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ABSTRACT
Music recommendation is usually modeled as a Click-Through Rate
(CTR) prediction problem, which estimates the probability of a
user listening a recommended song. CTR prediction can be formu-
lated as a binary classification problem where the played songs are
labeled as positive samples and the skipped songs are labeled as
negative samples. However, such naively defined labels are noisy
and biased in practice, causing inaccurate model predictions. In this
work, we first identify serious label noise issues in an industrial
music App, and then propose an adaptive Label Correction method
for Denoising (LCD) music recommendation by ensembling the
noisy labels and the model outputs to encourage a consensus pre-
diction. Extensive offline experiments are conducted to evaluate
the effectiveness of LCD on both industrial and public datasets.
Furthermore, in a one-week online AB test, LCD also significantly
increases both the music play count and time per user by 1% to 5%.
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Figure 1: Play rates and share rates at different positions of
the recommendation list.

1 INTRODUCTION
With the rapid development of digital music, huge amount of
music data makes music recommendation more and more impor-
tant [19, 29]. Usually, music recommendation can be performed via
a Click-Through Rate (CTR) prediction task, which is essentially a
binary classification problem that predicts the probability of a user
listening a song [6, 21]. To train a CTR prediction model, each sam-
ple of the training data should be assigned a binary label indicating
a user’s interest on an item for supervision. Usually, such labels are
naively defined according to user-item interactions in the system,
which can be easily affected by noisy feedback, thus resulting in
serious label noise issues which can damage model training. Here,
we use an example from an industrial music app to illustrate the
serious label noise problem in music recommendation.

In the music app, a list of 30 songs is recommended to users
everyday based on their preferences. Imagine that a user opens the
App in the morning and chooses to listen to the recommended list.
At first, her attention is totally on the playing songs. If she likes the
song, she will probably give some explicit feedback, such as clicking
the Like or Share button. If she does not like the song, she may
switch to the next one immediately. As time goes by, her attention
may gradually shift to her work, and thus the playing music just
becomes the background sound. Thus, the recommended songs are
likely to be fully played one by one without any explicit feedback,
neither positive feedback like sharing nor negative feedback like
dislike or switching. Therefore, as shown in Figure 1, we observe
that the play rate at the first position is the lowest while the share
rate is the highest, indicating that users are more likely to pay
attention to the music at the beginning and take active actions such
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as switching to another song or sharing the song, whereas users are
less likely to continuously pay attention to the music after the first
song. Furthermore, the play rate increases and stabilizes gradually
while the share rate decreases and stabilizes, which indicates that
users’ attention on the playing songs drops gradually.

These unique characteristics make the false-positive issue in
music recommendation much more serious than other applications,
such as short video or news recommendation which requires users’
consistent attention. Moreover, there also exists false-negative issue.
Usually, the songs exposed to users but not played are labeled as
negative samples, while users may actually like the recommended
songs but do not listen to them in many scenarios, e.g., they do
not notice the exposed songs or they just shut down the music app
after listening the first few songs. Therefore, serious label noise
issues exist in music recommendation.

In this paper, we aim to design label correction method for si-
multaneously tackling the positive and negative label noise issues
in music recommendation. There are two challenging problems.
Firstly, how to obtain useful information for label correction is
nontrivial, since little context information of user playing music
can be leveraged. Secondly, how to differentiate the correct labels
from the corrupted ones and perform an adaptive and dynamic
label correction in an instance-wise manner is difficult.

To address these challenges, we propose an adaptive Label Cor-
rection method for Denoising (LCD) data by dynamically updating
the target labels according to the current state of the model dur-
ing training to introduce a consensus prediction. Firstly, previous
studies [13, 25] point out that model predictions could magnify
useful underlying information in data, and thus can be leveraged to
mitigate the damage of the noisy labels since the noisy labels may
end up being very inconsistent with model predictions. Therefore,
we adaptively adjust the target label based on a convex combina-
tion of sample labels and model predictions. Secondly, we design a
dynamic weighting scheme based on model loss to perform more
effective label correction, since the model loss can help effectively
differentiate between correct labels and corrupted ones as discov-
ered by existing work [1, 4, 15]. Our LCD can calibrate the training
process by model predictions to reduce the damage of label noise,
and improve model performance.

Extensive experiments are conducted on large-scale industrial
and public datasets with state-of-the-art (SOTA) CTR models to
evaluate our proposed LCD. Furthermore, LCD also significantly
improves both the music play count and time per user by 1%-5%
in a one-week online AB test of an industrial system as shown
in Figure 4. We would like to highlight that label denoising is an
extremely important problem in music recommendation, and LCD
as a simple, effective andmodel-agnostic method can easily improve
industrial models and serve as a good baseline for future research.

2 METHOD
2.1 Task Formulation
Let X ∈ R𝑑 be the feature space, Y = {0, 1} be the ground-truth
label space, and 𝑠 = (𝑥,𝑦) be samples obtained from a joint distri-
bution over X ×Y. 𝑦 = 0 indicates that 𝑠 is unclicked and labeled
as a negative sample; 𝑦 = 1 indicates that 𝑠 is clicked and labeled as
a positive sample. Given a noisy training dataset 𝐷̃ = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1,

where 𝑦 is a noisy label that may be inaccurate, and 𝑁 is the total
number of training samples. The goal of music recommendation
training is to learn user preferences from a set of user-item in-
teractions. Formally, the goal is to learn the mapping function
𝑓 ( · ;Θ) : X → Y of the CTR prediction model parameterized by Θ.
The optimal parameters Θ∗ is obtained by minimizing the binary
cross-entropy loss over 𝐷̃ :

𝐿 = − 1
𝑁

∑︁
(𝑥,𝑦̃) ∈𝐷̃

(𝑦 log 𝑝 (𝑥) + (1 − 𝑦) log(1 − 𝑝 (𝑥))) (1)

where 𝑝 (𝑥) = 𝑓 (𝑥 ;Θ) is the predicted CTR value of the model.
Due to the existence of noisy labels in 𝐷̃ , existing models cannot

learn user preferences accurately, resulting in poor performance.
Therefore, the goal of our LCD is to correct the noisy labels 𝑦
during training, and then training on the corrected labels should
be approximately equivalent to training on clean labels.

2.2 Adaptive Label Correction for Denoising
Previous works [11, 13, 25] point out that model predictions could
magnify useful potential information in data, which can help mit-
igate the damage of the noisy labels. A straight-forward way to
combine model predictions during training is to use a convex com-
bination of noisy labels and model predictions as the adjusted target
labels. Bootstrapping [23] is the first robust training approach that
proposes to update the target labels based on model predictions.
Bootstrapping augments the prediction objective with a notion of
consistency, which improves the ability to measure the perceptual
consistency of noisy labels. The adjusted label 𝑦∗ of Bootstrapping
is calculated as follows:

𝑦∗ = 𝜆𝑦 + (1 − 𝜆)𝑝 (𝑥) (2)

where 𝑦 is the noisy label, 𝑝 (𝑥) is the model prediction, and 𝜆 ∈
[0, 1] is used to balance the noisy label and the model prediction.

Bootstrapping backpropagates the loss of the adjusted labels
rather than the noisy ones, leading to a certain robustness to the
label noise issue. Essentially, the updated objective augments the
original one with a minimum entropy regularization, which encour-
ages themodel to have a high confidence in predicting labels [10, 23].
However, Bootstrapping still has several drawbacks: (1) Bootstrap-
ping starts label correction since the first iteration, which may
bring in an instability of the adjusted labels due to the inaccurate
model predictions at the beginning of the training. (2) When the
model prediction is more accurate than the noisy label, we expect
to assign nearly 100% weight on the correct label while we can only
assign at most (1 − 𝜆) weight on the correct label. (3) Samples that
need correction usually have large losses at an early stage of the
training, but Bootstrapping corrects every sample with the same
weight equally, thus fails to leverage such informative signal to
design the weighting scheme.

To overcome the above drawbacks, we propose a novel instance-
dependent label correction approach with an adaptive weighting
scheme based on the model loss. The intuition is that the model
loss of each sample contains rich information and can help effec-
tively differentiate between clean samples and corrupted ones as
discovered by existing work [1, 4, 15]. Specifically, in each training
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Table 1: Statistics of the experimental datasets.
Dataset #User #Item #Train #Validation #Test #Feature

Product 3.64 M 117 K 77.11 M 10.89 M 10.96 M 69
Last.fm 985 584 K 10.10 M 1.26 M 1.26 M 87
Note: “M” means million, and “K” means thousand.

step, the label correction scheme of a given sample 𝑠 is as follows:
𝑦∗ = 𝜔 × 𝑦 + (1 − 𝜔) × 𝑝 (𝑥) (3)

𝜔 = 𝐹
(
𝑡
)
with 𝑡 = (𝑙 − 𝑙𝑚𝑖𝑛)/(𝑙𝑚𝑎𝑥 − 𝑙𝑚𝑖𝑛) (4)

where 𝑙 is the training loss of the sample 𝑠 , 𝑙𝑚𝑖𝑛 and 𝑙𝑚𝑎𝑥 are themin-
imum and maximum sample losses respectively in the batch, and
𝐹 (·) is the transformation function for obtaining the final weighting
value. 𝐹 (·) can be set to various functions according to the neces-
sity of real scenarios. When it is an identity function, 𝜔 is simply
the normalization of sample loss; when it is set to a parameterized
function, such as some complex distributions with configurable
parameters or a differentiable multi-layer perceptrons, it enables
more flexible label correction due to higher model capacity. During
training, we perform our label correction approach only when the
base CTR model is trained sufficiently well, so that the useful un-
derlying information in data can be exploited by model predictions
to mitigate the label noise issue.

Discussion. In our experiments, the transformation function
𝐹 (·) is set as the cumulative distribution function of a Beta distribu-
tion 𝐵𝑒𝑡𝑎(𝛼 , 𝛽), i.e., 𝐹 (·;𝛼, 𝛽). When we set 𝛼 = 𝛽 = 1 for 𝐹 , 𝜔 just
equals 𝑡 and increases linearly with the loss 𝑙 . In this case, our LCD
can be reduced to an existing method [4]. However, such linear
transformation of the model loss 𝑙 for label correction is insufficient
to capture the complex relationship between the desired adaptive
weight 𝜔 and 𝑙 . 𝐹 (𝑡 ;𝛼, 𝛽) enables a more flexible weighting scheme.
For example, when 𝛼 = 𝛽 < 1, the model prediction of samples
with large loss will be trusted more, while those with small loss
will be trusted less; when 𝛼 = 𝛽 > 1, the situation is opposite.
Generally, samples that need correction have large losses, but this
does not mean that the weight assigned to the model prediction
𝑝 (𝑥) must be higher for a larger loss. When model predictions are
inaccurate, assigning large weight to 𝑝 (𝑥) for samples with large
loss can seriously harm modeling training. Hence, we design our
weighting scheme of LCD in Equation (3) and (4). Its effectiveness
is validated empirically by experiments in Section 3.3.1.

3 EXPERIMENTS
3.1 Experimental Setup
3.1.1 Datasets. We conduct experiments on an industrial dataset
from a music app denoted as Product, and a public music dataset
Last.fm [3]. Table 1 summarizes the statistics. In Product, the
training set contains one week data, and both the validation and
testing sets are composed of one day data. The Last.fm dataset,
collected between July 2005 and 2009, is randomly decomposed
into a training set, a validation set and a testing set in 8 : 1 : 1.

3.1.2 Base Models and Implementations. We apply our proposed
LCD to 8 SOTA CTR models to validate its effectiveness, includ-
ing factorization machines (FM) [24], wide & deep learning model
(Wide&Deep) [6], YoutubeNet [7], DeepFM [12], extreme deep FM
(xDeepFM) [20], deep & cross network (DCN) [27], automatic fea-
ture interaction learning network (AutoInt) [26], and the improved

Table 2: Experimental results on two datasets.

Dataset Model AUC GAUC
Raw +LCD RealImp Raw +LCD RealImp

Product

FM 0.7542 0.7577 1.41% 0.5843 0.5872 3.41%
YoutubeNet 0.7809 0.7854 1.61% 0.5951 0.5985 3.53%
Wide&Deep 0.7813 0.7841 0.97% 0.5978 0.5994 1.64%
DeepFM 0.7803 0.7840 1.31% 0.5963 0.5999 3.79%
xDeepFM 0.7814 0.7823 0.33% 0.5971 0.5987 1.63%
DCN 0.7827 0.7883 2.00% 0.5970 0.6016 4.82%

AutoInt 0.7872 0.7891 0.64% 0.5993 0.6015 2.27%
DCN-V2 0.7911 0.7926 0.50% 0.6045 0.6067 2.16%

Last.fm

FM 0.7990 0.8080 1.12% 0.7594 0.7638 0.57%
YoutubeNet 0.7927 0.8034 1.35% 0.7558 0.7607 0.65%
Wide&Deep 0.7954 0.8141 2.35% 0.7580 0.7728 1.95%
DeepFM 0.8200 0.8225 0.31% 0.7806 0.7821 0.20%
xDeepFM 0.8208 0.8243 0.43% 0.7797 0.7828 0.40%
DCN 0.8151 0.8168 0.21% 0.7696 0.7744 0.62%

AutoInt 0.8114 0.8202 1.08% 0.7680 0.7739 0.76%
DCN-V2 0.8057 0.8088 0.38% 0.7637 0.7654 0.23%

Deep & Cross Network (DCN-V2) [28]. For all models, the size of
embedding vectors is set to 8. Hidden layers of multi-layer percep-
tron are set to 256× 128× 64. The batch size is set to 8192. For LCD,
(𝛼, 𝛽) is tuned in {(0.5, 0.5), (1.0, 1.0), (2.0, 2.0)}.

3.1.3 Evaluation Metrics. We adopt AUC [8] and GAUC [35] as
evaluation metrics. Meanwhile, we introduce RealImp [30] metric
to measure the relative improvement.

3.2 Performance Comparison
Table 2 shows the results of 8 base models equipped with and with-
out LCD on Product and Last.fm. For both metrics, models with
LCD consistently achieve better performance than those without
LCD. For example, on the Product, the average relative improve-
ments of AUC and GAUC are 1.10% and 2.91%, respectively. The
significant improvements demonstrate the effectiveness and gen-
erality of our LCD method, which is mainly because our LCD can
encourage perceptual consistency by ensembling the noisy labels
and the model prediction, thus reducing the damage of noisy labels.
Moreover, the consistent performance gains confirm that our LCD
is a model-agnostic denoising method.

3.3 Ablation Study
3.3.1 Study of Label Correction. We compare LCD with Boot-
strapping [23] and a reverse version of LCD (LCD-Re), i.e., 𝑦∗ =
(1 − 𝜔) × 𝑦 + 𝜔 × 𝑝 (𝑥). We take DCN-V2 [28] as our baseline, and
integrate it with Bootstrapping, LCD or LCD-Re. All models are
trained for 25 epochs. We start Bootstrapping from the first itera-
tion as [23], and apply LCD from the 20th epoch. Figure 2(a) and
2(b) show the training and validation curves of AUC w.r.t. the train-
ing epoch on Product dataset. We can see that after introducing
label correction, the AUC of LCD increases sharply and achieves
consistently better results than other methods. For the testing, LCD
also outperforms other methods as shown in Figure 2(c).

We conclude that: (1) Compared to the reverse version of LCD,
assigning a small weight 1−𝜔 on 𝑝 (𝑥) for large-loss samples is more
practical, which verifies our assertion in the discussion of Section
2. (2) As for Bootstrapping, on one hand, the inaccuracy of model
predictions in the early stage of training introduces instability. On
the other hand, the static weighting scheme cannot utilize the
underlying information of loss.
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Figure 2: Study of different label correction strategies.
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Figure 3: Study of hyper-parameter settings in LCD.

3.3.2 Hyper-parameter Sensitivity. We analyse the “good” time
to introduce LCD by fixing the overall training epochs as 35 and
tuning the epoch for applying LCD in {1, 5, 10, 15, 20, 25, 30}. We
show the test results of AUC on Product dataset in Figure 3(a).
We can find that: (1) Applying label correction at any epoch can
bring in improvement, demonstrating the robustness and superior
denoising ability of LCD. (2) Introducing label correction in a rather
late stage, when the base model is sufficiently trained, performs
the best. The reason is that model predictions cannot exploit much
underlying information in data in an early stage, while the model
probably overfits the noisy data at the end of the training.

We also investigate the sensitivity of 𝛼 and 𝛽 of the Beta distribu-
tion in our weighting scheme.We set𝛼 = 𝛽 ∈ {1, 0.5, 2} respectively
and apply LCD to 8 CTR models. Figure 3(b) shows the results on
Product dataset. We can observe that: (1) In most cases, the infe-
rior results of 𝛼 = 𝛽 = 1 indicate that the linear transformation of
the model loss is insufficient to capture the complex relationship
between the desired weight and the model loss. (2) Our adaptive
weighting scheme enjoys high flexibility, since different models can
choose its own settings of 𝛼 and 𝛽 to achieve good performance.

3.4 Online AB testing
We also deploy our LCD method on a real product and conduct
online AB testing to verify its performance. For the control group,
the users are providedwith recommendations generated by a highly-
optimized deep CTR model without LCD. For the experimental
group, the users are presented with the recommendations generated
by the same CTR model with LCD. As shown in Figure 4, the model
trained with LCD contributes up to 1% to 5% promotion in terms
of the average music play count and time per user, respectively.
Such significant improvements demonstrate the effectiveness of
our proposed method.
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Figure 4: Results from a one-week online AB testing.

4 RELATEDWORK
Large amounts of efforts have been made on mining user pref-
erences from various perspectives in CTR prediction [31, 36, 37],
such as feature interaction modeling [16, 26], user behavior mod-
eling [33, 34], and learning strategy [2]. However, these existing
studies just assume the sample labels to be clean, which is imprac-
tical in real scenarios. Meanwhile, a series of methods have been
proposed to learn from noisy labels in image classification task,
such as designing robust architecture [5, 9], applying robust regu-
larization [17, 22], devising robust loss [4, 23] and selecting clean
samples [14, 18]. Among these methods, label correction meth-
ods [4, 23], which aims to adjust the training loss using corrected
labels, is a simple and effective denoising solution.

In this work, we aim to study the challenging label noise prob-
lem in music recommendation, which is parallel to the majority of
researches in this field. The proposed method can be applied to a
series of existing models to improve their performance. Besides, by
designing an adaptive weighting strategy, our proposed denoising
method also enables a more flexible label correction scheme com-
pared with existing approaches [4, 23]. One concurrent work [32]
also aims to tackle the label noise issue in music recommendation,
but it models the problem in an online learning manner and can
only deal with false-positive samples.

5 CONCLUSION
Labels are often noisy and naively defined in real recommender
systems, resulting in poor generalization performance of existing
models. However, little work on music recommendation takes label
noise issues into consideration. In this work, we proposed a novel
adaptive label correction method for denoising music recommenda-
tion by combining the noisy labels and model outputs to encourage
a consensus prediction. Particularly, we design a dynamic weight-
ing scheme based on the training loss to assign instance-dependent
weights to model predictions. Extensive experiments on both large-
scale industrial and public datasets show that our proposed method
achieves consistently better results on 8 state-of-the-art CTR predic-
tion models, validating its generality and effectiveness. Moreover,
in a one-week online AB testing, our method achieves significant
1% to 5% improvements over the base model in terms of the average
music play count and time.
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