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ABSTRACT

Foundation models have become increasingly prevalent in
tackling Music Information Retrieval (MIR) tasks. Al-
though they can be a powerful tool for understanding mu-
sic, the computation required for the training and inference
of these models continues to grow as they become more
complex. Specialized acceleration, such as Graphical Pro-
cessing Units (GPUs), has become necessary for operat-
ing these models, as they are mostly based on large Deep
Learning (DL) architectures. Furthermore, it is difficult
for users to interpret them due to their black-box nature. In
this work, we propose Quantizers and Factorizers for Mu-
sic embeddings (QFM), a fast, unsupervised audio repre-
sentation for music understanding backed by a wide range
of rich MIR features and efficient feature learners. Exper-
imental results show that QFM models perform within the
range of results achieved by recent previous open source
DL models on all evaluated tasks, with competitive re-
sults on a subset. This is surprising given the significantly
smaller computational requirements of QFM models for
training and inference.

1. INTRODUCTION

Computing data representations through pre-trained foun-
dation models is a common Machine Learning (ML) prac-
tice which is widely applied to the field of MIR [1]. These
models essentially replace the role of conventional music
audio features [2,3]. Typically, DL models have been the
core of the recent evolution of foundation models in MIR.
Various works explored new architectures and learning ob-
jectives, leading to substantial improvement of foundation
models recently [4, 5, 6,7, 8]. However, non-DL repre-
sentation learning in MIR is notably understudied, leav-
ing only a handful of works [9, 10, 11] after DL meth-
ods became almost ubiquitous in ML practices. However,
given increasing concerns about some weaknesses, such as
lack of interpretability [12] or extensive energy consump-
tion [13], it seems worthwhile to revisit non-DL alterna-
tives for the foundation models, especially with regard to
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computational efficiency for training and embedding com-
putation, and possibly for better interpretability.

This work proposes a framework for learning unsuper-
vised music representation as an efficient yet effective al-
ternative to DL models. The primary goal of the frame-
work is to address the computational efficiency of train-
ing and inference while maintaining comparable effective-
ness. Specifically, we achieve these goals by employ-
ing established MIR features and encoding their informa-
tion through efficient parallel dictionary learners, namely
Quantization — Factorization (QF) modules. We conduct
experiments similar to recent literature on music founda-
tion models [8,7,6] to show the effectiveness of QFM em-
beddings. The results suggest that the method can achieve
comparable effectiveness to some of recent DL models
while being significantly faster in training and inference.

Our contributions in this work are as follows: 1) we in-
troduce QFM, a low-resource foundation model useful for
various MIR downstream tasks. 2) we provide QFM as a
generic architecture in which feature engineering and ma-
chine learning practices are almost equally important, en-
couraging collaborations between wider audiences within
the community. We stress that this work does not aim to
show the state-of-the-art performance. Instead, we aim
to provide an alternative, MIR feature-oriented ML model
comparable to some DL-based models for effectiveness,
while achieving notable computational efficiency.

2. RELATED WORK

Early works in unsupervised music representation learn-
ing include probabilistic component models such as the
Gaussian Mixture Model (GMM) or its extension to infi-
nite mixtures [14,9]. Other popular methods are dictionary
learning approaches such as sparse coding or vector quan-
tization [15, 10, 16, 17]. Essentially, both approaches try
to represent the music as a sparse response vector to the
learned latent components.

Later, the field evolved to seek more high-capacity, non-
linear models. Deep Belief Networks (DBN) were ex-
plored as an unsupervised, nonlinear representation learner
for spectral feature frames from short chunks of audio [18,
19]. Later, various types of Convolutional Neural Net-
work (CNN) architectures were explored for representa-
tion learning in the transfer learning context [2, 20, 21,
22,23,24]. Another breakthrough was contrastive learn-
ing [25], which is one of the most popular and successful
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(a) QFM embeddings

Figure 1: The overall architecture of QFM (a) and detailed
illustration of submodules of each QF module (b).

learning objectives today for unsupervised representation
learning [6, 7]. Recent developments in natural language
modeling inspired new architectural approaches, such as
transformers, and have also been reported to be effective
in learning music representation [8,5]. Other notable de-
velopments include semi-supervised approaches [26, 27],
multi-modal learning approaches [28,29,4] and the use of
music generative models as pre-trained foundation mod-
els [30,31].

However, these high capacity models often require ex-
tensive data and computation for training and inference,
raising concerns about excessive energy consumption [13].
In addition, the lack of interpretability of such models
is considered one of the main drawbacks and extensively
tackled within the MIR field [32,33] and beyond [12].

3. METHODOLOGY

To address some of the aforementioned shortcomings of
DL-based foundation models, we propose an unsuper-
vised music representation learning framework that is
highly efficient, yet effective. At the framework’s core
are Quantization—Factorization (QF) modules and multi-
aspect feature fusion. QF modules serve as dictionary
learners for each feature set, comprising groups of MIR
features. Figure 1 illustrates the diagrams of the general
architecture of QFM (a) and the QF module (b). In this
section, we describe each component of QFM in detail.

3.1 MIR Feature Sets

The features are the most critical building block of QFM,
as we employ shallow feature learners. However, the ra-
tionale of QFM is that shallow learners provide sufficient
representation if enough feature sets are provided. We use
5 sets of features in total, which are illustrated in Table 1.
The selected features are grouped into 5 categories
according to the categorization following that of li-
brosa [40]!. From an input audio chunk, all features are
computed and grouped, and then passed to the correspond-
ing group-specific QF modules. For audio features, we set
the sampling rate, hop size as 22kHz and 512, respectively.
Other parameters vary for features, where we use the de-
faults specified in the librosa package. 2-D patches are

"'https://librosa.org/doc/0.10.2/index.html
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| Group Sub Features Dim
S — MFCC 96 MFCC coefficients excluding the first 95
£ CQT 84-bin log Constant-Q power spectrum 84
Multi-band Onset Strength” (@),
° Rhythmic* Tempogram Ratio [34,35] (13), 18
5| Cuncram normalized BPM estimation (1)
g Spectral { Centroid [36] (1),
Bandwidth [36] (1), Contrast [37] (7),
Spectral b iness [38] (1), Rolloff (1) }, 18
(b) QF module Zero-crossing Rate (1), Tonnetz [39] (6)
Patches (9 x 9) patches from log mel spectrogram 81
Total 296

Table 1: List of feature groups and features belong to
each group. The numbers in parenthesis mean the dimen-
sionality of the feature. * We apply the log transform on
Rhythmic feature group © Each 4 bands are divided by
{16, 32, 64 }-th bins among 96 mel bins

randomly sampled from nonoverlapping 9 x 9 tile grid on
96-bin log melspectrogram.

3.2 QF module

A QF module is composed of cascading submodules of
quantization and factorization. The role of the quantiza-
tion module is to map each input feature vector within the
input audio chunk to a sequence of discrete codes. For
instance, a set of feature vectors is computed from audio
frames and then a quantizer, such as K-Means clustering,
can assign each vector to the closest cluster centroid index.
Such quantization has been a common method in dictio-
nary learning [17,10] and also recently in language-model-
inspired audio models [8].

The factorization submodule is to encode the quantized
code sequence into latent vectors using factorization mod-
els. In the aforementioned transformer models [8], trans-
former layers are chosen for this step. Instead, we take a
simplified assumption of code exchangeability within an
audio chunk [41], with which we wish to capture a suf-
ficient amount of information while enjoying significant
computational efficiency. We can then formulate a sparse
unigram matrix whose row and column correspond to each
audio chunk within the dataset and the codes (i.e., cluster
index), respectively. Thus, each entry indicates how fre-
quently each code is present for a given audio chunk after
quantization. With such simplification, an efficient latent
model such as Weighted Matrix Factorization (WMF) [42]
can be applied to encode the resulting factors.

While the QF module is a generic framework suits
many submodule options, we chose a specific configu-
ration: 1) For quantization, we use a pipeline combin-
ing an optional standard scaler, then whitening Principal
Component Analysis (PCA), followed by K-Means clus-
tering or Gaussian Mixture Models (GMMs), which has
been proven effective [17]. 2) The factorization includes
the unigram representation [43] and WMF. The training
of QF modules is conducted module-by-module sequen-
tially, from the first submodule of the quantization to the
last submodule of factorization. Once trained, the new em-
beddings can be efficiently inferred from the unigram code
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frequency vectors of unseen feature vectors [42].

3.3 Gland QF,,,,,

Other feature encoders within QFM are G1 and QF,,,;.
G1 refers to a single multivariate Gaussian, where we com-
pute the mean and standard deviation of each feature set
from an audio chunk. The concatenation of these Gaus-
sian parameters is often used as a baseline feature in the
literature [2,9,31]. However, we include it as a submod-
ule of QFM to preserve the original raw characteristic of
the features [17], which we lose during the QF embedding
process as factorizers only observe quantized codes, not
the raw features directly. Also, since QFs do not consider
sequential dependency, the standard deviations of G1 pro-
vides a valuable summary of temporal variability within
features. We compute the G1 and QF factors for each fea-
ture set we consider.

The QF, ;. 18 a separate factorization module that fac-
torizes the total count matrix where per feature-set unigram
count matrices are stacked horizontally. The process thus
captures the interaction between feature sets, whereas in-
dependent QF modules are isolated to each feature set.

3.4 QFM Inference

QFM computes an embedding for a given audio chunk as
follows; 1) For a given audio chunk, N feature sets are
computed. 2) These values are passed to G1 modules, fea-
ture specific QF, and QF;,;,; modules. Finally, 3) scaling
and dimensionality reduction is performed using a “robust”
scaling 2 and PCA on the concatenated total embedding.

4. EXPERIMENT

To verify the effectiveness of QFM, we conducted an ex-
periment inspired by previous work. The experiment is
designed to test a learned music audio representation on
a range of downstream tasks, employing several publicly
available datasets. We generally follow the high-level de-
sign and details from [7] yet simplify the dataset selection,
adding a few additional analyses such as an ablation study.

4.1 QFMs

We compare the usefulness of representations: 1) within
different configurations of QFMs, and 2) between selected
open source foundation models established recently.

The details of the QFM configurations can be found in
Table 2. We consider 5 different QFM configurations to
examine the factors affecting performance and efficiency.
To that end, the model ranges from small to large in terms
of parametrization and volume of the training dataset. For
example, the number of components K is set to 512 for the
nano model, and 8192 for the 1arge model, while we
generally apply the same factor dimensionality D for fac-
torizers per feature set. The final dimensionality of PCA

2 the robust scaling method is non-parametric alternative to the stan-
dard scaling where we use the median and interquartile range instead of
mean and standard deviation, which leads to a scaling more robust to out-
liers [44].

QFM/Models Trainset  Quantizer W(s) K D D'

nano FMA GMM 9 512 128 762
micro FMA GMM 9 1024 256 1350
small FMA K-Means 9 4096 256 1266
medium FMA K-Means 9 8192 256 1219
large MSD K-Means 9 8192 256 1167
Gl 9 592
CLMR MTT 2.6 512
MusicFM FMA Random 29.1 1024
MULE Musicset 3 1728

Table 2: Configurations of QFM models and comparing
other foundation models. W, K, D, D’ refer to the input
audio length in seconds, the number of component/cluster
for quantizers, dimensionality of the WMF factors, and the
final dimensionality of resulting embeddings.

D’ is automatically determined by the desired explained
variance ratio of the PCA, set to 97%. We use diagonal
covariance GMMSs for the smaller models (micro, nano)
instead of K-Means since they are designed to test faster in-
ference by setting the number of components K small. As
GMMs tend to better fit the data due to increased flexibil-
ity, we use them to compensate for the performance trade-
off due to the small model size.

For each feature set, we apply slightly different con-
figurations for QF modules for better performance; 1) we
generally apply the standard scaling as an initial step of
quantization, except the CQT, where we assume that the
average magnitude of specific notes or octaves can be use-
ful information. 2) We set a different hyperparameter for
each PCA within each quantizer where we set 95%, 94%,
and 99% of the explained variance ratio for MFCC, CQT,
and Patches feature groups, respectively. In contrast, we
use the automatic method [45] to find the optimal dimen-
sionality for the Rhythmic and Spectral features where the
number of features is smaller. Finally, while we gener-
ally apply the same dimensionality reported in Table 2 for
WMEF, we halve the number for the Rhythmic features.
This is due to the observation that the number of unique
codes with nonzero frequency in this feature group is much
less for each audio chunk, meaning the code count matrix
is sparser. This is primarily because the tempogram ratio
feature is generally stable over the given audio chunk. An-
other exception is QF,,;,;» where we double the dimen-
sionality D as it factorizes concatenated, wide matrices
that include all features.

Finally, there are some hyperparameters that are applied
globally: we set 5 and 0.5 for the weighting and regu-
larization coefficients of WMEF, and we filter components
(columns) in a unigram matrix if they present less than
0.1% of songs within the training set. Also, the length of
the audio chunk during training time is set to 9 seconds
due to the default setup of the tempogram ratio features.
The embeddings can still be computed with shorter audio
chunks at inference time, with a potential loss of certain
information in the rhythmic features.

4.2 Baselines and Other Foundation Models

We compare QFMs to audio foundation models from the
literature, specifically within the scope of unsupervised
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unimodal audio representations.

G1 is the concatenation of the G1 features described in
Section 3.3, followed by the robust scaling. We include
all 5 feature sets in Table 1, which result in a total dimen-
sionality of 592. This serves as the baseline for all com-
parisons. We take 9 second audio chunks with a 3 second
overlap as the standard input following QFM models.

CLMR [6] is a 1D CNN model, which shows the ef-
fectiveness of the contrastive loss [25] on the unsupervised
music representation when combined with data augmenta-
tion. We use non-overlapping 2.6 second audio chunks as
input following the original work [6].

MULE [7] is another unsupervised audio foundation
model trained with a similar objective. The main differ-
ences between CLMR are the training dataset and the ar-
chitecture. MULE employs 2D CNN based on [46] instead
of 1D CNN and is trained on Musicset, which is a propri-
etary dataset of only music audio unlike datasets like Au-
dioset [47,7]. It also applies advanced sampling and data
augmentation strategies. The work took the global aver-
age pooling on timeline embeddings produced from over-
lapping 3 second audio chunks, used later for downstream
tasks. As an exception, we reprint the results of MULE
from its original work instead of reproducing them.

MusicFM [8] is a transformer-based foundation model
employing masked token modeling, inspired by language
models. We chose a version trained on the FMA-large
dataset, which is the same dataset used for training QFM
models and is publicly available. We use non-overlapping
29.1s window lengths for input audio chunking 3.

4.3 Datasets
4.3.1 Training Set

For training QFM models, we employ the audio data
from the FMA dataset [48] and the Million Song Dataset
(MSD) [49]. In particular, we use the ‘FMA-large’ version,
which contains 106, 574 30-second song segments for all
QFM variants introduced in Table 2, except the large
model, where we employ the entire one million song pre-
views from MSD. For efficient training, we sample 3 9-
second audio chunks from each audio file and use these
samples as observations. The per-feature vector models
within each quantizer module (i.e., PCA, K-Means) are
trained on further subsampled vectors from these chunks,
where we sample 60 vectors per chunk, except the Llarge
model, where we sample 200 vectors per chunk instead.

4.3.2 Downstream Datasets

For downstream datasets, we generally follow [7], select-
ing a subset. The overall description of the downstream
datasets can be found in Table 3.

GSyey dataset is the 24-way key-scale classification
dataset introduced in [50]. Following previous work [31,
71, we use the second version of the dataset # for training

3https://github.com/minzwon/musicfm
4https://github.com/GiantSteps/
giantsteps-key-dataset
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Dataset ~ Task Probe #Items #Labels Avg. Secs Hrs
MTT tagging MLP 26k 50 29 209
NSynthp  pitch LR 306k 112 4 340
NSynth;  instrument LR 306k 11 4 340
GTZAN  genre LR 930 10 30 7.8
Emo emotion MLP 744 N/A 45 9.3
Jam-MT mood/theme MLP 18k 56 219 1.1k

Table 3: Details of downstream task datasets. The probe
setup is following previous works [7,31]. MLPs have a sin-
gle hidden layer with 512 units except on the Emo dataset
which has 1024 units. LR refers to Logistic Regression.

and validation, and the first version is used for testing. We
apply the weighted accuracy to measure performance ° .

MTT is a popular music tagging dataset [51]. Follow-
ing [7] we use the 50 most frequent tags with the com-
monly used data split from [52]. The approach leaves a
small subset of songs not annotated with any tags, which
we still keep to better compare with the previous works.
The effectiveness of this task is measured by AUC-ROC
(AUC) [53] and mean Average Precision (mAP).

NSynth contains audio recordings of various instru-
mental sounds generated from commercial audio sample
libraries [54]. Two main tasks are pitch detection and in-
strument classification. We take both tasks and use the of-
ficial split from the dataset. For both datasets, we measure
effectiveness by classification accuracy.

GTZAN is a dataset for genre classification [55]. We
apply the fault-filtered split developed in [56,57] ©. Simi-
larly to NSynth tasks, we measure accuracy.

Emo Music dataset provides time-continuous annota-
tion of coordinates in the Arousal-Valence (AV) space, col-
lected by multiple annotators for total 744 songs [58]. We
simplify the problem to a per-song multiregression where
we take the average value of each arousal and valence di-
mension, across annotators and over the timeline, as the
global coordinate estimates of the song in the AV space.
We use the artist-based split in [31], and the coefficient of
determination (R?) is measured separately on arousal (R?)
and valence (R%) values, to assess performance.

Jam-MT is a part of the MTG-Jamendo dataset special-
ized in music mood tagging [59]. We employ the official
split provided, using full 56 tags. Similarly to MTT, we
use AUC and mAP metrics for this dataset.

4.4 Other Experimental Details

We employed a simplified model selection protocol for the
main downstream task experiments while generally fol-
lowing [7,31]. We choose the best model type for each
task found by [7] and run a hyperparameter tuning similar
to [31] within each model setup per dataset. For exam-
ple, we use a Multi-Layer Perceptron (MLP) classifier for
the MTT dataset with a single hidden layer of dimension-
ality 512. At the same time, the optimal hyperparameter
for other factors such as learning rate, regularization, and

Shttps://www.music-ir.org/mirex/wiki/2021:
Audio_Key_Detection

Snhttps://github.com/jongpillee/music_dataset_
split
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standardization, are determined according to best perfor-
mance on the validation set, for QFM and each of the other
foundation models with which we compare.

For all QFM models and other foundation models, we
apply a multiple-instance learning approach [60] for down-
stream tasks when the audio clip length exceeds their rec-
ommended input window length [46], except when the au-
dio input is shorter than that (i.e., NSynth dataset). The
probability estimates’ of trained probe models are aver-
aged over the timeline to determine the final prediction.
We apply this score-pooling approach to all downstream
tasks. All QFMs use a 9s window with 3s overlap, and
other models use the window and overlap size described
in Section 4.2. Further, we run 5 runs considering the
randomness of MLP training and report the distribution
through boxplot visualization. In contrast, linear models
report no variability in the final result.

We implement QFM through ML modules provided by
scikit-learn [61] and employ librosa [40] for feature com-
putation. Finally, we use implicit?® for WMF imple-
mentation with a simple custom scikit-learn wrapper. As
for hardware, for all computations, including training, em-
bedding extraction, and experiments, we employ a Virtual
Machine (VM) with 32 virtual CPU (vCPU) cores and 117
GB memory without any accelerators such as GPUs, where
each vCPU core runs a single thread. We run the experi-
ment on Ubuntu24.04 Linux system, with Python 3.10.

5. RESULT AND DISCUSSION

5.1 Effectiveness

model Gl ----CLMR MUSICFM .- MULE
NSynth; (Acc)l NSynth, (Acc) GSkey (W.Acc)l GTZAN (Acc)
_____ 0.7 g .
os0{ [EEETTE 06
: 0.750
0.8 05
0.4 0.725
0.6
0.3 0.700
0.2
065 04 0.6754=
MTT (AUC) | MTT (mAP) | Emo (R2)
0.915 0.725 —
0.40 : (=FS
0.910 o =]
0.905 0.39 0.700 R 0.51----- L =t
: 0.38 ERCECIES -
0.900 |am Ty o ===""= 0650 04
0.895 DN
0.36 0.625 03
0.890
N &2 OO\ Q&
JAM-MT (AUC)| AM-MT (mAP)| SRS SERSE
NS SEENE
078 T o16f—————= NS e@e e NeS «7@@ 2
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Figure 2: Performance on test datasets. Boxplots in each
pane indicate the performance distribution of QFM vari-
ants, while horizontal lines refer the mean performance of
baseline foundation models. We indicate the metrics used
for each dataset in the box on top of each pane.

7logits are used for regression problems.
8https://github.com/benfred/implicit
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QFM/Models  Avg. Perf.  Hyrr (Hrs)

Gl 0.5964 0.3416 (£ 0.0024)
nano 0.6343 0.4561 (+ 0.0050)
large 0.6480 0.7008 (£ 0.0081)
CLMR 0.5269 2.7503 (+ 0.0010)
MusicFM 0.6638 8.8634 (+ 0.1744)

Table 4: Overall performance and efficiency of selected
foundation models measured on MTT dataset. ‘Avg. Perf.
refers the averaged performance measure across all tasks
considered.

We first examine the overall effectiveness of QFM in
downstream tasks. As depicted in Figure 2 and Table 4,
the QFM embeddings are more effective than the CLMR
and Gl embeddings, although generally worse than the
more recent DL models MULE and MusicFM. In partic-
ular, there are a few tasks in which some QFMs are on par
with or outperform MULE and MusicFM, such as GSjey,
NSynth,,, and Emo (Arousal). On the other hand, QFM
shows weakness especially in tagging tasks such as MTT
and Jam-MT, while they might still outperform some DL
models like CLMR. The average result suggests that QFMs
are generally comparable to DL representations, substan-
tially better than CMLR and a few points behind MULE
and MusicFM, as shown in Table 4 and Figure 2.

Within QFM, the overall effectiveness roughly posi-
tively correlates with the ‘size’ of the QFM configura-
tion. Some exceptions are the cases where all QFM mod-
els show similarly good performance, such as GSg., and
Emo (Arousal) or NSynth; where large perform rela-
tively worse than smaller models.

5.2 Efficiency

We evaluate the efficiency of QFM by measuring the em-
bedding computation time and compare with other foun-
dation models®. We measure inference time over MTT
dataset consisting of 25,860 29.1 seconds preview audio
clips, equivalent to approximately 209 audio hours. We
measure Hyrr, the time spent in hours computing the em-
beddings of entire audio clips within MTT, using each
model in the computing environment described in Sec-
tion 4.4. We report the average and standard deviation after
running 5 runs.

The result suggests that the QFMs are significantly
faster than both DL foundation models. In particular,
QFM large and nano outperform MusicFM by more
than 12 and nearly 20 times. Compared to the relatively
lightweight CLMR, they are faster by approximately 4 and
6 times each. Compared to G1, QFMs are slightly more ex-
pensive, suggesting that the majority of computation time
is feature computation. Although we do not formally com-
pare training time, the training cost of QFMs is also sub-
stantially lower than DL models; the training time of the
medium model is about 3 hours on a 32-core virtual ma-
chine without GPU, which is significantly faster than those
of DL foundation models '° .

9 We exclude MULE as we do not reproduce the result, and we only
choose the largest and smallest QFM configurations for simplicity.
101 arge model’s training time is about 30 hours on the same 32-core
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The efficient computation of QFM provides several
benefits: 1) It can lead to a faster development cycle. Due
to the modular nature of QF modules for each feature set, it
allows one to experiment with various features and model
configurations thereof, which can translate into better per-
formance. 2) one can compute QFMs at scale with less
computational resources. Given that QFMs offer reason-
able music understanding and sometimes even outperform
the most significant DL models in some downstream tasks,
the ease of computation can be appealing for employing
QFMs as either a complimentary to DL models, or as a
main embedding when computation requirements dictate.

5.3 Ablation Study
5.3.1 Feature Ablation

We conducted two ablation studies to understand the con-
tribution of some components to QFM model performance.
In the first study, we focus on the effect of feature groups
by comparing QFMs with different subsets of feature
groups. We chose large variant as the reference QFM
model, with a full set of features. We compare 5 QFM
variants in which only a subset of feature sets is present.
For simplicity, these models include an increasing number
of feature sets in the order of feature sets presented in Ta-
ble 1. We refer to them based on the initial of included
feature sets. (i.e., the ‘M’ model only includes MFCC, and
‘MCR’ includes MFCC, CQT, and Rhythmic feature sets).
For these feature-subset models, we exclude final PCA and
QF;,:qi- Hence, the dimensionality of subset embeddings
can be larger or smaller than the 1arge model. Experi-
mental results can be found in Fig 3 (a).

In general, the addition of each feature set signifi-
cantly improves the overall effectiveness of QFMs in all
downstream tasks. Especially the first three feature sets
— MFCC, CQT, and Rhythmic — bring notable improve-
ments compared to Spectral Feature and Patches. It may
indicate that the Spectral and Patches features set do not
provide much additional information than the first three
feature sets. In some tasks, such as GTZAN and GSyey,
the MCR variant outperforms the version with more fea-
ture sets. However, other tasks such as Emo and tagging
datasets benefit from complete sets of features.

5.3.2 Model Configuration

We compare three variants to examine the effect of model
sub-components on model performance: G1 model, and
medium model, and finally medium model with random-
ized SVD [62] instead of WMF with the same final dimen-
sionality. As shown in Fig 3 (b), the medium model out-
performs both the G1 and SVD variants, suggesting: 1) QF
modules add substantially more information on top of G1,
furthermore, 2) given that the use of SVD substantially un-
derperforms when compared to the WMF (and even worse
than the G1 model) WMF is crucial for the effectiveness of
QFMs.

VM we described earlier, as we employed MSD which is about 10 times
larger than the FMA-large dataset.
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Figure 3: Ablation study result.

6. CONCLUSION AND FUTURE WORKS

We propose QFM as a non-DL foundation model empow-
ered by the ensemble of rich MIR features utilizing ef-
ficient shallow feature learners. The experimental result
shows that it performs comparable to some recent DL. mod-
els while being significantly more efficient, implying that
QFM models can be compliment to DL audio representa-
tions in industrial scale applications. Furthermore, QFMs
provide an alternative where the cost of DL model infer-
ence is prohibited.

Although with these benefits, we observe weaknesses,
especially in some downstream tasks compared to the re-
cent DL-based foundation models. Research towards ad-
ditional features or their manipulations with QF modules
may further improve the overall effectiveness, as shown in
the results. Given that there are many music/audio features
that have not been explored and further unchartered new
features that may be introduced in the future, QFM can be
an alternative platform that the MIR community can con-
tribute to, to improve music representations.

Another potential benefit is that the interpretable linear
and clustering operators in QFM models open up alterna-
tive avenues to interpreting music audio representations,
which can be studied further in a scope beyond that of the
current work.
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