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KuiB, Ykpaina

Pepepam—B cTaTTi pO3rIsAa0THCS AJTOPUTMH I/ ABTOMATHYHOI0 PO3Ni3HABAHHS MY3HYHHX 'KaHPIB Ta MPOMNO-HY-
€TbCS1 BUKOPHCTAHHSA [VIMOOKHMX 3rOPTKOBUX HelipOHHMX Mepe:k 1Js i€l 3agayi. Cimpawyuch Ha peasibHi 1aHi, OKpeceHo
apxiTeKTypy Mepesxi Ta ouiHeHo ii sikicTb. PoGoTa BukoHaHa 3 BUkopucTaHHsAM naTta-cety GTZAN. Byjo po3risinyTo
3aaa4y Kaacupikanii 1jisi 40TUPBLOX Ta JeCATH KAHPIB 3 BUKOPHCTAHHAM MeJI-KeNCTPAJIbLHUX KoeilieHTIB Ta ayaio XBuiIi
B fIKOCTi 03HaK. SIKiCTh 3aIIPONIOHOBAHOI0 AJIrOPUTMY 0YJIO IPOTECTOBAHO HA BiKJIAJCHUX JAHUX ISl YOTHPbLOX TA AeCATH
Pi3HHX KaHPIB Ta NOPIBHAHO 3 BUKOPHCTAHHAM 00MeskeHOI MalIMHU BoJibiMaHa Uil 40THPbOX “KaHPiB.

Bioa. 11, puc. 3, TadJa. 2.

Knrouogi cnosa — 2nu6oki neliponni mepeici; 320pmroei mepesici; nOWyK My3udHoi ingpopmauii; knacugixayis.

.  BCTVYII

My3u4yHuil aHp — XapaKTEpUCTUKA MY3UKH, 10
MOJIATa€ y MEBHUX KOMIIO3MLIHHMX Ta CTHIICTUYHHX
03HaKaX, TAKHX, IK IHCTpyMEHTAJIbHA Ta PUTMIYHA CTPY-
KTypa, XapaKTepHUCTHKa BOKAJTy BUKOHABIS TOILO. 3a3BH-
Yaif KaHPH BUKOPHUCTOBYIOTBCS JUIs OpTaHi3aIlii My3nud-
HUX KOMITO3UIIA, HAIPHUKIAI, JUIS PO3MIIICHHS Pi3HUX
anp00MiB B MY3MYHHX MaraspHax 4d IJISl PO-TIO3MIii
B iHTepHeT-panio. [3 IBHAKMM pOCTOM KUIBKOCTI
MY-3UKH pydYHa Kiacu(ikaiis KOMIIO3HIIA CTa€ HEIOIi-
JBHOIO Ta pecypcoeMHOI0. OCKUTBKH iICHYIOUHX pillICHb
MaJlo, a iX SIKICTb IIle He JIOCATIIa JOCTATHBOTO JUI Maco-
BOTO BIPOBAPKEHHS PiBHS, AaHa 00JaCTh JOCIHiIKEHb
€ mepcruekTuBHOIO. KpiM TOro, Bce OLIBII MIMPOKOTO
NomMpeHHss HaOyBalOTh Taki My3W4YHI CepBICH, SK
Spotify, i Tunes Ta Pandora, m10 3 X KUTBKICTIO My3HYHIX
JITaHUX TIOBHHHI OYTH 3alliKaBJICHHI B iX aBTOMaTHYHIH
00po6mi. Kpim Toro, HaTpeHOBaHi Ha Kimacudikamii >xaH-
piB  Mepexi MOXHa CIpoOyBaTh BHKOPUCTATH SIK
OCHOBY JUI IHIIMX 3aBJaHb, HANpPHKIA, U1 HOLIYKY
CXOXKHUX MY-3MYHUX KOMITO3MILiH. B 11iif poboTi po3ris-
HYTO METO/] Ha OCHOBI ITTMOOKHX 3rOPTKOBUX MEPEXK IS
aBTOMATUYHOI Kiacuikaiii My3H4HHUX KaHPIB.

1.  AHAJI3JITEPATYPHUX JAHUX
ITIOCTAHOBKA ITPOBJIEMHA

Xoua 3aBHaHHA KJIAacHdiKamii My3WYHHX KaHPIB

MEHIIl TONIMPEeHe, HIK, HAMpPHKIad, 300paKeHb, Kilb-
KIiCTh MiTXOMAIB JOCUTHh 3Ha4HA. Ha mpakTwii 3a3Buyaii
BHKOPHCTOBYIOTH SIK METOM HaBYaHHs Oe3 Buntens [1],
[2], Tak i 3 yunTenem [3]. B nepuiomy BHmamky nociia-
HUKHA BUKOPHCTOBYBAJHM TJIHOOKI 3TOPTKOBI OOMEXEeHi
Mmamuad bonbiiMana [4] 1yt oTpUMaHHS TOXiJHUX BiJl
CHEKTPY O3HaK.

Y npyromy jpKeperi BUKOPHUCTOBYBAIHCS KEICTpa-
TbHI MeJ-koedilieHTH Ta 0OMexeHa MainHa bosbiiMaHa
JUTSL OTPUMAHHSI 03HAK, 1110 TIOTIM BiIPaBIIsUTUCS 0 HEH-
POHHOT MEpEeXi IPSMOro MOLIUPEHHSL.

CrpykTypa MamiH bonbiiMaHa CKIaiaeTbes 3 BUIH-
MOTO Ta IPUXOBAaHOTO Iapy. B pasi rmmbokux mammx
BonpiiMaHa MprxXoBaHUX IIAPIB JAEKIIbKA, 1 KOXKEH MpH-
XOBaHWH IIap € BUAMMHUM JUIS HACTYIHOTO mapy. Taka
CTPYKTYpa [03BOJISIE CTBOPIOBATH CKIIJHI I€papxivHi
O3HaKu 0e3 yuurens, siKi Mo)kHa OyJie BUKOPUCTOBYBaTH
B mojaybinoMy i knacudikanii. Kongirypauis takoi
CHCTEMH OIHCY€EThCA i1 EHEeprielo:

E(V, h) = —Zaivi _Zb]hj _sziwi'j s
L J L
ae V,h — BekTOopH BHIMMOrO Ta MPHUXOBAHOTO INapiB,
W — BaroBi KoeQili€HTH MK BUAMMUM Ta IPUXOBAHUM
mapom, @, b — koediienTy 3cyBy A1 BUAMMOTO Ta TPH-
XOBaHOT'O IIapiB.
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4yepe3 (PyHKII0 eHeprii:

P(v,h)= %e_E(V‘h).

B mxepeni [3], Oyi0 BHKOPHCTaHO SK alrOPUTMH
HaBYaHHS 3 yuyutenem, Tak i 0e3. Jlo anroputwmis, mo
Oyno Bukopucrano, Hajexars k-NN, k-means, SVM,
HeHpOHHI Mepexi psiMoro nommupensst [5]-[8].

B mxepeni [3], Oyi0 BHKOPHCTaHO SK alrOPUTMH
HaBYaHHS 3 yuyutenem, Tak i 0e3. Jlo anmroputwmis, mo
Oyno Bukopucrano, Hajexars k-NN, k-means, SVM,
HEeWpOHHI Mepexi mpsimoro nourupenns [5]—[8].

VY nocmimxenni [9] yary Oyi10 30cepekeHo Ha 03Ha-
Kax I 3100yBaHHA iHpopMarii 3 aymio. B miit podori
pa3oM 3 ONMUCAaHUMHU HUKYE MEIN-KEeTICTPATbHUMHE Koedi-
IiEHTaMHd OyJI0 BUKOPUCTAHO: YACTOTY MEPECiueHHs
HyJIs1, HeHTpoin, rolloff.

YacToTa nepecidyeHHs HyJIsl — BEJIMYNHA, 1110 OIH-CYE
KUTBKICTB pa3iB, 0 aMILTITy/la ayAio XBWIi B IMITYJIbC-
HOMY KOJIyBaHHI 3MiHMJIa 3HAK.

HenTpoin —

T

z fM[f]
_1

C= -

Z M[f]
1

Jie — 3Ha4EHHS IIBUJIKOTO IiepeTBOopeHHs Dyp’ e s mpo-
MDXKKY 9aCTOT ,a — KUIBKICTh MPOMIXKKIB.

Rolloff — taxe 3nauenns R, mo

iM[f]zO.SS%M[f]

1

Jani B poOOTI BUKOPUCTOBYBAIUCS KOHKATCHOBaHI
03HaKH, 00paxoBaHi Ha BCOMY ayaio (aii.

I1l.  METAI3ABJAHHA JOCHIJPKEHHA

MeToro poboTH € po3podKa i HaBYAHHS 3TOPTKOBOI
HEWpOHHOT MepesKi ISt 3a1adi Kiacudikanii My3ud-HUX
KaHPIB.

IV. OIIMC MOJEJI TA EKCIIEPUMEHTAJILHI
JOCJI-JDKEHHS

A. Buxopucmani o3naxu

Bbyno mpoBeneHO EeKCIIEpUMEHTH 3 IBOMAa TUIIAMH
MY3WYHUX O3HAK: HOPMOBAHUX 3Ha4€Hb aMILTITY IMITy-
JECHO-KOJJOBOT MOJYJISIIT ay/1i0 XBHJI Ta KEIICTPaTbHUX
Mel-Koe(ilieHTiB. 3HaYeHHs aMIUTITY 3a3BHYall 3YUTY-
IOTBCSL 1 NIEKONYIOTBCA i3 aymio aimiB Hampsmy.
KencrpanbHi Kkoe(illieHTH OTPUMYIOTbCS HACTYIHHUM
YHHOM:

e aynio (aiin po30MBA€ETHC HA BIAPI3KH;

e 0 IUX BIPI3KIB 3aCTOCOBYIOTh XEMMIiHTOBE
BIKHO;

®  3aCTOCOBYETHCS HIBHAKE IepeTBOopeHHs Dyp’e;

®  YAaCTOTH y TepIlax MEePEeBOAATh Y MEI-IIKAY, SKa
Maibke JiHIiHa B 00aCT] HU3bKHX YacTOT 1 JI0Ta-
pudmiyHa B 061acTi BUCOKUX (11€ OiIbLIe BifIo-
BiJla€ CIPUAHATTIO 3BYKiB JFOIUHOIO);

® 10 OTPUMAHOTO CHEKTPa 3aCTOCOBYEThCS MEPET-
BOPCHHS 110 KOCHHYCY.

B po6oTi Oy110 BUKOPUCTAHO Ka/IpH JOBXKHUHOIO 23 Mc,
3MimmeHHIM 6 Mc Ta 50 nepiux KoegilieHTiB.

B. Tpenysanvua eubipxa

B sxocti TpeHyBanbHOI BHOIPKH BHKOPHCTOBYBABCS
nara-cet GTZAN [10]. B upomy mictutses 1000 my3iy-
Hux 3amuciB 10 xaHpis, 1o 100 miceHp B OAHOMY >KaHDI.
Yactora auckpermsaintii 22050 BijTiKiB Ha CEKYHIY.
Koxna micas noexkuaoto 30 cexynn. B pobGoti Oymo
Bukopuctano 700 miceHs st HaB4aHHS, 300 miceHh —
JUIsl TECTYBaHHS HEHPOHHOT MEpexi.

C. Mooenw

3a ocHOBy Oyno B3STO HEHMIOJABHO pPO3POOICHY
Mmepexxy WaveNet [11] 3 kinbkoma KITIOYOBHMHU BiIMiH-
HocTsimu. [lo-miepie, B opHUriHaNBHII Mepexi yci 3ropT-
KOBI INapW MAacKyIOTh CBi BXiJHHHA CHTHAJ TaKUM
YHHOM, 1100 KOXKHA OIepallist 3SrOpTKH He BUKOHYyBaJIacs
i3 ocraHHIM BxonoM. Lle 3a0e3mnedye MOXKIUBICTh MOJe-
JIFOBATH NMPUYHHHI 3B’S3KU 1 TeHEpYyBaTH 3BYK, IIO 1 OyJI0
METOIO B I1i€l cTaTTi. B maniit poboTi HeMae ceHcy oOMe-
JKYBaTH I10JI€ 30PY MEPExXi, TOMY OYJI0 BUKOPHCTAHO CTa-
HAAPTHY OIEpaIlilo PO3IUPEHO 3TOPTKH. 3aBepIIye
Mepexy global average pooling Ta cTek MOBHO3B’sI3HUX
mIapis.

TABJIULS 1 TOYHICTb KJIACU®IKALIIT JIJI5 IECSITH KJIACIB JUJIS1 PI3-

HUX O3HAK
TpenyBanus TecryBanHs
MFCC 99% 46.3%
AynioxBuiis 53.67% 31.7%
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OCHOBHOIO CTPYKTYPHOIO OJMHUIICIO MEPEKI € 3aIH-
mkoBi 6yoxu (puc. 1). Bonu ckiamarotses i3 qBox Habo-
piB (inbTPiB, HA/I IKUMU BUKOHY€EThCS OIEpallisi 3rOPTKH
i3 BXimHUM curHajoM. Ilicis 4oro 10 HHUX 3aCTOCOBY-
€ThCS TaKa (QYHKI[iST aKTHBAIIIT:

Z:th(Wf'k *X)OG(Wg’k *X),

ne W — Barm ¢impTpiB, * —

©® — 0 €JIEMEHTHE MHOKCHHS.

omeparlis 3ropTKH,

o pe3ynbrary (GYHKIII aKkTHBAIil 3aCTOCOBYETHCS
1x1 3ropTtka, pe3ynbpTar sIKOi JOAAIOTHCS 3 yCiMa IHITIMHA
mapamu. TakoX g0 HBOTO JIONAETHCS 3AJHIIKOBE
3’€IHAHHS.

B po6ori 6ysn0 Bukopuctano 30 mapiB, KOXeH Ha0ip
¢iTpTpiB Mae mupuHy 4 Ta 32 KaHAIH.

D. Pesynvmamu

Tounicte Momeni mis knacudikanii 10 kmacis, 1o
HaBYajacs Ha KENCTPabHUX Koe(illieHTaX Ta Ha ayIioX-
BIJIi, MOXHA 1mo0aunTH B Ta0. 2. Cepell BUKOPHUCTAHUX
KiaciB Oynau OJr03, KiIacuMKa, KaHTpi, JUCKO, XiM-XOTI,
IKa3, METal, IO, PerTi Ta poK. Y APYTiii cepii ekcriepu-
MEHTIB BUKOHYBaJlacsi Kiacudikamis numie 4 KaHpiB:
KJIaCWKa, KaHTpi, MeTa] Ta perri. BukopucTtani o3HaKH
Oynu Ti % cami: MeJ-KencTpaibHi KoeillieHTH Ta ayio
XxBuis. Pe3ynbrati Opyroi cepii eKCIIEpUMEHTIB HaBe-
neHo y Tabi. 2. HaBuanpHa BuOipka Oyia mojiieHa
y BigHomenHi 70% nns tpeHyBaHHS Ta 30% 11 TecTy-
BaHHs. TaKUM YMHOM JJIsl KOXKHOTO XKaHpy OyJIo pUcyT-
HBO 70 KOMITO3UIIiH B HaBYaNbHiH BuOOpIIi Ta 30 B TECTO-
Bild.

3HavyeHHs WiIIbOBOI (YHKLIT MOXKHAa MOOAYUTH Ha
puc. 2 ta puc. 3. Ha puc. 2 o oci abcuuc no3HaueHo ite-
pauil0 HaByaHHS, [0 OCi OpAWHAT 3HAYCHHS QYHKIIT
BTpaT. Puc. 2 nokasye pesynbratu st kiacudikaiii 10
XKaHPIB, Jie BEpXHii rpadik oTpuMaHUil 3 BUKOPUCTaH-
HSM MeJ-KeICTPATbHUX KOeQIIli€eHTIB, a HIWKHIA —
3 BUKOPHCTaHHIM ayaio XBwii. Puc. 3 BimoOpaxae aHa-
JIOTi4HI 3HAYCHHS, 32 BUHATKOM TOTO, IO PO3B’I3yBasIacs
3aava Kiracugikarii st 4 kaHpis.

TABJIMLUA 2 TOYHICTb KJTACUDIKALII 11 YOTUPHOX
KJIACIB JUIA PI3BHMX O3HAK

TpeHyBaHHs TecryBaHHs
MFCC 99% 61.1%
Aynio XBHISA 95.9% 76.18%
RBM 74.3% 61.15%

Bapro 3a3HaunTH, 1110 MOJIEIIb Ay>KE CHIIBHO IepeHa-
BYAETHCS, OCOOIMBO Ha KENCTPANBHUX KOe(illieHTaX.
[lepenaByaHHA — sBUILE, 32 SKOI'O MOJENb IIOKa3ye
BUCOKY SKICTh Ha TPEeHyBaJbHIH BHOOpLI Ta HabaraTo
ripiry Ha BigkimageHii. /g aymio XBuiii Taka mpobiema
MEHII TOMiTHa, NMPOTE Yac Ha HaBYaHHS CYTTEBO OLIb-
U

B po0oti Takoxk TpOBOIIIACS KIACU(IKAIS TUTBKA
YOTHPHOX JKaHPIiB, TAK camo, K i y [2].

Sk BuzHO 3 TabI. 2, mpobiema nepeHaBYaHHs HE 3HU-
KJIa, IPOTE TPEHYBaHH: Ha ay/1i0 XBUIIi 1aJI0 Ha TECTOBIH
BUOOpI HaWKpanuii pe3yibTar, MMepeBepIINBINN IHIII
omnucadi criocobu Ha 15%.

Puc. 2 IMaxinns ninsosoi Gpyrkii juist o3aak MFCC Ta aynio xBuii Bixnosiguo uist 10-TH skaHpiB
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BUCHOBKI

Pe3ynpraTi mMOKa3yroTh, IO PO3INIAHYTa MOJEINb
JIOBOJII CHJIBHO TiepeHaByaeThesl Ha npata-ceti GTANZ.
HaiiBuporiaHima npudarHa NepeHaBYaHHs — Majla TPEHY-
BaJIbHA BHOIpKa, sika MicTHTh ycboro 1000 ypuBKiB KOM-
mo3umii mo 30 cexynn. B Toit wac, komu Ay OiIbII Kia-
CHUYHHX aJTOPUTMIB TaKol KUIBKOCTI OyJio 6 AOCTaTHBO,
JUIS TIINOOKMX MEPEX BEJTMKA KibKICTh JAHUX € KPUTHY-
HOIO ISl TOCSITHEHHS BUCOKOT SIKOCTi. Y BUMAJKY i3 O111b-
IIOFO KiJTBKICTIO KITACiB TIepeBary KercTparbHuX Koediri-
€HTIB HaJ1 ay/1i0 XBUJICIO MOXKHA MMOSICHUTH THM, 1110 BOHU
Oy pO3pOONICHHI AJIi CHCTEM pO3Mi3HABAHHS MOBH
i HecyTh y co0i Oumbiie BakIHBOi iH(poOpMaIii mpo
CHEKTp, OAHOYACHO HEXTYIOUN MEHII BRKIIMBOIO (HAIpH-
KJIaJ, TaKOlo, SIK 00EPTOHM) JUIS KPAIOro PO3Pi3HCHHS
KazapiB. Y BHITAJIKY i3 MEHIIIOIO KiJIBKICTIO KJIaciB Mepexa
nposiBuiIa cebe Kpaile, 0 He JUBHO, a/IXKe 31 3MEHILIeH-
HSM KITBKOCTI KJIaciB 3amada cuporryeThesi. OcoOImBo
3MEHIIECHHS KJIACiB MO3UTUBHO BIUIMHYJIO HA HABYAHHS 13
ayJlio XBUJICIO, M0 MOXKE OYTH HACIIKOM OUIBII CKJIaJ-
HOI CTPYKTYpH JJaHHX B TaKOMY BHIIA/IKy Ta HasBHOCTI
OOl KUIBKOCTI JaHUX Ul HAaBYaHHSA, MTOPIBHSHO i3
KeTICTPATbHUMH KoedillieHTaMH, OCKIJIBKH ITiJ] 9ac BUKO-
pHCTaHHSl ayAio XBWJII 3HAa4YeHHS IMITYJIbCHO-KOJOBOT
MOJYJALI] BUKOPHCTOBYIOTECSI OKPEMO, a HE IO€AHY-
I0ThCS B KaJIpH, Ha BiZIMIHY BiJl KETICTpaJbHUX Koedirie-
HTIB, 0 3a0e3Medmio MeHIIe MepeHaBYaHHs 1 Kparie
y3aranpHeHHs. He 3Bakarounm Ha mnepeHaBYaHHS, HEH-
pOHHA Mepexa Aae TouHicTh Ha 15% Bumy, Hixk y RBM
Tao ®enra [2]. TakuM YUHOM, MOJIENTb 3 PO3MIUPECHUMHU
3TOPTKaMH Ta aKTHUBAILI€I0 3 NPUTHIYCHHAM HAaBYAETHCS
HE MEHII CKJIaTHUM (DiIbTpam Ui aHalli3y 3ByKa.
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Peghepam—B cTaTbe paccMaTpPHBAIOTCS AJTOPUTMBbI IJIsi ABTOMATHYECKOr0 PACNO3HABAHUS MY3bIKAJIbHBIX KAHPOB
H MpeiaraeTcsl HCNoJib30BaHUe IIIy00KHX CBEPTOYHBIX HEMPOHHBIX ceTell s 3TOi 3a7aun. ApXUTEKTypa CEeTH ONMUCAHA
H ee Ka4eCTBO OLIECHEHO HA peajibHBIX JaHHBbIX. Pa0oTa BbInoJiHeHA ¢ ucnoab30oBaHueM gata-ceta GTANZ. boun paceMoT-
PeHBbI 3a1a4l KiaaccHPUKALUU JJIs YeThIpeX U JecsiTH KaHPOB ¢ HCIOJIb30BaHNEM MeJI-KeNCTPAIbHBIX Ko3(¢uumnenTon
W ayJIno BOJIHBI B KayecTBe Mpu3HakoB. KauecTBo mpeasiokeHHOro ajJropurMa ObLIO MPOTECTHPOBAHO HA OTJIOKEHHBIX
JAHHBIX JUISl YeTbIPeX U 1eCATH Pa3HbIX }KAHPOB U CPABHEHO C HCIOJIb30BaHHEM OrpaHUYeHHO MamnHbl BoabumaHna 1
YeThIpex JKaHPOB.
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Abstract—For the long time in computer vision and digital signal processing manually developed algorithms and filters
were used. With the development of computers technics and constantly growing amount of available data samples, these
algorithms became less accurate than modern machine learning approaches. The idea behind them is to construct useful
representations based on data itself rather than on expert knowledge. Such approach allows machine learning algorithms
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to choose for themselves which parts of data more important. Today machine learning is successfully applied in such tasks
as image recognition in Google image search and speech recognition in Google Now, Siri, Cortana. Nowadays best
approaches are built upon different variations of neural network algorithms. One of the fields, where machine learning are
successfully applied is music information retrieval, where musical genres classification is one of the main tasks and solving
it efficiently can help automatically organize large collections of musical data which are available for now. As music genre
aggregates a lot of song information, model for calculating music song similarities based on audio information can possibly
be built on proposed model.

In this article, the algorithms for automatic music genre recognition are discussed and usage of deep convolutional neural
networks is proposed for this task. The network’s architecture is described and its quality evaluated on real-world data.
In this work GTZAN dataset is used and classification problem for four and ten genres classification was examined using
mel-frequency cepstral coefficients and waveform as features. The quality of proposed algorithm was evaluated on hold-out
set for four and ten different genres and compared to using restricted Boltzmann machines for four genres classification.
The resulting accuracy for our genres classification task is 76%, which is about 15% better than restricted Boltzmann
machine approach. Though model overfits strongly on rather small dataset it can be fixed by using larger amount of data.

The main differences between proposed neural network architecture and traditional convolutional neural networks are
gated activations, dilated convolutions and residual connections. Gated activations allow the network to additionally weight
and inhibit importance of intermediate features like it is done in recurrent neural networks. Dilated convolutions allow
increasing receptive field of network’s filters while maintaining small number of trainable parameters. Residual connections
are proven to be vital feature for very deep neural networks to prevent gradient degrading and neural networks with resid-
ual connections yields best classifications accuracy for image classifications task for now. The proposed neural network is
used to classify musical genres, based on pure waveform or mel-frequency cepstral coefficients, which are well known to be
good sound representation for speech recognition task.

Ref. 11, fig. 3, tabl. 2.

Keywords — deep neural networks; convolutional networks; music information retrieval; classification.
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