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ABSTRACT

Foundation models have revolutionized music informa-

tion retrieval, but questions remain about their ability to

generalize across diverse musical traditions. This paper

presents a comprehensive evaluation of five state-of-the-art

audio foundation models across six musical corpora span-

ning Western popular, Greek, Turkish, and Indian classi-

cal traditions. We employ three complementary method-

ologies to investigate these models’ cross-cultural capa-

bilities: probing to assess inherent representations, tar-

geted supervised fine-tuning of 1-2 layers, and multi-label

few-shot learning for low-resource scenarios. Our analy-

sis shows varying cross-cultural generalization, with larger

models typically outperforming on non-Western music,

though results decline for culturally distant traditions. No-

tably, our approaches achieve state-of-the-art performance

on five out of six evaluated datasets, demonstrating the ef-

fectiveness of foundation models for world music under-

standing. We also find that our targeted fine-tuning ap-

proach does not consistently outperform probing across

all settings, suggesting foundation models already encode

substantial musical knowledge. Our evaluation framework

and benchmarking results contribute to understanding how

far current models are from achieving universal music rep-

resentations while establishing metrics for future progress.

1. INTRODUCTION

The notion of music as a “universal language” remains

contested among scholars [1, 2]. While some musical

elements transcend cultural boundaries, traditions have

evolved with distinct characteristics and semantic content

[3,4]. This tension between universality and cultural speci-

ficity presents a complex challenge that modern artificial

intelligence approaches offer a novel lens to investigate.

Foundation models have emerged as a transformative

paradigm across artificial intelligence (AI) domains [5],
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including music and audio [6–8]. In music information

retrieval (MIR), these multipurpose models perform di-

verse tasks from beat tracking to automatic tagging [9,10].

Though implicitly claiming a form of universality, they

largely neglect cultural dimensions while training predom-

inantly on Western-centric data [10]. This raises a criti-

cal question: to what extent do foundation models actu-

ally provide universal music representations that general-

ize across diverse musical traditions?

In this work, we evaluate five state-of-the-art audio

models across six corpora spanning Western popular,

Greek, Turkish, and Indian classical traditions, to quantita-

tively assess their cross-cultural capabilities and contribute

to discussions about the universality of musical representa-

tions. We focus on automatic music tagging as our evalua-

tion task and employ three complementary methodologies:

(i) probing, which uses the models as frozen feature extrac-

tors with a trainable classifier, (ii) targeted supervised fine-

tuning to assess adaptation potential, and (iii) multi-label

few-shot learning to evaluate performance in low-resource

scenarios common with world music collections.

Our evaluation reveals both promising cross-cultural

transfer capabilities as well as remaining gaps in univer-

sal music understanding, due to the decrease in perfor-

mance for culturally distant domains and especially in low-

resource scenarios. The contributions of this work can be

summarized as follows:

• This is the first comprehensive evaluation, to the best

of our knowledge, of foundation models across cul-

turally diverse music corpora.

• We propose a methodological evaluation framework

that integrates few-shot learning with traditional ap-

proaches, enabling systematic assessment of model

representations under different training setups.

• State-of-the-art results have been achieved by our

approaches in five out of six datasets.

• We have optimized multi-label few-shot learning,

significantly reducing inference time and making it

practical for large numbers of classes.

• Our code is being made available 1 for reproducibil-

ity and to promote research on world music.

1 https://github.com/pxaris/FM-music-tagging
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2. RELATED WORK

Foundation models. Foundation models for music have

emerged by leveraging large-scale self-supervised or con-

trastive learning on extensive audio datasets, enabling

them to capture rich musical features applicable across di-

verse tasks. Representative works include JukeMIR [11],

which explored representations from the Jukebox genera-

tive model [12], MULE [13], a self-supervised model pre-

trained on MusicNet dataset, and Music2Vec [14], which

utilized masked prediction strategies with student-teacher

approaches. Subsequent advancements like MusicFM [9]

have scaled up both model size and training data, demon-

strating effectiveness across multiple benchmark tasks.

The landscape of current foundation models encom-

passes several architectural approaches: masked acous-

tic modeling, MERT [6], contrastive audio-text learning

such as LAION-CLAP [7], and unified audio understand-

ing with models like Qwen-Audio [8]. Despite their im-

pressive performance on standard benchmarks, their cross-

cultural generalization capabilities remain largely unex-

plored, particularly regarding their effectiveness across di-

verse musical traditions beyond Western contexts.

Automatic world music tagging. Automatic music tag-

ging - predicting metadata such as genre, mood, and in-

strumentation from audio signals - is typically referred

to as music auto-tagging [15–18] and constitutes a multi-

label classification problem. Architectures addressing this

task have evolved from convolutional models like VGG-

ish [19] and Musicnn [20] to transformer-based approaches

like AST [21] and more recent foundation models [9].

Research on world music computational analysis has

grown in recent years [22], with studies focused on specific

traditions including Turkish makam recognition [23, 24],

Indian classical music classification [25], and analysis of

Iranian and Korean traditional music [26, 27]. While a

recent study applied auto-tagging across diverse musi-

cal datasets [28], this is the first time to the best of our

knowledge where a comprehensive evaluation of founda-

tion models on world music corpora is being conducted.

To address the challenges of imbalanced tags and lim-

ited data inherent in world music research, we employ

Label-Combination Prototypical Networks (LC-Protonets)

[29] for few-shot learning. This approach extends Proto-

typical Networks [30] by creating prototypes for each la-

bel combination, rather than generating one prototype per

label. While established benchmarks for evaluating repre-

sentations on downstream tasks typically employ probing

and fine-tuning methodologies [31–33], our work incorpo-

rates few-shot learning as a complementary evaluation ap-

proach, assessing foundation models’ capabilities in low-

resource scenarios.

3. METHODOLOGICAL FRAMEWORK

Our methodological framework systematically evaluates

whether foundation models can effectively represent mu-

sical characteristics across diverse cultural traditions. As

shown in Figure 1, we employ three complementary

Figure 1. Architectural overview of our evaluation

framework showcasing three methodologies: (1) Probing

(Prob.), (2) Supervised Fine-Tuning (SFT), and (3) Multi-

Label Few-Shot Learning (ML-FSL). The diagram indi-

cates feature extraction points used by ML-FSL from either

Pre-Trained (PT), trained Prob. or SFT models.

methodologies: probing (Prob.), supervised fine-tuning

(SFT), and multi-label few-shot learning (ML-FSL). Prob-

ing trains only an MLP classifier on frozen model represen-

tations, while SFT makes the model’s last layers trainable

alongside the MLP. ML-FSL extracts representations from

three contexts, i.e., pretrained model (PT), trained prob-

ing model (Prob.) and fine-tuned model (SFT) to evaluate

performance on extended tag sets under data scarcity con-

ditions.

3.1 Models

For our evaluation, we selected five state-of-the-art audio

models spanning different architectures, pre-training ap-

proaches, and parameter scales:

MERT. We evaluate two variants of MERT [6]: MERT-

95M 2 and MERT-330M 3 with 95M and 330M parame-

ters respectively. These transformer-based models employ

masked acoustic modeling, using an acoustic and a musi-

cal teacher, during pre-training. MERT-95M consists of 12

layers, while MERT-330M has 24 layers.

LAION-CLAP. We include two variants: CLAP-Music 4

(CLAP-M), trained exclusively on music data, and CLAP-

Music&Speech 5 (CLAP-M&S), which incorporates addi-

tional speech data [7]. Both utilize HTS-AT [34] for au-

dio encoding, a transformer-based model with 4 groups of

swin-transformer blocks [35], with 68M audio-specific pa-

rameters within a larger 194M parameter model.

Qwen2-Audio. The largest model in our evaluation frame-

work, Qwen2-Audio 6 [36], contains 637M audio-specific

parameters within an 8.4B parameter architecture and fea-

tures 32 transformer layers [37] in its audio tower.

VGG-ish. As a baseline comparison, we include VGG-

ish [17,38], a 3.6M parameter end-to-end model trained via

supervised learning on mel-spectrograms to predict tags.

For VGG-ish, we report results from the literature for the

2 https://huggingface.co/m-a-p/MERT-v1-95M
3 https://huggingface.co/m-a-p/MERT-v1-330M
4 https://huggingface.co/laion/larger_clap_music
5 https://huggingface.co/laion/larger_clap_music_and_speech
6 https://huggingface.co/Qwen/Qwen2-Audio-7B
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same experimental setup used in our work [28, 29] rather

than running new experiments.

3.2 Datasets

Our evaluation spans diverse traditions from six music

datasets. For Western music, we utilize MagnaTagATune

[39] (25,863 clips) and FMA-medium [40] (25,000 tracks).

For world music traditions, we incorporate the Lyra dataset

[41] with 1,570 recordings of Greek folk music, and three

collections from the CompMusic project [42]: the Turkish-

makam corpus [43, 44] (5,297 recordings) as well as Hin-

dustani [45] (1,204 recordings) and Carnatic [45] (2,612

recordings) of Indian classical music.

Following [28], we set maximum audio durations to

achieve similar sizes between datasets and prepare their

metadata for the auto-tagging task. For Probing and Su-

pervised Fine-Tuning, we use the standard tag sets, i.e., 50
tags for MagnaTagATune, 30 for Lyra and Turkish-makam,

and 20 for the rest of the datasets. Our ML-FSL exper-

iments use extended tag sets that include previously un-

seen classes, summing up to: 80 tags for MagnaTagATune,

60 for Lyra and Turkish-makam, 40 for FMA-medium and

Carnatic, and 35 for Hindustani, consistent with [29].

3.3 Evaluation methodologies

Probing. Our first methodology (Prob.) evaluates how

well foundation models inherently represent musical char-

acteristics across cultures. We employ probing, where the

model remains frozen while only training a classifier on top

of the extracted representations. Specifically, we imple-

ment a shallow Multi-layer Perceptron (MLP) with a single

hidden layer of 512 units followed by a sigmoid classifica-

tion layer, optimized with binary cross-entropy loss.

Supervised Fine-Tuning. To evaluate adaptation poten-

tial, we implement targeted supervised fine-tuning (SFT)

by unfreezing a subset of model parameters. For MERT-

95M, we unfreeze the last two transformer layers, while

for MERT-330M only the last layer. For both CLAP mod-

els, we unfreeze the last group of swin-transformer blocks

of the audio encoder along with the normalization and two

projection layers. In Qwen2-Audio, we fine-tune the last

layer of the audio tower along with the normalization layer

before multi-modal projection. These choices were con-

strained by RAM limitations affecting both trainable pa-

rameters and hyperparameter tuning. We use the same

trainable MLP Probe architecture as in the Probing exper-

iments, initializing it with the weights learned during that

phase. This weight initialization strategy helps maintain

previously learned knowledge while adapting to new do-

mains, mitigating potential catastrophic forgetting issues

[46]. We also employ learning rate warmup and cosine

scheduling to ensure stable adaptation [47].

Multi-Label Few-Shot Learning. Our third methodology

(ML-FSL) evaluates performance in low-resource scenar-

ios by employing an optimized version of LC-Protonets

[29] that is detailed in subsection 3.4. We extract represen-

tations from three different contexts: directly from the pre-

trained model (PT), from the hidden layer of the trained

Figure 2. Relationship between model size and per-

formance, averaged over Probing and Supervised Fine-

Tuning (SFT) tasks. The x-axis represents the number of

audio-specific parameters on a logarithmic scale, while the

y-axis reports the mean ROC-AUC (%) across all datasets.

MLP Probe (Prob.), and from the fine-tuned model (SFT).

Notably, this methodology involves no additional training

during few-shot evaluation; the model acts as a frozen fea-

ture extractor that maps both the few examples and the un-

known items to an embedding space where classification

occurs utilizing the LC-Protonets approach.

3.4 Multi-label few-shot learning optimization

While the LC-Protonets method [29] offers significant per-

formance advantages for multi-label few-shot learning, its

computational complexity increases substantially with the

number of labels due to the exponential growth of label

combinations. In this work, we introduce an optimiza-

tion that significantly improves inference efficiency while

maintaining identical classification results.

The original approach creates an LC-Prototype (LCP)

for each label combination (LC-class) derived from the

power sets of the few available examples’ labels. Each

available example is called a support item and it is defined

by (xi,yi), with xi being its input feature vector and yi

the set of its labels. For the set of support items S, the set

of all LC-classes L is computed as L =
⋃

(xi,yi)∈S P(yi),

where P(yi) is the power set of the labels of the i-th sup-

port item, excluding the empty set. For each LC-class Lj ,

with j = 1, 2, ..., |L|, the LCP representation pj is com-

puted by averaging the embeddings of all support items

that include Lj in their power sets:

pj =
1

|Sj |

∑

(xi,yi)∈Sj

fθ(xi), (1)

where Sj = {(xi,yi) ∈ S | Lj ∈ P(yi)}, and fθ the

embedding mapping model.

Our key insight is that multiple LC-classes often share

identical LCP representations despite representing differ-

ent label combinations. This occurs because the same set

of support items contributes to multiple label combinations

derived from their power sets. For example, if a support

item with labels {A,B,C} is the only item contributing
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to both {A,B} and {B,C} LCPs, these LCPs will have

identical representations.

We exploit this redundancy by maintaining a dictionary

structure that maps unique LCP representations to their

corresponding sets of LC-classes:

UniqueLCPs = {pm 7→ {Lj | pj = pm}}, (2)

where j = 1, 2, ..., |L| and m = 1, 2, ...,M with M being

the number of unique LCPs and M ≪ |L|. During infer-

ence, instead of computing distances between a query item,

unseen during training, and all possible |L| LCPs, we only

compute distances to the M unique LCP representations.

For the nearest unique LCP, we then select the label com-

bination with the maximum cardinality, consistent with the

original LC-Protonets method.

Our experiments show that this approach yields speed

improvements of 10× for datasets with 20 labels, scaling to

more than 100× for datasets with 60 labels, while produc-

ing identical classification results to the original method.

We apply this optimization to the LC-Protonets reposi-

tory 7 , making it practical for large label sets.

4. EXPERIMENTAL SETUP

Experiments and resources. We conducted 5 runs with

different random seeds for both Probing and ML-FSL

tasks, but a single run for SFT due to computational

constraints. SFT trainable parameters varied: 14M for

MERT-95M, 13M for MERT-330M, 25M for CLAP mod-

els, and 56M for Qwen2-Audio. All experiments ran on an

NVIDIA RTX A5000 GPU, and we used Qwen2-Audio in

half-precision (FP16) in all our methodologies to fit in this

card. Most SFT training completed within 24 hours, with

only 3 out of 30 experiments extending to about 36 hours.

Dataset processing. We standardized Turkish-makam,

Hindustani, and Carnatic datasets to approximately 200

hours each, matching MagnaTagATune and FMA-medium

durations [28], while Lyra remained at its original 80

hours. We followed the training, validation, and test splits

from [17, 28]. For ML-FSL, evaluation items came exclu-

sively from test sets [29] to prevent data leakage.

Model-specific configurations. Each foundation model

required specific preprocessing: MERT models use 30-

second windows at 24kHz, CLAP models 10-second win-

dows at 48kHz, and Qwen2-Audio 30-second windows at

16kHz. All audio was converted to mono and resampled to

the model’s required rate.

Representation extraction strategies. For MERT mod-

els, we extract representations by summing the aver-

age, across time, hidden states of the last four layers

of the models. For CLAP models, we extract them

from the audio projection layer which takes as input

the average pooled layer representation of the last hid-

den state. For Qwen2-Audio, we use the last hid-

den state embeddings averaged across all layers of the

whole model, when passing a simple text prompt that in-

cludes nothing but the respective tags for audio process-

ing, i.e., <|audio_bos|><|AUDIO|><|audio_eos|>.

7 https://github.com/pxaris/LC-Protonets

Model
Params

ROC-AUC (%) mAP (%)
Audio/Total

VGG-ish [28] 3.6M/3.6M 84.45 50.56

Prob. SFT Prob. SFT

MERT-95M 95M/95M 87.250.32 87.26 52.250.42 52.68

MERT-330M 330M/330M 85.400.68 85.69 49.620.83 50.47

CLAP-M 68M/194M 71.521.14 78.96 29.981.07 40.41

CLAP-M&S 68M/194M 86.780.31 86.15 53.120.87 51.99

Qwen2-Audio 637M/8.40B 88.590.47 89.37 56.480.63 58.73

Table 1. Model performance comparison averaged across

all datasets for Probing and SFT tasks. Values are aver-

aged over multiple runs with subscripted standard devia-

tions. Bold values indicate best performance per column.

These representation extraction strategies, number of fine-

tuned layers, and other design choices of our method were

optimized through preliminary experiments.

Hyperparameters. For Probing, we used Adam opti-

mizer [48] (β1 = 0.9, β2 = 0.999, ϵ = 10−8) with learn-

ing rate 10−3, batch size 16, early stopping patience 10,

and maximum 200 epochs. For SFT, we used AdamW

[49] with identical β parameters but learning rate 10−4,

model-specific batch sizes (to fit maximum available re-

sources) with gradient accumulation to simulate batch size

16 across all setups, patience 5, and maximum 30 epochs.

We applied learning rate warmup and cosine scheduling

for the first 5% of SFT epochs. ML-FSL evaluations used

cosine distance with an N -way K-shot setup, with N be-

ing the number of extended tags per dataset and K equal to

3 examples per label in all experiments. We also attempted

Low-Rank Adaptation [50] initially but abandoned it due

to extensive hyperparameter tuning requirements across

our 5× 6 experimental matrix.

Evaluation metrics. For the Probing and SFT method-

ologies, we report area under the receiver operating char-

acteristic curve (ROC-AUC) and mean average preci-

sion (mAP). These metrics are particularly well-suited for

multi-label classification tasks [51] and are consistent with

prior work in music tagging [17, 28]. For ML-FSL eval-

uation, we report macro-F1 (M-F1) and micro-F1 (m-

F1) scores, which align with the LC-Protonets evaluation

framework [29]. F1 score is the harmonic mean of the pre-

cision and recall scores. Macro-F1 gives equal weight to

all classes, while micro-F1 accounts for class imbalance by

calculating metrics globally across all instances.

5. RESULTS

5.1 Probing and Supervised Fine-Tuning

Table 1 presents the performance of the evaluated founda-

tion models averaged across all datasets for both Probing

and SFT tasks. Overall, Qwen2-Audio achieves the highest

performance with 88.59% ROC-AUC and 56.48% mAP

in Probing, further improving to 89.37% ROC-AUC and

58.73% mAP after fine-tuning. This is followed by MERT-

95M and CLAP-Music&Speech with comparable perfor-

mance, while CLAP-Music shows significantly lower per-

formance without speech data in its training corpus.
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Model
MagnaTagATune FMA-medium Lyra Turkish-makam Hindustani Carnatic

ROC-AUC mAP ROC-AUC mAP ROC-AUC mAP ROC-AUC mAP ROC-AUC mAP ROC-AUC mAP

VGG-ish [28] 91.23 45.82 88.89 49.49 80.97 48.06 86.96 56.39 84.77 60.82 73.92 42.78

Probing (Prob.)

MERT-95M 90.460.10 44.160.21 91.680.08 51.430.43 85.610.66 53.340.61 88.220.23 57.890.34 86.590.52 60.260.56 80.960.35 46.410.35

MERT-330M 89.660.16 41.730.59 90.780.11 48.850.32 84.650.78 51.810.59 85.370.64 52.451.12 84.231.36 58.782.08 77.731.03 44.070.31

CLAP-M 80.070.21 25.820.13 77.420.15 22.890.38 64.181.29 31.160.43 77.310.51 38.771.00 68.694.05 33.434.21 61.470.60 27.830.30

CLAP-M&S 92.410.05 48.540.16 94.050.08 59.130.54 87.250.18 56.940.51 86.490.27 54.690.36 82.611.14 55.703.29 77.850.13 43.730.35

Qwen2-Audio 91.170.13 45.580.21 96.600.07 73.380.28 86.440.81 53.500.65 86.640.42 53.380.79 88.450.83 62.420.99 82.220.56 50.590.88

Supervised Fine-Tuning (SFT)

MERT-95M 90.62 44.52 91.70 51.74 84.89 53.62 87.50 57.91 88.20 61.47 80.64 46.83

MERT-330M 89.55 41.93 91.12 49.56 84.74 52.54 86.17 53.80 85.49 61.33 77.05 43.66

CLAP-M 88.54 39.26 88.37 42.04 71.97 38.14 79.82 42.49 75.65 45.01 69.39 35.51

CLAP-M&S 91.77 47.54 92.86 57.11 85.35 52.86 86.69 54.93 83.73 56.91 76.51 42.58

Qwen2-Audio 92.03 48.27 97.02 75.94 87.57 57.04 87.95 56.10 88.32 64.35 83.35 50.66

(Previous) SOTA 92.7 46.54 92.4 53.7 85.4 54.3 87.7 57.7 86.5 63.1 77.0 43.9

Table 2. Model performance on individual datasets for Probing and SFT tasks. For Probing, values are averaged over

multiple runs with subscripted standard deviations, while SFT results are from single runs. Bold values indicate best

performance per metric and dataset. SOTA values are from [52] for MagnaTagATune and [28] for the rest of the datasets.

Figure 2 illustrates the relationship between model size

(audio-specific parameters) and ROC-AUC performance,

averaged across datasets and both Probing and SFT tasks.

A generally positive correlation is revealed, with simi-

lar trends observed in both methodologies. Qwen2-Audio

(637M parameters) consistently outperforms smaller mod-

els, achieving 88.98% average ROC-AUC score. Surpris-

ingly, MERT-95M (87.25%) outperforms the much larger

MERT-330M (85.55%). This is worth noting as [33] re-

ported that both models performed on par for auto-tagging

tasks, suggesting that our common representation extrac-

tion strategy for both MERT models may not optimally

leverage the larger model’s capacity. Another potential

explanation is that MERT-95M has been trained on open

data whereas MERT-330M has been trained with addi-

tional proprietary data with a strong Western bias [6].

When examining Probing (Prob.) performance across

individual datasets, in Table 2, we observe a consis-

tent pattern of decreasing performance for music tradi-

tions that are culturally distant from the data used to

pre-train the respective foundation models. Western mu-

sic datasets (MagnaTagATune and FMA-medium) consis-

tently achieve the highest performance across all models,

with ROC-AUC values reaching 96.60% for Qwen2-Audio

on FMA-medium. Greek (Lyra) and Turkish (makam)

music datasets show moderate performance, while Indian

classical music (Hindustani and Carnatic) datasets typi-

cally exhibit the lowest performance. This cultural per-

formance gap is especially pronounced for CLAP-Music,

where the ROC-AUC drops from 80.07% for MagnaTa-

gATune to 61.47% for Carnatic.

Applying Supervised Fine-Tuning (SFT) generally im-

proves performance across all models and datasets, with an

average gain of 1-2% in ROC-AUC for most models. No-

tably, CLAP-Music shows the largest improvement with

SFT, indicating greater adaptation potential despite lower

absolute performance. For other models, the modest gains

suggest that they require broader fine-tuning to further shift

their pre-trained representations towards different cultures.

Importantly, our approaches achieve state-of-the-art

performance in five out of six datasets, with MagnaTa-

Model M-F1 m-F1

VGG-ish [29] 30.18 55.09

PT Prob. SFT PT Prob. SFT

MERT-95M 23.901.52 28.051.74 28.281.80 46.591.57 52.161.43 52.561.63

MERT-330M 23.031.12 28.481.40 28.511.28 45.111.29 51.781.51 51.801.46

CLAP-M 17.711.20 18.431.40 21.581.13 38.801.37 39.971.20 46.571.20

CLAP-M&S 28.231.36 29.221.09 30.271.90 51.591.54 53.321.31 54.431.27

Qwen2-Audio 25.981.36 30.961.26 32.001.41 49.971.41 55.660.82 56.851.23

Table 3. ML-FSL performance averaged across datasets

on extended tag sets. Results show macro-F1 (M-F1) and

micro-F1 (m-F1) across contexts (PT, Prob., SFT). Values

are means with subscripted standard deviations. Bold indi-

cates best performance per column.

gATune being the only exception. However, their consis-

tent performance decrease towards diverse cultures, sug-

gests that their representations are still biased toward West-

ern musical traditions.

5.2 Multi-label few-shot learning

Table 3 presents the ML-FSL evaluation results averaged

across all datasets using extended tag sets. The results

show consistent performance improvements moving from

pre-trained models (PT) to trained probing models (Prob.)

and then to supervised fine-tuned models (SFT) across all

foundation models. The substantial gap between macro-F1

and micro-F1 metrics indicates considerable class imbal-

ance in the extended tag sets, while the increased standard

deviation stems from the support set sampling which can

significantly impact the classification performance.

Qwen2-Audio demonstrates the best overall perfor-

mance in the ML-FSL task with 32.00% macro-F1 and

56.85% micro-F1 after fine-tuning, followed closely by

CLAP-Music&Speech with 30.27% macro-F1 and 54.43%

micro-F1. Notably, even the best foundation model’s per-

formance (Qwen2-Audio) is comparable to a VGG-ish fea-

ture extractor trained via supervised learning on standard

tags for each dataset. This stands in contrast to the Prob-

ing and SFT settings (Table 1), where foundation models

clearly outperform VGG-ish, showing that ML-FSL tasks
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Model
MagnaTagATune FMA-medium Lyra Turkish-makam Hindustani Carnatic

M-F1 m-F1 M-F1 m-F1 M-F1 m-F1 M-F1 m-F1 M-F1 m-F1 M-F1 m-F1

VGG-ish [29] 26.40 37.31 29.12 45.37 46.05 69.03 30.07 56.22 31.33 58.38 18.13 64.25

Pre-Trained models (PT)

MERT-95M 18.761.04 28.371.38 16.240.64 35.370.94 46.872.59 66.072.25 20.691.77 40.951.80 25.872.45 51.501.92 14.970.64 57.261.10

MERT-330M 18.170.78 26.991.36 16.240.69 31.151.51 44.221.45 65.481.57 20.142.01 39.711.95 25.081.40 50.141.08 14.320.41 57.210.28

CLAP-M 13.100.84 20.001.15 9.650.29 19.771.31 33.562.88 57.141.49 14.331.10 32.121.37 21.061.63 47.381.60 14.550.43 56.421.30

CLAP-M&S 25.900.55 36.550.61 28.781.66 42.952.02 48.032.02 69.041.54 24.191.73 47.132.22 26.291.20 54.501.57 16.191.02 59.381.30

Qwen2-Audio 21.290.51 32.090.26 29.762.23 47.501.86 39.991.05 64.241.07 19.891.71 42.271.88 28.421.96 55.921.70 16.550.69 57.821.67

Trained Probing models (Prob.)

MERT-95M 23.770.85 34.711.03 24.621.19 42.961.30 45.802.76 68.161.81 26.141.73 50.000.70 30.752.95 56.412.18 17.250.98 60.701.55

MERT-330M 24.480.59 34.781.45 25.210.76 40.651.76 47.923.26 70.152.18 26.971.61 50.471.13 29.251.55 53.771.82 17.060.61 60.850.69

CLAP-M 14.840.49 22.671.00 11.550.50 22.721.48 34.854.03 57.731.37 16.680.81 36.001.22 18.771.42 44.960.95 13.871.16 55.741.15

CLAP-M&S 26.900.47 37.620.93 31.141.28 46.531.59 47.100.89 69.770.53 25.581.59 49.701.39 28.111.38 56.432.19 16.460.92 59.881.25

Qwen2-Audio 26.790.40 37.650.21 39.491.02 56.300.82 42.521.81 67.101.13 26.091.65 51.591.20 31.621.26 60.080.40 19.251.40 61.241.14

Supervised Fine-Tuned models (SFT)

MERT-95M 24.460.79 35.280.90 24.941.18 42.781.44 45.513.74 67.932.72 26.161.87 49.761.54 30.402.15 56.391.68 18.181.08 63.191.48

MERT-330M 23.780.65 33.670.91 24.941.21 39.951.77 48.502.75 70.062.23 26.841.51 50.291.25 30.561.31 55.251.58 16.430.27 61.571.04

CLAP-M 22.150.51 32.671.22 19.610.79 34.810.99 30.462.04 55.862.02 20.661.69 45.801.13 21.951.31 50.741.14 14.630.45 59.530.67

CLAP-M&S 26.280.50 37.231.09 30.271.56 46.571.61 48.094.74 69.932.28 28.911.75 53.871.56 31.272.47 57.410.74 16.820.37 61.550.34

Qwen2-Audio 27.670.25 38.570.18 40.101.29 57.170.95 44.132.45 68.342.38 27.612.37 53.981.55 32.521.23 60.260.89 19.970.87 62.761.43

Table 4. ML-FSL performance on extended tag sets per dataset. Results show macro-F1 (M-F1) and micro-F1 (m-F1)

across three contexts. Values are means with subscripted standard deviations. Bold indicates best performance per column.

Figure 3. Scalability metrics of the LC-Protonets method,

averaged across all datasets. The x-axis represents the

number of labels, the left y-axis shows the number of

LCPs, and the right y-axis indicates the inference time per

item with both y-axes using the same logarithmic scale.

remain challenging for them despite their extensive pre-

training. Supervised learning of a VGG-ish model on ex-

tended tag sets has not been conducted in the literature,

likely due to the scarcity of examples for infrequent tags.

When examining the ML-FSL results per dataset in Ta-

ble 4, we observe that only on Western datasets (Mag-

naTagATune and FMA-medium) does the best foundation

model (Qwen2-Audio) achieve significantly better perfor-

mance than the VGG-ish baseline. For Turkish-makam,

VGG-ish representations actually outperform foundation

models, while for Lyra, Hindustani, and Carnatic, the re-

sults are comparable. This pattern provides additional clear

evidence of the implicit Western-centric bias integrated

into models due to their pre-training data.

LC-Protonets optimization. Figure 3 illustrates the scal-

ability metrics of our optimized LC-Protonets approach

compared to the original method, averaged across datasets.

As the number of labels increases from 20 to 60, the num-

ber of LC-Prototypes grows exponentially, from approxi-

mately 500 to over 50,000. This growth leads the origi-

nal method to a corresponding increase from 21ms to over

2,000ms inference time per query item (dashed blue line).

However, our optimization (solid blue line), leveraging the

unique prototypes, mitigates the computational complexity

issues, requiring only 2ms in the 20 labels cases and rising

to no more than 20ms for 60 labels, a 100× improvement.

6. CONCLUSIONS

In this paper, we examined the universality of music repre-

sentations in foundation models through a comprehensive

methodological framework evaluating five state-of-the-art

audio models across six world music corpora. Although

these models achieved better performance than previous

models for diverse music traditions, we found clear indi-

cators of Western-centric bias.

Our incorporation of ML-FSL tasks particularly re-

vealed this limitation. When faced with these challenging

scenarios, foundation models performed on par with sig-

nificantly smaller and simpler models, with performance

notably degrading further on non-Western datasets.

To further enable ML-FSL evaluation, we substantially

optimized the computational complexity of the utilized

method, by forming unique prototypes representing multi-

ple label combinations. We demonstrated that this change

makes it practical for large sets of labels, a typical condi-

tion when studying world music datasets.

Future work could extend our methodological frame-

work by incorporating Low-Rank Adaptation (LoRA) and

implement broader supervised fine-tuning to investigate

further cultural adaptation. More tasks can also be in-

cluded such as mode estimation, exploring the analogies

between key on Western cultures and makam or raga

recognition in other cultures.

We hope this work brings attention to the cultural di-

mensions of foundation models while providing a frame-

work for quantitatively assessing progress toward truly

universal musical representations.
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