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ABSTRACT
Historical user-item interaction datasets are essential in training
modern recommender systems for predicting user preferences.
However, the arbitrary user behaviors in most recommendation sce-
narios lead to a large volume of noisy data instances being recorded,
which cannot fully represent their true interests. While a large num-
ber of denoising studies are emerging in the recommender system
community, all of them suffer from highly dynamic data distribu-
tions. In this paper, we propose a Deep Reinforcement Learning
(DRL) based framework, AutoDenoise, with an Instance Denois-
ing Policy Network, for denoising data instances with an instance
selection manner in deep recommender systems. To be specific, Au-
toDenoise serves as an agent in DRL to adaptively select noise-free
and predictive data instances, which can then be utilized directly
in training representative recommendation models. In addition, we
design an alternate two-phase optimization strategy to train and
validate the AutoDenoise properly. In the searching phase, we aim
to train the policy network with the capacity of instance denoising;
in the validation phase, we find out and evaluate the denoised sub-
set of data instances selected by the trained policy network, so as to
validate its denoising ability. We conduct extensive experiments to
validate the effectiveness of AutoDenoise combined with multiple
representative recommender system models.
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1 INTRODUCTION
Recommender System (RS) is an essential technology in the era of
information explosion, which can deliver a favorable experience for
users and considerable economic benefits for companies [8, 13, 16].
As a data-driven technique, RS models user preference based on
previous data instances (i.e., interaction logs) [25], thereby sub-
stantially improving the quality of online service platforms (e.g.,
e-commerce sites and streaming video applications) [5, 27]. In Gen-
eral, RS is modeled based on recorded data instances from historical
user-item interactions. However, recording user behavior with the
above approach inevitably raises challenges for modeling RS. First,
the existing recommendation dataset collects all historical data in-
stances indiscriminately, while some of themmay be noisy instances
that do not reflect the real intention of users [12]. For example, in
click-through rate (CTR) prediction [3, 9, 17, 28, 31, 43], some click
actions may come from user curiosity or mistake. Furthermore,
the noisy instances have almost the same traits as noise-free in-
stances [14], which renders a non-trivial task for human experts to
separate them in the recording.

To address the above challenges, denoising training data is at-
tracting growing attention from researchers. Recent studies have
shown that by using denoising techniques in recommender systems,
models can be trained in a more efficient manner with better perfor-
mance within comparable computational cost [7, 11, 32, 37]. Typi-
cally, denoising methods involve a “searching” behavior to figure
out noise and a “deciding” behavior to execute denoising actions. Ac-
cording to the methods of denoising, existing efforts can be roughly
categorized into two groups: selection-based and reweighting-based
methods. For selection-based methods [6, 35], they aim to train
a selection network to discard noisy instances, thereby feeding
the model with more representative data. For reweighting-based
methods [29, 30], they tend to lower the contributions of the noisy
instances by assigning lower weights throughout the model train-
ing. In practice, they consider the loss values as the indicator to
discriminate noise from noise-free instances, i.e., high values imply
noisy data instances during training.

https://doi.org/10.1145/3543507.3583339
https://doi.org/10.1145/3543507.3583339
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WWW ’23, May 1–5, 2023, Austin, TX, USA Weilin Lin, et al.

Prediction

Batch 1

Batch n

Batch N

Validation Phase

Policy
Network

X

Reward
Function

Trained
Policy Network

Searching Phase
User ID

Item ID
Target

Recommender
System Model

Selected
Instances

Param. Init.
/ Epoch

X
Initialized

Recommender
System Model

Selected
Subset

Figure 1: Overview of the proposed framework.

However, the above methods suffer from the following limi-
tations. First, selection-based methods rely heavily on sampling
distributions for decision-making [36], while the complex and dy-
namic data distribution in the contemporary online environment
tends to limit their performance. In other words, the more dynamic
environment is, the more biased selection may occur. Second, the
reweighting-based methods influencing the model training pro-
cesses lack transferability. Existing reweighting-based methods
require specific configurations in the case of a given model or rec-
ommendation task, which is time-consuming and challenging to
transfer to other settings. Therefore, a promising instance denoising
scheme should be robust and easily-transfer.

To bridge this research gap, we propose a Deep Reinforcement
Learning (DRL) based instance denoising framework, which can
model various complex data distributions of real-world datasets and
filter a noise-free subset without noise. We propose this framework
based on three main motivations: (i) The reinforcement learning
methods are empirically proven to be effective in the optimum-
searching problems [18, 19, 38–42], which can also have the poten-
tial to distinguish the noisy data instances effectively. (ii) Policy
network in DRL is used to select instances from a collection of mini-
batch, allowing it to capture fine-grained patterns from various data
distributions. Such design exactly facilitates mitigating the biased
selection problem of selection-based methods. (iii) Separately train-
ing the prediction model and the policy network for the denoising
and the prediction processes, owns natural transferability with the
noise-free data subset from the denoising policy network.

Nevertheless, applying the DRL-based approach to instance de-
noising will encounter the following challenges. On the one hand,
the data distribution varies dramatically among mini-batches, ren-
dering it challenging to design an appropriate reward function to
optimize the policy network. What’s more, since the policy net-
work and RS model need to be optimized simultaneously in this
setting, it is challenging to train them properly with the same data
batch. To address the above challenges, we propose a DRL-based

framework, AutoDenoise, with an instance denoising policy net-
work. AutoDenoise scores each instance of a mini-batch by two
probabilities for “select/deselect” actions with the policy network,
and evaluates the performance of the sampled instances as “select”
with the RS model. Meanwhile, we design an instance-level reward
function based on the results of the RS model. Specifically, this re-
ward function compares a data instance’s current loss with its losses
in previous searching epochs, for learning to distinguish the noisy
data instances in different distributions. Moreover, we propose an
alternate two-phase optimization strategy, i.e., the searching phase
and the validation phase, to properly train and validate the policy
network. After that, we train a randomly initialized RS model on
the selected data subset from scratch to evaluate the effectiveness
of the new data subset. The main contributions of this work can
be summarized as follows: (i) We propose a DRL-based instance
denoising framework, which adaptively filters out noises in each
input mini-batch of data instances. To the best of our knowledge,
this is a pioneering effort in instance denoising for CTR prediction;
(ii) We design a novel two-phase training process to effectively
train and validate the policy network, as well as generate a trans-
ferable noise-free data subset; (iii) We validate the effectiveness of
AutoDenoise on three public benchmark datasets and prove the
transferability of the denoised datasets.

2 FRAMEWORK
In this section, we will introduce the overview, the proposed two
phases, and the optimization methods of AutoDenoise framework.

2.1 Overview
As illustrated in Figure 1, the whole framework consists of two
running phases, i.e., the searching phase and the validation phase.

Searching Phase. In this phase, DRL is adopted to automatically
select instances with sequential optimization for the model and pol-
icy network. Specifically, the policy network serves as a DRL agent,
which performs “select” and “deselect” actions with corresponding
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Figure 2: The selection procedure of the policy network.

probabilities, thereby removing noisy instances. Then, the selected
noise-free instances are fed into an RS model, and the reward can
be calculated by the previous and current losses of the RS model,
which are used to optimize the policy network.

Validation Phase. Unlike the searching phase, this phase aims
to evaluate the performance of the policy network. In detail, after
finishing the searching phase of each epoch, i.e., one iteration on the
entire training set, the process switches to the validation phase. In
the validation phase, the policy network predicts the entire training
set in batches and selects the top-𝑘 instances with the highest
probability of “select” action, which can be considered as noise-free
data. Finally, an initialized RS model is trained with a noise-free
subset until convergence, for which the final test performance is
presented as the policy network denoising capability.

2.2 Searching Phase
In this section, we focus on introducing core elements of policy
networks and DRL construction (e.g., environment, state, rewards,
etc.). As an instance denoising task for applying DRL, we consider
each mini-batch as the state of the input policy network and then
execute the DRL actions (“select” or “deselect” ) based on the out-
come probabilities. DRL interacts with the environment by feeding
selected instances into the RS model and calculates the correspond-
ing rewards, aiming to maximize the reward of the policy network.
Next, we will dive into the details of these components.

Environment. RS serves as the environment in DRL, which
receives a mini-batch of selected instances and outputs the pre-
dictions. To fairly evaluate and optimize the policy network, we
initialize its parameters at the beginning of each training epoch to
make the output predictions comparable with previous ones.

State.The state is the inputmini-batch, which consists of a bunch
of data instances. Suppose that we have𝑀 instances for amini-batch
and 𝑁 batches in total, the whole training set𝑿 =

{
𝑿𝑛
1 , ...,𝑿

𝑛
𝑀

}𝑁
𝑛=1,

where 𝑿𝑛
𝑚 represent the𝑚𝑡ℎ instance of the 𝑛𝑡ℎ mini-batch in the

training epoch. To compare the prediction results at the instance
level for every training epoch, we fix their sequence order. In other
words, all 𝑿𝑛

𝑚 have an identical position throughout the training
process. Since the state is the input mini-batch, the 𝑛𝑡ℎ mini-batch
can be expressed in the general form, i.e., 𝑠𝑛 = [𝑿𝑛

1 · · ·𝑿
𝑛
𝑚 · · ·𝑿𝑛

𝑀
].

The function of the policy network is to score each instance in 𝑠𝑛
with probability and determine the “select/deselect” action.

Policy and Action. The policy and action can be considered
as the “searching” and “deciding” behaviors in the instances of
denoising, respectively. Therefore, we propose a policy network to
search for the noise-free instances based on the state 𝑠𝑛 and execute
the action 𝑎𝑛𝑚 for each instance in the mini-batch 𝑠𝑛 . The whole
selection process is illustrated in Figure 2. To be specific, given a
batch of data 𝑠𝑛 = [𝑿𝑛

1 · · ·𝑿
𝑛
𝑚 · · ·𝑿𝑛

𝑀
], the policy network first

transforms each instance 𝑿𝑛
𝑚 to a dense vector 𝑬𝑛𝑚 through the

embedding lookup operation,
𝑬𝑛𝑚 = A𝑿𝑛

𝑚 (1)

where A consists of the learnable weight matrixes for all feature
fields1. 𝑬𝑛𝑚 denotes the concatenated feature embedding vector
corresponding to 𝑿𝑛

𝑚 . Subsequently, 𝑬𝑛𝑚 is fed to the Multilayer
perceptron (MLP) with the nonlinear activation to obtain a fine-
grained feature representation [23]. Suppose that the MLP has
{𝐿 + 1} layers in total, the above operation of 𝑙𝑡ℎ (𝑙 ∈ [1, 𝐿]) layer
can be formulated as:

𝒉𝑙 = 𝜎 (𝑾𝑙𝒉𝑙−1 + 𝒃𝑙 ) (2)

where 𝒉𝑙 is the output of the 𝑙𝑡ℎ layer. 𝑾𝑙 and 𝒃𝑙 are the learn-
able weight matrix and bias vector for the corresponding layer,
respectively, and 𝜎 (·) denotes the nonlinear activation function.
In general, we use 𝑅𝑒𝐿𝑢 as the activation function for hidden lay-
ers. Then, we apply the 𝑆𝑜 𝑓 𝑡𝑚𝑎𝑥 function to the output layer, so
as to retrieve the probability of “select” and “deselect” actions for
every instance. In this setting, the action 𝑎𝑛𝑚 can be sampled from
the output probabilities. To reminder, 𝒉0 = 𝑬𝑛𝑚 represent the first
fully-connected layer and the last layer 𝒉𝐿 is the output layer.

Reward. To optimize the policy network in the desired way,
i.e., learning to distinguish the noise instances, the reward design
should be associated with the performance of the noise instance
identification model. Following this idea, we define the reward
according to the prediction error of the RS model, i.e., the value
of loss 𝐿 comparing the prediction results and the corresponding
ground-truth labels. In order to avoid optimization conflicts among
data instances, we consider each instance separately in the training
search phase. Specifically, we create a matrix 𝑳𝑴𝒂𝒕 ∈ R𝐶×𝑀𝑁 to
store the loss values of previous and current searching epochs for
each instance, where 𝐶 and𝑀𝑁 are the numbers of stored epochs
and the number of loss values. Given the loss 𝐿𝑚𝑛 (𝑚𝑡ℎ instance of
1A feature field is a group of feature values belonging to the same category, e.g., the
feature field “gender” comprises two values, “female” and “male”.
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the 𝑛𝑡ℎ batch) for the current epoch, the reward 𝑅𝑚𝑛 is defined as
the difference between the corresponding instance’s averaged loss
values in the past 𝐶 epochs and the loss in the current epoch:

𝑅𝑚𝑛 =
1
𝐶

𝐶∑︁
𝑐=1

𝐿𝑐𝑚𝑛 − 𝐿𝑚𝑛 (3)

where 𝑅𝑚𝑛 > 0 means that the data instance’s loss in the current
epoch is smaller than its averaged loss values in the past 𝐶 epochs,
indicating that the policy network conducts better action on the
instance in the current epoch, and vice versa. For fair comparison
and improvement incentive, we initialize the parameters of the RS
model at the beginning of each training epoch and overwrite the
loss values of the earliest stored epoch with the latest one. Under
this setting, the reward can be viewed as the prediction improve-
ment. Since the parameters of the policy network are different, the
reward can reflect the optimization results and be used to adjust
them. Considering the action-sampling behaviors of policy network
would introduce randomness, which cannot represent its actual
selection ability, we choose to use the average value of 𝐿𝑐𝑚𝑛 in
Equation (3) to make the current reward 𝑅𝑚𝑛 more reliable.

2.3 Validation Phase
As mentioned in the training phase, the RS model is initialized
in each training epoch and usually not converged. Therefore, we
design a validation phase to fully evaluate the performance of the
policy network and collect the best noise-free subset. To implement
this, we split the validation phase into noise-free subset selection
and RS model training. For subset selection, we iterate the entire
training set and select the data instance with 𝑘 highest confidence
in each mini-batch, i.e., the top-k selection strategy. After obtaining
the selected subset, we initialize the parameters of the RS model
and train it until convergence, which is alignment with the typical
recommendation system training setup. Finally, with the same test
and validation sets as in the searching phase, we can evaluate the
quality of the selected subsets and the denoising ability of the
trained policy network2. Only the policy network and noise-free
subset with the best testing performance can be adopted.

Individual Selection & Top-k Selection. Compared with the
individual selection used in the searching phase, we adopt top-k
selection in the validation phase, i.e., we select the 𝑘 prediction
instances with the highest confidence by a trained policy network
for each mini-batch. The motivation for this scheme is individual
selection provides a “local” view for policy network optimization,
while the top-k can offer a “global” view enabling the selection
of a more representative noise-free subset. From a policy training
perspective, a “local” view at the instance level enables the policy
network to learn the effectiveness of each instance and filter out
noisy instances. Nevertheless, the “local” view may not be the best
choice for decision-making, because the contribution of weakly-
selected instances may be minor compared to strongly-selected
instances during model training, which may affect the model that
uses the average of the loss values for optimization. In this sense,
weakly-selected instances can also be considered as a kind of noise,
requiring a “global” constraint from the top-k selection strategy.

2In practice, we set a total of 50 training epochs in the searching and validation phases
to train and evaluate the policy network.

Algorithm 1 𝑂𝑝𝑡_𝐼 : Optimization Algorithm for Searching Phase

Input: 𝑁 mini-Batches of data 𝑿 =
{
𝑿𝑛
1 , ...,𝑿

𝑛
𝑀

}𝑁
𝑛=1, policy

network Θ, initial RS model𝑾 , loss matrix 𝑳𝑴𝒂𝒕
Output: trained policy network Θ∗ and full loss vector 𝑳𝑽𝒆𝒄∗

1: Create empty 𝑳𝑽𝒆𝒄
2: Initialize𝑾
3: for all 𝑛 ∈ [1, 𝑁 ] do
4: 𝑠𝑛 ← [𝑿𝑛

1 · · ·𝑿
𝑛
𝑚 · · ·𝑿𝑛

𝑀
]

5: Sample 𝑎1 ∼ Θ(𝑎 | 𝑠𝑛)
6: Select instances 𝑿𝑠𝑙𝑐𝑡1
7: Estimate L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) by Equation (4)
8: Estimate 𝑅𝑛 by Equation (3) with 𝑳𝑴𝒂𝒕
9: Update Θ by Equation (8)
10: Sample 𝑎2 ∼ Θ(𝑎 | 𝑠)
11: Select instances 𝑿𝑠𝑙𝑐𝑡2
12: Estimate L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) by Equation (4)
13: Append L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) to 𝑳𝑽𝒆𝒄
14: Update𝑾 by Equation (5)
15: end for
16: Θ∗ ← Θ

2.4 Optimization Method
With the working procedures mentioned above, we will further
detail the optimization methods for updating both the RS model
and the policy network in this section.

2.4.1 Recommender System Model. Since RS models in the search-
ing phase and validation phase are identical, we introduce model
parameters and the optimization method together. We denote the
parameters of the RS model as 𝑾 . The CTR prediction could be
regarded as a binary classification task under a supervised manner,
where the input instances contain both features and the label. Thus,
we apply binary-cross-entropy loss function L𝑚𝑜𝑑𝑒𝑙 to optimize𝑾 :

L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) = −
1
𝑀

𝑀∑︁
𝑚=1
[𝑦𝑚 log𝑦𝑚 + (1 − 𝑦𝑚) log(1 − 𝑦𝑚)] (4)

where 𝑦𝑚 and 𝑦𝑚 are the ground truth label and the probability
predicted by the RS model for the 𝑚𝑡ℎ instance in a mini-batch,
respectively. As we described in Section 2.2, the loss value can
be treated as the performance of the input selected instances in
the searching phase. By minimizing the Equation (4), we obtain
well-trained𝑾 as follows, where 𝛼 is learning rate:

𝑾 ←𝑾 − 𝛼∇𝑾L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) (5)

2.4.2 Policy Network. As it is a reinforcement learning framework,
the optimal policy network can be parameterized by Θ. Given the
reward function, i.e., Equation (3), the objective function required
optimization is formulated as:

max
Θ

𝐽 (Θ) = E𝑎∼Θ(𝑎 |𝑠 ) [𝑅(𝑎 | 𝑠)] (6)

where 𝑎 ∼ Θ(𝑎 | 𝑠) means an action 𝑎 is sampled via the policy
Θ(𝑎 | 𝑠) in state 𝑠 . To maximize the above function, we apply
a policy gradient algorithm, named REINFORCE [33], and adopt
Monte-Carlo sampling to simplify the estimation of the gradient
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Algorithm 2 𝑂𝑝𝑡_𝐼 𝐼 : Optimization Algorithm for Validation Phase

Input: 𝑁 mini-Batches of data 𝑿 =
{
𝑿𝑛
1 , ...,𝑿

𝑛
𝑀

}𝑁
𝑛=1, trained

policy network Θ∗, initial RS model𝑾
Output: Selected data subset 𝑿𝑠𝑢𝑏 , well-trained RS model𝑾∗

1: Create empty 𝑿𝑠𝑢𝑏

2: Initialize𝑾
3: for all 𝑛 ∈ [1, 𝑁 ] do
4: 𝑠𝑛 ← [𝑿𝑛

1 · · ·𝑿
𝑛
𝑚 · · ·𝑿𝑛

𝑀
]

5: Sample 𝑎3 ∼ Θ∗ (𝑎 | 𝑠𝑛)
6: Select instances 𝑿𝑠𝑙𝑐𝑡3
7: Append 𝑿𝑠𝑙𝑐𝑡3 to 𝑿𝑠𝑢𝑏

8: end for
9: while RS model𝑾 not converged do
10: Sample a batch of data from 𝑿𝑠𝑢𝑏

11: Update𝑾 by Equation (5)
12: end while

∇Θ 𝐽 (Θ), which can be expressed as:

∇Θ 𝐽 (Θ) =
∑︁
𝑎

𝑅(𝑎 | 𝑠)∇Θ(𝑎 | 𝑠)

=
∑︁
𝑎

𝑅(𝑎 | 𝑠)Θ(𝑎 | 𝑠)∇ logΘ(𝑎 | 𝑠)

= E𝑎∼Θ(𝑎 |𝑠 ) [𝑅(𝑎 | 𝑠)∇ logΘ(𝑎 | 𝑠)]

≈ 1
𝑇

𝑇∑︁
𝑡=1

𝑅(𝑎 | 𝑠)∇ logΘ(𝑎 | 𝑠)

(7)

where 𝑇 is the sample number, and we set 𝑇 = 1 here to improve
the computational efficiency. The parameters Θ can be updated as:

Θ← Θ + 𝛽∇Θ 𝐽 (Θ) (8)

where 𝛽 is the learning rate.

2.4.3 Optimization Algorithm for Searching Phase. Based on the
optimization methods for the RS model and the policy network
mentioned above, we can conduct the two-phase training to opti-
mize and evaluate the proposed framework. The searching phase
is illustrated in Algorithm 1. In this phase, we iterate the whole
training set and alternatively optimize Θ and𝑾 to obtain a well-
performed policy. For a fair comparison of the reward, we initialize
the RS model𝑾 at the beginning of this phase (line 2). During the
training epoch, we first sample a mini-batch of data instances as
the state 𝑠𝑛 for the policy network (line 4). Next, we sample actions
𝑎1 for every data instance in the batch (line 5) and collect them as a
selective batch 𝑿𝑠𝑙𝑐𝑡1 (line 6), which will be fed into the RS model
and gain the corresponding loss values (line 7). With this loss value
and the saved ones from previous epochs3, i.e., in 𝑳𝑴𝒂𝒕 , we can
calculate the reward (line 8) and update our policy network (line 9).
Similarly, the optimization of the RS model (line 10-14) follows a
similar procedure as in line 5 to line 9. However, we sample new
actions 𝑎2 according to the updated Θ (line 10), and update𝑾 (line
14) rather than Θ as line 9. The updated policy network in the final
mini-batch will be returned as a well-trained policy network (line
16). What’s more, to record loss values for future calculation of

3For the first𝐶 epochs in searching phase, where previous𝐶 losses are now available,
we design a wart-up train method in Section 2.4.5.

Algorithm 3 Overall Optimization Algorithm of AutoDenoise

Input: 𝑁 mini-Batches of data 𝑿 =
{
𝑿𝑛
1 , ...,𝑿

𝑛
𝑀

}𝑁
𝑛=1, Warm-up

epoch 𝐶 , Training epoch 𝑇 , empty loss matrix
𝑳𝑴𝒂𝒕 = [𝑳𝑽𝒆𝒄1, ..., 𝑳𝑽𝒆𝒄𝐶 ], initial RS model𝑾 and policy
network Θ
Output: well-trained policy network parameters Θ∗ and the
selected data subset 𝑿𝑠𝑢𝑏

1: for 𝑖 = 1; 𝑖 <= 𝐶; 𝑖 + + do
2: Initialize𝑾
3: while RS model𝑾 not converged do
4: Sample a batch of data [𝑿𝑛

1 · · ·𝑿
𝑛
𝑚 · · ·𝑿𝑛

𝑀
]

5: Estimate L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) by Equation (4)
6: Append L𝑚𝑜𝑑𝑒𝑙 (𝑾 ) to 𝑳𝑽𝒆𝒄𝑖
7: Update𝑾 by Equation (5)
8: end while
9: end for
10: for 𝑡 = 1; 𝑡 <= 𝑇 ; 𝑡 + + do
11: Θ∗, 𝑳𝑽𝒆𝒄∗ ← 𝑂𝑝𝑡_𝐼 (𝑿 ,Θ,𝑾 , 𝑳𝑴𝒂𝒕)
12: 𝑳𝑽𝒆𝒄𝑡%𝐶 ← 𝑳𝑽𝒆𝒄∗

13: 𝑿𝑠𝑢𝑏 ,𝑾
∗ ← 𝑂𝑝𝑡_𝐼 𝐼 (𝑿 ,Θ∗,𝑾 )

14: Test𝑾∗
15: if 𝑾∗ perform the best then
16: Save 𝑿𝑠𝑢𝑏 and Θ∗

17: end if
18: end for

reward baseline, we create an empty loss vector 𝑳𝑽𝒆𝒄 (line 1) and
record the test loss value (line 13) during the iteration.

Specifically, the policy networkΘ from the previous optimization
step cannot represent the optimized performance of the current
batch of data. We utilize every mini-batch of data twice in this phase
to sequentially optimize Θ and 𝑾 (line 9 and 14), thus avoiding
disturbing the returning loss and the optimizing environment.

2.4.4 Optimization Algorithm for Validation Phase. In Algorithm 2,
we demonstrate the whole procedure of the validation phase, in-
cluding the selection process (line 3-8) and the full-training process
of the RS model (line 9-12). In this phase, we aim to evaluate the
true performance of the trained policy network Θ∗ by training the
RS model to converge on the selected subset. Specifically, we first
create an empty set 𝑿𝑠𝑢𝑏 (line 1) and initialize𝑾 (line 2). Then, we
iterate the whole training set for subset selection with Θ∗. Similar
to the procedure in the searching phase, every mini-batch will fol-
low the sampling (line 5) and selection (line 6) processes. Then the
obtained noise-free data batch 𝑿𝑠𝑙𝑐𝑡3 is appended to 𝑿𝑠𝑢𝑏 (line 7).
After that, we will train the initialized𝑾 to converge with 𝑿𝑠𝑢𝑏

(line 9-12). And we consider the performance of the well-trained
𝑾∗ as our validation result.

2.4.5 Overall Optimization Algorithm. With the optimization algo-
rithms for the searching phase and validation phase, we will further
detail the overall optimization algorithm in this subsection. The
whole algorithm is depicted in Algorithm 3.

Warm-up Train. To build the loss matrix 𝑳𝑴𝒂𝒕 for reward
calculation, we conduct a Warm-up Train before the searching
phase. Specifically, only the RS model will be trained under the
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Table 1: Overall performance with different backbone recommendation models.

Backbone
Model Metrics FM Wide & Deep DCN IPNN DeepFM

w/o w w/o w w/o w w/o w w/o w

MovieLens1M AUC ↑ 0.8080 0.8095* 0.7957 0.8022* 0.8092 0.8115* 0.8023 0.8063* 0.8048 0.8097*
Logloss ↓ 0.5334 0.5292* 0.5400 0.5333* 0.5235 0.5219* 0.5433 0.5363* 0.5306 0.5225*

KuaiRec-Small AUC ↑ 0.8654 0.8657 0.8641 0.8642 0.8641 0.8649 0.8630 0.8635 0.8653 0.8659
Logloss ↓ 0.4183 0.4178 0.4204 0.4201 0.4202 0.4192* 0.4228 0.4217* 0.4184 0.4172*

Netflix AUC ↑ 0.6523 0.6541* 0.6575 0.6620* 0.6711 0.6761* 0.6682 0.6734* 0.6604 0.6683*
Logloss ↓ 0.7835 0.7803* 0.9350 0.9115* 0.7742 0.7434* 0.7760 0.7542* 0.8926 0.8800*

“*” indicates the statistically significant improvements (i.e., two-sided t-test with 𝑝 < 0.05) over the w/o version.
Table 2: Overall performance comparison with baselines. (Backbone model: DeepFM)

Dataset Metrics w/o Drop3 BDIS LSBo LSSm T-CE R-CE AutoDenoise

MovieLens1M AUC ↑ 0.8048 0.7701 0.6995 0.7659 0.7752 0.7814 0.7817 0.8097*
Logloss ↓ 0.5306 0.5776 0.7996 0.5851 0.5841 1.7886 1.8263 0.5225*

KuaiRec-Small AUC ↑ 0.8653 0.8485 0.8018 0.8439 0.8566 0.8140 0.8189 0.8659*
Logloss ↓ 0.4184 0.4472 0.6694 0.4501 0.4931 1.7509 1.8955 0.4172*

Netflix AUC ↑ 0.6604 0.6444 0.5726 0.6355 0.6471 0.6785 0.6832 0.6683
Logloss ↓ 0.8926 1.3277 1.1192 1.4491 1.0330 2.5780 2.5801 0.8800*

“*” indicates the statistically significant improvements over the best baseline. ↑: higher is better; ↓: lower is better.

same settings as in the searching phase, i.e., being initialized at the
beginning of every epoch and using the same loss function, denoted
as L𝑚𝑜𝑑𝑒𝑙 . After iterating 𝐶 epochs, we can obtain a {𝐶 × 𝑀𝑁 }
matrix and start the searching phase with it.

The whole optimizing procedure consists of a warm-up train
(line 1-9) and two training phases within the testing process (line
10-18). In the warm-up train, we first initialize the parameters of RS
model𝑾 and train it to converge for𝐶 epochs (line 1-9), where we
sample a mini-batch (line 4) for model optimization (line 5) and save
the corresponding loss values (line 6) for the reward calculation.
After that, we follow Algorithm 1 (line 11) and Algorithm 2 (line 13)
to train and evaluate the policy network. With the𝑾∗ optimized
by the selected subset, we can finally evaluate its performance (line
14) and save the optimal policy and the subset (line 15-17). The
saved 𝑿𝑠𝑢𝑏 after the total 𝑇 epochs is considered to be the noise-
free subset. In the practical inference stage, we replace it with the
original training set for model training.

3 EXPERIMENT
In this section, we conduct extensive experiments on three public
datasets to investigate the following research questions:
• RQ1: How does the proposed framework, AutoDenoise, perform
compared with the training with noisy data and baselines?
• RQ2: Could we directly transfer the data subset selected by Auto-
Denoise based on a recommendationmodel to train othermodels?
• RQ3:What is the impact of core components in AutoDenoise?
• RQ4: How do hyper-parameters influence AutoDenoise?
• RQ5: Are instances dropped by AutoDenoise really noises?
In the subsequent sections, we first describe the public data sets
and evaluation metrics adopted in this paper. Then, we briefly re-
view selected baselines and explain experimental results to answer
corresponding research questions.

3.1 Experimental Settings
3.1.1 Datasets. We evaluate the model performance of AutoDe-
noise and baselines on three public datasets with different densities,
MovieLens1M4 (4.47%), KuaiRec-Small5 (99.62%), and Netflix6

(0.02%). For all datasets, we randomly select 80% as the training set,
10% as the validation set, and the remaining 10% as a test set.

3.1.2 Evaluation Metrics. To fairly evaluate recommendation per-
formance, we select the AUC (Area Under the ROC Curve) scores
and Logloss (logarithm of the loss value) as metrics, which are
widely used for click-through prediction tasks [3, 9]. In practice,
higher AUC scores or lower logloss values at the 0.001-level indicate
a significant improvement [3].

3.1.3 Implementation Details. The implementation of AutoDenoise
is based on a PyTorch-based public library7, which involves sixteen
state-of-the-art RS models. We develop the policy network of Auto-
Denoise as an individual class so that it can easily incorporate with
different backbone RS models, like in Table 2.

3.2 Overall Performance (RQ1)
This section evaluates the effectiveness of AutoDenoise. As in
Table 1, we compare the performances of recommendation mod-
els trained on a noise-free dataset denoised by AutoDenoise (w),
against models trained on the original dataset with noise (w/o),
and then evaluate them on the identical test dataset. We choose
various advanced backbone recommendation models, including
FM [24], Wide & Deep [3], DCN [28], and DeepFM [9]. In addi-
tion, we also compare the denoising quality of AutoDenoise with

4https://grouplens.org/datasets/movielens/1m/
5https://github.com/chongminggao/KuaiRec
6https://www.kaggle.com/datasets/netflix-inc/netflix-prize-data
7https://github.com/rixwew/pytorch-fm

https://grouplens.org/datasets/movielens/1m/
https://github.com/chongminggao/KuaiRec
https://www.kaggle.com/datasets/netflix-inc/netflix-prize-data
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Table 3: Transferability test.

Recommendation
Model Methods MovieLens1M KuaiRec-Small Netflix

AUC ↑ Logloss ↓ AUC ↑ Logloss ↓ AUC ↑ Logloss ↓

FM Normal 0.8080 0.5334 0.8654 0.4183 0.6523 0.7835
AutoDenoise 0.8082 0.5274* 0.8657 0.4179 0.6532* 0.7783*

Wide & Deep Normal 0.7957 0.5400 0.8641 0.4204 0.6575 0.9350
AutoDenoise 0.8001* 0.5363* 0.8645 0.4202 0.6587* 0.9212*

DCN Normal 0.8092 0.5235 0.8641 0.4202 0.6711 0.7742
AutoDenoise 0.8111* 0.5230 0.8648 0.4193 0.6762* 0.7476*

IPNN Normal 0.8023 0.5433 0.8630 0.4228 0.6682 0.7760
AutoDenoise 0.8029 0.5368* 0.8644* 0.4206* 0.6723* 0.7588*

“*” indicates the statistically significant improvements over the best baseline. ↑: higher is better; ↓: lower is better.

state-of-the-art instance selection methods (Drop3 [34], BDIS [2],
LSBo [15], LSSm [15]) and instance denoising methods (T_CE [29],
R_CE [29])8 in Table 2. We could conclude that:
• In light of the result in Table 1, integrating AutoDenoise can
boost the performance for all backbone models on all datasets.
Since KuaiRec-Small is far denser than MovieLens1M and Netflix
(Data density: 99.62% ≫ 4.47% > 0.02%), the less remarkable
improvement may come from the dominant contribution of clean
instances, while noisy instances contribute less to user preference
modeling, reasoning that the dense user-item interactions can
accurately show the whole picture of a user. On the contrary, for
sparse datasets MovieLens1M and Netflix, the noise-free subset
from AutoDenoise can improve more in performance.
• In Table 2, all denoising methods fail to enhance the perfor-
mance of DeepFM, which may be attributed to two reasons. (i)
For instance selection methods (Drop3 [34], BDIS [2], LSBo [15],
LSSm [15]), they tend to compress the dataset, resulting in dis-
carding excessive samples and missing critical information. (ii)
For denoising models like T-CE and R-CE [29], they improve the
AUC score on a highly sparse dataset (Netflix, 0.02%), yet are
unable to provide benefit on a dense dataset. The reason is that
T-CE and R-CE highly depend on the negative sampling strategy,
which samples unobserved user-item interactions. However, for
the highly-dense dataset as KuaiRec-Small (99.62%), it would be
hard to sample effective unobserved interactions. On the con-
trary, with the excellent exploring ability of the DRL structure,
AutoDenoise is compatible with all datasets of diverse densities.

3.3 Transferability Test (RQ2)
In practice, recommender system models are updated frequently,
causing it time-consuming and costly to train a denoising frame-
work for each model. Therefore, we examine the transferability of
AutoDenoise in this section.

Specifically, based on DeepFM, after obtaining the noise-free
dataset selected by AutoDenoise, we directly use it to train other
backbone recommendation models (e.g., FM [24], Wide & Deep [3],
and DCN [28]) and investigate their performances. Results are
presented in Table 3, where ‘Normal’ means training on the original
data with noise, i.e., the ‘w/o’ in Table 1. We can observe that all
backbone models’ performances are enhanced by training on the
8These two baselines could be applied to general denoising tasks. We do not test the
performance of other denoising models since the different task settings as discussed
in Section 3.1.

FM Wide&Deep DCN IPNN DeepFM
0.79

0.80

0.81

A
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AD-v
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Figure 3: Ablation study on MovieLens1M.

noise-free dataset selected by AutoDenoise. These experiments
validate that AutoDenoise’s output has a strong transferability and
the potential to be utilized in commercial recommender systems.

3.4 Ablation Study (RQ3)
We investigate the core components of AutoDenoise through a
range of experiments in this section. As we discussed in Section 2.3,
a vital part of AutoDenoise is how to generate denoising results
in the validation stage, i.e., adopting individual selection or top-𝑘
selection. Therefore, we design a variant of AutoDenoise, named
AutoDenoise-v, to figure out the impact of different selection
strategies. The only difference compared to origin AutoDenoise is
that AutoDenoise-v applies individual selection in policy validation
while AutoDenoise adopts top-k selection.

We test their AUC scores on MovieLens1M, and the results are
illustrated in Figure 3. It can be observed that AutoDenoise (AD)
outperformsAutoDenoise-v (AD-v) on all models, andAutoDenoise-
v cannot generate noise-free datasets to improve IPNN performance.
The reason is that AutoDenoise-v focuses on individual scores
while neglecting the global situation. Besides, AutoDenoise could
capture batch-wise global information to generate a robust policy by
adopting a top-k selection strategy, which compares scores between
the same batch of data. This experiment validates the rationality of
our model design.

3.5 Parameter Analysis (RQ4)
In this section, we conduct experiments on MovieLens1M with
DeepFM to investigate the sensitivity of two critical hyperparame-
ters: (i) the number of warm-up training epochs 𝐶 ; (ii) the number
of selected samples 𝐾 . The results are visualized in Figure 4, where
two Y-axes are used to scale the AUC scores and logloss values,
respectively. The X-axis in Figure 4 (a) represents the number of
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Figure 4: Parameter analysis on MovieLens1M.

warm-up epochs 𝐶 , and X-axis in Figure 4 (b) is the selected ratio
𝜖 = 𝐾/𝑀 . For both figures, blue lines illustrate the AUC score, and
red lines are the Logloss value. In addition, we also mark the ‘Nor-
mal’ DeepFM performance as a dashed line for visual comparison
(AUC 0.8048, Logloss 0.5306). We can find that:
• With the changing hyperparameters, AutoDenoise is superior
to the Normal in most cases (2 ≤ 𝐶 ≤ 6, 95% ≤ 𝜖 ≤ 99%),
which can fully demonstrate its robustness. We achieve the best
performance with the default setting (i.e., 𝐶∗ = 4, 𝜖∗ = 98%).
• From Figure 4 (a), the parameter 𝐶 directly influence the reward
computation in Equation (3). For 𝐶 < 𝐶∗, AutoDenoise suffers
from the randomness of too few warm-up epochs, i.e., the first
term in Equation (3), resulting in performance degradation. How-
ever, a large warm-up epoch leads to a smooth average value, and
the loss value of every batch, i.e., the last term in Equation (3),
have a more significant impact on the training process, leading
to an unstable reward and impairing the denoising accuracy.
• As illustrated in Figure 4 (b), it is crucial to make appropriate
discards of instances. On one hand, dropping too many instances
results in inferior performancewithmissing valuable information.
On the other hand, if we keep excessive instances, the model
inevitably introduces noises and fails to get the best performance.

3.6 Case Study (RQ5)
We illustrate the effectiveness of AutoDenoise with examples in this
section. Specifically, we select a user (ID: 5051) from MovieLens1M
and visualize part of the training set in Table 4, all test data instances
in Table 5. We present titles and genres of movies for the training
set, together with the ground-truth click signals. For test data, we
additionally exhibit the prediction result of DeepFM [9] trained on
original noisy data (Normal) and noise-free data (AutoDenoise).

In Table 4, AutoDenoise detects the noise The Wizard of Oz
with a positive click signal. This movie is a children’s and musical
movie, while all the other movies the users prefer are mainly action,
crime, and war movies. By dropping this noise, AutoDenoise con-
tributes to correcting the prediction of DeepFM onWonderland
(from 0.46 to 0.57, in Table 5), which is a documentary movie about
war that the user usually enjoy. This case study also demonstrates
the potential interpretability of AutoDenoise.

4 RELATEDWORK
In this section, we will briefly introduce the related works to our
framework, i.e., instance selection and denoising.
Instance Selection. Instance selection plays an important role in
selecting the most predictive data instances to scale down the train-
ing set without performance degradation of predictive model [20].

Table 4: Training dataset for user 5051.

Title Genres Click

The Patriot Action|Drama|War 1
Raiders of the Lost Ark Action|Adventure 1
The Wizard of Oz Children’s|Musical 1

... ... ...

Table 5: Test dataset for user 5051.

Title Genres Click Normal/AutoDenoise

The Extra-Terrestrial Drama|Fantacy 1 0.77/0.82
Lawrence of Arabia Adventure|War 1 0.94/0.93

Wonderland Documentary|War 1 0.46/0.57

It can be divided into two groups, i.e., wrapper methods [1, 4, 10, 34],
and filter methods [21, 22, 26], whose selection criterion is based
on the model performance and a selection function, respectively.
CNN [10] is one of the earliest proposed methods in the field of
instance selection. It keeps the instances near the class border
and drops the internal ones to generate an effective data subset.
DROP [34], a series of representative wrapper methods, relies on
the instance associates, i.e., the k nearest neighbors on k-NN, to
conduct the selection manner. LSSm and LSBo [15] are methods
based on local set [1], i.e., the largest hypersphere that contains
cases in the same class. LSSm defines and considers usefulness and
harmfulness as measures to decide whether to remove an instance,
while LSBo relies on the class borders to make the decision. In con-
trast to previous instance selection methods, AutoDenoise uses a
policy network to automatically distinguish noisy instances rather
than a fixed selection rule, which can better discover the inner
relationship in a highly dynamic data distribution.
Denoising. The selection manner also works well in the fields of
denoising, which can be categorized into selection-based method [6,
7, 32, 35], along with the reweighting-based methods [29, 30]. The
WBPR [7] assigns higher selecting probabilities to the missing in-
teractions of the popular items since it considers them to be the real
negative instances. IR [32] finds out the negative interactions and
changes their label to revise the unreliable behaviors from users.
R-CE and T-CE [29] consider that noisy instances would have high
loss value, thus they dynamically assign lower weight to the high-
loss instances as well as truncate the ones with weight lower than
the threshold in two strategies, respectively. However, the above
models either suffer from selection bias or insufficient transferabil-
ity, which are solved by AutoDenoise with its DRL framework.

5 CONCLUSION
We propose a DRL-based instance denoising method, AutoDenoise,
to improve the recommendation performance of RS models by adap-
tively selecting the noise-free instances in every mini-batch of data
and training the RS model with the selected noise-free subset. We
design a two-phase optimization strategy to properly train and eval-
uate the proposed framework. The extensive experiments validate
the effectiveness and compatibility of AutoDenoise and its selected
noise-free data subset. Further experiments prove the transferabil-
ity of the noise-free subset, i.e., the noise-free subset selected with
one RS model can transfer well to other state-of-the-art backbone
RS models with significant performance improvement.
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