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ABSTRACT
With the widespread application of personalized online services,
click-through rate (CTR) prediction has received more and more
attention and research. The most prominent features of CTR pre-
diction are its multi-field categorical data format, and vast and
daily-growing data volume. The large capacity of neural models
helps digest such massive amounts of data under the supervised
learning paradigm, yet they fail to utilize the substantial data to its
full potential, since the 1-bit click signal is not sufficient to guide
the model to learn capable representations of features and instances.
The self-supervised learning paradigm provides a more promising
pretrain-finetune solution to better exploit the large amount of user
click logs, and learn more generalized and effective representations.
However, self-supervised learning for CTR prediction is still an
open question, since current works on this line are only prelimi-
nary and rudimentary. To this end, we propose aModel-agnostic
Pretraining (MAP) framework that applies feature corruption and
recovery on multi-field categorical data, and more specifically, we
derive two practical algorithms: masked feature prediction (MFP)
and replaced feature detection (RFD). MFP digs into feature inter-
actions within each instance through masking and predicting a
small portion of input features, and introduces noise contrastive
estimation (NCE) to handle large feature spaces. RFD further turns
MFP into a binary classification mode through replacing and de-
tecting changes in input features, making it even simpler and more
effective for CTR pretraining. Our extensive experiments on two

∗Weinan Zhang and Yanru Qu are co-corresponding authors.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
KDD ’23, August 6–10, 2023, Long Beach, CA, USA
© 2023 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0103-0/23/08. . . $15.00
https://doi.org/10.1145/3580305.3599422

real-world large-scale datasets (i.e., Avazu, Criteo) demonstrate the
advantages of these two methods on several strong backbones (e.g.,
DCNv2, DeepFM), and achieve new state-of-the-art performance
in terms of both effectiveness and efficiency for CTR prediction.
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1 INTRODUCTION
Click-through rate (CTR) prediction aims to estimate the probabil-
ity of a user’s click [25, 55] given a specific context, and plays
a fundamental role in various personalized online services, in-
cluding recommender systems [61], display advertising [43], web
search [9, 12, 30], etc. Traditional CTR models (e.g., logistic regres-
sion [48] and FM-based models [22, 47]) can only capture low-order
feature interactions, which might lead to relatively inferior perfor-
mance in real-world applications. With the rise of deep learning
techniques and the massive amount of user behavior data collected
online, many delicate neural CTR models have been proposed to
model higher-order feature interactions with different operators
(e.g., product [14, 24, 29, 44, 45, 58], convolution [28, 31, 32], and
attention [27, 49, 62]). These works generally follow a supervised
learning paradigm shown in Figure 1(a), where a model is randomly
initialized and trained from scratch based on the supervised signals
(click or not). Nevertheless, the 1-bit click signal is not sufficient
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Figure 1: The illustration of (a) supervised learning para-
digm, and (b) self-supervised learning paradigm. The su-
pervised learning paradigm directly trains a randomly ini-
tialized model from scratch without pretraining. The self-
supervised learning paradigm contains two stages, where we
first pretrain the model based on the pretext task and then
finetune it for the downstream task.

enough for the model to learn capable representations of features
and instances, resulting in suboptimal performance.

Self-supervised learning provides a more powerful training par-
adigm to learn more generalized and effective representations of
data samples, and proves to be effectual in Natural Language Pro-
cessing (NLP) [8, 10] and Computer Vision (CV) [20] domains. As
shown in Figure 1(b), they usually adopt a pretrain-finetune scheme,
where we first pretrain an encoder based on pretext tasks (i.e., pre-
training tasks), and then finetune a model initialized by the pre-
trained encoder for downstream tasks based on specific training
data with supervised signals. According to the pretext tasks, self-
supervised learning can be mainly classified into two categories: (1)
contrastive methods and (2) generative methods [33]. Contrastive
methods [2, 5, 7, 13, 20, 41] aim to learn generalized representations
from different views or distortions of the same input. Generative
methods [3, 10, 19, 65] reconstruct the original input sample from
the corrupted one.

Self-supervised learning has flourished in the NLP domain to
pretrain transformers for unlabeled sentences, making it a perfect
mimicry target for sequential recommendations. Various methods
are proposed to treat user behavior sequences as sentences, and
adopt language models [50] or sentence augmentations [36, 63]
for better user or item embeddings. Moreover, many pretraining
methods are designed for different types of data formats (e.g., graph
data [17, 38, 53], or multi-modal data [35, 37]) to further enrich the
recommendation family. However, these sequential/graph/multi-
modal based pretraining methods are essentially incompatible for
the CTR data format, i.e., multi-field categorical data format:

𝑥𝑖 = (0, ..., 1, 0)︸      ︷︷      ︸
𝐼𝑡𝑒𝑚=𝐽 𝑒𝑎𝑛𝑠

(1, ..., 0, 0)︸      ︷︷      ︸
𝐶𝑜𝑙𝑜𝑟=𝐵𝑙𝑢𝑒

... (1, 0) .︸︷︷︸
𝐺𝑒𝑛𝑑𝑒𝑟=𝑀𝑎𝑙𝑒

(1)

In this paper, we focus on self-supervised pretraining over multi-
field categorical data for CTR prediction. There exist preliminary
works [2, 56] that explore the pretraining methods for CTR data.
MF4UIP [56] leverages the BERT framework [10] to predict the
masked features for user intent prediction. However, it is non-
scalable when the feature space grows, and thus suffers from severe

inefficiency problem for industrial applications with million-level
feature spaces. SCARF [2] is a contrastive method that adopts Sim-
CLR framework [5] and InfoNCE loss [41] to learn robust represen-
tations for each data sample. Its contrastive property requires to
calculate representations from different views of the same instance,
which doubles the throughput time and memory usage, leading to
low efficiency. Moreover, contrastive based methods only provide
coarse-grained instance-level supervisions from sample pairs, and
therefore might get trapped in representation spaces’ early degen-
eration problem [33], where the model overfits the pretext task too
early and loses the ability to generalize.

To this end, we propose a Model-agnostic Pretraining (MAP)
framework that applies feature corruption and recovery towards
multi-field categorical data for CTR pretraining. Specifically, we
derive two algorithms based on different strategies of corruption
and recovery: masked feature prediction (MFP) and replaced feature
detection (RFD). MFP requires the model to recover masked fea-
tures according to corrupted samples, and adopts noise contrastive
estimation (NCE) to reduce the computational overhead caused
by the large feature space (million level) in CTR data. Moreover,
RFD turns MFP into a binary classification mode and requires the
model to detect whether each feature in the corrupted sample is
replaced or not. Compared with MFP that only utilizes a subset of
fields and predict over the entire feature space, RFD is simpler yet
more effective and more efficient, which provides fine-grained and
more diverse field-wise self-supervised signals. RFD can achieve
better CTR performance with fewer parameters, higher throughput
rates, and fewer pretraining epochs compared to other pretraining
methods. Derived from the MAP framework, MFP and RFD are com-
patible with any neural CTR models and can promote performance
without altering the model structure or inference cost.

Main contributions of this paper are concluded as follows:

• We propose a Model-agnostic Pretraining (MAP) framework that
applies feature corruption and recovery on multi-field categor-
ical data. Different pretraining algorithms could be derived by
customizing the strategies of corruption and recovery.

• We derive a masked feature prediction (MFP) pretraining algo-
rithm from MAP, where the model predicts the original features
that are replaced by <MASK> tokens. We also adopt noise con-
trastive estimation (NCE) to reduce the computational overhead.

• We derive a replaced feature detection (RFD) pretraining algo-
rithm from MAP, where the model is required to detect whether
the feature of each field is replaced or not. RFD is simpler yet
more effective and more efficient, and it can achieve better CTR
performance with fewer computational resources.

• Extensive experiments on two real-world large-scale datasets
validate the advantages of MFP and RFD on several strong back-
bones, and achieve new state-of-the-art performance in terms of
both effectiveness and efficiency for CTR prediction.

2 PRELIMINARIES
Without loss of generality, the basic form of CTR prediction casts
a binary classification problem over multi-field categorical data.
Each instance for CTR prediction contains 𝐹 fields with each field
taking one single value from multiple categories, and can be repre-
sented by {𝑥𝑖 , 𝑦𝑖 }. 𝑥𝑖 is a sparse one-hot vector as shown in Eq. 1,
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and 𝑦𝑖 ∈ {1, 0} is the true label (click or not). For simplicity, we
build a global feature map of size 𝑀 , and assign a unique feature
index for each category, and thus we can represent each sample
as 𝑥𝑖 = [𝑥𝑖,1, . . . , 𝑥𝑖,𝐹 ], where 𝑥𝑖,𝑓 (𝑓 = 1, . . . , 𝐹 ) is the index of
corresponding feature.

CTR models aim to estimate the click probability 𝑃 (𝑦𝑖 = 1|𝑥𝑖 )
for each sample. According to [55, 69], the structure of most recent
CTR models can be abstracted as three layers: (1) embedding layer,
(2) feature interaction layer, and (3) prediction layer.

Embedding layer transforms the sparse binary input 𝑥𝑖 into
dense low-dimensional embedding vectors E = [𝑣1; 𝑣2; . . . ; 𝑣𝐹 ] ∈
R𝐹×𝑑 , where 𝑑 is the embedding size, and each feature is repre-
sented as a fixed-length vector 𝑣 𝑓 ∈ R𝑑 .

Feature interaction layer, as the main functional module of
CTR models, is designed to capture the second- or higher-order
feature interactions with various operations (e.g., product, atten-
tion). This layer produces a compact representation 𝑞𝑖 based on the
dense embedding vectors E for the sample 𝑥𝑖 .

Prediction layer estimates the click probability 𝑦𝑖 = 𝑃 (𝑦𝑖 =
1|𝑥𝑖 ) based on the representation 𝑞𝑖 generated by the feature inter-
action layer. It is usually a linear layer or an MLP module followed
by a sigmoid function:

𝜎 (𝑥) = 1
1 + 𝑒−𝑥 , (2)

After the prediction layer, the CTR model is trained in an end-
to-end manner with the binary cross-entropy loss:

L = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log𝑦𝑖 + (1 − 𝑦𝑖 ) log(1 − 𝑦𝑖 )] , (3)

where 𝑁 is the number of training samples.

3 METHODOLOGY
In this section, we introduce our proposed Model-agnostic Pre-
training (MAP) framework, and derive two pretraining algorithms
based on different strategies of feature corruption and recovery. The
illustration of the framework and algorithms is shown in Figure 2.

3.1 MAP Framework Overview
We adopt the common pretrain-finetune scheme in self-supervised
learning for NLP [8, 10] and CV [20], where we first pretrain a CTR
model for a pretext task, and then finetune the pretrained model
with click signals.

We propose a Model-agnostic Pretraining (MAP) framework for
the pretraining stage. The pretext task for the model is to recover
the original information (e.g., original features, corrupted field in-
dex) from the corrupted samples. It is worth noting that MAP is
compatible with any neural CTR models, since we only corrupt the
input sample (i.e., feature corruption layer) and alter the prediction
head (i.e., feature recovery layer) for the recovery target. Finally, by
customizing the design of feature corruption and recovery layers,
we derive two specific pretraining algorithms as follows:

• Masked feature prediction (MFP) requires the model to re-
cover the original features from the corrupted sample which
contains multiple <MASK> tokens.

• Replaced feature detection (RFD) tells the model to perform
field-wise detection about whether the feature of each field is
replaced or not.

Hereinafter, we omit the detailed structure of feature interaction
layer for certain CTR models, since MFP and RFD are both model-
agnostic pretraining algorithms.

3.2 Masked Feature Prediction
In the masked feature prediction (MFP) pretraining stage, we first
corrupt the original input sample 𝑥𝑖 with a feature masking layer,
where we randomly replace a certain proportion of the features with
<MASK> tokens. Then, we feed the corrupted sample 𝑥𝑐

𝑖
through

the embedding layer and feature interaction layer to get the compact
representation 𝑞𝑐

𝑖
. Finally, the vector 𝑞𝑐

𝑖
is inputted to a field-wise

prediction layer to predict the original feature for each <MASK>
token. To ensure efficiency and practicability, we introduce noise
contrastive estimation (NCE) to allow the model to predict among
a large feature space (e.g., millions of candidate features).

3.2.1 Feature Masking Layer. For an input sample with 𝐹 features
(i.e., 𝑥𝑖 = [𝑥𝑖,1, . . . , 𝑥𝑖,𝐹 ]), we randomly replace a part of the features
with <MASK> tokens, resulting in a corrupted sample 𝑥𝑐

𝑖
. The

proportion of features to be masked is a hyperparameter denoted
as corrupt ratio 𝛾 . We represent the set of indices of masked fields
as I. The <MASK> token is also regarded as a special feature in the
embedding table, and it is shared among all the feature fields. That
is, we do not maintain field-specific mask tokens, in order to avoid
introducing prior knowledge about the masked fields. A harder
pretraining task with less prior knowledge can force the model to
learn more generalized feature representations, which benefits the
downstream task [8, 34].

3.2.2 Field-wise Prediction Layer. After the embedding layer and
feature interaction layer, we obtain the representation 𝑞𝑐

𝑖
for the

corrupted sample 𝑥𝑐
𝑖
. For each masked feature 𝑥𝑖,𝑓 of the 𝑓 -th field,

we maintain an independent multi-layer perceptron (MLP) net-
work 𝑔𝑓 followed by a softmax function to compute the predictive
probability 𝑝𝑖,𝑓 ∈ R𝑀 over the candidate features:

𝑧𝑖,𝑓 = 𝑔𝑓 (𝑞𝑐𝑖 ), 𝑧𝑖,𝑓 ∈ R𝑀 , (4)

𝑝𝑖,𝑓 , 𝑗 =
exp(𝑧𝑖,𝑓 , 𝑗 )∑𝑀
𝑘=1 exp(𝑧𝑖,𝑓 ,𝑘 )

, 𝑗 = 1, . . . , 𝑀. (5)

We expand the predictive space (i.e., candidate features) for every
masked field 𝑓 from the field-specific feature space to the global
feature space, in order to increase the difficulty of pretext task and
thus benefit the downstream CTR prediction task [8, 34]. That is,
the model has to select the original feature 𝑥𝑖,𝑓 out of the whole
feature space, which usually contains millions of features in recom-
mender systems. Finally, we view MFP pretraining as a multi-class
classification problem and employ the multi-class cross-entropy
loss for optimization:

L𝑀𝐹𝑃𝑖 =
1
|I |

∑︁
𝑓 ∈I

CrossEntropy(𝑝𝑖,𝑓 , 𝑥𝑖,𝑓 ) (6)
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Figure 2: The illustration of (a) MAP framework, (b) masked feature prediction (MFP), (c) replaced feature detection (RFD), and
(d) finetune. MFP and RFD are derived from the MAP framework by customizing the design of feature corruption and recovery
layers. In the finetuning stage, we maintain the same model structure, and load the parameters from the pretrained model to
initialize the embedding layer and feature interaction layer.

3.2.3 Noise Contrastive Estimation. The MFP method introduced
above is still impractical and extremely expensive, since in Eq. 5
we have to calculate the softmax function over the large global
feature space. Such a million-level multi-class classification problem
leads to a tremendous amount of memory usage and unacceptable
pretraining time cost for real-world applications. To this end, we
adopt noise contrastive estimation (NCE) [16, 39, 40] to reduce the
softmax overhead.

NCE converts the multi-class classification problem into a binary
classification task, where the model tries to distinguish the positive
feature (i.e., the masked feature 𝑥𝑖,𝑓 ) from noise features. Specifi-
cally, for the 𝑓 -th masked field, we sample 𝐾 noise features from
𝑀 candidate features according to their frequency distribution in
the training set. Then, we employ the binary cross-entropy loss:

L𝑁𝐶𝐸𝑖 = − 1
|I |


∑︁
𝑓 ∈I

(log𝜎 (𝑧𝑖,𝑓 ,𝑡 ) +
𝐾∑︁
𝑘=1

log(1 − 𝜎 (𝑧𝑖,𝑓 ,𝑘 )))
 , (7)

where 𝑧𝑖,𝑓 is the output of 𝑓 -th MLP predictor, 𝑡 is the feature index
of the positive feature, and 𝜎 is the sigmoid function. In this way,
we reduce the complexity of loss calculation from𝑂 (𝑀) to𝑂 (𝐾𝑚),
where 𝐾𝑚 ≪ 𝑀 , and 𝑚 is the number of masked fields. In our
experiment, 𝐾 = 25 is enough to achieve a good CTR performance
for the large global feature space (e.g.,𝑀 = 4millions).

3.3 Replaced Feature Detection
As shown in Figure 2(c), we further propose the replaced feature
detection (RFD) algorithm to provide fine-grained and more diverse
pretraining signals from all the feature fields, instead of a subset of
fields in MFP (i.e., the masked fields).

In the RFD pretraining stage, we first corrupt the original input
sample 𝑥𝑖 by a feature replacement layer, where we randomly re-
place a certain proportion of the features with other features. Then,
after obtaining the compact representation 𝑞𝑐

𝑖
from the embedding

and feature interaction layers, we employ a field-wise prediction
layer to detect whether the feature in each field is replaced or not.

3.3.1 Feature Replacement Layer. For an input sample with 𝐹 fea-
tures (i.e., 𝑥𝑖 = [𝑥𝑖,1, . . . , 𝑥𝑖,𝐹 ]), we randomly replace a part of the
features, and denote the set of indices of replaced fields as I. The
proportion of features to be replaced is a hyperparameter repre-
sented as corrupt ratio 𝛾 . Next, we replace each of these selected
features by a random sampling from the empirical marginal dis-
tribution (i.e., sample from the field-specific feature space by the
feature frequency distribution) of the corresponding field F̂𝑓 in the
training set, resulting in the corrupted sample 𝑥𝑐

𝑖
.

3.3.2 Field-wise Prediction Layer. Similar to MFP, we obtain the
representation 𝑞𝑐

𝑖
for the corrupted sample 𝑥𝑐

𝑖
through the em-

bedding layer and feature interaction layers. Then, we feed 𝑞𝑐
𝑖
to

an MLP predictor followed by an element-wise sigmoid function,
resulting in an 𝐹 -length predictive vector 𝑝𝑖 :

𝑝𝑖 = 𝜎 (MLP(𝑞𝑐𝑖 )), 𝑝𝑖 ∈ R
𝐹 , (8)

where 𝑝𝑖,𝑓 (𝑓 = 1, . . . , 𝐹 ) denotes the probability that the feature
in the 𝑓 -th field is replaced in the feature replacement layer. Finally,
we employ the binary cross-entropy loss for RFD pretraining:

L𝑅𝐹𝐷𝑖 =
1
𝐹

𝐹∑︁
𝑓 =1

BinaryCrossEntropy(𝑝𝑖,𝑓 , 𝑟𝑖,𝑓 ), (9)

where 𝑟𝑖,𝑓 ∈ {1, 0} (𝑓 = 1, . . . , 𝐹 ) is the label indicating whether
the feature in the 𝑓 -th field of sample 𝑥𝑖 is replaced or not.

Apparently, RFD serves as a simpler pretraining algorithm com-
pared with MFP which requires NCE to reduce the computational
overhead. While MFP only utilizes the masked fields (the corrupt
ratio 𝛾 is usually 10% - 30%) as self-supervised signals, RFD involves
all the feature fields to provide more sufficient and more diverse
signal guidance. We will evaluate the effectiveness and efficiency
of RFD later in Section 4.2 and Section 4.3, respectively.
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3.4 Complexity Analysis
We analyze the time complexity of our proposed MFP and RFD,
as well as two baseline pretraining algorithms (i.e., MF4UIP and
SCARF). We only analyze the component above the feature inter-
action layer (i.e., prediction layer and loss calculation) due to their
model-agnostic property.

Suppose the batch size is 𝐵, and we adopt a linear layer 𝑓 : R𝑙 →
R𝑛 to transform the compact representation 𝑞𝑖 (or 𝑞𝑐𝑖 ) to the final
predictive place. The time complexity of MF4UIP is 𝑂 (𝐵𝑙𝑛 + 𝐵𝑀),
where the main overhead of MF4UIP is the softmax computation
over the million-level feature space of size𝑀 . By adopting NCE, the
time complexity of MFP reduces to𝑂 (𝐵𝑙𝑛+𝐵𝐾𝑚), where𝐾𝑚 ≪ 𝑀 ,
and𝑚 is the number of masked features. By introducing the binary
classification mode, the time complexity of RFD further reduces to
𝑂 (𝐵𝑙𝑛 + 𝐵𝐹 ), where 𝐹 is the number of feature fields. Besides, as a
contrastive algorithm with InfoNCE loss, SCARF has a quadratic
complexity over the batch size: 𝑂 (2𝐵𝑙𝑛 + 4𝐵2𝑛).

In summary, MF4UIP and SCARF are non-scalable in terms of
feature space𝑀 and batch size 𝐵, respectively. MFP and RFD can
achieve lower complexity and is scalable for industrial applications
with million-level feature space and large batch size.

4 EXPERIMENT
In this section, we conduct extensive experiments to answer the
following research questions:
RQ1 Can MFP and RFD improve the predictive performance for

various base CTR models?
RQ2 How do MFP and RFD perform compared with existing CTR

pretraining methods?
RQ3 Does RFD improve the pretraining efficiency compared with

other pretraining methods?
RQ4 What are the influences of different pretraining configura-

tions for MFP and RFD?

4.1 Experiment Setup
4.1.1 Datasets. We conduct extensive experiments on two large-
scale CTR prediction benchmarks, i.e., Avazu and Criteo datasets.
Both datasets are divided into training, validation, and test sets
with proportion 8:1:1. The basic statistics of these two datasets are
summarized in Table 1. Note that the training set for the pretraining
stage and finetuning stage are the same, in order to make full use
of the large-scale datasets. We describe the preprocessing for the
two datasets as follows:
• Avazu originally contains 23 fields with categorical features.
We remove the id field that has a unique value for each data
sample, and transform the timestamp field into four new fields:
weekday, day_of_month, hour_of_day, and is_weekend, resulting
in 25 fields. We remove the features that appear less than 2 times
and replace them with a dummy feature <Unknown>.

• Criteo includes 26 anonymous categorical fields and 13 numeri-
cal fields. We discretize numerical features and transform them
into categorical features by log transformation1. We remove the
features that appear less than 10 times and replace them with a
dummy feature <Unknown>.

1https://www.csie.ntu.edu.tw/~r01922136/kaggle-2014-criteo.pdf

Table 1: The dataset statistics

Dataset #Training #Validation #Test #Fields #Features

Avazu 32,343,172 4,042,897 4,042,898 25 4,428,327
Criteo 36,672,493 4,584,062 4,584,062 39 1,086,794

4.1.2 Evaluation Metrics. To evaluate the performance of CTR
prediction methods, we adopt AUC (Area under the ROC curve)
and Log Loss (binary cross-entropy loss) as the evaluation metrics.
Slightly higher AUC or lower Log Loss (e.g., 0.001) can be regarded
as significant improvement in CTR prediction [29, 55, 58]

4.1.3 Base Models & Baselines. We evaluate the self-supervised
pretraining methods on various base CTR models with three differ-
ent feature interaction operators: (1) product operator, including
DeepFM [14], xDeepFM [29], and DCNv2 [58]; (2) convolutional
operator, including FiGNN [28] and FGCNN[31]; (3) attention oper-
ator, including AutoInt [49] and Transformer [52]. Additionally, we
adopt the classical DNN model, which proves to be a strong base
model for self-supervised learning in our experiments. We compare
our proposed MFP and RFD with two existing pretraining methods:
MF4UIP [56] and SCARF [2], which are chosen as representative
generative and contrastive algorithms, respectively.

4.1.4 Implementation Details. We provide detailed implementation
details in the supplementary material (i.e., Appendix A). The code
is available2.

4.2 Effectiveness Comparison (RQ1 & RQ2)
We apply five training schemes on each base model, and report the
results in Table 2. In the “Scratch” scheme, we train the randomly
initialized base model from scratch (i.e., supervised learning). In
other schemes, we first pretrain the base model according to the
corresponding method, and then finetune the pretrained model for
CTR prediction (i.e., self-supervised learning). From Table 2, we can
obtain the following observations:
• All the pretrain-finetune schemes can improve the performance
of base model on both metrics by a large margin compared with
the “Scratch” scheme, which demonstrates the effectiveness of
self-supervised learning for CTR prediction.

• The product based CTR models (e.g., DCNv2), together with the
DNN model, win the top places among the base models, when
equipped with self-supervised learning.

• Among the pretrain-finetune schemes, MFP and RFD generally
gain significant improvement over the two baseline pretraining
methods except for few cases, and RFD can consistently achieve
the best performance.
In addition to the performance comparison above, we also find

some interesting phenomena as follows:
• The pretrain-finetune scheme can greatly reduce the demand on
model structure design for CTR prediction. To our surprise, al-
though DNN model is inferior under the “Scratch” scheme, it
gains huge improvement under the pretrain-finetune schemes
(especially RFD) and wins the second place, outperforming a

2The PyTorch implementation is available at: https://github.com/CHIANGEL/MAP-
CODE. The MindSpore implementation is available at: https://gitee.com/mindspore/
models/tree/master/research/recommend/MAP

https://www.csie.ntu.edu.tw/~r01922136/kaggle-2014-criteo.pdf
https://github.com/CHIANGEL/MAP-CODE
https://github.com/CHIANGEL/MAP-CODE
https://gitee.com/mindspore/models/tree/master/research/recommend/MAP
https://gitee.com/mindspore/models/tree/master/research/recommend/MAP
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Table 2: The AUC and Log Loss (LL) performance of different base CTR models under different training schemes. We give the
relative performance improvement of each pretrain-finetune scheme over the “scratch” scheme. The best result for each base
model is given in bold, while the second-best value is underlined. The symbol * indicates statistically significant improvement
of our proposed MFP and RFD schemes over the two baseline schemes with 𝑝 < 0.001.

FI Operator Base Model Scheme Avazu Criteo
AUC ΔAUC ↑ LL ΔLL ↓ AUC ΔAUC ↑ LL ΔLL ↓

MLP DNN

Scratch 0.7920 - 0.3740 - 0.8105 - 0.4413 -
MF4UIP 0.7991 0.90% 0.3683 0.0057 0.8135 0.37% 0.4386 0.0027
SCARF 0.7989 0.87% 0.3684 0.0056 0.8122 0.21% 0.4399 0.0014

MFP (Ours) 0.8006∗ 1.09% 0.3675∗ 0.0065 0.8145∗ 0.49% 0.4373∗ 0.0040
RFD (Ours) 0.8016∗ 1.22% 0.3666∗ 0.0074 0.8152∗ 0.58% 0.4367∗ 0.0046

Attention

AutoInt

Scratch 0.7895 - 0.3751 - 0.8068 - 0.4452 -
MF4UIP 0.7919 0.30% 0.3729 0.0022 0.8089 0.26% 0.4429 0.0023
SCARF 0.7951 0.71% 0.3708 0.0043 0.8084 0.20% 0.4435 0.0017

MFP (Ours) 0.7952 0.72% 0.3707 0.0044 0.8100∗ 0.40% 0.4420∗ 0.0032
RFD (Ours) 0.7978∗ 1.05% 0.3693∗ 0.0058 0.8104∗ 0.45% 0.4416∗ 0.0036

Transformer

Scratch 0.7922 - 0.3751 - 0.8071 - 0.4446 -
MF4UIP 0.7945 0.29% 0.3713 0.0038 0.8090 0.24% 0.4427 0.0019
SCARF 0.7958 0.45% 0.3705 0.0046 0.8096 0.31% 0.4422 0.0024

MFP (Ours) 0.7968∗ 0.58% 0.3700∗ 0.0051 0.8112∗ 0.51% 0.4406∗ 0.0040
RFD (Ours) 0.8003∗ 1.02% 0.3678∗ 0.0073 0.8113∗ 0.52% 0.4405∗ 0.0041

Convolution

FiGNN

Scratch 0.7923 - 0.3735 - 0.8094 - 0.4424 -
MF4UIP 0.7925 0.03% 0.3728 0.0007 0.8117 0.28% 0.4405 0.0019
SCARF 0.7941 0.23% 0.3717 0.0018 0.8118 0.30% 0.4404 0.0020

MFP (Ours) 0.7971∗ 0.61% 0.3697∗ 0.0038 0.8117 0.28% 0.4404 0.0020
RFD (Ours) 0.7990∗ 0.85% 0.3684∗ 0.0051 0.8123∗ 0.36% 0.4395∗ 0.0029

FGCNN

Scratch 0.7951 - 0.3727 - 0.8107 - 0.4413 -
MF4UIP 0.7973 0.28% 0.3700 0.0027 0.8127 0.25% 0.4392 0.0021
SCARF 0.7964 0.16% 0.3700 0.0027 0.8120 0.16% 0.4398 0.0015

MFP (Ours) 0.7985∗ 0.43% 0.3697 0.0030 0.8135∗ 0.35% 0.4384∗ 0.0029
RFD (Ours) 0.7992∗ 0.52% 0.3682∗ 0.0045 0.8139∗ 0.39% 0.4381∗ 0.0032

Product

DeepFM

Scratch 0.7924 - 0.3747 - 0.8103 - 0.4416 -
MF4UIP 0.7970 0.58% 0.3692 0.0055 0.8109 0.07% 0.4414 0.0002
SCARF 0.7992 0.86% 0.3684 0.0063 0.8117 0.17% 0.4400 0.0016

MFP (Ours) 0.7998∗ 0.93% 0.3680 0.0067 0.8126∗ 0.28% 0.4392∗ 0.0024
RFD (Ours) 0.8010∗ 1.09% 0.3671∗ 0.0076 0.8139∗ 0.44% 0.4380∗ 0.0036

xDeepFM

Scratch 0.7967 - 0.3718 - 0.8112 - 0.4407 -
MF4UIP 0.7982 0.19% 0.3691 0.0027 0.8130 0.22% 0.4390 0.0017
SCARF 0.7992 0.31% 0.3685 0.0033 0.8126 0.17% 0.4395 0.0012

MFP (Ours) 0.7989 0.28% 0.3685 0.0033 0.8145∗ 0.41% 0.4374∗ 0.0033
RFD (Ours) 0.8012∗ 0.56% 0.3671∗ 0.0047 0.8152∗ 0.49% 0.4367∗ 0.0040

DCNv2

Scratch 0.7964 - 0.3727 - 0.8118 - 0.4403 -
MF4UIP 0.7987 0.29% 0.3686 0.0041 0.8149 0.38% 0.4370 0.0033
SCARF 0.8019 0.69% 0.3666 0.0061 0.8143 0.31% 0.4376 0.0027

MFP (Ours) 0.8029∗ 0.82% 0.3661∗ 0.0066 0.8164∗ 0.57% 0.4356∗ 0.0047
RFD (Ours) 0.8037∗ 0.92% 0.3655∗ 0.0072 0.8165∗ 0.58% 0.4355∗ 0.0048

range of carefully designed CTR models. Such a phenomenon
suggests that a simple MLP structure is capable of capturing
useful feature crossing patterns from the multi-field categorical
data with the help of self-supervised signals.

• The two training paradigms (supervised learning V.S. self-supervised
learning) favor different types of model structures. Previous works
always seek better designs ofmodel structures under the “Scratch”

scheme. However, we can observe several counterexamples that
a good model under the “Scratch” scheme is relatively bad for
pretrain-finetune schemes (e.g., FGCNN), or a bad model un-
der the “Scratch” scheme achieves competitive performance for
pretrain-finetune schemes (e.g., DNN).

The above two phenomena bring about the research question of
what model structures are more economic and effective for the
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Figure 3: The model size (Top) and run time per epoch (Bottom) of different pretraining methods. We perform logarithmic scale
on the 𝑦 axis, and denote the original value on the top of each bar. The experiment is conducted on the same server with one
GeForce RTX 3090 GPU. We only consider the learning parameters above the embedding layer for model size. We consider the
whole pretraining loop for run time per epoch, including the corruption operations as well as the backpropagation.

pretrain-finetune schemes. We give one conjecture about this topic
here, and leave further studies as future works. Our hypothesis is
that the pretrain-finetune scheme might prefer the bit-wise fea-
ture interaction (e.g., DCNv2) to the field-wise feature interaction
(e.g., Transformer). The bit-wise feature interaction enables larger
model capacity to learn better feature crossing patterns during the
pretraining stage.

4.3 Efficiency Analysis (RQ3)
After validating the effectiveness of our proposed MFP and RFD,
we conduct experiments to further analyze the efficiency of these
pretraining methods from the following two perspectives:
RQ3.1 What is the complexity of each pretraining method?
RQ3.2 How many pretraining epochs should a method takes to

achieve a certain performance (i.e., sample efficiency)?
For RQ3.1, we have already provided the complexity analysis

in Section 3.4. Following [55], we further empirically compare the
model size and run time per epoch of different pretraining methods
for different base CTR models in Figure 3. The experiments are con-
ducted on the same server with one GeForce RTX 3090 GPU. For fair
comparison, we launch one pretraining at a time as a single process
to exclusively possess all the computational resources. We maintain
the same structure of each base model for the four pretraining algo-
rithms, and set the corrupt ratio 𝛾 = 0.3. Since different pretraining
algorithms require different amounts of dynamic GPU memory,
we choose a proper batch size from {256, 512, 1024, 2048, 4096} to
make full use of GPU memory. From Figure 3, we can obtain the
following observations:
• SCARF is relatively time-consuming, though it has minimal pa-
rameters. The reason is that SCARF, as a contrastive method,
requires computing representations of different views from the
same instance, which doubles the run time of training loops.

• Although MFP maintains similar amount of learning parame-
ters compared with MF4UIP, it approximately exhibits an 18×
speedup over MF4UIP in terms of run time per epoch since we
adopt NCE to resolve the softmax overhead for million-level
predictive spaces.

• RFD is the most efficient pretraining algorithm with the lowest
complexity. It has relatively fewer learning parameters and the
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Figure 4: The AUC performance of three representative mod-
els (DCNv2, DNN, DeepFM) with different pretraining epochs
on Avazu (left column) and Criteo (right column) datasets.
We use black dashed lines to illustrate how many epochs
should RFD take to achieve a dominant performance over
other methods.

lowest run time per epoch, showing its simplicity and practica-
bility for industrial applications.

Next, to study RQ3.2, we investigate the sample efficiency and
give the AUC performance of base models under different pretrain-
ing epochs in Figure 4. We choose DCNv2, DNN, and DeepFM as the
representative base models due to the page limitation. MF4UIP is ex-
cluded due to its tremendous cost of time per epoch. Note that zero
pretraining epoch indicates that we train the model from scratch
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Figure 5: The hyperparameter study on corrupt ratio 𝛾 . We give the AUC and negative log loss performance of DNN, DCNv2
and DeepFM with MFP and RFD methods on Avazu (left two columns) and Criteo (right two columns) datasets.

without pretraining. In Figure 4, we can observe that MFP and
RFD consistently achieve better performance over SCARF under
different pretraining epochs. Moreover, as illustrated by the black
dashed lines, RFD can simply achieve the best performance with
limited pretraining epochs (10∼30), showing its superior sample
efficiency for CTR prediction.

In summary, we validate the pretraining efficiency of our pro-
posed methods (especially RFD), i.e., they can achieve better CTR
performance with fewer learning parameters, higher throughput
rates, and fewer pretraining epochs.

4.4 Ablation & Hyperparameter Study (RQ4)
In this section, we analyze the impact of hyperparameters or com-
ponents in MFP and RFD, including the corrupt ratio 𝛾 for both
MFP and RFD, the number of noise features 𝐾 in NCE for MFP, and
the feature replacement strategy for RFD. Similarly, we select DNN,
DCNv2 and DeepFM as the representative base models due to the
page limitation.

4.4.1 Corrupt Ratio 𝛾 . We select the value of corrupt ratio 𝛾 from
{0.1, 0.2, 0.3, 0.4, 0.5}, and show the impact in Figure 5. Both MFP
and RFD favor a small corrupt ratio (i.e., 0.1∼0.3). The reason is that
the over-corruption caused by a large corrupt ratio may change the
sample semantics and disturb the model pretraining.

4.4.2 The Number of Noise Samples 𝐾 . We select the number of
noise samples𝐾 in NCE for MFP from {10, 25, 50, 75, 100}, and show
the impact in Table 3. Surprisingly, the performance fluctuations of
both metrics (i.e., AUC and log loss) brought by different 𝐾s are all
within 0.0003, indicating that MFP is not sensitive to the number

Table 3: The hyperparameter study on the number of noise
features 𝐾 in NCE for MFP. Different 𝐾s only result in 0.0003
performance fluctuation on each model.

Dataset Model Metric
the number of noise features 𝐾

10 25 50 75 100

Avazu

DNN
AUC 0.8006 0.8006 0.8005 0.8006 0.8007

Log Loss 0.3674 0.3675 0.3674 0.3674 0.3673

DCNv2
AUC 0.8029 0.8029 0.8027 0.8027 0.8027

Log Loss 0.3661 0.3661 0.3661 0.3662 0.3661

DeepFM
AUC 0.7998 0.7998 0.7999 0.7998 0.7999

Log Loss 0.3680 0.3680 0.3678 0.3680 0.3680

Criteo

DNN
AUC 0.8145 0.8145 0.8146 0.8146 0.8147

Log Loss 0.4374 0.4373 0.4372 0.4372 0.4372

DCNv2
AUC 0.8163 0.8164 0.8164 0.8165 0.8165

Log Loss 0.4357 0.4356 0.4356 0.4355 0.4355

DeepFM
AUC 0.8125 0.8126 0.8127 0.8126 0.8126

Log Loss 0.4392 0.4392 0.4390 0.4393 0.4392

of noise samples 𝐾 in NCE. A small number of noise features (10
noise features out of the million-level feature space) is sufficient for
the model to learn effective feature crossing patterns and benefit
the final CTR performance.

4.4.3 Feature Replacement Strategy. We investigate the impact of
the feature replacement strategy in RFD, which needs to sample a
replacer for the original feature. We compare four different replace-
ment strategy variants shown in Table 4, and give the results in
Table 5. We observe that sampling by the feature frequency distribu-
tion is relatively better than uniform sampling. Moreover, sampling
from the global feature space can greatly hurt the CTR performance,
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Table 4: The feature replacement strategy variants for RFD
pretraining method. It is worth noting that our proposed
RFD adopts the field-frequency strategy.

Field-specific
Feature Space

Global
Feature Space

Sample Uniformly
Field-uniform 
Strategy (F-U)

Global-uniform 
Strategy (G-U)

Sample by the feature
frequency distr ibution

Field-frequency 
Strategy (F-F)

Global-frequency 
Strategy (G-F)

Sampling Space

Sampling Method

Table 5: The ablation study on feature replacement strat-
egy for RFD. F-F, F-U, G-F, G-U is short for field-frequency,
field-uniform, global-frequency, global-uniform strategies,
respectively. The best results are given in bold, while the
second-best values are underlined.

Dataset Model Metric
Feature Replacement Strategy

F-F (RFD) F-U G-F G-U

Avazu

DNN
AUC 0.8016 0.8012 0.7996 0.7955

Log Loss 0.3666 0.3669 0.3680 0.3705

DCNv2
AUC 0.8037 0.8035 0.8028 0.8016

Log Loss 0.3655 0.3656 0.3661 0.3669

DeepFM
AUC 0.8010 0.8008 0.7991 0.7947

Log Loss 0.3671 0.3675 0.3688 0.3705

Criteo

DNN
AUC 0.8152 0.8145 0.8118 0.8093

Log Loss 0.4367 0.4373 0.4402 0.4423

DCNv2
AUC 0.8165 0.8163 0.8152 0.8131

Log Loss 0.4355 0.4357 0.4367 0.4387

DeepFM
AUC 0.8139 0.8130 0.8100 0.8079

Log Loss 0.4380 0.4389 0.4417 0.4442

since an out-of-field replacer feature forms a simplistic pretext task
where the model can easily detect the replaced field. The model
might overfit the easy pretext task during the pretraining, and thus
lose the generalization ability for downstream CTR prediction task.

5 RELATEDWORK
5.1 Click-through Rate Prediction
The click-through rate (CTR) prediction serves as a core function
module in various personalized online services, including online
advertising, recommender systems, and web search, etc [69]. With
the rise of deep learning, many deep neural CTR models have
been recently proposed. The core idea of them is to capture the
feature interactions, which indicates the combination relationships
of multiple features. The deep CTR models usually leverage both
implicit and explicit feature interactions. While the implicit feature
interactions are captured by a deep neural network (DNN), the
explicit feature interactions are modeled by a specially designed
learning function. According to the explicit feature interaction
operators, these deep CTR models can be mainly classified into
three categories: (1) product operator, (2) convolutional operator,
and (3) attention operator.

Product Operator. The product-based CTR models originate
from classical shallow models such as FM [46] and POLY2 [4].

FFM [26] and NFM [21] are variants of FM, where the second-
order feature interactions are captured by the inner product of
feature embeddings. DeepFM [14] and PNN [44] combine the FM
layer with DNNs for higher-order feature interactions. PIN [45]
further extends PNN by introducing a network-in-network struc-
ture to replace the inner product interaction function. FiBiNET [24]
introduces the SENET mechanism [23] to learn the weights of fea-
tures dynamically before product interactions. Moreover, DCN [57],
xDeepFM [29], DCNv2 [58] are proposed for the explicit high-order
feature interaction modeling by applying product-based feature
interactions at each layer explicitly. Therefore, the order of feature
interactions to be modeled increases at each layer and is determined
by the layer depth.

Convolutional Operator. Apart from the product operator,
Convolutional Neural Networks (CNN) and Graph Convolutional
Networks (GCN) are also explored for feature interaction modeling
in CTR prediction. CCPM [32] is the first work adopts the CNN
module for CTR prediction. However, CCPM can only learn part of
feature interactions between adjacent features since it is sensitive
to the field order. FGCNN [31] improves CCPM by introducing a
recombination layer to model non-adjacent features. FiGNN [28]
treats the multi-field categorical data as a fully connected graph,
where each field serves as a graph node and feature interactions
are captured via graph propagation.

Attention Operator. AFM [62] improves FM by leveraging an
additional attention network to allow feature interactions to con-
tribute differently to the final CTR prediction. AutoInt [49] utilizes a
multi-head self-attentive neural network with residual connections
to explicitly model the feature interactions with different orders.
InterHAt [27] combines a transformer network with multiple at-
tentional aggregation layers for feature interaction learning. These
attention-based CTRmodels can also provide explainable prediction
via attention weights.

5.2 Self-supervised Learning
Self-supervised learning has achieved great success in Nature Lan-
guage Processing (NLP) [8, 10] and Computer Vision (CV) [20]. They
usually adopt a pretrain-finetune scheme, where we first pretrain
an encoder based on pretext tasks, and then finetune a model ini-
tialized by the pretrained encoder for downstream tasks. According
to the pretext task, self-supervised learning can be mainly classi-
fied into two categories: (1) contrastive methods and (2) generative
methods. Contrastive methods learn a latent space to draw positive
samples together (e.g., different views of the same image) and push
apart negative samples (e.g., images from different categories) [11].
Numerous techniques are proposed to promote the performance
of contrastive methods such as data augmentation [18, 68], con-
trastive losses [5, 6], momentum encoders [7, 13, 20], and mem-
ory banks [51, 60]. Generative methods [3, 10, 19, 65] reconstruct
the original input sample from the corrupted one. For example,
BERT [10] requires the model to recover the masked token from
the corrupted sentences. Besides, ELECTRA [8] adopts an adversar-
ial structure and pretrains the model as a discriminator to predict
corrupted tokens, which is proven to be more sample-efficient.

In recommender systems, many works apply self-supervised
learning to user behavior sequences [15, 36, 50, 59, 63], manually



KDD ’23, August 6–10, 2023, Long Beach, CA, USA Jianghao Lin and YanruQu, et al.

designed graph data [17, 38, 53], or multi-modal data [35, 37]. They
explore the pretraining methods for better representations to fur-
ther enhance the recommendation performance with enriched side
information. However, these sequential/graph/multi-modal meth-
ods are essentially incompatible with the CTR data, i.e., multi-field
categorical data format.

In CTR prediction, there exist works [42, 54, 66] that incorporate
the self-supervised signals in a semi-supervised manner, where the
cross-entropy loss is jointly optimized with an auxiliary loss in
one stage. As for CTR pretraining methods, VIME [67] proposes a
semi-supervised learning algorithm to learn a predictive function
based on the frozen pretrained encoder. MF4UIP [56] leverages
the BERT framework [10] for user intent prediction. SCARF [2]
adopts SimCLR framework [5] and InfoNCE loss [41] to pretrain
the model in a contrastive manner. Compared with these works, our
proposed MFP and RFD methods are more scalable for industrial
applications and achieve the state-of-art performance in terms of
both effectiveness and efficiency for CTR prediction.

6 CONCLUSION
In this paper, we propose a Model-agnostic Pretraining (MAP)
framework that applies feature corruption and recovery on multi-
field categorical data for CTR prediction. Based on different strate-
gies of corruption and recovery, we derive two practical algorithms:
masked feature prediction (MFP), and replaced feature detection
(RFD). Extensive experiments show that MFP and RFD achieve
new state-of-the-art performance in terms of both effectiveness
and efficiency for CTR prediction. For future work, a promising
direction is to explore what model structures are more suitable for
self-supervised paradigm, since we find different models receive
quite different performance gains combined with self-supervised
learning in Section 4.2. Furthermore, we will investigate on the pos-
sible saturation of downstream CTR performance as the pretraining
volume grows (e.g., from million to billion or even more).
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A IMPLEMENTATION DETAILS
In this section, we describe the implementation details for our em-
pirical experiments. We conduct both supervised learning (i.e., the
“Scratch” scheme) and self-supervised learning (i.e., four pretrain-
finetune schemes) over different base models (i.e., CTR model).
We first introduce the model configuration for each base model,
and then give the training settings for supervised learning and
self-supervised learning, respectively. Finally, we describe how to
employ the pretraining methods for the assembled models (e.g.,
DCNv2 and DeepFM).

A.1 Configuration for Base Models
We choose the embedding size from {16, 32, 64}. The dropout rate
is selected from {0.0, 0.1, 0.2}. We utilize one linear layer after the
feature interaction layer to make the final CTR prediction. Un-
less stated otherwise, we adopt ReLU as the activation function.
The model-specific hyperparameter settings for base models are as
follows:

• DNN. We select the size of DNN layer from {1000, 2000}, and
the number of DNN layers from {3, 6, 9, 12}.

• AutoInt.We select the number of attention layers from {3, 6, 9, 12}.
The number of attention heads per layer and the attention size
are set to 1 and 64, respectively.

• Transformer. We select the number of layers from {3, 6, 9, 12}.
The number of attention heads is set to 1, and the intermediate
size of feed-forward network is set to quadruple the embedding
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size. We also try both the post-norm [52] and pre-norm [64]
structure.

• FiGNN. We select the number of layers from {3, 6, 9, 12}, and
apply residual connection for the graph layers.

• FGCNN. Wemaintain 4 tanh-activated convolutional layers with
a kernel size of 7 and pooling size of 2 for each layer. The number
of channels for each layer is set to 8, 10, 12, 14, respectively. The
numbers of channels for recombination layers are all set to 3.

• DeepFM. We select the size of DNN layer from {1000, 2000},
and the number of DNN layers from {3, 6, 9, 12}.

• xDeepFM. We choose the number of CIN layers from {2, 3, 4, 5},
and the number of units per CIN layer is set to 25. We select the
size of DNN layer from {1000, 2000}, and the number of DNN
layers from {3, 6, 9, 12}.

• DCNv2. We select the size of DNN layer from {1000, 2000},
and the number of DNN layers from {3, 6, 9, 12}. We force the
CrossNet module to have the same number of layer as the DNN
network.

A.2 Settings for Supervised Learning
We train each base model from scratch based on click signals with-
out pretraining. We adopt the Adam optimizer with weight decay
rate selected from {0.01, 0.05}. The batch size is 4096, and the learn-
ing rate is chosen from {10−3, 7 × 10−4, 5 × 10−4} without decay.
We adopt early stop if the AUC performance on the validation set
stops increasing for two consecutive epochs. Finally, we choose the
model at the iteration with the highest validation AUC performance
for evaluation in the test set.

A.3 Settings for Self-supervised Learning
For self-supervised learning paradigm, we implement four different
pretraining methods for CTR prediction. We give the settings for
the pretraining and finetuning stages as follows.

A.3.1 Pretraining Stage. We adopt the Adam optimizer with the
weight decay rate of 0.05. The learning rate is initialized at 10−3, and
is scheduled by cosine decay. There is no warm-up epochs during
the pretraining. The corrupt ratio is selected from {0.1, 0.2, 0.3}. We
adopt a two-layer MLP with 32 hidden units for the (field-wise)
output layer. The method-specific settings are as follows:
• MF4UIP. We set the batch size to 256 and only pretrain each base
model for 5 epoch, due to its tremendous cost of GPU memory
and throughput time.

• SCARF. We set the batch size to 2048, and pretrain each base
model for 60 epochs. The temperature in InfoNCE loss is 1.0.

• MFP. We set the batch size to 4096, and pretrain each base model
for 60 epochs. The number of noise samples 𝐾 for NCE is 25.

• RFD. We set the batch size to 4096, and pretrain each base model
for 60 epochs.

A.3.2 Finetuning Stage. The batch size is set to 4096. The initial
learning rate is selected from {10−3, 7×10−4, 5×10−4}, and is sched-
uled by cosine decay. The total finetuning epoch is chosen from
{1, 2, 3, 4}. We adopt the Adam optimizer and choose the weight
decay rate from {0.01, 0.05}. We choose the model at the iteration
with the highest validation AUC performance for evaluation in the
test set.

A.4 How to Pretrain the Assembled Models?
The deep CTR models usually leverage the parallel structure to
incorporate the explicit feature interaction model with the DNN
module as follows:

𝑝 (𝑦𝑖 = 1|𝑥𝑖 ) = 𝑓 (𝑥𝑖 ) +MLP(𝑥𝑖 ), (10)

where 𝑓 (·) is the explicit feature interaction model. For examples,
DCNv2 assembles DNN and CrossNet. DeepFM assembles DNN
and FM. We abstract them as assembled models that add up outputs
from multiple (≥ 2) modules for final CTR prediction.

Suppose we have 𝑁 modules to be assembled. Each of them pro-
duces one vector 𝑞𝑖,𝑘 (𝑘 = 1, . . . , 𝑁 ) for the input sample 𝑥𝑖 before
the last prediction layer. If the module is a shallow network that out-
puts a scalar (e.g., LR, FM), we simply denote it as a vector that has
only one dimension. Then, we get the compact representation 𝑞𝑖
from the assembled model by concatenating the 𝑁 output vectors:

𝑞𝑖 = [𝑞𝑖,1 ⊕ 𝑞𝑖,2 ⊕ · · · ⊕ 𝑞𝑖,𝑁 ], (11)

where ⊕ is the vector concatenation. After obtaining the compact
representation 𝑞𝑖 , we can follow the methodology described in
Section 3 to pretrain and finetune the assembled model.

B ADDITIONAL EXPERIMENTS
B.1 Finetuning Strategy
Since the embedding layer and feature interaction (FI) layer will
be further updated during the finetuning stage. We provide an
additional ablation study to investigate the influence of different
finetuning strategies (i.e., freezing different parts of CTR models
during finetuning). We choose DCNv2, DNN, and DeepFM as the
representative models, and study the effect for both MFP and RFD
tasks. The results are reported in Table 6.

From Table 6, we observe that either freezing the embedding
layer or the feature interaction layer will badly hurt the final perfor-
mance for all base models and pretraining methods. This indicates
that there exists gap between the pretraining objective and CTR pre-
diction task. The pretrained parameters provide a useful warm-up
initialization, but still require further updating for the downstream
CTR prediction task.

B.2 Joint Pretraining of MFP and RFD
We conduct ablation experiments to further analyze the effect of
joint pretraining of our proposed MFP and RFD, where the loss
function for each input 𝑥𝑖 is:

𝐿
𝐽 𝑜𝑖𝑛𝑡
𝑖

= 𝛼 × 𝐿𝑀𝐹𝑃𝑖 + (1 − 𝛼) × 𝐿𝑅𝐹𝐷𝑖 , (12)

where 𝛼 is a hyperparameter to balance the loss terms from MFP
and RFD. We set other hyperparameters to be the same as the best
configuration in the RFD pretrain-finetune scheme for simplicity,
and apply grid search to select 𝛼 from {0.1, 0.3, 0.5, 0.7, 0.9}. DCNv2,
DNN, DeepFM are chosen as the representative base models. The
results are reported in Table 7.

Our observation and discussion towards the results in Table 7
are in three folds:
• The joint method could achieve slightly better (or comparable)
performance compared to the best pretraining method RFD.
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Table 6: The ablation study on the finetuning strategies (i.e.. whether freeze the embedding layer and feature interaction layer
or not). The best results are given in bold, while the second-best values are underlined.

Pretraining Strategy Base Model
Finetuning Strategy Avazu Criteo

Update Embed Update FI AUC Log Loss AUC Log Loss

MFP

DNN

✔ ✔ 0.8006 0.3675 0.8145 0.4373
✔ ✘ 0.7958 0.3706 0.8083 0.4433
✘ ✔ 0.7749 0.3824 0.8059 0.4451
✘ ✘ 0.7325 0.4052 0.7611 0.4812

DCNv2

✔ ✔ 0.8029 0.3661 0.8164 0.4356
✔ ✘ 0.8001 0.3679 0.8109 0.4409
✘ ✔ 0.7767 0.3815 0.8103 0.4412
✘ ✘ 0.7396 0.4019 0.7710 0.4739

DeepFM

✔ ✔ 0.7998 0.3680 0.8126 0.4392
✔ ✘ 0.7951 0.3710 0.8057 0.4458
✘ ✔ 0.7778 0.3808 0.8050 0.4461
✘ ✘ 0.7580 0.3924 0.7762 0.4717

RFD

DNN

✔ ✔ 0.8016 0.3666 0.8152 0.4367
✔ ✘ 0.7981 0.3691 0.8083 0.4434
✘ ✔ 0.7763 0.3816 0.8065 0.4445
✘ ✘ 0.6775 0.4269 0.7611 0.4812

DCNv2

✔ ✔ 0.8037 0.3655 0.8165 0.4355
✔ ✘ 0.8011 0.3675 0.8112 0.4406
✘ ✔ 0.7776 0.3811 0.8098 0.4416
✘ ✘ 0.7355 0.4041 0.7639 0.4791

DeepFM

✔ ✔ 0.8010 0.3671 0.8139 0.4380
✔ ✘ 0.7961 0.3705 0.8066 0.4450
✘ ✔ 0.7804 0.3794 0.8038 0.4472
✘ ✘ 0.7577 0.3931 0.7861 0.4627

Table 7: The ablation study on the joint pretraining of MFP
and RFD. The best results are given in bold, while the second-
best values are underlined.

Dataset Model Metric Pretraining Strategy
MFP RFD Joint

Avazu

DNN AUC 0.8006 0.8016 0.8017
Log Loss 0.3675 0.3666 0.3667

DCNv2 AUC 0.8029 0.8037 0.8035
Log Loss 0.3661 0.3655 0.3660

DeepFM AUC 0.7998 0.8010 0.8015
Log Loss 0.3680 0.3671 0.3668

Criteo

DNN AUC 0.8145 0.8152 0.8153
Log Loss 0.4373 0.4367 0.4366

DCNv2 AUC 0.8164 0.8165 0.8164
Log Loss 0.4356 0.4355 0.4356

DeepFM AUC 0.8126 0.8139 0.8145
Log Loss 0.4392 0.4380 0.4374

• It is worth noting that the joint pretraining method consistently
reaches the best performance with 𝛼 = 0.1. This indicates that
RFD surpasses MFP and mainly contributes to the performance
improvement.

• In addition, since the corruption and recovery strategies for MFP
and RFD are different, the joint training method requires two
forward/backward propagations for each data instance, which
greatly increases the training cost (e.g., GPU memory usage and
run time per epoch).
Although the joint training method might achieve better perfor-

mance with finer-grained hyperparameter search, we think RFD is
still a more elegant and practical pretraining method in terms of
both effectiveness and efficiency.
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