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Abstract

Semi-supervised singing melody extraction (SSME) is one
of the key tasks in the field of music information retrieval
(MIR). Recently, several SSME methods have been proposed
and achieved remarkable successes. However, existing meth-
ods are still facing two critical issues: firstly, there is a lack
of an effective data augmentation method for SSME, which
results in insufficient utilization of unlabeled data. Secondly,
existing SSME methods discards too much unlabeled data in
the stage of consistency regularization, which hinders the fur-
ther improvements of SSME task. In this paper, we present
ELH-SME, a novel framework that better utilizes the unla-
beled musical data for SSME task. Specifically, our proposed
ELH-SME framework consists of three modules: (1) we first
propose a diffusion-based multi-bands augmentation (DMA)
method to increase the amounts of training data. The pro-
posed DMA methods employs a diffusion-based model to
generate perturbation at the specific frequency bands in an
end-to-end manner, thereby avoiding sharply perturbations to
the spectrogram. (2) To improve the utilization rate of unla-
beled data, we suggest a global-class confidence (GCC) mod-
ule. During the phase of consistency regularization, we con-
sider both the global-wise and class-wise confidence values,
improving the utilization rate of unlabeled data. (3) To fur-
ther improve the utilization of unlabeled data, we also pro-
pose to enhance the representation capability of unlabeled
data by extracting channel-level features from labeled data
via channel cross-attention (CCA). We evaluate our proposed
framework on several well-known public available datasets,
and the conducted experiments demonstrate the effectiveness
of our method.

Introduction
Singing melody extraction (SME) is one of the challenging
tasks in the field of music information retrieval (MIR) (Sala-
mon et al. 2014). It aims to extract fundamental frequency
(f0) from the polyphonic music. The extracted f0 can be
employed as acoustic features for many downstream MIR
applications, such as query-by-humming (Wang and Jang
2015), cover song identification (Serra, Gómez, and Her-
rera 2010) and music recommendation (Knees and Schedl
2015). However, compared with other tasks in MIR, SME
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needs more expensive pixel-level annotations for training.
Thus, semi-supervised singing melody extraction (SSME)
has become an important task that utilizes both labeled and
unlabeled musical data (Kum et al. 2020).

With the development of deep learning (DL) technique,
many DL based SME methods have been proposed and
achieved remarkable successes (Liu et al. 2025; Wang et al.
2025; Hu et al. 2025). Recently, to alleviate the scarcity of
labeled data, SSME has become an active research direc-
tion. A number of SSME methods have been proposed and
achieved significant results (Kum et al. 2020; Yu 2024; He
et al. 2025). Despite the successes, SSME task is still fac-
ing two critical issues: firstly, there is a lack of an effective
data augmentation method for SSME, which results in in-
sufficient utilization of unlabeled data. It has been claimed
by prior works (Yu 2024) that SSME task is very sensi-
tive to the data augmentation, in this paper, called sensi-
tivity issue. Since data augmentation is a critical part in the
semi-supervised learning (Berthelot et al. 2019; Olsson et al.
2021), the sensitivity issue limits the SSME task to apply ef-
fective data augmentation methods for better utilization of
the unlabeled data. Secondly, existing SSME methods dis-
card too much unlabeled data in the stage of consistency
regularization, which hinders the further improvements of
SSME task. As shown in Fig.1, existing SSME methods dis-
card about 50% (or more) unlabeled data in the stage of con-
sistency regularization.

To alleviate the sensitivity issue, A pioneer work, MC-
SSME (Yu 2024), proposed to apply data augmentation on
the raw waveform data (i.e., time-domain) and then ex-
tracted singing melody in the spectrogram (i.e., frequency-
domain). However, it is challenging to guarantee that data
augmentations applied in the time-domain preserve their ef-
ficacy in the subsequent frequency-domain melody extrac-
tion. HKDSME (Yu et al. 2024a) proposed to use harmonic
information in the spectrogram as an additional supervision
signal to better utilize the unlabeled data. Unfortunately,
HKDSME does not include a data augmentation process,
though it alleviates the sensitivity issue. A natural ques-
tion is raised: How to design an effective data augmentation
method that works well for SSME?

Recently, Denoising Diffusion Probability Model
(DDPM) has shown impressive abilities on generation
tasks, such as image generation (Rombach et al. 2022;
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Figure 1: The utilization rates of unlabeled data using dif-
ferent models. The X-axis shows the different amounts of
unlabeled data. The Y-axis shows the utilization rate of un-
labeled data using different models.

Brooks, Holynski, and Efros 2023) and music generation
(Li et al. 2024; Wang, Min, and Xia 2024). Inspired by the
powerful generation ability of DDPM, we are motivated to
regard the data augmentation in the frequency-domain as a
generative task so that the perturbations in the spectrogram
could be generated in an end-to-end manner, thereby
avoiding sharply perturbations to the spectrogram. In
other words, we hope the generative model (e.g., DDPM)
could learn how to perform good data augmentation in the
frequency-domain for SSME task. The straight-forward
solution is to directly apply DDPM for generating aug-
mentation. However, it is not practical due to two reasons:
firstly, in the spectrogram, the amplitude value distributions
varies greatly. A fine-grained data augmentation method
is needed to adapt the various distributions. For example,
in popular music, the amplitude values are concentrated in
the low and medium frequency bands. And in opera music,
the amplitude values are concentrated in the medium and
high frequency bands. Thus, it is not practical to directly
use DDPM to perform data augmentations on various
musical data. Secondly, the singing voice will generate
larger amplitude values in the higher frequency bands
than in f0 (Salamon et al. 2014), which will mislead
the final prediction. Thus, information should be shared
between different frequency bands to avoid the augmented
spectrograms from misleading the final predictions.

On the other hand, consistency regularization is widely
used in the SSME task (Yu et al. 2024a; He et al. 2025).
However, the utilization of unlabeled data is relatively low
in the stage consistency regularization. In the field of semi-
supervised learning, prior research works focused on using
dynamic confidence thresholds to select unlabeled data for
accurate predictions. FlexMatch (Zhang et al. 2021a) pro-
posed a method that computes the learning difficulty of each
class, improving the utilization of the unlabeled data. How-
ever, since this method does not include a global confidence
for unlabeled data, some samples with small confidence val-
ues (e.g., close to zero) will still be trained rather than dis-
card. SoftMatch (Chen et al. 2023) proposed to use a func-
tion to assign weight to unlabeled data. The weighted value
stands for the difference between sample and global confi-

dence. However, this method does not establish the connec-
tion between global-wise and class-wise confidences.

Following the above analysis, in this work, we propose a
diffusion-based multi-bands augmentation (DMA) method
to increase the amounts of training data in an end-to-end
manner. Specifically, the proposed DMA method employs
a diffusion-based model to generate perturbations at differ-
ent frequency bands (i.e., low, medium and high frequency
bands) separately, thereby adapting various amplitude dis-
tributions through such a fine-grained fashion. To alleviate
the interference of large amplitude values in the higher fre-
quency bands, we then fuse the separated augmented out-
puts to share the separated information at different frequency
bands and further obtain the final augmented spectrogram.

Then, we propose a global-class confidence (GCC) mod-
ule. During the phase of consistency regularization, the pro-
posed GCC module enables the model to adaptively control
the global-wise and class-wise thresholds for unlabeled sam-
ples, improving the utilization rate of unlabeled data. To fur-
ther improve the utilization rate of unlabeled data, we also
propose a channel cross-attention (CCA) module that ex-
tracts channel-wise features from unlabeled musical audio,
enhancing the representation capability of labeled data.

The contribution of this paper is summarized as follows:

• To alleviate the sensitivity issue, we propose a novel
diffusion-based multi-bands augmentation (DMA) mod-
ule to increase the amounts of training data. The pro-
posed DMA module first generate perturbations at dif-
ferent frequency bands separately and then the separated
perturbations are fused to obtain the final augmented
spectrogram.

• To improve the utilization rate of the unlabled data in
SSME task, we then propose a global-class confidence
(GCC) module. During the stage of consistency regular-
ization, the proposed GCC module enables the model to
adaptively control the threshold for unlabeled samples,
improving the utilization rate of unlabeled data.

• To further improve the utilization rate of unlabeled data,
we also propose a channel cross-attention (CCA) module
that extracts channel-wise features from unlabeled musi-
cal audio, enhancing the representation capability of la-
beled data.

• We use MIR-1K dataset and part of music tracks of the
Medley DB dataset as labeled data for training the model
and we evaluate the performance on the well-known
ADC2004, MIREX 05, iKala and another part of Medley
DB. The experimental results demonstrate the superiority
of our method compared with other state-of-the-art ones.

Related Work
Singing Melody Extraction
Many data-driven based approaches have been proposed for
SME (Kum, Oh, and Nam 2016; Lu, Su et al. 2018; Su
2018; Chen, Li, and Chi 2019). In addition, the use of mu-
sical prior knowledge and structural priors has further in-
spired the design of melody extraction models (Park and Yoo
2017; Chou, Chen, and Chi 2018; Kum and Nam 2019). The

1490



Teacher-student

XT

Latent query

Gaussian noise DMA Module

d
up

Fu
si

on
 L

ay
er

N
oised latent query

Iteration

Consistency 
Loss

Weakly
Augmented

GCC 
Module

t
up

s
upFTANet Encoder FTANet Decoder

Strongly 
Augmented

Low-freq Encoder

Mid-freq Encoder

High-freq Encoder

ˆ
lS

ˆ
mS

ˆ
hS

Band-split

lS

mS

hS

Prediction

Supervised 
Loss

s
up

Unlabeled  prediction of teacher
t
up

Unlabeled  prediction of student

Dataset

Unlabeled
Labeled

Labeled input

Unlabeled input CCA 
Module

Separated 
augmentations

d
up Unlabeled  prediction of diffusion

Pr
ed

ic
tio

n 
L

ay
er

Transformer
Decoder

Pr
ed

ic
tio

n

Figure 2: The framework of our proposed ELH-SME. The proposed ELH-SME framework consists of three modules: (a)
diffusion-based multi-bands augmentation (DMA) module, (b) global-class confidence (GCC) module and (c) channel cross-
attention (CCA) module.

relationship between frequencies can be further captured
through multi-dilation or attention networks (Gao, You, and
Chi 2020; Du et al. 2021; Yu et al. 2023, 2024b; Yu, He, and
Zhang 2024), or harmonic constant-Q transform (HCQT)
(Bittner et al. 2017). Recently, there are are a number of re-
search works (Yu et al. 2021b; Yu 2024; Yu et al. 2024a,
2025) have been proposed for SSME. Unfortunately, most
of the above methods overlook the utilization of unlabeled
data. In this work, we focus on alleviating the sensitivity
issue and improve the utilization rate of unlabeled data in
SSME task.

Diffusion Models

Diffusion model is related to our work, which is initially
proposed by (Sohl-Dickstein et al. 2015). In the field of au-
dio information processing, there are many research works
propose to apply diffusion models to sound event detec-
tion (Bhosale et al. 2024), music generation (Li et al. 2024;
Wang, Min, and Xia 2024) and other audio-based applica-
tions (Xu et al. 2024; Evans et al. 2024). Very recently, Az-
izi et al. (Azizi et al. 2023) proposed to use text-to-image
diffusion models to synthesis training data for image classi-
fication. Islam et al. (Islam et al. 2024) proposed a image-
mixing data augmentation method for image classification.
Different from prior works, in this work, we propose to use
diffusion models to generate perturbations at specific fre-
quency bands in the single spectrogram, and then fuse the
separated augmentations to generate the final spectrogram.

Consistency Regularization
In the field of machine learning, consistency regularization
methods have become a mainstream research direction for
semi-supervised learning (Jeong and Shin 2020; Zhang et al.
2021b; Saito, Kim, and Saenko 2021; Cheng et al. 2022;
Ni and Koniusz 2023). A number of consistency regulariza-
tion methods (Laine and Aila 2017; Tarvainen and Valpola
2017; Athiwaratkun et al. 2019; Berthelot et al. 2019; Xie
et al. 2020) have been proposed to select reliable unlabeled
data. In the task of SSME, researchers have proposed sev-
eral efficient methods to improve the accuracy of pseudo la-
bels. However, the existing consistency regularization meth-
ods in SSME overlook the utilization rate of unlabeled data,
thereby achieving suboptimal results. In this paper, we focus
on improving the utilization rate of unlabeled data, thereby
improving the performances of SSME task.

Method
The overview of the proposed framework is presented in
Fig.2. We choose to employ FTANet (Yu et al. 2021a) as
the backbone of ELH-SME. A diffusion-based multi-bands
augmentation (DMA) module is proposed to generate per-
turbations at the specific frequency bands separately and
then fuse the separated augmentations to share the infor-
mation at different frequency bands. Subsequently, the pro-
posed global-class confidence (GCC) module learns global-
wise and class-wise confidence values to improve the uti-
lization rate of unlabeled data. Finally, we devise a channel
cross-attention (CCA) module to extract rich features from
unlabeled data for improving the representation learning of
unlabeled data. We first introduce the semi-supervised learn-
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ing setting. Next, we will introduce each component in the
following subsections.

Semi-supervised Learning Setup
Our work is under the SSME setting, the inputs are
from both labeled and unlabeled data. For the input data,
the music signal can be denoted as D = {Dl, Du}.
Dl = {(x1, y1), (x2, y2), ..., (xm, yM )} and Du =
{u1, u2, ..., uN} denote the labeled music data and unla-
beled music data, respectively. M and N are the number
of labeled and unlabeled data. T denotes the whole train-
ing dataset. We employ a teacher-student architecture to
build the semi-supervised learning. Following MCSSME
(Yu 2024), we apply time-domain data augmentation to the
unlabeled data as the input of teacher-student model. The
learning objective function is constructed in the following
form:

min
θ

{Ll(Dl, θ) + ωLCL(Du, θ)}, (1)

where Ll is the loss function for supervised learning and
LCL is the consistency loss for unsupervised learning. ω is
a non-negative parameter, and θ represents the parameters of
our proposed framework.

Diffusion-based Multi-bands Augmentation for
SSME
Distinct from existing SSME models (Kum et al. 2020; Yu
2024), we aim to augment the unlabeled music data in the
frequency domain. Our goal is to augment the unlabeled
spectrogram through a generative model (e.g., DDPM) in
an end-to-end manner. To achieve this, we first employ a
diffusion-based model to generate fine-grained perturbations
at different frequency bands to adapt the various amplitude
distribution. Then, we fuse the separated augmentations to
obtain the final augmented spectrogram.

Given an input spectrogram S ∈ RF×T , where F , T de-
note frequency bands and time steps, respectively1. We first
generate the noised latent query for thereafter diffusion pro-
cess with S. Specifically, we perform element-wise addition
between Gaussian noise and a randomly initialized learn-
able matrix Q ∈ RF×T , called latent query. Then the noised
latent query is added to the input spectrogram S to obtain
a noised input spectrogram Ŝ. Next, we split Ŝ into three
parts along the frequency bands: Ŝh, Ŝm, and Ŝl, where
Ŝh, Ŝm, Ŝl denote the divided spectrograms at the high-,
medium-, and low- frequency bands from Ŝ, respectively.
When obtaining the divided spectrograms, we feed them into
the DDPM model to generate the separated augmentations to
the three spectrograms:

S̃h = DDPM(Ŝh),

S̃m = DDPM(Ŝm),

S̃l = DDPM(Ŝl).

(2)

1Here, we omit the channel dimension for simplification. We
use CFP representation as the input spectrogram, and there are 3
channels actually.
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Figure 3: Detailed architecture of the proposed global-class
confidence module. The left part illustrates the calculation
of global-wise and class-wise confidence values. The right
part shows how the calculated confidence is used in SSME.

Since the singing voice generates higher amplitude values
at the higher frequency bands, we feed the separated aug-
mentations S̃h, S̃m, S̃l into a fusion layer to obtain the final
augmentation Saug:

Saug = Fusion(S̃h, S̃m, S̃l), (3)

and the fusion layer is composed of a three-layer multi-
layer perceptron (MLP) to fuse the information from differ-
ent frequency bands. Finally, we calculate the consistency
loss LCL for unlabeled data:

LCL = KL(pdu, p
t
u) +KL(psu, p

t
u), (4)

where KL is the Kullback-Leibler divergence, pdu is the pre-
diction using the augmented spectrogram Saug , psu is the
prediction of student, and ptu is the prediction of teacher.

Global-Class Confidence for SSME
To improve the utilization rate of unlabeled data in SSME,
we propose the global-class confidence (GCC) module to
better utilize the unlabeled music data as shown in Fig.3.
The key idea of GCC module is to take consideration of
both global-wise and class-wise confidences so that we can
use more unlabeled data for training, thereby improving the
utilization rate of unlabeled data. To this end, we first com-
putes the average confidence in each epoch, and we take the
average confidence as the global-wise confidence Cg :

Cg =
1

N

N∑
i=1

ci (5)

where ci is the confidence value of unlabeled sample ui. The
Cg is updated during training. After obtaining the global-
wise confidence, we then similarly compute the class-wise
confidence Cl.
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In order to simultaneously exploit the global-wise and
class-wise confidences, a straight-forward solution is to
linearly combine the global-wise and class-wise confi-
dences. However, such combination obtains suboptimal per-
formances. We find that there is a large difference between
global-wise and class-wise confidence values. Moreover, the
global-wise and class-wise confidence values are dynamic in
every epoch. It is difficult to set a hyperparameter that bal-
ances the two parts.

Consequently, we devise a novel calibration-based
method, which is more practical for SSME. The core idea
is to take the class-wise confidence value as the weight of
the global-wise confidence. To be specific, we first compute
the class-wise confidence Cl as mentioned above, then we
normalize Cl to a value ∈ (0, 1):

Ck
l =

Ck
l∑

k C
k
l

(6)

where Ck
l denotes the confidence value of k-th class. Next,

we compute the confidence value: Ck = Ck
l ∗ Cg . Finally,

we select the unlabeled data whose confidence value is larger
than Ck for training.

Channel Cross-Attention for SSME
To further improve the utilization of unlabeled data, we
also propose a channel cross-attention (CCA) module to ex-
tract channel-wise features from unlabeled data to enhance
the representation capability of labeled data. The goal of

Dataset # of Tracks Duration
Training
(Labeled)

MIR-1K 1000 2h 13min
Medley DB 30 1h 58min

Training
(Unlabeled)

FMA 2000 15h
MedleyDB 20 1h 20min

RWC 24 2h 58min

Testing

ADC2004 12 4min
MIREX 05 9 4min
Medley DB 12 48min

iKala 262 2h 6min

Table 1: The detailed descriptions of the datasets for training
and testing the proposed framework ELH-SME.

CCA module is to alleviate the scarcity of labeled data in
SSME, and fully utilize the information in the unlabeled
musical data. Specifically, we first employ a memory bank
B ∈ RK×d to store the representative features for each class
2, where K denotes the number of classes and d is the feature
dimension. We then employ the cosine similarity to calculate
the similarity between the extracted feature Fu ∈ Rd (from
unlabeled sample ui) and the representative feature Bi in B:

sim(Fu, Bi) = cos(Fu, Bi) =
(Fu)TBi

|Fu||Bi|
(7)

Next, we use the calculated similarities to predict the class
of ui. We then perform channel cross-attention to obtain fea-
tures F from unlabeled samples:

F = CCA(ui, Bi) =
∑
j

αijuij (8)

αij =
ϕ(Bi, uij)∑
k ϕ(Bi, uik)

(9)

where uij is the j-th channel-wise feature of ui and ϕ(·, ·) is
a three-layer MLP to calculate the degree of matching:

ϕ(Bi, uij) = MLP (W1Bi +W2uij) (10)

where W1 and W2 are the learnable parameters. In addi-
tion, we also employ self-attention technique (Vaswani et al.
2017) to enhance the channel-wise feature for the unlabeled
data. Finally, the enhanced features are fed into the decoder
of FTANet to obtain the final prediction of singing melody
as shown in Fig.4.

Experiments
Datasets
We evaluate the proposed ELH-SME framework on several
public datasets. Following (Yu 2024), we use the same train-
ing and testing data, and the datasets are listed in Table 1.
The training data contains both labeled and unlabeled data.
For the labeled data, we use 1000 popular music tracks from
MIR-1K (Hsu and Jang 2010) and 30 popular music tracks
from Medley DB (Bittner et al. 2014). For the unlabeled

2Notably, the representative feature in the memory bank keeps
updating at each epoch.

1493



Dataset
Methods ADC2004 MIREX 05

OA RPA RCA VR VFA OA RPA RCA VR VFA
MSNet 70.1 71.3 73.2 75.6 21.3 81.7 76.7 76.9 83.6 18.6

MD+MR 71.2 72.4 73.8 73.1 24.7 80.8 77.2 77.8 81.3 24.8
Teacher-student 73.1 72.8 74.8 77.6 16.8 82.1 78.3 79.2 82.4 19.2

FTANet 72.4 73.8 75.2 77.3 24.9 84.4 79.7 80.0 83.8 5.1
HGNet 71.3 72.8 73.1 74.9 23.7 80.1 77.4 78.3 80.5 21.7

MCSSME 76.7 78.1 78.9 80.8 20.3 86.6 83.8 84.2 87.3 13.7
HKDSME 81.7 79.5 79.6 82.8 13.8 85.8 80.1 80.2 83.6 4.6

ELH-SME (ours) 84.4 82.8 83.3 85.2 6.7 87.6 84.8 84.8 87.4 3.7

Table 2: The performances of the proposed ELH-SME and baseline methods on the ADC2004 and MIREX 05 datasets, the
values in the table are percentile.

Dataset
Methods Medley DB iKala

OA RPA RCA VR VFA OA RPA RCA VR VFA
MSNet 66.9 47.2 48.4 53.2 12.6 77.6 79.7 80.4 80.8 12.7

MD+MR 67.1 48.6 49.9 53.8 21.3 78.0 80.2 81.3 81.4 29.3
Teacher-student 68.1 49.0 49.6 58.3 29.7 76.7 76.4 78.2 79.1 36.9

FTANet 68.8 50.2 51.4 63.2 27.3 80.3 82.4 84.0 84.7 25.6
HGNet 65.3 45.4 46.2 51.7 24.9 78.7 80.0 80.6 81.5 24.9

MCSSME 73.4 56.8 57.4 64.2 16.2 84.7 85.8 86.2 88.3 9.2
HKDSME 72.2 60.5 61.4 66.2 13.5 83.2 84.1 84.2 87.1 11.3

ELH-SME (Ours) 75.5 63.6 64.4 69.0 10.4 85.6 86.7 86.8 88.7 8.3

Table 3: The performances of the proposed ELH-SME and baseline methods on the Medley DB and iKala datasets, the values
in the table are percentile.

data we use 2000 unlabeled popular music tracks from the
FMA dataset (Defferrard et al. 2017). Since some of our
baseline methods contain an unsupervised domain adapta-
tion (UDA) module, to conduct a fair comparison, we also
choose 20 music tracks from MedleyDB and 24 music tracks
from RWC for UDA setting. 3 For evaluation, we use four
well-known testing datasets for this task: 12 tracks from
ADC2004, 9 tracks from MIREX 05, 12 tracks from Medley
DB and 262 tracks from iKala (Chan et al. 2015).

Experiment Setup
We followed the convention in previous studies to choose the
following metrics for performance evaluation: overall accu-
racy (OA), raw pitch accuracy (RPA), raw chroma accuracy
(RCA), voicing recall (VR) and voicing false alarm (VFA).
We use mir eval library (Raffel et al. 2014) with the default
setting to calculate the metrics. All metrics except for VFA,
indicate better performance with higher scores. In the litera-
ture (Salamon et al. 2014), OA is often deemed more signif-
icant than other metrics.

Comparison with State-of-the-art Methods
We compare our framework with several state-of-the-art
(SOTA) methods for singing melody extraction: (1) MSNet
(Hsieh, Su, and Yang 2019), (2) MD+MR (Gao, You,

3We only use these music tracks to train methods with UDA
modules.

(a) Opera male3 by MCSSME. (b) pop2 by MCSSME.

(c) Opera male3 by our model. (d) pop2 by our model.

Figure 5: Visualization of singing melody extraction results
using different models.

and Chi 2020), (3) Teacher-student (Kum et al. 2020), (4)
FTANet (Yu et al. 2021a), (5) HGNet (Yu, Chen, and Li
2022), (6) MCSSME (Yu 2024), (7) HKDSME (Yu et al.
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Figure 6: Visualization of the learned music representation
via t-SNE. The left is the feature distributions using MC-
SSME, the right is the feature distributions using ELH-SME.
Different colors denote various examples with different fre-
quencies.

2024a). To demonstrate the effectiveness of our proposed
method, we train the proposed framework ELH-SME and
compare our method with other baseline methods. The quan-
titative results are shown in Table 2 and Table 3. It is ob-
served the proposed ELH-SME achieves the best perfor-
mance on four public testing sets in general. For comparison
with other baselines, when focusing on OA, the proposed
method outperforms MCSSME by 7.7% in ADC2004, by
1.1% in MIREX 05, by 2.1% in Medley DB and by 0.9% in
iKala.

Case Study
To investigate what types of errors are solved by the pro-
posed model, a case study is performed on two music tracks
chosen from ADC2004 and MIREX 05 dataset. As depicted
in Fig.5, we can observe that there are fewer errors in di-
agram (c) and (d) than in diagram (a) and (b). The result
shows the proposed ELH-SME model can achieve better re-
sults in opera and popular music tracks than in MCSSME
with fewer octave errors. Through the visualization, we can
observe that the performance gains are from reducing octave
errors via better utilization of unlabeled data.

To investigate the quality of music representation learned
from our proposed ELH-SME, we visualize the learned rep-
resentation via t-SNE. We use four opera tracks to perform t-
SNE, as observed in Fig.6, the left is the feature distribution
of the MCSSME. The right is the distribution of our ELH-
SME. We can observe that representations are well clustered
in the right. The visualized results demonstrates that ELH-
SME enhances the representation learning in SSME task.

Ablation Study
To investigate the effectiveness of the key components in our
framework, we conduct ablation studies and the quantitative
results are presented in Table 4. First, DMA module is re-
moved, and we only use the time-domain augmentation, the
performances of OA decreased by 4.0% in ADC2004 and
4.5% in MIREX 05. The results justify the effectiveness of
DMA module for SSME. We then remove the GCC module,
the performances of OA decreased by 2.3% in ADC2004

Dataset
Methods ADC2004 MIREX 05

OA RPA RCA OA RPA RCA
w/o DMA 80.4 79.2 79.8 83.1 80.4 80.8
w/o GCC 82.1 81.8 81.9 85.9 82.8 83.5
w/o CCA 82.7 82.3 82.4 85.2 82.6 82.8
ELH-SME 84.4 82.8 83.3 87.6 84.8 84.8

Table 4: Results of Ablation Study on ADC2004 and
MIREX 05 dataset.

Dataset
Methods ADC2004 MIREX 05

OA RPA RCA OA RPA RCA
DDPM 81.2 79.4 79.5 85.9 80.6 80.6
Low freq. 81.1 79.4 79.5 85.7 80.5 80.6
Med. freq. 80.7 78.3 78.4 85.5 80.0 80.0
High freq. 80.2 77.9 78.0 84.8 79.8 79.8
DMA 84.4 82.8 83.3 87.6 84.8 84.8

Table 5: Effects of DMA on ADC2004 and MIREX 05
dataset.

and 1.7% in MIREX 05. The observation indicates that the
use of global-class confidence helps to improve the perfor-
mance of SSME. Next, we remove the CCA module, the per-
formances of OA decreased by 1.7% in ADC2004 and 2.4%
in MIREX 05. Overall, the key components of our frame-
work ELH-SME are tightly incorporated and collaboratively
devoted to promising results.

To justify the assumption that we need to perform multi-
bands data augmentations, we try to directly apply DDPM
to the spectrogram. Meanwhile, we also investigate the sep-
arated augmentation on the unlabeled data. As shown in
Tab.5, DMA outperforms all other four methods, and the
results of DDPM are decreased by 3.2% in ADC2004 and
1.7% in MIREX 05. It is interesting to observe that the
DDPM-based method performs similarly to using only low-
frequency augmentation, highlighting the necessity of using
a multi-bands data augmentation method.

Conclusion
In this paper, we have proposed a novel framework that bet-
ter utilizes the unlabeled data, termed as ELH-SME. Specifi-
cally, we proposed a novel diffusion-based multi-bands aug-
mentation (DMA) module to increase the amounts of train-
ing data. Then, to improve the utilization rate of the unla-
beled data in SSME task, we proposed a global-class confi-
dence (GCC) module to adaptively control the threshold for
unlabeled samples. To further improve the utilization rate of
unlabeled data, we also proposed a channel cross-attention
(CCA) module that extracts channel-wise features from un-
labeled musical audio, enhancing the representation capabil-
ity of labeled data. We evaluated the performances on sev-
eral well-known datasets. The experimental results demon-
strate the effectiveness of our method.
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