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Abstract

Singing melody extraction (SME) is an important task in music
information retrieval (MIR). In this paper, we propose a sepa-
rate spectrum-based SME model and a joint network that com-
bines the pre-trained and spectrum-based models. In the joint
network, we design an attention aggregation module (AAM)
consisting of cross-attention (CA) and adaptive decision fusion
(ADF) to effectively fuse the intermediate features from two
models. Furthermore, we introduce a self-consistency training
strategy, which utilizes hard and soft labels to supervise two
separate models to better obtain the SME task-relevant infor-
mation. Experimental results show that our proposed method,
Joint Network, outperforms six compared state-of-the-art meth-
ods, achieving overall accuracy (OA) scores of 91.6%, 92.5%,
and 78.9% on the ADC 2004, MIREX 05, and MEDLEY DB
datasets, respectively. Visualized results show that the Joint
Network can reduce the octave and melody detection errors.
Index Terms: Singing melody extraction, attention aggrega-
tion, self-consistency training, music information retrieval

1. Introduction

Singing melody extraction (SME) from polyphonic music is an
important task in the field of music information retrieval (MIR),
which focuses on producing a sequence of frequency values
corresponding to the pitch of the dominant melody from poly-
phonic music records [1]. SME plays a key role in downstream
applications such as music transcription [2], cover song identi-
fication [3], and query-by-humming [4].

In SME-related works [5-11], two types of music data rep-
resentations are usually used as the input of the network: the
spectrogram transformed via the short-time Fourier transform
(STFT) [5-9] and raw waveform [10, 11]. Wei et al. proposed
a robust model (RMVPE) that uses a deep U-Net to extract hid-
den features and utilizes GRU for pitch prediction [7]. Gao
et al. proposed a multi-band time-frequency attention network
(MTANet), which uses the band partition scheme to learn the
position distribution relationship between the fundamental fre-
quency (F0) and non-FO components [8]. Yu et al. proposed
a review network (REVNet), which pairs low- and high-level
features into several groups, and uses dilated convolution with
different dilation factors to achieve feature complementary and
increase the receptive field [9]. The aforementioned methods all
take the STFT-based spectrum features as model’s input, termed
as spectrum-based model. On the other hand, early works such
as CREPE [10] and DeepFO0 [11] utilized raw waveform as input
and employed models based on one-dimensional convolutional
neural networks for supervised training to estimate the pitch.

Since spectrogram and raw waveform reflect the time-
frequency structure and time-domain characteristics of music
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respectively, some researchers have attempted to design net-
works that jointly model features extracted from both data types
to further improve SME task performance. Chou et al. proposed
a hybrid neural network to simulate the spectral model and the
temporal model, then merged the features of the two paths,
and used a fully connected layer for melody prediction [12].
Yu et al. proposed a neural harmonic-aware network (NHAN-
GAF), which extracts feature representations in parallel from
both the raw waveform and spectrogram, employing gated at-
tention mechanisms to fuse the features [13]. However, limited
by effective modeling of raw waveform and simple fusion strat-
egy, those attempts do not achieve ideal results in SME task.

Pretrained models learn powerful representations by train-
ing large models on large-scale general audio datasets. For
example, Dinkel et al. proposed the Dasheng pre-trained en-
coder model, which was trained on speech corpus of 272,356
hours (containing 3,768 hours of music data) and showed ex-
cellent classification performance on 18 different downstream
tasks [14]. Some researchers have used pre-trained models
(e.g., WavLM [15], Wav2Vec2 [16], etc.) as feature extractor
[17], transferring the learned knowledge to downstream tasks,
and have achieved promising results in areas such as speech
emotion recognition [18] and sound event detection [19].

Motivated by the above observations, we propose a joint
network for SME, which consists of spectrum-based and pre-
trained models, and design an attention aggregation module
to effectively fuse the intermediate features of the two single-
branch models. The contributions of our work are as follows:

i) We propose a spectrum-based model for SME, which
consists of a stacked convolutional (Conv) block, three time-
frequency attention Res2blocks (TFA-Res2Blocks), and a se-
lective feature fusion (SFF) module. Compared to state-of-the-
art methods, the model achieves competitive performance.

ii) We also propose a joint network integrating the above-
mentioned spectrum-based and pre-trained models, and design
an attention aggregation module (AAM) including the cross-
attention (CA) and adaptive decision fusion (ADF) to effec-
tively fuse the intermediate features of both.

iii) We introduce a self-consistency training strategy that
transfers the knowledge of hard and soft labels from the joint
network to two single-branch models. This strategy encourages
each single-branch model to extract more task-relevant infor-
mation without additional parameters.

2. Proposed Method

Fig.1 illustrates the proposed SME framework. Our proposed
joint SME network as shown in Fig.1(A), combines the pre-
trained and spectrum-based SME models, and the intermediate
features Fs and F, of the two single-branch models are fused
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Figure 1: The illustration of our proposed SME framework. Dasheng is the pre-trained model. (A) The overall architecture of the Joint
Network. (B) The Spectrum-Based Model. (C) Selective Feature Fusion (SFF) Module. Bl, B2, and B3 denote TFA-Res2Blocks. The
symbol (©) denotes the concatenating operation along the channel dimension, while @ and ) indicate element-wise addition and the

Hadamard product, respectively.

by an attention aggregation module (AAM). T-GRU and F-GRU
are used to model the hidden representations extracted from the
pre-trained model, ensuring that F, has the same output dimen-
sions as Fs. During training, the intermediate features from
the pre-trained and spectrum-based models, as well as the fused
features output from AAM, are fed into a classifier respectively
to obtain melody predictions. Furthermore, we calculate two
KL divergences, L and L%, between the outputs of the top
and bottom branch classifiers and that of the joint network, re-
spectively. Note that in the testing phase, only the classifier fed
by fused features of AAM outputs the melody predictions (i.e.,
the top and bottom branch classifiers in Fig.1(A) exist only dur-
ing the training phase). The Combined Frequency and Periodic-
ity (CFP) representation [20] X € R3*F*T in Fig.1(A) is ob-
tained by pre-processing the audio signal. It contains three com-
ponents: a power-scaled spectrogram, a generalized cepstrum
(GC) [21] and a generalized cepstrum of spectrum (GCoS) [22].
F and T denote the numbers of frequency bins and time frames.

2.1. Spectrum-Based Model

Inspired by the powerful multi-scale ability of Res2Net [23], we
designed a spectrum-based SME model, as shown in Fig.1(B).
Table 1 describes the components of each block. The model
consists of three components: i) Conv block is used to ex-
tract shallow features. ii) TFA-Res2Blocks (B1, B2, and B3)
with various dilations, where the time-frequency attention block
(TFA-Block) [24] is applied to assign different weights along
the time and frequency axes, mimicking human hearing. 1iii)
Selective feature fusion (SFF) module for feature aggregation.
Specifically, the input is first processed by conv blocks and
then fed into three cascading TFA-Res2Blocks to extract three
groups of deep features F; (i € [1,2,3]), each with distinct
semantics. The process of operation can be written as:

Fl = B]-(Xcon) (1)
= BZ(Fl + Xcon) (2)
F3 :B3(F1 +F2+Xcon) (3)

where X, denotes the features processed by conv block.
Moreover, we design the SFF module to dynamically se-

lect three groups of features F; with different semantics and

fuse them. As shown in Fig.1(C), three groups of features
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F;; are firstly stacked together to obtain Vs, and then a global
average pooling (GAP) operation is performed to obtain the
initial weights of each channel in the feature map. Two lin-
ear layers are used to recalibrate the importance of each chan-
nel, and SeLU is added between these two linear layers. The
softmax layer is applied to obtain the final weights. Finally,
the Hadamard product is performed on the three groups of fea-
tures F; and their corresponding weights to obtain the weighted
feature maps, which are fused by element-wise addition. The
fused features contain rich information selected from the three
groups of features F;.

2.2. Pre-trained Model

We use the Deep Audio-Signal Holistic Embeddings (Dasheng)
[14] to extract music-related acoustic features from the wave-
forms of audio. Dasheng is a pre-trained encoder model based
on the masked autoencoders [25] architecture, which is com-
posed of a transformer-based asymmetric encoder-decoder. The
pre-trained Dasheng model applied in this work was trained
on 272,356 hours of diverse audio datasets, including 268,588
hours of general audio and 3,768 hours of music data, with a
total of 1.2 billion parameters.

The pre-trained Dasheng model excels at capturing richer
speech and music information, and the extracted Dasheng fea-
tures can be directly applied to a variety of downstream classi-
fication tasks without parameterization [14]. Inspired by this,
we froze the pre-trained Dasheng model and directly utilized it
to extract features from audio signals. T-GRU and F-GRU are
then used to model the acoustic representations extracted from
the Dasheng model, which contain rich musical information.

2.3. Attention Aggregation Module

We design an attention aggregation module (AAM) to ef-
fectively fuse the features extracted from the spectrum-based
model branch and the pre-trained model branch. As shown in
Fig.1(A), AAM consists of two parts: (SA/AS) cross-attention
(CA) and adaptive decision fusion (ADF).

Cross Attention. The cross attention we used is based on
multi-head self-attention [27]. This way enables the network
to combine features F,, and F from both branches of the pre-
trained model and the spectrum-based model, providing com-
plementary information to each other while retaining key cues.



Table 1: The spectrum-based model architecture and configu-
ration. For the Conv2D(kxk, dxd) operation, kxk denotes the
kernel size, and dxd denotes the dilation spacing. Each Conv
layer is followed by the Mish [26] activation function and a
batch normalization layer. Dimensions refer to (channels, fre-
quency, time). For each TFA-Res2Block, feature maps were split
into s (we set s=8 in this work) feature map subsets along chan-
nel dimension after the 1x1 convolution. TFA-Block denotes
time-frequency attention block [24].

Layer Block Structure Output Size
Conv2D(3x3, 1x1)

Conv Block x 2 Conv2D(5x3. 1x1) 64 x FxT

Conv2D(Ix1, Ix1),s=8 128x F x T

Conv2D(3x3, 2x2) 6x FxT

TFA-Res2Block (B1) Conv2D(1x1, 1x1) 64x F xT

TFA-Block 64x F xT

Conv2D(1x1, 1x1),s=8 128 x FF x T

Conv2D(3x3, 3x3) 16 x FxT

TFA-Res2Block (B2) Conv2D(1x1, 1x1) 64x FxT

TFA-Block 64x FxT

Conv2D(Ix1, Ix1),s=8 128x F x T

Conv2D(3x3, 4x4) 16x FxT

TFA-Res2Block (B3) Conv2D(1x1, 1x1) 64x F xT

TFA-Block 64x F xT

SFF Module — 64 x F'xT

F'=360, T'=128. The downsampling operation is not applied to avoid potential
information loss.

Here, we use the intermediate feature F,, extracted spectrum-
based model, as the query to illustrate the computation method
of the SA cross-attention mechanism. Define:

Fy = LN(MHA(Qs, Ko, Va) + Fy) )
MHA(Qs, Ko, V,) = Concat(heads, - - - ,headp)  (5)
heady, = Attention(Q3,, Ky, Vi)
QKN | a ©)
= Softmax( NG Wi
Q5 = FWE + BY @)
Ki, = F,Wi + By ®)
Vi = F.WyY + By ©9)
FS. = LN(FFN(Fy) + Fy) (10)

where W' and Bj, are learnable weight matrices and biases,
here u=(Q, K, V). The h (set to 8 in this work) denotes the
h-th cross-attention. LN, M HA, and FFN denote the layer
normalization, multi-head attention, and feed-forward layer, re-
spectively. When calculating FJ,;, the method remains consis-
tent with F,,;, except that the query is based on the features Iy,
extracted from the branch of the pre-trained model.

Adaptive Decision Fusion. We introduce adaptive deci-
sion fusion to dynamically adjust the joint network’s depen-
dence on each output feature (Fj,,/F2,;) from the (SA/AS)
CA. This adaptivity optimizes the network by selectively em-
phasizing task-relevant features and discarding inessential in-
formation, thereby allowing for more adaptive and robust
decision-making. Specifically, the process re-fuses features
F3,. and Fy,,, a linear layer and sigmoid activation opera-
tion are used to generate a gated parameter « for F,,,; and thus
1-a for F,;. The above process can be formulated as:

a = Sigmoid (w (Concat(Fy,,, Fayy)) + bias)  (11)

FZa@Fjut"’(lia)@F;Iut (12)
where w and bias are trainable parameters, and ® denotes the
Hadamard product.
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2.4. Self-consistency Training Strategy

Inspired by the self-distillation proposed by Li et al. [28], we
design a self-consistency training strategy to transfer the latent
knowledge existing in hard and soft labels from the joint net-
work to the two single-branch models. This strategy aims to
improve the quality of the single-branch features before their
fusion, which in return benefits the joint network to learn more
discriminative representations. To achieve this, it combines bi-
nary cross entropy (BCE) loss and Kullback-Leibler (KL) di-
vergence loss.

The feature F7, is fed into a classifier consisting of a linear
layer followed by a softmax layer to output the probabilities
of frame-level melodies. Define:

Er = Wy - ReLU (Fp,) + biasm (13)
Ym = Softmazx (Em) 14
Vi = Softmaz (Em/T) (15)

where me&(s, a, as), wm and biasy, are trainable parameters.
7 is the temperature to soften ¥,,, (written as ¥, after softened)
and a higher 7 produces a softer probability distribution. Here,
we empirically set 7 to 3.

Binary Cross Entropy Loss. The BCE loss is used to min-
imize the difference between the predicted probability of the
feature F},, and the ground truth (i.e., hard label).

Licp = BCE(§m,y) (16)

where ¥, denotes the prediction of the features F,,, by the clas-
sifier, and y the one-hot ground truth label.

KL Divergence Loss. Soft label containing informative
dark knowledge can be used as training supervision [28]. To
make the output probabilities of the two single-branch models
approximate the output probability (i.e., soft label) of the joint
network, the KL divergence loss between them is minimized.

Ly =KL, Yas) amn

where §;, and ¥, are soften probability distributions of the
feature F;,, by the classifier.

In summary, the above loss function is used to achieve joint
optimization of the network.

Liotal = MLBcE + A2 LKL (13)

Leep= Y, Lior (19)
me{s,a,as}

Lxr= Y LR (20)

me{s,a}

where \; and A2 are hyperparameters empirically selected.

3. Experiment
3.1. Experimental Setup

Following the literature [6], we also select 1,000 Chinese pop
song clips from the MIR-1K dataset [29] and 35 vocal tracks
from the MedleyDB [30] for training. For the test set, we choose
12 clips from ADC2004, 9 clips from MIREXO0S5, and 12 clips
from MedleyDB. All samples contain the singing melodies.
Note that the training and testing datasets do not overlap.

For the signal processing part, we adopt the same parameter
settings as TONet [6], with a sampling rate of 8 KHz, a window
size of 768 samples, and a hop size of 80 samples. For CFP rep-
resentation, we set the time dimension to T=128 frames (1.28
secs) and the number of frequency bins to F=360, covering 6



Table 2: The comprehensive results of the Joint Network and compared methods on three datasets.

Dataset | - | - ADC 2004 | MIREX 05 | MEDLEY DB
Metrics ‘ Reference ‘ Par. (M) ‘ VR{ VFA| RPAT RCAT ROAT OAT‘ VRt VFAl RPAT RCAT ROAT OAT‘ VRT VFA| RPAT RCAT ROAT OAT
FTANet' [5] ICASSP’21 3.4 856 86 783 784 836 817|857 58 804 813 841 845|632 11.6 578 588 598 712
TONet" [6] ICASSP’22 147.0 8.1 89 802 803 849 822|884 78 834 835 867 854|646 123 565 587 604 71.6
MTANet" [8] INTERSPEECH 23 0.3 893 114 844 845 875 854|887 54 836 836 876 883|706 154 624 641 659 739
RMVPET (7] INTERSPEECH 23 470.4 834 146 81.1 814 822 827|885 68 854 855 869 885|707 175 555 596 626 677
NHAN-GAF [13] | NEUROCOMPUTING23 9.8 858 293 79.0 802 - 81.7 | 843 21.7 79.6 799 - 838 | 782 194 546 553 - 71.6
REVNet! [9] ICME"24 - 861 55 841 850 - 856 |8.6 89 817 82 - 855|724 100 672 683 - 748
Joint Network - 8.8 939 51 911 915 918 916 ‘ 948 45 904 904 937 925 ‘ 835 137 726 738 754 789
t: The results of our re-implemented according to their official codes. ¥: The results of their reported.
600 600 - Table 4: Ablation study of the loss function on three datasets.
- Ground Truth - Ground Truth @
500 Pr n 500 Prediction @
o w0 LEce Lsce Lsce Lk Lk OAapc? OAmirT OAmep?

o 250 500 756 1006 1250 0 250 500 750
Time: (ms) Time: (ms)

(a) Joint Network. (b) FTANet.

1000 1250

Figure 2: Visualized comparison between our proposed Joint
Network and FTANet on the song of “opera_male3”. The circle
marks in the figure are octave error (e.g., mistake A3 as A2 or
A4, etc).

Table 3: Ablation study of network components on three
datasets. OAapc, OAmir and OAumep represent the OA of the
Jjoint network on the ADC2004, MIREX05, and MEDLEY DB
datasets after removing different components, respectively.

Systems Par.(M) OAapcT OAmmrT OAwmEep?T
Spectrum_Based 0.7 86.2 88.3 75.1
Pre-trained_Based 5.7 84.9 87.1 74.5
Joint Network 8.8 91.6 92.5 78.9
w/o CA 6.5(12.3) 89.2 89.9 76.8
w/o ADF 8.7@0‘1) 90.4 91.0 77.8
w/o AAM 6.4(12.4) 88.5 89.1 76.3

octaves, each containing 60 bins. The frequency range spans
from 32.5 Hz to 2050 Hz, covering C1 to B6. All models are
trained and tested in NVIDIA A40 GPUs and implemented in
PyTorch. For trainable parameters update, we use a batch size
of 8, the Adam optimizer [31] with a learning rate of 0.0001.

‘We use six metrics for performance evaluation: overall ac-
curacy (OA), raw pitch accuracy (RPA), raw chroma accuracy
(RCA), voicing recall (VR), and voicing false alarm (VFA)
from mir_eval library [32]. In the literature [1], OA is often
considered the most crucial evaluation metric. The raw octave
accuracy (ROA) [6] serves as an additional metric for evaluating
octave prediction accuracy.

3.2. Ablation Study

We conducted multiple ablations to verify the effectiveness of
key components in Joint Network, as shown in Tables 3 and
4. Combining the results in Tables 3 and 4, we summarize the
following observations: i) Our proposed spectrum-based model
achieves better performance with fewer parameters. ii) Model-
ing the representations extracted from the pre-trained Dasheng
model using T-GRU and F-GRU achieved scores comparable to
existing state-of-the-art methods. iii) The joint network contain-
ing all components achieves the best OA on the three datasets.

v X X X X 90.1 91.4 77.4
v v v X X 91.1 92.0 78.2
v X X v v 90.6 91.8 71.7
v v v v v 91.6 92.5 78.9

OAapc, OAmr and OApgp have the same description as Table 3 above.

iv) When the designed CA, ADF and AAM modules were re-

moved, the OA on all three datasets decreased to varying de-

grees. v) When removing the losses L5 and L% i between

the intermediate features Fs and F, extracted by two single

branches and the label, the OA decreases by about 1% on av-

erage across the three datasets. After further removal of losses
%1 and L%, OA continues to decrease.

3.3. Comprehensive Performance Comparison

We compared our proposed Joint Network with six state-of-the-
art methods, including FTANet [5], TONet [6], MTANet [8],
RMVPE [13], NHAN-GAF [13], and REVNet [9] on three pub-
lic datasets as shown in Table 2. By comparison, we can ob-
serve that the Joint Network achieves the best performances on
all three datasets, significantly exceeding the existing methods.
Compared with the similar structure of NHAN-GAF, our pro-
posed Joint Network achieves the improvement on OA scores
of 12.1%, 10.4%, and 10.2% on the ADC 2004, MIREX 05 and
MEDLEY DB datasets, respectively.

To explore what types of errors are solved by the pro-
posed Joint Network, a case study is performed on an opera
song: “opera_male3.wav” in the ADC2004 dataset. We choose
FTANet [5] to compare with due to its effectiveness and pop-
ularity. As depicted in Fig.2, diagram (a) has no octave errors
(i.e., vertical jumps in the contours) compared to (b). Further-
more, from 0-1200 ms in Fig.2 (b), we can find a large number
of melody detection errors (i.e., predicting a melody frame as a
non-melody one), which are significantly reduced in Fig.2 (a).
The above results fully verify the effectiveness and advantages
of our proposed Joint Network in the SME task.

4. Conclusion

In this paper, we propose a separate spectrum-based SME
model and a joint network combining pre-trained and spectrum-
based models, and design an attention aggregation module in-
cluding the cross-attention and adaptive decision fusion for the
joint network to fuse the intermediate features from two mod-
els. We introduce a self-consistency training strategy to opti-
mize the joint network. Ablation study results indicate that our
proposed separate spectrum-based model achieves better per-
formance with fewer parameters. Experimental results show
that the Joint Network outperforms the existing state-of-the-art
methods on three datasets.
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