujace
sg kluczowe dla efektywnego treningu modeli klasyfikacyjnych.

Zastosowanie autoenkoderow w celu poprawy klasyfikacji zaburzen mowy zostalo opisane w pracy
[29]. Autorzy zastosowali hierarchiczny autoenkoder wariacyjny (ang. Factorized Hierarchical Variational
Autoencoder, FHVAE) do ekstrakcji cech semantycznych z uwzglednieniem nastepstw czasowych wyste-

powania kolejnych ramek nagrari mowy zaburzonej.

2.5 Wykorzystanie surowych danych w glebokim uczeniu

Podejscia opisane do tej pory zaktadaly poczatkowe przeksztalcenie sygnatu do postaci dwuwymiarowej,
najczesciej reprezentujacej modul transformaty Fouriera. Glebokie sieci neuronowe umozliwiaja jednak
stosowanie surowej postaci czasowej sygnatu, dokonujac parametryzacji w sposoéb automatyczny. Podejscie
takie stawia jednak wyzwania. Jednym z nich jest dostep do znaczacych mocy obliczeniowych, szczegélnie
w przypadku treningu za pomocg duzych zbioréw danych. Drugim wyzwaniem jest koniecznosé przywro-
cenia postaci czasowej z powrotem na wyjsciu modelu. Rekonstrukcja sygnaltu z transformaty Fouriera
wymaga sktadowych fazowych, ktore sa pomijane na wejsciu. Faza sygnalu musi podlegaé¢ zatem estymacji
na wyjsciu, co skutkuje znieksztalceniami oraz niedoskonata rekonstrukcja dzwieku. Rozwigzaniem jest
przeksztalcenie jednowymiarowych segmentéw sygnalu audio na jego wielowymiarows postaé, uzywajac
operacji jednowymiarowego splotu (ang. 1-D convolution). Sygnal z postaci wielowymiarowej moze zosta¢
odtworzony przy zastosowaniu transponowanej warstwy splotu jednowymiarowego (ang. transposed 1-D
convolution) na wyjsciu modelu, pomijajac w ten sposob koniecznos$é estymacji fazy. Podejscie to zo-
stalo wprowadzone w pracy [23], opisujacej model o nazwie Conv-TasNet do separacji méwcow. Jednakze
w przypadku zaszumionych nagran, separacja moze skutkowaé niezadowalajacymi rezultatami. W arty-
kule [15] autorzy proponuja rozwiazanie tego problemu poprzez integracje podejsé stuzacych do poprawy
zrozumialosci mowy oraz separacji mowcoéw w jednym modelu. Zaproponowane rozwigzanie wzmacnia
odporno$¢ modelu na zaszumione dane, a dodatkowo proponowana strategia modulacji gradientowej po-
prawia jako$¢ rekonstrukcji czystego sygnalu mowy na wyjsciu.

W pracy [41] zaprezentowano zastosowanie tranformeréw do surowych danych audio, bez korzystania
z reprezentacji dwuwymiarowej. Autorzy przedstawiaja wyzsze wyniki klasyfikacji dzwiekow z bazy Free

Sound 50K dataset [12] z uzyciem transformeréw w poréwnaniu z klasyfikacja z uzyciem sieci CNN.

2.6 Inzynieria cech dla systeméw rekomendacji muzycznej

Celem rekomendacji muzycznej jest predykcja oceny okreslajacej preferencje uzytkownika wzgledem okre-
$lonego utworu. W przypadku, gdy predykcja zwraca wartosci ciagte, problem ten jest traktowany jako
problem regresji, jednakze predykcja preferencji uzytkownika moze odbywaé si¢ rowniez na skali dyskret-

nej (np. "lubie”, "nie lubie”); w takim przypadku bedzie to problem klasyfikacji.

Kluczowa role w systemach rekomendacji muzycznej odgrywa klasyfikacja utworéw muzycznych, gdyz
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znajomo$¢ kategorii utworu umozliwia rekomendacje utworéw dostosowanych do preferencji shuchacza.
Jednakze zawarto§é dzwiekowa muzyki jest znaczaco odmienna od mowy czy szuméw otoczenia, dla-
tego ekstrahowane cechy powinny odzwierciedla¢ specyficzna nature sygnatéw muzycznych. W pracy [31]
autorzy opisuja metode niejawnej ekstrakeji cech specyficznych dla gatunku muzycznego z surowych da-
nych wejsciowych. Wyekstrahowane cechy zostaly ocenione w sposéb jakosciowy i iloSciowy, bazujac na
skutecznoéci rozpoznawania gatunku muzycznego za pomocg prostej sieci neuronowe;.

Muzyka jest tym szczegélnym typem zawartosci dzwiekowej, ktorej znaczenie opiera sie na czasowych
nastepstwach zdarzen muzycznych, takich jak rytm czy melodia. Do modelowania tych nastepstw moga
stuzyé sieci RNN. Praca [13] porusza problem klasyfikacji utwor6w muzycznych za pomocs sieci CNN
oraz dwukierunkowych sieci RNN, osiagajac 93,1 % dokladnosci predykcji dla bazy GTZAN [35].

Poprawa skutecznosci systemow rekomendacji muzycznej moze odbywac sie rowniez poprzez wykorzy-
stanie danych kontekstowych o uzytkowniku, szczegdlnie, ze preferencje muzyczne uzaleznione sa m.in.
wlasnie od tych danych [37], np. danych o osobowosci stuchacza. W pracy [11] autorzy analizuja systemy

rekomendacji muzycznej uwzgledniajace osobowosé.

2.7 Analiza nagran fizjologicznych

Klasyfikacja dzwigkow fizjologicznych, takich jak oddech czy bicie serca, stanowi przyklad systemow
wspierajacych stawianie diagnoz dotyczacych stanu zdrowia. W pracy [20] autorzy opisuja metode kla-
syfikacji dzwiekéw bicia serca pochodzacych z fonokardiogramu. Metoda wykorzystuje polaczenie dwoch
reprezentacji falkowych oraz metode taczenia wielu klasyfikatorow CNN do poprawy wynikow rozpozna-
wania choréb serca. Autorzy oceniaja wytrenowane modele uzywajac baz PhysioNet/CinC 2016 [10] oraz
PASCAL [6].

Kolejna praca [21] podkresla potencjal SWT w reprezentowaniu sygnatu bicia serca pochodzacego
z elektrokardiogramu. Autorzy dokonuja redukcji wymiarowosci danych za pomoca analizy sktadowych
glownych (ang. principal component analysis, PCA), by nastepnie przeprowadzié¢ ostateczng klasyfikacje
za pomocy metod uczenia maszynowego, w tym sieci neuronowych.

Inne przyktady klasyfikacji dzwiekéw fizjologicznych obejmuja prébe diagnozowania choréb uktadu
oddechowego, w szczegblnosci COVID-19 [5], oraz rozpoznawanie nieprawidlowych dzwiekéw oddecho-
wych [5]. Oba podejscia wykorzystuja klasyfikatory oparte na sieciach CNN oraz RNN, osiagajac wysokie
wyniki. Jednak badanie tego typu probleméw pociaga za soba koniecznos¢ pozyskania odpowiednich

danych trenujacych, co czesto bywa utrudnione z powodu niskiej ich dostepnosci.

2.8 Wykorzystanie samodzielnie opracowanych zbioré6w danych

Rozwoj metod klasyfikacji pociaga czesto za soba potrzebe budowania wlasnych zbioréw danych. Dla
przykladu, autorzy pracy [33] zajmuja sie klasyfikacja dzwiekow wystepujacych w budynkach mieszkal-
nych, wykorzystujac przy tym wczesniej wytrenowane glebokie sieci neuronowe takie jak DenseNet [16],
ResNet, Inception, and EfficientNet [39], osiagajac wysoka skutecznosé rozpoznawania 95% w przypadku
modelu ResNet. W kolejnej pracy [7] autorzy koncentruja sie na rozwoju systemu klasyfikacji do identy-
fikowania pojazdow z niestandardowo glo$nymi uktadami wydechowymi. Stosujac sie¢ AlexNet autorzy
uzyskali 95% skutecznosci korzystajac z samodzielnie opracowanych danych. Artykut [43] opisuje meto-

dologie klasyfikacji mowy wypowiadanej z réoznym akcentem jezyka angielskiego. Badania wskazuja, iz
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liniowo wyskalowany spektrogram skutkuje wyzsza skutecznosci rozpoznawania akcentu anizeli spektro-
gram w skali melowej. Pomimo niewielkiego rozmiaru zbioru danych Accent Archive [42], autorzy uzyskali
wysokie wyniki, tj. ponad 96% skutecznosci rozpoznawania akcentu z uzyciem sieci CNN. Badania opi-
sane w [4] dotycza rozrézniania dzwickow mowy sfalszowanej (and. fake voice recognition) od prawdziwej
przy uzyciu sieci CNN. Autorzy wykorzystali do tego celu samodzielnie skonstruowang baze, osiagajac

wysoka skutecznos$é rozpoznawania, tj. ponad 98 %.
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3.1 Developing a Corpus for Polish Speech Enhancement by Re-

ducing Noise, Reverberation, and Disruptions

Systemy poprawiajace zrozumialo$¢é mowy wymagaja odpowiednio przygotowanych danych trenujacych,
ktore oprocz zaszumionych przyktadéw powinny zawieraé ich wysokiej jakosci odpowiedniki. Systemy
tego typu sa czesto uzywane z danymi niskiej jakosci, zawierajace réznego rodzaju niestacjonarne szumy
i zdarzenia dzwickowe. Z tego wzgledu zbiér trenujacy powinien odzwierciedlaé¢ rzeczywiste i roznorodne
warunki wystepujace w nagraniach. Naleza do nich szum otoczenia, pogtos, oraz inne nieplanowane zda-
rzenia dzwiekowe. Dobrej jakosci nagrania studyjne moga zostaé¢ wykorzystane w symulacji nagran za-
szumionych, poprzez dodanie do nich szuméw o ré6znym charakterze oraz poglosu, odzwierciedlajac w ten
sposéb warunki rzeczywiste, a jednoczesnie dostarczajac informacji o danych (ang. ground truth) nie-
zbednych do treningu i testow. Niemniej jednak, obecnie dostepne bazy nagran mowy wystepuja gtownie
w jezyku angielskim oraz uwzgledniaja relatywnie niska réznorodnosé¢ dzwiekéw otoczenia. Niektore z
nich uwzgledniaja poglos i dzwieki otoczenia, jednak wcigz nie odzwierciedlaja bardziej specyficznych i
rzeczywistych przypadkow nagran, w ktorych moga wystapi¢ nieprzewidziane zdarzenia dZzwiekowe w tle,
takie jak dzwiek budzika lub klakson samochodu.

W niniejszym artykule proponujemy metode generowania symulowanych nagran mowy polskiej, w
szczegblnie wymagajacym srodowisku akustycznym uwzgledniajacym wystepowanie pogtosu, dzwiekow
tla, oraz nieplanowanych zdarzen dzwiekowych. Praca ta zostala nagrodzona na konferencji 32nd Inter-
national Conference on Information Systems Development, ISD 2024. Opublikowanie tej metody stanowi
istotne uzupetnienie luki w dostepie do darmowych i duzych zbioréw danych dla jezyka polskiego, z mozli-
woscia zastosowania dla dowolnego jezyka. Za pomoca tej metody istnieje mozliwos¢ generowania ogrom-
nej ilosci nagran. Innowacyjna cecha proponowanego rozwiazania jest mozliwosé tatwego dostosowania juz
wygenerowanych nagran do réznych zadan klasyfikacji, np. klasyfikacji tta lub zdarzen dzwickowych. Jest
to mozliwe dzieki przechowywaniu kazdego komponentu wchodzacego w sktad nagrania (mowa, dzwieki
tta, zdarzenia dzwiekowe oraz odpowieds akustyczna pomieszczenia jako poglos) w osobnych plikach
dzwiekowych, dostepnych dodatkowo oprocz nagrania zaszumionego. Dodanie odwroconej fazy danego
komponentu do ostatecznego nagrania powoduje jego eliminacje z tego nagrania, dzieki zjawisku kaso-
wania sie fal dzwickowych znajdujacych sie w przeciwfazie. Umozliwia to dowolne ksztattowanie zakresu
komponentéw wchodzacych w sktad nagrania, bez potrzeby generowania korpusu ponownie.

W omawianym artykule zaprezentowana zostata uzytecznosé proponowanego rozwiazania w procesie
trenowania kilku modeli dziatajacych na surowych danych dZzwiekowych. W tym celu zastosowana zostala
architektura sieci dzialajaca w dziedzinie czasu, o nazwie Conv-TasNet [23]. Do celéw eksperymentalnych
wygenerowanych zostato 250 000 cztero sekundowych nagrain, co przektada sie na ponad 11 dni ciaglej
mowy w réznorodnym $rodowisku akustycznym. Pierwszy z modeli wytrenowany zostal do separacji
pojedynczego méwey od dzwiekéw tra. Kolejny model separuje dwoch méweow od siebie, w nagraniu bez
szuméw. Ostatni model zostal wytrenowany pod katem separacji dwoch moéwcoéHw wystepujacych na tle
zlozonych szuméw. Ze wzgledu na ograniczone zasoby obliczeniowe w eksperymentach zredukowalismy
liczbe kanaléw w koderze splotowym z 512 do 256, zmniejszajac w ten sposéb wymiarowosé reprezentacji
sygnalu, a tym samym liczbe parametréw potrzebnych do wytrenowania, aby przyspieszy¢ obliczenia,
szczegbdlnie biorac pod uwage wielko$é wygenerowanego korpusu.

Modele separacji méwcoéw zostaly poréwnane ze znacznie bardziej ztozonym modelem, opartym na
architekturze transformera o nazwie SepFormer [22]. Model ten zostal wezesniej wytrenowany na danych

niezaszumionych.



3.1. Developing a Corpus for Polish Speech Enhancement by Reducing Noise, Reverberation, and
Disruptions 11

Poréownujac wyniki Conv-TasNet z SepFormer uzyskane na proponowanej w niniejszej pracy bazie,
pomimo krotkiego czasu treningu (15 epok) i ograniczonej liczby wag, Conv-TasNet zwraca pozytywny
niezmienny w skali stosunek sygnatu do szumu (SI-SNR)) 1.7 dB, natomiast SepFormer zwraca negatywny
wynik SI-SNR -0.48 dB. Negatywny wynik SI-SNR $wiadczy o tym, iz na wyj$ciu modelu znajdowalto
sie wiecej szumu niz uzytecznej mowy. Potwierdza to niezdolnosé modelu SepFormer do radzenia sobie
z zaszumionymi danymi w zadaniu separacji méwcow, a jednoczesnie podkresla znaczenie wystepowania
zdarzen dzwiekowych oraz poglosu w danych trenujacych. Mozna to zaobserwowaé poréwnujac wyniki
uzyskane przez te same modele na bazie Libri2Mix, ktora zawiera dzwieki tla, lecz bez pogtosu oraz
bez zdarzenn dzwiekowych. W tym przypadku model SepFormer, pomimo tego ze byl wytrenowany na
czystych danych, byl w stanie odseparowa¢ méwcow od siebie ze skutecznoscia 6.84 dB SI-SNR, a zatem
wystepowanie zdarzen dzwickowych oraz poglosu w danych trenujacych znaczaco utrudnia zadanie sepa-
racji mowcow, biorac pod uwage negatywny wczesniejszy wynik -0.48 dB SI-SNR, uzyskany na zbiorze
danych zawierajacym te dwa sktadniki dzwickow tla.

Kolejne eksperymenty uwzglednialy ten sam zestaw danych, jednak z wylaczonym jednym moéwca,
celem przeprowadzenia treningu separacji pojedynczej mowy od szuméw tla, przyczyniajac sie do poprawy
zrozumialosci mowy. Model ten zostal poréwnany z modelem o podobnej architekturze o nazwie CTNoar
[38], wytrenowanym wczesniej metoda zwracania pojedynczego odseparowanego mowcy na jednym kanale
i pozostalych mowcow na drugim. Model byl wczesniej wytrenowany na czystych danych zawierajacych
od 2 do 3 méweow jednoczesnie.

Modele zostaly przetestowane z uzyciem naszego zbioru testowego oraz LibrilMix, zawierajacego
sygnaly pojedynczych méwcéw na tle szumoéw otoczenia, bez poglosu oraz zdarzen dzwiekowych. W tym
przypadku uzyskano wynik ponad 12 dB SI-SNR w naszym modelu, co stanowi znaczacg poprawe w
stosunku do modelu separujacego dwoch méwcow. Swiadezy to o zdolnosci architektury Conv-TasNet do
skutecznej separacji tta od mowy. Testy z wykorzystaniem zbioru testowego zawierajacego dodatkowo
poglos oraz zdarzenia dzwiekowe skutkowaly nieznacznie gorszym wynikiem, tj. ponad 10 dB SI-SNR.
Jest to jednak wciaz relatywnie wysoka wartosé, biorac pod uwage to, ze model CTNoar zupelnie nie
sprawdza si¢ w obu przypadkach, zwracajac negatywne wyniki.

Uzyskane wyniki podkreslaja potrzebe trenowania rozwiazan separacji méwcow zaszumionymi danymi,
aby mogly radzi¢ sobie z nagraniami zawierajacymi szumy. Przeprowadzone eksperymenty uwypuklity
szczegblnie znaczenie nieprzewidywalnych zdarzeri dzwiekowych oraz poglosu w zbiorze trenujacym dla
tych systemow; w obecnosci takich zdarzen model SepFormer staje sie bezuzyteczny.

Podobna sytuacja wystepuje w przypadku modelu poprawiajacego zrozumiatosé pojedynczego mowcy,
gdzie model CTNoar réwniez zwraca negatywne wyniki, niezaleznie od tego, czy w warstwie szumow
wystepuja zdarzenie dzwiekowe, czy nie, podczas gdy model wytrenowany na wygenerowanym zbiorze
zwraca relatywnie wysokie wyniki, tj. ponad 10 dB SI-SNR.

Opublikowane w tym artykule wstepne wyniki eksperymentoéw nie wyczerpuja jednak wszystkich moz-
liwoéci proponowanej metody generowania korpuséw; prace te sa obecnie kontynuowane, a rozszerzona
wersja artukulu zostanie opublikowana (na zapeoszenie organizatoréow konferencji ISD) jako rozdzial w
ksiazce z serii Lecture Notes in Information Systems and Organization series wydawnictwa Springer. Z
danych uzytych do eksperymentéw opisanych w artykule przedstawionym na ISD, wyodrebniono pod-
zbiér 10000 przykladéw trenujacych oraz 1000 przyktadéw testowych, aby przyspieszy¢ obliczenia oraz
dokonaé analizy poréwnawczej w celu dalszej weryfikacji Hipotezy 1.

Za pomoca tego podzbioru wytrenowane zostaly 3 identyczne modele Conv-TasNet separujace po-

jedynczego mowce od dzwiekow tla (CTN-SE1). W kazdym przypadku byt to jeden mowca oraz tlo
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dzwiekowe skladajace sie roznych sktadnikow: sceny dzwiekowej (S), zdarzen dzwiekowych (E) oraz po-
glosu (R). Kazdy z modeli trenowany byt doktadnie tymi samymi przyktadami trenujacymi przez 20 epok,
z identycznym stanem wag poczatkowych; jedyna réznica byt sktad dzwiekéw tta w danych trenujacych.
Modyfikacja sktadnikéw dzwiekéw tla byta mozliwa dzieki zastosowaniu metody modyfikacji nagran z
uzyciem zjawiska znoszenia sie fal dzwiekowych znajdujacych sie w przeciwfazie, opisanej w artykule.

Pierwszy z modeli wytrenowany zostal przyktadami zawierajacymi wszystkie sktadniki dzwiekow tla
(SER), kolejny wszystkimi za wyjatkiem zdarzen dzwiekowych (SR), oraz ostatni wytrenowany zostal
wylacznie dzwiekami mowcy oraz sceny dzwiekowej, bez poglosu ani zdarzen dzwiekowych (S). Modele te
zostaly przetestowane z uzyciem 1000 przyktadow danych testowych (dalej nazywanych PolSE1), podda-
nych réwniez takiej samej procedurze modyfikacji sktadnikow tta dzwiekowego jak w przypadku danych
trenujacych. Dla przykladu, zbiér testowy oznaczony jako PolSE1-SER uwzglednia pojedynczego moéwce
oraz wszystkie trzy sktadniki tta dzwiekowego, S, E, oraz R. Analogicznie, PolSE1-SR uwzglednia w tle
jedynie scene dzwiekowa oraz poglos, bez dzwiekow zdarzen dzwiekowych.

Nastepnie, wytrenowane modele zostaly przetestowane z uzyciem kazdej wersji danych testowych
oraz dodatkowo zbioru LibrilMix-Noisy. Celem eksperymentow jest sprawdzenie odpornosci modeli se-
paracji tla na wystepowanie zdarzen dzwiekowych w zbiorze testowym. Odporno$é¢ w tym przypadku
jest rozumiana jako wysokie wartoéci SI-SNR oraz PESQ w sytuacji wystepowania dodatkowych zdarzei
dzwickowych w danych testowych.

Tabela 3.1: Wyniki eksperymentow przeprowadzonych w celu dalszej weryfikacji Hipotezy 1. Najwyzsze

wartosci SI-SNR oraz PESQ dla danego zbioru testowego zostaly wytluszczone.

PolSE1-SER PolSE1-SR PolSE1-S LibrilMix-Noisy

SI-SNR | PESQ | SI-SNR | PESQ | SI-SNR | PESQ | SI-SNR | PESQ | $rednia

CTN-SE1-SER 7.7 2.38 13.26 3.01 16.74 3.32 9.73 2.51 7.33
CTN-SE1-SR 3.01 2.14 14.05 3.14 17.96 3.46 10.12 2.55 7.05
CTN-SE1-S 0.46 1.88 9.35 2.56 20.07 3.48 8.38 2.38 6.07

W wynikach przedstawionych w Tabeli 3.1 mozna zaobserwowaé wplyw wystepowania zdarzen dzwie-
kowych na separacje czystej mowy od tta w modelach trenowanych do poprawy zrozumialo$ci mowy.
Model uwzgledniajacy tego typu zdarzenia w zbiorze trenujacym (CTN-SE1-SER) zwraca 7.7db SI-SNR
oraz 2.38 PESQ dla danych testowych, ktore rowniez zawieraja tego typu zdarzenia dzwiekowe. Model
wytrenowany bez udziatu zdarzen dzwiekowych w tle (CTN-SE1-SR) zwraca 3.01 db SI-SNR oraz 2.14
PESQ. Roznica wynikéw dla tych dwoch modeli wynosi 4.69 db SI-SNR.

Warto zauwazy¢, iz ten sam model (CTN-SE1-SER) zwraca relatywnie wysokie wyniki niezaleznie od
zawartosci sktadnikéw tla. Biorac pod uwage wszystkie zbiory testowe, model wytrenowany z udziatem
zdarzen dzwiekowych zwraca najwyzsza usredniona wartos$¢ z obydwu metryk SI-SNR oraz PESQ. W ten
sposob potwierdzamy Hipoteze 1, iz wlaczenie zdarzen dzwiekowych do korpuséw mowy, wygenerowanych
razem z poglosem i dzwickami tta, poprawia odpornosé modeli przetwarzajacych mowe na wystepowanie
tych zaktodcen.

Tabela 3.1 pokazuje réwniez, iz najlepsze wyniki mozna uzyskaé¢ stosujac model wytrenowany tymi
samymi rodzajami sktadnikow tla, ktore wystepuja w zbiorze testowym. Stad powstal pomyst rozszerze-
nia rozwiazania poprawiajacego zrozumialo§é mowy o podejicie adaptacyjne, w ktéorym wyjscie wytre-
nowanego dodatkowego klasyfikatora, wytrenowanego do rozpoznawania ztozonosci tla (tj. czy zawiera

dodatkowe zdarzenia dzwickowe, poglos i scene dzwiekowa), mogloby wskazywaé¢ odpowiedni model do
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separacji tta. System ten planujemy zbudowaé jako rozszerzenie opublikowanego artykutu.

3.2 Pre-trained Deep Neural Network Using Sparse Autoenco-
ders and Scattering Wavelet Transform for Musical Genre

Recognition

Niniejszy artykul omawia metode trenowania autoenkoderéw z uzyciem reprezentacji SW'T w celu wstep-
nego wytrenowania sieci do rozpoznawania gatunku muzycznego. W celu wytrenowania autoenkoderéw
pobranych zostalo 10 000 utworéw z serwisu udostepniajacego muzyke na darmowej licencji. Pierwszy z
autoenkoderéw wytrenowany zostat z uzyciem wspomnianych utworéw sparametryzowanych za pomoca
SWT, natomiast kazdy kolejny autoenkoder byt trenowany na podstawie cech wydobytych z poprzednich
autoenkoderéow. Wagi wytrenowanych autoenkoderéw postuzyly do inicjalizacji wag sieci neuronowej,
ktorej celem bylo rozpoznawanie gatunkéw muzycznych z bazy GTZAN, skladajacej sie z 1000 plikow
reprezentujacych 10 gatunkow.

W pracy przeanalizowana i porownana zostala zmienno$é¢ funkcji kosztu w trakcie treningu sieci z
wstepnym wytrenowaniem i bez wstepnego wytrenowania, z uwzglednieniem od 1 do 4 warstw ukrytych.
Wyniki pokazuja, iz wstepne wytrenowanie za pomocg autoenkoderéw pozwala uniknaé zjawiska nadmier-
nego dopasowania wag do danych trenujacych (ang. overfitting), szczegolnie gdy wzrasta liczba warstw
ukrytych. Zaobserwowano réwniez, ze minimalna warto$¢ bezwzgledna funkcji kosztu, w przypadku sieci z
wytrenowaniem wstepnym, byta wyzsza niz w przypadku sieci bez wstepnego wytrenowania. Wstepne wy-
trenowanie zadzialalo zatem jak regularyzacja sieci, ktéra zazwyczaj poprawia generalizowalno$¢ modelu
kosztem spadku jego dokladnosci. Im gtebszy wstepnie wytrenowany model tym jego zdolnosé generaliza-
cji powinna by¢ wieksza. Najnizsza mozliwa wartosci funkcji kosztu wystapita w modelu z jedna warstwa
ukryta, bez wczesnego wytrenowania. Jednakze najlepsze rezultaty, jesli chodzi o dokladnosé rozpoznawa-
nia gatunkow, osiagnieto w przypadku dwoch warstw ukrytych ze wstepnym wytrenowaniem. Wskazuje
to na rozbieznosé miedzy zmiennoscia wartosci funkeji kosztu a zmiennoscia doktadnosci klasyfikacji re-
latywnie niewielkiego zbioru GTZAN. Przeprowadzone eksperymenty daja jednak wglad w zachowanie
funkcji kosztu podczas treningu modelu, w ktorym wagi zostaly wcze$niej wytrenowane bez nadzoru
za pomocg autoenkoderéw. Za pomocg dwoch warstw ukrytych uzyskano wynik 90.2% doktadnosci, co
w poréwnaniu z innymi pracami [13] jest wysokim rezultatem. Przeprowadzona analiza funkeji kosztu
wskazuje ponadto na wysoka efektywno$¢ SWT w reprezentowaniu gatunkéw muzycznych, co réwniez
potwierdza artykut [1].

Uzycie SWT do wytrenowania autoenkoderéw za pomoca korpusu wielotysiecznych utworéw mu-
zycznych, celem wstepnego wytrenowania sieci neuronowej, zostalo zaproponowane w omawianej pracy
po raz pierwszy. Dalsze badania powinny uwzglednia¢ modelowanie nastepstwa czasowego ramek SWT
za pomocy sieci splotowych, rekurencyjnych lub tranformeréw. Jak wskazuja dotychczasowe badania

[13, 32, 45], najlepsze rezultaty mozna uzyska¢ stosujac podejscie hybrydowe.

Whnioski wyciagniete z powyzszych eksperymentéw zainspirowaly autoréw do rozwiniecia tej tematyki
w kolejnym artykule, uwzgledniajacym nie tylko modelowanie pojedynczych ramek, ale réwniez modelo-

wanie sekwencji kilku ramek jednocze$nie za pomoca sieci CNN.
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3.3 Early Detection of Heart Symptoms with Convolutional Neu-

ral Network and Scattering Wavelet Transformation

Badania opisane w tym artykule dotycza modelowania nastepstw czasowych kolejnych ramek SWT za
pomoca CNN, celem ekstrakcji dodatkowych cech i poprawy skutecznosci rozpoznawania symptomow
chorobowych w nagraniach dzwiekowych bicia serca.

W sieciach CNN dokonywana jest operacja splotu na danych wejsciowych za pomocy filtréow w war-
stwach konwolucyjnych (splotowych). Filtry te moga by¢ roznej wielkosci (szerokosci i wysokosei) 1 moga
dokonywaé splotu na kilku ramkach czasowych SWT jednocze$nie. Modelowanie wspolzaleznosci sze-
rokosci filtrow i dlugosci ramek SW'T, moze przyczynié¢ sie do dokladniejszego rozpoznawania roéznych
aspektéw sygnalu bicia serca. Dlatego tez stawiamy hipoteze, iz wykorzystanie réznej dlugosci ramek
SWT w treningu glebokich sieci splotowych przyczynia sie do poprawy skutecznosci wezesnego rozpozna-
wania chorob serca.

W celu sprawdzenia tej hipotezy przeprowadzono eksperymenty z udzialem nagran pochodzacych z
bazy PASCAL [6]. We wstepnej fazie eksperymentow nagrania bicia serca zostalty zakodowane z uwzgled-
nieniem 3 réznych dlugosci ramek SWT: 0,74s, 0,37s, oraz 0,185s. Nastepnie przeprowadzono ekspery-
menty klasyfikujace sygnal za pomoca zaproponowanej architektury sieci CNN. Przetestowano 8 réznych
wartosci szerokosci filtra splotowego, od 1 do 8, oraz wymienione wczesniej trzy dtugosci ramek SWT.

Wyniki pokazuja, ze dobor szerokosci filtru oraz diugosci ramki SWT wplywa na skuteczno$é roz-
poznawania roéznych czynnikow chorobowych serca. Przyktadowo, ponad 99% skutecznosci uzyskano w
rozpoznawaniu szmerow sercowych przy szerokosci filtra rownej 6, gdzie kazda ramka reprezentuje sygnal
o krotkiej diugosci (0.185s).

Dodatkowo, zaproponowana metoda skutecznie rozpoznaje artefakty w nagraniu, wskazujac z duza
doktadnoscia (96%), kiedy nagranie powinno zosta¢ powtorzone. Ten aspekt jest szczegolnie istotny dla
zastosowarl medycznych, gdyz przeprowadzanie diagnozy na blednie wykonanym nagraniu moze by¢ nie-
bezpieczne dla pacjenta. Wysoka precyzje w rozpoznawaniu artefaktow nagrania uzyskano stosujac ramke
czasowg o dtugosci 0,74s oraz szerokosci filtru rownej jeden.

Poréwnujac wyniki do innych metod stosujacych reprezentacje spektralne, proponowana metoda
osiagga najwyzsze wyniki, stosujac znormalizowana precyzje, ktéra bierze pod uwage nieréwna liczbe
nagran w kazdej kategorii w zbiorze testowym. Ponadto, proponowana metoda wyjatkowo skutecznie
odréznia prawidtowe bicie serca od chorobowego.

W ten sposéb Hipoteza 2, iz wykorzystanie roznej dtugosci ramek czasowych SWT w treningu sieci
CNN przyczynia sie do poprawy skutecznosci wezesnego rozpoznawania choréb serca, zostala potwier-
dzona.

Poprawa skutecznosci tej metody moze uwzgledniaé, oprécz CNN do ekstrakeji cech, dodatkowe wta-
czenie w proces klasyfikacji sieci rekurencyjnych badz transformeréow.

3.4 Beyond the Big Five Personality Traits for Music Recommen-

dation Systems

W niniejszej pracy opisano metode rozszerzenia danych wejsciowych do systemu rekomendacji muzycznej
o reprezentacje cech osobowosci stuchacza. Zastosowany model tzw. Wielkiej Piatki (ang. Big Five), mie-

rzacy pie¢ glownych cech osobowosciowych (neurotycznos$é, ekstrawersja, otwartosé na doswiadczenia,
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ugodowos¢ i sumiennosé) zostal rozszerzony o dodatkowe pietnascie aspektow osobowosciowych (cech
drugorzednych), po trzy dla kazdej z pieciu glownych cech. Eksperymenty zostaly przeprowadzone we
wspolpracy z dr. hab. Wlodzimierzem Strusem z Instytutu Psychologii Uniwersytetu Kardynata Stefana
Wyszynskiego w Warszawie. Psychologiczne aspekty tej pracy maja zatem silne fundamenty naukowe.
W celu pozyskania danych osobowosciowych uzytkownikéw, ktére moga zostaé wykorzystane w syste-
mach rekomendacji muzycznej, zostala stworzona aplikacja z wbudowanym formularzem osobowosci o
nazwie BFI-2. Aplikacja ta pozwala stucha¢ muzyki oraz ja ocenia¢ z uzyciem pieciostopniowej skali Li-
kerta. W badaniu wzieto udzial 279 uczestnikow. Zebrane w ten sposéb dane zostaly opublikowane, a
na ich podstawie przeprowadzone zostaly opisane nizej eksperymenty. Baza zawiera cechy osobowosciowe
uczestnikow, wyrazone dwudziestowymiarowym wektorem cech osobowosci (5 gtéwnych i 15 pobocznych),
oceny utwor6w, oraz same utwory sparametryzowane do postaci 29 wymiarowego wektora cech. Cechy
plikow muzycznych uwzgledniajg cechy spektralne, amplitudowe, a takze cechy wysokiego poziomu (takie
jak klarowno$¢ rytmu czy nieharmonijnosé) oraz emocje rozpoznane w muzyce (takie jak strach, smutek,
ztos¢, czy radosé).

Naszym celem bylto sprawdzenie hipotezy, iz wykorzystanie rozszerzonego modelu Wielkiej Piatki
do reprezentacji osobowosci uzytkownika przyczynia sie do redukcji btedu popelnionego przez systemy
rekomendacji muzycznej, w poréwnaniu ze standardowym modelem osobowosciowym.

Aby zweryfikowaé te hipoteze, zaimplementowano hybrydowy system rekomendacji muzycznej oraz
przeprowadzono ocene jakosci generowanych rekomendacji z zastosowaniem wczes$niej zebranych danych.
Oceny dokonywano poréwnujac wyniki eksperymentow wykorzystujacych pieciowymiarowy wektor cech
osobowosci z wynikami uwzgledniajacymi rozszerzony model dwudziestowymiarowy. Eksperymenty pole-
galy na przeprowadzeniu predykcji oceny utworéw przez uzytkownika. Funkcja predykcyjna uwzgledniata
pomiar podobienistwa zaréwno uzytkownikéw, jak i utworéw. Eksperymenty opieraly sie na poszukiwa-
niu optymalnego zbioru cech osobowosci, ktére w wyniku pomiaru podobienstwa miedzy uzytkownikami
skutkuja najmniejszym btedem predykcji. Poszukiwania opieraly sie na braniu pod uwage kazdej mozli-
wej kombinacji cech osobowosci, zaczynajac od pojedynczych cech i stopniowo zwiekszajac wymiarowosé
wektora cech stosowanego w obliczeniach podobieristwa. Poszukiwania przerywano, gdy zwigkszanie wy-
miarowosci skutkowato pogorszeniem wynikéw rekomendacji. W ten sposoéb wyselekcjonowano tylko ten
podzbiér cech osobowosci, ktory skutkowal najnizszym bledem popelnianym przez algorytm. Wyniki
eksperymentéw pokazaly, iz zastosowanie cech osobowosciowych nizszego rzedu zwraca mniejszy btad
predykcji niz te same eksperymenty z wykorzystaniem cech Wielkiej Piatki bez cech nizszego rzedu,
potwierdzajac jednoczesnie Hipoteze 3.

Eksperymenty ujawnity ponadto optymalny podzbiéor 4 aspektéow osobowosciowych, skutkujacy naj-
nizszym btedem predykcji. Sa to: ciekawosé, odpowiedzialnosé, wrazliwosé, oraz zaufanie. Odkrycie, iz nie
wszystkie cechy osobowosci sa niezbedne w celu osiagniecia najlepszych rezultatéw, posrednio przyczynia
sie rowniez do poprawy satysfakcji uzytkownika z uzytkowania systemu. Uzytkownik nie musi odpowiadaé
na wszystkie 60 pytain zawartych w kwestionariuszu osobowo$ciowym; wystarczy, by odpowiedzial na 16
pytan mierzacych wyltacznie wspomniane 4 cechy osobowosci.

3.5 Music Recommendation Systems: a Survey

Pomimo tego, iz ten artykul nie wspiera bezposrednio zadnej hipotezy, jego dotaczenie w tym miejscu
rozszerza przeglad literatury dotyczacy systemoéw rekomendacji muzycznej. Artykul zawiera przeglad tego

typu systemow w kontekscie przetwarzania sygnaléw muzycznych oraz ich personalizacji. Publikacja ta
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skupia sie na podejiciach skoncentrowanych na uzytkowniku oraz danych kontekstowych, takich jak emo-
cje, osobowosé, czy dane uzyskane z platform spolecznosciowych. Artykut omawia postepy w systemach
rekomendacji muzycznej, w tym systemy uwzgledniajace glebokie sieci neuronowe. Praca ta przedstawia
rOéwniez wyzwania zwiazane z przetwarzaniem duzej ilosci danych w platformach streamingowych, oraz

zarysowuje przyszte kierunki badan w tej dziedzinie.



Rozdzial 4

Podsumowanie

W rozprawie udowodniono wszystkie postawione hipotezy. Rozprawa zawiera takze wyczerpujacy przeglad
najnowszej literatury dotyczacej systemoéw przetwarzania danych dzwiekowych, ze szczegdlnym uwzgled-
nieniem sieci neuronowych. Do udowodnienia tez pracy przyczynily sie m.in. zdolnosci sieci neuronowych
do odkrywania nowych cech audio, ktore czesto rozszerzaja mozliwosci poczatkowych reprezentacji, np.
poprzez zwiekszenie ich zdolnosci dyskryminacyjnych. Podejécie to zostato opisane w artykutach "Early
Detection of Heart Symptoms with Convolutional Neural Network and Scattering Wavelet Transfor-
mation” oraz "Pre-trained Deep Neural Network Using Sparse Auto-encoders and Scattering Wavelet
Transform for Musical Genre Recognition”. W pracach tych opisano zastosowanie autoenkoderéw, wraz
z reprezentacja SWT, do wstepnego wytrenowania sieci neuronowej celem klasyfikacji muzyki oraz zasto-
sowanie sieci splotowych, wraz z SW'T, do klasyfikacji nagran bicia serca. Przeprowadzone eksperymenty
wskazaly najbardziej optymalne wartosci szerokosci filtra oraz dtugosci ramek SWT ze wzgledu na sku-
teczno$¢ rozpoznawania nie tylko poszczegolnych czynnikéw chorobowych serca, ale takze ze wzgledu na
wysoka precyzje w rozpoznawaniu artefaktow nagrania oraz odrézniania nagrania zdrowego bicia serca od
chorobowego. Tym samym potwierdzono hipoteze, iz wykorzystanie zmiennej dlugosci ramek czasowych
SWT oraz splotowych sieci neuronowych przyczynia sie¢ do poprawy rozpoznawania wczesnych objawow

choréb serca.

Zaproponowane w artykule "Developing a Corpus for Polish Speech Enhancement by Reducing Noise,
Reverberation, and Disruptions” podejscie do generowania zaszumionych korpuséw mowy, dzieki wykorzy-
staniu czystych odpowiednikéw mowy zaszumionej, przyczynilto sie do wytrenowania modeli operujacych
w domenie czasowej dzwieku, ktore dzieki automatycznej parametryzacji danych wejsciowych, sa w stanie
nauczy¢ sie separowaé¢ méwcow od siebie oraz mowcdéw od tla. Zaproponowana metoda przyczynia sie do
rozwoju modeli stuzacych do separacji méwcoéw oraz poprawiajacych zrozumialos¢é mowy, odpornych na
wystepowanie w nagraniach nieprzewidzianych zdarzen dzwiekowych oraz pogtosu. Ponadto, zapropono-
wana metoda do generowania symulowanych nagran moze stuzyé do treningu wielu modeli rozwiazujacych
inne zadania, bez potrzeby generowania osobnych korpuséow dla kazdego z nich. Przykladami tych zadan
moze by¢ klasyfikacja tta sceny dzwiekowej, zdarzenn dzwiekowych, lub proba predykcji czasu pogtosu.
Mozliwos$é dostosowywania sktadnikéw symulowanych nagran wykorzystujac zjawisko znoszenia sie fal
dzwiekowych zostala zaproponowana w kontekscie korpuséw trenujacych po raz pierwszy. Eksperymenty
opisane w tym artykule nie wyczerpuja w pelni potencjatu zaproponowanego rozwiazania, zas wielkosé
generowanych korpuséw i ich zréznicowanie umozliwia trening duzych i ztozonych modeli, w tym trans-
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18 4. Podsumowanie

formeréw.

Rezultatem badan opisanych w pracy "Beyond the Big Five personality traits for music recommenda-
tion systems” jest m.in. publicznie dostepna baza danych zawierajaca cechy osobowosciowe 279 uczest-
nikéw, wraz z ich preferencjami muzycznymi, oraz cechy dzwiekowe plikow muzycznych. Baza tego typu
zostala opublikowana po raz pierwszy. Z punktu widzenia analizy wplywu osobowosci na preferencje
muzyczne uzytkownika stanowi ona cenne Zrédto danych nie tylko dla badaczy nauk technicznych, ale
rowniez psychologicznych. Zebrane dane pozwolily na przeprowadzenie eksperymentéw polegajacych na
wzbogaceniu danych wejSciowych do systeméw rekomendacji muzycznej o dodatkowe dane osobowosciowe
stuchacza. W pracy wykazano, iz wykorzystanie modelu stanowiacego rozszerzenie standardowego modelu
tzw. Wielkiej Piatki do reprezentacji osobowosci uzytkownika przyczynia sie do redukcji btedu popelnia-
nego przez systemy rekomendacji muzycznej, w poréwnaniu z modelem standardowym.

Dotaczona do niniejszej rozprawy praca pt. 'Music Recommendation Systems: a Survey’ omawia
postepy w systemach rekomendacji muzycznej, w tym systemy uwzgledniajace glebokie sieci neuronowe.
Praca ta przedstawia réwniez wyzwania zwiazane z personalizacja systeméw rekomendacji muzycznej oraz
przetwarzaniem duzej ilosci danych w tych systemach. Przede wszystkim jednak, praca ta zarysowuje
przyszle kierunki badan w tej dziedzinie.

Rozwdj sztucznej inteligencji zawdzieczamy rozwojowi sieci neuronowych oraz ich mozliwo$ciom wy-
krywania cech z danych wejsciowych. Rozwoj ten jest mozliwy dzieki dostepnosci duzej ilosci danych,
za$ upublicznienie prezentowanych w rozprawie zasob6éw umozliwia innym badaczom wniesienie swojego
wktadu do tych badan. Mamy nadzieje, iz niniejsza rozprawa i ptynace z niej wnioski przyczynia si¢ do

dalszego rozwoju m.in. systeméw klasyfikacji dzwieku oraz przetwarzania sygnaléw mowy.
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Abstract

This paper presents a solution for generating corpora of simulated Polish speech recordings
in complex acoustic environments. The proposed method introduces a layer of unpredictable
sound events, in addition to the acoustic scene noise and reverberation, making the solution
unique. We generated a corpus comprising over 277 hours of training examples and over 5.5
hours for testing purposes using publicly available data sources. Next, we trained several Conv-
TasNet networks on the generated data to enhance single speech and separate two speakers from
complex noise. The results of the experiments indicated the potential of the generated corpora
for solving these tasks. Researchers can use publicly available code to create their corpora
tailored to the Polish language and solve various speech-related tasks.

Keywords: speech denoising, speech separation, speech enhancement.

1. Introduction

Speech recordings can be a valuable source of information in various fields of science, such
as linguistics, history, psychology, sociology, and medicine, to name a few. However, non-
professional microphones, various acoustic environments, and casual settings can significantly
affect the intelligibility of speech. The audio files obtained this way are often noisy, with re-
verberation and random sound events like car horns or dog barking. Additionally, when two or
more people are involved in the conversation, their utterances sometimes occur concurrently (i.e.
crosstalk occurs). These issues greatly influence the performance of Automatic Speech Recog-
nition (ASR) services, which require one person to speak at a time and a signal of relatively high
signal-to-noise ratio (SNR) to transcribe speech accurately. Therefore, developing speech en-
hancement and speech separation methods are key preprocessing steps for ASR, speech corpus
analysis, and real-time communication.

The speech enhancement can be accomplished by speech denoising [34], increasing the
resolution of the signal [21], or by conditional speech synthesis [1]. However, this task can
be challenging due to the complex and dynamic nature of the acoustic environment. Various
disturbances such as non-stationary noise, reverberation, and other acoustic phenomena and un-
predictable sound events may complicate the denoising process further. Recent research has re-
vealed that Deep Learning (DL) techniques are more effective in speech denoising than conven-
tional methods, such as spectral subtraction [41], Wiener filtering [37], and non-negative matrix
factorization [14]. The DL-based denoising techniques comprise models based on Wave-U-Net
[7, 46], Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) networks
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[12, 8], Generative Adversarial Networks (GAN) [29, 36], Transformers [17], and recently also
models that do not require clean data for training [15].

Researchers have also used speech separation techniques to denoise speech signals, as men-
tioned in [9, 16, 20]. Speech separation is the separation of concurrent speakers in monophonic
audio recordings. To this end, the researchers in most cases employ time-domain models, which
are more accurate than models based on time-frequency representations. The latter require
estimating phase information, which can lead to distortions and inaccuracies during signal re-
construction [38]. Among the successful time-domain models, the Conv-TasNet neural network
[23] has proven to be very effective in speech separation, outperforming other time-frequency
methods. Another effective model is the Hybrid Tasnet network [43], which integrates the time
and frequency domains to improve separation performance. In another paper [22] the model
leverages Recurrent Neural Network for utterance-level sequence modelling. Wavesplit [44] is
another end-to-end speaker separation model that achieves very high efficiency in various speech
separation tasks, including clean mixtures of 2 speakers from WSJ0-2Mix dataset [10], and in
noisy and reverberated settings from WHAMR dataset [24]. The authors of [44] obtained 22.2
dB on WSJ0-2Mix and 13.2 dB of Signal-to-Distortion Ratio (SI-SDR) on WHAMR. More-
over, a recent study [38] investigated the use of transformer architecture called SepFormer for
the speech separation task, yielding promising results of 22.3 dB of SI-SDR on the WSJ0-2Mix.
Additionally, the MossFormer2 model [45] currently achieves the best speech separation results
for the Libri2Mix [4] and WSJ0-2Mix [10] datasets, achieving 24.1 dB and 21.7 dB of SI-SDR,
respectively.

1.1. Contribution

Real-life speech recordings are often made during spontaneous situations and in uncontrolled
acoustic environments. As a result, they can contain a lot of noise, which seriously affects
speech intelligibility and may prevent further use of such recordings. The speech enhancement
methods are constantly being developed, but most of them use English data sources and try
to remove non-stationary noise and reverberation [44, 45]. Our approach is unique in that we
build the speech corpora explicitly using the Polish language and introduce unpredictable sound
events as an additional layer of noise, in addition to the acoustic scene signals and reverberation.
The script we have published allows generating any number of such simulated real-world noisy
speech recordings based on publicly available data sources. The corresponding components of
speech recordings, such as clean speech, events, acoustic scenes and reverberation, are saved
in separate files that prepare the created corpora for training deep models of Polish speech
enhancement in noisy, reverberated and disturbed acoustic environments. Additionally, adding
a phase-inverted version of one of the corresponding components to a simulated speech cancels
that component from the file. This feature makes the created corpora higly customizable and
easily adjustable for various other problems like scene and event recognition or dereverberation.

Using the script, we created a corpus containing over 277 hours of training examples and
over 5.5 hours for testing purposes. Using the data generated by the script, we trained three
models. The first enhances single speech by separating it from complex noise. The second
model is used for speech separation when two speakers occur concurrently against a background
noise. The third model separates two speakers, which occurs without any noise. We evaluated
our models using the prepared test set and the Libri2Mix [4]. We also compared the performance
of our models with other pre-trained solutions.

2. Corpus for Polish Speech Enhancement

Deep learning models for speech enhancement require a large number of noisy recordings and
their corresponding clean speech signals for training. However, obtaining clean speech signals
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can be difficult and expensive, often requiring access to professional recording studios. To
address this problem, we have developed a script ! that generates noisy speech corpora from the
corresponding clean speech signals, which makes it ready to be used for training deep models. In
the script, we use publicly available high quality data sources to create the corpora. The speech
data sources are in Polish, and each generated audio file comprises a mix of seven distinct layers,
as shown in Figure 1.

The mix

of all the layers below

Speaker 1 --weeeeeeeees SN g ~—
PRS, MLS :

Reverberation -~ > - —

generated for speaker 1 - h

Speaker 2 AR TN AN e NN,
PRS, MLS ] ‘ \ ) )
Reverberation - > - S

generated for speaker 2

Event sound - S T—

ESC50, FSD50K

Reverberation >

generated for event .

Scene sound - » S et R N

TUT, WHAM, TAU

Fig. 1. The structure of a simulated speech recording generated by our script. The first four layers
consist of two speech signals and the corresponding reverberation signals, based on room im-
pulse responses. The speech signals are sourced from the Polish Read Speech corpus (PRS)
[18] and the Polish section of The Multilingual LibriSpeech (MLS) [32]. Layers five and six
contain additional sound events and their corresponding reverberation. The recordings of sound
events are sourced from the ESC50 [31] and FSD50K [5] datasets. The final layer of the mix
comprises the sound of the environmental scene taken from TUT Acoustic Scenes 2017 [26],
TAU Urban Acoustic Scenes 2019 [25], and the WHAM [42] datasets.

Each layer of the mix is saved as a separate audio file in its designated folder. This allows
for easy cancellation of a component from the mix by adding its phase-inverted version. It is
possible to adjust the created corpora to a specific task using this principle. For instance, one
speaker can be removed from the mix by adding its phase-inverted version. The same should be
done with the reverberation for this speaker in such a case to remove this speaker completely.
Therefore, it is easy to obtain the corpus with one speaker instead of the two without the need
to generate the corpus again. Other possibilities are also feasible; exemplary ideas are presented
in Table 1.

Our goal was to develop a solution that is accessible to everyone to stimulate the research
in this field. To achieve this, each layer of the mix required to contain publicly available, high-
quality data sources. In our quest for data sources to use in particular layers of the mixes, we
provide an overview of the most popular data sources in the following section.

2.1. Review of Existing Data Sources

Many data sources are released when scientific challenges and workshops are organized, but
most of them are in English and only occasionally provide sources of noisy and correspond-
ing clean data. For example, the CHiME 2 challenge frequently releases new datasets. The
CHiME-5 [3] provides conversational speech recordings in everyday home environments, but is

'https://github.com/mklec/PolSMSE
https://www.chimechallenge.org/
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Table 1. Possible corpus adjustments to make it suitable for training different speech enhancement
or speaker separation problems. This can be achieved by cancelling a given component from
the mix without generating the new corpus from scratch. Each column shows the layers left in
a mix to solve a particular problem. For instance, one can remove one speaker while leaving
another, or cancel out all reverberation. Other examples include cancelling the background
scene while retaining only the sound events, with or without reverberation, etc.

Layers of the mix Speaker separation Speech enhancement
Speakerl | v | vV |V |V |V |V |V |V |V |V |V |V
Speaker2 | vV |V |V |V |V |V |V
Scene sound | v’ v v ViV Y
Eventsound | v | v v |V vV IV v
Reverb for speaker 1 | v | v/ | V v v
Reverb for speaker2 | v | v/ | V
Reverb forevent | v/ | V v

intended to advance ASR performance rather than improve speech enhancement. On the other
hand, the Deep Noise Suppression challenge (DNS) [34] focuses on improving overall speech
quality when recorded in a challenging background. The dataset from this challenge contains
over 10000 hours of noise and over 1000 hours of clean speech signals for training the noise sup-
pression models and a representative test set of real-world scenarios consisting of both synthetic
and real recordings.

The Wall Street Journal (WSJO) corpus provides a speech source for creating other corpora.
WSJO0-2Mix [10] takes two speakers and mixes them at speech-to-speech ratios (SSR) between
0 and 5 dB. It provides 30 hours of training examples. However, WSJO is not open-sourced.
Therefore, the Libri2Mix [4] dataset is an alternative to WSJ0-2Mix. It is based on LibriSpeech
[28], and consists of mixes of two speakers combined with ambient noise sampled from the
WHAM [42] dataset. It provides 212 hours of training examples. The WHAMR dataset [24]
extends the WSJ0-2Mix by noise from the WHAM and reverberation and mixes with the loudest
speaker at SNR between -6 and 3 dB. It provides 58 hours of noisy and corresponding clean
speech examples for training.

Other corpora can also provide valuable speech sources; however, their recordings often
contain distortions and reverberation and are made with poor-quality microphones. Therefore,
their usage for speech enhancement should include a selection of the best quality candidates.
One example of such a data source is VoxCeleb [13], containing over 100000 utterances from
more than 6000 speakers. Another example is the multi-language Common Voice dataset [2],
which also contains the Polish subset of 177 hours of spontaneous speech. Librivox project 3 is
another example of a multi-language source of speech data. It contains recordings of volunteers
reading over 10000 public-domain books in various languages, also in Polish. The Polish clean
and high-quality recordings are available from the Polish Read Speech corpus (PRS) [18]. It
provides 56 hours of recordings featuring phonetically rich words and sentences spoken by 317
speakers in an acoustically treated recording studio. The Multilingual LibriSpeech (MLS) [32]
is a multilingual dataset of read books (audiobooks), and the Polish section contains 137 hours
of clean speech from 16 speakers reading 25 books. Finally, there are over 140 corpora available
in the Common Language Resources and Technology Infrastructure (CLARIN) from the Polish
language [11, 30].

As for the environmental scene and noise data sources, Audioset [6] provides a collection of
about 2 million human-labeled 10s sound clips extracted from YouTube videos, which belong
to about 600 audio classes. The TUT Acoustic Scenes 2017 dataset [26] includes 52 hours of

*https://librivox.org/
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audio recordings from 15 locations, such as homes, city centres, forest paths, grocery stores,
metro stations, and more. The WHAM dataset [42] provides 80 hours of background noise
from urban environments, such as restaurants, bars, cafes, and parks. The TAU Urban Acoustic
Scenes dataset 2019, introduced in [25], features 40 hours of audio recordings from various
urban acoustic scenes such as pedestrian streets, trams, and airports.

The sound events can also be downloaded from the ESC50 [31], which comprises 2000
recordings, each five seconds long, classified into 50 semantic classes such as clapping, vacuum
cleaners, fireworks, and more. The FSD50K [5] contains over 50000 audio clips, amounting to
more than 100 hours of audio, organized into 200 classes drawn from the AudioSet Ontology.
Examples of these classes include various musical instruments, splashes, zippers, telephones,
and many others.

2.2. The Corpus Creation

We considered factors such as license, accessibility, language, and data quality when selecting
the sources for our solution. Ultimately, we chose two spoken Polish recordings sources, PRS
and MLS, and obtained the sounds of real-world environments from the TUT, WHAM, and TAU
datasets. Sound events were sourced from the ESC50 and FSD50K datasets. Finally, we created
simulated recordings of noisy speech by combining signals from the aforementioned sources
and applying reverberation, using the following formula.

C=2

y(t) = i(si(t) +7i(t)) + b(t) + e(t) + re(t) (1)

i=1

where y(t) represents the simulated speech recording in the time domain with a maximum
of C speakers, C' = 2 in our case. The signal s;(t) represents the ith speaker in the mix, which
is mixed with their corresponding room response 7;(t), generated earlier as reverberation. The
signal b(t) denotes the scene’s ambient sound, and e(t) represents a non-speech sound event,
along with its corresponding reverberation r. (). In this context, the background noise refers to
the sum of four components: r;(t), b(t), e(t), and r¢(t).

First, we divided all files from different sources into three subsets: training, validation, and
testing, according to the instructions provided by each data source. This ensures that no mix
component in the training subset is used for testing or validation. Next, we excluded files with
speech-related events, such as whispering or singing, from the event sources, to avoid conflicts
with speech layers. Figure 2 shows the remaining event classes used for creating our corpus.
The two speakers were mixed at a speech-to-speech ratio that is randomly selected from -5 to 5
decibels, rounded to the nearest whole decibel. The resulting mix includes a randomly selected
4-second fragment from the given source files, making the final mixes always different.

In order to recreate the actual recording’s conditions as much as possible we took into ac-
count several characteristics of them. To ensure that the selected sound events are suitable for
a particular scene, we created a matrix that maps scene classes to possible event classes. This
step helps prevent the random selection of mismatched events, such as the sound of a cow in
an airport, which would be absurd. The matrix provides guidelines for the event and specific
scene classes when mixed with the script. Additionally, reverberation was generated in Matlab
only when the scene class represents an indoor category. We manually defined a dictionary with
possible reverb parameters range for these classes to ensure that the characteristics of generated
room reflections are suited to the particular scene class. The reverb parameters were randomly
selected each time, but only from such predefined range. This approach allows us to avoid
generating unsuitable reverbs, such as long reverbs for the library class, which typically has a
short decay time. We controlled parameters like decay time, reflection diffusion, strength of
high-frequency damping, and early reflection time in this manner. The same values of these
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parameters were applied to the speech and event sources, except with different early reflection
times for events, as these two sound sources usually have different placements in the recording
room, affecting the time when the microphone captures their first reflection.

We created a training subset of 250000 files of y(¢) using our script. The testing and val-
idation subsets contain 5000 files each. The duration of each file is 4 seconds, and the mix
layers are saved in separate files, at 8000 Hz and 16 bits. This setting is justified by using the
same values in [23]. However, generating the files encoded in 16 kHz is also possible by the
script. The training subset provides over 277 hours (1 million seconds) of continuous noisy
speech along with the corresponding clean sources and other layers for training purposes. This
corpus is called PoOISMSE-2-Noisy and is intended to separate speakers into two channels when
they speak simultaneously over a noisy background, i.e., to separate noisy signals (SN). There-
fore it contains recordings for all layers shown in Fig. 1. Next, we used the phase-inversion
phenomenon to cancel out one speaker and their reverberation, creating another corpus called
PolSMSE-1-Noisy. This corpus is intended to enhance single speech (ES), containing only one
speech signal over the noisy background. The noisy background refers to all the other layers of
the mix, except the speech.

Drum Wind_instrument_and_woodwind_instrument
Squeak Glockenspiel Boom Marimba_and_xylophone Alarm ciapping
clapping Piano Buzz ~ Finger_snapping Brass_instrument Bark Bass drum
Mechanisms Rattle Trumpet Fill_(with_liquid) percussion Crushing can_opening

footsteps Mallet_percussion grgck Bell TearingHarp Strum Guitar Keys_jangling clock_tick

Applause Scissors Acoustic_guitar Keyboard_(musical)Hi-hat zipper (clothing) water_drops
Bass_guitar Organ Gong Plucked_string_instrument Harmonica drinking_sipping
Clock Growling Hands Snare_drum Cymbal Tambourine Crackle Thump, aﬁd thud
Chink_and_clink Accordion Crash_cymbal  prym kit Gunshot and gunfire

Tools Power_tool Camera Rattle (instrument : .
Ratchet_and_pawl ’ . : -) Electrlc_gwt.ar Walk_and_footsteps
Crumpling_and_crinkling Bowed_string_instrument

Fig. 2. The word cloud showing the classes of events used in the created corpus. For the sake of
clarity, the least common events have been excluded. Four of the most frequent event classes
have been highlighted in red. The most common event classes are related to musical instru-
ments.
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Fig. 3. The histogram illustrates each data source’s contribution to creating layers of the POISMSE
corpus. The y-axis denotes the number of training examples that contain a given data source.

3. Experiments

Our research aimed to illustrate the feasibility of developing a corpus according to the ideas
presented in Section 2.2 and utilizing it in practical experiments involving speech separation
and enhancement through deep learning. To the best of our knowledge, no other speech corpora
exhibit such a complex and noisy recording environment. The published script enables the
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recreation of the testing subset, ensuring the comparison of the results and hopefully achieving
state-of-the-art results with our testing subset in future work.

We utilized the Conv-TasNet architecture initially designed for speech separation [23]. Conv-
TasNet uses a linear encoder to generate a representation optimized for learning masks for the
speakers. Next, the mask is applied to the encoder output, which is then inverted back to the
waveforms, representing the speech of separated speakers. The network finds the masks using a
temporal convolutional network (TCN) consisting of stacked 1-D dilated convolutional blocks.
We reduced the number of filters in the encoder and decoder from 512 to 256, which decreased
the model’s capacity, but significantly accelerated the calculations. Other hyperparameters of
the network are: the length of the input filters equal to 20 samples, and 32 convolutional blocks
in the TCN. The loss functions and training procedure followed [23], with the initial learning
rate set to le-3 and Adam used as the optimizer. If the validation set’s accuracy did not improve
over two consecutive epochs, the learning rate was halved. The models were implemented in
Matlab and trained from scratch for fifteen epochs on a single GPU GeForce RTX 3080.

We trained three models using PoISMSE to estimate s;(¢) from y(¢) (see Equation 1). The
first model was trained to enhance the speech (ES) using POISMSE-1-Noisy, containing a single
speaker in complex background noise. The second model was trained to separate two speakers
conversing in a noisy environment and events (SN) using PolSMSE-2-Noisy, containing all
the layers of speech and noise depicted in Figure 1. The third model was trained to separate
two clean speeches (SC) using a mixture of two clean speakers without any noise, events, or
reverberation. This version of the dataset will be referred to as POISMSE-2-Clean. Figure 4
illustrates the objective of training the models based on the provided input data and desired
output.

MY G W

,fwf'w Speaker 1 Speaker 2 ~~.~~ Background noise and disturbed events

Fig. 4. The inputs and target outputs we utilized to train the experimental models. These models
were created to address the following problems: improving the quality of single-speaker speech
(ES), separating speech signals with noisy backgrounds (SN), and isolating clean speech sig-
nals without any interference (SC).

In evaluating the models’ performance, we used the Scale-Invariant Signal-to-Distortion
Ratio (SI-SDR) [19]. Higher SI-SDR values indicate better separation quality. Besides, we
used other pre-trained models and datasets to provide a more comprehensive evaluation. The
first pre-trained model, SepFormer [38], was trained for speaker separation using Libri2Mix-
Clean from SpeechBrain [33]. It achieved a 20.6 dB SI-SNR with this dataset. Additionally, the
second pre-trained model, referred to as CTNoar [40], is the Conv-TasNet network pre-trained
with 2-speaker mixtures from the WSJ0-2mix datasets, containing clean speech signals without
noise. It achieved a 14.6 dB SI-SNR with this dataset.

4. Results and Discussion

The preliminary results summarized in Table 2 suggest that the ES model effectively enhances
single speech by isolating it from complex noise, disturbing sound events, and reverberation,



DEVELOPING A CORPUS FOR POLISH SPEECH ENHANCEMENT BY REDUCING NOISE, REVERBERATION, AND
AUTHOR ET AL. DISRUPTIONS

Table 2. The dB values of SI-SDR representing the performance of three Conv-TasNet models
trained using the POISMSE and tested using both the PoISMSE and LibriMix testing subsets.
These datasets come in two versions: clean and noisy. The clean version comprises a mixture
of clean speech signals devoid of noise, events, or reverberation. The first model aims to
separate two speakers in their respective channels when they are present amidst complex noise
(SN). The second model is designed to separate two clean speech signals (SC). The third model
was trained to isolate single speech from noise (ES). The table also includes other pre-trained
networks: SepFormer, pre-trained with Libri2Mix-Clean from SpeechBrain [33], and another
Conv-TasNet (CTNoar) [40], trained with clean WSJ0-2mix. Best results are shown in bold.

Speech separation Single speech enhancement
Testing subset SN SC SepF | Testing subset ES CTNoar
PolSMSE-2-Noisy | 1.69 | -3.55 | -0.48 | PoISMSE-1-Noisy | 10.24 | -1.39
PoISMSE-2-Clean | 5.28 | 6.64 | 18.25 | LibrilMix-Noisy 11.97 | -0.64
Libri2Mix-Noisy 459 | 1.73 | 6.84 | - - -
Libri2Mix-Clean 6.71 | 7.85 | 20.56 | - - -

even with a short training time limited to fifteen epochs. The results show almost 12 dB of
SI-SDR for LibrilMix-Noisy and over 10 dB for PolSMSE-1-Noisy, underscoring the pro-
posed solution’s potential. It is important to note that these datasets contain speech mixed
with noise. However, the LibrilMix-Noisy contains English speech without reverberation or
disturbing sound events, explaining slightly better results in this case.

Despite the short training time, the SN model, trained with PolISMSE-2-Noisy, outperforms
SepFormer, achieving an SI-SDR of 1.69 dB compared to -0.48 dB. These results indicate that
the created corpus offers valuable data for addressing the speaker separation problem, especially
in challenging and complex noise environments. The difference in the results also highlights
the limitations of models trained with clean speech signals, as SepFormer was trained with
Libri2Mix-Clean. The reported SI-SDR result of 20.56 dB for SepFormer with Libri2Mix-
Clean aligns with previous research results [39].

In our evaluation of single speech enhancement, we compared our model to the CTNoar,
which had been originally trained on a mix of 2 and 3 speech signals to separate one signal and
put the others in a separate channel. The hypothesis was that the CTNoar model could identify
one speaker and separate the noise into a distinct channel when tested with a noisy dataset. How-
ever, the results showed negative SI-SDR values for PoISMSE-1-Noisy and LibrilMix-Noisy,
indicating that this model was ineffective at enhancing single speech in a noisy environment.
Our ES model successfully addresses this issue, achieving 10.24 dB for PolISMSE-1-Noisy and
11.97 dB for LibrilMix-Noisy.

The research detailed in [16] demonstrated that a single-channel time-domain denoising
technique could reduce the word error rate (WER) by 30%. These findings motivate us to en-
hance our models in the future by integrating more data sources, generating additional training
examples, increasing the model’s capacity, and extending the model training time. Furthermore,
the speech data sources should include transcriptions to help other researchers evaluate their
models with ASR in terms of WER. Currently, only the MLS data source contains the transcrip-
tion. Another potential source is the newly released Polish speech corpus discussed in [30],
which offers transcriptions and conversational Polish speech, complementing the supervised
speech recordings used in the current study.

Turning off specific training layers, as presented in Table 1, may also help address other
problems, such as event recognition or dereverberation in complex and non-stationary back-
ground noise. Additionally, our future research will further explore this specific feature of the
proposed solution, by investigating the effect of particular noise layers on the performance of
speech separation, enhancement, and recognition tasks. The corpus can also be utilized to train
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voice activity detection, which is crucial for effectively operating in unpredictable and noisy
environments, for example, recognizing speech in cars or voice-controlled machines [27, 35].
Accurately distinguishing between noise and speech is essential in such scenarios.

5. Conclusion

This paper addresses the challenges of enhancing and separating speech from noisy, reverberant,
and disrupted backgrounds, especially in the context of Polish speech recordings. The publicly
available, customizable, and scalable corpora generated by the proposed data generation script
can be valuable for training deep models and facilitating further research. We hope the proposed
solution will contribute to developing new models that leverage the layers’ interrelation in the
data and potentially set a new state-of-the-art for separating Polish speech from complex noise
with disruptions and reverberation.
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1. Introduction

Genre recognition has been a staple of Music Information Retrieval (MIR) since the
very beginning. Initial approaches relied mostly on Data Mining and Natural Lan-
guage Processing, but audio analysis became popular when Machine Learning tech-
niques improved to a substantial degree. MIR, as a concept, involves many diverse
fields of study: classification, analysis, organization, recommendation, and various
areas of research: signal processing, music theory, linguistics, sociology, psychology,
and others. Many tasks that involve MIR will concentrate on a single problem by
utilizing a particular method, but we are more often faced with projects that involve
a variety of concepts spanning a couple of different domains.

If we take music recommendation as an example, it is clear that taking a single
criterion into account most likely will not suffice to meet our goals, whether they be
measured in terms of commercial success or user satisfaction. Problems like this have
to be viewed from different angles and utilize several approaches to find a solution.
The goal of finding the right music for the customer should consider not only the
musical piece, but also the user and his needs. Additionally, both the music and the
user have to be considered in context. The context of the music can be extracted from
its acoustic features (genre, style, tempo, emotion, etc.) and meta-information (band,
language, historic, social, etc.), while the user will have its own internal context (social,
psychological, emotional), but also external context (environmental, situational). All
of these can affect the quality of the system to a certain degree.

Even though genre recognition is not the best feature when it comes to MIR
problems, it is still very popular among researchers. This comes as a consequence of
its simplicity, both as a computational problem and a topic that is easy to understand
by someone without a deep technical or music background. Everyone has heard of
music genres, and it is very simple to construct the task as a classification problem
with various types of inputs and a set of discrete classes as the output. In reality, genre
recognition is a quite difficult and poorly defined problem. Not only is it difficult to
assign a single class to any random musical piece, but even the classification taxonomy
can not be defined without dissension. This has not stopped people from trying, and
several standard benchmarks have been created to tackle this particular problem.

One of the most popular is the GTZAN [22] database, which is available for
free and very easy to use. It consists of 1000 tracks (each 30 seconds in length) and
organized into 10 classes (each consisting of 100 tracks). Initial experiments relied on
simple musical descriptors (rhythm, pitch, timbre) as well as classic music analysis
features like the Mel-Frequency Cepstral Coefficients (MFCC) and, less frequently,
the Wavelet transform [8]. In [22], Tzanetakis utilized Gaussian Mixture Models
on MFCCs, to achieve 61% baseline accuracy in the first ever GTZAN experiment.
The authors in [19] reported 83% accuracy using Deep Neural Networks and spectral
features. A breakthrough in feature quality was presented in the paper about the
Scattering Wavelet Features (SWT) [1], where a simple SVM classifier achieved 89.3%
accuracy. Later, the same features were utilized in a better Sparse Representation
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Classifier [6], improving the result slightly with a reported accuracy of 91.2%. Other
experiments on GTZAN utilized Wavelets [14] to achieve 78.5% accuracy, Deep-Belief
Networks [9] for 84.3% accuracy, various representation based on the properties of
the auditory cortex [17] for 92.4% accuracy and Compressive Sampling techniques [5]
reporting 92.7% accuracy.

It is worth noting that the margin of error between these results is quite wide, and
the difference at the high end becomes quite negligible due to the fairly small size of the
corpus, compounded by the numerous reported inconsistencies within the database
[21]. Ultimately, as mentioned in the previous paragraph, the genre taxonomy cannot
be too objective, and individual sample track classification can often be fuzzy. As
an example, many of the experiments mentioned above used voting to determine the
final class; but, if the distribution of classes for individual frames gives, for example,
49% to one class and 51% to another, it may be difficult to say that either class is
more relevant.

The goal of this paper is to combine the SWT described in [1] with the power of
a Deep Neural Network (DNN) consisting of multiple layers of Sparse Autoencoders
(SAE). To improve the Unsupervised Pre-training phase, a much larger database (ac-
quired from the jamendo.com website) was prepared to match the GTZAN database.
Jamendo is a music-sharing platform which publishes music on a Creative Commons
license. A publicly-available API allowed the authors to download more than 80,000
musical tracks, nearly 10,000 of which were selected according to the GTZAN genres.

2. Background

This section includes background information of various components used in the ex-
periments described in this paper.

2.1. Scattering Wavelet Transform

Most of the research behind MIR relies on Mel-Frequency Cepstral Coefficients
(MFCCs), which are a Fourier-based feature set designed specifically for analyzing
speech and music. MFCCs are calculated as the Fourier transform of the logarithm
of the Fourier transform of the signal that was partitioned using standard window-
ing techniques (like in the STFT). The resulting features can be used to estimate
a smoothed spectral envelope that is robust to small intra-class changes, but loses
information [15].

Unlike the Fourier transform (which decomposes the signal into sinusoidal waves
of infinite length), the Wavelet Transform (WT) encodes the exact location of the
individual components. The Fourier transform encodes the same information as the
phase component, but this is usually discarded in the standard MFCC feature set.
This means that Fourier-based methods are very good at modeling harmonic signals,
but are very weak at modeling sudden changes or short-term instabilities of the signal
— something that the WT seems to deal with very well. The WT begins by defining
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a family of dilated signals known as wavelets. A single mother wavelet 1 (t) is ex-
panded to a dictionary of wavelets v, , translated to u and scaled by s, using the

formula:
sl = 0 () )

These wavelets are then used to decompose the input signal by using a convolution
operator (denoted by < - >):

Wf0.s) =< o >= [ 10520 (1) a )

The Scattering Wavelet Transform (SWT) [15] works by computing a series of
Wavelet decompositions iteratively (the output of one decomposition is decomposed
again), producing a transformation which is both transformation invariant (like the
MFCC) and experiences no information loss (proven by producing an inverse trans-
form — something which cannot be done using MFCC without loss).

In [1], the SWT is used in the problem of phoneme classification and musical
genre recognition. The paper also points out a similarity between the multilayer
structure of the SWT and other deep structures, such as the Convolutional Neural
Network [12]. This would hint at a certain level of redundancy of using DNNs with
SWT features, but [6] demonstrates that certain improvements can still be achieved
using better classifiers, and this paper intends to explore this.

2.2. Unsupervised feature learning

Training an Artificial Neural Network (ANN) with multiple layers (i.e., more than 2
or 3 hidden layers) using backpropagation does not fully utilize its theoretical capa-
bilities. This is caused by the weakness of the gradient descent optimization method,
where gradients that are computed by backpropagation rapidly diminish in magni-
tude as the depth of the network increases. As a result, the final layers don’t receive
meaningful training data [7]. This problem was well known and has been studied for
decades. It was especially troubling that a Multi-Layer Perceptron often performed
worse than its shallow counterparts (e.g., SVM) even though its expressiveness was
theoretically more powerful.

A breakthrough happened in 2006 when G. E. Hinton introduced a fast-learning
algorithm for training, which he named Deep Belief Networks [10]. This method uses
a greedy layer-wise training to train one layer at a time in an unsupervised manner.
This step is called pre-training, and its aim is to prepare the weights of the model
in such a way that they better represent local feature states. Following this, the
final fine-tuning of the weights using labeled data creates a model which performs far
better than one that is trained on randomly-initialized weights alone.

This unsupervised pre-training approach started a new research trend called
“deep learning.” Deep learning takes advantage of unlabeled data to learn a good
representation of the features space [2] — each layer representing another abstraction
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of the features pre-trained from a previous layer. Layer-wise, bottom-up pre-training
(one layer at a time) is possible by incorporating Restrictive Boltzman Machines
(RBM) or Autoencoders (AE) [3]. Stacking RBMs or AEs (as features detectors)
forms a “deep structure” which can be fine-tuned using gradient-based optimization
methods with respect to labeled data (i.e., supervised training).

2.3. Sparse Autoencoders

An Autoencoder (AE) is an ANN with an odd number of hidden layers, where the
number of units in the output layer is set to be equal to the number of units in the
input. In other words, AEs try to reconstruct the input at the output passing data
through hidden layers. To ensure that the mapping is non-trivial, various constraints
can be used to force the network to learn useful representations of the data. When
the number of units in the hidden layer is smaller than the input, the AE learns
a compressed form of the data, similar to the Principle Component Analysis (PCA).
Unlike PCA, however, the learned compression is non-linear and more robust. If we
use more hidden than input units, the AE can still learn meaningful representations
of the data [3], provided it uses proper constraints.

One of the constraints that can be applied to AE training is trying to reconstruct
the input from its corrupted version. This is the basic idea behind Denoising Autoen-
coders [23]. Another type of AE (used in this paper) is the Sparse Autoencoder (SA).
[18, 13]. The idea behind it is to enforce activations of hidden units to be close to zero
for most of the time during training. This can be achieved by applying the measure
of Kullback-Liebler Divergence (KL) to the cost function:

KL:plog%—i—(l—p)log(i:g) (3)
Juparse(W,6) = J(W,b) + B K L(pl[) (1)

KL measures the difference between the two distributions: p, which represents
the average activations of hidden units over the training set, and p, which represents
the target distribution. Jsparse(W, ) denotes the sparse cost function with respect to
weights W and biases b. Because we want to keep hidden units inactive most of the
time, the target distribution should be set close to zero. In our experiments (described
below), the target distribution p was always set to 0.1. In other words, we wanted
to enforce p = p. In order to penalize an average activation of hidden units which
deviates too much from its target value of p, a special penalty term S is introduced
to control the weight of the sparsity term.

2.4. DNN implementation

A neural network with mini-batch stochastic gradient descent (SGD) was developed
in Matlab. The core of the code was written according to the guidelines presented in
CS294A Lecture notes [16]. Additionally, the part of the code responsible for gradi-
ent calculation is compatible with the minFunc function that uses the L-BFGS [20]
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optimization algorithm. This algorithm uses a limited amount of computer memory,
and was used in this paper for training the Autoencoders to improve training speed.
The code, besides having an implemented square-error cost function, was extended
to operate on cross entropy error [4] and to use momentum. The regularization term
of |[W||?* was added to the cost error function, for the purpose of decreasing the mag-
nitude of the weights and help to prevent overfitting. As a weight initialization for
training AEs and NNs (in the case of experimenting without pre-training phase), we
used a random uniform distribution U from the range described by formula 5, as it is
recommended in [7]. The ny;sipie and npiqgen denote the number of visible and hidden
units in a given layer.

6 6
Winit =U [—\/ ; \/ (5)
Nyisible T Nhidden Nyisible T Nhidden

3. Data preparation

Two databases were used in the experiments. First is the well-known GTZAN dataset
[22], consisting of 1000 musical files that are each 30 seconds long. They are cate-
gorized into 10 genres with 100 musical pieces per category (rock, blues, classical,
country, disco, hip-hop, jazz, metal, pop, reggae). The second data collection was
obtained from the jamendo.com website, which offers music ready to download for
free due to the Creative Commons license. A publicly-available API allowed us to
download over 80,000 musical tracks, together with meta-data in an XML format.
The meta-data contains, among other features, a genre association of each file. There
are three attributes containing this information: “album genre”, “track genre”, and
“tags”. The “album genre” and “track genre” contain ID3 genre names, and “tags”
can contain genres and other information (without restrictions) as annotated by users.

The goal was to create a much bigger database than GTZAN yet organized in
the same manner. From the 80,000 files, only those that belonged to one of the 10
musical genres were taken into consideration. To avoid ambiguities, all of the files
were passed through a couple of filters. Initially, files that had the same values in all
attributes were immediately accepted. This assumption gave the highest probability
that a particular file belonged to the given genre. For the genres that thusly resulted
in less than 1000 musical files (this occurred with blues, country and reggae which are
more specific than pop or rock), the filter was made less restrictive. First, only “track
genre” and “album genre” had to be equal to choose a song (ignoring the tags); if
there were still too few songs, only “track genre” was considered, ignoring the rest of
the attributes. This generated a list of 9966 musical files organized into 10 musical
genres with nearly 1000 track per genre.

Out of each file, a 30-second fragment starting at 30 seconds from the beginning of
the file (to skip the potential problems which occur in the beginnings of some tracks)
was extracted and down-sampled to 22,050 Hz (to match the GTZAN format).

The features were extracted from the files using the ScatNet toolbox. The SWT
transform was computed to the depth of 2, as this was shown as the optimal setting
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in [1]. The first layer contained 8 wavelets per octave of the Gabor kind, and the
second had 2 wavelets per octave of the Morlet type. The window length was set
to 740ms. After the transformation, we obtained 81,052 training examples from

GTZAN and 802,925 training examples from the JAMENDO database — each with
747 features. The resulting databases can be acquired by contacting the authors.

4. Experiments

One of the goals of the experiments was to determine if the JAMENDO database could
be used as an additional source of data for pre-training the DNN. We assumed that
this data was completely independent from that in GTZAN, which was used for fine-
tuning. In the first step, each SAE was trained using the songs from JAMENDO. The
SAEs were trained with the L-BFGS optimizer for 300 epochs. When the training of
the first SAE finished, the new data representation was derived by feeding the original
data through the SAE’s hidden layer. This representation was used for pre-training
the second SAE and so on, until the whole DNN was pre-trained. This process of NN
pre-training is illustrated in Figure 1.

1000

w2’
X | 747 747
w1’ ’7 w2 w2
‘ 1000 ‘ 1000 1000
w1 —T w1
‘ X (747) ‘ ‘ X (747) ‘
|| |
Pre-training layer-by-layer Fine-tuning with backpropagation

Figure 1. The process of pre-training the two hidden layers is illustrated. Two SAEs are

trained. The weights from the encoder parts (W1 and W2) are used to initialize the final

NN. Finally, the whole structure is fine-tuned using backpropagation, with the cross-entropy
cost, function.

To estimate the strength of the sparsity constraint [ for the SAE, logistic regres-
sion was trained on the SAE representation derived from the GTZAN. The highest
accuracy in this test determined the parameter [ for the final SAE training. In each
case, the target distribution of hidden activation p was set to 0.1.

Our experiments were based on pre-training and fine-tuning different topologies
of neural networks. The GTZAN songs were randomly shuffled and divided into
10 folds for cross-validation (CV) tests. During CV, one fold was always reserved
for validation and didn’t take part in training. Its error rate was monitored during
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training to determine the early stopping criterion. The training was terminated when
the cost value on the validation set didn’t decrease by more than le — 4.

Before training, the data was standardized to achieve zero mean and a standard
deviation of 1. The mean and standard deviation were calculated once in each fold
and then used to standardize a test and validation set. Maximum voting was used to
predict the label (genre) of the whole track in the test set. Classification error rates
were averaged over all 10 folds. The final DNN had a topology consisting of 1,000,
747, 625, and 1,000 units in individual hidden layers respectively (see Table 1). The
input vector had 747 dimensions. A log-sigmoid transfer functions were used in the
DNNs and SAEs.

Table 1
Results after performing 10 fold CV on different topologies of DNNs pre-trained using SAEs.
The results were determined by early-stopping. The experiment with the asterisk used
momentum and a larger batch size.

Topology Error %
747/1000,/747/625/1000/10 1.1
747/1000/747/625/1000/10% |  10.8
747/1000,/747/625/10 10.9
747/1000/747/10 9.8
747/1000,/10 12.1

Some additional experiments were also performed. A single fold of data was
trained through 200 epochs. We plotted the changes of cost values for different topolo-
gies of NNs. Figure 2 presents the NNs with no pre-training whilst Figure 3 shows
NNs with pre-training using SAEs. The experiments were performed with the fol-
lowing settings in both cases: learning rate: 3e—2; batch size: 80, momentum: 0.5,
regularization: le—4.
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Figure 2. Validation set cost value of the network without pre-training on one fold of data.
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Figure 3. Validation set cost value of the network with pre-training on one fold of data.

Experiments were performed on a computer with 8 CPU threads (Intel i7 3820
3.6 Ghz) and also on an NVidia GeForce GTX TITAN Black GPU. The experiments
used about 3 GBs of memory. Moving the calculation on the GPU improved the
calculation slightly, but further code optimization is required for more significant
improvements.

5. Conclusions and discussion

In our previous paper, we showed that adding more layers to the MLP does not
improve the accuracy of genre recognition, and may even diminish it if the number
of parameters becomes too high [11]. Using a hidden layer that was pre-trained with
an SAE did improve the accuracy, however.

The purpose of the experiments in this paper was to examine whether pre-training
using SAE improved the genre recognition in more than one hidden layer. This is
the basic principle for building a DNN that has been proven to work for many tasks,
including genre recognition [9]. The difference in our work is the utilization of SWT,
which already outperforms many of the other approaches, including the DBN men-
tioned earlier.

The fine-tuning by using gradient descent didn’t always improve the final network
error rate. The best result was obtained with two hidden layers (9.8% error rate),
but we weren’t able to reproduce this improvement for other topologies with higher
number of layers.

The graphs in Figures 2 and 3 demonstrate this problem very well. The network
that didn’t use pre-training achieved its minimum cost very early in the training
(around 20-30 epochs) and didn’t improved that score after that. It seems to over-fit
quickly and converges to a worse value than achieved in 20-30 epochs. The shape
of the cost for the network with pre-trained weights, however, has a much different
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shape. Not only is the over-fitting much less pronounced, but the network seems to
generally improve much better than its randomly-initialized counterpart.

One of the reasons for our results may be the early stopping strategy that we
employed in our experiments. The problem with having such a small corpus is that
small differences in training can cause large jumps in the test error rate, and the error
rate is poorly correlated with the network loss. Some initial experiments showed that
training the network for much longer than the early stopping suggested could improve
the error rate significantly, but we are not sure about the objectivity of such a result.

Nevertheless, even if the end result could be improved in individual layers, it
seems that when comparing the results between layers, adding more layers to the
DNN simply doesn’t improve either the network cost or the error rate in any of the
training, validation, or test sets. It is not clear whether this is the consequence of
using the SWT features or an issue with the training methodology.

More tests are planned for this problem, especially with respect to the early stop-
ping issue mentioned above. Different methods of pre-training also need to be tested;
for example, de-noising AE and RBMs. Finally, attempts at studying the feature-
space in a spatio-temporal manner could enable completely different approaches to
this problem. The current system models the problem in the feature-space of indi-
vidual frames describing the spectral content of the sound at a certain point in time,
completely disregarding the temporal aspects of the signal (i.e the change of frequen-
cies in time). It is likely that analysing several samples at once will allow the system
to recognize certain temporal patterns in the signal. Furthermore, such methods as
Convolutional Neural Networks have shown very promising in analysing 2-D signals
and would be worth investigating here as well.
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Abstract. The paper utilizes Convolutional Neural Network (CNN) for
preliminary screening of cardiac pathologies by classifying the signal of
heartbeat, recorded by digital stethoscope and mobile devices. The Scat-
tering Wavelet Transformation (SWT) was used for the heartbeat repre-
sentation. The experiments revealed the optimum concatenation size of
SWT windows to obtain the state-of-the-art in the majority of metrics,
coming from the PASCAL Classifying Heart Sounds Challenge.

Keywords: Heartbeat classification, Convolutional Neural Network, Scat-
tering Wavelet Transformation

1 Introduction

The World Health Organization (WHO) states that mortality from heart disease
is a plague of the 21st century. Annually, 17.5 million people die due to cardio-
vascular diseases.! In Poland, the Central Statistical Office (GUS)? reports that
cardiovascular diseases are also the most common cause of mortality which states
to be 46% of all deaths in Poland. Therefore, early diagnosis becomes a huge
challenge for the medical community in the field of implementation of preventive
care, also in Third World countries where the access to medical care and medical
devices is limited.

Every effort to delay or prevent the morbid events is worth considering. Cor-
rect assessment of the heart function, recorded by electrocardiogram (ECG), at-
tracts more attention from the community of computer scientists [1,14, 15, 17].
Convolutional Neural Networks (CNN) have found their application for ECG
data classification. The Arrhythmia Detection (AD) is the most popular field of
research among the cardiology fields. The comprehensive survey of ECG-based
heartbeat classification for AD is carried out in [12]. They report that a lot of

! http://new.who.int/news-room/fact-sheets/detail/
the-top-10-causes-of-death

2 https://stat.gov.pl/obszary-tematyczne/ludnosc/ludnosc/
statystyka-zgonow-i-umieralnosci-z-powodu-chorob-ukladu-krazenia,
22,1.html



research rely on publicly available MIT-BIH? database (which is recommended
by ANSI/AAMI [7] for validation of medical equipment) and AHA.* However,
the main disadvantage of using popular benchmarks is that they do not rep-
resent very big volume of data, what in the domain of deep learning could be
utilized efficiently and could presumably boost performance results. This is ex-
actly what Andrew Ng’s scientific group did. They obtained state-of-the-art in
both recall and precision in cardiology performance using CNN with 34-layers
and the dataset with more than 500 times of data than the previously studied
corpora [16]. In another paper [14], the authors used CNN and a large volume
of raw ECG time-series data to obtain the feature representation for identify-
ing patients with paroxysmal atrial fibrillation (PAF) (life threatening cardiac
arrhythmia). They experimentally verified that the learned representation can
effectively replace the user’s hand-crafted features, as CNN learned the key ones,
unique to the PAF. They have also conducted the comparison with several con-
ventional machine learning classifiers and indicated that combining the learned
features with other classifiers significantly improves the performance of the pa-
tient screening systems. Their findings were verified by many researchers who
claim that the problem of ECG classification heavily depends on the appropriate
features that represent the data [16,15,17].

The Wavelet Transform (WT) is very often used by researchers for represent-
ing ECG signals [8,11,10]. The WT allows information extraction from both
frequency and time domains, different from what is usually achieved by the
traditional Fourier transform, which permits the analysis of only the frequency
domain [6]. Within the types of WT, the Discrete Wavelet Transform (DWT)
is the most popular [10]. Apart from the DWT, Continuous Wavelet Transform
(CWT) has also been used to extract features from the ECG signals [2], since it
overcomes some of the DWT drawbacks, such as the coarseness of the represen-
tation and instability.

This paper extends these methods by using Scattering Wavelet Transform
(SWT) [3] as it was not used so far for the problem of heartbeat classification,
especially with the data coming from the PASCAL Classifying Heart Sounds
Challenge[4]. In [20], the authors classified this data directly from its Fourier
transformation with CNN, omitting the segmentation phase to detect the fun-
damental physical characteristics of the heartbeat (WSCNN). Similar approach
is presented in [5] where the authors described the framework based on the au-
tocorrelation feature and diffusion maps, that are further provided to the SVM
classifier (SVM-DM). Another paper describes a scaled spectrogram and par-
tial least squares regression (SS-PLSR) for classifing the hearbeat signal [21]. In
[22], they used tensor decomposed features (SS-TD) for the same purpose. All
the results from these papers are aggregated in Table 2. The method described
in this paper is abbreviated to CSWT for convenience.

The paper is organized as follows. Section 1 presents the recent works and
introduction to the field. In Section 2 the data and pre-procesing are described.

3 http://ecg.mit.edu/
4 http://www.ahadata.com/



The Section 3 contains the description of performed experiments. Finally, the
results and conclusions are presented in Sections 4 and 5 respectively.

2 Data Description and Pre-processing

Two datasets were provided for the PASCAL Classifying Heart Sounds Chal-
lenge [4]. Dataset A comprises data recorded by iPhone app called iStethoscope.
Dataset B comprises data collected from a clinical trial in hospitals using the
digital stethoscope DigiScope. The data was gathered in real-world situations
and frequently contained the background noise such as speech, traffic, brush-
ing the microphone against cloth or skin etc. The audio files were of different
lengths, between 1 and 30 seconds. Datasets were divided into training and test-
ing sets with 4 categories for Dataset A (Normal, Murmur, Extra Heart Sound
and Artifact) and 3 categories for Dataset B (Normal, Murmur and Extrasys-
tole). Table1 contains statistics of both datasets used in the experiments. The
meaning of the categories is described in [19] in more detail.

The audio files were re-sampled to the equal value of 22050Hz in both Datasets.
The high-pass filter was applied below 200Hz as the heartbeat information exists
in the low frequencies.

Table 1. The number of files in Dataset A and B with respect to categories

Dataset A, 44100Hz, 16bit | Dataset B, 4000Hz, 16bit
Category train |test |Category train |test
Normal 31 14 Normal 200 136
Murmur 34 14 Murmur 66 39
Extrasound |19 8 Extrasystole |46 20
Artifact 40 16 - - -

In this paper, the SWT was computed to a depth of 2 with 8 wavelets per
octave of the Gabor kind in the first layer and 2 wavelets per octave of the Morlet
type in the second layer. The author decided to use the same settings as used for
Automatic Genre Recognition [3], assuming that music and heartbeat share the
similar subset of structures (like sudden changes and short-term instabilities)
which can be well captured by SWT [3]. The longest SWT window length T" was
0.74s. The two additional window lengths were half size of the previous ones:
T = 0.37s and T = 0.185s. Eventually, the data was standardized to have zero
mean and unit variance.

3 Experiments

The experiments were on training CNNs to classify the real heartbeat recordings
described in Section 2. The use of the three SWT window lengths was evaluated:



T =0.74s, T = 0.37s and T = 0.185s. Training and testing examples were con-
structed by the concatenation of several SWT windows into frames. The overall
frame length was not longer than the shortest testing file (1.75s for Dataset A
and 1s for Dataset B). The frames half overlapped one another within the overall
length of audio file.

The CNN contained 4 convolutional layers with max-pooling layers in be-
tween. The stride value was set to 1lxl, apart from the last max-pooling layer,
where the stride was set to 2x1 in order to reduce the output dimensions from
the previous layer. The detailed architecture of CNN is presented in Figure 1.

Fig. 1. The picture presents the architecture of CNN used for all experiments. The
input size differed depending on the size of the input frames. The numbers below
the name of layers indicate: the number of filters @ height x width of the filters.
Furthermore, the instance of input frame is presented (603x6x1) together with the
size of output from each subsequent convolutional layer. The instance of input frame
represents the concatenation of six SWT windows with 0.185s length each.

max pooling max pooling max poolin dropout
3x2 3x2 o >

7| 7 |
== P Iz

class
number

Input conv1 conv2 conv3 conv4 fully connected
HxWx1 32@9x2 64@7x2 128@5x2 128@9x2 600

603x6x1 input 597x5x32 output 593x5x64 output 587x5x128 output 285x5x128 output

The validation accuracy has been monitored in subsequent epoch during
training. The training was terminated when the validation accuracy has not
been larger or equal to the previously highest accuracy for 10 epochs. The eval-
uation metrics were derived from the state of the network when the accuracy
was the highest. However, the author noticed a slight deviation in results when
running the same experiment several times. To provide a fair comparison, the
final values were averaged after running the same experiment ten times. Addi-
tionally, the author observed that the highest validation accuracy in Dataset B
always occurred after the first epoch. The model becomes over-fitted every time
training is being continued beyond the first epoch.

For the loss function optimization, Adaptive Moment Estimation (ADAM)
was chosen [9] with the following options: 81 = 0.9, 82 = 0.999 and « = 0.0005.
The initial learning rate was reduced by the factor of 0.9 every 5 epoch. The de-
cision of choosing ADAM was dictated by its documented superior performance
over Stochastic Gradient Descent [9]. The majority voting was used to derive



the final category of audio file from the sequence of frame labels, outputted from
the model.

The evaluation follows the same work-flow as used for the PASCAL Classify-
ing Heart Sounds Challenge [4]. The results are compared to those presented in
Table 2. The evaluation takes into account Precision per category, the Youden
Index, the F-score (only for the Dataset A) the Discriminant Power (only for
the Dataset B) and Normalized Precision. The more detailed definitions of the
evaluation criteria are described in [22].

4 Results

The Table 2 highlights the best values for each metric, gathered from the lit-
erature. There is no strong conclusion which method overcomes the other ones
in all possible aspects. However, the Normalized Precision (NP) can be treated
as a good comparative determinant as it aggregates the precision of recognizing
all heart categories together, taking into account the imbalanced number of files
in each category. The highest value of NP in the Dataset A (0.80) was possible
to obtain by representing the data with the concatenation of six SWT frames,
0.185s long each. In turn, in the Dataset B, the best value of NP (0.75) belongs
to the concatenation of two SWT frames, 0.37s long each. In both cases the NP
exceeds all the other results reported so far (see Table 2).

Table 2. The table presents the results on the Datasets A and B, gathered from
the literature: SS-PLSR [21], SVM-DM [5], SS-TD [22], WSCNN [20]. The method
proposed in this paper is abbreviated to CSWT. The values in column CSWT also
contain the standard deviation from the results being averaged after running the same
experiment ten times.

Results on Dataset A
Evaluation criteria SS-PLSR SVM-DM SS-TD WSCNN CSwT
T=0.185s, 6F
Precision of Normal (PN) 0.60 0.62 0.67 0.61 0.57 +0.03
Precision of Murmur (PM) 0.91 0.91 1.00 0.91 1.00 40.00
Precision of Extra Heart Sound (PE) 0.44 1.00 0.43 0.50 0.57 +0.19
Precision of Artifact (PA) 0.94 0.64 0.80 0.94 0.94 19.05
Artifact Sensitivity (ASe) 1.00 1.00 1.00 1.00 0.80 +0.20
Artifact Specificity (ASp) 0.64 0.58 0.64 0.67 0.66 Lg.03
Youden Index of Artifact (YIx) 0.64 0.58 0.64 0.67 0.66 10.03
F-score (FS) 0.30 0.31 0.30 0.67 0.30 +0.02
Total Precision (TP) 2.89 3.17 2.90 2.96 3.07 +0.19
Normalized Precision (NP) 0.76 0.76 0.76 0.77 0.80 10.03
Results on Dataset B
Evaluation criteria SS-PLSR SVM-DM SS-TD WSCNN Sfx’f -
Precision of Normal (PN) 0.76 0.77 0.83 0.81 0.78 +o.01
Precision of Murmur (PM) 0.65 0.76 0.70 0.67 0.96 10.05
Precision of Extrasystole (PE) 0.33 0.50 0.15 0.14 0.15 10.33
Heart Problem Sensitivity (HPSe) 0.34 0.34 0.49 0.51 0.34 10.04
Heart Problem Specificity (HPSp) 0.90 0.95 0.84 0.80 0.99 10.01
Youden Index of heart problem (YIxp) 0.24 0.29 0.33 0.31 0.33 10.03
Discriminant Power (DP) 0.36 0.54 0.39 0.34 1.39 40.01
Total Precision 1.75 2.03 1.68 1.62 1.89 10.35
Normalized Precision (NP) 0.69 0.74 0.74 0.71 0.75 10.04




Analyzing each metric separately, we can conclude that the proposed method
(CSWT) performs very well in recognizing Murmur. The method returns the high
values of PM in both Datasets (1.00 on the Dataset A and 0.96 on the Dataset
B), resulting the state-of-the-art in this metric, especially on the Dataset B (see
Table 2). The DP evaluates how well the algorithm distinguishes between normal
and problematic heartbeats (Murmur and Extrasystole categories combined).
The high value of PM boosted the DP to the value of 1.39 and the HPSp to the
value of 0.99, resulting the state-of-the-art also in these metrics on Database B
(see Table 2).

Table 3. The first table presents the evaluation results on the Dataset A: Precision of
Normal (PN), Precision of Murmur (PM), Precision of Extrasound (PE), Precision of
Artifact (PA), Artifact Sensitivity (ASe), Artifact Specificity (ASp), The Youden Index
of Artifact (YIx), F-Score of Heartproblem (FS), Total Precision (TP) and Normalized
Precision (NP). The second table presents the results on the Dataset B: The Sensitivity
of heart problems (HPSe), The Specificity of heart problems (HPSp), The Youden
Index of Heartproblem (YIxp), Discriminant Power (DP). The columns refer to the
SWT window size T" and the number of concatenated frames F'.

Results on the Dataset A
\ [ T=0T74s | T =0.37s [ T = 0.185s |
| [1F 2F [1F 2F iF [1F 2F iF 6F 8F |

PN 0.49 0.52 0.57 0.58 0.55 0.53 0.57 0.56 0.57 0.54
PM 0.82 0.86 0.98 0.96 0.90 0.82 0.95 0.97 1.00 0.90
PE 0.43 0.35 0.47 0.46 0.50 0.43 0.49 0.64 0.57 0.54
PA 0.96 0.95 0.93 0.90 0.94 0.92 0.92 0.89 0.94 0.94
ASe 0.8 0.8 0.80 0.96 0.8 0.75 0.84 0.8 0.8 0.8

ASp ]0.57 0.57 0.65 0.64 0.62 0.57 0.64 0.64 0.66 0.62
YIx 0.57 0.57 0.65 0.64 0.62 0.56 0.64 0.64 0.66 0.62
FS 0.28 0.27 0.30 0.30 0.30 0.27 0.30 0.31 0.30 0.29
TP 2.70 2.69 2.95 2.91 2.89 2.7 2.92 3.05 3.07 2.92
NP 0.71 0.72 0.77 0.76 0.76 0.71 0.77 0.78 0.8 0.76

Results on the Dataset B
\ [T=0.74s] T=0.37s | T=0.185s \
| [If [If 2f [Tf 2f af |

PN 0.79 0.77 0.78 0.75 0.76 0.76
PM 0.85 0.88 0.96 0.90 0.92 0.86
PEs |0.21 0.14 0.15 0.07 0 0.12
HPSe [0.39 0.33 0.34 0.24 0.27 0.29
HPSp [0.96 0.96 0.99 0.98 0.99 0.98
YIxp |0.34 0.28 0.33 0.22 0.25 0.26
DP 0.66 0.63 1.39 0.77 0.84 0.8

TP 1.84 1.80 1.89 1.72 1.79 1.68
NP 0.74 0.73 0.75 0.71 0.72 0.71

The model’s ability to detect Artifacts from the heartbeat signal is important
to inform the user to repeat the recording and avoid failure. Interestingly, the
state-of-the-art in the PA (0.96) is possible to obtain with the use of only one
and wide singular SWT window, 0.74s long (see Table 3). It might be caused
by the high ability of SWT to capture more short-term instabilities (that exist
in the Artifacts) with a wider window [13]. The high ability of avoiding failures



is highlighted by the high value of YIx on the Databaset A (see Table 3). This
finding can guide the future solutions to treat the Artifact recognition differently
than other categories.

However, there is still room for improvement of Precision of Normal, Precision
of Extra Heart Sound and the Precision of Extrasystole. The highest values still
belong to the other methods (see Table 2)

5 Conclusions

In this paper Convolutional Neural Network is utilized for preliminary screen-
ing of cardiac pathologies by classifying the heartbeat signals recorded by the
digital stethoscope and the mobile phone. The Scattering Wavelet Transforma-
tion (SWT) is used to represent the data coming from the PASCAL Classifying
Heart Sounds Challenge. The experiments reveal the optimum concatenation
size of SWT windows to obtain the state-of-the-art in the Normalized Precision,
Precision of Murmur, Precision of Artifact, Heart Problem Specificity and Dis-
criminant Power. However, the Datasets used for these experiments are quite
limited in terms of the number of training and testing examples. The Phys-
ioNet/Computing in Cardiology Challenge 2016 (CinC)® addresses this problem
by assembling the largest public heart sound database, aggregated from eight
sources obtained by seven independent research groups around the world. The
author plans to run CSWT method on that data and aims to fully validate the
findings by running additional experiments and incorporate comparative statis-
tical inference.

As it is pointed out in [18], data captured with off-the-person based de-
vices (like mobile and wearable devices or electronic stethoscopes) can be highly
correlated to those captured with traditional on-the-person based equipment
(ECG systems). The author believes that the off-the-person approach is worth
to further research as it can extend preventive medicine practices by allowing
the heartbeat monitoring without interference on daily routine. It could help
people to avoid serious problems and hopefully significantly improve the health
statistics.
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Abstract

The aim of this paper is to investigate the influence of personality traits,
characterized by the BFI (Big Five Inventory) and its significant revision called
BFI-2, on music recommendation error. The BFI-2 describes the lower-order
facets of the Big Five personality traits. We performed experiments with 279
participants, using an application (called Music Master) we developed for music
listening and ranking, and for collecting personality profiles of the users.
Additionally, 29-dimensional vectors of audio features were extracted to describe
the music files. The data obtained from our experiments were used to test several
hypotheses about the influence of personality traits and the audio features on
music recommendation error. The performed analyses take into account three
types of ratings that refer to the cognitive-emotional, motivational, and social
components of the attitude towards the song. The experiments showed that every
combination of Big-Five personality traits produces worse results than using
lower-order personality facets. Additionally, we found a small subset of
personality facets that yielded the lowest recommendation error. This finding can
condense the personality questionnaire to only the most essential questions. The
collected data set is publicly available and ready to be used by other researchers.

Keywords: music recommendation systems; personality traits; the Big Five
Inventory-2; collaborative filtering

Introduction

The volume of music data uploaded to the Internet has increased radically. The
expanding number of music collections, mobile access to audio files and streaming
services pose challenges to finding appropriate songs. Today, thanks to the popu-

B Pandora ¥ or

larity of streaming services such as Spotify [, Last.fm 12!, Tidal
Qobuz ®!, music discovery and recommendation systems have become much more
popular than they were several years ago. Most of these services are hybrid systems
(HS) that combine collaborative filtering (CF) and content-based (CB) approaches.

CF analyzes the community’s ratings to conclude one’s musical preference. The
underlying assumption is that if a person A highly rates the same music as person
B, then the system is more likely to recommend to user A songs unheard by A from
the music pool of user B than that from any randomly chosen user [1, 2]. Although

this approach is widely adopted and computationally fast, it has limitations. First,

[1]http://www. spotify.com
[PIhttps://www.last.fn/
3] http://www.tidal.com

(4] https://www.pandora.com/

(5] http://www.qobuz.com
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CF assumes that musical taste is fixed and does not change over time, which is not
always true [3]. Another limitation is the tendency to recommend popular music
over those pieces that have few ratings. Individual and unique preferences have no
chance of being discovered by this algorithm. Therefore, the most critical obstacle
is the Cold-Start (CS) problem [4].

The CS problem occurs when the system has not yet gathered sufficient informa-
tion about the user or item to infer precise recommendation. One of the strategies for
tackling this problem is to resort to the user’s contextual data (e.g. social network),
in order to enrich rating profiles. The enhanced information about the user can
be further used for clustering ”similar” users and personalize the recommendation
[5—7]. The user personality is a special case of such contextual data. The assump-
tion is that people with similar personalities have similar interests and behavioral
patterns [8], so they will also rate the music in a similar way. Personality can be
derived implicitly from social networks [9] or explicitly from users [10]. The latter
is obtained by asking the user to answer a list of personality questions. However,
the personality questionnaires are well established in the psychology field, but not
for recommendation systems. Additionally, they may be very long (some of them
contain even 240 items [11]). Therefore, in this paper we also want to address this
problem and select only the most relevant personality traits for making recommen-
dations. This approach allows reducing the number of personality questions, and
presumably increasing the satisfaction from using the system.

The CB approach can also alleviate the CS problem. It focuses on the content of
items, which can be the meta-data or audio features. In this case, a single song’s
rating from the user is enough to calculate the similarity of that song’s features to
the others and to make the recommendation. However, it leads to the recommenda-
tions that are ”too similar”, without a chance to surprise the user (low serendipity).
Hybridizing these two approaches (i.e. CF and CB) can give satisfactory results.
The hybrid approach is used today by large companies like Spotify or Pandora. The
significant contribution to this field comes from adopting Deep Learning (DL) [12-
14], which allows automatic feature extraction from audio signals [15], or learning
latent factors from user-item rating data [16, 17].

However, the factors that influence musical taste vary among individuals. There-
fore, music information retrieval systems need to go beyond these approaches to
deliver better recommendations. The type of music that one wants to listen to de-
pends not only on listening history but also on one’s current disposition, activity,

as well as health condition, education, gender, and musical training [18-21].

Factors Underpinning Musical Preferences
A positive correlation between a specific situation (context) and the preference for
the music exists [18, 21]. It is possible to track the listener’s context (e.g. time [22],
weather [23], location [24]) and derive the musical taste in that context implicitly
[25-27]. In the works [3, 28, 29], the authors utilized the surrounding environment
(e.g. noise, time, light, and weather) to suggest music.

Other essential factors that influence musical preferences are emotions [20]. While
listening to music, people want to relieve stress, change or match their current emo-

tions with those expressed by the music. Descriptions exist on how to communicate

Page 2 of 23
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emotions via musical structure and how our emotions are influenced by listening
to music [30]. Tracking the listener’s emotions can help to improve the quality of
a recommendation [31]. It is usually achieved implicitly by tracking the context,
such as keywords from an extensive collection of documents written by users [32],
or extracting the users’ texts from social networks [33, 34]. Another approach is
to derive emotions from the user’s face using the inbuilt camera of a mobile phone
[31, 35] or from the signals obtained via wearable physiological sensors [36]. Con-
sequently, research on Context-Aware Music Recommendation Systems (CA-MRS)
has gained importance in recent years [37].

However, musical preferences depend not only on the way people regulate their
emotions, and current situation, but also on their personality [38]. For example,
people who are neurotic (i.e., have low emotional stability) are more likely to use
music to foster emotions [20]. Conversely, people who are conscientious and low in
creativity (low open-mindedness) are more likely to use music for emotional change
and emotional regulation [39]. The systems that incorporate the user’s personality
into the recommendation process are called Personality-Aware Music Recommen-
dation Systems (PA-MRS) and are a branch of the CA-MRS [40].

In 2003, Rentfrow and Gosling [41] empirically found the relationships between
personalities and musical preferences. Namely, reflective, complex music (e.g. blues,
jazz or folk) and intense and rebellious music (e.g. rock, alternative or heavy metal)
are positively related to Openness to experience. On the other hand, upbeat and
conventional music (e.g. country or pop) negatively correlates with Openness, but
it positively correlates with Extraversion, Agreeableness and Conscientiousness.
Finally, energetic and rhythmic music (e.g. hip-hop, dance or electronic) is posi-
tively correlated with Extraversion and Agreeableness. Classical music positively
correlates with Neuroticism [42]. In 2011, Rentfrow et al. in [43] provided an im-
proved description of musical preferences. Their findings demonstrate a latent five-
factor structure underlying music preferences (further called MUSIC factors): Mel-
low (comprising smooth and relaxing styles), Urban (defined largely by rhythmic
and percussive music), Sophisticated (includes classical, operatic, world music, and
jazz), Intense (defined by loud, forceful, and energetic music) and Campestral (com-
prising a variety of various styles of direct and rootsy music, often found in country
and singer-songwriter genres).

In [44] Bansal and co-authors confirmed that the music genre relates to the Big
Five personality traits. They analyzed a global music-download database consist-
ing of millions of entries with music metadata describing people downloading songs
onto Nokia mobile phones. They showed that many genres in people’s music col-
lections are positively associated with Openness and (unexpectedly) Agreeableness,
suggesting that individuals with high Openness and Agreeableness have broader
musical tastes than those with high levels of other personality traits. The outcomes
also aligned with literature showing that individuals who prefer jazz and folk score
highly in Openness [45]. Such persons also tend to avoid genres like pop [46]. Since
the level of Openness is related with the level of 1Q [47], the findings above also
find confirmation in the work of [48]. The authors indicate that people with higher
IQ tend to prefer reflective and complex (e.g. jazz, classical, folk, blues) to upbeat
and conventional music (e.g. pop). It is because the complex and reflective music
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is more likely to suit those who seek intellectually stimulating experiences. These
people use music in rational or intellectual rather than emotional ways, implying
higher levels of cognitive processing.

In [42] the authors indicate strong positive correlations between Neuroticism and
classical music preference. Interestingly, they did not find Conscientiousness, Ex-
traversion, or Neuroticism to be predictors of genre exclusivity. However, in [49]
the authors analyzed a large dataset consisting of music listening histories and per-
sonality scores of 1415 Last.fm users. Their results corroborate the prior work, but
also show a negative correlation between Conscientiousness and folk music. They
also report positive correlations between Extraversion and such genres as R&B or
rap, between Agreeableness and country or folk, and also between Neuroticism and
alternative music.

However, musical genre is a conventional term and often the border between
different musical genres is quite blurry. The authors in [50] investigated how different
musical taxonomies (e.g. mood, activity, genre) influence the user experience and
satisfaction of using music streaming services. Their findings are correlated with
the Big-Five personality traits. They also describe the link between the musical
expertise of the listener and the number of categories within the given taxonomy.
Their outcomes show that musically sophisticated users (e.g. experts) enjoy using
the system more when exposed to a broader set of categories. This is also confirmed
in [51], where experts enjoyed the music more when having a more diverse choice
of categories.

Still, there is a need to describe the link between personality and music in a more
quantitative way. Such an approach is presented in [52]. The authors correlated such
audio features as dynamics, mode, register, and tempo with the Big Five. They have
also shown that slow tempo is rated higher by listeners high in Conscientiousness,
major mode is preferred by persons low in Conscientiousness but high in Extraver-
sion, and piano dynamics are rated higher by listeners high in Openness. In general,
audio features are expressed in a quantitative way and can be used together with
personality traits in PA-MRS. Interesting approach is described in [53], where the
authors are trying to predict the personality trait (Extraversion or Introversion)
on the basis of the audio features of the excerpt by employing several classification
algorithms.

The authors of [54] showed that the recommendation accuracy could be improved
by integrating personality traits. They also demonstrated that the accuracy depends
on the recommendation domain: higher accuracy can be achieved in the movie
domain than in the music domain. In another paper [55], the authors analyze the
influence of personality traits and emotional states (among others) on ratings. They
found that the users with a high degree of Agreeableness rate at least 0.5 stars
higher compared to the users with low Agreeableness (on a rating scale from 1
to 5) [56]. In [57] the authors compared the contribution of personality features
and physiological signals (recorded by a wearable device) to the accuracy of their
recommendation system. They found that the physiological features contributed
less than the personality features.

It is also worth mentioning that users with different personalities show different
preferences, regarding not only the recommendation accuracy, but also such proper-
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ties of recommendation as diversity, popularity, and serendipity [58, 59]. The person-
alization of diversity is described in [60] and used in [61]. The authors demonstrated
increased user satisfaction and recommendation diversity when they personalized
the system according to the user’s personality.

Personality Acquisition

Developing the most efficient acquisition for Music Recommendation Systems
(MRS) is a challenge. The review of personality assessment questionnaires can be
found in [40]. The most popular one is the Big Five Inventory (BFI) questionnaire,
used for Big Five personality acquisition [62, 63]. The Ten Item Personality Inven-
tory (TIPI) is another common option [64]. Generally, the questionnaires vary in the
number of questions that the user is to answer. The TIPI is a very short question-
naire containing only 10 items. However, most questionnaires contain more than 50
items (some even 100, 200 and more). Longer questionnaires provide higher reliabil-
ity, but, at the same time, require more effort from the user. Therefore, researchers
try to acquire personality factors implicitly, e.g. using machine learning techniques
with features extracted from social media streams [9]. The implicit acquisition does
not require any action from the user, but its performance is much worse than ex-
plicit methods. For example, in [65] the authors were able to predict personality
parameters from Twitter within 11%-18% of their actual value, by looking at the
content of the user’s tweets. Thus, the obtained results were very low, which was
also confirmed in [66].

Contribution

We hypothesize that selecting only the most relevant personality traits for doing
recommendations allows for reducing the recommendation error and limiting the
number of questions the user needs to answer. To verify this hypothesis, we aimed
at selecting the most relevant personality traits. In our study, we decided to use
an explicit method for personality acquisition. Since using long questionnaires may
be fatiguing for users, we wanted to find a trade-off between the reliability of the
user personality representation and the length of the questionnaire. We used the
revised version of the BFI (i.e. BFI-2) [67], as it contains 60 items (questions)
and allows to go beyond the Big Five personality traits, by also measuring the
lower-order level (i.e., facets) of the Big Five. We developed an application (called
Music Master) for gathering users’ personality information, listening to music, and
rating it. Based on the data collected from the listening sessions, a memory-based
hybrid music recommendation system has been developed and evaluated in an offline
manner. The memory-based approach allows us to measure (among others) the
similarities between users, in terms of various subsets of their personality traits,
and clearly interpret the recommendation process. The system takes into account
the similarities between users; the similarities are measured using various subsets
of personality traits. Based on the results, we selected only those traits (and their
corresponding questions from the BFI-2 questionnaire) that contributed most to
the system’s performance. To the best of our knowledge, the BFI-2 has not been
used before in any recommendation system. Additionally, we have published the
collected data with ratings, features, and personality traits, to make them available
for further investigations by other researchers.
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Personality

Personality describes how individuals differ in their permanent emotional, interper-
sonal, experiential, attitudinal and motivational styles [68]. Over the past quarter-
century, personality psychology has been dominated by theories of traits. There
are several established and at the same time competing models of personality trait
structure, such as the so-called Giant Three model by Eysenck [69], six-factor HEX-
ACO model [70], or Two-Factor Model of higher-order personality factors [71, 72].
However, the Five-Factor Model, which is also known as the Big Five [11, 62, 73], is
the prevailing conceptualisation of personality structure and its basic dimensions.
According to the Big Five model, most of the significant individual differences in
people’s patterns of thinking, feeling, and behaving are embraced by five personality
domains: Extraversion, Agreeableness, Conscientiousness, Neuroticism (or Negative
Emotionality) and Openness to experience (alternatively labeled Intellect or Open-
Mindedness) [11, 62, 67]. These domains are basic personality dimensions, and each
of them is a quantitative variable with a positive and negative pole (e.g. the neg-
ative pole of Extraversion is introversion, and the negative pole of Neuroticism is
emotional stability).

Most papers focus on the Big Five model [40], possibly because of the ease of
its interpretation and because the results can be expressed quantitatively [74]. A
discussion on the usability of this model in recommendation systems can be found
in [75]. However, in our study, the revised version of the BFI (i.e. BFI-2) [67]
was used. This psychometric model contains scales for the 5 primary domains and
15 subscales, nested within the primary ones (in total 20 personality dimensions,
further referred to as traits). Brief characteristics of primary personality domains,
and a list of their lower-order subscales (further referred to as facets) are given
below:

e Extraversion: characterizes the activity (energy) level, the number of social
interactions and social self-confidence, as well as positive emotionality.

— Sociability, Assertiveness, Energy Level;

e Agreeableness: general disposition toward other people: positive, trustful,

polite, empathic and altruistic vs. negative, antagonistic, and egocentric.
— Compassion, Respectfulness, Trust;

e Conscientiousness: revealed in relation to work, rules and obligations and
characterizes the level of orderliness, dutifulness, as well as perseverance and
diligence.

— Organization, Productiveness, Responsibility;

e Neuroticism: contains negative emotionality, over-sensitivity, volatility and
irritability, as well as vulnerability, lack of resistance to stress, and low self-
esteem.

— Anxiety, Depression, Emotional Volatility;

e Openness: positive (cognitive) attitude towards novelty and both intellectual
stimuli (abstract ideas), as well as aesthetic (or artistic) experiences; vivid
imagination and complex thinking.

— Aesthetic Sensitivity, Intellectual Curiosity, Creative. Imagination

Page 6 of 23



Kle¢ et al.

Music Master Application

MusicMster (=] & ) B vsicaster & e B ==
Logowanie ‘ Logowanie

zaszyfrowanej i nie ma moziiwosci sprawdzenia do

kogo naleza. Ankieta ma charakter anonimowy i

stuzy celom wylacznie naukowym. 9 Ray Montford

World Gone Mad

Ponizej znajdua sie zdania, ktore moga odnosic sie

Ekstrawersja

¢ okreslic towarzyskos¢ 2
skali, w jakim stopniu zgadzasz sie Iub nie pewnosc siebie
2gadzasz z danym stwierdzeniem. poziom energii 2
Login ”

Ugodowosé

wspoiczucie
szacunek 4
zafanie 2

Sumienn

oiganizaca
) produktywnosc
Jestem kims, kto... odpowiedzia

Emocjonalnos¢ negatywna 2.
__ jest towarzyski, kontaktowy niepok6j
depresia

* * * * a gadza zmienno$é emocjonalna >

Otwartos¢ umystu 3
__Jest wspoiczujacy | ma migkkie serce ciekawos¢ intelektualna  +

W e dek deoydowani M

X
Figure 1: The main screens of the Music Master application used in the experi-
ments. The left screen shows the registration process, with 60 questions from the
BFI-2 questionnaire. The middle screen displays the intensity of negative and
positive poles of the personality dimensions. The right screen presents a music
player where the participants can rate the song in terms of three different aspects
(cognitive, motivational and social), using a 5-point Likert scale. The application

is for Polish users, so the user interface is in Polish.

We developed an application to gather the listener’s personality profiles and mu-
sical ratings. The application communicates with the server using the TCP/IP
protocol. The client part is called Music Master (MM). Its User Interface (UT) is
divided into three main views: personality registering, personality visualization, and
music player (see Figure 1). First, the user needs to create an account by assigning
a username and password and then rates the phrases about oneself. The phrases
came from BFI-2, e.g. "I am someone who is outgoing” or "I am someone who is
compassionate” [67]. Next, the personality profile is calculated and presented vi-
sually. When saving, the data is encrypted to ensure anonymity. Setting up a new
account allows the user to start listening to music. The application is prepared to
propose one song at a time or to generate a set of songs as a playlist. However, only
the first option was used for gathering the data described in this paper. The client
part has been written in Action-Script 3.0 in the Adobe Animate CC software. It
allowed easy deployment on various platforms, such as for PC or mobile applica-
tions with Android or iOS operating systems. The server part has been written in
JAVA. Tts role is to communicate with the client and stream audio files. It saves the
music meta-data, audio features, the user’s profiles, ratings, and user actions. The
recommendation engine has been written in Matlab. The 29-dimensional feature
vector represents each song. The description of the features is presented below.

Audio features
There were 29 features calculated from each of the songs: 11 amplitude-based fea-
tures, 6 spectrum-based features, 4 high-level features, and 8 emotion-based fea-
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tures. They were calculated using 50 ms frame length with Hamming windowing
and half-frame overlapping by means of the MIRtoolbox in Matlab [76, 77]. The
values of the audio features were averaged across all the frames within the length of

the audio file. Some features are based on the statistics of occurring sudden bursts of

signal energy that usually corresponds to such events as notes, chords and rhythm

beats. Additional information about each feature can be found in [76-78].

Amplitude-based features

Attack time: the mean, standard deviation, slope, and entropy of the duration
of events’ attack phase, detected in the amplitude of the signal

(AttackTimeMean, AttackTimeStd, AttackTimeSlope, AttackTimeEn-

tropy).

Attack slope: the mean, standard deviation, slope, and entropy of the average
slope of events’ attack phase, detected in the amplitude of the signal
(AttackSlopeMean, AttackSlopeStd, AttackSlopeSlope, Attack-
SlopeEntropy).

Zero crossing rate (Zerocross) is a simple indicator of the noisiness of the
signal. It counts the average number of times that the signal changes sign in
the frame.

RMS measures the global energy of the signal. It is defined as the root mean
square of the energy of the amplitude.

Lowenergy is the percentage of frames that show less than average energy

[79].

Spectrum-based features

Centroid, spread, skewness, kurtosis, flatness, entropy are statistical descrip-
tions of spectral distribution and are described by statistical moments.

— Centroid indicates the center of mass of the spectrum. It has a connec-
tion with the impression of the brightness of a sound. A higher value of
centroid corresponds to a brighter sound (i.e. with more energy of the
signal being concentrated within higher frequencies).

— Spread is the indicator of how a spectrum is spread in the frequency
domain. Noises have a high spectral spread, whereas sounds with isolated
peaks in the spectrum have a low spectral spread. Noisy signals are more
challenging to interpret. Spectral spread is used as an indication of the
dominance of a tone because the spread is low in this case; pitched sounds
have low spectral spread. For complex sounds, the spread increases as
the tones diverge and decreases as the tones converge.

— Skewness measures the symmetry of the distribution. A distribution can
be positively skewed in the case when it has a long tail to the right, while
a negatively skewed distribution has a longer tail to the left. Symmetrical
distribution has a skewness of zero. For harmonic signals, the spectral
skewness indicates the relative strength of higher and lower harmonics.

— Kurtosis measures the flatness or non-Gaussianity of the spectrum
around its centroid. It is used to indicate the ”peakiness” of a spec-
trum. For example, if the white noise is occurring within the signal, then
the kurtosis decreases.
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— Flatness can be used to distinguish between a harmonic (flatness close
to zero) and a noisy signal (flatness close to one for white noise).

— Entropy is low for a spectrum with many distinct spectral peaks and
high for a flat spectrum. Spectral entropy is a measure of signal irregu-
larity.

Higher-level features

e EventDensity estimates the average frequency of events per second.

e PulseClarity estimates the rhythmic clarity, indicating the strength of the
beats [80].

e Inharmonicity estimates the number of partials that are not multiples of the
fundamental frequency. It takes into account the amount of energy outside the
ideal harmonic series.

e Brightness. Although spectral centroid can be used as brightness predictor,
we decided to use an improvement to it, namely to calculate centroid only for
signal energy above a particular frequency; we chose 1500 Hz [81, 82]. This
feature might be used to quantify the sensation of sharpness, related to the
high frequency content of a sound.

Emotion-based features
e Activity, Valence, Tension, Happy, Sad, Tender, Anger, Fear: emo-
tions evoked in music can be described using two paradigms: in terms of five
basic emotions (i.e. happy, sad, tender, anger, and fear) and in terms of three
dimensions: activity (or energetic arousal), valence (a pleasure-displeasure
continuum) and tension (or tense arousal). The output of the predictive model
of emotions, found on the basis of parameters from musical signal [77, 83| gives
the localisation of emotional content within the five basic classes and within

the three dimensions.

The Experiment Setup

In the presented work, 279 participants were invited to take part in the experi-
ment. They were mainly students from the Faculty of Information Technology and
the Faculty of New Media Arts of the Polish-Japanese Academy of Information
Technology. The listening sessions were organized only for volunteers in classrooms
with a small number of students. Each participant was asked to set up an account
with their personality profile in the Music Master (MM) application. It was pre-
ceded by a short presentation about the data encryption in the code because it was
necessary to convince the participants that the research was entirely anonymous.
Over-ear semi-open headphones AKG K-240 were used in the experiments. The
participants were informed that they can listen to as many songs as they want for
at least 10 minutes and they should not perform any other tasks on the computer.
The songs were on Creative Commons license, randomly chosen from the pool of 745
songs downloaded from the magnatune.com website. The details about the pool of
songs used in our experiments are given in Table 1. The participants were informed
that they could skip the song after the minimum 20 seconds of continued listening

(with the option to pause or skip to any desired point) and when the song received
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Table 1: The number of songs per genre used for the experiment

Genre Number of songs | Genre Number of songs
classical 123 world 142

jazz 63 hard rock 113

alternative rock 145 electronic rock 42

electronica 117

ratings. The three types of ratings we gathered denote answers, using a five-point
Likert scale, to the following three questions:
e Q1: How much do you like this song?
— (1) 7I definitely don’t like it”, (2) "I rather do not like it”, (3) "I have
no opinion”, (4) "I rather like it”, and (5) "I definitely like it”.
e Q2: Would you like to listen to similar songs in the future?
— (1) I definitely would not want to”, (2) "I rather would not want to”, (3)
"I have no opinion”, (4) "I rather would want to”, and (5) "I definitely
would want to”.
e Q3: Would you recommend this song to your friend?
— (1) "I definitely would not recommend”, (2) ”I rather would not recom-
mend”, (3) ”I have no opinion”, (4) ”I would rather recommend”, and
(5) I would definitely recommend.”

The majority of music recommendation systems ask users about “how much do
you like this song?” (Q1 rating type) and try to predict the same for unknown songs.
This question refers to the cognitive-emotional component of the attitude towards a
particular song (i.e. simply to the actual opinion and belief concerning the reaction
to music). The question Q2, "would you like to listen to similar songs in the future?”,
refers to the motivational component of the attitude, reflecting possible engagement
in future contacts with the song. It is worth noting that the prediction of future
engagement with similar songs is something the recommendation systems try to do.
Finally, the question Q3 "would you recommend this song to your friend?” refers
to the social component of the attitude, reflecting a willingness to share a given
song with the user’s friends. To summarize, we can say that while Q1 refers to just
intrapsychic elements of the song preference, Q2 and Q3 are markers of its more

extrinsic and behavioral aspects.

Collected Data

In total, 5278 data items have been recorded. Each item represents the ratings of
a particular song by one user, according to the three questions (Q1, Q2 and Q3).
The answers to these three questions are further referred to as three rating types.
The collected data set contains the values of 20 personality traits, the ratings for
Q1, Q2, and Q3, and audio features extracted from musical files. The data set is
publicly available.

Afterwards, three user-item matrices (each containing a different rating type)
with 279 rows (users) and 745 columns (songs) were created. The sparsity of the
matrices is equal to 0.9764. The global averages of the ratings are 2.85 for Q1, 2.58
for Q2, and 2.28 for Q3. We also studied the relationships between personality traits
and ratings. We used Pearson’s correlation coefficient to measure the strength and

direction of each relationship (see Figure 2). The correlation between Q1 and Q2
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equals 0.871, between Q1 and Q3 0.764 and between Q2 and Q3 0.806. Figure 3
presents the distribution of each rating type across the Likert scale.
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Figure 2: Pearson’s correlation coefficients, describing correlations between three
rating types and personality domains. The Big-Five main traits are marked in
bold. Statistically insignificant correlations (p > 0.05) are marked in white.
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Figure 3: The histograms of each rating type in the collected data set.

Proposed Methodology

The role of MRS is to predict the user’s rating value for an unknown song. The
prediction is perfect when it is equal to the rating value that the user would give.
More formally, having the group of users U and the set of songs S, the system’s
task is to learn a function f, which predicts the recommendation value r € R for a
song s to user u: f(u,s): U x S — R.

Model based approaches, especially those incorporating DL techniques, can learn
the recommendation function f to predict ratings with high accuracy [84]. This
requires a sufficient amount of data to prevent the models from over-fitting during
the training. However, the size of our data-set is not sufficient for DL models.
Moreover, we wanted to obtain high interpretability of the learning model, and
to analyze the results and interactions between variables in the prediction from a
psychological point of view. This would be cumbersome or impossible in the case
of DL. Therefore, we decided to implement an easy to interpret memory-based
Collaborative Filtering (CF) algorithm. It utilizes the k& most similar users (user-
based) or similar items (item-based) for predicting rating for a given item, i.e. song
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[1, 2]. Cosine similarity is one of the most common measures used to calculate the
similarity of two vectors of ratings [2], and we decided to use this measure.

For rating similarity calculations, the item and user ratings were first normalized
using rnormy, ; = pt+b; +b,, to remove user and item bias. The rnorm,, ; represents
the normalized rating for user u and item 4, p denotes the global rating average,
b; and b, are item and user bias, respectively. The biases are calculated as the
difference between the global average and the average item or user ratings.

In order to determine the set of k£ most similar users (user-based) or items (item-
based), we first calculate a similarity matrix for each approach, using cosine sim-
ilarity, and k most similar users/items are found in the corresponding similarity
matrix. In an item-based approach, the rating prediction for a song s and a user «

is determined according to the following formula:

Y onck Sim(n, s) * (Tyn)
ZnEK sim(n, 8)

(1)

predltemBased(u, s) =

where sim(n, s) denotes the similarity between the song s and its n’th most sim-

ilar neighbor. The r, ,, is the rating for the n/th item given by the user w.

In a user-based approach, the rating prediction can be defined according to the

following formula:

Y nek Stm(n,u) * (rsn)

ZnEK sim(n, u)

predUser Based(u, s) = (2)

where sim(n, u) denotes the similarity between the user u and its n’th most similar
neighbor. The 7, ,, is the rating for the item s given by the n'th user.

Next, the user and item based approach were combined in the following formula
of the hybrid rating prediction:

ZnEK Sim(n’ S) * (Tuﬂ) + EneK Sim(n’ u) * (Tsm)
Yonex Sim(n, s) + 30, cx sim(n, u)

predHybrid(u, s) = (3)

Besides the similarity of ratings, we also used the similarity of audio features
(instead of sim(n, s)) and personality domains (instead of sim(n,w)) in our experi-
ments. These data were normalized to have zero mean and standard deviation equal
to one (z-score normalization), and cosine similarity was applied.

We evaluated the experiments by calculating Root Means Square Error (RMSE),
using the 10-fold cross validation approach (10-CV) to evaluate the predictions of
ratings. Therefore, the ”recommendation quality” in the further text refers to the
quality measured by RMSE obtained via the 10-CV procedure, and the lower the
RMSE, the higher the recommendation quality. We will report the results for all
three rating types: Q1, Q2, and Q3.
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Experiments
In our experiments we studied two main hypotheses:

1 The recommendation quality differs when employing various personality do-

mains (user-based approach) or audio features (item-based approach).

2 There is a difference in recommendation quality when using solely Big-Five

personality traits, or their low-level facets (using a hybrid approach).

In order to examine these hypotheses, baseline recommendation quality values
(in terms of RMSE) were calculated first for various settings. First of all, a global
average value of ratings was calculated as a baseline prediction. Next, we calculated
baseline RMSE values for simple user-based and item-based CF. Subsequently, the
similarity of ratings (sim(n, u) and sim(n, s)) were replaced with the similarity of all
personality traits and the similarity of all the audio features. Finally, we calculated
baselines for the hybridized approaches. The results of the baseline RMSE values
are presented in Table 2.

Table 2: RMSE (10-CV) calculated in baseline experiments, for each rating type.
The k denotes the number of neighbors used for prediction, chosen experimentally.

Experiment name RMSE for: Q1 Q2 Q3

Global rating average 1.296 1.292 1.203
Item-based with ratings similarity (k = 50) 1.192 1.173 1.052
User-based with ratings similarity (k = 10) 1326 1.313 1.199
Item-based with all features similarity (k = 10) 1.163 1.144 1.029
User-based with all personalities similarity (k = 10) 1.365 1.361 1.262
Hybrid with ratings similarity (ks = 50, k., = 10) 1.180 1.163 1.043
Hybrid with all personalities and features similarity (ks = 10,k, =10) 1.150 1.139 1.028

In order to study the influence of individual personality traits on the quality
of music recommendations, we used a user-based CF. The influence of individual
audio features was examined using an item-based approach. In order to measure
the similarity between individual personality domains and individual audio features,
which are 1-dimensional vectors (scalars), 1 —d was applied as a similarity measure
(instead of cosine similarity), where d denotes Euclidean distance, The results are
presented in Figures 4 and 5.
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Figure 4: The comparative analysis of recommendation quality in a user-based
approach, with singular personality domains used in similarity calculations.
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Figure 5: The comparative analysis of recommendation quality in an item-based

approach, with singular audio features used in similarity calculations.

For studying the differences in recommendation quality between Big-Five and
their low-level personality facets, we used the hybrid model for rating prediction
(see Eq. 3). First, we calculated the similarity values for simplified models, namely
for each pair consisting of one personality trait and one audio feature, and these
values were applied to calculate predictions, for each rating type (see Figure 6).
Next, from all performed experiments, two minimum RMSE values were chosen
for each rating type: 1) belonging to one of the Big-Five traits and 2) belonging
to one of the personality facets. Together with their corresponding audio feature,
these results were saved for further experiments. The pair (personality dimension
and audio feature) that gave the lowest RMSE for each rating type, will be further
called the ”best pair”. Therefore, we obtained 6 best pairs, i.e. two pairs for each
of the three ratings Q1, Q2, and Q3.

In the next steps, we gradually improved the results. We started with the two
pairs, for which minimal values of Q1 are obtained (see Figure 6), i.e. curiosity,
tender, and Openness, tender. Next, for each of the two previously selected best
pairs, the next best pair was added and selected in the same manner as the first
one. Namely, we added one personality trait (domain or facet) and one audio feature,
together with the previous pair yields minimal RMSE for Q1. The difference was
that the first selection used Euclidean distances (as we had one-dimensional vectors,
for which cosine distance would not work), and in the next steps, cosine similarities
were applied (as in this case we had multi-dimensional vectors). Every selection
was performed in two ways: selecting only among Big Five domains and only low
level facets. This process was repeated step by step until the RMSE error started to
grow. In each step, we reported the minimum RMSE results. The same procedure
was also performed for Q2 and Q3. The results are presented in Figure 7.

Results and Discussion
Every comparative analysis of results in the description below will concern the
values of Q1, unless indicated otherwise.

Aesthetic Sensitivity (Openness’s facet) has the highest and positive correlation
with all rating types (see Figure 2). Interestingly, Assertiveness (Extraverion’s facet)
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Figure 6: The prediction error for Q1 ratings using a hybrid model based on the
similarity of a single personality trait and a single audio feature. The minimum
point (best pair) with respect to the 15 personality facets is obtained for curios-
ity and tender (RMSE = 1.1628). The best pair with respect to the Big Five
personality domains is obtained for Openness and tender (RMSE = 1.1639).

negatively correlates with all ratings. We believe that this can be explained by
the genres used in our experiment (classical, world, jazz, hard rock, alternative
rock, electronic rock, and electronica). Rentfrow et al. [85] show that people with
high Openness usually prefer more complex music, like blues, jazz, folk, and rock,
than Extravert people, who usually appreciate upbeat music like hip-hop, funk and
electronic [53]. Our experiments corroborate these findings.

As shown in Figure 2, persons of high Openness usually give higher ratings, in
contrast to the persons of high Extraversion, who usually give lower ratings. Addi-
tionally, the genres used in the experiments seem to be preferred by persons high in
the trait of Openness. However, as described in [44], people of high Openness have
broader musical tastes (and enjoy more genres) than Extraverted people. Therefore,
they may rate the music higher because they generally like to listen to it, not only
because of the preferred genres. To summarize, even though we found statistically
significant correlations between ratings and personality domains, these correlations
are relatively weak. The performed meta-analysis described in [86] confirms weak
connections between personality and five-dimensional MUSIC factors for music
preferences. The authors in [52] also confirm that associations between personality
and acoustic features exist, though this association is relatively weak. Nevertheless,
it is worth noting that some lower-order facets show higher correlation with ratings
than their main personality domains (see Figure 2).
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Figure 7: The recommendation quality when gradually adding consecutive the
best pairs to the previous ones. They were selected in two ways: only the best
results belonging to the low-level personality facets (blue colors) and only the best
results belonging to the Big-five personality domains (red color). This gradual
improvement method revealed the moment (the subset of personality domains
and audio features), marked by dots on each graph, after which the errors started
to grow.

Looking at the baseline results presented in Table 2 we can conclude that predict-
ing Q2 and Q3 gives lower RMSE than predicting Q1 in all performed experiments.
This means that our models make more accurate predictions for Q2 (how much
the user wants to listen to similar songs in the future) than for Q1 (how much the
user likes the song). Furthermore, the models perform even better when predict-
ing Q3 (how much the user would like to share the song with friends). We believe
these differences can be explained by the different distribution of these rating types
(see Figure 3). In the case of Q2 and Q3, we can see that participants tended to
give lower ratings more often than for Q1. Therefore, a system that predicts lower
ratings for Q2 and Q3 will achieve lower RMSE. Q1 refers to the opinion or belief
concerning a particular song that the listener has just heard, and therefore it could
be treated as a somewhat superficial aspect of the attitude. In contrast, Q2 and
Q3 reflect socio-motivational and therefore more behavioral aspects of the attitude
towards the music, requiring more engagement. Therefore, Q2 and Q3 can be seen
as concerning more profound psychological characteristics, more strongly related to

stable personality dispositions (traits).

When comparing all the rating-based CF results, we can see that the user-based
approach performs much worse than the item-based one (1.326 vs 1.192). It is not
surprising as the user-item matrix had only 275 users but 745 songs. Thus, the
model had a more limited number of user neighbors for making the prediction,
compared to songs. Regarding the item-based approach, replacing rating with au-
dio feature-based similarities improves the results (1.192 vs 1.163). The reason is
that the similarity of the audio features expresses the actual nearness of the songs
(taking into account their audio content) better than the similarity of rating vectors.
On the other hand, we have not observed the improvement when replacing ratings
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with the personality traits’ similarities in the case of the user-based approach (1.326
vs 1.365). This result may suggest that people with similar personalities might not
share similar musical tastes with the same strength as people with similar song
ratings. However, in [10] the authors have shown that combining the personality
similarity with a rating-based CF can bring improvement in rating prediction, com-
pared to predictions based on rating data only. Therefore, we think we could not get
a lower error because we used personality similarity alone, without the similarity of
rating data. To confirm whether this combination will improve the results, as stated
in [10], there is a need to combine personality and ratings similarity in the future
work.

It is worth noting that only the similarity of Intellectual Curiosity gives a lower
error than the similarity of all personality traits together (1.359 vs 1.365). It con-
firms the findings of Braunhofer et al. [87] who have shown that exploiting even a
single personality trait may lead to a considerable improvement in recommendation
accuracy. Still, even if the improvement was observed for a single personality trait
(Curiosity), the error (1.359) is still higher than user-based CF with rating simi-
larity (1.326). Therefore, additional experiments with more data that combine the

similarity of ratings and personalities are needed in the future.

When analyzing the recommendation quality of the hybrid model, and using the
similarity of a single personality trait and a single audio feature, we can see that
Intellectual Curiosity and Tender (emotion-based audio feature of music) result in
the lowest error, see Figure 6. Furthermore, this hybrid model slightly outperforms
the item-based CF that considers all the personality and audio features dimensions
(RMSE=1.1630 for CF vs 1.1628 for this particular hybrid model).

Prediction using the similarity of personality facets yields a lower error for all Qs
than prediction based on the similarity calculated for any combination of the main
Big-Five personality domains (see Figure 7). Error reduction is relatively small,
but always exists. However, the main gain results from the reduction of the set
of personality facets (together with the appropriate set of audio features) applied
in the similarity calculations. We found that Intellectual Curiosity, Responsibility,
Aesthetic Sensitivity and Trust yielded the lowest recommendation error for Q1
(see Figure 7). In this case, the RMSE error was reduced from 1.1628 to 1.1349.
The characteristic of the above set of personality facets is as follows: people of high
Intellectual Curiosity desire to acquire general knowledge about the world, such
as on how systems work, about mathematical relationships, what objects are com-
posed of, etc. Responsible people are being accountable or blamed for something.
Therefore, they feel a moral obligation to behave correctly, so other people usually
perceive them as reliable. Aesthetic Sensitivity describes the ability to detect and
appreciate beauty wherever it exists.

We used miremotion library [83] to calculate all the audio features, including the
description of music-evoked emotions, based on the analysis of the audio signal
of the recordings. These emotions have been described using two representations:
1) a discrete model with five basic emotions: happy, sad, tender, anger, and fear,
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2) a three-dimensional model, where these five basic emotions can also be placed:
with the following dimensions: activity (energetic arousal), valence (a pleasure-
displeasure continuum), and tension (or tense arousal). From Figure 7, we can see
that the similarity of activity of the tender and anger emotions evoked in music
contributed most to the reduction of the recommendation error. This conclusion
can also be drawn from an item-based approach, with single audio features used
in similarity calculations (see Figure 5). It is also worth noting that, among other
features, the indicator of how a spectrum is spread in the frequency (spread) con-
tributed to reaching the minimum RMSE for Q1 and Q3. In addition, the global
energy of the signal (rms) and its noisiness (zero-crossing rate) also contributed to
reaching the minimum RMSE for Q2 and Q3.

Since the prediction highly depends on the similarity measure, further experiments
may incorporate dimensionality reduction techniques (such as Singular Value De-
composition (SVD) or Principal Component Analysis (PCA)), together with clus-
tering algorithms (such as k-means of Self Organizing Maps (SOM)), in order to
find similar users or items [88]. SOM produce clusters in an unsupervised manner
from multi-dimensional data. Since the prediction could also depend on Q2 and
Q3 values, the SOM can be used to group similar users or items, based on the
three rating types, and also on other available observations together (personality
and audio features). The clusters obtained in this way can bring improvements in
rating prediction [89]. Additionally, further analysis is required to investigate how
motivational (Q2) and social (Q3) components of the attitude towards the song
influence the cognitive-emotional (Q1) component, which may depend on the per-
sonality. This can be inferred from the dataset by employing appropriate statistical
analysis. Another interesting hypothesis to check, similar to the described in [52],
is the existence of the difference between features rated low and high, which may
depend on the level of personality traits. The authors of this paper leave this (and
also others) hypotheses to investigate by other researchers.

The recommendation quality does not depend on the prediction accuracy only.
The prediction is needed for the recommender systems to build the list of songs
for which the highest prediction of Q1 is obtained, indicating that the user would
probably like to listen to these songs. Therefore, the songs are added to the recom-
mendation list in the order of increasing RMSE for Q1 prediction. However, the user
may actually prefer listening to other songs at the moment. In our opinion, it seems
reasonable to select the song for which the predictions of Q1 and Q2 were both
high. This means that the system could recommend songs similar to those the user
would like to listen to in the future (Q2) and reject those for which Q2 was low. It
presumably would increase user satisfaction with the recommended items. As far as
Q3 rating is concerned, the system could favor the songs that received high Q3 rat-
ings from the user’s friends. However, the link between ”being the nearest neighbor”
(used in the recommendation algorithm) and ”being a friend” is unclear. Another
idea is to formulate a confidence measure that tells the system how trustworthy a
particular prediction is. This measure would need to incorporate additional knowl-
edge about the interactions between the three rating types, the number of ratings
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in neighbors, and possibly other factors. The authors leave these issues to be in-
vestigated in the future, and keep it as open research questions, to be discussed by
other researchers.

One of the limitations of our experiments is that we used the random selection of
music from the magnatune.com website. It offers both Eastern and Western music
to download. As stated in [90], in terms of BFI, only the preferences for Western
music are universal across 53 countries, but we do not know whether it is true for
Eastern music as well. Additionally, the range of music genres was limited, and a
more elaborate genre taxonomy would allow us to compare the results with other
researchers [49, 50, 53], in terms of the preferences to genres by personality traits.
In the future study, there may also be a control question that verifies answers re-
lated to personality types. Additionally, there is still an open question, how do our
findings correlate with real world scenarios and how the preferred use of music (re-
laxing or jogging) influences the way participants rate the music in the experimental
controlled environment with the use of headphones. However, the most important
conclusion from the experiments performed in this paper is that utilizing BFI-2

(instead of BFI) is worth considering with every rating type.

Conclusions

This article describes the effect of utilizing BFI-2 personality domains in the music
recommendation systems on the recommendation error. The BFI-2 allowed perform-
ing the analysis with more granularity due to the availability of low-order facets of
Big-Five personality domains. We collected the personality profiles and three mu-
sic rating types (related to cognitive, motivational and social components of the
attitude towards the music) from 279 users of the newly developed Music Master
application. In addition, 29-dimensional vectors of audio features were incorporated
into the analysis. To the best of our knowledge, a dataset with BFI-2 personality
profiles, three rating types, and audio features has never been published before.

The experiments with our hybrid recommendation model showed interesting in-
teractions between personality domains and audio features. It turned out that only
the several low-order personality facets were enough to obtain the lowest recommen-
dation error. The Intellectual Curiosity, Responsibility and Aesthetic Sensitivity de-
creased the error significantly for predicting all three rating types. It is essential to
note, when using memory-based methods, any combination of Big-Five personality
traits produced a higher error than lower-order personality facets. However, there
is still an open question whether the results scale to the real world scenarios or to
model based methods.

The experiment also revealed the subset of audio features that contributed most
to obtaining the lowest error. These features refer to the activity of tender and
anger emotions (i.e. two basic emotions, tender and anger, as represented along the
activity axis in 3-dimensional space) evoked in music. These features were calculated
based on the analysis of the audio contents of the recordings. More details about
the predictive models of emotions can be found in [83].

We performed our experiments on a small dataset (5278 ratings from 279 users)
and a relatively simple recommendation model based on user or item similarity.
Unfortunately, our initial trials with training Singular Value Decomposition (SVD)
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caused over-fitting with the dataset due to its relatively small size. Therefore, a
more extensive setup and even live system, working in real time, are required to
prove that the reported subset of personality domains scales well with different rec-
ommendation algorithms. Nevertheless, the proposed simple hybrid model allowed
a detailed analysis, based on the similarity of users and the similarity of songs.
An additional conclusion is that, instead of implementing the complete BFI-2
questionnaire, it is more practical and more effective to implement only a small
subset of its questions. We observed that the best trade off between the perfor-
mance and the number of questions is to have the following three personality traits:
Intellectual Curiosity, Aesthetic Sensitivity and Responsibility, and the following
three audio features: tender, anger, and activity (see Figure 7). When adding addi-
tional ones, the error improvement is negligible. Therefore, instead of 60 questions
(4 questions per personality facet), only the 12 of them would result in a better rec-
ommendation performance and higher user satisfaction than a full questionnaire.
The authors hope that other researchers will find the data set practical and stim-
ulating to design other experiments, and prove other hypotheses that relate to three

aspects of ratings (Q1, Q2, and Q3), recommendation models, and personalities.
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Music Recommendation Systems: a Survey

Mariusz Kle¢ and Alicja Wieczorkowska

Abstract This introductory chapter presents an overview of music recommendation
systems, supported by a comprehensive list of references. We pay special attention
to user-centric systems which personalize their output by tracking the context of
the user, including the user’s emotions and personality. Besides, we emphasize the
importance of social media, the usability of user interfaces, and the application
of deep learning techniques in the recent developments in music recommendation
systems. We also outline inspirations for the future research in the field.

1 Introduction

The underlying purpose of Recommendation Systems (RS) is to help users to find
appropriate items (such as books, news, products, web sites, courses, music) from
big repositories of data. Manual searching would be very ineffective. The music
domain deserves special attention, as listening to short samples of songs to find
an appropriate piece of music from thousands of titles is tiresome, frustrating and
time-consuming. A great example is Spotify application, which has over 200 million
active users monthly [61]. It gives access to more than 40 million tracks with the
click of a button. That would give over 220 years of constant listening. Therefore,
the process of searching musical content in a big data repository is a crucial concern
for many researchers [39, 44].

A comprehensive study of currently existing Music RS (MRS) can be found in
[58]. However, the heterogeneity and variety of approaches possible to implement
in MRS continuously pose new challenges [69]. In this survey, we try to outline the
diversity of these approaches and provide a survey and literature review through the
recent advances in MRS and their applications. Since the music preferences can be
inferred from a mood, time, activity, personality, place and other environmental fac-
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tors [79, 9, 71], we decided to pay special attention to context-aware and user-centric
MRS.

We performed the literature review by searching the ACM Digital Library, IEEE-
explore and ScienceDirect databases. We also searched Google Scholar, as it provides
results from a wide variety of other databases. We mainly choose Conference Pro-
ceedings and Journals published after 2016. The results of our bibliography search
are shown in Table 1.

Table 1 Literature review on Music Recommendation Systems with respect to keywords and search
databases; 87% of these papers have been published after 2016.

Keywords ACM! IEEE? SD? Other4|Literature

Review and current challenges 16% 16% 16% 50% |[69, 11, 68, 58, 41, 13]

[69, 11,68, 13,44,45,75,76,71,

Sequence modelling for playlists [38% 44% 0% 16% 36. 83, 20. 27. 29, 84, 74. 60, 35]

[68, 76,71, 19, 57, 6, 27, 29, 74,

Deep learning 29%  47% 5% 17% 12,2, 34,21, 28, 48]
Cold start 40% 10% 10% 40% [26]9 37,65,25,16,77,36, 83, 12,
User interface 57% 14% 14% 14% [[16, 53, 30, 5, 37, 8]
Social context 50% 33% 0% 16% |[59, 78, 60, 10, 79, 14]

. [69, 18, 15,73, 80, 56, 59, 51, 46,
Personality context 53% 6% 0%  40% 50,25, 16, 49]
Emotions context 20% 40% 10% 30% |[[69,18,6,78,60,79,21,28,48,5]

Physiological, activity, weather,
time, text analysis, and other con-{29% 41% 11% 17%
texts

[69, 58, 44, 46, 50, 77, 82, 26, 43,
7,42,6,35,36,79,21, 28]

! ACM Digital Library
2 IEEEexplore

3 ScienceDirect

4 Google Scholar

As one can see, our search included various aspects of research on MRS. We
searched for papers on modeling for playlists

2 Music Recommendation Systems

Systems for automatic recommendation of music to users have become significant
in the recent years, as we are facing the expansion of gigantic sets of music files.
Therefore, music recommender systems have been a topic of interest in the music
information retrieval domain, starting approximately from the beginning of the 21th
century, see [70] for a survey of early examples.
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Music Recommendation Systems perform rating predictions for songs that suit the
current music preference. They are closely related to content filtering and searching.
An annual event called Music Information Retrieval (MIR) Evaluation eXchange
(MIREX!) stimulates the development of MIR algorithms. These algorithms com-
bine musicology, psychology, signal processing and machine learning. These areas
are also reflected in the current development of MRS. Most of them rely on user-based
collaborative filtering (CF), and content-based (CB) approaches.

The main advantage of CF is no need to store features and any meta-data about
recommended items. This approach is domain-independent and guarantees effec-
tive computation and easy maintenance [64]. However, it suffers some drawbacks.
Namely, CF-based systems suffer from popularity bias. They tend to recommend
popular music, and the effect of “surprise” is scarce [65]. Moreover, the small num-
ber of ratings produces poor predictions. The recommendation might not be even
possible for a song that appears as a new item in the system and has not received
ratings from others yet. This effect is known as Cold Start (CS) problem [64]. Many
researchers try to overcome the CS problems by applying a variety of techniques
[57, 36, 77]. However, the most popular approach to partially overcome these lim-
itations is incorporating the CB approach. It compares the song features against a
user’s profile to calculate recommendations. These systems do not need ratings from
others to start to operate. Therefore, the cold-start problem does not exist in this
case. The most successful MRS systems in the market (Mufin2, Pandora3, Spotify4,
Tidal3, Qobuz6) use hybrid approach, combining CF and CB approaches together.
This strategy allows them to take advantage of the strengths of both approaches and
eliminate their weaknesses which would occur when used separately.

The most common output from MRS is a playlist, defined as a finite set of songs,
often in the form of an ordered list. People use different types of playlists for different
activities such as driving, reading, working or working out [3, 82]. The main aim for
which users create playlists is not only to satisfy their music expectations about the
music itself but also about the order of songs [11]. The modelling of sequences of
songs is an essential part of research [45, 27, 20, 29, 84].

The Automatic Playlist Continuation (APC) is a recent trend of research [75, 76,
13]. The goal of APC is to automatically generate a sequence of songs for an existing
playlist so that they reflect the target characteristics of the original one. The user
can enjoy a continuous and endless music session [60, 83]. The 2018 ACM RecSys
Challenge [13] evaluates and advances the current state-of-the-art in APC using a
large scale data-set released by Spotify [76, 74].

1 http://www.music-ir.org/mirex/wiki/MIREX_HOME
2 https://www.mufin.com

3 https://www.pandora.com/

4 http://www.spotify.com

5 http://tidal.com

6 http://www.qobuz.com
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Recently, the Hidden Markov model (HMM) also turned out to perform very
well for sequence prediction [45]. The evaluation on a large-scale real-world data-set
in a Kaggle? competition shows that the mixture model significantly outperforms
traditional methods [45].

The paper [71] proposes a novel MRS, called MusicRecLSTM, which models
the changes of music taste over time. They leverage modified LSTM network to
learn the embeddings of both the user and the music (an embedding space is a
low-dimensional space, in which similar items are close), based on the sequential
data and the temporal context. The system also learns whether a user would tend to
listen to a newly released piece of music at a specific time. Evaluations over three
real-world datasets show that the system can provide high precision, compared to
several state-of-the-art recommender systems.

Deep Learning (DL) is increasingly adopted in MRS. Researchers use DL for
automatic feature learning from audio signals, or extracting metadata [27], finding
latent factors from user-item rating data for CF models [2, 12], and for learning
sequential patterns of songs from musical playlists [27, 74]. The latent factors are
integrated into content-based and hybrid systems [68, 19, 34]. In [19], the authors
propose the algorithm, Tunes Recommendation System (T-RECSYS), that uses CB
and CF approaches as input to a deep classification model to produce an accurate
recommendation with real-time prediction. They evaluate their approach with the
data obtained from the ACM Recsys Challenge.

Convolutional Neural Networks (CNN) have gained so much popularity after
successful usage in image classification tasks that the authors of [12] applied a deep
CNN to develop the emotion aware music recommendation system. To get correla-
tion between the music and user data two approaches are combined: deep CNN, and
weighted feature extraction. For the purpose of classification, latent features are ex-
tracted from audio by using deep CNN. Weighted feature extraction approach is used
to get correlation between the music and the user data to finally generate user rating.
User rating is generated by inverse document frequency and the term frequency
weighted feature extraction approach. After that, emotion aware MRS recommends
song based on user rating. The Million Song Dataset? is used for training in this
paper. Based on the results, the system shows better performance than the content
similarity based one.

Still, MRS are far from being perfect, due to a magnitude of factors that influence
musical tastes and needs. To satisfy the users’ musical need, the researchers need to
take into account intrinsic, extrinsic, and contextual aspects of the listener. Therefore,
the next section focuses on the review of user-centric MRS, taking into account
various types of contexts for personalizing the recommendations.

7 https://www.kaggle.com/
8 http://millionsongdataset.com/
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3 Personalization of Music Recommendation Systems

The perception of music does not solely depend on the individual’s listening history,
but also on the user’s context, such as emotional state [3], current activity [43], health
(personal context) [7], location [3], time (physical context) [7], weather [42], or so-
cial activity (social context) [78, 10]. Therefore, recommendation strategies should
go deeper into the very essence of the listener’s needs, preferences, and intentions
of listening to music [9]. Furthermore, the musical taste might depend on gender,
personality, education, and the life experience of the listener [54]. Therefore, the sub-
jective character of music enforces researchers to go beyond hybridizing CF and CB
approaches with DL techniques [50]. The authors of [41] provide a comprehensive
study of existing Context-Aware Music Recommendation Systems (CA-MRS). The
article [69] highlights several promising newest trends in research, such as music
recommendation inspired by the listener’s personality and emotions [46, 59].

3.1 Emotions

Emotions play a crucial role in the motivation for listening to music and thus in
MRS. Music helps people to improve their emotional regulation, achieve their self-
awareness, and express social relatedness [67]. In general, listeners use music to
change emotions, or to sustain them [33]. Music can stimulate emotions in people;
also, emotions can be identified in musical pieces [32, 62, 23, 22]. Tracking listener’s
emotions is one of the ways to improve the quality of recommendation [21]. It is
usually achieved implicitly, by tracking the context (like keywords) from an exten-
sive collection of documents written by users [26], or extracting the users’ texts from
social networks [60, 48]. Another approach is to derive emotions from the user’s
face using the mobile camera [21, 28], or from the signals obtained via wearable
physiological sensors [6]. The authors of [21] identify the user’s mood with an ac-
curacy of 90.23%. They also classify the emotions perceived in music with 97.69%
accuracy. Their system suggests songs to the user by mapping the user’s emotions to
the emotion type of the song, taking into consideration the preferences of the user.

3.2 Personality

The way people regulate their emotions depends not only on the current situation
but also on their personality [81]. Users with different personalities tend to prefer
different music [63]. Knowledge about the influence of personality traits on musical
taste has been discussed in [63, 38, 51, 66].
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Personality represents people’s differences in their enduring emotional, interper-
sonal, experiential, attitudinal, and motivational styles [31]. Most of the papers in
this field focus on the Big-Five Factor Model [31, 55], which makes the results pos-
sible to interpret, and compare. This personality model defines personality as five
factors: Openness to Experience, Conscientiousness, Extroversion, Agreeableness,
and Neuroticism. The discussion of the usability of this model in recommendation
systems can be found in [73]. However, the main challenge is to identify the most
efficient way of personality acquisition in MRS. In [16] the authors compared three
personality acquisition variants and demonstrated that the explicit personality ac-
quisition interface was preferred by most of the experiment participants in terms
of satisfaction and ease of use. The most common and relatively short personality
questionnaire is the Ten Item Personality Inventory (TIPI) [17]. The TIPI was also
used in [46] to explore users’ personality traits together with physiological signals
recorded by a wearable, namely a wristband. Experiments with four regression algo-
rithms show that personality features contributed significantly to the improvement
of RS accuracy, while physiological features contributed less.

Knowledge on the influence of personality traits on musical taste was also ex-
ploited to improve the accuracy in the user similarity calculations and was used to
address the cold-start problem [18, 25, 24]. In [25] the authors enhanced CF with
personality information. They show that this approach can significantly improve
the performance of the traditional rating-based CF in terms of the evaluation met-
rics MAE (mean absolute error) and ROC (receiver operating characteristic curve,
sensitivity vs. fall-out graph).

Since people’s attitude towards new or diverse experiences varies considerably
[72], the degree of diversity can also be personalized [80]. In [49] the authors
proposed a system which incorporates the strategy of adjusting diversity of music
recommendation, according to the user’s personality. The authors of [56] imple-
mented four MRSs and evaluated them on a sample of real users and real-world
datasets. The experimental results show that MRSs which rely purely on users’ per-
sonality information perform comparable or even better than state-of-the-art MRSs
in terms of the diversity of recommendation.

3.3 Social Context

Nowadays, social media contain rich information about the user’s frequent actions
and may constitute a vast data mine for gathering information about similar interests
between users. Users reveal much information about their lives during their inter-
actions with others using mobile devices. This is an opportunity for researchers to
gather contextual information instantly [60, 78, 10, 59].

In [14], the authors explore the effects of social influence on developing MRS. The
experiments verify that this approach can outperform current state-of-the-art music
recommendation methods substantially. Personality can also be derived from social
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media and utilized for music recommendation [59]. The article [79] utilizes social
media context such as posts, comments, and interactions for music recommendation
to relax the user’s mind, considering the current mood (happy, sad, calm, and angry)
extracted from the social media profile of the user. The songs are classified to moods
based on the lyrics and audio of the songs.

3.4 New Interfaces

Recent work has unveiled the importance of recommendation explanation and trans-
parency [53, 52, 40], especially regarding user experience (UX) [4, 30, 5, 37, 8].
One of the most exciting trends is the rise of smart assistants from some of the
world’s largest technology companies, such as Apple’s Siri?, Google Assistant10 and
Amazon Alexa [47]. The companies have integrated voice recognition technology
into their products, as a way of interacting with users. Amazon’s Alexa is a cru-
cial feature for the company’s music!l and their smart speakers, the Amazon Echo
[47]. Amazon Echo is, somewhat controversially, equipped with the functionality
enabling this device to listen to contextual information in the user’s environment,
such as conversations and background music. However, this information is used to
infer mood and music preferences which enable the device to recommend songs to
the user. Additionally, voice recognition allows users to use a more intuitive way of
music search. For example, the user may say that she or he wants to listen to happy
funk from the 1980s. The user might not know the best tunes from that era, but
the system will recommend her or him the song that suits the voice query and sur-
roundings. With the context of this survey, the authors see an expressive potential of
incorporating voice assistants, together with music recommendation, to help people
to get therapeutic music in medical care places and users’ homes.

3.5 Automatic Music Generation

Throughout history, the vast majority of music we consume was written by another
human being. However, recently computers start to compose music that is difficult
to distinguish from those composed by humans. The automatically generated music
has started to be recommended by Spotify. Just like AiMil2 generates electronic
music for personal purposes and AIVA13 which generates soundtrack for a podcast

9 https://www.apple.com/siri/

10 https://assistant.google.com/

11 https://www.amazon.com/music/
12 https://aimi.fm/

13 https://www.aiva.ai/
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of short movies, it is not difficult to imagine a system that generates therapeutic
musical compositions with the helpful impact on our health, and adjust the music
for ongoing therapy. The example of such systems are ENDEL!4, which provides
personalized sound environments to help the user to focus, and Tinnitracks system
that was designed to treat tinnitus with music [1].

4 Summary

Music recommendation systems are becoming more and more popular. The envi-
ronmental factors that influence the perception of music are pervasive and varied.
Including all of them in the music recommendation system is still a big challenge
and difficult to evaluate. Nevertheless, the increasing amount of personal data left
by users on social media, together with the recent development of deep learning
techniques, contribute to more accurate inference of the user’s musical preferences
implicitly. The knowledge on this topic is still being expanded. Environmental factors
that induce musical preferences and needs are wider utilized these days. Still, we see
a significant potential for this kind of data. We hope that this survey will contribute
to the future development of user-centric and context-aware music recommendation
systems.
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