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Pucynok A.1 — Cnaiin 1

OCHOBHI IOJIO?KEHHS JO0CTiPKeHHS

- O6'ekT gocnifxeHHs - npoLec aBToMaTM30BaHOI knacuikaLii My3nYHUX
TpekiB 3a XaHpaMu B iHpOpMaLiNnHNX cUCTeMax;

- Hanpsam gocnifxeHHs - 3acTocyBaHHA aHCamMb/1eBNX METO/iB MaLLMHHOMO
HaBYaHHA ANdA 3a4a4 Knacneikauii My3anyHNX XaHpis;

- KOHTeKCT AOCNiAKEHHS - 3pOCTaHHSA NOTPebun B cUcTEMATN3ALT MYy3UYHIMX
AAHWNX Yy 3B'A3KY 3 PO3BUTKOM LMPPOBUX MYy3UYHMX CEPBICIB.
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AHaui3 npeagMeTHOI raay3i

- My3uKy4Hi apxiBu Ta CTPUMIHIOBI NIaTGOPMU LLBUAKO 3POCTat0Th;
- [MoTpeba B aBTOMaTU30BaHi knacngikauii Ta epekTUBHINA CTPYKTypur3auii;

- Buknukun: Benmka BapiaTUBHICTb CTWUIB, 3MiLLaHI XaHpW, Cy6'eKTUBHICTb
CNPUAHATTSA.

Pucynok A.3 — Cnaiin 3

AHanis npegMeTHOI raaysi
- AyAioo3HaKku: cnekTpanbHi, pPUTMiYHI, TeMbpasibHi XapakTepucTUKA MaroTb
KMoYOoBe 3HaUeHHS;

- CnekTporpamu AatTb YABNEHHS MPO eHepreTUYHy CTPYKTYpY TPeKiB y yaci;

- Ponb aHcambniB: 403BONSAOTE KOMMEHCYBaTWU cNabKi CTOPOHW OKpeMKX
Mozenei, NigBULLYOTb TOYHICTb.

Pucynok A.4 — Cnaiig 4
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OrJuissg i aHaJs1i3 JIiTepaTyPHUX, HAYKOBUX JIXKepeJl
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Open Set Recognition (OSR)

Y KOHTEKCTi knacudikauii

«My31M4HO MOTMBOBAHI»
Convolutional Neural
Networks (CNN)

Convolutional Recurrent
Neural Networks (CRNN)

Pucynok A.5 — Cnaiin 5

BukopuctanHa CNN 3
po3ni3HaBaHHAM «HOBUX»
JaHpiB 3a 4ONOMOro
BiIKPUTOTO MHOXMHHOTO
nigxoay

3acTocyBaHHsA
cneuianisoBaHux inbTpIB,
LLIO BPaxoBYIOTb PUTMIYHI i
rapMoHiliHi naTepH1

MoegHaHHss CNN ans
BUIMYYEHHs NOKanNbHUX 03HaK
i RNN ans mogentoBaHHsA
YyacoBux 3anexHocten (Mel-
cnektporpamu, MFCC)

OrJisap i aHaJi3 JiTepaTypPHUX, HAYKOBUX JKepeJl

[6] Meng Y.

[7]1 Zhang J.

[8] Ru G., Zhang X., Wang J.,

Cheng N., Xiao J.

MopiBHAHHA CNN Ta
XGBoost

l6puaHa mogens ResNet +
Bi-GRU

MynbTUMoaansHWiA aHania ia
ypaxyBaHHSAM Kopensiuin Mixx
XaHpamu

AHani3 edeKTMBHOCTI
nigxoais Deep Learning
npoty Boosting i3
3actocyBaHHsAM Mel-
cnekTporpam Ta MFCC

MmbuHHe BUNYYEeHHA 03HaK
(ResNet) Ta aBoHanpsaAMHa
GRU ans BpaxyBaHHA
YacoBUX 3aneXHoCTen

IHTerpauifa aygio- i TeKCToOBUX
03HaK, MexaHi3M Kpoc-
MoJanbHoTl yBaru,
BpaxyBaHHA B3a€MO3B'A3KiB
MDK >XaHPOBMMW KaTeropiammn

Pucynok A.6 — Crnaiig 6
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[TocTaHOBKa 3aza4i

Mpobnema: weak-learner mogeni JeMOHCTPYHOTb HEAOCTaTHIO TOUHICTb
KnacueikaLii yepes CKNafHICTb XXaHPOBMX MeX, 3MiLUaHi CTUAI Ta BUCOKUIA
piBeHb LWyMY B ayAiofaHnX;

OuikyBaHWI pe3ynbTaT: NobyzoBa KOMGIHOBaHOro aHcaMoso (stacking) 3
mMozenein Bagging, AdaBoost, Random Forest Ta SVC, AkuiA NepeBepLUyE B
TOYHOCTI KOXHY 3 6a30BUX MOAeNelh OKpeMo Ta 3abesneyye cTabifbHi
pesynbTaTh Ha Habopi AaHux FMA_small.

Pucynok A.7 — Cnaiin 7

MeTo/0J10Tid Ta IHCTPYMEHTH

MeToan AoCniAXKeHHs:

- AHcam6bnesi nigxoan: Bagging, AdaBoost, Random Forest, SVC, stacking;

- bailecoBa onTuMisalia rinepnapameTpis;

- [MapeTto-aHanis.

IHCTpyMeHTapili Ta TeXHoNorii:

- Python 3.12/ Jupyter Notebook — cepegoBuLLie AnA eKCNepUMEHTIB;

- scikit-learn, joblib — peanizauia Mogenein Ta napanenbHi o6UNCIEHHS;
pandas, NumPy — o6pob6ka i aHanis gaHux;

- matplotlib, tqdm — Bi3yanisauis pe3ynbTaTiB Ta KOHTPO/b Nporpecy.

(i —
) 8

Pucynok A.8 — Cnaiig 8
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3MiCT IPOBEIEHOT0 EKCITIEPUMEHTY

BxigHi gaHi:

- Habip TpekiB 3 FMA_small (6000 TpekiB, 6 XaHpiB);

- 11 rpyn o3Hak: chroma, mfcc, spectral, zcr, tonnetz Ta iHLWi.
KpuTepii ouiHkn:

- TouHicTb Knacugikauii (Accuracy),

- F-1 mipa.
— p—
Pucynok A.9 — Craiin 9
Omnuc 03HaK 3 IPOBEIEHOr 0 eKCIIEPUMEHTY
mfcc JloBuTb TEMBp i hopMaHTV — 6a30BMIN AecKpUNTop Ans
)KaHpoBOI cermeHTauii
chroma_cqt / chroma_stft [apMOHIYHUI KOHTEKCT Ta akopaoBi nporpecii; CQT —
norapudmiyHa wkana, STFT — niHinHa
rmse EHepreTuyHuin npodinb Tpeky
spectral_centroid / contrast  «fckpaBicTb» i HEPIBHOMIPHICTb €HEepreTUYHOro crnekTpa
tonnetz ToHanbHi LeHTpW, peneBaHTHiI ANnsi rapMOHINHO HacU4YeHoi
My3UKN
ZCli PutmiyHa iHdbopMaLis i piBeHb LyMiB, 0co6nMBO AnA pPOK-
/ekcnepuMeHTanbHoi cueHn
— p—
10

Pucynok A.10 — Cnaiig 10
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3MiCT MPOBEIEHOT'0 eKCIIEPUMEHTY

MocnipoBHICTb:

BumiproBaHHSA:

1. TMonepeaHs 06po6ka 03HaK Ansi KOXHOI MoZeni 06YNCNOEMO:
2. Bigbip KNOUOBMX 03HaK 1. Cepeatito TouHicTs
2. CraHpapTHe BiAXWNEHHA Ha
3. lMobyaosa 6a3oBMx Mogeneri dongax
4. OtpumaHHs out-of-fold MMoBipHocTel 3. Yac TperyBaHHs
Bizyanizauin:
5. HaBuaHHA MeTa-knacudikaTopa (stacking)
- CroBnyacri giarpammn
6. MNoBTOpeHHs Kpokis (3-5) Ha 5 pongax (CV=5) (accuracy)
- [padikn
11
Pucynok A.11 — Crnaiin 11
Pe3ysibTaTh eKCIIEPUMEHTY
Mean Accuracy of Each Model (with Standard Deviation)
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Pe3yJibTaTU eKClIeEpUMEHTY

Mean F1-Score of Each Model

F1-Score
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Pucynok A.13 — Crnaiin 13

[TopiBussuus SV( Ta Stacking Classifier

- Standalone SVC gocsirae ~70% TOYHOCTI;

- Stacking aHcam6bnb (SVC + Bagging + AdaBoost + RF) nokpalLye TOUHICTb 40
~72%.

SVC vs. Stacking (4-model)

0.68 -
SvC Stacking (4-model)
by 14
enaineering

Pucynox A.14 — Cnaiig 14
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AHaui3 OTpUMaHUX pe3yJibTaTiB

- [locArHyTo MeTu: NiABULLEHHS AKOCTI KnacudikaLii xxaHpiB 3a JO0NOMOror
aHcambneBKMX MeTOAIB;

- NigTBepaxeHo, Wo KoMBiHyBaHHS Mogeneli yepes stacking edekTUBHILLE, HixX
BUKOPUCTAHHS OKPEMUX MOAENEA.

IHTepnpeTaLlia pesynsTarTis:

- SVC oTpvMaB HU3bKY OL|iHKY 3a popMansHUMK KpuTepiamn MNapeTto, ogHaK Mas
CUNBHY eMNipUYHY epeKTUBHICTb;

- Stacking 403BONNB MOEAHATN CUIbHI CTOPOHW MOAeNeii, KOMNeHcy4Yn cnabkocTi
Pi3HWX NiAXOAIB A0 HaBYaHHS.

F —
o —
15
Pucynok A.15 — Crnaiin 15
[lyosikaliisg pe3yJibTaTiB
x\xwyf@umnrn I =
»CVE‘RT!F_ICA‘TE_ _
Andrii Mouchan
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Pucynok A.16 — Crnaiig 16



[lizcymMmKu

- JlocArHyTo CTiKOro NigBULLIEHHS TOYHOCTI KnacudikaLii XaHpiB LWASXOM NOEAHAHHS
Mozene;

- PesynbTaTi NigTBEPAXKYOTE MPAKTUYHY LIHHICTE 3aCTOCYBaHHS aHcambieBmnx
MEeTOZ4iB Y peaNibHNX iHpopMaUiiHWX cMcTemMax.

MOXNMBWIA HanpsMm po3BUTKY:

- Po3wmnpeHHsa aHcambto 3a paxyHOK MeTOAIB IMNBMHHOMO HaBYaHHs (Hanpurkaaga,
npocti CNN 4 CRNN) i MynbTUMOAanbHNX AeCKpUNTopIB (MeTajaHi, TEeKCTM TOLL0)

Pucynok A.17 — Craiin 17
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In today’s era of large-scale streaming services and vast music repositories, the
ability to quickly and accurately classify music tracks by genre has become critical.
This classification process underpins recommendation systems, user-centric
navigation, and even musicological analysis. Yet, it remains challenging due to
overlapping styles, subjective genre boundaries, and the rapid evolution of new
subgenres. Ensemble technigues, such as Bagging, Random Forests, and AdaBoost,
are recognized for their capacity to reduce variance and mitigate overfitting, while
Support Vector Classifier (SVC) has proven to be a strong standalone model for many
classification tasks. However, the question arises whether a carefully orchestrated
stacking framework can leverage these diverse learners to provide improvements in
stability and accuracy.

Music genre classification is a highly active area of investigation. Reference [1]
presents an Open Set Recognition (OS5R) approach, enabling classifiers to
accommodate the continual emergence of previously unseen genres by permitting
an “unknowr” label. Similarly, [2] demonstrates that XGBoost can rival or even
surpass deep CMMs in certain scenarios, highlighting how feature engineering and
hyperparameter tuning remain crucial for complex audic data. In [3], "musically
motivated” CHNN architectures are explored, aligning neural filters with known
harmonic and rhythmic patterns. These studies collectively reveal that, although
deep learning has gained prominence, ensemble and boosting methods retain
competitiveness, especially when harnessed to exploit domain-specific nuances.
Mevertheless, the challenge of multi-class classification persists, as many audio
recordings lie at the intersection of multiple genres or exhibit hybrid styles,

The objective is to develop and evaluate a suite of ensemble-based
classification models on the fma_small dataset, focusing on both hyperparameter
tuning and meta-ensemble integration. Our research specifically examines Bagging,
AdaBoost, Random Forests, and 5V, then unifies them in a stacking model. We
address the “white spots” surrounding how to optimally merge distinct algorithms
under a single meta-learner. In addition, we aim to investigate whether maintaining

All rights reserved | Creative Cammeans Attribution-Sharealile 4.0 International License 2025
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subtle correlations among audio features can ultimately boost classification. By
selecting a subset of six genres (Experimental, Hip-Hop, Electronic, Instrumental,
International, and Rock) out of the available eight in fma_small, we form a balanced
corpus of 6000 samples (1000 per class), enabling a clear-cut experimental
framework.

As a first step, we excluded features with correlations above 0,95 to eliminate
redundancy. Despite exploring advanced feature reduction methods, such as PCA
and RFE, results showed a decrease in accuracy, suggesting that the nuanced
interrelationships within the original feature set might be beneficial for capturing
genre-specific patterns. Each of the 6000 samples was labeled among the six chosen
categories, ensuring balanced class distribution (1000 examples per genre).

Subsequently, both a Decision Tree and an SVC were tuned using Optuna, a
hyperparameter optimization library. Unlike exhaustive grid searches, which
evaluate a static set of configurations, Optuna iteratively refines its sampling to focus
on promising parameter values, thus improving efficiency. The standalone decision
tree, if unoptimized, obtained only 50% accuracy, but significantly improved within
ensemble methods: Bagging and Random Forest each achieved &7%, while
AdaBoost reached 69%. After adjusting kernel parameters, class weighting, and the
regularization factor, the SVC alone scored 70%.

To further increase performance, a stacking ensemble was built that combined
SVC, Bagging, AdaBoost, and Random Forest through a Logistic Regression meta-
classifier. We generated out-of-fold (OOF) predictions with five folds for each base
model, ensuring that the meta-learner was trained on predictions not derived from
the same data on which the base models were fit (thus reducing overfitting). This
integrated approach yielded 72% accuracy, notably outperforming any individual
medel, and exhibited more consistent results across folds, pointing to enhanced
robustness. The diverse error patterns of the base classifiers served (o offset each
other under the stacking strategy, leading to this overall improvement.

Our experimentation affirms that ensemble methods benefit music genre
classification tasks. Although a well-tuned SVC alone reached 70% accuracy, the
stacking ensemble surpassed it with 72%, demonstrating stronger generalization.
The fma_small dataset provided a balanced environment to evaluate these methods.
We found that remowving only extremely correlated features while retaining the rest
preserved essential relationships that various algorithms could exploit.

For future work, we suggest exploring additional ensemble technigues, such
as gradient boosting architectures, or incorporating multimedal data (e.g., textual
metadata or user-generated tags). Investigating complex multi-label scenarios where
multiple genres may coexist in a single track also remains compelling. Cverall, the
synergy of multiple base classifiers, particularly within a stacking framework, proves
highly promising for constructing robust and scalable genre classification systems in
large-scale music repositories.

References:

[1] Liu, Z, De Mori, |, & Abayomi K. (2022). Open Set Recognition for Music Genre
Classification. Proceedings of the 23rd International Society for Music Information
Retrieval Conference.
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