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In line with the increasing machine learning model inference accuracy, deep learning (DL) models have been
increasingly applied to structured data for a wide spectrum of real-world applications, including product
recommendations, online advertisement, healthcare analytics and risk analysis. However, unlike unstructured
data, structured data is high-dimensional and sparse and therefore engenders a large number of parameters in
DL, making DL models more prone to overfitting. To alleviate the overfitting problem, various regularization
methods have been designed to constrain the model parameters as a means to control the model complexity.
Unfortunately, these methods are often restricted to regularizing the parameter values directly without
considering the intrinsic correlations and dependencies between attribute fields of structured data which is
however key to effective structured data modeling.

In this paper, we re-examine DL for structured data from a new perspective of attribute interactions. In
particular, we seek to explicitly model and regularize the pairwise relationships between attribute fields
of structured data, in a field-adaptive manner, via a proposed attentive and interpretable framework called
ATT-Reg. Specifically, in this framework, a set of attentive weight matrices are introduced to each attribute
field for modeling obviously different relationships with its neighboring attribute fields. Further, we derive
from the Bayesian viewpoint a novel Attentive Regularization method for imposing adaptive regularization
strengths on different pairs of attribute fields, based on the informativeness of their relationship, which is
calculated using both data-driven information and functional dependency (FD) knowledge. Such adaptive
regularization facilitates each attribute field to learn discriminative and diversified representations for more
effective predictive analytics. We also develop a feature attribution method for supporting more interpretable
predictions. We validate the effectiveness of our ATT-Reg on six real-world datasets. Extensive experimental
results show that ATT-Reg achieves significant improvement over state-of-the-art graph models, attentive
models as well as regularization methods and supports an excellent degree of interpretation.
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1 INTRODUCTION
Structured data analytics plays a pivotal role in various future-ready industries, such as e-commerce,
healthcare, fintech and logistics [6, 30, 32, 35, 46]. Mining patterns from structured data is known to
be challenging due to high-dimensionality and sparsity [6, 30, 59]. In particular, each attribute field
of structured data, e.g., the item ID in e-commerce or the diagnosis code in health, can comprise
up to millions of unique features, presenting great challenges for learning representations from
such high-dimensional and sparse data. Recently, deep learning (DL) models have achieved record-
breaking performance on a wide spectrum of areas, e.g., computer vision and natural language
processing. Although there is a growing interest in developing DL models for structured data,
their performances have not been satisfactory because of the overfitting problem caused by the
high-dimensionality and sparsity challenges [6, 49, 50, 59].
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Fig. 1. Learning Curves of a DL Model Trained with and without Regularization.

Take a real-world click-through rate prediction dataset such as Avazu as an example. This dataset
consists of 40,428,967 samples, 22 attribute fields and 1,544,250 different features. For this dataset,
suppose we train a DL model, the Graph Neural Network (GNN) [63], where each node represents
an attribute field, to predict whether a mobile ad will be clicked. The training curves of the plain
and regularized GNN models are illustrated in Figure 1. For the plain model, we observe that the
loss on training data (train-plain) keeps decreasing, while the loss on test data (test-plain) reaches
a low point and then quickly starts to increase after only a few epochs. This suggests that as the
training process progresses, the plain model trained without regularization quickly overfits to
the training data and cannot generalize well to unseen test data. For real-world high-dimensional
structured data, training DL models become increasingly more complex with large numbers of
model parameters. Such complex and over-parameterized models can easily memorize the noise in
the training data by sheer brute force and thus, tend to detract from generality over the unseen test
data [6, 12, 59].
Regularization is an effective and the most commonly adopted mechanism for mitigating the

overfitting problem [33, 34, 56, 60]. In general, regularization can be considered as introducing our
prior knowledge about the model or training to the learning process as a means to control the
model complexity, e.g., adding a regularization term to the loss function to constrain the values of
model parameters. For instance, as illustrated in Figure 1, when the GNN model is regularized with
L2-norm regularization [26], a widely used regularization technique in practice, the loss on the test
data (test-reg) decreases steadily as training progresses, indicating that regularization can indeed
help the model to converge and generalize better.
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Fig. 2. Overview of ATT-Reg Framework.

Unfortunately, existing regularization methods [26, 51, 57] are often restricted to regularizing
the parameter values directly by imposing the same regularization strength, without considering
the informativeness of different model parameters [24, 36, 56]. Additionally and more importantly,
inductive biases of structured data are not taken into consideration [28, 51, 52]. Specifically, unlike
text data where the ordering of words impacts the semantic meaning, and image data where nearby
pixels constitute local patterns, structured data follows set semantics, i.e., there is no natural ordering
of the attribute fields. Therefore, one major challenge for modeling structured data is actually how
to capture intrinsic correlations and dependencies between each attribute field and its neighboring
attribute fields, which is essential for predictive analytics of structured data [6, 10, 14, 30].

In this paper, with the consideration of the above-mentioned inductive biases of structured data,
we propose an attentive framework called ATT-Reg which calculates adaptive regularization to
solve the overfitting problem in structured data modeling. The overview of ATT-Reg is shown in
Figure 2. In our framework, the structured data is represented by a graph model, where each node
is an embedding vector that represents one attribute field (nodes 𝑖, 𝑗, 𝑘, 𝑙 in the figure) and each
node is connected with all other nodes, i.e., attributed fields, through attentive weight matrices𝑾 ,
in order to capture the no-order relationships between attribute fields [54]. The framework aims
to learn a refined representation (nodes 𝑖′, 𝑗 ′, 𝑘 ′, 𝑙 ′ in Figure 2) for each attribute field according to
different applications by considering every other attribute field.

Our observation is that each connecting attentive weight matrix 𝑾 can capture the relationship
between attribute field pairs, which is the key to learning each attribute field’s refined representation.
That is, the importance of an attribute field with respect to a given neighboring attribute field
should be unique among the two fields, and therefore, discriminating the strength of regularization
helps to differentiate the contribution of neighboring attribute fields for learning better refined
representations. To this end, we design a novel attentive regularization module in the ATT-Reg
framework to capture the intrinsic pairwise relationships between attribute fields to facilitate
adaptive and customizable regularization on the corresponding attentive weight matrix.
In ATT-Reg, the pairwise relationships are captured based on a designed attention mechanism

that takes into consideration both the similarity between attribute fields and the FD knowledge.
Weaker regularization is imposed on attribute field pairs with a larger attention weight and vice
versa. As a result, the adaptive regularization strengths help each attribute field to focus on more
informative neighboring attribute fields and disregard uninformative ones, leading to diversified
learned representations that help alleviate overfitting [11, 53, 64].

A key question here is how to integrate pairwise relationship into regularization? To be specific,
we derive our regularization method from the Bayesian viewpoint which suggests regulariza-
tion corresponds to the prior distribution of parameters. Consequently, we propose to integrate
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the attentive pairwise relationship between attribute field pairs to the prior distribution of the
corresponding attentive weight matrices.
For structured data applications, especially high-stake applications such as fintech and health-

care [5, 6, 16, 17, 62], interpretability is as important as predictive performance given that the
users have to understand how the inference has been made in order to accept the results for
decision making. As such, ATT-Reg is designed to support both global and local interpretations via
a novel feature attribution method that takes advantage of the attention weights learned during
the regularization process.

We summarize our contributions as follows:
• We re-examine DL for structured data from a new perspective of attribute interactions. In
particular, we explicitly model and regularize the pairwise relationships between attribute
fields of structured data, in a feld-adaptive manner.

• We introduce a set of attentive weight matrices to each attribute field for modeling the
obviously different relationships with its neighboring attribute fields.

• We design a novel attention mechanism that considers both similarity information and FD
knowledge to capture the pairwise relationships between attribute fields.

• We derive from the Bayesian viewpoint a novel attentive regularization method for imposing
adaptive regularization strengths on different pairs of attribute fields. Such adaptive regular-
ization facilitates each attribute field to learn discriminative and diversified representations
for more effective predictive analytics.

• We design an efficient feature attribution method based on attentive regularization to pro-
vide easy-to-understand global and local interpretations for supporting more interpretable
predictions of various structured data applications.

• We conduct extensive experiments on six real-world datasets. Results from all the datasets
demonstrate that ATT-Reg achieves better performance than state-of-the-art regularization
methods, i.e., L1-norm regularization [57], L2-norm regularization [26], GradClip [9] and
Max-norm [28, 51, 52].

The remainder of the paper is structured as follows. Section 2 introduces the preliminaries.
Section 3 presents the ATT-Reg framework. Section 4 reports the experimental results. Related
works are reviewed in Section 5, and Section 6 concludes the paper.

2 PRELIMINARIES
2.1 Structured Data
Structured data (or relational data, tabular data) refers to the data that are stored as tables where
each row is a tuple/sample and each column corresponds to an attribute field [27, 43, 44, 59]. We
note that features and attribute fields refer to similar, albeit slightly different concepts. The value
of an attribute field is either numerical or categorical. A domain describes the set of possible values
for each attribute field. The categorical domain has a fixed number of values where each value
corresponds to one feature, while each numerical domain corresponds to one feature with scalar
values [6, 43, 59].

In this paper, we represent the structured data as a logical table 𝑇 consisting of a set of rows and
columns, where each row presents a specific sample and the columns indicate numerical/categorical
attribute fields of that sample. Let 𝑦 denote the dependent attribute field, i.e., the prediction target,
and 𝒙 = [𝑥1, · · · , 𝑥 𝑗 , · · · , 𝑥 𝐽 ] denote the attribute field vector with 𝑥 𝑗 indicating the 𝑗-th attribute
field.
To conduct the predictive analytics on structured data, the most common approach is to se-

lect some columns as predictor variables and then apply an analytics model to learn a function
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for a specific column. While there has been a growing interest in adopting deep learning tech-
niques for addressing database problems [13, 22, 29, 61] and integrating predictive analytics into
RDBMS [4, 8, 21, 30, 40, 55], our work mainly focuses on regularizing structured data to learn better
representations for effective predictive analytics.

2.2 Bayesian Interpretation of Regularization
From the Bayesian perspective, regularization corresponds to a prior distribution over the model
parameters𝒘 . Let D denote the observed data and𝒘 denote the model parameters.

According to Bayes’ Theorem [1], the posterior probability of model parameters𝒘 is given by

𝑝 (𝒘 |D) = 𝑝 (D|𝒘)𝑝 (𝒘)
𝑝 (D) , (1)

where 𝑝 (D|𝒘) is the likelihood function and 𝑝 (D) is a constant. Maximum a posteriori (MAP) meth-
ods are commonly used to estimate model parameters𝒘 as the mode of the posterior distribution.
In this way, the MAP problem can be formulated as:

𝒘𝑀𝐴𝑃 = argmax
𝒘

𝑝 (𝒘 |D)

= argmax
𝒘

𝑝 (D|𝒘)𝑝 (𝒘)

= argmax
𝒘

log𝑝 (D|𝒘) + log𝑝 (𝒘)
(2)

The term log𝑝 (𝒘) is the log of the model parameter prior distribution, which corresponds
to the regularization term. A classic example of the parameter prior distribution 𝑝 (𝒘) is the
Laplacian distribution and the Gaussian distribution, which corresponds to L1-norm and L2-norm
regularization respectively.

2.3 Functional Dependency
Functional dependencies (FDs) [15, 41, 44] model relationships between attribute fields for relational
data. An FD 𝑋 → 𝑌 over a relation schema 𝑅 states that the values of attribute field set 𝑋 uniquely
determine the values of attribute field 𝑌 , where𝑋 is a set of attribute fields in 𝑅 and 𝑌 is an attribute
field in 𝑅.

As a kind of integrity constraints, functional dependencies are critical for various core data man-
agement tasks, such as data repairing [45], schema normalization [42] and query optimization [7],
etc. In comparison, ATT-Reg learns the relationships between attribute fields adaptively via a
designed attention mechanism, which considers both data-driven information and FD knowledge,
for more discriminative representations and thus better predictive analytics.

3 ATT-REG FRAMEWORK FOR STRUCTURED DATA
In this section, we first present an overview of ATT-Reg which is designed to capture pairwise
relationships between attribute fields in an attentive manner with adaptive regularization. We then
elaborate on each component of ATT-Reg and introduce the feature attribution method for local
and global interpretation.

3.1 Overview
The main intuition of ATT-Reg is that pairwise relationships between attribute fields are significant
for predictive analytics of the structured data.We seek to explicitlymodel and regularize the pairwise
relationships between attribute fields of structured data, in a field-adaptive manner. Specifically,
we first design a set of attentive weight matrices for each attribute field to model the obviously
different relationships with its neighboring attribute fields. We further derive a novel attentive
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Fig. 3. Example Graph Model with Four Nodes for Structured Data.

regularization method from the Bayesian viewpoint to impose adaptive regularization strengths
on different pairs of attribute fields, based on the informativeness of their relationships that are
learned via a well-designed attention mechanism. Such adaptive regularization facilitates each
attribute field to learn discriminative and diversified representations for more effective predictive
analytics.

3.2 Graph Model Module
3.2.1 Graph Model with Attentive Weight Matrices. The graph model is designed to capture the no
natural ordering property of structured data. The rationale behind the design is that we assume no
prior knowledge on the attribute fields so that we construct a fully-connected graph to represent
their relationships. In this graph, each node represents an attribute field and all nodes are connected
in a fully-connected manner, with customized attentive weight matrices between nodes. Both
categorical and numerical attribute fields are projected into the embedding space so that each node
is an embedding vector. An example graph model with four nodes (attribute fields) is shown in
Figure 3.

For a centre node 𝑖 of layer (𝑚 + 1), the node representation is obtained by:

ℎ
(𝑚+1)
𝑖

= 𝜎 (Σ 𝑗∈N(𝑖 )𝑾
(𝑚+1)
𝑖, 𝑗

ℎ
(𝑚)
𝑗

). (3)

This process is also called learning refined representations.

3.2.2 Prediction Function. The graph model defined in Section 3.2.1 learns the refined represen-
tation for each node by considering all its neighboring nodes as Equation 3 shows. After this
process, there are 𝐼 embeddings of size 𝑛𝑒 , where 𝐼 denotes the number of all attribute fields. These
embeddings are then concatenated to form a vector 𝑦 with dimensions 𝐼 × 𝑛𝑒 . Subsequently, this
vector is fed to a multilayer perceptron (MLP) to derive higher-level feature representations via
non-linear transformations:

ℎ = 𝑴𝑳𝑷 (𝑦), ℎ ∈ 𝑛ℎ (4)

the learned ℎ is then fed to the final prediction layer:

𝑦 =𝑊ℎ + 𝑏, (5)
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where𝑊 ∈ 𝑅𝑛𝑝×𝑛ℎ and 𝑏 ∈ 𝑛𝑝 are the weight and bias respectively. 𝑛𝑝 corresponds to the number
of the prediction targets of the learning task.

3.2.3 Loss Function. The final prediction output 𝑦 calculated in Equation 5 can be adopted in
various learning tasks, e.g., classification, regression, as long as the corresponding loss functions
are used, e.g., Cross Entropy (CE), MSE, etc. Take the binary classification task as an example, the
corresponding loss function is the Binary Cross Entropy (BCE) :

𝐵𝐶𝐸𝐿𝑜𝑠𝑠 (𝑦,𝑦) = − 1
𝑁
Σ𝑁
𝑖=1𝑦𝑖 log𝜎 (𝑦𝑖 ) + (1 − 𝑦𝑖 ) log(1 − 𝜎 (𝑦𝑖 )), (6)

where 𝑦 and 𝑦 are the ground truth labels and the predictions respectively. 𝑁 is the number of
training samples.

3.3 Attentive Regularization Module
Attentive regularization is designed to capture the intrinsic pairwise relationships between attribute
fields in structured data and to impose weaker regularization on more informative attribute field
pairs and vice versa.

First, we need to rethink the assumption of common L2-norm regularization, i.e., gaussian prior for
model parameters. To be specific, instead of each model parameter having the same Gaussian prior,
in reality, the model parameters may have priors that of different shapes of Gaussian distribution.

According to the Bayesian theorem, Gaussian with a larger variance corresponds to larger model
parameters and weaker regularization, which leads to more informative features. Inspired by this
fact, we argue that the prior distributions of attentive weight matrices for different pairs of fields
should be different and customized in order to model the different relative importance among
different pairs of attribute fields.

3.3.1 Regularization Term. The prior distribution is designed to capture the relationship between
attribute fields. Specifically, we define the generation probability of each model parameter𝑤𝑖, 𝑗 in
the attentive weight matrix𝑾𝑖, 𝑗 that connects attribute field 𝑖 with attribute field 𝑗 as follows:

𝑝 (𝑤𝑖, 𝑗 ) = 𝐶{exp(−1
2
(
𝑤𝑖, 𝑗

1√
𝜆𝛼𝑖,𝑗

)2)}, (7)

where C is the normalization coefficient, and 𝜆 is the hyperparameter that controls the regularization
strength of model parameter𝑤𝑖, 𝑗 .
This equation shows the prior distribution for model parameter 𝑤𝑖, 𝑗 is a Gaussian distribu-

tion with variance 1
𝜆𝛼𝑖,𝑗

. Note that the variance of the Gaussian distribution is the same for the
model parameters from the same attentive weight matrix, and are different for different attentive
weight matrices𝑾𝑖, 𝑗 , depending on the customized variance 1

𝜆𝛼𝑖,𝑗
, leading to the adaptive Gaussian

distribution.
To be specific, weaker regularization should be imposed on attentive weight matrices that connect

more informative attribute field pairs and vice versa. We thus propose to learn the informativeness
in an adaptive and attentive way. The key idea is that informativeness is indicated by how correlated
an attribute field pair is so that each attribute field attends to more informative neighboring attribute
fields. As a result, different attribute fields are able to learn diversified and discriminative refined
representations.
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In Equation 3, we denote the centre node 𝑖 is attached with a node embedding ℎ
(𝑚)
𝑖

∈ 𝑅𝑛𝑒

and the neighboring node 𝑗 is attached with ℎ
(𝑚)
𝑗

∈ 𝑅𝑛𝑒 . We propose to calculate the similarity
𝑧
(𝑚+1)
𝑖, 𝑗

between ℎ (𝑚)
𝑖

and ℎ (𝑚)
𝑗

in the layer𝑚 as follows:

𝑧
(𝑚+1)
𝑖, 𝑗

=
⟨ℎ (𝑚)

𝑖
, ℎ

(𝑚)
𝑗

⟩

|ℎ (𝑚)
𝑖

| |ℎ (𝑚)
𝑗

|
. (8)

This design of cosine similarity takes into consideration the magnitude of the node embeddings.
Specifically, small node embedding values lead to nearly indistinguishable attention values, which is
meaningless. This issue is addressed by the cosine similarity via normalizing each node embedding.

We then use the softmax to normalize the similarity as the attention weights:

𝑧
(𝑚+1)
𝑖, 𝑗

= 𝑠𝑜 𝑓 𝑡𝑚𝑎𝑥 (𝑧 (𝑚+1)
𝑖, 𝑗

). (9)

This attention weight determines how much a neighboring node 𝑗 contributes to the centre node
𝑖 . The Softmax function in Equation 9 exhibits a zero-sum game behavior in the regularization:
a relaxation in one neighbor will strengthen the regularization in other neighbors, leading to
diversified regularization strengths.

Lastly, we derive 𝜶 (𝑚+1)
𝑖

from 𝒛 (𝑚+1)
𝑖

as follows:

𝜶 (𝑚+1)
𝑖

=
1

𝒛 (𝑚+1)
𝑖

. (10)

The rationale here is that the attentive regularization method tends to impose weaker regularization
on the more informative neighbors, which are measured by the attention weights calculated in
Equation 9.

According to Bayesian theorem introduced in Section 2.2, after we take the negative logarithm
of 𝑝 (𝑤𝑖, 𝑗 ) = 𝐶{exp(− 1

2 (
𝑤𝑖,𝑗

1√
𝜆𝛼𝑖,𝑗

)2)}, the regularization for attentive weight matrix between attribute

field 𝑖 and attribute field 𝑗 of layer𝑚 can be rewritten as the adaptive L2-norm regularization as
follows:

𝑅𝑒𝑔 =
1
2
𝜆𝛼

(𝑚+1)
𝑖, 𝑗

𝑤
(𝑚+1)
𝑖, 𝑗

2
=
𝜆

2
1

𝑧
(𝑚+1)
𝑖, 𝑗

𝑤
(𝑚+1)
𝑖, 𝑗

2

=
𝜆

2
{[Σ𝑘∈N(𝑖 ) exp(

⟨ℎ (𝑚)
𝑖

, ℎ
(𝑚)
𝑘

⟩

|ℎ (𝑚)
𝑖

| |ℎ (𝑚)
𝑘

|
)]/[exp(

⟨ℎ (𝑚)
𝑖

, ℎ
(𝑚)
𝑗

⟩

|ℎ (𝑚)
𝑖

| |ℎ (𝑚)
𝑗

|
)]}𝑤 (𝑚+1)

𝑖, 𝑗

2
,

(11)

where the first part is the regularization strength and the second part is the quadratic term of
model parameters. Equation 11 indicates that attentive regularization takes all the neighbors into
consideration. Moreover, it affects model parameters through both the regularization strength and
the quadratic term because these two parts will have gradients flow back to model parameters
through hidden node embeddings ℎ (𝑚)

𝑖
and ℎ (𝑚)

𝑗
.

In summary, if the cosine similarity of ℎ (𝑚)
𝑖

and ℎ (𝑚)
𝑗

in the same layer has larger values, higher
attention weight 𝑧 (𝑚+1)

𝑖, 𝑗
will be learned which leads to weaker regularization on their attentive

weight matrix𝑾 (𝑚+1)
𝑖 𝑗

.
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3.3.2 Attentive Regularization using Two Layers. For the cosine similarity defined in Section 3.3.1,
the regularization strength in Equation 11 has gradients flowing back to hidden nodes ℎ (𝑚)

𝑖
and

ℎ
(𝑚)
𝑗

, which increases their cosine similarity if the attentive weight matrix𝑾 (𝑚+1)
𝑖, 𝑗

is large. This
will over-smooth the node representations and harms the predictive performance.

Consequently, we further propose to calculate the similarity using the node representations of
two layers as follows:

𝑧
(𝑚+1)
𝑖, 𝑗

=
⟨ℎ (𝑚+1)

𝑖
,𝑾 (𝑚+1)

𝑖, 𝑗
ℎ
(𝑚)
𝑗

⟩

|ℎ (𝑚+1)
𝑖

| |𝑾 (𝑚+1)
𝑖, 𝑗

ℎ
(𝑚)
𝑗

|
. (12)

This calculates the cosine similarity between ℎ
(𝑚+1)
𝑖

and 𝑾 (𝑚+1)
𝑖, 𝑗

ℎ
(𝑚)
𝑗

, which is an adding term
of ℎ (𝑚+1)

𝑖
according to Equation 3. This design involves both layers (𝑚) and (𝑚 + 1), so that the

regularization will not over-smooth the hidden nodes of the same layer.
Further, if the cosine similarity between ℎ

(𝑚+1)
𝑖

and 𝑾 (𝑚+1)
𝑖, 𝑗

ℎ
(𝑚)
𝑗

from two layers has larger
values, higher attention weight 𝑧 (𝑚+1)

𝑖, 𝑗
will be learned which leads to weaker regularization on their

attentive weight matrix𝑾 (𝑚+1)
𝑖 𝑗

.
For this ATT-Reg using the node representations of two layers, the regularization is thus changed

to:

𝑅𝑒𝑔 =
1
2
𝜆𝛼

(𝑚+1)
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⟩
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ℎ
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|
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2
.

(13)

In this equation, the first part is the regularization strength and the second part is the quadratic
term of model parameters. The intuition is that the regularization strength between attribute fields 𝑖
and 𝑗 is related to the attention weight 𝑧 (𝑚+1)

𝑖, 𝑗
, which is adaptively calculated by considering all the

neighbors of the attribute field 𝑖 , namely 𝑁 (𝑖). The attention weight is determined by the similarity
value calculated in Equation 12 using the node representations of two layers. With Equation 13,
larger similarity values between 𝑖 and 𝑗 indicate that the corresponding attribute field pair is more
informative, and thus weaker regularization is imposed.

3.3.3 Exploitation of Functional Dependencies. As mentioned in Section 2.3, FDs explicitly model
the relationships between attribute fields. An FD 𝑋 → 𝑌 , where 𝑋 is a set of attribute fields and
𝑌 is an attribute field, indicates that the attribute field 𝑌 is highly related to the attribute fields
in 𝑋 . Likewise, the attention weight 𝑧 (𝑚+1)

𝑖, 𝑗
calculated in Equation 9 is designed to measure the

importance of the attribute field 𝑗 to 𝑖 . We thus propose to inject the relationship knowledge
modeled by FDs into the calculation of attention weight.

To this end, we represent the relationship knowledge from FDs using a matrix 𝑭 ∈ R𝐼×𝐼 , where
𝐼 is the number of all attribute fields. 𝑭𝑖, 𝑗 denotes the contribution of attribute field 𝑗 to attribute
field 𝑖 . In the first step, we initialize every entry of knowledge matrix 𝑭 to zero. After which,
we decompose each FD with more than one attribute fields on the right-hand side, namely the
dependent attribute fields, into multiple FDs with only one dependent attribute field, so that the
contributions of other attribute fields to the dependent attribute field can be derived in the next
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Fig. 4. Attentive Gradient Flow.

step. Lastly, we iterate all the FDs, and for a specific FD 𝑋 → 𝑖 with a single dependent attribute
field 𝑖 , where 𝑋 represents a set of 𝑘 attribute fields, we add 1/𝑘 to 𝑭𝑖, 𝑗 for every 𝑗 ∈ 𝑋 .

Such a constructed knowledge matrix 𝑭 contains the relationship information derived from FDs
for every attribute field pair. This can be exploited as additional knowledge to the attention weight
𝑧
(𝑚+1)
𝑖, 𝑗

that measures the importance of the attribute field 𝑗 to 𝑖 . We can thus inject 𝑭 into the
calculation of 𝑧 (𝑚+1)

𝑖, 𝑗
and update Equation 9 as follows:

𝑧
(𝑚+1)
𝑖, 𝑗

=
exp (𝑧 (𝑚+1)

𝑖, 𝑗
) + 𝛽𝑭𝑖, 𝑗∑𝑁 (𝑖 )

𝑘=1 {exp (𝑧 (𝑚+1)
𝑖,𝑘

) + 𝛽𝑭𝑖,𝑘 }
. (14)

The equation shows that the attention weight 𝑧 (𝑚+1)
𝑖, 𝑗

is dependent on two factors. The first is the
similarity calculated using the node representations of two layers (Equation 12), which is the data-
driven information. The second is the FD knowledge represented by 𝑭 , and 𝛽 is a hyperparameter
to balance the two factors.

3.3.4 Optimization. The model parameters in ATT-Reg are optimized using the gradient descent
method. Figure 4 illustrates the gradient flow. The gradients of model parameters, e.g.,𝑊 (𝑚)

𝑖 𝑗
,

𝑊
(𝑚+1)
𝑖 𝑗

, etc, come from two sources. The first source is hidden features, e.g., ℎ (𝑚)
𝑖

, ℎ (𝑚)
𝑗

, etc, and
the second is the quadratic term in the regularization defined in Equation 13.
Notably, two factors affect the hidden features ℎ (𝑚)

𝑖
. The first factor is BCELoss defined in

Equation 6 which measures the discrepancy between the ground truth and the prediction. The
second factor corresponds to the first part of regularization defined in Equation 13, denoted as the
regularization strength. Different from traditional regularization methods that only affect model
parameter values explicitly, regularization in ATT-Reg also sends gradients to these hidden features
for additional supervision. Such a regularization design produces a synergistic effect that the hidden
features help to optimize model parameters with more supervision signals, and meanwhile, these
model parameters support learning hidden features in an adaptive and data-driven manner for
improving predictive performance.

3.4 Basis Decomposition
In the current design of the graph model module, there is one trainable attentive weight matrix per
pair of nodes. Consequently, there may be drastic increase in the number of parameters in certain
applications with a large number of attribute fields, which leads to the overfitting and slow training.
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We thus introduce a scheme to improve the efficiency of the training by parameter sharing with
basis matrices [48], where

𝑾 (𝑚+1)
𝑖, 𝑗

= Σ𝑃𝑝=1𝛼
(𝑚+1)
𝑝,𝑖, 𝑗

𝑩 (𝑚+1)
𝑝 (15)

In this basis matrix approach, for the same layer, e.g., (𝑚 + 1), all the attentive weight matrices
are defined as linear combinations of 𝑃 basis matrices 𝑩 (𝑚+1)

1 , 𝑩 (𝑚+1)
2 , ..., 𝑩 (𝑚+1)

𝑃
, and the only

node-pair-specific parameters are the 𝑃 combination weights 𝛼 (𝑚+1)
1,𝑖, 𝑗 , 𝛼 (𝑚+1)

2,𝑖, 𝑗 , ..., 𝛼 (𝑚+1)
𝑃,𝑖, 𝑗

for each 𝑖 , 𝑗
pair.

Basis decomposition facilitates weight sharing among attentive weight matrices between different
pairs of nodes, and it reduces the model size by a large margin. Specifically, denote 𝐼 as the number
of attribute fields, 𝑛𝑖𝑛 and 𝑛𝑜𝑢𝑡 as the input and output dimension of the attentive weight matrices,
the model complexity can be reduced from 𝐼 × 𝐼 × 𝑛𝑖𝑛 × 𝑛𝑜𝑢𝑡 to 𝑃 × 𝑛𝑖𝑛 × 𝑛𝑜𝑢𝑡 , where 𝑃 is much
smaller than 𝐼 × 𝐼 and it is related to number of attribute fields 𝐼 .
In the framework of basis decomposition, now the effects of regularization are pushed from

adjusting the attentive weight matrices to adjusting the basis matrices and combination weights.

3.5 Interpretation and Feature Attribution
Interpretability measures the extent to which the prediction results can be understood by human [3,
17, 37], which encourages users to accept the results for decision making. There exist general post-
hoc interpretation methods which treat the trained model as a black box and provide model-agnostic
interpretation results [31, 47]. However, these methods provide interpretations by approximating
the model’s behaviour, which is not reliable and can be misleading [17, 31]. On the contrary, we
design ATT-Reg to provide interpretation results in a more transparent manner.
Specifically, the attention weight calculated in Equation 9 measures how much a neighboring

node contributes to the centre node. Hence, for a specific node, we can thus aggregate their
attention weights towards all the centre nodes as its feature attribution [17, 47], which measures
the contribution of this attribute field to the final prediction. Formally, for node 𝑗 of layer𝑚, we
sum 𝑧

(𝑚+1)
𝑖, 𝑗

over all centre nodes 𝑖 as follows:

𝑓 𝑒𝑎_𝑎𝑡𝑡 ( 𝑗 (𝑚) ) = Σ𝑖𝑧
(𝑚+1)
𝑖, 𝑗

. (16)

The proposed feature attribution method facilitates local interpretability, i.e., feature attribution
on a per-sample basis; Meanwhile, it supports global interpretability by aggregating the feature
attribution of all the samples.

4 EXPERIMENTS
In this section, we evaluate the effectiveness, efficiency and interpretability of ATT-Reg using six
real-world datasets.

4.1 Experimental Setup
4.1.1 Datasets. We conduct experiments on six datasets, with diversified feature types consisting
of numerical features, categorical features and mixed features. The diversity of datasets and appli-
cations should allow us to show the robustness of ATT-Reg. Table 1 summarizes the characteristics
of the datasets.
1) Adult Dataset1

1https://archive.ics.uci.edu/ml/datasets
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Table 1. Dataset Characteristics

Dataset # Samples # Fields # Features Feature Type
Adult 48842 14 14 numerical
Bank 45211 19 70 mixed

Cardiovascular 70000 11 23 mixed
Creditcard 284807 29 29 numerical
Movielens 2006859 3 90445 categorical
Avazu 40428967 22 1544250 categorical

The Adult dataset [25] is from a real-world Census database. In this dataset, the prediction
task is to determine whether a person makes over 50k a year. We use this dataset to show the
usage of ATT-Reg in the social science application area. In this dataset, there are 48842 samples,
14 attribute fields including age, workclass, education, race, capital-gain, etc, with 14 different
numerical embedding vectors.
2) Bank Dataset2

The Bank dataset [38, 39] is related to direct marketing campaigns (phone calls) of a banking
institution. The classification goal is to predict if a client will subscribe a term deposit. In this
dataset, there are 45211 samples and 19 attribute fields such as age, job, marital status, education,
loan, etc, with 70 different numerical/categorical embedding vectors, including eight numerical
attribute fields and eleven categorical attribute fields.
3) Cardiovascular Diseases Prediction Dataset3

For the healthcare dataset, the prediction task is to predict the presence or absence of cardiovas-
cular disease for a patient. Cardiovascular diseases are the leading cause of death globally. By using
this dataset, we want to demonstrate how can ATT-Reg contribute meaningfully to healthcare
analytics. There are three types of input features, including factual information, results of medical
examination and patients’ demographics information. All the values were collected at the moment
of medical examination. In total, there are 70000 records of patients data, 11 attribute fields, such as
age, height, blood pressure, cholesterol, alcohol intake, etc, with 23 different numerical/categorical
embedding vectors, including four numerical attribute fields and seven categorical attribute fields.
4) Creditcard Dataset4

For this finance dataset, the prediction task is the fraud detection in a bank. In modern banking,
it is important to apply advanced analytics to analyze fraudulent behaviors to pre-empt or reduce
fraud cases. This dataset, together with the Bank dataset, are used to evaluate the effectiveness of
ATT-Reg in the finance application area. In total, there are 284807 samples, 29 attribute fields with
29 numerical embedding vectors.
5) MovieLens Dataset5

The MovieLens dataset [18] is from the MovieLens website, which provides movie recommenda-
tion services. The dataset describes 5-star rating and free-text tagging activity from MovieLens
and the task is personalized tag recommendation. The dataset consists of 2006859 samples, three
attribute fields, namely, user ID, movie ID and tag, with 90445 different categorical embedding
vectors.

2https://archive.ics.uci.edu/ml/datasets
3https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
4https://www.kaggle.com/jacklizhi/creditcard
5https://grouplens.org/datasets/movielens/
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Fig. 5. Comparison between ATT-Reg and Baseline Methods.

6) Avazu Dataset6

Avazu is a publicly accessible online advertising click-through rate (CTR) prediction dataset. In
online advertising, CTR is an important metric for evaluating the effectiveness of advertisements.
Consequently, CTR predictions are essential and widely used for sponsored search and real-time
bidding. This dataset consists of 11 days of Avazu data for buidling and testing prediction models.
The prediction task is whether a mobile ad will be click. In total, the dataset has 40428967 samples,
22 attribute fields with 1544250 different numerical/categorical embedding vectors such as app and
device information.

6https://www.kaggle.com/c/avazu-ctr-prediction
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4.1.2 Preprocessing Methods. Each attribute field, either categorical or numerical, of the raw input
is transformed into an embedding vector. To be specific, each categorical attribute field is mapped
into an embedding vector via the standard embedding lookup. It should be noted that the number of
embedding vectors for a categorical attribute field can be extremely large in real-world applications.
Also, each numerical attribute field is transformed into an embedding vector of the same dimension
by linearly scaling the corresponding embedding vector of this attribute field with the scalar
attribute field value.

We divide the whole dataset into a random 6.8-1.2-2 training-validation-test split. Then we use
the training dataset for training, validation dataset for determining the hyperparameters. The test
dataset is used for reporting the final performance of the model.

4.1.3 Baseline Methods. We compare ATT-Reg with graph models, attentive models and regulariza-
tion methods. A key property of ATT-Reg is to adaptively consider all the neighboring nodes in the
graph through the attentive regularization. We thus first compare ATT-Reg with existing graph and
attentive models which extract neighbor information in different ways. Secondly, we will compare
ATT-Reg with existing regularization methods in deep learning models. Both ATT-Reg and the
baseline regularization methods share the same model structured as introduced in Section 3.2.

The brief introduction of these baseline methods is as follows.

• GCN [23] represents each attribute field as a node in the graph and captures the interactions
between neighboring nodes via graph convolution. When considering the information of
neighboring nodes, GCN tends to downweight neighbors with very high degrees as it assumes
information from very high-degree nodes may not be very useful.

• GAT [54] represents each attribute field as a node in the graph as GCN does. The interaction
between neighboring nodes are modeled via the attention mechanism. For a specific node, it
considers the neighbors via the calculated attention weights.

• AimNet [58] represents each attribute field as an embedding vector. This attentive model
captures the interaction between the target attributed field and non-target attribute fields via
a variation of the dot product attention mechanism.

• L1-norm regularization [57], which is also known as Lasso [36], is defined as adding the
absolute values of the model parameters to the objective function. The L1-norm regularization
forces insignificant model parameters to be zero, which is desirable in situations where a
sparse solution is preferable. L1-norm regularization corresponds to a Laplacian prior on
model parameters.

• L2-norm regularization, also known as weight decay [26], ridge regression or Tikhonov
regularization [56], adds a quadratic term to the objective function. The addition of this weight
decay term shrinks the values of model parameters. L2-norm regularization corresponds to a
Gaussian prior on model parameters.

• Max-norm regularization [28, 51, 52] regularizes the values of the model parameters similar
to L1-norm and L2-norm regularization by constraining the norm of model parameters to be
bounded by a constant.

• Gradient clip (GradClip) [9] method imposes constraints on the gradients of the model
parameters to ensure that the updates of model parameters at each step are not too large.
This method is different from the above three regularization methods which constrain the
values of model parameters directly.

4.1.4 Hyperparameter Settings. For a fair comparison, we use the same training settings for all
the baselines and our ATT-Reg. Specifically, the fully-connected graph models for all the baseline
regularization methods are the same as the graph model for ATT-Reg. We denote this graph model
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Fig. 6. Global Feature Attribution on Adult Dataset.

as the base graph model. For GCN, GAT, AimNet and the base graph model, the input and the
hidden embedding sizes are set to 10 and 25 respectively, and the number of layers is set to two.

In all the experiments, the optimizer is Adam with a learning rate of 1e-3. We adopt a batchsize
of 512 for Adult and Bank datasets, 1024 for the cardiovascular diseases prediction dataset, and
4096 for all the other datasets. The training epochs for all the datasets and methods are set to 100.

4.1.5 Evaluation Metric. As the prediction tasks of all the datasets are binary classification, and
some of these datasets are unbalanced. To evaluate the proposed ATT-Reg, we use the metric, Area
Under the receiver operating characteristic Curve (AUC) to measure the classification performance.
A receiver operating characteristic curve is a graph showing the performance of a classification
model at all classification thresholds. AUC is then calculated as the area under the curve and it
measures a model’s ability to distinguish between different classes. Larger AUC values indicate
better performance of the model.

4.1.6 Environment. All the experiments are carried out on a server equipped with Xeon(R) Silver
4114 CPU @ 2.2GHz (10 cores), 256G memory and GeForce RTX 2080 Ti. We implement all the
models with PyTorch 1.6.0 with CUDA 10.2.

4.2 Predictive Performance on Real-World Datasets
In this section, we compare our ATT-Reg with GAT, GCN, AimNet, and four state-of-the-art
regularization methods on six real-world datasets.
The comparison results are shown in Figure 5. Comparing ATT-Reg with the three baseline

models, namely, GAT, GCN and AimNet, GAT and GCN perform the worst on most of the datasets.
This is due to the model structure. Comparing with other regularization methods which use
the base graph model with attentive weight matrices between different attribute field pairs, GAT
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Fig. 7. Global Feature Attribution on Cardiovascular Dataset.

and GCN share the same weight matrix among all pair of attribute nodes, which lead to worse
results. Although GAT adopts the attention mechanism to differentiate the importance of different
neighboring nodes, the attention weight does not affect the shared weight matrix directly, which is
less effective than ATT-Reg that affects the values of the attentive weight matrices between different
attribute field pairs directly through the attentive regularization. AimNet achieves comparable
or the best results among all the baseline methods on four smaller datasets. However, for the
two largest datasets, namely MovieLens and Avazu, it obtains worse results than the baseline
regularization methods. This could be due to the fact that AimNet has been designed for a different
application. AimNet solves the problem of missing data imputation where the raw data may have
missing values across different attribute fields. To predict the target attribute fields with missing
values, AimNet captures the relationships between the target attribute field and non-target attribute
fields via an attention mechanism. While the applications of ATT-Reg have a fixed target attribute
field and complete raw data. The attention of ATT-Reg is calculated between all the non-target
attribute field pairs for field interaction modeling.

Comparing ATT-Reg with the baseline regularization methods, ATT-Reg outperforms all of them.
This is attributed to the adaptive and customized regularization ATT-Reg imposes on different pairs
of attribute fields. For all other baseline regularization methods, although they try to constrain
either the norm or the gradient of the model parameters, the regularization strength is the same
for all pairs of attribute fields, without considering the informativeness of different attribute field
pairs, which leads to inferior performance.
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Fig. 8. Local Feature Attribution on Adult Dataset.
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4.3 Interpretability
In this section, We show the interpretability results, namely, global and local feature attribution, of
ATT-Reg using two representative application domains, namely, the income prediction on Adult
dataset and the cardiovascular disease prediction on the healthcare dataset. For both datasets, we
show 10 most important attribute fields for illustration. The explanations of the attribute fields for
both datasets are publicly available from their dataset link given in Section 4.1.1.

4.3.1 Global Feature Attribution. The global feature attribution is obtained by aggregating the
feature attribution of each sample as explained by Equation 16. We compare the global feature
attribution results of ATT-Reg with two widely used interpretation methods, namely Lime [47]
and Shap [31]. To be specific, Lime provides interpretation for a model by giving variations of the
data into the tested model while Shap, whose key idea comes from the coalitional game theory,
explains the prediction results by computing the contribution of each feature to the prediction. For
both Lime and Shap, we feed the prediction results from ATT-Reg for test data to them and then
aggregate the interpretation results of all these test samples as the global feature attribution for
these two baseline interpretation methods.

Figures 6 and 7 show the global feature attribution results for two baseline interpretation methods
and ATT-Reg respectively. From Figure 6(c), we can observe that the most significant attribute
fields identified by ATT-Reg for the Adult dataset are age, marital status and education number.
Comparing with the results of Lime and Shap in Figures 6(a) and 6(b) respectively, we found that the
most significant attributes identified by ATT-Reg are consistent with those of these methods. This
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Table 2. Efficiency of Interpretation

Dataset Lime Shap ATT-Reg
Adult 11.43 hours 4.83 hours 5.64 seconds

Cardiovascular 4.75 hours 3.57 hours 5.62 seconds

observation indicates that the feature attribution calculated by informativeness between attribute
fields in ATT-Reg is as reliable as the state-of-the-art interpretation methods. In the meantime,
both the two baseline interpretation methods and ATT-Reg identify Systolic blood pressure (ap_hi)
and Cholesterol as the two key attribute fields for the cardiovascular diseases prediction.

4.3.2 Local Feature Attribution. Local feature attribution is the interpretation result of a specific
sample. In this section, we show a representative sample for each dataset. The interpretation results
from these three methods are illustrated in Figures 8 and 9. From the figures, we observe that
for both Lime and Shap, in the Adult dataset, they only capture partial significant attribute fields
identified by the global feature attribution. In the meantime, they also include other attribute
fields as significant ones, e.g., capital-gain captured by Lime and workclass captured by Shap.
Similar phenomenon can be found in the other datasets. This indicates that these two interpretation
methods may not be able to provide consistent local interpretations for single samples. A possible
explanation is that Lime and Shap are surrogate models which approximate the model to provide
interpretation, which may cause variations and less reliable results for specific samples.
On the contrary, the local feature attribution results of ATT-Reg are rather consistent with the

global feature attribution results. For all the datasets, the top attribute fields identified by ATT-Reg
for this representative sample are the same as those identified by glocal feature attribution in
Figures 6 and 7. This is attributed to the mechanism of interpretation for ATT-Reg. Specifically,
ATT-Reg obtains the interpretable attention weights in a more transparent manner, i.e., within the
model forward pass process, which captures the intrinsic properties of the model.

It should be noted that in the cardiovascular disease prediction dataset, for this specific patient,
apart from the significant attribute fields identified by the global feature attribution, namely, Systolic
blood pressure (ap_hi) and Cholesterol, ATT-Reg additionally identifies age and diastolic blood
pressure (ap_lo) as significant attribute fields. With this local interpretation ability, ATT-Reg is able
to support personalized healthcare in daily life.

4.3.3 Comparison of Interpretation Time between ATT-Reg and Baseline Interpretation Methods.
In addition to providing reliable interpretation results, the interpretation efficiency of ATT-Reg
outperforms the two baseline interpretation methods by a large margin. Table 2 presents the time
for generating interpretations for all the test data samples for the two datasets. From the Table,
we found that while it takes Lime or Shap several hours to generate all the interpretation results,
ATT-Reg generates interpretation results within several seconds. This is attributed to the differences
of interpretation mechanisms between ATT-Reg and the two baseline interpretation methods. To be
specific, ATT-Reg generates interpretation results via only one forward pass of the trained model
on the test dataset. On the contrary, both Lime and Shap are surrogate models which need to tweak
each sample slightly and do evaluation in order to generate interpretation for this specific sample.
This process costs a lot more time by evaluating more extra samples.

4.4 Effectiveness of Design Choices
In this section, we discuss the effectiveness of four key design choices for ATT-Reg, namely, FD
Knowledge, one layer and two layer ATT-Reg, attention designs, and the number of bases.
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Table 3. Comparison between ATT-Reg and ATT-Reg-Knwl

Dataset ATT-Reg ATT-Reg-Knwl
Adult 0.9008 0.9090
Bank 0.7938 0.8004

1e-4 1e-3 1e-2 1e-1 1 10 100
Hyperparameter β

0.75

0.80

0.85

0.90

0.95
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C

Adult Bank

Fig. 10. Performance for Different 𝛽 Values.

4.4.1 Effectiveness of FD Knowledge. In this section, we present the results of exploiting FDs in
ATT-Reg on the UCI datasets which are widely used to benchmark FD discovery [2, 19, 41].

We consider the exact, minimal and non-trivial FDs, which are obtained using the TANE al-
gorithm [20, 41] from the training dataset. For both the Adult and Bank datasets, six attribute
fields are identified on the right-hand side of the FDs, i.e., the dependent attribute fields. We then
construct the knowledge matrix 𝑭 for each of the two datasets as introduced in Section 3.3.3, and
inject such FD information into ATT-Reg.
Table 3 shows the results of ATT-Reg and ATT-Reg-Knwl that exploits FD knowledge. From

Table 3, we can observe that ATT-Reg-Knwl further enhances the predictive performance of
ATT-Reg, which confirms the effectiveness of taking advantage of the relationships modeled by
FDs.

As defined in Equation 14, 𝛽 is a key hyperparameter that trades off the data-driven information
and FD knowledge. Here, we also investigate the impact of 𝛽 on the prediction performance and
illustrate the results in Figure 10. We find that smaller 𝛽 values can generally improve the prediction
performance, and a 𝛽 value larger than one over-focuses on the FD knowledge, which leads to a
noticeable decrease in the overall performance. This suggests that both the static FD knowledge
and the dynamic data-driven information are beneficial to the model training, and a harmonious
balance between the two can greatly improve the prediction performance.

4.4.2 Comparison between One Layer and Two Layer Attentive Regularization. In section 3.3.2, we
analyze tha the cosine similarity defined in Section 3.3.1 has gradients flowing back to hidden nodes
ℎ
(𝑚)
𝑖

and ℎ (𝑚)
𝑗

. This would increase their cosine similarity if the attentive weight matrix𝑾 (𝑚+1)
𝑖, 𝑗

is
large and causes over-smoothing of the node representations. To demonstrate the adverse effects
of over-smoothing, we show the comparison results of calculating cosine similarity using one layer
node representations as in Equation 8 and using two layer node representations as in Equation 12.
The results are shown in Table 4.

From this table, we observe that ATT-Reg dominates ATT-Reg-One-Layer in all the datasets. These
results are expected because calculating the cosine similarity using the node representations of only
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Table 4. Comparison Results between ATT-Reg-One-Layer and ATT-Reg

Dataset ATT-Reg-One-Layer ATT-Reg
Adult 0.8995 0.9008
Bank 0.7885 0.7938

Cardiovascular 0.798 0.7987
Creditcard 0.9804 0.981
Movielens 0.9614 0.9625
Avazu 0.765 0.7662

one layer is harmful for the predictive performance by over-smoothing all the node representations
in the same layer.

In order to further investigate this issue, we show the global feature attribution (values without
normalization) over all test samples for the top 10 attribute fields of two representative datasets,
namely, Adult and Cardiovascular. The results are shown in Table 5.

As shown in the table, the global feature attributions of the top 10 attribute fields by ATT-Reg are
more diversified that those by ATT-Reg-One-Layer. This is also due to the over-smoothing issue.
To be specific, as Equation 16 indicates, the global feature attribution is calculated by summing
the attention weights. Meanwhile, from Equations 8 and 9, we know that attention weights are
obtained by calculating the cosine similarity between node representations. In ATT-Reg-One-Layer
where over-smoothing happens, all the node representations tend to become the same, which leads
to the same attention weights 𝑧 (𝑚+1)

𝑖, 𝑗
and further leads to the same global feature attributions.

Apart from showing the global feature attribution of the top 10 attribute fields, we also present
the standard deviation of the global feature attributions of all the attribute fields for both datasets
in Table 6. As shown in the table, the standard deviation values of ATT-Reg-One-Layer are much
smaller than those of ATT-Reg. This confirms the fact that the global feature attribution values of
different attribute fields calculated by ATT-Reg-One-Layer are very similar, which is consistent
with the results presented in Table 5.

Table 5. Comparison of Global Feature Attribution

Adult Dataset

Method age workclass fnlwgt education education
num

marital
status occupation relationship race sex

ATT-Reg-One-Layer 16356.1 16334.5 16198.6 16497.8 16154.7 16267.3 16351.6 16096.5 16175.3 16551.9
ATT-Reg 18035.4 15870.0 15034.8 14218.3 17007.9 18585.9 16531.1 15000.0 14045.4 14087.2

Cardiovascular Dataset
Method height weight ap_hi ap_lo age gender cholesterol glucose smoke alcohol

ATT-Reg-One-Layer 13440.1 13506.4 13939.2 14168.4 14854.2 13891.4 14943.9 13877.8 14045.2 13507.4
ATT-Reg 12819.1 13215.9 17500.0 14323.0 15685.8 13025.8 15952.5 12544.6 12407.7 12943.4

4.4.3 Comparison of Attention Designs. In Equation 10, we assume that larger attention weights
indicate more informative attribute field pairs and thus weaker regularization is imposed.

Table 6. Standard Deviation of Global Feature Attribution

Dataset ATT-Reg-One-Layer ATT-Reg
Adult 128.553 1523.015

Cardiovascular 501.143 1870.913
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Table 7. Comparison of Attention Designs

Dataset Attn 1/Attn
Adult 0.8995 0.9008
Bank 0.7328 0.7938

Cardiovascular 0.7866 0.7987
Creditcard 0.9621 0.981
Movielens 0.9540 0.9625
Avazu 0.7548 0.7662

Table 8. Experimental Results on Basis Decomposition

Dataset 𝑃 = 5 ATT-Reg
Adult 0.9017 0.9008
Bank 0.7944 0.7938

Cardiovascular 0.7965 0.7987
Creditcard 0.9792 0.981
Movielens 0.9618 0.9625
Avazu 0.7557 0.7662

To verify the effectiveness of this design, we compare the performance of ATT-Reg and a variant
of ATT-Reg where the 𝜶 (𝑚+1)

𝑖
in Equation 10 is calculated as 𝜶 (𝑚+1)

𝑖
= 𝒛 (𝑚+1)

𝑖
. This means larger

attention weights lead to stronger regularization. We denote the ATT-Reg and the variant of ATT-
Reg as 1/𝑨𝒕𝒕𝒏 and𝑨𝒕𝒕𝒏 respectively. We tune these two methods using the same hyper-parameters
and show the best results in Table 7.

From the table, we observe that 1/𝑨𝒕𝒕𝒏 outperforms 𝑨𝒕𝒕𝒏 in all the datasets by a large margin.
These results confirm that using attention weights to represent the informativeness of attribute
field pairs are reasonable. In the meantime, the design of larger attention weights corresponding to
weaker regularization strengths help to improve the performance of ATT-Reg.

4.4.4 Experimental Results on Basis Decomposition. In Section 3.4, we introduce how ATT-Reg can
be integrated with the basis decomposition technique in order to further improve the efficiency
of the whole model. For this technique, the number of basis matrices 𝑃 is a key hyperparameter
to trade-off between efficiency and effectiveness. To be specific, if 𝑃 is set too small, the model
capacity will be reduced largely which degrades the model performance greatly. On the contrary,
if 𝑃 is set too large, it still involves large numbers of model parameters and does not relieve the
efficiency issue as well as causes overfitting.

In this experiment, we fix 𝑃 to five and see the performance across different datasets. The results
are shown in Table 8. From the table, we found that using basis decomposition degrades the overall
performance slightly. This is expected as setting 𝑃 to five reduces the number of model parameters
by a large margin. In the meantime, for Adult and Bank datasets, basis decomposition achieves
better results than ATT-Reg. This indicates that integrating basis decomposition with ATT-Reg has
the potential to improve existing results further if we fine-tune 𝑃 by taking more data characteristics,
e.g., number of fields, number of features, etc, into consideration.

4.5 Sensitivity Analysis of Hyperparameters
4.5.1 Effectiveness of 𝜆 Values. As defined in Equation 7, 𝜆 is a hyperparameter that controls the
strength of the regularization. Apart from the attentive regularization module which imposes
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Table 9. Comparison on Per Epoch Training Time (Seconds)

Dataset Max-
Norm

Grad-
Clip Lasso WD ATT-Reg

Adult 0.855 0.831 0.902 0.907 1.250
Creditcard 1.947 1.967 1.923 1.948 2.163

Cardiovascular 0.917 0.811 0.838 0.831 1.088
Bank 0.864 0.872 0.910 0.915 1.259

Movielens 6.214 6.174 6.164 6.137 6.92
Avazu 6.389 6.317 6.301 6.268 8.423

regularization on the graph model module, for other components in the model, e.g., the embedding
layer, the MLP before the final prediction layer, etc, weight decay (wd) is applied, which also affects
the overall model performance. As a result, in this section, we investigate the effects of 𝜆 and wd on
four representative datasets. The results are shown in Figure 11. From this figure, we can observe
that ATT-Reg with smaller 𝜆 values performs better than the one with larger 𝜆 values. When 𝜆

exceeds 0.1, the overall performance of the model decreases dramatically. The reason is that a large
𝜆 imposes excessive regularization on the model, which greatly constrains the model capacity for
learning refined representations. For wd values, they affect the model less significantly than 𝜆 since
the components wd act on do not directly deal with relationships of attribute field pairs.

4.6 Efficiency Comparison
In this section, we compare the efficiency between ATT-Reg and different regularization baseline
methods. We report the per epoch training time and per epoch inference time (validation and
testing) in Tables 9 and 10 respectively.
In terms of training, ATT-Reg consumes a bit more time than baseline methods. The majority

of the extra computational overhead comes from calculating the attention weights and the corre-
sponding gradients for attentive regularization. Nevertheless, ATT-Reg provides both performance
gain in predictive performance as well as reliable interpretation results.
During inference, ATT-Reg incurs no additional computational overhead as shown in Table 10.

This is due to the fact that regularization is only imposed on model parameters during training. In
validation and testing, there is no overhead from regularization.

5 RELATEDWORK
5.1 Graph and Attentive Models
A key property of ATT-Reg is to adaptively consider all the neighboring nodes in the graph through
the attentive regularization. For existing graph models, they have their own logic of considering
neighbors, e.g., they take the average of neighbors or take the weighted average of neighbors based
on degrees, e.g., GCN [23]. The rationale behind GCN is to downweight neighbors with very high
degrees, since the “signal” coming from these high-degree neighbors may be less precise and infor-
mative. However, GCN is based on graph structure statistics without the adaptability/learnability
during the training process. Compared with GAT [54], ATT-Reg differentiates different neighbor-
ing nodes by different attentive weight matrices and their corresponding adaptive regularization
strengths. While for GAT, the weight matrices are shared by all pairs of nodes and the differences
lie in the attention weights. Second, GAT’s attention mechanism is on the model side and is related
to labels. In comparison, ATT-Reg is not related to labels and it is regularization, i.e., prior of model
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Table 10. Comparison on Per Epoch Inference Time (Seconds)

Dataset Max-
Norm

Grad-
Clip Lasso WD ATT-Reg

Adult 0.645 0.638 0.641 0.635 0.638
Creditcard 0.908 0.908 0.911 0.912 0.908

Cardiovascular 0.623 0.634 0.623 0.624 0.623
Bank 0.626 0.628 0.626 0.632 0.626

Movielens 2.423 2.407 2.447 2.437 2.429
Avazu 4.627 4.692 4.666 4.626 4.655

parameters, in order to prevent overfitting. Moreover, attentive regularization acts on the training
phase to aid model learning, in the inference phase, since all the model parameters are learned,
attention calculation is not required. In terms of attentive models, AimNet [58] is designed for
the missing data imputation problem where the raw data has missing values in different attribute
fields. To predict target attribute fields that have missing values, AimNet models the relationships
between the target attribute field and non-target attribute fields via a variation of the dot product
attention mechanism. While ATT-Reg is developed for predictive analytics with complete data and
one fixed target attribute field, and the attention interaction is between non-target attribute field
pairs.

5.2 Regularization
Themost widely used regularization is L2-norm regularization [26], also called theweight decay [56].
It adds a quadratic term to the overall loss function in order to shrink the values of the model
parameters. From the bayesian perspective, L2-norm regularization corresponds to a Gaussian prior
on the model parameters.

L1-norm regularization [57], also called Lasso [36], has a similar form to L2-norm regularization,
but it adds the absolute values of the model parameters to the overall loss function. The L1-norm
regularization forces coefficients to be close to zero, and consequently, under the setting of the
L1-norm regularization, some coefficients are exactly zero, leading to sparse models. L1-norm
regularization corresponds to a Laplacian prior on the model parameters.

Similar to L1-norm and L2-norm regularization, Max-norm [28, 51, 52] also constrains the norm of
the model parameters. It enforces an absolute upper bound on the L2-norm of the model parameters.
In practice, it first performs the parameter updates as normal, and then enforces the constraint by
clamping the model parameters. An appealing property of Max-norm is that the model will not
explode even when the learning rates are set too high because the model parameters are always
bounded.

LikeMax-norm, gradient clip methods also impose constraints on themodel parameters. However,
different from Max-norm which imposes constraints on the model parameters directly, gradient
clip method imposes constraints on the gradients of the model parameters so that the updates of
model parameters at each step are not too large.
These methods impose the same regularization strengths on the model parameters instead of

being adaptive or customized. Also, they are designed for general applications without considering
the inductive biases of the structured data. For the ATT-Reg method we have proposed, we take
advantage of the inductive biases of the structured data and decide the customized regularization
strengths for each model parameter in an adaptive and attentive manner.
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Fig. 11. Performance for Different 𝜆 and wd Values.

6 CONCLUSIONS
In this paper, we propose ATT-Reg which imposes adaptive regularization on different attribute field
pairs in the structured data based on pairwise relationships. Specifically, a set of attentive weight
matrices are introduced to each attribute field for modelling obviously different relationships
with its neighboring attribute fields. We derive the attentive regularization method from the
Bayesian viewpoint for imposing adaptive regularization on these attentive weight matrices, and
the regularization strength is calculated based on the similarity information and FD knowledge. The
whole framework learns the refined representation for each attribute field by adaptively considering
all its neighboring attribute fields through attentive regularization. In addition, both global and
local interpretations are provided for the prediction results. In order to reduce the model complexity
and accelerate training, basis decomposition method is designed to impose weight sharing on the
attentive weight matrices. Experiments show that ATT-Reg yields better performance in terms of
AUC than existing methods and additionally provides easy-to-understand interpretations.
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