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Per—lhyh

Aut  h diplwmatik  ergas—a epikentr‚netai sth m�jhsh anaparast�sewn mousik c mŁsw

auto-epiblepìmenhc m�jhshc kai sthn prosarmog  upologistik‚n montŁlwn se poik—lec mou-

sikŁc paradìseic. Prìsfatec exel—xeic sta foundation montŁla gia mousik  Łqoun belti‚sei

shmantik� th m�jhsh anaparast�sewn  qou kai ta Łqoun fŁrei sto ep—kentro thc an�kthshc

mousik c plhrofor—ac (music information retrieval � MIR). Wstìso, h apotelesmatikìtht�

touc paramŁnei periorismŁnh gia mh DutikŁc mousikŁc paradìseic, kaj‚c Łqoun ekpaideute—

kur—wc se Dutik� e—dh mousik c. Sth melŁth aut , prote—noume to CultureMERT-95M, Łna po-

lupolitismik� prosarmosmŁno montŁlo pou stoqeÔei sth belt—wsh m�jhshc anaparast�sewn

gia poik—lec upoekproswpoÔmenec mousikŁc koultoÔrec. Gia ton skopì autì, efarmìzoume

mia mŁjodo suneqoÔc pro-ekpa—deushc (continual pre-training - CPT) dÔo stad—wn, h opo—a

enswmat‚nei epanajŁrmansh kai ek nŁou me—wsh tou rujmoÔ m�jhshc, epitrŁpontac staje-

r  prosarmog  me periorismŁnouc upologistikoÔc pìrouc. H suneq c pro-ekpa—deush tou

MERT-95M se polupolitismikì sÔnolo dedomŁnwn 650 wr‚n, pou perilamb�nei EllhnikŁc,

TourkikŁc kai IndikŁc mousikŁc paradìseic, odhge— se mŁsh belt—wsh 4.43% sth metrik 

ROC-AUC se di�forec ergas—ec autìmathc taxinìmhshc mousik c (music auto-tagging ta-
sks) mh Dutik‚n paradìsewn, xepern‚ntac prohgoÔmenec mejìdouc, me amelhtŁa ap‚leia

apìdoshc se Dutik� benchmarks. EpiplŁon, diereunoÔme thn teqnik  task arithmetic, mia

enallaktik  prosŁggish pou sugqwneÔei exeidikeumŁna montŁla an� par�dosh ston q‚ro

twn bar‚n, parousi�zontac sugkr—simh apìdosh sta mh Dutik� sÔnola dedomŁnwn, qwr—c

epide—nwsh sta Dutik�. TŁloc, analÔoume th diapolitismik  metafersimìthta (cross-cultural
transferability) metaxÔ montŁlwn pou Łqoun prosarmoste— se epimŁrouc paradìseic, de—qno-

ntac ìti diafŁroun wc proc th dunatìthta metafor�c touc se �llec mousikŁc koultoÔrec,

Łna eÔrhma pou susqet—zetai ep—shc me thn omoiìthta metaxÔ twn dedomŁnwn pou qrhsimo-

poioÔme, me b�sh metrikŁc omoiìthtac se ep—pedo akoustik‚n tokens. ParathroÔme ìti h

suneq c pro-ekpa—deush se sÔnolo dedomŁnwn apì diaforetikŁc mh DutikŁc paradìseic odh-

ge— sthn kalÔterh sunolik  apìdosh, enisqÔontac th diapolitismik  gen—keush tou montŁlou.

H melŁth aut  sumb�llei sthn an�ptuxh pio politismik� euaisjhtopoihmŁnwn upologistik‚n

montŁlwn mousik c, ikan‚n na katanooÔn upoekproswpoÔmenec mousikŁc paradìseic.

LŁxeic Kleidi�

An�kthsh Mousik c Plhrofor—ac, M�jhsh Anaparast�sewn Mousik c, Upologisti-

k  Ejnomousikolog—a, Auto-epiblepìmenh M�jhsh, Suneq c Pro-ekpa—deush, Prosarmog 

Ped—ou, Diapolitismik  Prosarmog , Metafor� M�jhshc, Sugq‚neush MontŁlwn, Baji�

M�jhsh, Montelopo—hsh Mh Dutik c Mousik c, Autìmath Taxinìmhsh
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Abstract

This thesis focuses on self-supervised music audio representation learning and cross-
cultural adaptation of music foundation models to diverse musical traditions. Recent ad-
vances in music foundation models have improved audio representation learning and have
brought them to the forefront of music information retrieval (MIR). However, their effec-
tiveness across diverse musical traditions remains limited, as they are primarily trained on
Western-centric data, overlooking the diversity of global musical cultures. To address this,
we introduce CultureMERT-95M, a multi-culturally adapted foundation model developed to
enhance cross-cultural music representation learning and understanding. To achieve this,
we propose a two-stage continual pre-training (CPT) strategy that integrates learning rate
re-warming and re-decaying, enabling stable adaptation even with limited computational
resources. Continually pre-training MERT-95M on a 650-hour multi-cultural data mix, com-
prising Greek, Turkish, and Indian music traditions, results in an average improvement
of 4.9% in ROC-AUC and AP across diverse non-Western music auto-tagging tasks, sur-
passing prior state-of-the-art, with minimal forgetting on Western-centric benchmarks. We
further investigate task arithmetic, an alternative approach to multi-cultural adaptation
that merges culturally specialized models in the weight space. Task arithmetic performs
on par with our multi-culturally trained model on non-Western auto-tagging tasks and
shows no regression on Western datasets. Finally, we analyze cross-cultural transferability
between single-culture adapted models (via CPT), showing that musical traditions differ
in how well they transfer to others, a pattern that correlates with acoustic token-level simi-
larity among cultures, using as metrics the cosine distance and Jensen-Shannon divergence
computed over EnCodec-extracted token distributions. Our findings demonstrate that
exposure to culturally diverse data through multi-cultural CPT enhances cross-cultural
generalization and leads to improved overall performance. This study contributes to the
development of more culturally aware foundation models for music that generalize across
diverse underrepresented musical traditions and enable world music understanding.

Keywords

Music Information Retrieval, Music Representation Learning, Computational Ethno-
musicology, Self-supervised Learning, Continual Pre-Training, Domain Adaptation, Cross-
Cultural Adaptation, Transfer Learning, Cross-Cultural Transfer, Model Merging, Task
Arithmetic, Deep Learning, Foundation Models, Non-Western Music Modeling, Automatic
classification
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Euqarist—ec

Me aut  th diplwmatik  ergas—a oloklhr‚netai Łna meg�lo tax—di, gem�to ‚rec melŁthc,

prosp�jeiac, jusi‚n, epituqi‚n, all� kai duskoli‚n. Idia—tera, o teleuta—oc qrìnoc up rxe

arket� stresogìnoc all� kai kajoristikìc gia emŁna, kai e—mai polÔ qaroÔmenoc kai eu-

qaristhmŁnoc gia thn pore—a kai thn Łkbas  tou. Ja  jela na ekfr�sw thn eilikrin  mou

eugnwmosÔnh stouc gone—c mou, Mìsqa kai Gi‚rgo, kaj‚c kai se ìlh thn oikogŁnei� mou,

gia th diark  st rixh kai ag�ph touc ìla aut� ta qrìnia. ’Htan p�nta d—pla mou, prìjumoi

na me akoÔsoun, na me sthr—xoun kai na me enjarrÔnoun, akìmh ki ìtan oi anhsuq—ec kai

oi suzht seic gÔrw apì th sqol  kai th diplwmatik  ergas—a touc fa—nontan akatanìhtec.

Qwr—c th stajer  touc parous—a, t—pota apì ìla aut� den ja  tan dunatì. Euqarist‚ jerm�

touc f—louc mou kai idia—tera thn Ma—rh, gia thn upomon , thn katanìhsh kai thn amŁristh

yuqologik  upost rix  touc kaj’ ìlh th di�rkeia aut c thc apaithtik c periìdou, pou me bo-

 jhsan na diathr sw thn isorrop—a mou kai na k�noun thn kajhmerinìtht� mou pio upofert 

kai aisiìdoxh. Qwr—c autoÔc, autì to tax—di den ja e—qe thn —dia shmas—a, oÔte to —dio nìhma.

Ja  jela ep—shc na euqarist sw idiaitŁrwc ton upoy fio did�ktora Q�rh Papaðw�nnou gia

thn �risth sunergas—a, thn polÔtimh kajod ghsh, tic epoikodomhtikŁc sumboulŁc kai th

suneq  tou upost rixh kai upomon , pou me bo jhsan na exeliqj‚ se Łnan pio prosektikì,

‚rimo kai oloklhrwmŁno ereunht . ’Ena meg�lo euqarist‚ ofe—lw kai stouc sumfoithtŁc

mou, gia thn antallag  gn‚sewn, tic suzht seic kai thn amoiba—a st rixh pou up rxan ka-

joristikŁc. TŁloc, ekfr�zw tic jermŁc mou euqarist—ec ston epiblŁponta kajhght  mou,

AlŁxandro Potami�no, gia tic gìnimec idŁec, thn adi�koph ep—bleyh kai th suneq  kai ou-

siastik  kajod ghs  tou kaj’ ìlh th di�rkeia ekpìnhshc thc diplwmatik c mou ergas—ac.

Afier‚nw aut  th diplwmatik  ergas—a sth mn mh thc giagi�c mou, Aggelik c, gia thn a-

mŁristh ag�ph kai sumpar�stash pou mou prìsfere kaj’ ìlh th di�rkeia twn paidik‚n mou

qrìnwn.

Aj na, IoÔnioc 2025

’Aggeloc-Nikìlaoc Kanat�c
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Kef�laio 0

EktetamŁnh Ellhnik  Per—lhyh

0.1 Eisagwg 

0.1.1 K—nhtro

H mousik  apotele— jemeli‚dec stoiqe—o tou anjr‚pinou politismoÔ, paroÔsa kajolik�

se ìlec tic koinwn—ec, ekfrazìmenh mŁsa apì poik—lec morfŁc monadikŁc se k�je par�dosh

[8, 9, 10]. Oi rìloi thc perilamb�noun th rÔjmish twn sunaisjhm�twn, thn epikoinwn—a kai

ton koinwnikì desmì; pa—zei rìlo sthn tŁqnh, thn yuqagwg—a, th latre—a kai th diaf mish, kai

apotele— shmantikì kl�do thc pagkìsmiac oikonom—ac. O dittìc autìc rìloc, wc politismikì

antike—meno kai wc oikonomikìc par�gontac, prosfŁrei eukair—ec gia ìfeloc thc koinwn—ac,

en‚ tautìqrona jŁtei monadikŁc teqnikŁc prokl seic ìtan sundu�zetai me thn teqnht  noh-

mosÔnh (artificial intelligence – AI) [11]. PŁran twn praktik‚n efarmog‚n, h katanìhsh

thc shmasiolog—ac thc mousik c mŁsw baji�c m�jhshc (deep learning – DL), me idia—terh

Łmfash se ermhneÔsimec prosegg—seic (explainable AI – XAI), mpore— ep—shc na suneisfŁrei

se jewrhtik� eur mata se tome—c ìpwc h ejnomousikolog—a kai h mousik  anjrwpolog—a, h

jewr—a thc mousik c kai h gnwsiak  mousikolog—a. EpiplŁon, parìti h mousik  suqn� peri-

gr�fetai wc {pagkìsmia gl‚ssa}, aut  h ant—lhyh paramŁnei antike—meno suz thshc metaxÔ

twn meletht‚n: orismŁna qarakthristik� fa—netai na uperba—noun ta politismik� ìria [12],

wstìso oi mousikŁc paradìseic Łqoun exeliqje— me diakrit� qarakthristik� kai politismik�

jemeliwmŁnh shmasiolog—a [13, 14]. Aut  h allhlep—drash metaxÔ kajolikìthtac kai politi-

smik c idiaiterìthtac apotele— mia sÔnjeth prìklhsh, thn opo—a o kl�doc thc upologistik c

mousikolog—ac kai oi sÔgqronec prosegg—seic teqnht c nohmosÔnhc mporoÔn na diereun soun

mŁsa apì mia nŁa optik  [15].

H an�kthsh mousik c plhrofor—ac (music information retrieval – MIR) anafŁretai ston

ereunhtikì tomŁa pou epikentr‚netai sthn exagwg  kai an�lush plhrofor—ac apì mousik�

dedomŁna [16, 11]. Oi upologistikŁc mŁjodoi se autì to ped—o sundu�zoun teqnikŁc epexer-

gas—ac s matoc gia thn exagwg  qarakthristik‚n apì hqhtik� s mata, me algor—jmouc mh-

qanik c m�jhshc (machine learning – ML) gia thn ektŁlesh ergasi‚n mousik c katanìhshc

(music understanding tasks), ìpwc h taxinìmhsh e—douc (genre classification), h an—qneush

rujmoÔ (beat tracking), o entopismìc tonikìthtac (key detection), o diaqwrismìc phg‚n

(source separation) kai h autìmath etiketopo—hsh (automatic tagging), metaxÔ �llwn. Se

ant—jesh me thn omil—a kai th gl‚ssa, h mousik  e—nai tupik� polufwnik , suqn� apotelo-
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Ômenh apì pollaplŁc tautìqronec {fwnŁc} kai str‚mata org�nwn. EpiplŁon, h {shmas—a}

thc sun jwc den bas—zetai se �mesec anaforŁc se antike—mena tou pragmatikoÔ kìsmou   su-

gkekrimŁna gegonìta, all� e—nai afhrhmŁnh kai diamorf‚netai apì to politismikì pla—sio. Wc

ek toÔtou, h katanìhsh thc mousik c parousi�zei idia—terec prokl seic, kaj‚c enswmat‚nei

per—plokec, diaplekìmenec Łnnoiec pou sqet—zontai me ton �njrwpo, ìpwc ta sunaisj ma-

ta, oi empeir—ec, h Łkfrash, h politismik  tautìthta, to koinwnikì kai istorikì pla—sio, h

epikoinwn—a kai h dhmiourgikìthta. EpiplŁon, h mousik  Łqei sun jwc megalÔterh qronik 

di�rkeia kai uyhlìtero rujmì deigmatolhy—ac (sample rate) apì thn omil—a   ton genikì

 qo, gegonìc pou kajist� upologistik� apaithtik  th montelopo—hsh olìklhrwn mousik‚n

kommati‚n. ’Ena basikì empìdio e—nai ìti h apeuje—ac montelopo—hsh tou  qou (raw audio)
eis�gei exart seic meg�lhc embŁleiac (long-range dependencies), kajist‚ntac dÔskolh th

m�jhsh twn shmasiologik‚n idiot twn thc mousik c se diaforetik� ep—peda.

O ìroc {foundation model} (FM) eis qjh gia na perigr�yei opoiad pote pro-ekpaideumŁnh

kai euŁlikth arqitektonik  mhqanik c m�jhshc, h opo—a, ant— na beltistopoie—tai gia Łnan su-

gkekrimŁno skopì, leitourge— wc kentrikì framework apì to opo—o mporoÔn na prokÔyoun

pollapl� exeidikeumŁna montŁla gia Łna eurÔ f�sma ergasi‚n (downstream tasks) [17].

H an�dush twn foundation models Łqei trofodothje— apì tic exel—xeic sth baji� m�jhsh,

sumperilambanomŁnwn arqitektonik‚n kainotomi‚n ìpwc o Transformer [18], kaj‚c kai a-

pì tic belti‚seic sto upologistikì ulikì (hardware). Prìsfata, ta foundation models
Łqoun k�nei thn emf�nis  touc kai ston tomŁa thc mousik c [1, 19, 20, 11], prosfŁrontac

isqurŁc, genikoÔ skopoÔ anaparast�seic, mŁsw thc m�jhshc apì dedomŁna  qou meg�lhc

kl—makac. Ta montŁla aut� Łqoun th dunatìthta na sullamb�noun eure—a mousik� qara-

kthristik� kai Łqoun epide—xei state-of-the-art epidìseic se pl joc ergasi‚n katanìhshc

mousik c, mei‚nontac Łtsi thn an�gkh gia exeidikeumŁnh ekpa—deush an� task. Axiopoi‚ntac

thn auto-epiblepìmenh m�jhsh (self-supervised learning – SSL) se mh epishmasmŁna mousik�

dedomŁna meg�lhc kl—makac, ta foundation models antimetwp—zoun to prìblhma thc Łlleiyhc

dedomŁnwn, mei‚noun to kìstoc epishm�nsewn kai belti‚noun th gen—keush sthn an�kthsh

mousik c plhrofor—ac [11].

Par� thn prìodo, ta perissìtera ufist�mena foundation models gia mousik  Łqoun ek-

paideute— kur—wc se sÔnola dedomŁnwn pou proŁrqontai apì DutikŁc mousikŁc koultoÔrec,

gegonìc pou perior—zei thn ikanìtht� touc na anaparistoÔn poik—la mousik� stul [21, 3].

Shmantikì e—nai ep—shc ìti ta montŁla aut� sp�nia axiologoÔntai me b�sh thn pagkìsmia mou-

sik  poikilomorf—a, af nontac se meg�lo bajmì anexereÔnhth th genikeusimìtht� touc se

diaforetikŁc mousikŁc paradìseic, idia—tera stic upoekproswpoÔmenec. PollŁc apì autŁc tic

paradìseic, ìpwc h Tourkik , h Indik  kai h Ellhnik  paradosiak  mousik , qarakthr—zontai

apì monadikŁc melwdikŁc domŁc, tropik�   tonik� sust mata, kai idia—tera rujmik� mot—ba,

ta opo—a den apotup‚nontai epark‚c apì ta up�rqonta montŁla [22, 23, 24]. H adunam—a mo-

ntelopo—hshc tŁtoiwn politismik� eidik‚n stulistik‚n qarakthristik‚n ìqi mìno perior—zei

thn efarmosimìthta twn music foundation models, gia par�deigma, se sust mata sÔstashc

perieqomŁnou (recommendation systems) pou prosarmìzontai se sugkekrimŁnec gewgrafi-

kŁc perioqŁc [25],   sth diat rhsh politistik c klhronomi�c, all� ep—shc parablŁpei thn

ploÔsia politismik� mousik  gn‚sh pou e—nai kr—simh gia thn prìodo thc Łreunac sthn a-

n�kthsh mousik c plhrofor—ac [11]. Kat� sunŁpeia, kaj—statai epitaktik  h an�gkh gia thn
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an�ptuxh pio sumperilhptik‚n kai politismik� euaisjhtopoihmŁnwn upologistik‚n montŁlwn

[26], ikan‚n na genikeÔoun pŁra apì tic DutikokentrikŁc paradìseic kai na prosarmìzontai

apotelesmatik� se poik—lec, upoekproswpoÔmenec mousikŁc koultoÔrec. Aut  h kateÔjunsh

Łqei  dh shmei‚sei prìodo se suggene—c tome—c ìpwc h epexergas—a fusik c gl‚ssac (nat-
ural language processing – NLP) [27] kai h anagn‚rish omil—ac (speech recognition) [28],

mŁsw thc an�ptuxhc politismik� prosarmosmŁnwn kai poluglwssik‚n foundation models.
Mia poll� uposqìmenh prosŁggish gia thn antimet‚pish aut‚n twn prokl sewn e—nai h

suneq c pro-ekpa—deush (continual pre-training – CPT), h opo—a Łqei anadeiqje— wc mia apo-

telesmatik  kai oloŁna pio diadedomŁnh mŁjodoc tìso sta meg�la glwssik� montŁla (large
language models – LLMs) [4, 29, 30] ìso kai sthn polutropik  m�jhsh (multimodal learn-
ing) [31]. EpitrŁpontac sta montŁla na prosarmìzontai stadiak� se nŁa domains, tasks
  gl‚ssec, to CPT apofeÔgei thn an�gkh gia pl rh epanekpa—deush, mia diadikas—a pou

suqn� e—nai mh praktik  kai upologistik� dapanhr  [32, 4]. Shmantik�, Łqei apodeiqje— ìti

se orismŁnec peript‚seic epitugq�nei apìdosh isodÔnamh   kai an‚terh apì thn ekpa—deush

apì thn arq  (training from scratch) [33, 34], en‚ tautìqrona odhge— se taqÔterh sÔgklish

[35] kai me—wsh tou fainomŁnou tou catastrophic forgetting [36]. To CPT Łqei ep—shc ar-

q—sei na efarmìzetai kai ston tomŁa tou  qou, me prìsfatec melŁtec na tekmhri‚noun thn

apotelesmatikìtht� tou sthn prosarmog  montŁlwn anagn‚rishc omil—ac tìso se gl‚ssec

uyhl‚n ìso kai qamhl‚n pìrwn [37, 28, 38]. EpiplŁon, h sugq‚neush montŁlwn (model
merging) [39, 40] Łqei anadeiqje— wc mia apl  all� apotelesmatik  teqnik  gia thn pro-

sarmog  pro-ekpaideumŁnwn montŁlwn se pollapl� domains, sundu�zontac domain-specific
montŁla ston q‚ro twn bar‚n (weight space), qwr—c na apaite—tai epiplŁon ekpa—deush [41]  

prìsbash sta arqik� dedomŁna ekpa—deushc [42]. Mia idia—tera axioshme—wth mŁjodoc e—nai to

task arithmetic (TA) [5], h opo—a kataskeu�zei task vectors upolog—zontac th diafor� meta-

xÔ twn paramŁtrwn enìc prosarmosmŁnou montŁlou kai tou ant—stoiqou pro-ekpaideumŁnou.

Aut� ta task vectors mporoÔn sth sunŁqeia na enswmatwjoÔn sto pro-ekpaideumŁno montŁlo

mŁsw algebrik‚n pr�xewn ston Eukle—deio q‚ro, dhmiourg‚ntac me autìn ton trìpo Łna e-

nopoihmŁno montŁlo. DedomŁnhc thc Łlleiyhc politismik� poik—lwn epishmasmŁnwn mousik‚n

dedomŁnwn, h suneq c pro-ekpa—deush prosfŁrei mia upologistik� apodotik  lÔsh gia thn

prosarmog  twn foundation models se mh DutikŁc mousikŁc paradìseic, qwr—c thn an�gkh

pl rouc epanekpa—deushc. Par�llhla, h teqnik  task arithmetic epitrŁpei thn omal  sug-

q‚neush montŁlwn ston q‚ro twn bar‚n, dieukolÔnontac thn polupolitismik  prosarmog 

kai perior—zontac to fainìmeno tou catastrophic forgetting.
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En‚ tìso h suneq c pro-ekpa—deush ìso kai h teqnik  task arithmetic Łqoun melethje—

ekten‚c se �llouc tome—c, h efarmog  touc sthn an�kthsh mousik c plhrofor—ac paramŁnei

se meg�lo bajmì anexereÔnhth. Sthn paroÔsa diplwmatik  ergas—a kalÔptoume autì to

kenì, axiopoi‚ntac tic dÔo teqnikŁc gia thn prosarmog  tou MERT-v1-95M1
, enìc mousikoÔ

foundation montŁlou [1], to opo—o Łqei ekpaideute— arqik� se 1.000 ‚rec kur—wc Dutik c

mousik c [1, 43]. Stìqoc mac e—nai na to prosarmìsoume se mousikŁc paradìseic apì thn

1https://huggingface.co/m-a-p/MERT-v1-95M
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Anatolik  Mesìgeio kai thn Indik  upo peiro, diathr‚ntac par�llhla thn apìdos  tou se

{Dutiko}-kentrik� benchmarks.
Mia shmantik  prìklhsh sthn prosarmog  twn foundation models se poik—la domains

e—nai h ep—teuxh apodotik c prosarmog c qwr—c thn emf�nish tou fainomŁnou catastrophic
forgetting [44], ìpou h progenŁsterh gn‚sh endŁqetai na {xeqaste—} ìtan to montŁlo ekpai-

deÔetai se nŁa dedomŁna [45]. Gia thn antimet‚pish autoÔ tou probl matoc, prote—noume mia

upologistik� apodotik  strathgik  suneqoÔc pro-ekpa—deushc dÔo stad—wn, h opo—a ensw-

mat‚nei epanekk—nhsh tou rujmoÔ m�jhshc (learning rate re-warming) [4], stajeropoi‚ntac

thn ekpa—deush kai epitrŁpontac pio omal  kai apotelesmatik  prosarmog .

H paroÔsa diplwmatik  ergas—a suneisfŁrei sta ex c:

1. Apì ìso gnwr—zoume, prìkeitai gia thn pr‚th melŁth pou exereun� th suneq  pro-

ekpa—deush (continual pre-training) kai thn teqnik  task arithmetic gia dia-

politismik  prosarmog  (cross-cultural adaptation) sthn an�kthsh mousi-

k c plhrofor—ac, tekmhri‚nontac thn apotelesmatikìthta aut‚n twn mejìdwn sthn

ekm�jhsh anaparast�sewn mousikoÔ  qou sto pla—sio twn foundation models.

2. Prote—noume mia strathgik  suneqoÔc pro-ekpa—deushc dÔo stad—wn, h

opo—a stajeropoie— thn ekpa—deush, mei‚nei to catastrophic forgetting kai epitrŁpei

apotelesmatik  prosarmog  upì periorismŁnouc upologistikoÔc pìrouc.

3. To polupolitismik� prosarmosmŁno montŁlo mac, CultureMERT, uperba—nei thn apìdo-

sh tou arqikoÔ MERT-v1 kat� 4,43% kat� mŁso ìro sth metrik  ROC-AUC se mh

Dutik� auto-tagging tasks, parousi�zontac ep—shc stajerŁc mŁsec belti‚seic se �l-

lec metrikŁc: 5,4% sto Average Precision (AP), 3,6/% sto Micro-F1, kai 6,8% sto

Macro-F1, me el�qisth ap‚leia apìdoshc sta Dutik� benchmarks.

4. Ta politismik� prosarmosmŁna montŁla mac xepernoÔn prohgoÔmena state-of-
the-art apotelŁsmata se ìla ta mh Dutik� auto-tagging tasks pou exet�zoume.

5. DiereunoÔme th diapolitismik  metafersimìthta (cross-cultural transfer-
ability), analÔontac kat� pìso ta montŁla pou prosarmìzontai se dedomŁna apì m—a

mìno mousik  par�dosh (p.q., Ojwmanik /Tourkik  klassik  mousik ) mporoÔn na ge-

nikeÔsoun se �llec (p.q., Ellhnik  paradosiak  mousik ). Ta apotelŁsmata de—qnoun

ìti oi politismik� exeidikeumŁnec prosarmogŁc parousi�zoun diaforopoihmŁnh ikanìth-

ta metafor�c se �llec mousikŁc paradìseic, en‚ to polupolitismik� prosarmosmŁno

montŁlo epitugq�nei th megalÔterh gen—keush sta sÔnola dedomŁnwn pou melet‚ntai.

Me thn antimet‚pish aut‚n twn prokl sewn, h paroÔsa diplwmatik  ergas—a sumb�llei

sthn an�ptuxh politismik� euaisjhtopoihmŁnwn foundation models gia th mousik , ta opo—a

epitrŁpoun thn katanìhsh thc pagkìsmiac mousik c poikilomorf—ac kai enisqÔoun th diapo-

litismik  ekm�jhsh anaparast�sewn mousik c me b�sh ton  qo. H melŁth aut  anadeiknÔei

thn apotelesmatikìthta thc suneqoÔc pro-ekpa—deushc wc prosŁggish gia diapolitismik 

prosarmog  sthn an�kthsh mousik c plhrofor—ac, kajier‚nontac to CultureMERT-95M wc

Łna state-of-the-art foundation montŁlo gia poik—lec mousikŁc paradìseic. Proc upost rixh
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thc peraitŁrw Łreunac sthn ekm�jhsh anaparast�sewn gia upoekproswpoÔmenec mousikŁc

koultoÔrec, dhmosieÔoume to CultureMERT-95M, kaj‚c kai thn parallag  tou me qr sh thc

teqnik c task arithmetic, CultureMERT-TA-95M.

0.2 An�kthsh Mousik c Plhrofor—ac

H an�kthsh mousik c plhrofor—ac e—nai Łnac diepisthmonikìc tomŁac pou epikentr‚ne-

tai sthn upologistik  an�lush, org�nwsh kai diaqe—rish dedomŁnwn pou sqet—zontai me th

mousik  [46]. O ìroc MIR qrhsimopoie—tai merikŁc forŁc enallaktik� me touc ìrouc music
informatics   music information processing [47]. Ta teleuta—a qrìnia, h Łreuna ston tomŁa

autì kajodhge—tai oloŁna kai perissìtero apì tic exel—xeic sth mhqanik  m�jhsh, kai id—wc

stic mejìdouc baji�c m�jhshc, oi opo—ec Łqoun epifŁrei axioshme—wth prìodo se pl joc

epimŁrouc efarmog‚n.

0.2.1 Foundation Models sthn An�kthsh Mousik c Plhrofor—ac

Pr‚imec mŁjodoi sthn an�kthsh mousik c plhrofor—ac bas—zontan se hand-crafted qa-

rakthristik� (p.q. MFCCs, chroma features, constant-Q representations) kai klassikoÔc

algor—jmouc mhqanik c m�jhshc. Wstìso, h Łleush thc baji�c m�jhshc Łfere rizikŁc alla-

gŁc sthn ekm�jhsh anaparast�sewn mousik c, epitugq�nontac axioshme—wtec epidìseic se

poik—lec efarmogŁc [48]. Pio prìsfata, h pio epikratoÔsa prosŁggish gia thn ekm�jhsh

anaparast�sewn mousik c bas—zetai sthn auto-epiblepìmenh m�jhsh (self-supervised learn-
ing – SSL), ìpou ta montŁla ekpaideÔontai se proxy objectives pou prokÔptoun apeuje—ac

apì ta —dia ta dedomŁna eisìdou, exale—fontac thn an�gkh gia qeirok—nhth epis mansh (label-
ing). Aut  h prosŁggish epitrŁpei thn exagwg  ploÔsiwn kai genikeÔsimwn anaparast�sewn,

axiopoi‚ntac autìmata paragìmena s mata epopte—ac (self-supervision).
Poll� montŁla basismŁna sthn auto-epiblepìmenh m�jhsh Łqoun epide—xei isqur  apìdo-

sh se mia eure—a gk�ma ergasi‚n an�kthshc mousik c plhrofor—ac (downstream MIR tasks),
mei‚nontac apotelesmatik� to q�sma me tic epopteuìmenec prosegg—seic (supervised learn-
ing) [49, 50, 51, 52, 1, 53]. Ta montŁla aut� pro-ekpaideÔontai se meg�lec mousikŁc sullogŁc

(music corpora), maja—nontac genikoÔ skopoÔ anaparast�seic pou mporoÔn na metaferjoÔn

apotelesmatik� se poik—lec efarmogŁc MIR [11] (bl. Sq ma 1). Sth sunŁqeia, prosarmìzo-

ntai mŁsw fine-tuning se sugkekrimŁnec ergas—ec, qrhsimopoi‚ntac shmantik� mikrìtera e-

pishmasmŁna sÔnola dedomŁnwn, epitrŁpontac Łtsi apodotik  metafor� gn‚shc akìmh kai se

sen�ria periorismŁnwn pìrwn   ellipoÔc epopte—ac.

’Ena kur—arqo pre-training paradigm e—nai to masked modeling (MM), to opo—o proŁrqe-

tai apì thn pro-ekpa—deush tÔpou BERT ston tomŁa thc epexergas—ac fusik c gl‚ssac [54].

To MM bas—zetai sthn tuqa—a apìkruyh (masking) tmhm�twn thc eisìdou kai sthn ekpa-

—deush tou montŁlou na problŁpei ta krummŁna stoiqe—a me b�sh ta sumfrazìmena (context).
’Ena qarakthristikì par�deigma e—nai to montŁlo MERT [1] (Music undERstanding model
with large-scale self-supervised Training), sto opo—o Łnac encoder tÔpou BERT, basismŁnoc

sthn arqitektonik  HuBERT [55], pro-ekpaideÔetai se meg�lhc kl—makac hqhtik� dedomŁna

mousik c mŁsw thc mejìdou masked language modeling (MLM). To MERT uiojete— mia
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Sq ma 1. Ta foundation models majaÐnoun anaparastˆseic genikoÔ skopoÔ (general-
purpose) mèsw megˆlhc klÐmakac pro-ekpaÐdeushc se hqhtikˆ dedomèna, oi opoÐec mporoÔn
sth sunèqeia na metaferjoÔn apotelesmatikˆ se èna eurÔ fˆsma efarmog¸n anˆkthshc
mousik c plhroforÐac (MIR tasks).

dual-teacher strathgik  gia th dhmiourgÐa shmˆtwn epopteÐac (supervision signals): ènan

{akoustikì} teacher, basismèno seRVQ-VAE (sugkekrimèna tonEnCodec audio tokenizer

[2]), kai ènan {mousikì} teacher, basismèno sthn anakataskeu  mèsw touconstant-Q trans-

form (CQT). O sunduasmìc autìc epitrèpei sto montèlo na majaÐnei tìso akoustikˆ ìso

kai armonikˆ qarakthristikˆ thc mousik c. To MERT diatÐjetai se dÔo ekdoqèc, me 95 kai

330 ekatommÔria paramètrouc, kai epitugqˆneistate-of-the-art apìdosh se 14 diaforetikˆ

music understanding tasks, epibebai¸nontac thn apotelesmatikìthta thc megˆlhc klÐma-

kac auto-epiblepìmenhc pro-ekpaÐdeushc kai thn ikanìthta enopoÐhshc pollapl¸n ergasi¸n

anˆkthshc mousik c plhroforÐac se èna eniaÐo montèlo. 'Ena ˆllo parˆdeigma eÐnai to mo-

ntèlo MusicFM [19], to opoÐo basÐzetai stoMERT , antikajist¸ntac ton ekpaideÔsimo

akoustikì audio tokenizer me ènan mh ekpaideÔsimorandom projection quantizer, empneu-

smèno apì thn arqitektonik  tou montèlou BEST-RQ [56]. Aut  h prosèggish afaireÐ

thn anˆgkh gia xeqwristì stˆdio ekmˆjhshc anaparastˆsewn (p.q. mèsw RVQ   k-means

clustering), kaj¸c h diadikasÐa tou tokenization den apaiteÐ ekpaÐdeush. Sugkekrimèna, to

MusicFM probˆllei ta fasmatikˆ qarakthristikˆ ( log-mel features) se lanjˆnonta q¸ro

(latent space) kai ta diakritopoieÐ mèsw enìc tuqaÐa arqikopoihmènou lexikoÔ (codebook).

Parˆ thn aplìthtˆ thc, aut  h prosèggish epitugqˆnei uyhl  apìdosh, idiaÐtera ìtan upˆr-

qoun epark  dedomèna ekpaÐdeushc.

Wstìso, upˆrqoun kai ˆlla eÐdh pro-ekpaÐdeushc, ìpwc togenerative pre-training. Au-

tˆ ta foundation modelsentˆssontai sthn kathgorÐa tou auto-regressive predictive coding

(APC) , enìc paradeÐgmatoc pro-ekpaÐdeushc ìpou to montèlo majaÐnei na problèpei mel-

lontikˆ tokens mèsa se mia akoloujÐa, qrhsimopoi¸ntac miaauto-regressivearqitektonik .

'Ena qarakthristikì parˆdeigma apoteleÐ to Jukebox [20], ènac megˆlhc klÐmakacauto-

regressive Transformer(5 disekatommurÐwn paramètrwn), o opoÐoc ekpaideÔetai se peris-

sìtera apì 1,2 ekatommÔria tragoÔdia. ToJukebox sumpièzei to hqhtikì s ma se diakritˆ

codesqrhsimopoi¸ntac trÐa anexˆrthta ekpaideumènaVQ-VAEs se diaforetikˆ temporal

resolutions, me kˆje epÐpedo na qrhsimopoieÐ lexilìgio megèjouc 2048. Parìlo pou sqedi-

ˆsthke kurÐwc giamusic generation, to JukeMIR [57] èdeixe ìti oi endiˆmesec anapara-

stˆseic tou Jukebox mporoÔn na epanaqrhsimopoihjoÔn gia ergasÐec katanìhshc mousik c,
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epitugqˆnontac isqur  apìdosh se tasks ìpwc music auto-tagging, genre classi�cation, key

detection kai emotion recognition. 'Ena akìmh parˆdeigma apoteleÐ toMusicGen [58], to

opoÐo, an kai arqikˆ sqediˆsthke kai autì wc montèlo dhmiourgÐac mousik c (music genera-

tion) me eÐsodo keÐmeno kai melwdÐa (text- and melody-conditioned), èqei epÐshc axiologhjeÐ

wc proc thn ikanìthtˆ tou gia ekmˆjhsh anaparastˆsewn mousik c ( music representation

learning). To MusicGen qrhsimopoieÐ ènanauto-regressive Transformer decoder, o opoÐoc

ekpaideÔetai seresidual vector-quantized (RVQ) tokenspou parˆgontai apì ton EnCodec

tokenizer. Se antÐjesh me montèla ìpwc toJukebox, ta opoÐa ulopoioÔn poluepÐpedec ierar-

qÐec me pollaplˆpriors, to MusicGen epexergˆzetai epÐpedec   diemplekìmenec parˆllhlec

roèc apì tokens pou proèrqontai apì pollaplˆ codebooks. Autìc o sqediasmìc aplopoieÐ

th diadikasÐa ekpaÐdeushc kai belti¸nei thn upologistik  apodotikìthta, apofeÔgontac to

kìstoc pou sunepˆgetai h paragwg  pollapl¸n ro¸n tokens apì diaforetikˆ codebooks.

Oi endiˆmesec anaparastˆseic touMusicGen mporoÔn na epanaqrhsimopoihjoÔn se pl joc

efarmog¸n anˆkthshc mousik c plhroforÐac, ìpwc genre classi�cation, key detection kai

music transcription.

0.2.2 Diapolitismik  Anˆkthsh Mousik c PlhroforÐac

Sq ma 2. Pagkìsmia katanom  mousik¸n sullog¸n dedomènwn ( music corpora) anˆ ge-
wgrafik  perioq .

H anˆkthsh mousik c plhroforÐac èqei paradosiakˆ epikentrwjeÐ sthn anˆlush Duti-

k¸n mousik¸n repertorÐwn, me èmfash kurÐwc sthn Eurw-Amerikanik  pop kai th Dutik 

klassik  mousik . 'Ena auxanìmeno s¸ma ereunhtik¸n ergasi¸n anadeiknÔei thn èntonh

Dutikokentrik  prokatˆlhyh tou pedÐou kai upogrammÐzei thn anˆgkh gia diapolitismik  die-

Ôrunsh kai dikaiìterh ekpros¸phsh [21, 11, 59, 60]. Gia parˆdeigma, oi [61] parousÐasan to

SAMBASET , èna sÔnolo dedomènwn diˆrkeiac ˆnw twn 40 wr¸n me Braziliˆnikh sˆmpa, me

stìqo na antiparatejoÔn sthn kurÐarqh Dutikokentrik  estÐash tou pedÐou. UposthrÐzoun
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ìti ta perissìtera sÔnola dedomènwn, oi mejodologÐec kai ta ereunhtikˆ sumperˆsmata sthn

anˆkthsh mousik c plhroforÐac enswmat¸noun shmantikèc politismikèc prokatal yeic, me

th mh Dutik  mousik  na eÐnai suqnˆ upoekproswpoÔmenh, anepark¸c epishmasmènh   akìmh

kai esfalmèna kathgoriopoihmènh. AntÐstoiqa, oi [3] posotikopoioÔn aut  thn prokatˆlh-

yh, deÐqnontac ìti mìlic to 5,7% twn dedomènwn gia dhmiourgÐa mousik c (music generation)

proèrqetai apì mh Dutikèc paradìseic, anadeiknÔontac ètsi thn èntonh upoekpros¸phs 

touc kai thn epeÐgousa anˆgkh gia pio politismikˆ poikÐla sÔnola dedomènwn (bl. Sq ma 2).

H anagn¸rish thc Dutikokentrik c prokatˆlhyhc apoteleÐ anagkaÐo pr¸to b ma; wstìso,

h ousiastik  antimet¸pis  thc proôpojètei praktikèc prospˆjeiec gia thn anˆptuxh katˆl-

lhlwn sunìlwn dedomènwn, anaparastˆsewn kai mejìdwn axiolìghshc prosarmosmènwn se

poikÐlec (mh Dutikèc) mousikèc paradìseic.

SÔnola Dedomènwn Pollèc prwtoboulÐec èqoun anadeiqjeÐ gia th meÐwsh thc politi-

smik c prokatˆlhyhc sthn anˆkthsh mousik c plhroforÐac, mèsw thc dhmiourgÐac sunìlwn

dedomènwn apì diaforetikèc gewgrafikèc perioqèc. ToCompMusic project [62] prosfèrei

pˆnw apì 1300 ¸rec mousik¸n dedomènwn apì paradìseic ìpwc h Indik  (Indoustanik ,

Karnatik ), to Tourkikì Makˆm, h Arabo-Andalousian  mousik  kai h 'Opera tou PekÐnou.

Sumplhrwmatikˆ, sÔnola dedomènwn ìpwc taSAMBASET [61], corpusCOFLA [63], Nava

Dastg	ah [64], KritiSamhita [65] kai Erkomaishvili Dataset [66] estiˆzoun sth Braziliˆnikh,

Flamènko, Persik , Karnatik  kai Gewrgian  mousik  antÐstoiqa. Epiplèon, èqoun protajeÐ

sÔnola dedomènwn ìpwc toLyra gia thn Ellhnik  paradosiak  mousik  [67], to CCMusic

gia Kinezikèc paradìseic [68], kaj¸c kai dedomèna gia Afrikanikˆ idi¸mata ìpwc ta Sotho-

Tswana [69] kai Ndwom [70]. Tèloc, ta M4-RAG [71] kai GlobalMood [15] prosfèroun

pagkìsmiac klÐmakac dedomèna me ploÔsiec poluglwssikèc kai politismikèc epishmˆnseic,

enisqÔontac thn antiproswpeutikìthta kai th diapolitismik  egkurìthta twn dedomènwn.

MejodologÐec Ta teleutaÐa qrìnia parathreÐtai auxanìmeno endiafèron gia thn upo-

logistik  melèth mh Dutik¸n mousik¸n paradìsewn [72]. Endeiktikˆ paradeÐgmata peri-

lambˆnoun melètec anagn¸rishc Tourkik¸n Makˆm [73], taxinìmhshc Indik c mousik c [74],

kaj¸c kai anˆlushc thc Iranik c [75], Koreatik c [76] kai Gkanèzikhc [77] paradosiak c

mousik c. H teleutaÐa melèth apokalÔptei mikrotonikèc apoklÐseic stic fwnhtikèc grammèc

twn seperewascales, anadeiknÔontac tìso touc periorismoÔc ìso kai tic Dutikokentrikèc

paradoqèc pou enswmat¸nontai sta klassikˆ ergaleÐa anˆkthshc mousik c plhroforÐac.

Parˆllhla, prìsfatec ergasÐec exetˆzoun th diapolitismik  metaforˆ sthn autìmath taxi-

nìmhsh mousik c (music auto-tagging) [78], kaj¸c kai teqnikèc few-shot learninggia senˆria

me qamhloÔc pìrouc [79]. Epiplèon, toCLaMP 3 [71] eisˆgei polutropikì kai poluglws-

sikì alignment gia MIR tasks, petuqaÐnontacstate-of-the-art epidìseic se efarmogèc ìpwc

h anˆkthsh mousik c me bˆsh to keÐmeno (text-to-audio retrieval ). Tèloc, h politismik 

prosarmog  se montèla music generationdiereun jhke mèsw apodotik c prosarmog c twn

MusicGen [58] kai Mustango [80], qrhsimopoi¸ntac low-resourcepolitismikˆ sÔnola dedo-

mènwn. Ta prosarmosmèna montèla parousiˆzoun beltiwmènec epidìseic sthn Indoustanik 

klasik  kai thn Tourkik  mousik  [3], anadeiknÔontac tìso tic dunatìthtec ìso kai tic

prokl seic thc diapolitismik c prosarmog c twn foundation models.
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Prokl seic Parˆ tic prìsfatec proìdouc, h ousiastik  antimet¸pish thc politismik c

anisorropÐac stoMIR den mporeÐ na perioristeÐ sthn apl  aÔxhsh thc poikilomorfÐac twn

sunìlwn dedomènwn. 'Opwc tonÐzoun oi [81], apaiteÐtai kritik  epanexètash twn jemeliw-

d¸n paradoq¸n tou pedÐou•episthmologik¸n, mejodologik¸n kai axiak¸n•sumperilamba-

nomènou tou p¸c orÐzetai, katanoeÐtai kai meletˆtai h mousik  se diaforetikˆ politismikˆ

plaÐsia. AparaÐthth eÐnai epÐshc h diepisthmonik  sÔndesh me thn ejnomousikologÐa kai

h energ  summetoq  eidik¸n apì tic antÐstoiqec mousikèc paradìseic. Sthn prˆxh, h èl-

leiyh dedomènwn periorÐzei th dunatìthta ekpros¸phshc poll¸n politism¸n kai odhgeÐ se

unbalanced katanomèc metadedomènwn (metadata), oi opoÐec ephreˆzoun thn axiolìghsh.

Parˆllhla, ta montèla pou ekpaideÔontai kurÐwc se Dutikˆ dedomèna enswmat¸noun proka-

tal yeic, oi opoÐec ta kajistoÔn ligìtero genikeÔsima se mh Dutikˆ mousikˆ sust mata. Gia

thn upèrbash aut¸n twn periorism¸n apaitoÔntai politismikˆ euaisjhtopoihmèna prwtìkol-

la axiolìghshc, katˆllhlec metrikèc, kai h apì koinoÔ anˆptuxh montèlwn se sunergasÐa

melocal expertskai practitioners, lambˆnontac upìyh tic ennoiologikèc bˆseic kai tic axÐec

pou dièpoun kˆje mousik  parˆdosh.

0.3 Proteinìmenh MejodologÐa

0.3.1 SÔnola Dedomènwn kai Axiolìghsh

Gia ta peirˆmatˆ mac, qrhsimopoioÔme mia poikilÐa apì sÔnola mousik¸n dedomènwn pou

kalÔptoun tìso Dutikèc ìso kai mh Dutikèc mousikèc paradìseic. Sugkekrimèna, gia thn

ekpros¸phsh thc Dutik c mousik c qrhsimopoioÔme ta sÔnolaMagnaTagATune (MTAT)

[82] kai FMA-medium [83]. Apì thn pleurˆ twn mh Dutik¸n paradìsewn, enswmat¸noume

to sÔnolo Lyra [67], to opoÐo perilambˆnei Ellhnik  paradosiak  mousik , kaj¸c kai treic

sullogèc apì ta CompMusic Corpora2 [62]: thn klassik  Ojwmanik /Tourkik  mousik 

(Turkish-makam) [84, 85], h opoÐa, mazÐ me toLyra, ekproswpeÐ thn Anatolik  Mesìgeio;

kaj¸c kai tic paradìseic thc Indoustanik c ( Hindustani) kai Karnatik c ( Carnatic) klas-

sik c mousik c [86], pou antistoiqoÔn sth Bìreia kai Nìtia IndÐa antÐstoiqa.

AxiologoÔme ta montèla mac se ergasÐec autìmathc epishmeÐwshc/taxinìmhshc mousik c

(music tagging), tìso gia Dutikèc ìso kai gia mh Dutikèc paradìseic, sto plaÐsio diapo-

litismik c axiolìghshc ( cross-cultural evaluation). QrhsimopoioÔme kajierwmènec metrikèc

gia multi-label classi�cation , ìpwc to ROC-AUC, to average precision (AP), kaj¸c kai

tic metrikèc F1 (micro-averagedkai macro-averaged). Akolouj¸ntac tic proseggÐseic twn

[57, 1, 19], efarmìzoumeprobing-based evaluation[87] antÐ gia pl rec �ne-tuning , diath-

r¸ntac ta pro-ekpaideumèna montèla {pagwmèna} kai qrhsimopoi¸ntac ta wcdeep feature

extractors, en¸ ekpaideÔoume mìno ènaMLP me èna krufì epÐpedo 512 neur¸nwn pˆnw apì

autˆ. Gia thn proetoimasÐa twn dedomènwn mac gia suneq  pro-ekpaÐdeush, exˆgoume apo-

spˆsmata diˆrkeiac 30 deuterolèptwn apì kˆje sÔnolo ekpaÐdeushc (training set) twn mh

Dutik¸n sunìlwn dedomènwn. Dedomènwn twn diafor¸n ston sunolikì ìgko twn sunìlwn,

exisorropoÔme th diˆrkeia twn dedomènwn ekpaÐdeushc anˆ politismì ¸ste na diasfalisteÐ

analogik  ekpros¸phsh: exˆgoume 200 ¸rec apì ta sÔnola TourkikoÔ Makˆm, Karnati-

2https://compmusic.upf.edu/corpora
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k c kai Indoustanik c mousik c, kai 50 ¸rec apì to Lyra, lìgw tou mikrìterou megèjouc

tou. Sth sunèqeia, sunduˆzoume autˆ ta uposÔnola gia na kataskeuˆsoume èna enopoihmèno

sÔnolo 650 wr¸n, pou enswmat¸nei kai tic tèsseric paradìseic, me stìqo thn polupoliti-

smik  ekpaÐdeush tou arqikoÔ montèlou.

0.3.2 To montèlo MERT

Sq ma 3. H arqitektonik  tou montèlou MERT [1].

H suneq c pro-ekpaÐdeush pou efarmìzoume akoloujeÐ toself-supervised masked lan-

guage modeling (MLM) objective tou MERTRVQ-VAE, sto opoÐo dÔoteacher modelsparèqoun

ta pseudo-labels:

ˆ (i) ènacacoustic teacher, sugkekrimèna toEnCodec codecmontèlo [2], to opoÐo diakri-

topoieÐ ton  qo setokens apì K = 8 residual vector quantization (RVQ) codebooks,

kajèna ek twn opoÐwn perièqeiC = 1024 codewords, kai

ˆ (ii) ènacmusical teacher, basismènoc se anakataskeu constant-Q transform (CQT)

spectrograms, o opoÐoc montelopoieÐ plhroforÐa sqetik  me topitch kai thn armonik 

dom .

To MERT-v1-95MakoloujeÐ thn HuBERT arqitektonik  [55], h opoÐa apoteleÐtai apì

ènanCNN-based feature extractorpou epexergˆzetairaw audio waveformsmesampling rate

24 kHz kai ta metatrèpei seframe-level representationssta 75 Hz, kaj¸c kai ènan 12-layer

Transformer encoderpou parˆgei 768-dimensional contextual embeddings(bl. Sq ma 3).

Katˆ thn ekpaÐdeush, èna uposÔnolo twnframe embeddingskalÔptetai me mˆska (masking)

kai to montèlo beltistopoieÐtai mèsw enìcmulti-task learning (MTL) objective , to opoÐo

sunduˆzeimasked acoustic token predictionkai spectrogram reconstruction.
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Sq ma 4. Strathgik  SuneqoÔc Pro-ekpaÐdeushc DÔo StadÐwn tou
CultureMERT. Sto Stˆdio 1, ekpaideÔetai èna uposÔnolo twn paramètrwn (o1D CNN feature
extractor kai ta codeword embeddings) pˆnw se 100 ¸rec dedomènwn gia pollapl̂ epochs, me
to 20% tou sunìlou na apoteleÐtai apì Dutik  mousik . Sto Stˆdio 2, ìlec oi parˆmetroi
tou montèlou ekpaideÔontai pˆnw sto pl rec sÔnolo dedomènwn twn 650 wr¸n. H diadikasÐa
epanajèrmanshc toulearning rate efarmìzetai kai sta dÔo stˆdia, epitrèpontac omal  kai
stajer  prosarmog .

0.3.3 Suneq c Pro-ekpaÐdeush DÔo StadÐwn

Gia thn prosarmog  tou montèlouMERT se poikÐlec mousikèc paradìseic, efarmìzoume

continual pre-training, mia diadikasÐa katˆ thn opoÐa èna  dh pro-ekpaideumèno montèlo sune-

qÐzei na ekpaideÔetai se nèa dedomèna, me stìqo thn prosarmog  tou se diaforetikìdomain,

diathr¸ntac th gn¸sh pou èqei  dh apokt sei, qwrÐc anˆgkh pl rouc epanekpaÐdeushc. Sthn

perÐptws  mac, autì sunepˆgetai th suneq  pro-ekpaÐdeush touMERT-v1-95M, qrhsimopoi-

¸ntac to Ðdio pre-training objective, pˆnw se politismikˆ eterogen  dedomèna pou eisˆgoun

shmantik  metatìpish sthn katanom  twn dedomènwn (distribution shift ), kaj¸c to montèlo

eÐqe arqikˆ ekpaideuteÐ kurÐwc se Dutik  mousik  [1, 43]. Dedomènhc aut c thc metatìpishc,

h afel c sunèqish thc ekpaÐdeushc, dhlad  h tautìqronh prosarmog  ìlwn twn paramètrwn

qwrÐc epanaforˆ toulearning rate, mporeÐ na odhg sei se fainìmenacatastrophic forgetting

[44] kai anepark  prosarmog  [4], ìpwc epibebai¸netai kai apì ta prokatarktikˆ mac pei-

rˆmata (bl. Enìthta 0.4.3). Gia thn antimet¸pish aut¸n twn fainomènwn, proteÐnoume mia

strathgik  dÔo stadÐwn , h opoÐa stajeropoieÐ th diadikasÐa ekpaÐdeushc mèsw:

ˆ (i) epanajèrmanshc ( re-warming ) kai ek nèou meÐwshc tou rujmoÔ

mˆjhshc [4, 31, 34, 88, 89], kai

ˆ (ii) stadiak c prosarmog c ( staged adaptation ) .
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H mèjodìc mac parousiˆzetai sto Sq ma 4, ìpou sugkekrimèna apeikonÐzetai h strath-

gik  dÔo stadÐwn gia th suneq  pro-ekpaÐdeush touCultureMERT.

Stadiak  Prosarmog  ( Staged Adaptation ) Sta arqikˆ mac peirˆmata parath-

r same mia arqik  pt¸sh sthn apìdosh katˆ th diˆrkeia thc suneqoÔc pro-ekpaÐdeushc,

akoloujoÔmenh apì mia fˆsh arg c anˆkamyhc, fainìmeno gnwstì wcstability gap [90].

H astˆjeia aut  ofeÐletai sthn apìtomh prosarmog  twn paramètrwn tou montèlou se

mia arketˆ diaforetik  katanom  dedomènwn (distribution shift ). Gia na metriˆsoume autì

to fainìmeno, antÐ na prosarmìzoume ìlec tic paramètrouc apì thn arq  se olìklhro to

sÔnolo dedomènwn, qwrÐzoume thn ekpaÐdeush se dÔo diadoqikˆ stˆdia, ¸ste na epiteuqjeÐ

omalìterh kai pio stajer  prosarmog  (bl. Sq ma 4):

ˆ Stˆdio 1 • Fˆsh StajeropoÐhshc : To montèlo ekpaideÔetai arqikˆ se èna

mikrìtero uposÔnolo dedomènwn [90], me enhmèrwsh mìno touCNN-based feature ex-

tractor kai tou codeword embedding layer, en¸ o Transformer encoderdiathreÐtai

{pagwmènoc}. Gia na antimetwpÐsoume todistribution shift kai na periorÐsoume to

forgetting, enswmat¸noume posostì 20% apì dedomèna tou sunìlouMusic4All [7], to

opoÐo eÐnai katˆ bˆsh Dutik c proèleushc.

ˆ Stˆdio 2 • Pl rhc Prosarmog  : O Transformer encoder{xepag¸netai} kai

suneqÐzetai h ekpaÐdeush sto pl rec sÔnolo twn 650 wr¸n. H enswmˆtwsh Dutik¸n

dedomènwn mporeÐ na diathrhjeÐ kai se autì to stˆdio, ¸ste na perioristeÐ peraitèrw

to forgetting, wstìso eisˆgei ènan sumbibasmì (trade-o� ) metaxÔ politismik c prosar-

mog c (plasticity ) kai diat rhshc prìterhc gn¸shc ( stability ), mia prìklhsh gnwst 

wc stability�plasticity dilemma [91, 92, 93] (bl. Enìthta 0.4.3).

O diaqwrismìc thc ekpaÐdeushc se dÔo stˆdia mˆc epitrèpei na elègxoume pio apotele-

smatikˆ aut n th dunamik  metaxÔ prosarmostikìthtac kai stajerìthtac, epidi¸kontac mia

leitourgik  isorropÐa anˆmesa sthn enswmˆtwsh nèac politismik c gn¸shc kai sth diat rh-

sh ìswn èqei  dh mˆjei to pro-ekpaideumèno montèlo

Epanajèrmansh ( re-warming ) tou rujmoÔ mˆjhshc Gia th beltÐwsh thc sta-

jerìthtac katˆ th suneq  pro-ekpaÐdeush, efarmìzoume epanajèrmansh(re-warming) kai

ek nèoumeÐwshtou rujmoÔ mˆjhshc (learning rate) kai sta dÔo stˆdia. H ekpaÐdeush

se nèa dedomèna mporeÐ na odhg sei se astaj  sÔgklish kai fainìmenaforgetting, eˆn to

learning rate den prosarmosteÐ katˆllhla [4, 34]. ProhgoÔmenec melètec èqoun deÐxei ìti

to re-warming tou learning rate eÐnai krÐsimo gia thn epituq  prosarmog  kai ton metriasmì

tou fainomènoucatastrophic forgetting [4, 31, 34]. O trìpoc me ton opoÐo metabˆlletai to

learning rate ephreˆzei kajoristikˆ ta dynamicsthc ekpaÐdeushc kai thn apotelesmatikìth-

ta thc prosarmog c, kajist¸ntac thn epanajèrmansh aparaÐthth gia apodotik  mˆjhsh se

nèa dedomèna. Pio sugkekrimèna, akoloujoÔme ta parakˆtw:

ˆ Sto Stˆdio 1 , uiojetoÔme èna elafr¸c pio aggressive warm-up schedule, ¸ste na

enisqÔsoume thn arqik  prosarmog  twnlow-level representations(CNN-based fea-
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ture extractor kai codeword embeddings), prin xekin sei h ekpaÐdeush touTransformer

encoderkai h mˆjhsh pio high-level anaparastˆsewn.

ˆ Sto Stˆdio 2 , efarmìzoume èna hpiìteroschedule, epidi¸kontac isorropÐa anˆmesa

sto plasticity kai stability katˆ thn pl rh ekpaÐdeush tou montèlou, periorÐzontac

parˆllhla tic astˆjeiec sthn ekpaÐdeush ( training instabilities ).

Akolouj¸ntac th mèjodì mac, anaptÔssoume ta parakˆtw politismikˆ prosarmosmèna

montèla:

ˆ (i) 'Ena polupolitismikˆ prosarmosmèno montèlo, toCultureMERT, to opoÐo ekpai-

deÔetai se èna enopoihmèno sÔnolo dedomènwn pou perilambˆnei kai tic tèsseric mh

Dutikèc mousikèc paradìseic (Turkish-makam, Hindustani, Carnatic kai Lyra).

ˆ (ii) Tèssera montèla prosarmosmèna se dedomèna mÐac mìno mousik c parˆdoshc, odh-

g¸ntac sta MakamMERT, HindustaniMERT, CarnaticMERTkai LyraMERT, antÐstoiqa.

0.3.4 Sugq¸neush Montèlwn me thn Teqnik  Task Arithmetic

Wc enallaktik  thc suneqoÔc pro-ekpaÐdeushc se èna enopoihmèno sÔnolo dedomènwn

pou perilambˆnei kai tic tèsseric mousikèc paradìseic, diereunoÔme th mèjodotask arith-

metic [5] • mia teqnik  sugq¸neushc montèlwn pou sunduˆzei politismikˆ exeidikeumèna

montèla ston q¸ro twn bar¸n ( weight space), me skopì thn kataskeu  enìc eniaÐou po-

lupolitismikoÔ montèlou. H mèjodoctask arithmetic basÐzetai ston algebrikì sunduasmì

paramètrwn montèlwn, mèsw prosjafairèsewn dianusmˆtwn bar¸n ston EukleÐdeio q¸ro.

Sugkekrimèna, antimetwpÐzei th algebrik  diaforˆ metaxÔ enìc montèlou prosarmosmènou se

ènatask   domain kai thc arqik c tou pro-ekpaideumènhc ekdoq c wc ènatask vector ston

q¸ro twn bar¸n. 'Eqei apodeiqjeÐ ìti grammikoÐ sunduasmoÐ tètoiwntask vectors mporoÔn

na kateujÔnoun apotelesmatikˆ th sumperiforˆ tou montèlou kai na epitrèyoun metaforˆ

gn¸shc metaxÔ diaforetik¸n domains [94, 5].

Sth dik  mac perÐptwsh, upologÐzoume tatask vectorswc thn element-wisediaforˆ me-

taxÔ twn paramètrwn twn politismikˆ exeidikeumènwn montèlwn • dhlad  twnsingle-culture

continually pre-trained models • kai tou arqikoÔ montèlou MERT-v1. Pio tupikˆ, an to

arqikì pro-ekpaideumèno montèlo èqei paramètrouc� pre kai to montèlo � i èqei prosarmo-

steÐ se èna politismikì sÔnolo dedomènwnD i , tìte to task vector gia th sugkekrimènh

mousik  parˆdosh i dÐnetai apì th sqèsh:� i = � i � � pre. Gia thn polupolitismik  prosarmo-

g , kataskeuˆzoume èna enopoihmèno montèlo� merged mèswtask arithmetic, sugqwneÔontac

N montèla pou èqoun prosarmosteÐ se memonwmènec mousikèc paradìseic, ajroÐzontac ta

antÐstoiqatask vectors � i me suntelestèc barÔthtac� i gia kajèna apì autˆ:

� merged = � pre +
NX

i =1

� i � i ; (1)

ìpou � i 2 R eÐnai bajmwtoÐ uperparˆmetroi (scalar hyperparameters) pou elègqoun th

suneisforˆ kˆje task vector.
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Suqnˆ efarmìzetai ènac eniaÐoc suntelest c� gia ìla ta task vectors, dhlad  � i = �; 8i ,

opìte h ExÐswsh 1 anadiatup¸netai wc:

� merged = � pre + �
NX

i =1

� i : (2)

Se autì to plaÐsio, sugqwneÔoume taN = 4 montèla pou èqoun prosarmosteÐ se

memonwmènec mousikèc paradìseic • taMakamMERT, HindustaniMERT, CarnaticMERTkai

LyraMERT• gia na kataskeuˆsoume èna eniaÐo polupolitismikì montèlo, to opoÐo anafe-

rìmaste wc CultureMERT-TA. Leptomèreiec gia thn epilog  tou suntelest  � dÐnontai sthn

Enìthta 0.4.2.

0.4 Peirˆmata kai Apotelèsmata

'Opwc parousiˆzetai stouc PÐnakec 1 kai 2, toCultureMERT, to opoÐo èqei prosarmosteÐ

mèsw polupolitismik c suneqoÔc pro-ekpaÐdeushc, uperèqei stajerˆ tou arqikoÔ montèlou

MERT-v1se ìla ta mh Dutikˆ music auto-tagging tasks, se ìlec tic metrikèc axiolìghshc.

UperbaÐnei epÐshc, katˆ mèso ìro, ta montèla pou èqoun prosarmosteÐ se memonwmènec pa-

radìseic, gegonìc pou upodhl¸nei ìti h enswmˆtwsh politismikˆ poikilìmorfwn dedomènwn

katˆ th diˆrkeia tou continual pre-training enisqÔei thn poiìthta twn anaparastˆsewn gia

kˆje epimèrouc mousik  parˆdosh, belti¸nontac ètsi th genÐkeush. AxioshmeÐwto eÐnai ìti

to CultureMERTepitugqˆnei autˆ ta apotelèsmata me elˆqisth ap¸leia apìdoshc se Du-

tikˆ sÔnola axiolìghshc (mèsh meÐwshROC-AUC kai AP katˆ mìlic � 0:05%), gegonìc

pou katadeiknÔei thn apotelesmatikìthta thc prosèggis c mac. Epiplèon, parousiˆzei ka-

lÔterh diat rhsh thc prìterhc gn¸shc sth Dutik  mousik , sugkritikˆ me ta single-culture

montèla, ta opoÐa emfanÐzoun shmantikìterec mei¸seic apìdoshc katˆ thn axiolìghsh touc

sta auto-tagging taskstwn FMA-medium kai MagnaTagATune (MTAT) .

Dataset Turkish-makam Hindustani Carnatic Lyra FMA-medium MTAT
Avg.

Metrics ROC AP ROC AP ROC AP ROC AP ROC AP ROC AP

MERT-v1 83.20:08 53.30:12 82.40:04 52.90:19 74.90:05 39.70:15 85.70:10 56.50:18 90.70:04 48.10:11 89.60:07 35.90:15 66.1

MakamMERT 88.70:11 58.80:22 84.50:16 57.80:18 77.60:14 42.70:16 84.60:12 53.20:17 90.30:12 47.10:16 89.00:07 35.60:12 67.5

CarnaticMERT 88.40:06 58.40:16 87.00:06 60.20:14 78.80:13 44.0 0:17 85.40:11 55.80:16 90.20:10 46.70:09 89.20:10 35.30:11 68.3

HindustaniMERT 88.30:12 58.20:16 87.40:11 60.30:16 77.00:12 42.70:16 84.20:13 52.00:15 90.20:13 46.10:10 89.10:09 35.80:13 67.6

LyraMERT 86.70:07 56.80:13 85.90:08 57.40:13 76.40:09 40.10:13 85.00:11 53.50:14 90.00:08 46.00:16 88.90:05 35.10:14 66.8

CultureMERT 89.6 0:09 60.60:21 88.2 0:20 63.5 0:24 79.2 0:18 43.10:22 86.90:10 56.70:20 90.70:09 48.10:13 89.40:09 35.90:16 69.3

CultureMERT-TA 89.00:12 61.0 0:18 87.50:10 59.30:13 79.10:11 43.30:13 87.3 0:08 57.3 0:19 90.80:06 49.10:15 89.60:10 36.40:14 69.1

(Previous) SOTA 87.7 [78] 57.7 [78] 86.5 [78] 63.1 [78] 77.0 [78] 43.9 [78] 85.4 [78] 54.3 [78] 92.4 [78] 53.7 [78] 92.7 [95] 41.4 [57] -

PÐnakac 1. Apotelèsmata Axiolìghshc ( ROC-AUC kai AP ) twn Pro-
ekpaideumènwn kai Politismikˆ Prosarmosmènwn Montèlwn MERT se
Diˆforec ErgasÐec Autìmathc Taxinìmhshc Mousik c (1/2). Anafèrontai
mèsoi ìroi apì pènte random seeds, me tic antÐstoiqec tupikèc apoklÐseic wc deÐktec. H
st lh { Avg.} antiproswpeÔei th mèsh apìdosh se ìla ta sÔnola dedomènwn kai tic metrikèc
axiolìghshc gia kˆje montèlo.
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Dataset Turkish-makam Hindustani Carnatic Lyra FMA-medium MTAT
Avg.

Metrics (F1) Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

MERT-v1 73.0 38.9 71.1 33.2 80.1 30.0 72.4 42.6 57.0 36.9 35.7 21.2 49.3

MakamMERT 77.5 44.0 74.0 37.6 81.0 31.4 70.8 40.2 57.2 35.4 34.2 20.5 50.3

CarnaticMERT 76.8 44.0 76.2 46.3 81.6 32.4 72.9 42.8 57.3 35.3 33.3 22.5 51.8

HindustaniMERT 76.5 43.9 78.9 46.9 81.0 33.0 70.1 40.6 55.1 33.8 34.4 20.9 51.3

LyraMERT 75.9 42.1 75.9 44.9 80.9 29.6 71.3 41.1 56.2 33.9 33.8 21.2 50.6

CultureMERT 77.4 45.8 77.8 50.4 82.7 32.5 73.1 43.1 58.3 36.6 35.6 22.9 52.9

CultureMERT-TA 76.9 45.4 74.2 45.0 82.5 32.1 73.0 45.3 59.1 38.2 35.7 21.5 52.4

PÐnakac 2. Apotelèsmata Axiolìghshc ( Micro-F1 kai Macro-F1 ) twn
Pro-ekpaideumènwn kai Politismikˆ Prosarmosmènwn Montèlwn MERT
se Diˆforec ErgasÐec Autìmathc Taxinìmhshc Mousik c (2/2). H st lh
{ Avg.} parousiˆzei th mèsh apìdosh kˆje montèlou, upologismènh wc o mèsoc ìroc epÐ ìlwn
twn sunìlwn dedomènwn kai twn dÔo metrik¸n.

ParathroÔme epÐshc ìti ta montèla pou èqoun prosarmosteÐ se mÐa mìno mousik  pa-

rˆdosh ( single-culture adapted models) teÐnoun na epitugqˆnoun bèltisth apìdosh sta a-

ntÐstoiqain-domain tasks, idiaÐtera sewell-resourcedparadìseic, epibebai¸nontac thn apo-

telesmatikìthta thc suneqoÔc pro-ekpaÐdeushc giadomain-speci�c adaptation [32]. H tˆsh

aut  parathreÐtai se ìlec tic metrikèc axiolìghshc pou qrhsimopoioÔme. AxioshmeÐwto eÐnai

ìti akìmh kai h prosarmog  se sÔnola dedomènwn me periorismènouc pìrouc (low-resource

adaptation), ìpwc sthn perÐptwsh tou LyraMERTpou ekpaideÔthke se mìlic 50 ¸rec El-

lhnik c paradosiak c mousik c, odhgeÐ se shmantikèc belti¸seic se ˆlla mh Dutikˆ tasks.

To gegonìc autì upodeiknÔei ìti akìmh kai periorismènh èkjesh sediverse dedomèna ka-

tˆ th diˆrkeia thc ekpaÐdeushc mporeÐ na enisqÔsei shmantikˆ th diapolitismik  genÐkeush

(cross-cultural generalization) pèran twn Dutik¸n datasets.

Epiplèon, h polupolitismik  sugq¸neush montèlwn mèsw thc teqnik c task arithmetic

epitugqˆnei sugkrÐsimec epidìseic me toCultureMERTsta mh Dutikˆ sÔnola dedomènwn, en¸

to uperbaÐnei sta Dutikˆ tasks kai sto Lyra, katadeiknÔontac ìti h sugq¸neush politismikˆ

exeidikeumènwn montèlwn ston q¸ro twn bar¸n mporeÐ na apotelèsei mia apotelesmatik , qw-

rÐc epiplèon ekpaÐdeush (training-free), enallaktik  • upì thn proôpìjesh ìti ta epimèrouc

montèla eÐnai  dh diajèsima. AxioshmeÐwto eÐnai epÐshc ìti totask arithmetic uperbaÐnei, ka-

tˆ mèso ìro, akìmh kai to arqikì pro-ekpaideumèno montèlo sta Dutikˆ tasks, enisqÔontac

peraitèrw thn ikanìthtˆ tou na epitugqˆnei isorropÐa metaxÔ apotelesmatik c prosarmog c

kai diat rhshc prìterhc gn¸shc. Tèloc, ta CultureMERTkai CultureMERT-TAuperbaÐnoun

ta prohgoÔmenaSOTA apotelèsmata thc bibliografÐac se ìla ta mh Dutikˆ music auto-

tagging tasks, wc proc tic metrikècROC-AUC kai AP, me thn kalÔterh parallag  tou task

arithmetic na epitugqˆnetai gia � = 0 :2 (bl. Sq ma 7). Endiafèron parousiˆzei ìti mìno ta

polupolitismikˆ montèla, CultureMERTkai CultureMERT-TA, xepernoÔn to arqikìMERT-v1

sto Lyra auto-tagging task, èstw kai me th mikrìterh diaforˆ sugkritikˆ me ta upìloipa

tasks. H parat rhsh aut  sunˆdei me to gegonìc ìti to MERT-v1, pro-ekpaideumèno se Du-

tik  mousik , apoteleÐ  dh èna isqurì baselinegia to Lyra, uperbaÐnontac ta prohgoÔmena
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SOTA apotelèsmata; gegonìc pou endeqomènwc antanaklˆ omoiìthtec anˆmesa sthn Ellh-

nik  paradosiak  mousik  kai tic Dutikèc mousikèc paradìseic. Sunolikˆ, ta eur matˆ mac

enisqÔoun peraitèrw thn apotelesmatikìthta thc polupolitismik c prosarmog c, idÐwc se

senˆria me periorismènouc pìrouc ekpaÐdeushc kai apait seic gia diapolitismik  genÐkeush.

0.4.1 Diapolitismik  GenÐkeush kai Metaforˆ Gn¸shc

'Opwc faÐnetai sto Sq ma 5, h suneq c pro-ekpaÐdeush se mÐa mousik  parˆdosh mporeÐ

na enisqÔsei thn apìdosh kai se ˆllec, an kai se diaforetikì bajmì. Endeiktikˆ, para-

threÐtai isqur  diapolitismik  metaforˆ metaxÔ thc Tourkik c ( Turkish-makam) kai thc

Karnatik c ( Carnatic) parˆdoshc, kaj¸c ta montèla pou èqoun prosarmosteÐ sth mÐa geni-

keÔoun apotelesmatikˆ kai sthn ˆllh. Parìmoia metaforˆ gn¸shc parathreÐtai kai metaxÔ

thc Karnatik c ( Carnatic) kai thc Indoustanik c ( Hindustani) mousik c. Sugkekrimèna, to

montèlo pou èqei prosarmosteÐ sthn Karnatik  epitugqˆnei uyhlèc epidìseic se ìlec tic

metrikèc katˆ thn axiolìghs  tou sto Hindustani auto-tagging task, en¸ to montèlo thc

Hindustani parousiˆzei elafr¸c kalÔterh apìdosh stic metrikèc F1 ìtan efarmìzetai sthn

Karnatik  mousik  (bl. PÐnakec 1 kai 2). H amoibaÐa aut  metafersimìthta enisqÔei thn

eggÔthta metaxÔ twn dÔo mousik¸n paradìsewn, idÐwc lìgw thc koin c qr shc twnraga

kai tala [24], parˆ tic diaforèc sth morfologÐa thc ektèleshc, tic melwdikèc kin seic kai ta

ìrgana pou qrhsimopoioÔntai.

Sq ma 5. Diapolitismik  Metafersimìthta. Apìdosh twn prosarmosmènwn
montèlwn bˆsei thc metrik c ROC-AUC se ìla ta sÔnola dedomènwn, anadeiknÔontac tˆseic
metaforˆc gn¸shc metaxÔ twn mousik¸n paradìsewn pou exetˆzontai. To CultureMERT
genikeÔei apotelesmatikˆ se mh Dutikˆdatasets, en¸ h sugq¸neush montèlwn mèsw task
arithmetic epitugqˆnei antÐstoiqh apìdosh sta Ðdia sÔnola kai upertereÐ sta Dutikd̂atasets
(FMA-medium, MTAT ) kaj¸c kai sto Lyra.

Se genikèc grammèc, parathroÔme ìti tocross-cultural transferability den eÐnai pˆntote

summetrikì. Gia parˆdeigma, en¸ to montèlo pou èqei prosarmosteÐ sthnCarnatic mousi-
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k  genikeÔei ikanopoihtikˆ sthn Hindustani, h antÐstrofh kateÔjunsh odhgeÐ se elafr¸c

kalÔterec epidìseic mìno se orismènec metrikèc (p.q.,Macro-F1). Parìmoiec asummetrÐec

èqoun katagrafeÐ kai sth bibliografÐa gia tocross-lingual transferability [96, 97, 98]. Idia-

Ðtero endiafèron parousiˆzei to gegonìc ìti to montèlo pou èqei prosarmosteÐ sthn Karna-

tik  mousik  anadeiknÔetai wc to pio stajerˆ transferable metaxÔ ìlwn twnsingle-culture

montèlwn, epitugqˆnontac tic uyhlìterec mèsec epidìseic se pollaplèc mh Dutikèc mousikèc

paradìseic, sÔmfwna me tic metrikècROC-AUC, AP kai F1. EmfanÐzei isqur  apìdosh ìqi

mìno entìc tou eurÔterou IndikoÔ politismikoÔ plaisÐou (anˆmesa stic paradìseicCarnatic

kai Hindustani), allˆ kai genikeÔei apotelesmatikˆ proc thn Tourkik  klassik  kai thn

Ellhnik  paradosiak  mousik .

H Ellhnik  paradosiak  mousik  sunistˆ mia idiaÐterh {prìklhsh}, kaj¸c enswmat¸nei

qarakthristikˆ tìso apì mh Dutikèc ìso kai apì Dutikèc mousikèc paradìseic. Sugke-

krimèna, fèrei stoiqeÐa melwdikoÔ autosqediasmoÔ kai mikrotonik c èkfrashc, koinˆ me tic

paradìseic thc Tourkik c Makˆm kai thc Indoustanik c mousik c, en¸ parˆllhla axiopoieÐ

enarmonÐseic ephreasmènec apì th Dutik  klassik  mousik . Autìc o sunduasmìc tropik¸n

kai tonik¸n susthmˆtwn èqei analujeÐ ekten¸c sthn ejnomousikologik  bibliografÐa, idia-

Ðtera sto plaÐsio tou Rempètikou tragoudioÔ, to opoÐo sunduˆzei melwdÐec basismènec se

makam me armonikèc praktikèc thc Dutik c mousik c skèyhc [99]. Sta peirˆmatˆ mac, para-

throÔme ìti to MERT-v1, to opoÐo èqei arqikˆ ekpaideuteÐ se Dutik  mousik ,  dh leitourgeÐ

wc èna isqurì baselinegia to Lyra auto-tagging task. Epiplèon, h peraitèrw prosarmog 

tou montèlou • eÐte me dedomèna apì mÐa mìno mousik  parˆdosh eÐte apì èna eterogenèc,

polupolitismikì sÔnolo • apofèrei stajerˆ tic mikrìterec belti¸seic sto Lyra, sugkritikˆ

me ìlec tic ˆllec mh Dutikèc paradìseic, se ìlec tic metrikèc axiolìghshc. To eÔrhma autì

upodhl¸nei ìti h mousik  dom  thc Ellhnik c paradosiak c mousik c endèqetai na euju-

grammÐzetai, toulˆqiston en mèrei, me tic Dutikèc prokatal yeic pou fèrei  dh to arqikì

montèlo.

'Opwc anamenìtan, to pro-ekpaideumèno montèloMERT-v1parousiˆzei uyhl  apìdosh se

Dutikokentrikˆ sÔnola dedomènwn, ìpwc taMTAT kai FMA-medium, gegonìc pou anta-

naklˆ thn arqik  prokatˆlhy  tou upèr twn Dutik¸n mousik¸n paradìsewn. Antijètwc,

ta montèla pou èqoun prosarmosteÐ se epimèrouc mh Dutikèc paradìseic (p.q.,MakamMERT,

HindustaniMERTk.ˆ.) emfanÐzoun suqnˆ meiwmènh apìdosh se autˆ ta Dutikb̂enchmarks.

To fainìmeno autì anadeiknÔei to shmantikìdomain shift metaxÔ Dutik¸n kai mh Duti-

k¸n mousik¸n sunìlwn dedomènwn. Wstìso, h epÐdrash aut  metriˆzetai aisjhtˆ apì to

CultureMERT, kai akìmh perissìtero apì to CultureMERT-TA, twn opoÐwn h èkjesh se

èna eurÔ fˆsma mousik¸n paradìsewn, eÐte mèsw suneqoÔc pro-ekpaÐdeushc eÐte mèsw sug-

q¸neushc montèlwn, toÔc epitrèpei na diathroÔn apotelesmatikìterh genÐkeush tìso se mh

Dutikèc ìso kai se Dutikèc mousikèc paradìseic.

Omoiìthta Mousik¸n Paradìsewn se EpÐpedo Akoustik¸n Tokens . Gia

na melet soume se megalÔtero bˆjoc tic diapolitismikèc omoiìthtec sta dedomèna mac, ana-

lÔoume th suqnìthta emfˆnishc koin¸n akoustik¸n tokens metaxÔ twn sunìlwn dedomènwn

pou antiproswpeÔoun tic mousikèc paradìseic pou meletˆme, qrhsimopoi¸ntac dÔo metrikèc:

thn apìklish Jensen-Shannon (JSD)kai thn apìstash sunhmitìnou ( cosine distance) meta-

37



Kef 'alaio 0. Ektetamènh Ellhnik  PerÐlhyh

xÔ twn katanom¸ntokens pou exˆgontai apì to montèlo EnCodec [2], to opoÐo leitourgeÐ

wc audio tokenizer. Qamhlìterec timèc kai stic dÔo metrikèc upodeiknÔoun megalÔterh o-

moiìthta. H anˆlus  mac, ìpwc parousiˆzetai sto Sq ma 6, apokalÔptei èntonh omoiìthta

metaxÔ twn mh Dutik¸n mousik¸n paradìsewn, me idiaÐtera uyhl  eggÔthta metaxÔ thc In-

doustanik c kai thc Karnatik c mousik c. AntÐjeta, ta Dutikˆ sÔnola dedomènwn (MTAT ,

FMA-medium) parousiˆzoun metaxÔ touc uyhl  omoiìthta, allˆ emfanÐzoun shmantikèc a-

poklÐseic se sqèsh me tic mh Dutikèc paradìseic. H Ellhnik  paradosiak  mousik  (Lyra),

an kai eÐnai sqetikˆ pio diakrit , faÐnetai na eÐnai pio kontˆ me tic mh Dutikèc paradìseic

parˆ me tic Dutikèc.

Sq ma 6. Omoiìthta Akoustik¸n Tokens metaxÔ Mousik¸n Paradìsewn.
ZeÔgh omoiìthtac metaxÔ twn katanom¸n akoustik¸ntokens, ìpwc ex̂ gontai apì to EnCodec
codecmontèlo [2]. Oi timèc omoiìthtac prokÔptoun wc mèsoc ìroc apì8 codebooks, kajèna
ek twn opoÐwn perièqei1024 diakritˆ tokens. Kai oi dÔo metrikèc parousiˆzoun parìmoiec
tˆseic metaxÔ twndataset.

Ta parapˆnw eur mata parousiˆzoun isqur  susqètish me ta apotelèsmata diapolitismi-

k c metaforˆc pou analÔjhkan prohgoumènwc. Autì upodeiknÔei ìti metrikèc omoiìthtac

mporoÔn na axiopoihjoÔn wc endeÐxeic jetik c metaforˆc gn¸shc metaxÔ mousik¸n paradìse-

wn. H diapÐstwsh aut  èqei ˆmesec praktikèc proektˆseic: oi en lìgw metrikèc mporoÔn na

kajodhg soun tìso thn epilog  ìso kai thn analogÐa twn dedomènwn katˆ thn ekpaÐdeu-

sh. To eÔrhma autì eÐnai idiaÐtera krÐsimo se senˆria periorismènwn pìrwn, ìpou mousikèc

paradìseic me mikr  diajesimìthta dedomènwn mporoÔn na enisqujoÔn mèsw thc axiopoÐhshc

suggen¸n, politismikˆ sunaf¸n paradìsewn me megalÔterh diajesimìthta.
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0.4.2 EpÐdrash tou Suntelest  � sthn Teqnik  Task Arithmetic

Mia krÐsimh parˆmetroc sthn teqnik  task arithmetic eÐnai h epilog  tou suntelest 

sugq¸neushc � . ProhgoÔmenec melètec [6, 94] èqoun deÐxei ìti mh bèltistec timèc tou

� mporoÔn na upobajmÐsoun shmantikˆ thn apìdosh katˆ th sugq¸neush. Gia na mele-

t soume thn epÐdrash tou� , pragmatopoioÔme susthmatik  axiolìghsh diaforetik¸n tim¸n

(� 2 f 0:1; 0:2; 0:25; 0:3; 0:5; 0:75; 1:0g), oi opoÐec efarmìzontai omoiìmorfa se ìla ta task

vectors • dhlad , qrhsimopoieÐtai o Ðdioc suntelest c gia kˆje epimèrouc montèlo • sÔm-

fwna me thn aplopoihmènh diatÔpwsh thc ExÐswshc 2, sumperilambanomènhc kai thc eidik c

perÐptwshc touweight averaging(� = 1=N = 0 :25). Se sumfwnÐa me prohgoÔmenec parath-

r seic apì th bibliografÐa, diapist¸noume ìti mh katˆllhlec timèc, ìpwc � = 1 :0, odhgoÔn

se qamhlèc epidìseic se ìla ta benchmarks, ìpwc faÐnetai sto Sq ma 7.

Sq ma 7. EpÐdrash tou Suntelest  Sugq¸neushc � sthn Apìdosh thc
Teqnik c Task Arithmetic . Oi timèc thc metrik c ROC-AUC se èxi diaforetikèc
ergasÐec autìmathc taxinìmhshc mousik c apì poikÐlec mousikèc paradìseic anadeiknÔoun
p¸c h metabol  tou � ephreˆzei thn apìdosh tou task arithmetic katˆ th sugq¸neush twn
tessˆrwn single-culture adaptedmontèlwn.

0.4.3 Apotelesmatikìthta thc Proteinìmenhc Strathgik c DÔo
StadÐwn

ParathroÔme ìti h apl  sunèqish thc ekpaÐdeushc me ton meiwmèno rujmì mˆjhshc tou

arqikoÔ pro-ekpaideumènou montèlou, dhlad  qwrÐclearning rate re-warming, odhgeÐ se ana-

potelesmatik  prosarmog  se diaforetikèc mousikèc paradìseic, kaj¸c oi anaparastˆseic

pou èqei mˆjei to arqikì montèlo den metabˆllontai epark¸c. Autì gÐnetai idiaÐtera em-

fanèc sthn perÐptwsh thc Tourkik c Makˆm mousik c, ìpou h suneq c pro-ekpaÐdeush se

èna mìno stˆdio qwrÐcre-warming den odhgeÐ se kamÐa beltÐwsh apìdoshc. H efarmog re-

warming sto single-stage setupepifèrei  pia kèrdh prosarmog c (+0 :8%), allˆ sunodeÔetai

apì shmantik  ap¸leia gn¸shc ( forgetting) sto MTAT auto-tagging task (� 3:6%), akìmh
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kai ìtan enswmat¸netai Dutikˆ dedomèna (20%) gia thn antimet¸pish autoÔ tou fainomènou.

AntÐjeta, h proteinìmenhtwo-stagestrathgik  suneqoÔc pro-ekpaÐdeushc epitugqˆnei shma-

ntikˆ kalÔterh prosarmog  ( +6 :4%), en¸ tautìqrona periorÐzei sto elˆqisto to forgetting

(� 0:4%), apodeiknÔontac thn apotelesmatikìthtˆ thc sthn exisorrìphsh metaxÔplasticity

kai stability . Tèloc, exetˆzoume ton rìlo thc enswmˆtwshc dedomènwn pou proèrqontai apì

Dutikèc mousikèc paradìseic wc mhqanismì metriasmoÔ tou fainomènoucatastrophic forget-

ting. An kai h qr sh tètoiwn dedomènwn sumbˆllei sth diat rhsh thc apìdoshc sto MTAT ,

eisˆgei ènan sumbibasmì metaxÔ prosarmostikìthtac kai diat rhshc prìterhc gn¸shc: u-

perbolikì replay Dutik¸n dedomènwn mporeÐ na empodÐsei thn apotelesmatik  politismik 

prosarmog . Ta apotelèsmatˆ mac (PÐnakac 3) upodeiknÔoun ìti o periorismìc touWestern

replay mìno sto Stˆdio 1 prosfèrei th bèltisth isorropÐa metaxÔ diat rhshc gn¸shc kai

epituqoÔc prosarmog c.

CPT Strategy Western Replay Turkish-makam MTAT

MERT-v1 (Baseline) - 83.2 89.6

Single-stage (w/ re-warming) 3 83.8 86.0

Single-stage (w/o re-warming) 3 83.0 87.5

Two-stage (Ours) Stage 1 89.6 89.2

Two-stage (Ours) Both stages 88.6 89.4

PÐnakac 3. SÔgkrish Strathgik¸n SuneqoÔc Pro-ekpaÐdeushc ( CPT ).
TimècROC-AUC sta sÔnola dedomènwnTurkish-makam kai MTAT . H strathgik  suneqoÔc
pro-ekpaÐdeushc dÔo stadÐwn upertereÐ thcsingle-stageprosarmog c, en¸ o periorismìc
thc enswm t̂wshc Dutik¸n dedomènwn (Western replay) mìno sto Stˆdio 1 prosfèrei ton
bèltisto sumbibasmì metaxÔ politismik c prosarmog c kai diat rhshc prìterhc gn¸shc.
Se ìla ta senˆria CPT pou prosjètoume Dutikˆ dedomèna, to 20% twn sunolik¸n dedomènwn
ekpaÐdeushc proèrqetai apì to sÔnoloMusic4All [7].

0.5 Sumperˆsmata

0.5.1 Suz thsh

H paroÔsa diplwmatik  ergasÐa exetˆzei th mˆjhsh anaparastˆsewn gia upoekproswpo-

Ômenec mousikèc paradìseic kai proteÐnei toCultureMERT-95M, èna polupolitismikˆ prosar-

mosmènofoundation model, to opoÐo anaptÔqjhke mèsw suneqoÔc pro-ekpaÐdeushc (contin-

ual pre-training) se diˆforec mh Dutikèc mousikèc paradìseic. Sugkekrimèna, proteÐnoume

mia strathgik  dÔo stadÐwn gia th suneq  pro-ekpaÐdeush, h opoÐa sunduˆzei {epanajèrman-

sh} tou rujmoÔ mˆjhshc ( learning rate re-warming) kai stadiak  prosarmog , epitrèpontac

stajer  ekpaÐdeush akìmh kai upì periorismènouc upologistikoÔc pìrouc. Ta peiramati-

kˆ apotelèsmata deÐqnoun ìti toCultureMERTupertereÐ stajerˆ tou arqikoÔ montèlou

MERT-95Mse diˆforec ergasÐec taxinìmhshc mousik c gia mh Dutikd̂atasets, xepern¸ntac

prohgoÔmenecstate-of-the-art mejìdouc, en¸ tautìqrona diathreÐ uyhl  apìdosh kai se

Dutikˆ benchmarks.

40



0.5.2 Mellontikèc KateujÔnseic kai Proektˆseic

Epiplèon, meletˆme th metaforˆ gn¸shc metaxÔ mousik¸n paradìsewn, analÔontac thn

apìdosh politismikˆ exeidikeumènwn montèlwn se ˆllec mousikèc paradìseic. Ta eur mata

deÐqnoun ìti h metafersimìthta (transferability ) diafèrei anˆloga me thn parˆdosh kai ta

dedomèna ekpaÐdeushc, antanakl¸ntac gnwstèc jewrhtikèc suggèneiec apì thn ejnomousi-

kologÐa, en¸ susqetÐzetai epÐshc me mètra omoiìthtac metaxÔ twn sunìlwn dedomènwn pou

qrhsimopoioÔme se epÐpedo akoustik¸ntoken, prosfèrontac nèec upologistikèc proseg-

gÐseic gia th qartogrˆfhsh twn sqèsewn metaxÔ mousik¸n paradìsewn. H polupolitismik 

ekpaÐdeush se eniaÐo sÔnolo dedomènwn pou enswmat¸nei ìlec tic mh Dutikèc paradìseic

odhgeÐ se sunolikˆ beltiwmènh apìdosh, enisqÔontac th genÐkeush se poikÐla repertìria.

Epiplèon, exetˆzoume th mèjodotask arithmetic wc enallaktik  strathgik , sugqwneÔo-

ntac politismikˆ exeidikeumèna montèla ston q¸ro twn bar¸n. H prosèggish aut  apodÐdei

sugkrÐsima me toCultureMERTse mh Dutikˆ datasets, en¸ se orismènec peript¸seic xepernˆ

akìmh kai to arqikì pro-ekpaideumèno montèlo se Dutikˆ sÔnola dedomènwn.

Sunolikˆ, h ergasÐa aut  sumbˆllei sthn anˆptuxh politismikˆ euaisjhtopoihmènwn

foundation modelsgia th mousik  kai apoteleÐ thn pr¸th melèth pou efarmìzei kai axiolo-

geÐ teqnikèc suneqoÔc pro-ekpaÐdeushc kai sugq¸neushc montèlwn sto pedÐo thc anˆkthshc

mousik c plhroforÐac. H melèth mac entˆssetai se mia eurÔterh prospˆjeia anˆptuxhc

upologistik¸n mejìdwn pou sèbontai thn politismik  poikilomorfÐa kai stoqeÔoun sthn

enopoihmènh mˆjhsh kajolik¸n anaparastˆsewn thc mousik c, anoÐgontac prooptikèc gia

peraitèrw èreuna sto pedÐo thc diapolitismik c anˆkthshc mousik c plhroforÐac.

0.5.2 Mellontikèc KateujÔnseic kai Proektˆseic

H paroÔsa ergasÐa anoÐgei pollaplèc prooptikèc gia mellontik  èreuna kai epektˆseic.

MÐa basik  kateÔjunsh aforˆ thn klimˆkwsh thc prosèggis c mac se perissìterec mousikèc

paradìseic, megalÔtera montèla (p.q.MERT-330M), kaj¸c kai th diereÔnhsh enallaktik¸n

arqitektonik¸n, ìpwc ta MusicFM [19], MuQ [100] kaiSoniDo [101]. Mellontikèc melètec

ja prèpei epÐshc na diereun soun p¸c h epilog  twn mousik¸n paradìsewn kai oi analo-

gÐec twn antÐstoiqwn dedomènwn katˆ th (suneq ) pro-ekpaÐdeush ephreˆzoun th genÐkeush

twn montèlwn se diaforetikˆ tasks. Epiplèon, h prosèggis  mac mporeÐ na epektajeÐ se

ˆllec kathgorÐec efarmog¸n, pèran thc autìmathc taxinìmhshc mousik c, ìpwcbeat track-

ing, emotion recognitionkai source separation, kaj¸c kai se polutropikˆ zero-shotsenˆria

kai montèla pou sunduˆzoun mousik  kai fusik  gl¸ssa. Gia parˆdeigma, h enswmˆtwsh

kai peraitèrw ekpaÐdeush touCultureMERTse tètoia frameworks (ìpwc ta MuLan [95],

MusiLingo [102] kai CLaMP 3 [71]) ja mporoÔse na enisqÔsei th genÐkeush se upoekpro-

swpoÔmenec mousikèc paradìseic, se efarmogèc ìpwc h anˆkthsh mousik¸n apospasmˆtwn

bˆsei fusik c gl¸ssac. Tèloc, h ermhneusimìthta kai epexhghsimìthta twn montèlwn pa-

ramènei krÐsimo zhtoÔmeno. Mellontik  èreuna ja mporoÔse na epikentrwjeÐ se teqnikèc

epexhghsimìthtac (XAI ) gia thn katanìhsh kai aitiolìghsh twn apofˆsewn twn montèlwn,

idÐwc se politismikˆ euaÐsjhta plaÐsia, kajist¸ntac tic apofˆseic thc teqnht c nohmosÔnhc

pio diafaneÐc kai perissìtero enarmonismènec me thn anjr¸pinh mousik  antÐlhyh.
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Chapter 1

Introduction

1.1 Motivation

Music is a fundamental aspect of human culture, universally present across societies

while taking diverse forms and expressions unique to each tradition [8, 9, 10]. Its func-

tions include emotional regulation, communication, and social bonding; it plays roles in

art, entertainment, worship, and advertising, and it constitutes a major global industry.

This dual role, as both a cultural artifact and an economic driver, presents opportuni-

ties to bene�t society while also posing unique technical challenges when combined with

arti�cial intelligence (AI) [11]. Beyond practical applications, comprehension of music's

semantics through deep learning (DL), particularly emphasizing interpretable approaches,

can also signi�cantly contribute to theoretical insights across various �elds, including eth-

nomusicology and music anthropology, music theory, and the study of music cognition.

For instance, by analyzing vast amounts of music data, computational models can uncover

musical patterns and cultural in�uences in music evolution, and relate these �ndings to

broader social and historical contexts. Furthermore, while music is often described as a

"universal language", this notion remains debated among scholars: certain elements may

transcend cultural boundaries [12], yet musical traditions have evolved with distinct char-

acteristics and culturally grounded semantics [13, 14]. This interplay between universality

and cultural speci�city poses a complex challenge that music informatics and modern AI

approaches can provide a new perspective to explore [15].

Music information retrieval (MIR) refers to the �eld of research focusing on extracting

and analyzing information from music data [16, 11]. Computational methods in music

typically employ signal processing techniques to extract relevant features from audio sig-

nals, which are then utilized by machine learning (ML) models for music understanding

tasks, such as genre classi�cation, beat tracking, key detection, source separation, and

music auto-tagging, among other tasks. Unlike speech and language, music is typically

polyphonic, often comprising multiple concurrent �voices� or instrumental layers, which

makes it fundamentally a multi-stream signal. Moreover, musical "meaning" is not usu-

ally grounded in direct references to real-world objects or concrete events, but is instead

abstract and often shaped by cultural context. Thus, music understanding presents sig-

ni�cant challenges due to the intricate and interwoven human-related concepts embedded

within the sequence of music signals, such as emotions, experiences, expressions, cultural
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identity, societal and historical contexts, communication, and creativity. Additionally, mu-

sic typically has a much longer duration and a higher sample rate compared to speech

or general audio, making it computationally demanding to model entire pieces e�ectively.

The key bottleneck is that modeling raw audio directly introduces extremely long-range

dependencies, making it computationally challenging to learn the high-level semantics of

music.

The term �foundation model� (FM) was introduced to refer to any pre-trained, versa-

tile machine learning architecture that, rather than being optimized for just one speci�c

purpose, functions as a central framework from which multiple specialized models can be

derived for a wide variety of downstream tasks [17]. The emergence of foundation models

has been driven by advancements in deep learning, including architectural innovations such

as the Transformer [18], as well as improvements in computational hardware. Foundation

models have recently emerged in the music domain [1, 19, 20, 11, 103, 58], o�ering powerful

general-purpose representations learned from large-scale audio data. These models capture

broad musical characteristics and have demonstrated state-of-the-art performance across

a range of music understanding tasks, reducing the need for task-speci�c training. By

leveraging self-supervised learning (SSL) on large amounts of unlabelled music data, foun-

dation models address data scarcity, reduce annotation costs, and improve generalization

in music information retrieval [11]. In general, SSL has emerged as a promising paradigm

in representation learning, enabling models to learn meaningful representations from large

unannotated datasets, without requiring explicit labels, by leveraging the inherent struc-

tures present in the data [104]. Similarly, it facilitates the extraction of generalizable

knowledge from extensive unlabelled datasets, thereby enhancing model performance on

downstream tasks where labeled data is scarce.

Despite these advances, most existing foundation models for music have been trained

primarily on Western-centric datasets, limiting their ability to represent diverse musical

styles [21, 3]. Critically, these models are also rarely evaluated on the world's musical di-

versity, leaving their generalization ability to diverse musical traditions, especially under-

represented ones, largely unexplored. Many musical traditions, including Turkish, Indian,

and Greek traditional music, feature unique melodic structures, modal or tonal systems,

and rhythmic patterns that are not adequately captured by these models [22, 23, 24].

Unlike Western classical and popular music, which primarily rely on equal temperament

and harmony-based composition, these traditions incorporate microtonal intervals, dis-

tinct rhythmic cycles, and melodic improvisation. Failing to model such culture-speci�c

stylistic elements not only narrows the applicability of music foundation models, for ex-

ample, in region-speci�c recommendation systems [25] or cultural heritage preservation,

but also overlooks rich, culturally speci�c knowledge crucial for advancing MIR research

[11]. This bias re�ects a broader historical trend of Westernisation, where the dominance

of Western music in computational models risks marginalizing and displacing local tradi-

tions. Accordingly, there is an urgent need to develop more inclusive and culturally aware

computational models [26], capable of generalizing beyond Western-centric traditions and

adapting e�ectively to diverse underrepresented musical cultures, a direction that has also

gained traction in other domains, such as natural language processing (NLP) [27] and
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speech recognition [28], through culturally adapted and multilingual foundation models.

One promising avenue for addressing these challenges is continual pre-training (CPT),

which has emerged as an e�ective and increasingly popular approach in large language

models (LLMs) [4, 29, 30, 105, 32, 88, 33, 34, 106, 107, 108] and multimodal learning

[31]. By enabling models to incrementally adapt to new domains, tasks, or languages,

CPT avoids the need for full re-training, which is often impractical and computationally

expensive [32, 4, 88, 106, 37]. Notably, it has been shown to match, or even surpass,

training from scratch in some cases [33, 34], while also leading to faster convergence [35]

and mitigating catastrophic forgetting [36]. CPT has also gained traction in the audio

domain, with recent work demonstrating its e�ectiveness in adapting pre-trained speech

models to both high- and low-resource languages [37, 28, 109, 38, 110].

Additionally, model merging [39, 40, 111, 112] has proven to be a simple yet e�ective

technique for adapting pre-trained models across multiple domains by combining domain-

speci�c parameters in weight space, without requiring additional training [41] or access to

the original training data [42]. A notable method within this paradigm is task arithmetic

(TA) [5], which constructs task vectorsby computing the di�erence between the parameters

of an adapted model and its pre-trained counterpart, encoding domain-speci�c knowledge.

These task vectors can then be integrated into the pre-trained model via algebraic oper-

ations in Euclidean space to create a uni�ed model from multiple independently adapted

models, o�ering a computationally e�cient alternative to multi-task learning (MTL) [6].

Task arithmetic provides a modular framework for editing pre-trained models and fusing

knowledge across domains, enabling generalization across diverse tasks while preserving

information from both individual adaptations and the original pre-training.

Given the scarcity of culturally diverse, annotated music data, CPT provides a com-

putationally e�cient solution for adapting foundation models to non-Western traditions

without requiring full re-training, while task arithmetic enables seamless model merging in

weight space, facilitating multi-cultural adaptation while mitigating catastrophic forget-

ting.

1.2 Research Objective and Contributions

While both continual pre-training and task arithmetic have been widely explored in

other domains, their application to MIR remains largely unexplored. We bridge this gap

by leveraging these techniques to adapt theMERT-v1-95M1 music foundation model [1],

originally trained on 1K hours of predominantly Western music [1, 43], to diverse musical

cultures from the Eastern Mediterranean and the Indian subcontinent, while preserving

performance on "Western"-centric benchmarks.

This process can be naturally framed as a domain adaptation (DA) [113] task, in which

a model trained on a Western source domain is adapted to perform e�ectively on culturally

distinct target domains. In this context, continual pre-training and model merging can be

viewed as strategies within the broader DA framework. While conventional DA approaches

1https://huggingface.co/m-a-p/MERT-v1-95M
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often involve aligning feature distributions or �ne-tuning on the target domain, CPT entails

further training a pre-trained model, typically using the same self-supervised objective, on

domain-speci�c data to incrementally adapt it to a new target domain, whereas TA enables

multi-domain merging directly in parameter space without access to the original training

data.

A major challenge in adapting foundation models to diverse domains is ensuring e�cient

adaptation while avoiding catastrophic forgetting [44], where previously learned knowledge

can be "lost" when the model is trained on new data [45]. To address this, we propose a

computationally e�cient two-stage continual pre-training approach that integrates learning

rate re-warming [4] and staged adaptation, stabilizing training and enabling smoother,

e�ective adaptation.

This thesis makes the following contributions:

1. To the best of our knowledge, this is the �rst study to explore continual pre-

training and task arithmetic for cross-cultural adaptation in MIR, demonstrating

their e�ectiveness in music audio representation learning within the context of music

foundation models.

2. We propose atwo-stage continual pre-training strategy that stabilizes train-

ing, mitigates catastrophic forgetting, and facilitates e�ective adaptation under con-

strained computational resources.

3. Our multi-cultural model, CultureMERT, outperforms the original MERT-v1by an

average of 4.43% in ROC-AUC across diverse non-Western music tagging tasks,

alongside consistent average improvements of 5.4% in AP, 3.6% in Micro-F1, and

6.8% in Macro-F1, while exhibiting minimal forgetting on Western benchmarks.

4. Our culturally adapted models surpass previous state-of-the-art results across

all evaluated non-Western music tagging tasks.

5. We explorecross-cultural transferability , analyzing how models adapted to one

musical tradition (e.g., Turkish Makam) generalize to others (e.g., Greek folk). Our

results indicate that single-culture adaptations exhibit varying degrees of transfer

across cultural domains, with the multi-culturally adapted model yielding the best

generalization across cultures.

By addressing these challenges, this thesis contributes to the development of cultur-

ally aware foundation models for music that enable world music understanding and en-

hance cross-cultural music representation learning. Our work highlights the e�cacy of

continual pre-training for cross-cultural adaptation in MIR, establishing CultureMERT-95M

as a state-of-the-art foundation model for diverse musical traditions. To support repro-

ducibility and further research on world music representation learning, we publicly release

CultureMERT-95M, along with the task arithmetic variant, CultureMERT-TA-95M.
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1.3 Outline

The remainder of this thesis is organized as follows:

ˆ Chapter 2 reviews relevant literature on music representation learning and foundation

models for music, discusses MIR tasks and evaluation paradigms, and examines prior

work and challenges in cross-cultural MIR.

ˆ Chapter 3 presents the methodology of this thesis, including a detailed overview of the

MERT architecture and its pre-training objective, the proposed two-stage continual

pre-training strategy for cultural adaptation, and task arithmetic as an alternative

approach to multi-cultural adaptation through model merging. This chapter also

describes the datasets used, the experimental setup, and the probing-based evaluation

protocol.

ˆ Chapter 4 presents the experimental results and provides an in-depth discussion.

It evaluates the impact of continual pre-training and task arithmetic on cultur-

ally diverse music tagging tasks, analyzes cross-cultural transferability patterns, and

demonstrates the e�ectiveness of our proposed approach through detailed ablation

studies.

ˆ Chapter 5 concludes the thesis by summarizing the main �ndings, highlighting the

limitations of the current study, and outlining promising extensions, directions, and

research avenues for future work.
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Chapter 2

Music Information Retrieval

Music information retrieval (MIR) is a multidisciplinary �eld that focuses on the com-

putational analysis, organization, and manipulation of music-related data [46]. The term

MIR is sometimes used interchangeably withmusic informatics or music information pro-

cessing [47]. It encompasses a wide range of tasks, including indexing, retrieval, recom-

mendation, transcription, source separation, and music generation. In recent years, MIR

research has become increasingly driven by advances in machine learning (ML), particu-

larly deep learning (DL) methods, which have enabled signi�cant progress across many

sub�elds. In this chapter, we �rst review recent advances in music audio representation

learning and foundation models for music, followed by a discussion of MIR tasks and

evaluation paradigms. We conclude with an overview of cross-cultural MIR, highlighting

emerging datasets, methodologies, and ongoing challenges in this important area.

2.1 Music Representation Learning

The objective of representation learning is to discover and learn meaningful features

that facilitate downstream tasks while remaining robust to the complex variations inherent

in natural data [114]. Representation learning has gained popularity across many domains

due to its e�ectiveness, computational e�ciency, and the simplicity of reusing pre-trained

model representations as features for a wide range of downstream tasks. This objective is

central to advancing arti�cial intelligence (AI), as learning good representations reduces

the need for task-speci�c engineering and enables knowledge transfer across tasks. A va-

riety of model architectures, training paradigms, and modalities have been employed to

learn representations that perform well on tasks such as classi�cation, retrieval, and gen-

eration. In the context of music informatics, such learned representations can be leveraged

for downstream MIR tasks such as automatic classi�cation, recommendation, generation,

and emotion recognition, among others. Ideally�especially in the case of foundation mod-

els�these representations should capture broad musical features such as rhythm, melody,

dynamics, timbre, pitch, and harmony, as well as higher-level abstractions, including com-

positional structure, arrangement, and cultural context. This makes them essential for

models designed to support a wide range of music understanding tasks, where a deep,

holistic representation of musical content is crucial.

Early music information retrieval relied on hand-crafted features (e.g., MFCCs, chroma
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Figure 2.1. Foundation models for music learn general-purpose representations through
large-scale pre-training, which can then be transferred to a wide range of downstream MIR
tasks.

features, or constant-Q representations) and classical machine learning algorithms. How-

ever, deep learning has since revolutionized music representation learning, achieving re-

markable success [48]. In particular, convolutional neural networks (CNNs) trained on la-

beled music tasks, such as music auto-tagging and genre classi�cation, have become widely

adopted. For example, musicnn [115] o�ers pre-trained VGG-like CNNs that achieve high

accuracy on benchmarks such as MagnaTagATune. Transfer learning [116, 117] has further

improved performance by �ne-tuning models pre-trained on large audio corpora, signi�-

cantly boosting results on downstream MIR tasks including instrument classi�cation and

genre recognition. This approach also enables e�ective use of smaller annotated datasets,

which is particularly advantageous given the high cost and di�culty of manual labeling, es-

pecially in diverse or low-resource musical domains. More recently, an alternative strategy

for learning music representations leverages self-supervised learning (SSL), where models

are trained on proxy objectives derived directly from the input data, eliminating the need

for manual annotation. This approach enables the extraction of rich representations us-

ing automatically generated supervision signals. Several SSL-based models for music have

demonstrated strong performance across a range of downstream MIR tasks, e�ectively

closing the gap with supervised approaches [49, 50, 51, 52, 1, 53].

2.2 Foundation Models for Music

Recent research has increasingly focused on developing foundation models for music [11,

103], inspired by analogous advances in natural language processing (NLP) and computer

vision [17]. These models are typically pre-trained on large-scale music corpora using SSL,

learning general-purpose representations that can transfer e�ectively to a wide range of

MIR tasks [11] (see Figure 2.1). After pre-training, they are �ne-tuned and evaluated on

downstream tasks using much smaller labeled datasets, enabling e�ective transfer even

in low-resource or annotation-scarce scenarios. Notably, [101] shows that intermediate

features extracted from such pre-trained models can serve as general-purpose boosters for

task-speci�c models, particularly when training data is limited or computational resources

are constrained.
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One dominant pre-training paradigm is masked modeling (MM), adapted from BERT-

style pre-training in NLP [54]. MM works by randomly masking portions of the input and

training the model to infer the missing segments from surrounding context. This approach,

commonly employed in Transformer models, allows for e�ective modeling of sequential data

and long-range dependencies, as in the case of music audio signals. Music audio, typically

sampled at rates up to 48 kHz and spanning several minutes or more, results in extremely

long sequences that pose signi�cant computational challenges, particularly during model

training. To address this, models employ tokenizers to compress audio signals into compact

latent representations with shorter sequence lengths.

In general, audio tokenization refers to the process of transforming raw audio into

sequences of "meaningful" units (i.e., tokens or codes) that can be used for language

modeling (e.g., masked prediction or auto-regressive generation), downstream tasks (e.g.,

text-to-speech synthesis [118, 119]), or audio compression. Unlike text, where tokens are in-

herently discrete (e.g., words, subwords, or characters), audio is a continuous waveform that

lacks natural segmentation boundaries. Earlier approaches relied on handcrafted features

such as spectrograms and cepstral coe�cients (e.g., MFCCs), whereas more recent methods

learn token representations directly from data using models like vector-quantized autoen-

coders [2, 120, 121], which primarily capture acoustic representations, or self-supervised

audio encoders [1, 122, 123, 124], which aim to learn higher-level semantic representations.

Therefore, input sequences are typically tokenized into either continuous embeddings

or discrete integer tokens. The latter are often produced by neural audio codecs (NACs),

learnable vector-quantized models that discretize audio into compact, semantically mean-

ingful tokens at speci�c temporal resolutions [125]. These tokens can serve as inputs or tar-

gets for masked prediction and generation tasks in music foundation models [11]. Notable

examples include EnCodec [2], SoundStream [121], Descript Audio Codec (DAC) [120],

SpeechTokenizer [126], X-Codec [126], and, more recently, SemantiCodec [124], Pyramid-

Codec [127], and SAT [128], which combine �ne-grained acoustic �delity with the ability to

capture long-range semantic information via hierarchical tokenization. Depending on the

tokenization strategy, the masked prediction objective is formulated as either a regression

task, in the case of continuous masked modeling where models predict continuous targets

using typically the mean squared error (MSE) loss, or as a classi�cation task, as in dis-

crete masked modeling where models predict token indices, typically using cross-entropy

losses. Finally, the choice of tokenization strategy can signi�cantly impact the trade-o�

between training e�ciency, data requirements, and model capacity, an important yet un-

derexplored aspect in the development of music FMs. In particular, the segmentation of

raw audio into tokens is highly non-trivial, and future work may bene�t from exploring

adaptive, content-aware tokenization schemes that better capture the temporal variability

of music (see Section 5.3 for a suggested research direction on this topic).

Overall, recent work highlights a clear trend: neural audio codecs�and audio tok-

enization more broadly�play a central role in state-of-the-art music foundation models by

providing compact, high-�delity representations that support both language model-based

audio generation and understanding tasks, aligning the training paradigm of audio models

with the masked or auto-regressive language modeling paradigms used in NLP.
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Below, we review key foundation model architectures that have driven recent progress

in music audio representation learning, focusing on their pre-training paradigms (e.g.,

masked modeling, multimodal learning, generative modeling), architectural choices, and

audio tokenization strategies.

MERT [1] (Music undERstanding model with large-scale self-supervised Training) is a

prominent example, a BERT-style encoder built upon the HuBERT architecture [55] and

pre-trained on large-scale music audio using a masked language modeling (MLM) objec-

tive. MERT employs a dual-teacher strategy to generate pseudo-labels: an RVQ-VAE-

based �acoustic� teacher (speci�cally, the EnCodec audio tokenizer [2]) and a �musical�

teacher based on constant-Q transform (CQT) reconstruction. This combination enables

the model to learn both acoustic and harmonic characteristics of music. Available in

95M and 330M parameter variants, MERT achieves state-of-the-art performance across

14 diverse music understanding tasks, demonstrating the e�ectiveness of large-scale self-

supervised pre-training for unifying multiple MIR tasks in a single model. For further

architectural and pre-training details, refer to Section 3.2.

Music2Vec [123] is a lightweight and e�cient self-supervised framework for learning

music audio representations directly from raw waveforms. Inspired by the data2vec ar-

chitecture [129], it adopts a teacher�student setup where both models share the same

architecture, comprising a 1-D CNN feature extractor followed by a 12-layer Transformer

encoder. The CNN maps 16 kHz audio into 50 Hz feature sequences, which are then passed

through the Transformer. The student is trained on masked input segments to predict the

contextualized representations generated by the teacher model, which are derived from the

outputs of all 12 Transformer layers. Importantly, the teacher's parameters are updated

via exponential moving average of the student's weights. Music2Vec is trained from scratch

on 1k hours of music audio and achieves competitive performance on several MIR tasks,

including music auto-tagging, genre classi�cation, emotion regression, and key detection,

despite having fewer than 2% of the parameters of large models like Jukebox [20].

MusicFM [19] builds upon MERT by replacing its learned tokenization mechanism with

a non-trainable random projection quantizer, inspired by BEST-RQ [56]. This approach

removes the need for a separate representation learning stage (e.g., RVQ or k-means clus-

tering), as the tokenization process is entirely training-free. Speci�cally, MusicFM maps

log-mel spectral features into a latent space via random projection and discretizes them

using a randomly initialized codebook. Despite its simplicity, this tokenization strategy

achieves strong performance�particularly when su�cient training data is available�across

both sequence-level and token-level MIR tasks, including beat tracking, chord recognition,

and music tagging. These results suggest that random quantization can be a computation-

ally e�cient and e�ective alternative to learned audio tokenizers for foundation models in

music informatics.
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MuQ [100] is a self-supervised foundation model for music audio representation learning

that introduces a novel tokenization method, Mel residual vector quantization (Mel-RVQ).

Unlike prior models that rely on random projections (e.g., MusicFM) or heavy neural

codecs (e.g., EnCodec in MERT), MuQ employs a lightweight residual quantizer trained

on Mel-spectrograms using simple linear projections. This approach provides both com-

putational e�ciency and stable token generation, addressing the initialization sensitivity

of random quantizers and the resource demands of neural codecs. The model is trained to

predict these discrete Mel-RVQ tokens using a Conformer-based encoder under a masked

language modeling objective. Despite using only 0.9K hours of pre-training data, MuQ

outperforms larger models like MERT and MusicFM on a wide range of downstream MIR

tasks, including genre classi�cation, instrument and key detection, and music structure

analysis. Further scaling to 160K hours and incorporating iterative training improves

performance even more. Additionally, MuQ supports multimodal extension through MuQ-

MuLan, a joint music-text embedding model that achieves state-of-the-art results on the

MagnaTagATune zero-shot music tagging task.

MULE [130] presents a comparative study of supervised and unsupervised strategies for

pre-training audio models speci�cally for music understanding. It explores how dataset do-

main (music vs. general audio) and training strategy (supervised vs. unimodal contrastive

unsupervised) a�ect the transferability of audio embeddings across a wide range of music

tasks. Notably, it demonstrates that supervised training on large-scale expert-annotated

music data achieves state-of-the-art performance across diverse tagging tasks, while unsu-

pervised learning on in-domain music audio yields highly generalizable embeddings with

strong performance on novel tasks.

Generative Pre-Training Generative modeling has also shown promise in music rep-

resentation learning. A seminal example is Jukebox [20], a large-scale (5B parameter)

auto-regressive Transformer model trained on over 1.2 million songs. Jukebox compresses

raw audio into discrete codes using three separately trained VQ-VAEs at di�erent temporal

resolutions (each with a vocabulary size of 2048). To model long-range musical structure,

separate auto-regressive priors are trained for each level, and audio is generated hierarchi-

cally from coarse to �ne resolution, with each level conditioned on the upsampled codes of

the coarser level. The model enables controllable generation by conditioning on metadata

such as genre, artist, timing, and optionally unaligned lyrics. While primarily designed

for music generation, JukeMIR [57] demonstrated that intermediate representations from

Jukebox can be repurposed for music understanding tasks, achieving strong performance

in music auto-tagging, genre classi�cation, key detection, and emotion recognition.

Building upon this, SoniDo [101] proposes a two-stage hierarchical foundation model

tailored for both music understanding and generation. It uses a hierarchically quantized

VAE (HQ-VAE) in the �rst stage to extract coarse-to-�ne latent tokens, and models their

distribution in the second stage using a stack of sparse Transformer decoders conditioned

on CLAP embeddings for multimodal alignment. Importantly, the token hierarchy in

SoniDo is jointly trained, unlike Jukebox, where each level is independently trained, which
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allows richer inter-level dependencies. SoniDo extracts task-agnostic representations from

intermediate Transformer layers, supporting a broad range of downstream tasks including

music auto-tagging, music transcription, music source separation, and music mixing.

Furthermore, while originally developed as a text- and melody-conditioned music gen-

eration model, MusicGen [58] has also been evaluated for music representation learning.

It employs a single-stage auto-regressive Transformer decoder trained on residual vector-

quantized (RVQ) tokens from EnCodec. In contrast to models like Jukebox or SoniDo,

which use multi-level hierarchies with multiple priors, MusicGen processes �attened or in-

terleaved parallel token streams from multiple codebooks. This design simpli�es training

and improves e�ciency by avoiding the computational costs of generating multiple code-

book streams. As demonstrated in the SoniDo paper, intermediate representations from

MusicGen can be repurposed for downstream MIR tasks such as genre classi�cation, key

detection, and music transcription.

Additionally, AudioLM [131] introduces a multi-stage auto-regressive framework that

models long-term structure and �ne-grained detail by combining semantic tokens extracted

from w2v-BERT (k-means-clustered representations) [122] with coarse and �ne acoustic to-

kens derived from the SoundStream neural audio codec. Originally proposed for speech

and piano music continuation, AudioLM achieves coherent generation over long timescales

without requiring textual supervision, showcasing the power of hybrid tokenization in audio

foundation models. Building on this framework, MusicLM [132] extends AudioLM by incor-

porating text conditioning via MuLan embeddings, enabling high-�delity and semantically

aligned music generation from textual descriptions. MusicLM demonstrates improvements

in both audio quality and adherence to text prompts, and supports additional conditioning

modalities such as melody inputs.

Most recently, YuE [133] introduced a family of open-source foundation models for

long-form lyrics-to-song generation. Built on the LLaMA2 architecture and trained on

trillions of tokens, YuE uses a two-stage hierarchical modeling framework with semantic-

acoustic fused tokenization and track-decoupled next-token prediction. The model enables

up to �ve-minute coherent generation with �ne-grained control over lyrics, structure, and

style, while also demonstrating strong performance in music understanding tasks such as

the MARBLE benchmark, matching or exceeding previous state-of-the-art methods.

These foundation models fall under the umbrella of auto-regressive predictive coding

(APC), a pre-training paradigm where a model learns to predict future tokens (i.e., discrete

audio codes) in a sequence using an auto-regressive architecture.

Multimodal Learning Multimodal approaches extend music foundation models by in-

corporating modalities beyond audio, such as natural language. Typically, the text modal-

ity is processed using pre-trained embeddings from large NLP encoders or decoders. For

example, LLark [134] is an instruction-tuned multimodal model that integrates a pretrained

Jukebox-based audio encoder with a LLaMA-2 language model via a projection module,

following a pre�x tuning strategy. It supports �exible (audio, text) input prompts and

produces text outputs, enabling tasks like music captioning, genre identi�cation, and com-

positional reasoning. Evaluated on music understanding, captioning, and reasoning tasks,
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LLark achieves strong zero-shot performance, showcasing the bene�ts of instruction-tuned

training on open-source music datasets. Similarly, the JMLA model [135] also targets

zero-shot music tagging via a joint music and language attention mechanism to address

the open-set music tagging problem. It connects a pre-trained masked audio encoder to

a Falcon-7B decoder using a perceiver resampler and dense cross-attention layers across

encoder-decoder layers, allowing multi-level semantic information exchange. By leveraging

GPT-processed music descriptions for training, JMLA achieves competitive zero-shot per-

formance across multiple benchmarks, demonstrating the e�ectiveness of tight cross-modal

alignment in music tagging.

Furthermore, MusiLingo [102] bridges music and language with pre�x tuning by align-

ing MERT music embeddings with a frozen large language model (Vicuna-7B) via a linear

projection, enabling captioning and instruction-following for music-related queries. Mus-

tango [80] further explores text-to-music generation through controllable di�usion mod-

eling, using musically enriched prompts to guide generation via chord, tempo, and key

information. LTU (Listen, Think, and Understand) [136] is a multimodal instruction-

following model for general audio understanding. It integrates a CAV-MAE-pretrained

AST audio encoder with a Vicuna-7B language model via LoRA adapters, and is trained

using a four-stage perception-to-understanding curriculum on the OpenAQA-5M dataset,

which combines closed- and open-ended (audio, question, answer) pairs. LTU demon-

strates strong generalization across audio tasks and exhibits emerging reasoning abilities,

including step-by-step inference, explanation, and uncertainty awareness.

Qwen-Audio [137] and its successor Qwen2-Audio [138] are large-scale audio-language

models that integrate a pre-trained audio encoder with a frozen large language model to

support universal audio understanding. Both models adopt a multi-task training strategy

across over 30 speech, sound, and music tasks, using next-token prediction. To mitigate in-

terference from heterogeneous datasets, Qwen-Audio conditions the decoder on hierarchical

label sequences to balance shared knowledge with task-speci�c signals, while Qwen2-Audio

replaces these with natural language prompts to improve generalization and alignment. It

scales up training data and demonstrates strong performance on tasks such as genre classi-

�cation, instrument recognition, and emotion description, achieving state-of-the-art results

on the AIR-Bench music subset without task-speci�c �ne-tuning.

Additionally, contrastive learning-based (CL) models such as MuLan [95], MusCALL

[139], and CLAP [140] align audio and text representations into a shared embedding space

using paired audio-text data, enabling zero-shot tagging and cross-modal retrieval. Mu-

Lan and CLAP scale to large datasets and leverage strong pre-trained encoders, while

MusCALL emphasizes lightweight training and robust contrastive alignment, introducing

a content-aware loss and exploring audio self-supervision through SimCLR. By leveraging

natural language supervision instead of �xed label taxonomies, these models o�er greater

�exibility and semantic grounding for downstream MIR tasks.

In addition to text, some multimodal models also incorporate visual information, such

as album artwork, music video frames, or other associated visuals, as in recent models

like M2UGen [141], V2Meow [142], and VidMuse [143], to bridge the gap between visual

and audio modalities. Finally, AnyGPT [144] further pushes the boundary by enabling
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any-to-any multimodal generation across music, speech, image, and text using a uni�ed

framework based on discrete tokenization. By leveraging modality-speci�c tokenizers and

a shared language model backbone (LLaMA-2 7B), AnyGPT achieves zero-shot general-

ization across diverse modality combinations without architectural changes.

We should note that while foundation models for music can be designed to process

various modalities�such as symbolic music representations (e.g., MIDI, ABC notations,

tokenized sequences), sheet music, and others�this thesis focuses primarily on musicau-

dio representation learning, where the musical modality is the raw or preprocessed audio

signal. Therefore, our emphasis is on models that operate directly on audio input, aiming

to learn representations that capture both low-level acoustic features and high-level mu-

sical semantics. This focus aligns with recent trends in MIR research and self-supervised

learning [11]. Nonetheless, we acknowledge that many non-audio musical modalities re-

main underexplored in the development of foundation models [11], and future work could

bene�t from addressing this gap. For example, ChatMusician [145] is a recent LLM trained

on ABC notation�a compact, text-compatible symbolic music format�that demonstrates

strong symbolic music understanding and generation capabilities. Built on LLaMA 2 via

continual pre-training and �ne-tuning, it shows that treating music as a second language

allows LLMs to reason about music theory, compose structured scores, and outperform

GPT-4 on a college-level symbolic music benchmark.

Future work may bene�t from integrating such symbolic modalities with audio-based

models in a multimodal setting, combining the structural "clarity" of symbolic representa-

tions with the expressive nuance and dynamics of raw audio signals. This could involve de-

veloping uni�ed multimodal representations that incorporate symbolic music, audio, text,

and music score images within FM architectures [146]. Such fusion may enable models to

better capture the multifaceted nature of music by leveraging diverse sources of information

and mitigating the limitations of relying on a single modality. Very recently, the UniMuLM

framework [147] was proposed to address this challenge by unifying symbolic music, wave-

form audio, and textual instructions into a single language model. It introduces a bar-level

tokenizer that explicitly aligns symbolic and waveform representations. UniMuLM demon-

strates strong performance across diverse music tasks, including captioning, continuation,

inpainting, and music question answering, underscoring the potential of multimodal inte-

gration for advancing music understanding and generation. Similarly, Seed-Music [148] is

a uni�ed multimodal music generation framework that combines text, audio, and symbolic

modalities. It combines MuLan-based text embeddings (including phonemes for lyrics),

an auto-regressive (LM-based) audio token generator, and a symbolic lead sheet generator

to produce high-quality, controllable music conditioned on multimodal inputs. In parallel,

incorporating domain knowledge, such as music theory, notation, and structural semantics,

into foundation model design could guide learning toward musically meaningful abstrac-

tions, potentially moving beyond architectural conventions inherited from other domains.
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2.3 MIR Tasks and Evaluation

Music information retrieval encompasses a wide range of tasks involving both audio

and symbolic music. As noted earlier, this thesis primarily focuses on the raw audio signal

as the musical modality. Common MIR tasks1 include:

ˆ Tonality and Harmony: mode recognition, chord recognition, key estimation.

ˆ Melody and Pitch: melody extraction, pitch and multi-pitch estimation, note

tracking, automatic music transcription.

ˆ Rhythm: onset detection, beat and downbeat tracking, metre estimation, tempo

estimation.

ˆ Timbre and Instrumentation: musical instrument identi�cation, playing tech-

nique detection.

ˆ Temporal Alignment: score following, audio-to-score alignment.

ˆ Temporal Segmentation: music/non-music detection, structural segmentation/struc-

ture analysis, time boundary identi�cation.

ˆ Source Separation: musical instrument source separation, harmonic-percussive

source separation.

ˆ Performance-related Understanding: performer identi�cation, technique iden-

ti�cation, performance assessment, di�culty estimation.

ˆ Clip-level Classi�cation: auto-tagging2, genre classi�cation, mood/emotion recog-

nition.

ˆ Retrieval and Similarity: audio identi�cation, audio matching, cover song detec-

tion.

ˆ Vocal Understanding: singer identi�cation, vocal technique detection, automatic

lyrics transcription and alignment, singing transcription, vocal source separation,

lyrics interpretation.

ˆ Multimodal Understanding: cross-modal retrieval and recommendation, music

captioning, music instruction following, music question answering.

ˆ Music Generation: text-to-music generation, symbolic music generation, mono-

phonic/polyphonic music generation, conditioned generation (chord sequences, melody,

video, text descriptions), melody harmonization, lyrics to singing, singing voice syn-

thesis, singing voice conversion.

1This list is indicative; constructing a complete MIR taxonomy is challenging and beyond the scope of
this thesis.

2Automatic music tagging, which refers to the automatic assignment of descriptive metadata to au-
dio tracks, encompassing attributes such as genre, mood, instrumentation, tempo, language, and even
contextual information such as geographic location, is typically referred to as music auto-tagging.
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MIR-based evaluation can be broadly categorized into two paradigms:probing-based

and language-based evaluation. The probing setup is typically employed for unimodal

models that learn audio representations, where the audio encoder is treated as a feature

extractor�either frozen or �ne-tuned�and a lightweight probing head, typically a shal-

low multilayer perceptron (MLP), is trained on top with labeled data to perform the

downstream task. In contrast, multimodal models that incorporate both audio and text

modalities can be evaluated via natural language prompting: the model is provided with a

task-speci�c instruction (e.g., "What is the key of this song?"), and its generated response

(e.g., "This song is in F minor." ) is mapped to a corresponding label for scoring�typically

in the case of closed-ended tasks.

Recently, several promising evaluation protocols have emerged for benchmarking learned

music representations. The most comprehensive among them is the MARBLE protocol

[149], which introduces a uni�ed framework for evaluating music audio representations

across a wide range of MIR tasks. MARBLE organizes its evaluation into a four-level hi-

erarchical taxonomy: (i) acoustic-level , encompassing tasks such as singer identi�cation,

instrument classi�cation, and source separation that focus on low-level signal features;

(ii) performance-level , targeting expressive elements like vocal techniques and orna-

mentation; (iii) score-level , covering tasks such as pitch tracking, beat tracking, melody

extraction, chord estimation, and lyrics transcription; and (iv) high-level description ,

which includes tasks like key detection, genre classi�cation, music tagging, and emotion

recognition. The benchmark spans 18 tasks across 12 publicly available datasets and aims

to provide a standardized, reproducible, and fair evaluation protocol for pre-trained music

models.

In the domain of multimodal foundation models, which extend beyond traditional MIR

tasks, a broad spectrum of evaluation tasks has also been explored to assess music un-

derstanding. A particularly prominent one is cross-modal retrieval , which serves as a

standard benchmark for evaluating alignment capabilities across modalities. This task in-

volves retrieving samples in one modality (e.g., audio clips) based on a query in a di�erent

modality (e.g., text or video), thereby testing the model's ability to associate and align se-

mantically related content across modalities. Another complementary evaluation approach

centers around language generation, often used for open-ended tasks. This paradigm is

suited to models that take audio or audio-text pairs as input and generate free-form textual

outputs. Typical tasks include music captioning, commonly evaluated on the MusicCaps

dataset [150] or custom ad-hoc datasets, and music question answering, where performance

is assessed using automatic metrics (e.g., BLEU, METEOR, ROUGE), human evaluation,

or large language model (LLM)-based scoring.

However, evaluation in MIR remains an open and challenging research problem. De-

spite signi�cant advances in model architectures and datasets, the �eld continues to grapple

with issues such as inconsistent evaluation protocols across studies�including di�erences

in datasets, metrics, experimental settings, and even task formulations�alongside concerns

of data leakage across train-test splits and model bias [151, 152]. Furthermore, existing

uni�ed benchmarks for music representation learning are predominantly Western-centric

and lack cultural diversity, limiting the ability to assess the generalizability of learned
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representations across diverse musical traditions. Finally, comprehensive evaluation of

learned representations should go beyond downstream task-speci�c probing to assess in-

ternal structural properties of the latent space, such as robustness, invariance, safety, and

interpretability, as well as alignment with human preferences. While such holistic evalua-

tion protocols are gaining traction in other domains, notably with recent e�orts proposing

standardized metrics to quantify informativeness, equivariance, invariance, and disentan-

glement of representations [153], they remain largely unexplored in the context of music

representation learning.

Another key consideration is the role of temporal resolution and granularity, along

with the distinction between sequence-level and token-level downstream MIR tasks, which

is essential in music representation learning.Temporal resolution refers to how �nely the

input audio is segmented or represented over time (e.g., the number of tokens/frames per

second in language modeling approaches), determining how precisely a model can capture

the timing and dynamics of musical events at a �ne temporal level. Downstream tasks in

MIR di�er in their temporal granularity requirements: sequence-leveltasks, such as music

auto-tagging or genre classi�cation, require global understanding of the entire clip, while

token- or frame-level tasks demand �ne-grained temporal precision, as in downbeat track-

ing, chord recognition, or instrument source separation. Importantly, temporal granularity

requirements vary not only across tasks, but also across musical cultures, where distinct

rhythmic structures, ornamentation, and expressive timing necessitate varying levels of

sensitivity. Designing a general-purpose foundation model that can �exibly adapt to such

variations remains a core challenge, particularly in cross-cultural contexts where both task

semantics and temporal structures di�er signi�cantly.

We should note that this study centers on music understanding and does not address

music generation, which is beyond our current scope.

2.4 Cross-Cultural MIR

MIR has traditionally centered on the analysis of Western musical forms, notably, main-

stream Euro-American popular music and Western classical repertoire. A growing body

of work highlights the strong Western bias in MIR research and emphasizes the need for

cross-cultural broadening [21, 11, 59, 60]. For instance, [61] introduced SAMBASET, a

40+ hour dataset of Brazilian samba music, speci�cally to challenge the dominant "West-

ern" focus. They argue that most MIR datasets, methodologies, and conclusions embed

substantial cultural bias, with non-Western music often being underrepresented, poorly

labeled, or even mislabeled. Similarly, [3] quantify this bias by showing that only 5.7%

of music generation data derives from non-Western traditions, underscoring their under-

representation and the urgent need for more culturally diverse datasets (see Figure 2.2).

While identifying Western bias is a necessary �rst step, addressing it requires practical ef-

forts to develop datasets, representations, and evaluations tailored to non-Western musical

traditions.
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Figure 2.2. Global distribution of music corpora by region. Pie charts illustrate genre
composition within each region.3 Reproduced from [3].

Datasets Several initiatives have emerged to bridge this gap by curating culturally spe-

ci�c music corpora from diverse regions. The CompMusic project [62] has been central to

this e�ort, o�ering an extensive collection of over 1,300 hours of music corpora spanning

various non-Western traditions. This includes large annotated datasets for Indian classi-

cal music, speci�cally Hindustani and Carnatic [86, 155], as well as corpora for Turkish

Makam [84, 85], Beijing Opera [156], and Arab-Andalusian [157] music. Complementing

this, KritiSamhita [65] o�ers a tonic-annotated Carnatic vocal dataset, while [158] present

a 191-hour Hindustani classical dataset labeled by raga and tonic.

As previously noted, for Latin-American music, [61] introduced SAMBASET, a 40-hour

dataset of Brazilian samba de enredorecordings with rich metadata and beat/downbeat an-

notations. Additional Latin-American datasets include annotated recordings of Uruguayan

candombedrumming for beat and downbeat tracking [159]; the Latin Music Database

(LMD) [160], which contains over 3,200 full-length recordings across ten Latin genres for

genre classi�cation; the Brazilian Music Dataset (BMD) [161], focused on regional Brazil-

ian styles such asrepente, brega, and MPB (Brazilian popular music); and the Brazilian

Rhythmic Instruments Dataset (BRID) [162], a dataset of Brazilian rhythmic instrument

recordings across styles likesamba, samba de enredo, partido-alto, and capoeira, designed

for rhythmic pattern and microtiming analysis. For classical �amenco music from Southern

Spain, the corpusCOFLA [63] o�ers over 1,800 commercial recordings (approximately 95

hours) selected from canonical anthologies, accompanied by editorial metadata and sev-

eral test collections. These include manual and automatic annotations for tasks such as

vocal detection, vocal pitch extraction, automatic singing transcription, repeated melodic

3However, we acknowledge that genre categorization is subjective and music genre perception varies

signi�cantly across cultures [154].
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pattern discovery, melodic similarity, and style classi�cation, supporting computational

analysis of �amenco's rich melodic ornamentation and vocal expressivity.

For Iranian traditional music, the Nava Dastg	ah dataset [64] provides 1,786 solo vocal

excerpts (totalling approximately 55 hours), categorized into seven canonicaldastg	ahs and

labeled by expert performers. In addition, the KUG Dastg	ahi Corpus (KDC) [163] o�ers a

growing collection of well-curated and annotated audio for computational analysis of Per-

sian modal music. Furthermore, a curated corpus of traditional Georgiana cappellavocal

music is provided by the Erkomaishvili Dataset [66], comprising 101 historic three-voice

overdubbed recordings performed by master chanter Artem Erkomaishvili. The dataset in-

cludes transcriptions in Western sta� notation (in MusicXML), F0 trajectories for all three

vocal parts, and manually annotated note and rest onset positions. The recordings exhibit

not equal-tempered tuning and abundant pitch slides, re�ecting the distinctive tuning prac-

tices and harmonic thinking of Georgian polyphony. These properties make the dataset

a valuable resource for MIR tasks such as multi-pitch estimation, onset detection, source

separation, and score-to-audio alignment, while also supporting musicological research on

traditional Georgian vocal music. Moreover, [67] introduced Lyra, an 80-hour corpus of

Greek traditional and folk music, annotated with rich metadata on genre, place of origin,

and instrumentation. For Chinese musical traditions, [68] proposed CCMusic, a uni�ed

database integrating multiple Chinese music datasets, both published and unpublished,

with standardized structure, annotations, and evaluation protocols. In the Scandinavian

context, [164] released a corpus of Norwegian Hardanger �ddle recordings, annotated with

precise note and beat onsets by expert performers. Emerging e�orts are also addressing

the under-representation of African music traditions in MIR. The Sotho-Tswana dataset

[69] is a multimodal collection of music video clips annotated for genre, sentiment, lyrics,

and visual features. Likewise, the Ndwom dataset [70] contains curated Akan music videos,

spanning genres such as Highlife, Gospel, Soul, and Asakaa, with multimodal annotations

(audio, lyrics, and video frames), curated and labeled by native Akan speakers.

Finally, very recently, [71] introduced M4-RAG, a web-scale dataset comprising 2.31

million music�text pairs, covering 160,000 hours of audio from 1.8 million tracks, with

rich metadata and multilingual annotations across 27 languages and 194 countries. They

also released WikiMT-X, a benchmark designed to support evaluation in multilingual and

cross-modal MIR, addressing critical gaps in globally representative, high-quality training

and evaluation resources. In parallel, the GlobalMood benchmark [15] provides a novel

cross-cultural dataset for music emotion recognition, comprising 1,180 songs from 59 coun-

tries and nearly one million mood ratings elicited through a bottom-up, participant-driven

tagging approach across �ve culturally and linguistically distinct regions. Fine-tuning mul-

timodal models like CLAP on this culturally grounded dataset signi�cantly improves their

alignment with human judgments. It also demonstrates that mood perception is cultur-

ally grounded and highlights the need for localized descriptors and multilingual annotation

pipelines for building more representative and equitable music foundation models.

Methodologies Furthermore, recent years have seen growing interest in the computa-

tional analysis of non-Western musical traditions [72]. Notable work includes studies on
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Turkish makam recognition [73, 165], Indian classical music classi�cation [74, 158], and

analysis of Iranian [75] and Korean [76] traditional music. Additionally, [77] present a

computational pitch analysis of traditional Ghanaian seperewa(Akan harp-lute) songs,

revealing systematic microtonal deviations from equal temperament in vocal tracks and

highlighting both the limitations and the implicit Western-centric biases of standard MIR

tools and assumptions when applied to culturally speci�c musical systems such as Ghana-

ian seperewascales. While some recent e�orts have explored music auto-tagging in cross-

cultural transfer settings [78] and addressed challenges in low-resource and imbalanced

world music datasets through few-shot learning [79], comprehensive evaluations or adap-

tations of foundation models in cross-cultural low-resource MIR contexts remain scarce.

Recently, CLaMP 3 [71] proposed a framework to align multiple musical modalities and

multilingual text in a shared representation space via contrastive learning, enabling cross-

modal alignment and generalization to unseen languages for MIR tasks, and demonstrated

state-of-the-art performance on tasks such as text-to-audio and text-to-symbolic music

retrieval. Recent e�orts have also explored cultural adaptation in music generation. In

particular, [3] investigate parameter-e�cient �ne-tuning (PEFT) approaches and demon-

strate that culturally adapting MusicGen [58] and Mustango [80] with low-resource corpora

improves performance on Hindustani classical and Turkish Makam music, highlighting both

the potential and the challenges of cross-cultural adaptation.

Challenges Still, despite these promising developments, addressing cultural imbalance

in MIR requires more than simply diversifying datasets, as [81] argue. The �eld must

critically re�ect on its foundational assumptions, epistemological, ontological, method-

ological, and axiological, by reconsidering what music is, how it is understood, and how

it should be studied in ways that acknowledge and respect diverse cultural knowledge

systems. The very de�nition of music, the boundaries between music and other cultural

expression, and the values attached to musical sound can di�er radically across cultures.

They also call for greater interdisciplinarity with ethnomusicology, as well as the inclusion

of domain experts, to incorporate non-Western musical concepts and values. In prac-

tice, several recurring challenges hinder progress in cross-cultural MIR. Data scarcity is

foremost: many musical cultures lack large annotated corpora, resulting in long-tail label

distributions and unseen tags during evaluation. Model bias is another key issue: models

trained on Western-centric data often re�ect WEIRD (Western, Educated, Industrialized,

Rich, Democratic) assumptions [26], and may also encode inductive biases implicitly tuned

to Western musical structures, genres, and semantics, thereby limiting their generalizabil-

ity to non-Western traditions. These biases are often compounded, as Western-oriented

data and modeling assumptions mutually reinforce one another, producing systems that

underperform, or even misrepresent, music from other cultural contexts. To address these

limitations, culturally diverse benchmarks, evaluation metrics, and protocols are essential

for uncovering and mitigating bias in computational models and for quantifying progress

toward truly universal music representations. This includes rethinking ground-truth anno-

tations, adapting evaluation criteria to align with the epistemologies of di�erent musical

traditions, and co-developing models in collaboration with local experts and practitioners.

62



Chapter 3

Methodology

In this chapter, we �rst review the architecture and pre-training objective of MERT

(M usic undER standing model with large-scale self-supervisedT raining), and then present

our continual pre-training strategy for cultural adaptation. Finally, we investigate task

arithmetic, an alternative approach to multi-cultural adaptation that merges culturally spe-

cialized models in weight space to construct a uni�ed multi-cultural model,CultureMERT-TA.

Our experiments are conducted on a diverse collection of Western and non-Western music

datasets, with model evaluation performed on corresponding music auto-tagging tasks, as

detailed in the following section.

3.1 Datasets

For our experiments, we use a diverse set of music datasets spanning both Western

and non-Western traditions. Speci�cally, we adopt the MagnaTagATune (MTAT) [82] and

FMA-medium [83] datasets to represent "Western"1 music. For non-Western traditions,

we incorporate the Lyra corpus [67], featuring Greek traditional and folk music, along

with three collections from the CompMusic Corpora2 [62]: Turkish-makam [84, 85], which,

together with Lyra, represent music of the Eastern Mediterranean; and Hindustani and

Carnatic music [86], representing North and South Indian classical traditions, respectively.

We assess our models on both Western and non-Western music tagging tasks for cross-

cultural evaluation, using standard multi-label classi�cation metrics, including the area

under the receiver operating characteristic curve (ROC-AUC), average precision (AP),

and F1 scores (both micro-averaged and macro-averaged). Following [78, 79], we utilize the

top-k tags relevant to each dataset: 50 tags for MTAT (spanninggenre, instruments, and

mood), 20 hierarchical genre tags for FMA-medium, 30 tags for Turkish-makam (covering

makam, usul, and instruments), 20 tags for Hindustani and Carnatic (primarily re�ecting

raga, tala, instruments, and forms), and 30 tags for Lyra (related to genre, place, and

instruments metadata).

All audio is resampled to 24 kHz, and we adopt the same data splits as [78]. To prepare

our data for continual pre-training, we extract 30-second segments from each training split

of the non-Western datasets. Given the varying dataset sizes, we balance the pre-training

1We use the term �Western� to refer to music styles predominantly rooted in Western cultures, including
pop, rock, and Western classical.

2https://compmusic.upf.edu/corpora
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duration across cultures to ensure proportional representation by extracting 200 hours each

from the Turkish-makam, Carnatic, and Hindustani datasets, and 50 hours from Lyra due

to its smaller size. Additionally, we combine these subsets to construct a uni�ed 650-hour

dataset integrating all four traditions for multi-cultural continual pre-training. While Lyra

is of limited volume compared to the other datasets, its inclusion in the multi-cultural

data mix serves two key purposes: (i) our preliminary experiments indicate that even

a small amount of diverse data enhances overall generalization performance, and (ii) it

ensures the multi-cultural model is exposed to all non-Western traditions it is evaluated

on, maintaining consistency in evaluation.

3.2 MERT Pre-Training Objective

Our continual pre-training objective follows the self-supervised masked language mod-

eling (MLM) objective of MERTRVQ-VAE, where two teacher models provide the pseudo-labels:

ˆ (i) an acoustic teacher, the EnCodec codec model [2], which discretizes/tokenizes

audio into tokens from K = 8 residual vector quantization (RVQ) codebooks, each

containing C = 1024 codewords, and

ˆ (ii) a musical teacher, based on constant-Q transform (CQT) spectrogram recon-

struction, encoding pitch and harmonic structure.

MERT-v1-95Mfollows the HuBERT architecture [55], comprising a CNN-based feature

extractor that encodes raw 24 kHz waveforms into 75 Hz frame-level representations, fol-

lowed by a 12-layer Transformer encoder, producing 768-dimensional contextual embed-

dings (see Figure 3.1). During training, a subset of frame embeddings is masked, and

the model is optimized using a multi-task learning (MTL) objective, combining masked

acoustic token prediction and spectrogram reconstruction.

The overall training objective is:

L = � L RVQ + L CQT ; (3.1)

where the acoustic MLM lossL RVQ encourages the model to predict masked RVQ-VAE

tokens from K codebooks, using a noise-contrastive estimation (NCE) [166] loss:

L RVQ =
KX

k=1

X

t2 M

logp� (ct;k jx 0
t ); (3.2)

with M denoting the set of masked time frames,ct;k the ground-truth discrete codeword

from the k-th codebook at time framet extracted via the EnCodec tokenizer, andp� the

model's predicted token distribution:

p� (cjx 0
t ) =

exp(sim(T(ot ); ec)=� )
P C

c0=1 exp(sim(T(ot ); ec0)=� )
: (3.3)

Here,x 0
t is the masked input feature,ot is the model's output representation,T(ot ) projects
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Figure 3.1. MERT Pre-Training Framework [1].

it to the codeword embedding space,ec is the embedding of codewordc 2 Ck , where

k 2 f 1; : : : ; K g, sim(�; �) denotes cosine similarity, and� = 0 :1 is a temperature scaling

parameter.

The musical MLM CQT reconstruction loss L CQT minimizes the mean squared error

(MSE) between the model's predictedẑCQT ;t and ground-truth zCQT ;t frame-level CQT

features:

L CQT =
X

t2 M

kzCQT ;t � ẑCQT ;t k
2
2 : (3.4)

The hyperparameter � controls the relative importance of the acoustic MLM token

prediction loss L RVQ and the musical MLM spectrogram reconstruction lossL CQT . By

jointly optimizing these objectives, MERT pre-training balances acoustic and musical rep-

resentation learning.

3.3 Two-Stage Continual Pre-Training Strategy

To adapt the MERT foundation model to diverse musical traditions, we employ contin-

ual pre-training, which extends the training of a pre-trained model on new data, aiming to

adapt it to a shifted domain or task while retaining prior knowledge, without re-training

from scratch. In our case, this involves continually pre-training theMERT-v1-95Mmodel,

using the same pre-training objective, on culturally diverse data that introduce a signi�-

cant distribution shift, as it was initially trained on predominantly Western music [1, 43].

Given this shift, naively continuing to train the model, i.e., adapting all parameters at

once without resetting the learning rate, can lead to catastrophic forgetting [44] and poor

adaptation [4], as con�rmed by our preliminary experiments (see Section 4.6). To address

this, we propose atwo-stage strategy that stabilizes training through:

ˆ (i) learning rate re-warming and re-decaying [4, 31, 34, 88, 89], and
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Figure 3.2. Two-Stage Continual Pre-Training Strategy for CultureMERT. In Stage
1, a subset of parameters (the 1D CNN feature extractor and codeword embeddings) is
trained on 100 hours of multi-cultural data for multiple epochs, with 20% Western music
for stabilization. In Stage 2, all parameters are unfrozen and trained on the full 650-hour
dataset. Learning rate re-warming and re-decaying is applied in both stages for smooth and
stable adaptation.

ˆ (ii) staged adaptation .

The overall framework of our approach is illustrated in Figure 3.2, which depicts the

two-stage continual pre-training strategy for CultureMERT.

Staged Adaptation In our preliminary experiments, we observed an initial performance

drop during CPT, followed by a slow recovery phase, a phenomenon known as thestability

gap [90, 167, 31]. This instability arises due to the abrupt adaptation of model parameters

to a substantially shifted data distribution, which can temporarily degrade previously

learned representations before stabilizing. To mitigate this, rather than full-parameter

adaptation on the entire dataset in a single epoch, which induces a large plasticity gradient

for a long period [167], we split training into two stages to reduce instability and ensure

smoother adaptation, as illustrated in Figure 3.2:

ˆ Stage 1 Stabilization Phase: We �rst train on a smaller subset of the data [90],

updating only the CNN-based feature extractor and the codeword embedding layer

while keeping the Transformer encoder frozen. To reduce the distribution gap and

mitigate forgetting [88, 109, 35], we incorporate a fraction of Music4All data [7],

which is primarily of Western origin, into the pre-training mix, accounting for 20%

of the total training data ( Western replay).
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ˆ Stage 2 Full Adaptation : We unfreeze the Transformer encoder and continue training

on the full dataset. While Western replay(e.g., including a portion of Music4All data)

can also be applied at this stage to further mitigate forgetting, it introduces a trade-o�

between cultural adaptation and knowledge preservation, i.e., thestability�plasticity

dilemma [91] (see Section 4.6).

This two-stage approach is particularly motivated by computational constraints, specif-

ically the batch size mismatch between pre-training and adaptation. MERT-v1-95Mwas

originally trained with batch sizes of 1.5 hours per step, whereas we use a signi�cantly

smaller e�ective batch size of 160 seconds per step due to memory limitations. Training

with this reduced batch size directly on the entire dataset with full-parameter adaptation

resulted in unstable training and frequent crashes, degrading performance on both Western

and non-Western benchmarks.

By structuring adaptation in two stages, we strike to balanceplasticity (adaptation

to non-Western traditions) and stability (retaining knowledge on Western datasets), a

challenge known as thestability-plasticity dilemma [91, 92, 93]. Intuitively, the initial

stabilization phaseallows lower-level acoustic representations, captured by the CNN-based

feature extractor and the codeword embeddings, to adapt �rst and calibrate to the shifted

distribution before updating high-level Transformer representations.

Learning Rate Re-Warming and Re-Decaying To further improve adaptation sta-

bility during continual pre-training, we apply learning rate re-warming and re-decaying

in both stages. Continual pre-training on a shifted distribution can lead to poor conver-

gence and forgetting if the learning rate is not adjusted properly [4, 34]. Prior work has

shown that resetting the learning rate schedule, i.e.,re-warming the model, during contin-

ual pre-training is crucial for e�ective adaptation and mitigating catastrophic forgetting

[4, 31, 34, 88, 89]. The learning rate schedule signi�cantly impacts the training dynamics

and e�cacy of CPT and re-warming is necessary for e�cient adaptation to new data.

We adopt a two-phase learning rate schedule comprising a linear warm-up followed by

cosine annealing (see Figure 3.3), following prior work [4, 88]. The learning rate� t at

timestep t is de�ned as:

(1) Linear warm-up (for t � Twarmup ):

� t = � max �
t

Twarmup
(3.5)

(2) Cosine annealing (for tann � t � tend ):

� t = � min +
� max � � min

2
�
�

cos
�

� �
t � tann

tend � tann

�
+ 1

�
(3.6)

where:

� max is the maximum learning rate, � min is the minimum learning rate, Twarmup is the

warm-up duration, tann = Twarmup is the start of cosine annealing, andtend = Tann + tann

is the total training duration.
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Warm-up durations in prior work typically range between 0.1%�2% of total training

steps. In the audio domain, HuBERT base uses a warm-up phase of 8% during initial

pre-training. Models using shorter warm-up phases tend to forget and adapt more quickly

in early training due to the faster learning rate increase. However, over longer training

durations, this e�ect becomes less impactful on overall forgetting and adaptation, as noted

in [4]. The choice of learning rate re-warming strategy depends on the training objective

and the task at hand. The selection of warm-up duration and maximum learning rate also

re�ects a trade-o� between stability and plasticity. Carefully designed warm-up and decay

schemes are crucial for e�ective continual adaptation [31]. In our preliminary experiments,

we extensively tested di�erent warm-up and decay durations, as well as learning rate values;

the �nal values used in each stage are reported in Section 3.5.3. Finally, the learning rate

is typically annealed down to 0.1� the maximum learning rate, consistent with prior cosine

decay schedules, where the maximum learning rate is initialized to match the� max of the

original pre-trained model.

Figure 3.3. Linear warm-up and cosine annealing schedule . Reproduced from [4].

ˆ In Stage 1 , we adopt a moderately aggressive warm-up and decay schedule to en-

courage early adaptation of low-level representations.

ˆ In Stage 2 , a less aggressive schedule balances plasticity and stability during full-

model training, reducing also training instabilities.

Following this two-stage CPT strategy, we develop two types of culturally adapted

models:

ˆ (i) a multi-culturally adapted model , CultureMERT, trained on a culturally di-

verse mix spanning all four non-Western musical traditions (Turkish-makam, Hin-

dustani, Carnatic, and Lyra); and

ˆ (ii) single-culture adapted models , each continually pre-trained on data from

a single tradition, resulting in MakamMERT, HindustaniMERT, CarnaticMERT, and

LyraMERT.
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3.4 Task Arithmetic for Cross-Cultural Adaptation

Figure 3.4. Merging Models via Task Arithmetic . Adapted from [5] and [6].

As an alternative to continual pre-training on multi-cultural data, we explore task

arithmetic [5], a model merging method that combines culturally specialized models in

weight space to construct a uni�ed multi-cultural model. Model merging [40] has recently

emerged as a promising approach for integrating multiple independently �ne-tuned or task-

speci�c models into a single model without requiring access to training data or additional

re-training. Task arithmetic operates by algebraically merging model parameters through

weight vector addition and subtraction in Euclidean space, as illustrated in Figure 3.4.

Speci�cally, it treats the di�erence between a task-adapted model and its pre-trained base

as a task vector in weight space. Linear combinations of such task vectors have been

shown to e�ectively steer model behavior and enable knowledge transfer across domains

[94, 5]. For example, adding a task vector to a base model can improve its performance

on the corresponding task, while combining multiple task vectors supports multi-task gen-

eralization. Notably, task vectors exhibit a form of compositionality: expressions such as

� D = � C + ( � B � � A ) can yield improved performance on a target taskD , even without

direct training data�enhancing domain generalization and revealing analogical structure

in model space (e.g.,"A is to B as C is to D" ). Furthermore, negating task vectors enables

the removal of speci�c "behaviors" from a model, o�ering a mechanism for targeted for-

getting. These properties highlight task arithmetic as an e�cient, modular, and data-free

strategy for domain adaptation (DA), and a lightweight tool for model editing.

In our setting, we obtain task vectorsby computing the element-wise di�erence between

the parameters of the single-culture continually pre-trained models�i.e., the culturally

specialized models�and those of the MERT-v1model. Formally, given the initial pre-

trained model with parameters � pre and a continually pre-trained model � i adapted to a

cultural dataset D i , the task vector for culture i is given by � i = � i � � pre, capturing the

parameter shift induced by culture-speci�c adaptation. For multi-cultural adaptation, we

construct a uni�ed model � merged by merging N single-culture adapted models via task

arithmetic, summing their respective task vectors� i with corresponding scaling factors� i :

� merged = � pre +
NX

i =1

� i � i ; (3.7)

where� i 2 R are scalar hyperparameters that control the contribution of each task vector,
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typically determined using held-out validation sets.

Prior work on task arithmetic typically uses a single scaling factor� for all task vectors,

i.e., � i = � , 8i , reducing Equation 3.7 to:

� merged = � pre + �
NX

i =1

� i : (3.8)

In the special case where� = 1=N, this further simpli�es to:

� merged = � pre +
1
N

NX

i =1

(� i � � pre) =
1
N

NX

i =1

� i ; (3.9)

which corresponds toweight averaging[111, 112, 39], where the adapted models are merged

by directly averaging their parameters.

Here, we mergeN = 4 single-culture adapted models� MakamMERT, HindustaniMERT,

CarnaticMERT, and LyraMERT�to construct a uni�ed multi-cultural model, referred to as

CultureMERT-TA. Details on the choice of scaling factor� are provided in Section 4.4.

3.5 Experimental Setup

3.5.1 Implementation Details

In all continual pre-training setups, we initialize our models from the publicly available

MERT-v1-95M3 pre-trained checkpoint. Training was conducted using thefairseq 4 frame-

work on a single NVIDIA GeForce GTX TITAN X GPU with 12 GB of memory. All models

were trained with half-precision (FP16), using 5-second audio segments as input context,

randomly cropped from the extracted 30-second pre-training audio data. The weight of

the acoustic loss in the pre-training objective is set to� = 10:0. The EnCodec neural au-

dio codec (NAC) model [2], which tokenizes audio into discrete codewords, remains frozen

during continual pre-training, as in [1]. To enhance representation robustness, we apply

in-batch noise mixture augmentationwith a mixup probability of 0:5 (see Section 4.6.2 for

a complete discussion), and use pre-layer normalization (Pre-LN) [168] for training stabil-

ity, following [1]. The impact of mixup augmentation is further examined in Section 4.6.2

(Table 4.4). Other training settings mirror those of the MERT-v1-95Msetup; further details

are provided in Appendix A.1.

3.5.2 Probing-Based Evaluation

Following [57, 1, 19], we adopt a probing-based [87] evaluation rather than �ne-tuning,

keeping the pre-trained models frozen as deep feature extractors while training only a shal-

low multilayer perceptron (MLP) with a single 512-dimensional hidden layer for sequence-

level tasks. Our evaluation follows the MARBLE protocol [149] under constrained settings,

and we apply it to both Western and non-Western music tagging tasks for cross-cultural

3https://huggingface.co/m-a-p/MERT-v1-95M
4https://github.com/facebookresearch/fairseq
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evaluation. To process long-duration audio �les, we segment them into 30-second chunks

using a sliding window approach and aggregate the chunk-level predictions by averaging to

obtain the �nal prediction for the entire audio �le. For Turkish-makam, Hindustani, and

Carnatic tasks, we apply a maximum duration cut5 as in [78]. Evaluation hyperparameters

are detailed in Appendix A.2.

3.5.3 Continual Pre-Training Settings

Multi-Cultural CPT In Stage 1, training runs for 2,250 steps with a 10% linear warm-

up period, using 100 hours of the dataset, where 20% of the mix consists of Western music

from Music4All [7]. Optimization follows AdamW [169] with � 1 = 0 :9, � 2 = 0 :999, and

� = 1e� 5. Training employs an e�ective batch size of 32 recordings (160 seconds) with

gradient accumulation over 8 steps. The maximum learning rate is set to� max = 5e� 4,

followed by a cosine decay to a minimum of� min = 5e� 5. Gradient clipping is applied with

a norm of 1:0 to prevent exploding gradients. In Stage 2, training extends to 14,625 steps

with a 1% warm-up period, using the full 650-hour dataset. Optimization follows AdamW

with � 1 = 0 :9, � 2 = 0 :95, and � = 1e� 5, maintaining the same batch size as Stage 1. The

learning rate decays from a maximum value of� max = 5e� 5 to � min = 5e� 6. Gradient

clipping remains at 1:0.

Single-Culture CPT In Stage 1, we train on 60 hours, with 20% of the mix allocated

to Music4All, for a total of 1,350 training steps. In Stage 2, we expand training to the full

200-hour dataset for 4,500 steps. We employ the same optimizers, batch size settings, and

learning rate schedules as in the multi-cultural CPT. For Lyra, due to its smaller size (50

hours), we train on 20 hours in Stage 1 (450 steps) and then on the full dataset in Stage

2 (1,125 steps).

5This is done to ensure comparability with previous state-of-the-art results reported in [78].
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Results and Discussion

In this chapter, we present and analyze the empirical �ndings of our study. We begin

with the evaluation results of our culturally adapted models across diverse music auto-

tagging tasks, highlighting the e�ectiveness of multi-cultural continual pre-training and

model merging via task arithmetic. We then examine patterns of cross-cultural transfer,

focusing on how cultural proximity in�uences cross-cultural generalization of single-culture

adapted models. This is followed by an analysis of token-level similarity across musical

traditions as a potential predictor of positive transferability. We also explore the sensitivity

of task arithmetic to the scaling factor and layer-wise probing performance. Finally, we

provide an in-depth evaluation and analyze the training dynamics of our proposed two-

stage adaptation strategy through detailed ablations, demonstrating its e�ectiveness in

mitigating catastrophic forgetting, stabilizing training, and enhancing cultural adaptation.

4.1 Evaluation Results

As shown in Tables 4.1 and 4.2,CultureMERT, adapted via multi-cultural continual pre-

training, consistently outperforms the initial MERT-v1model across all non-Western tasks

and evaluation metrics. It also surpasses the single-culture adapted models on average,

suggesting that incorporating culturally diverse data during CPT bene�ts all non-Western

traditions by improving the quality of representations computed for each individual cul-

ture, thereby enhancing generalization. This �nding aligns with observations in multi-

lingual NLP and speech recognition, where pre-training on diverse multilingual corpora,

such as in XLM-R [170] and XLS-R [171], has been shown to improve cross-lingual trans-

fer and performance [97, 172], particularly in low-resource or unseen language settings

[98]. Notably, CultureMERTachieves this with minimal forgetting on Western benchmarks

(� 0:05%average drop in ROC-AUC and AP), demonstrating the e�cacy of our approach.

Furthermore, it shows better retention of prior Western knowledge compared to single-

culture models, which su�er greater performance drops when evaluated on FMA-medium

and MagnaTagATune (MTAT).

We further observe that single-culture adapted models tend to achieve the best per-

formance on their respective in-domain tasks, particularly for well-resourced traditions,

rea�rming the e�ectiveness of continual pre-training for domain-speci�c adaptation [32].

This trend holds consistently across all evaluation metrics. Interestingly, even low-resource
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Dataset Turkish-makam Hindustani Carnatic Lyra FMA-medium MTAT
Avg.

Metrics ROC AP ROC AP ROC AP ROC AP ROC AP ROC AP

MERT-v1 83.20:08 53.30:12 82.40:04 52.90:19 74.90:05 39.70:15 85.70:10 56.50:18 90.70:04 48.10:11 89.60:07 35.90:15 66.1

MakamMERT 88.70:11 58.80:22 84.50:16 57.80:18 77.60:14 42.70:16 84.60:12 53.20:17 90.30:12 47.10:16 89.00:07 35.60:12 67.5

CarnaticMERT 88.40:06 58.40:16 87.00:06 60.20:14 78.80:13 44.0 0:17 85.40:11 55.80:16 90.20:10 46.70:09 89.20:10 35.30:11 68.3

HindustaniMERT 88.30:12 58.20:16 87.40:11 60.30:16 77.00:12 42.70:16 84.20:13 52.00:15 90.20:13 46.10:10 89.10:09 35.80:13 67.6

LyraMERT 86.70:07 56.80:13 85.90:08 57.40:13 76.40:09 40.10:13 85.00:11 53.50:14 90.00:08 46.00:16 88.90:05 35.10:14 66.8

CultureMERT 89.6 0:09 60.60:21 88.2 0:20 63.5 0:24 79.2 0:18 43.10:22 86.90:10 56.70:20 90.70:09 48.10:13 89.40:09 35.90:16 69.3

CultureMERT-TA 89.00:12 61.0 0:18 87.50:10 59.30:13 79.10:11 43.30:13 87.3 0:08 57.3 0:19 90.80:06 49.10:15 89.60:10 36.40:14 69.1

(Previous) SOTA 87.7 [78] 57.7 [78] 86.5 [78] 63.1 [78] 77.0 [78] 43.9 [78] 85.4 [78] 54.3 [78] 92.4 [78] 53.7 [78] 92.7 [95] 41.4 [57] -

Table 4.1. Evaluation Results (ROC-AUC and AP) of Pre-Trained and Cul-
turally Adapted MERT Models on Diverse Music Auto-Tagging Tasks (1/2).
We report averages across �ve random seeds with standard deviations as subscripts. The
"Avg." column represents the average performance across all datasets and evaluation met-
rics for each model. The results highlight the impact of multi-cultural CPT (CultureMERT)
and multi-cultural model merging via task arithmetic (CultureMERT-TA) on cross-cultural
adaptation and transfer.

adaptation, as in the case ofLyraMERTtrained on just 50 hours of Greek folk music, leads

to noticeable gains across other non-Western tasks, indicating that even limited cultural

exposure can signi�cantly enhance cross-cultural generalization beyond Western datasets.

This �nding is consistent with recent work in low-resource NLP [32] and speech recogni-

tion [38], where in the latter continually pre-training with as little as 10 hours of target

language data yielded substantial improvements over unadapted models. Improvements

in Macro-F1 scores across non-Western datasets are particularly noteworthy, highlighting

that cross-cultural adaptation not only enhances overall accuracy but also improves recog-

nition of less frequent tags among the top-k most common labels used in our evaluation.

This is particularly important for ethnomusicological datasets [79], where even within the

top-k evaluated tags, frequency distributions remain imbalanced and capturing a wider

diversity of musical concepts is crucial.

Moreover, multi-cultural model merging via task arithmetic achieves comparable perfor-

mance toCultureMERTon non-Western tasks and even surpasses it on Western benchmarks

and Lyra, demonstrating that weight-space merging of culturally specialized models can

serve as an e�ective, training-free alternative to multi-cultural CPT, provided such mod-

els are available. Interestingly, task arithmetic also outperforms the original pre-trained

model on average across Western tasks, further reinforcing its ability to balance adaptation

and retention. Finally, CultureMERTand CultureMERT-TAsurpass previous state-of-the-

art (SOTA) results (ROC-AUC and AP) on all non-Western music tagging tasks, with the

best task arithmetic variant obtained using � = 0 :2 (see Figures 4.4 and 4.6). Notably,

only the multi-cultural models, CultureMERTand CultureMERT-TA, outperform the orig-

inal MERT-v1on Lyra, albeit with the smallest margin compared to other non-Western

tasks. This observation aligns with the fact that MERT-v1, pre-trained on Western mu-

74



4.2 Cross-Cultural Transfer

Dataset Turkish-makam Hindustani Carnatic Lyra FMA-medium MTAT
Avg.

Metrics (F1) Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro Micro Macro

MERT-v1 73.0 38.9 71.1 33.2 80.1 30.0 72.4 42.6 57.0 36.9 35.7 21.2 49.3

MakamMERT 77.5 44.0 74.0 37.6 81.0 31.4 70.8 40.2 57.2 35.4 34.2 20.5 50.3

CarnaticMERT 76.8 44.0 76.2 46.3 81.6 32.4 72.9 42.8 57.3 35.3 33.3 22.5 51.8

HindustaniMERT 76.5 43.9 78.9 46.9 81.0 33.0 70.1 40.6 55.1 33.8 34.4 20.9 51.3

LyraMERT 75.9 42.1 75.9 44.9 80.9 29.6 71.3 41.1 56.2 33.9 33.8 21.2 50.6

CultureMERT 77.4 45.8 77.8 50.4 82.7 32.5 73.1 43.1 58.3 36.6 35.6 22.9 52.9

CultureMERT-TA 76.9 45.4 74.2 45.0 82.5 32.1 73.0 45.3 59.1 38.2 35.7 21.5 52.4

Table 4.2. Evaluation Results (Micro-F1 and Macro-F1) of Pre-Trained
and Culturally Adapted MERT Models on Diverse Music Auto-Tagging Tasks
(2/2). The "Avg." column represents the average performance across all datasets and
both Micro-F1 and Macro-F1 for each model. The results further highlight the impact of
multi-cultural CPT ( CultureMERT) and multi-cultural model merging via task arithmetic
(CultureMERT-TA) on cross-cultural adaptation and transfer.

sic, already serves as a strong baseline for Lyra, surpassing previous SOTA, potentially

re�ecting certain underlying similarities between Greek folk music and Western musical

traditions. Overall, these results further underscore the e�ectiveness of multi-cultural

adaptation, especially in low-resource and transfer settings.

We next analyze these quantitative �ndings in greater depth by examining patterns of

cross-cultural transfer and cross-cultural generalization of culturally adapted models.

4.2 Cross-Cultural Transfer

As illustrated in Figures 4.1 and 4.2, continual pre-training on one musical tradition

can bene�t others to varying degrees, revealing di�ering levels of cross-cultural transfer ef-

fectiveness. For instance, we observe strong transfer between Turkish-makam and Carnatic

music, with models adapted to either tradition generalizing well to the other. This aligns

with both maqam (Makam) and raga (Carnatic) being modal systems that emphasize

microtonal pitch variation, ornamentation, and improvisation, serving similar functions

within their respective musical cultures [173].

Additionally, we observe strong cross-cultural transfer between the Carnatic and Hin-

dustani traditions. Speci�cally, the Carnatic-adapted model achieves high scores across all

metrics when evaluated on the Hindustani auto-tagging task, while the Hindustani-adapted

model shows slightly stronger transfer in F1 scores when evaluated on Carnatic music (see

Tables 4.1 and 4.2). This mutual transferability reinforces the musical proximity between

these traditions, particularly in their shared use ofraga (melodic mode) andtala (rhythmic

framework) [24], despite di�erences in performance structure, melodic movements, and the

types of instruments used. Moreover, despite some shared musical characteristics, such

as modal improvisation and microtonality, Turkish-makam models do not generalize well

to Hindustani music. This gap highlights that theoretical similarity may not necessarily
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Figure 4.1. ROC-AUC Comparison Across Culturally Adapted Models on
Diverse Music Auto-Tagging Tasks. Continual pre-training on multi-cultural data
(CultureMERT) consistently achieves the highest performance across most datasets, par-
ticularly for non-Western traditions, surpassing both single-culture adaptations and model
merging via task arithmetic (CultureMERT-TA). However, the latter demonstrates particu-
larly strong results on Lyra and Western-centric auto-tagging tasks.

translate to practical transferability. In general, we observe that cross-cultural transfer is

not always symmetric. For instance, while the Carnatic-adapted model generalizes well to

Hindustani music, the reverse direction yields slightly better results in certain metrics (e.g.,

Macro-F1). Such asymmetries have also been observed in cross-lingual transfer research

[96, 97, 98]. We encourage further exploration of (a)symmetric cross-cultural transfer pat-

terns in the context of music representation learning.

Interestingly, the model adapted to Carnatic music appears to be the most consistently

transferable among all single-culture adaptations, achieving the highest average scores

across multiple non-Western traditions in ROC-AUC, AP, and F1 metrics. It performs

strongly not only within Indian classical traditions but also generalizes well to Turkish-

makam and Lyra, suggesting a particularly robust capacity for cross-cultural generalization.

This observation aligns with �ndings in cross-lingual NLP [98], where certain high-resource

�super-donor� languages consistently boost performance across diverse low-resource lan-

guages, often irrespective of linguistic proximity.

Greek traditional and folk music presents a unique challenge, as it theoretically shares

elements with both non-Western and Western traditions. It exhibits melodic improvisation

similar to Turkish-makam and Hindustani music, while also employing harmonic accom-

paniment in�uenced by Western classical and folk traditions. This blending of modal and

tonal frameworks has been extensively discussed in ethnomusicological studies, particu-

larly in the context of "Rebetiko", which integrates makam-based melodies with Western

chordal harmony [99]. In our experiments, we observe thatMERT-v1, originally trained on

Western music, already serves as a strong baseline when evaluated on the Lyra auto-tagging

task. Moreover, adapting the initial model, whether using data from a single tradition or

from a diverse multi-cultural mix, consistently yields the smallest gains on Lyra across

all evaluation metrics among the non-Western tasks. This suggests that the underlying

musical structure of Greek folk music may partially align with the Western biases already
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present in the foundation model.

Figure 4.2. Cross-Cultural Transferability. Relative ROC-AUC performance across
datasets, highlighting key trends in cross-cultural transfer.CultureMERTgeneralizes well
to non-Western datasets, while task arithmetic performs on par in these settings and even
surpasses both the pre-trained and multi-culturally adapted models on Western benchmarks
(FMA-medium, MTAT) and Lyra.

As expected, the pre-trained MERT-v1model performs strongly on Western-centric

datasets such as MTAT and FMA-medium, re�ecting its initial training bias toward West-

ern musical traditions. In contrast, models adapted to individual non-Western cultures

(e.g., MakamMERT, HindustaniMERT, etc.) often exhibit reduced performance on these West-

ern benchmarks. This highlights the substantial domain shift between Western and non-

Western musical audio representations. However, this e�ect is substantially mitigated by

CultureMERT, and even more so byCultureMERT-TA, whose exposure to a diverse range of

musical traditions during continual pre-training or model merging enables them to better

retain generalization across both non-Western and Western domains.

The e�cacy of task arithmetic in cross-cultural transfer mirrors recent �ndings in cross-

lingual transfer learning. Notably, [94] demonstrated that combining language- and task-

speci�c models via arithmetic operations signi�cantly improves performance across both

high-resource and low-resource languages.

Overall, these results emphasize that cultural proximity, shared musical structures, and

the internal diversity of traditions all play critical roles in cross-cultural transferability.

It is important to note, however, that our analysis is based on continual pre-training

starting from a Western-biased foundation model, rather than training from scratch for each

tradition. Thus, the observed cross-cultural transfer patterns may partly re�ect how these

musical cultures are projected into the representational space shaped by prior Western-

centric pre-training.
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4.3 Token-Level Culture Similarity

To further examine cross-cultural similarities in our data, we analyze token overlap

across musical traditions using both the Jensen-Shannon divergence (JSD) and cosine dis-

tance between token distributions extracted from the EnCodec codec model [2], which

serves as our audio tokenizer. These pseudo-tokens represent discrete acoustic represen-

tations that are also used as masked prediction targets in the acoustic MLM pre-training

objective of MERT (Section 3.2). Lower values in both metrics indicate greater simi-

larity. Our analysis, as shown in Figure 4.3, reveals strong token-level similarity among

non-Western traditions, particularly between Hindustani and Carnatic music. In contrast,

Western datasets (MTAT, FMA-medium) are highly similar to each other but notably

dissimilar from non-Western traditions. Greek folk music (Lyra), while distinct, aligns

more closely with non-Western traditions than Western ones. These �ndings underscore

the need for cultural adaptation to address distributional shifts in audio representations.

Figure 4.3. Token Similarity Across Cultures. Pairwise similarity between acoustic
token distributions extracted from the EnCodec NAC model [2]. Similarity scores are aver-
aged across8 codebooks, each containing1024discrete codewords (acoustic pseudo-tokens).
Both measures�JSD and cosine distance�show consistent trends across cultures.

Interestingly, these �ndings correlate with our results on cross-cultural transfer (Sec-

tion 4.2), suggesting that token-level similarity metrics can serve as predictors ofpositive

cross-cultural transfer . This insight has practical implications: such similarity metrics

can help guide the selection and re�nement of mixture proportions of pre-training data dur-

ing CPT, or inform the adjustment of arithmetic operations when combining models via

task arithmetic. This is particularly valuable in low-resource scenarios, where limited data

for an underrepresented culture can be complemented by leveraging similar, higher-resource

cultures as e�ective "donors", an approach supported by recent �ndings in low-resource
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speech recognition [38] and NLP [98]. Similar approaches for quantifying language sim-

ilarity and predicting positive cross-lingual transfer, based on the similarity of extracted

linguistic or acoustic tokens, have been explored in both the text [105, 32, 174, 96, 98] and

speech domains [38]. Finally, these observations are consistent with known ethnomusico-

logical similarities and resonate with �ndings from prior work in multilingual adaptation

[38, 175], where cross-lingual similarities, and, in turn, positive cross-lingual transfer, were

often associated with historical, structural, and social proximity between languages, such

as shared linguistic roots or sustained contact.

We should note that the EnCodec audio tokenizer used for extracting acoustic token

distributions was originally trained on Western musical data and was kept frozen during our

experiments. While this could introduce a Western-centric bias in how token similarities are

measured, it is actually aligned with the inductive biases of theMERT-v1foundation model,

which was also trained predominantly on Western music. Following arguments made in

recent low-resource speech adaptation research [38], using a similarity measure grounded

in the pre-trained model's internal representations, rather than relying on external notions

of similarity, is often more predictive of positive transfer in CPT settings. Thus, despite

potential biases, the EnCodec-derived token similarity remains a suitable and meaningful

predictor of cross-cultural transferability in our setting. Additionally, an alternative strat-

egy could involve following the Acoustic Token Distribution Similarity (ATDS) approach

proposed in [38], by extracting frame-level contextual embeddings from a transformer layer

of the pre-trained model, clustering them to induce deep semantic tokens, and computing

token distribution similarities based on the resulting semantic token frequency vectors.

Such model-internal representations could o�er an even more tailored and task-speci�c

measure of cultural proximity, closely aligned with the inductive biases of the model be-

ing adapted. Furthermore, it would be interesting to derive semantic token similarities

from our culturally adapted models using the same approach, and compare them to those

from the original MERT-v1pre-trained model and the EnCodec acoustic tokens, to better

understand how cultural adaptation shifts internal representations of musical proximity.

However, it remains an open question which aspects of similarity most e�ectively pre-

dict cross-domain or cross-cultural transfer relative to the target task. This echoes recent

�ndings in multilingual NLP, where the most predictive notion of similarity varies depend-

ing on the downstream task. For instance, [96] demonstrate that syntactic similarity best

predicts cross-lingual transfer in POS tagging and parsing, while lexical and n-gram overlap

are stronger predictors for topic classi�cation. Their study also considers a wide array of

similarity measures, including grammatical structure, phonological and phonetic features,

phylogenetic relatedness, geographic proximity, and dataset-level token overlap. Inspired

by this, we suggest that future work in music understanding should investigate which di-

mensions of similarity, whether captured via acoustic tokens, semantic representations, or

external musicological knowledge, best align with task-speci�c performance in transfer set-

tings. Moreover, diverse and representative music corpora could support the construction

of phylogenetic trees or networks based on various similarity measures to further explore

cross-cultural relationships. Finally, exploring audio tokenizers trained on globally diverse

corpora may also yield a more holistic and "unbiased" view of cross-cultural proximity.
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4.4 Task Arithmetic Scaling Factor

A key consideration in task arithmetic is the choice of the scaling factor� , which con-

trols the balance between task vectors. Prior work [6, 94] has shown that suboptimal val-

ues can signi�cantly degrade performance in multi-task model merging. We systematically

evaluate di�erent values of a shared scaling factor� 2 f 0:1; 0:2; 0:25; 0:3; 0:5; 0:75; 1:0g, ap-

plied uniformly across all task vectors, following the simpli�ed formulation in Equation 3.8,

including the special case of weight averaging (� = 0 :25). Consistently with prior observa-

tions, we �nd that ill-suited values, such as � = 1 :0, result in poor performance across all

benchmarks, as shown in Figures 4.4 and 4.6.

Figure 4.4. E�ect of Scaling Factor � on Task Arithmetic Performance. The
ROC-AUC scores across six diverse music tagging tasks demonstrate how varying� impacts
task arithmetic when merging the four non-Western single-culture adapted models.

AWD [176] suggests that this sensitivity arises because inter-task interference is ampli-

�ed when task vectors are scaled up. This is consistent with our observations: as the scaling

factor � increases, performance systematically degrades across all evaluated auto-tagging

tasks (Figure 4.4). Such interference stems from task vectors not being orthogonal [176],

a hypothesis further supported by measuring the cosine similarity between task vectors

(Figure 4.5). In line with this, other studies have noted that naive linear merging via task

arithmetic can su�er from parameter con�icts. For instance, TIES-Merging [177] identi-

�es two key sources of cross-task interference: (a) redundant small-magnitude parameters

that introduce noise when merged, and (b) sign con�icts where models "disagree" on the

direction of parameter changes.

While multi-cultural continual pre-training jointly learns representations across mul-

tiple musical cultures, task arithmetic o�ers a post-hoc merging strategy by combining

culturally specialized models without requiring additional training or access to original

data, provided such models are already trained. In our experiments, the best-performing

task arithmetic variant was obtained with a scaling factor of � = 0 :2, a result that was
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Figure 4.5. Cosine Similarity Between Task Vectors. The values highlight sig-
ni�cant overlap (non-orthogonality) among task vectors, which contributes to inter-task
interference during model merging with task arithmetic.

consistent across all evaluated music auto-tagging tasks (Figure 4.4). Although task arith-

metic o�ers a strong alternative, its e�ectiveness depends critically on the careful tuning of

scaling factors and may be more sensitive to inter-task interference, particularly when task

vectors are highly correlated. In future work, we plan to investigate more robust model

merging methods and task arithmetic variants that better mitigate parameter interferences

and task con�icts, including adaptive scaling strategies, task- and layer-weighted merging,

and interference-robust optimization techniques (see Section 5.3 for suggested future work).

Figure 4.6. Task Arithmetic vs. Multi-Cultural CPT. Average ROC-AUC
performance across benchmarks for di�erent task arithmetic scaling factors, compared
against multi-cultural continual pre-training ( CultureMERT) and the pre-trained baseline
(MERT-v1). The best average task arithmetic performance is achieved with a scaling factor
of � = 0 :2.
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4.5 Layer-wise Cultural Encoding in CultureMERT

Probing-based evaluation (for details see Appendix A.2) reveals that di�erent trans-

former layers in CultureMERTprovide the most e�ective representations for di�erent cul-

tural auto-tagging tasks (see Figure 4.7). Interestingly, these optimal layers not only vary

across tasks but also di�er from those observed inMERT-v1, indicating a "reorganization"

of cultural knowledge during multi-cultural continual pre-training. This suggests that cul-

turally relevant information may be encoded at varying depths within the multi-culturally

adapted model, rather than being uniformly distributed across layers. Such variation re-

�ects the diversity of musical representations learned through CPT and highlights the

importance of task-aware feature extraction and layer-wise selection for culture-speci�c

modeling. The following list summarizes the transformer layers that yielded the best per-

formance via probing for each evaluation dataset:

ˆ Turkish-makam: layer 6

ˆ Hindustani: layer 7

ˆ Carnatic: layer 7

ˆ Lyra: layer 8

ˆ FMA-medium: weighted sum over all layers (all )

ˆ MagnaTagATune: weighted sum over all layers (all )

As shown in Figure 4.7, intermediate transformer layers inCultureMERTyield the best

representations for most tasks, particularly for non-Western traditions. The optimal layers

for these datasets range from layers 5 to 8, indicating that culture-speci�c information

may be encoded at the mid-network layers after continual pre-training. Interestingly, the

Hindustani and Carnatic auto-tagging tasks both achieve peak performance atlayer 7 ,

aligning with prior observations of cross-cultural similarity and transfer between these

two traditions. In contrast, Western benchmarks such as FMA-medium and MTAT ex-

hibit more uniform performance across layers. The learnable weighted sum over all layers

(all ) performs robustly across all datasets and achieves the best results on Western-centric

benchmarks. This pattern may re�ect the impact of multi-cultural continual pre-training

on a Western-biased model: while Western benchmarks retain broadly distributed repre-

sentations from the base model, non-Western datasets bene�t from localized adaptation,

with culture-speci�c features emerging more strongly at speci�c intermediate layers. No-

tably, representations extracted from the lower layers of the transformer encoder, and

especially from the pre-transformer 1-D CNN feature extractor (layer 0 ), result in consis-

tently lower performance across all evaluated tasks, suggesting that they primarily encode

low-level acoustic characteristics insu�cient for semantic-level tasks. Finally, top trans-

former layers (e.g.,layer 11 and layer 12 ) underperform slightly across most datasets,

likely because they specialize more in the masked modeling pre-training objective rather

than providing features relevant for downstream tasks.
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Figure 4.7. Layer-wise Probing Performance of CultureMERTacross Datasets.
ROC-AUC scores across layers for each evaluation dataset, obtained via probing of repre-
sentations extracted from the frozen backbone.

These �ndings are consistent with prior work in speech representation learning [178],

computer vision [179], and NLP [180, 181], where task- or language-speci�c information

tends to be concentrated at di�erent layers of transformer models, and the most informative

and transferable features often lie in the middle of the network. A similar trend was also

observed in the originalMERT-v1model across di�erent music understanding tasks, showing

also that intermediate layers tended to cluster music examples by genre or content, whereas

the top layers focused more on the MLM-style pre-training task [1]. Our �ndings also res-

onate with recent layer-wise analyses in music foundation models such as MuQ [100], which

show that acoustic tasks (e.g., pitch or instrument classi�cation) tend to bene�t from lower

layers, while semantic tasks (e.g., genre classi�cation or structure analysis) perform best

at higher layers. In contrast, comprehensive tasks such as music tagging distribute across

layers. These observations suggest that di�erent MIR tasks, and by extension, cultur-

ally diverse musical content, may require representations extracted from di�erent network

depths. Such insights reinforce the importance of task-speci�c representation selection and

motivate future work exploring more adaptive, culturally aware, and interpretable layer

aggregation strategies to further illuminate how musical and culturally-speci�c attributes

are distributed across the network [182].

4.6 Two-Stage Adaptation Strategy

In this section, we evaluate the e�ectiveness of our proposed two-stage continual pre-

training strategy, which incorporates learning rate re-warming, and compare it against

single-stage CPT baselines that perform full-parameter adaptation in a single step, with

and without re-warming. Our empirical analysis supports the core design choices of the

two-stage approach, focusing on three key aspects: (i) mitigation of catastrophic forgetting,

(ii) e�ectiveness of cultural adaptation, and (iii) training stability.
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4.6.1 Mitigating Catastrophic Forgetting

Figure 4.8 shows the ROC-AUC performance on the Western MagnaTagATune (MTAT)

dataset during two-stage continual pre-training. We observe a performance drop in Stage

1, followed by gradual recovery in Stage 2, evidence of catastrophic forgetting due to a

distributional shift, as well as the e�ectiveness of staged adaptation. Speci�cally, Stage

1 plays a critical role in mitigating forgetting by adapting only low-level representations

using a re-warmed learning rate, while keeping the Transformer encoder frozen. This

controlled adaptation sets the stage for smoother full-parameter training in Stage 2, where

a decayed learning rate promotes more stable optimization. The initial drop in Stage

1 is partially alleviated by Western replay, i.e., injecting training data resembling the

original pre-training distribution of MERT-v1. As shown in Table 4.3, this two-stage setup,

particularly when Western replay is restricted to Stage 1, yields the best trade-o� between

cultural adaptation and knowledge retention.

Figure 4.8. Catastrophic Forgetting on the MTAT Dataset. ROC-AUC perfor-
mance during two-stage continual pre-training shows an initial drop in Stage 1, followed
by recovery in Stage 2. This demonstrates how staged adaptation with learning rate re-
warming and Western replay (20%) mitigates catastrophic forgetting.

4.6.2 Cross-Cultural Adaptation E�ectiveness

We observe that naively continuing pre-training with the reduced learning rate from the

original pre-trained model (i.e., without re-warming) fails to adapt e�ectively to di�erent

cultures, as the pre-trained representations are not su�ciently shifted. This is evident in

the Turkish-makam case, where single-stage CPT without learning rate re-warming yields

no performance improvement. Applying re-warming in the single-stage setup results in

minor adaptation gains (+0 :8%), but this comes at the expense of substantial forgetting

on the MTAT task ( � 3:6%), even when Western replay (20%) is included. In contrast, the

two-stage CPT strategy achieves signi�cantly greater adaptation (+6 :4%) while minimizing
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forgetting ( � 0:4%), highlighting its e�ectiveness in balancing plasticity and stability. Fi-

nally, we examine the role of Western data replay as a mechanism for mitigating forgetting.

While incorporating Western data helps preserve performance on MTAT, it introduces a

stability�plasticity trade-o�: excessive replay can inhibit e�ective cultural adaptation. Our

results (Table 4.3) suggest that restricting replay to Stage 1 o�ers the best overall balance

between knowledge retention and e�ective adaptation.

CPT Strategy Western Replay Turkish-makam MTAT

MERT-v1 (Baseline) - 83.2 89.6

Single-stage (w/ re-warming) 3 83.8 86.0

Single-stage (w/o re-warming) 3 83.0 87.5

Two-stage (Ours) Stage 1 89.6 89.2

Two-stage (Ours) Both stages 88.6 89.4

Table 4.3. CPT Strategy Comparison. ROC-AUC scores on Turkish-makam and
MTAT datasets. Two-stage CPT outperforms single-stage adaptation, with Western replay
limited to Stage 1 yielding the best trade-o� between cultural adaptation and knowledge
retention. All CPT setups involving Western replay sample 20% of the total training data
from the Music4All dataset [7].

To further compare in-depth the two-stage approach versus single-stage full-parameter

adaptation, we examine the training loss dynamics during CPT.

Musical MLM loss. Figure 4.10 shows the musical CQT MLM loss curves across

di�erent cultural adaptations and CPT strategies. Sub�gure 4.10b compares two-stage and

single-stage CPT on the multi-cultural dataset. The two-stage strategy consistently con-

verges to a lower loss and demonstrates substantially less variance throughout training. In

contrast, single-stage CPT exhibits noisier optimization dynamics, with slower convergence

and a higher �nal loss. These observations support our hypothesis that Stage 1 enables

smoother adaptation by �rst calibrating lower-level features to new data. This stage likely

reduces representational shock, facilitating more stable and e�ective full-parameter train-

ing in Stage 2. In Sub�gure 4.10a, we observe that convergence behavior varies across

musical cultures: CarnaticMERTand LyraMERTreach the lowest �nal loss, followed by

HindustaniMERTand MakamMERT. This variation suggests varying degrees of alignment be-

tween the original pre-trained model and each target cultural distribution. Notably, Greek

and South Indian traditions appear more aligned, possibly due to greater overlap in pitch

structure or spectral content as captured by the CQT representation.

Acoustic MLM loss. Figure 4.11 presents the corresponding results for acoustic

MLM loss. Once again, two-stage CPT outperforms the single-stage baseline in both

convergence speed and �nal loss values. Interestingly, the breakdown by codebook in

Figure 4.11a reveals that codebooks 0�2, particularly codebook 0, consistently reach lower

loss values, whereas deeper codebooks (e.g., codebooks 6 and 7) plateau at signi�cantly

higher levels. Since we use a pre-trained EnCodec tokenizer to discretize each waveform

into eight parallel streams of quantized indices, one per residual codebook, these trends
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re�ect the relative predictability of each token stream. More speci�cally, the results suggest

that tokens from later codebooks are far less predictable. This observation aligns with the

structure of residual vector quantization. Lower codebooks capture coarse-grained acoustic

features such as pitch and broad timbral envelopes, as well as rich semantic information like

melody and vocal content [133]. In contrast, higher codebooks encode �ne-grained, high-

frequency residuals that are more variable [183]. These deep codebook tokens exhibit higher

entropy and lower contextual redundancy, making them harder to model under a masked

language modeling (MLM) objective. Moreover, since acoustic MLM loss is computed

independently for each codebook and summed to obtain the �nal loss, this hierarchy in

representational di�culty becomes particularly evident. This behavior was also re�ected in

preliminary experiments, where training with only the �rst four codebooks (codebook 0-3)

yielded nearly identical downstream performance. This further motivated our exploration

of using only four randomly selected codebooks per batch during multi-cultural continual

pre-training (Table 4.4). Despite the reduced supervision signal per batch, this variant

achieves comparable downstream performance with lower GPU memory utilization.

In-Batch
Noise Mixture

Probability

Acoustic
Target Class

Turkish-makam

ROC-AUC AP

0.5 1024 Ö 8 all codebooks 89.55 60.62

7 1024 Ö 8 all codebooks 88.71 59.54

0.5 1024 Ö 4 random codebooks 88.45 59.24

7 1024 Ö 4 random codebooks 88.14 58.31

Table 4.4. Mixup Augmentation and Codebook Usage Ablation. This ablation
study examines the e�ect of in-batch noise mixture augmentation and acoustic target class
selection during multi-cultural continual pre-training, evaluated on the Turkish-makam
auto-tagging task. Using a 0.5 probability for mixup consistently improves performance.
Sampling four randomly selected codebooks per batch (instead of predicting targets from
all 8 codebooks) o�ers a more memory-e�cient alternative with only minor performance
degradation, albeit with slower convergence [1] due to reduced supervision per update step.

We also explore the impact of in-batch noise mixture augmentation introduced

in the original MERT framework, which adds short, randomly selected audio segments

from the same batch to the input waveform with a �xed probability. This augmentation

encourages the model to learn robust, invariant representations by exposing it to perturbed

inputs during pre-training. In our multi-cultural continual pre-training setting, we apply

this augmentation with a 0:5 probability and observe consistent gains across downstream

tasks (see Table 4.4). We hypothesize the mixup acts as a regularizer that enhances gen-

eralization, especially when learning from diverse cultural audio sources in multi-cultural

pre-training.
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4.6.3 Training Stability

We �nally examine training stability by analyzing the gradient norm during continual

pre-training. As shown in Figure 4.9, the two-stage CPT strategy exhibits signi�cantly

more stable gradient dynamics compared to the single-stage variant. In the multi-cultural

adaptation setup, Stage 1 rapidly stabilizes gradients at low magnitudes, which enables

Stage 2 to proceed with smoother full-parameter updates. In contrast, single-stage CPT

displays sharp oscillations and frequent gradient spikes, particularly during the early stages

of training. This instability often results in gradient explosions, which in turn cause fre-

quent crashes and degraded convergence.

Figure 4.9. Gradient Norm Comparison: Two-stage vs. Single-stage CPT.
The two-stage CPT strategy stabilizes gradient updates more e�ectively, maintaining con-
sistently lower and smoother gradient norms throughout training. In contrast, single-stage
CPT exhibits sharp oscillations and occasional spikes, indicating unstable optimization and
potential gradient explosions that can lead to training crashes.

Overall, our proposed two-stage training strategy with re-warmed learning rates proves

crucial in our setting for maintaining training stability when adapting to culturally diverse

data distributions, without exhibiting forgetting.
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(a) Musical MLM Loss Across Cultures. CQT reconstruction loss curves during two-stage
CPT (Stage 2) across di�erent single-culture adaptations. Convergence behavior varies by dataset,
with Carnatic and Lyra achieving the lowest �nal loss.

(b) Two-stage vs. Single-stage Multi-Cultural CPT. The two-stage ap-
proach achieves lower and more stable loss due to the initial Stage 1 stabilization
phase, which enables smoother full-parameter training in Stage 2. In contrast, full-
parameter adaptation at once exhibits greater �uctuations and higher �nal loss, in-
dicating less stable convergence.

Figure 4.10. Musical MLM Loss During Continual Pre-Training. Sub�gure (a)
shows loss curves for two-stage CPT across di�erent cultures, while (b) compares overall
training dynamics between single-stage and two-stage CPT on the multi-cultural dataset.
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(a) Acoustic MLM Loss per Codebook. Loss curves for individual codebooks
reveal varying convergence behavior in multi-cultural CPT, with earlier codebooks
(e.g., codebooks 0�2) achieving lower losses, while deeper codebooks (e.g., codebooks
6 and 7) plateau at higher values, indicating greater modeling di�culty.

(b) Two-stage vs. Single-stage Multi-Cultural CPT. The second stage in the
two-stage approach enables further loss reduction, as Stage 1 calibrates representa-
tions for smoother initialization. In contrast, single-stage adaptation exhibits higher
�nal loss and slower convergence.

Figure 4.11. Acoustic MLM Loss During Continual Pre-Training. Sub�gure (a)
illustrates loss behavior across individual EnCodec codebooks, while (b) compares overall
training dynamics between single-stage and two-stage CPT on the multi-cultural dataset.
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Chapter 5

Conclusions, Limitations, and Future Work

5.1 Conclusions

In this thesis, we explore cross-cultural music representation learning and introduce

CultureMERT-95M, a multi-culturally adapted foundation model developed via continual

pre-training (CPT) on diverse non-Western musical traditions. We propose a two-stage

CPT strategy that incorporates learning rate re-warming and staged adaptation, en-

abling stable training under limited computational resources. Our results demonstrate

that CultureMERTconsistently outperforms the initial pre-trained MERT-95Mmodel across

diverse non-Western music tagging tasks, surpassing previously reported state-of-the-art,

while preserving performance on "Western"-centric benchmarks.

We further examine how models adapted to speci�c cultural datasets perform and

transfer to other cultural domains. Interestingly, cross-cultural evaluation reveals that

transferability varies across musical traditions and aligns with known theoretical similari-

ties from ethnomusicology, o�ering a novel computational perspective on cultural relation-

ships. Notably, these results correlate with token-level similarity metrics between cultural

datasets, such as Jensen-Shannon divergence and cosine distance computed over acoustic

token distributions extracted from the EnCodec codec model, suggesting that such metrics

can predict positive cross-cultural transfer, in line with �ndings from prior work in text

and speech domains. These similarity metrics may also serve as heuristics for re�ning the

composition of pre-training data in continual pre-training, tailored to the target evaluation

task or cultural context.

Continual pre-training on a culturally diverse dataset comprising all studied non-

Western traditions (i.e., CultureMERT) consistently yields the best overall performance,

enhancing cross-cultural generalization compared to single-culture adaptations. Addition-

ally, we investigate task arithmetic, which o�ers a strong alternative to multi-cultural

CPT, e�ectively merging culturally specialized models, obtained via single-culture contin-

ual pre-training, in weight space and mitigating catastrophic forgetting. Task arithmetic,

CultureMERT-TA, performs on par with CultureMERTon non-Western tasks, while also

demonstrating strong performance on Western datasets, interestingly even surpassing the

original pre-trained model in some cases.

Overall, this investigation contributes to the development of culturally aware founda-

tion models for music and is, to our knowledge, the �rst to apply and validate continual
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pre-training and model merging techniques�originally introduced in other domains�in

the context of music audio representation learning, paving the way toward universal mu-

sic representations. Our study aligns with the broader goal of creating computational

methods that respect cultural diversity and ethical considerations, while o�ering a lens

for comparison and knowledge transfer across world music traditions. Finally, this work

lays a foundation for future cross-cultural MIR research, encouraging the development of

inclusive foundation models that generalize across underrepresented musical traditions.

5.2 Limitations

5.2.1 Model and Scaling Considerations

While our exploration shows promising results, several limitations remain. The MERT

model relies on the frozen EnCodec audio tokenizer for its self-supervised acoustic MLM

pre-training, which is trained on Western music, making it potentially suboptimal for

encoding culturally diverse musical languages. This limitation could a�ect the represen-

tational granularity for non-Western traditions, motivating future work on adapting or

re-training audio tokenizers to better align with cultural diversity. Furthermore, we pro-

pose a computationally e�cient two-stage continual pre-training strategy. However, while

e�ective and crucial under constrained resources, future work could explore whether such

staged adaptation remains necessary when scaling to larger computational budgets (e.g.,

increased batch sizes) or model sizes. Additionally, our continual pre-training strategy is

speci�cally tailored to the MERT architecture, and future work should explore extending

and applying the proposed two-stage CPT framework to other foundation models for music.

This study also did not explore the e�ects of pre-training with more extensive datasets; a

more �ne-grained investigation into the impact of data volume, increased context lengths,

and scaling model size (e.g., using the 330M MERT variant), could yield deeper insights

into data�model trade-o�s. Following [1], the input context length during pre-training was

limited to 5 seconds, constraining the model's ability to capture the long-range dependen-

cies inherent in music signals. This limitation may hinder performance on tasks requiring

extended musical context (for example, music structure analysis), highlighting the need for

future research into long-sequence modeling in FMs. Moreover, examining the impact of

cultural composition in the pre-training data, such as training on speci�c subsets of musical

traditions (e.g., Carnatic-Hindustani data mix), would help clarify how di�erent cultural

combinations in�uence transferability and performance in cross-cultural adaptation. An-

alyzing transfer behavior and synergy among cultural pairs, especially in relation to the

token-level similarity metrics we examined, could illuminate which traditions bene�t most

from co-training, particularly in low-resource settings where underrepresented traditions

may gain from leveraging culturally related data.

5.2.2 Datasets and Evaluation

Our investigation focuses on four non-Western musical traditions, Carnatic, Hindus-

tani, Turkish-makam, and Greek folk, leaving other genres within the CompMusic Corpora
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[184, 62], such as Beijing Opera and Andalusi classical music, unexplored. Furthermore,

our evaluation is limited to sequence-level tasks, focusing speci�cally on the music auto-

matic tagging task. However, many MIR applications require predictions at �ner (e.g.,

frame-level) temporal resolutions. In this context, robust foundation models for music

should also demonstrate strong capabilities in token-level classi�cation tasks [19], such as

beat/downbeat tracking, structure analysis, and chord recognition, which also typically re-

quire modeling longer-term temporal contexts. For non-Western traditions, several existing

CompMusic datasets o�er opportunities for such evaluations: the Carnatic Music Rhythm

Dataset and Hindustani Music Rhythm Dataset include time-aligned taala and taal cy-

cle markers, respectively, which are useful for rhythm analysis; the Mridangam Stroke

Dataset provides individual percussive stroke recordings suitable for stroke classi�cation

tasks; the Tabla Solo Dataset o�ers time-aligned syllabic scores and audio recordings of

solo performances, facilitating studies in syllabic percussion patterns and structural seg-

mentation; and the Turkish Makam Melodic Phrase Dataset and Annotated Jingju Arias

Dataset contain structural phrase-level annotations for segmentation and phrase boundary

detection. Additional culturally diverse datasets reviewed in Section 2.4, including those

from Chinese, Persian, African, and other musical traditions, present further opportunities

for expanding cross-cultural evaluation. Collectively, these resources open up promising

directions for extending foundation model evaluation beyond tagging in culturally diverse

settings.

It is also important to acknowledge that evaluation practices in MIR have been criticized

for inconsistencies in experimental protocols, data leakage, and weak construct validity, fac-

tors that can undermine the generalizability and interpretability of models' performance

[151]. In particular, data leakage can signi�cantly impact a model's performance by ar-

ti�cially in�ating its evaluation results. While we follow standard evaluation protocols

by adhering to dataset-provided train/test splits for continual pre-training and probing,

recent work on transfer learning has shown that subtle forms of data leakage may still

arise even under seemingly valid partitioning strategies [152]. For example, overlaps in

musical artists, recording conditions, or culturally speci�c instrumentation between train-

ing and evaluation domains may unintentionally introduce spurious correlations, leading

to shortcut learning [185]. As such, exploring more robust evaluation designs that avoid

any cross-contamination between training and testing domains remains an important open

challenge.

5.2.3 Cultural Framing and Interpretive Scope

We acknowledge the limitations of framing music within a "Western" versus "non-

Western" dichotomy. While such terminology is commonly used in computational research

for convenience, it risks oversimplifying the diversity of musical traditions. The concept

of "non-Western" inherently groups together vastly di�erent cultures, where categorizing

"Western" music as a singular entity neglects its own internal diversity. Musical cultures

exist on a continuum shaped by historical exchanges and regional adaptations rather than

strict geographical divisions, and such classi�cations should be interpreted with caution.
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Additionally, this work does not aim to establish or analyze cross-cultural similarities from

an ethnomusicological perspective. Computational approaches inherently operate within

a data-driven framework and are not explicitly informed by the historical, theoretical, or

cultural knowledge embedded in the studied traditions. Nevertheless, our study may o�er

a novel lens on cross-cultural transfer patterns that emerge directly from the data through

deep learning methods, contributing also to the development of more robust and culturally

aware computational models for music. Moreover, our analysis on cross-cultural transfer-

ability should be considered in light of potential limitations in the representativeness and

coverage of the datasets used. For example, as highlighted by [186], the datasets used in

this thesis for Carnatic and Hindustani music may lack crucial aspects of these traditions,

including instrumental compositions, improvisational elements, and performance context,

leading to an incomplete representation in computational studies.

5.3 Future Work

Several interesting avenues for future research and potential extensions of this work

can be identi�ed:

ˆ Scale up to more cultures, more data, and larger models (MERT-330M large).

Experiment with other model architectures beyond MERT, for example, MusicFM

[19], MuQ [100], SoniDo [101], and YuE [133]. Conduct more ablations and explore

scaling laws in music audio foundation models.

ˆ Train from scratch multicultural foundation models for music by exploring large-

scale pre-training strategies across diverse musical traditions, and compare their per-

formance to continual pre-training and model merging approaches. Future work

should also examine how cultural selection and data mixture proportions during

(continual) pre-training in�uence downstream generalization, akin to recent work in

cross-lingual transfer [97, 98, 172]. This includes analyzingcross-cultural trans-

fer dynamics at scale and identifying potential �super-donor� and �super-recipient�

musical traditions that consistently enhance or bene�t from transfer.

ˆ Evaluate culturally adapted models beyond sequence-level tasks, such as music auto-

tagging. Extend to token-level tasks (e.g., beat tracking, source separation) and

multimodal tasks (e.g., music�language models such as MusiLingo [102], LLark

[134], and CLaMP 3 [71]) inzero-shot settings and culturally diverse contexts. A

promising direction is to construct a joint music�text embedding model using our

culturally adapted music encoders as audio backbones, �ne-tuned via contrastive

learning in the style of MuLan [95]. Replacing the frozen MERT audio encoder in

frameworks like CLaMP 3 with CultureMERTcould improve generalization to under-

represented musical cultures. Such models could support zero-shot cultural music un-

derstanding tasks such as culturally informed captioning, retrieval, and cross-modal

tagging. Moreover, they would advance interpretability and open new directions for

cross-cultural music�language alignment. Additionally, since the use of pre-trained
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encoders is common in modern generative models,CultureMERTcould also serve as

a conditioning audio encoder in generative frameworks such as MusicGen or SoniDo.

ˆ Future work could explore parameter-e�cient �ne-tuning (PEFT) techniques

(e.g., adapter-based methods such as LoRA [187]) as lightweight alternatives to

full-parameter adaptation in CPT, or as complementary approaches, particularly

for supervised �ne-tuning (SFT) after the CPT phase, instead of relying solely on

probing-based evaluation [188]. In this context, few-shot and low-resource setups

could be further investigated through multi-label few-shot learning approaches, such

as "LC-Protonets" [79], which has demonstrated strong performance under chal-

lenging evaluation settings on low-resource world music tagging tasks. Additionally,

future work could explore mixed-objective training strategies that combine self-

supervised learning and supervised �ne-tuning in a joint multi-task learning frame-

work, similar to the M2DS2 [189] and UDALM [190] approaches proposed in the

speech and text domains.

ˆ Adapt existing audio tokenizers to non-Western music. Current models (for exam-

ple, EnCodec used in this study, DAC [120]) are trained on Western data, which may

limit their e�ectiveness in encoding culturally diverse musical languages, especially

when integrated into model architectures as audio tokenizers [144, 191, 58, 131], or

as acoustic teachers [1, 192]. Recently, UniCodec [193] introduced a single-domain-

adaptive codebook and domain Mixture-of-Experts strategy to unify audio modeling

across speech, music, and environmental sound, representing a promising direction

for culturally adaptive tokenization .

ˆ Explore di�erent music teachers for self-supervision: The current 336-bin CQT

reconstruction loss with 48 bins/octave encodes Western assumptions like octave

equivalence and equal temperament, which may bias self-supervision against non-

Western traditions with microtonality or unequal tuning. Future work could explore

culturally appropriate alternatives such as trainable �lterbanks [194], non-stationary

Gabor transforms with variable resolution [195], or data-driven frequency scales de-

rived from pitch distributions in each culture [196], to provide richer and less biased

supervisory signals for cross-cultural music representation learning.

ˆ Current audio tokenization schemes (e.g., NACs such as EnCodec [2], or wav2vec2-

style feature extractors [1]) tokenize audio into �xed-length frames (e.g., 13.3 ms per

token at a 75 Hz frame rate), imposing auniform temporal resolution that may

fail to capture the adaptive timing structures characteristic of many musical tradi-

tions. This rigidity is particularly limiting in expressive performance styles involving

tempo rubato, improvisation, or free rhythm, especially in non-Western traditions,

where timing naturally deviates from a strict metrical grid. Moreover, �xed-rate to-

kenization can over-segment "musically predictable" or slow-evolving passages (e.g.,

a sustained tone or steady rhythmic pulse), while lacking the �exibility to compress

or expand time dynamically based on musical content, thereby introducing unnec-

essary computational overhead in regions with low information density. Many music
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traditions also di�er in their temporal structure and rhythmic granularity, further

motivating the need for adaptive tokenization strategies. An interesting and novel

research direction would be to adapt theByte Latent Transformer (BLT) [197]

to music, enabling variable-length adaptive music tokenization withentropy patch-

ing. BLT could allow models to allocate more attention to complex or unpredictable

musical segments (e.g., ornaments, modulations), better handling regions of di�erent

information densities, and improving representation �delity . Moreover, it could

learn variable-length patterns speci�c to each tradition and avoid �xed-token biases

from Western-trained audio tokenizers. Finally, BLT's representation may bemore

interpretable in terms of musical structure compared to low-level acoustic tokens.

This interpretability could be explored by analyzing whether the model's learned

patch boundaries align with known musical event boundaries, such as phrase transi-

tions, onsets, or changes in instrumentation or harmony. Such an architecture could

be adapted and utilized for both music understanding tasks and generation.

ˆ Investigate advanced model merging techniques and task arithmetic variants that

address task con�icts and parameter interference (e.g., AdaMerging [6], TIES [177],

DELLA [198], CART [111], AWD [176], Adaptive Projective Gradient Descent [199],

OPCM [200], TSV-Merge [201], AdaRank [202]) to combine specialized models more

e�ectively. These methods utilize adaptive, task- and layer-wise scaling fac-

tors for task arithmetic, rather than a �xed global � , whose selection is often sen-

sitive�as demonstrated in our �ndings�thus better managing merging con�icts.

Additionally, they incorporate techniques such as pruning, orthogonalization and

disentanglement, and low-rank subspace methods to mitigate parameter interference

and improve multi-task compatibility. These techniques could also be applied to

merge models trained on di�erent music understanding tasks (for example, combin-

ing beat tracking and music auto-tagging expert models).

ˆ Explore dynamic data mixtures during continual pre-training (e.g., DoGE [203],

DoReMi [204], RegMix [205], D-CPT [206]) to balance domain in�uence. Addition-

ally, compare multi-cultural CPT with curriculum/incremental learning strate-

gies [31] progressively adapting the model to di�erent musical cultures (e.g., Lyra

! Hindustani ! Carnatic ! : : : ). In such staged settings, in�nite or meta

learning rate schedules [31] could be employed to improve training stability and

reduce unwanted forgetting. Moreover, curriculum-based CPT could be evaluated

against model merging approaches, such as task arithmetic explored in this the-

sis, which in general eliminate the need for multiple adaptation steps [207], orhy-

brid approaches such as MagMax [208], BECAME [209], and Branch-and-Merge

[210], which combine sequential adaptation with model merging to consolidate cross-

cultural knowledge more e�ectively and mitigate catastrophic forgetting.

ˆ Extend to training and adaptation of music generation models [58, 3, 101, 133]

and explore the applicability of our paradigm in the context of multimodal models

(e.g., music�language models) in cross-cultural settings.
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ˆ Despite their e�ectiveness, foundation models for music often function as black boxes.

However,interpretability is essential for fair, ethical, and trustworthy AI, especially

in cultural contexts. As shown in Section 4.5, we observed that di�erent transformer

layers in CultureMERTyielded the best results when evaluated via probing on music

tagging tasks across di�erent musical cultures, suggesting that culturally relevant

information may be encoded at varying depths within the adapted multi-cultural

model. Possible research directions on the interpretability of music FMs include

using probing classi�ers and intervention techniques [211], saliency maps, attention

analysis, and clustering learned embeddings (e.g., by abstract cross-cultural musi-

cal concepts, or culture-speci�c elements). Furthermore, recently, [212] proposed

transforming CLAP audio embeddings into sparse, concept-based representations

aligned with human-interpretable audio concepts, shown to retain or even improv-

ing performance on downstream tasks. Applying similar post-hoc transformations to

CultureMERTcould provide insight into how cultural information is semantically en-

coded and which interpretable dimensions drive predictions across musical traditions.

Moreover, exploring explainable AI (XAI) techniques tailored to the music do-

main, such as counterfactual explanations (audio-level, latent-space, or generative),

could further enhance our understanding of these models and make AI decisions more

transparent and aligned with human musical understanding [158].
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Chapter 6

Ethics Statement and Responsible Use

Careful consideration is advised before deploying the models developed and presented in

this work in real-world contexts, as they may still re�ect cultural and dataset-speci�c biases.

Some of the datasets used are not publicly available and were accessed under research-

use agreements. Any released models should not be used for commercial or generative

applications without explicit attention to cultural representation, appropriate licensing,

and the consent of the relevant communities or dataset curators.
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Appendix A

Training and Evaluation Settings for MERT-v1-95M

This appendix details the training settings and hyperparameters used for training the

MERT-v1-95Mmodel, as well as the downstream evaluation on music auto-tagging tasks

under the MARBLE constrained protocol.

A.1 Training Settings

The core settings for training MERT-v1-95Mare summarized as follows:

ˆ Audio sampling rate: 24 kHz

ˆ Input segment length: 5 seconds, randomly cropped during training

ˆ Feature extractor: 7-layer 1D CNN with GELU activations and GroupNorm in

the �rst layer; no internal dropout. Architecture: [(512,10,5)] + [(512,3,2)] � 4 +

[(512,2,2)]� 2, producing frame-level representations at 75 Hz

ˆ Transformer encoder: 12-layer Transformer with 768-dimensional embeddings, 12

attention heads, and 3072-dimensional feed-forward layers

ˆ Projection layers: CNN outputs are projected to the transformer input dimension

(768) via a linear layer; transformer outputs are projected to a 64-dimensional space

to match the dimensionality of codeword embeddings; separate �nal projections are

used for each codebook

ˆ Positional embeddings: One convolutional positional embedding layer with 128

�lters and 16 groups

ˆ Masking: Random masking applied at the frame level (after the CNN feature ex-

tractor), with 80% probability and a mask length of 5 frames; loss is computed only

on masked frames

ˆ CQT prediction: Auxiliary objective to predict CQT spectrograms with 336 bins

from masked frames

ˆ Gradient scaling: Feature extractor gradients are scaled by a factor of 0.1 during

training
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ˆ Dropout settings: 0.1 for input, features, encoder layers, and attention modules;

0.0 for activation; encoder layerdrop probability is set to 0.05.

ˆ Codebook usage: All 8 codebooks are jointly predicted during masked prediction,

instead of randomly accessing a subset of codebooks per batch, leading to faster con-

vergence. An ablation on random 4-codebook sampling is presented in Section 4.6.2

(Table 4.4).

ˆ Temperature scaling: Fixed at 0.1 for contrastive prediction loss

ˆ Data augmentation: In-batch noise mixture augmentation applied with probabil-

ity 0.5

A.2 Evaluation Settings

Evaluation follows the MARBLE probing-based constrained protocol: backbone mod-

els are frozen, probing heads are shallow (single-layer MLP), and hyperparameters are

selected from a restricted grid search space. Performance on auto-tagging tasks is mea-

sured using macro-averaged ROC-AUC, mean Average Precision (mAP), Micro-F1, and

Macro-F1 scores. The detailed evaluation settings are:

ˆ Classi�er: Single-layer MLP with 512 hidden units and ReLU activation, trained

on top of frozen MERT representations

ˆ Backbone feature extraction: Task-speci�c selection of either a single transformer

layer or a learnable weighted sum over all layers (see Section 4.5 for details and

discussion on task-speci�c feature selection)

ˆ Batch size: 64

ˆ Learning rate: Chosen per task from {5e-5, 1e-4, 5e-4, 1e-3, 5e-3, 1e-2}

ˆ Dropout probability: 0.2

ˆ Optimizer: Adam [213] with default parameters (� 1 = 0 :9, � 2 = 0 :999, � = 10 � 8)

ˆ Learning rate scheduler: ReduceLROnPlateau, with patience typically set to 3

epochs (task-speci�c)

ˆ Early stopping: Enabled, with patience typically set to 10 epochs (task-speci�c)

ˆ Training epochs: Up to 100

Hyperparameters and training strategies that are explicitly discussed in Section 3 (e.g.,

optimizer settings and learning rate schedules during continual pre-training) are not re-

peated here for brevity.
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