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ABSTRACT
Learning feature interactions is the key to success for the large-
scale CTR prediction and recommendation. In practice, handcrafted
feature engineering usually requires exhaustive searching. In order
to reduce the high cost of human efforts in feature engineering,
researchers propose several deep neural networks (DNN)-based ap-
proaches to learn the feature interactions in an end-to-end fashion.
However, existing methods either do not learn both vector-wise
interactions and bit-wise interactions simultaneously, or fail to
combine them in a controllable manner. In this paper, we propose
a new model, xDeepInt, based on a novel network architecture
called polynomial interaction network (PIN) which learns higher-
order vector-wise interactions recursively. By integrating subspace-
crossing mechanism, we enable xDeepInt to balance the mixture of
vector-wise and bit-wise feature interactions at a bounded order.
Based on the network architecture, we customize a combined opti-
mization strategy to conduct feature selection and interaction se-
lection. We implement the proposed model and evaluate the model
performance on three real-world datasets. Our experiment results
demonstrate the efficacy and effectiveness of xDeepInt over state-
of-the-art models. We open-source the TensorFlow implementation
of xDeepInt: https://github.com/yanyachen/xDeepInt.
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1 INTRODUCTION
Click-through rate (CTR) prediction model [24] is an essential com-
ponent for the large-scale recommendation system, online adver-
tising and search ranking [7, 12, 19, 31]. In online marketplace
scenario, accurately estimating CTR will enable the recommen-
dation system to show users the items they prefer to view and
explore, which has a direct impact on both short-term revenue and
long-term user experience.

The input features (e.g., user id, item id, item category, site do-
main) of CTR prediction model are usually in a multi-field categori-
cal format [32] and transformed via field-aware one-hot encoding
and multi-hot encoding [35]. The representation of each field is a
sparse binary vector. The corresponding cardinality of each field
determines the dimension of the sparse vector. The concatenation
of these sparse vectors naturally generates high-dimensional and
sparse feature representations.

In CTR prediction model, exploring useful feature interactions
plays a crucial role in improving model performance[7, 8, 16, 23, 29].
Traditionally, data scientists search and build hand-crafted fea-
ture interactions to enhance model performance based on domain
knowledge. In practice, feature interactions of high-quality require
expensive cost of time and human workload [12]. Furthermore, it
is infeasible to manually extract all possible feature interactions
given a large number of features and high cardinality [7]. Therefore,
learning low-order and high-order feature interactions automati-
cally and efficiently in a high-dimensional and sparse feature space
becomes an essential problem for improving CTR prediction model
performance, in both academic and industrial communities.

Deep learning models have achieved great success in recom-
mender systems due to its great feature learning ability. Several
deep learning architecture has been proposed from both academia
and industry (e.g.,[7, 8, 13, 16, 21, 22, 25, 26, 29]). However, All the
existing models utilize DNNs as building block for learning high-
order implicit bit-wise feature interactions, without bounded order.
Whenmodeling explicit feature interactions, the exiting approaches
only capture lower order explicit interactions efficiently. Learning
higher order typically requires higher computational cost.

In this paper, we propose a efficient neural network-based model
called xDeepInt to learn the combination of vector-wise and bit-
wise multiplicative feature interactions explicitly. Motivated by
polynomial regression, we design a novel Polynomial Interaction
Network layers to capture bounded degree vector-wise interactions
explicitly. In order to learn the bit-wise and vector-wise interactions
simultaneously in a controllable manner, we combine PIN with a
subspace-crossing mechanism, which gives a significant boost to
our model performance and brings more flexibility. The degree
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of bit-wise interactions grows with the number of subspace. In
summary, we make the following contributions in this paper:

• Wedesign a novel neural network architecture named xDeepInt
that models the vector-wise interactions and bit-wise in-
teractions explicitly and simultaneously, dispensing with
jointly-trained DNN and nonlinear activation functions. The
proposed model is lightweight. But it yields superior per-
formance than many existing models with more complex
structure.

• Motivated by higher-order polynomial logistic regression,
we design a Polynomial-Interaction-Network (PIN) layer
which learns higher-order explicit feature interactions recur-
sively. The degrees of interactions are controlled by tuning
the number of PIN layers. An analysis is conducted to demon-
strate the polynomial approximation properties of PIN.

• We introduce a subspace-crossing mechanism for modeling
bit-wise interactions across different fields inside PIN layer.
The combination of PIN layer and the subspace-crossing
mechanism allows us to control the the degree of bit-wise in-
teractions. As the number of subspaces increases, our model
can dynamically learn more fine-grained bit-wise feature
interactions.

• We design an optimization strategy which is in harmony
with the architecture of the proposedmodel. We apply Group
Lasso FTRL to the embedding table, which shrinks the entire
rows to zero and achieves the feature selection. To optimize
weights in PIN layers, we apply FTRL directly. The sparsity
in weights results in selection of feature interactions.

• We conduct a comprehensive experiment on three real-world
datasets. The results demonstrate that xDeepInt outperforms
existing state-of-the-artmodels under extreme high-dimensional
and sparse settings. We also conduct a sensitivity analysis
on hyper-parameter settings of xDeepInt and ablation study
on integration of DNN.

2 RELATEDWORK
Deep learning based models have been applied for CTR prediction
problem in the industry since deep neural networks become domi-
nant in learning the useful feature representation of the mixed-type
input data and fitting model in an end-to-end fashion[31]. This
merit can reduce efforts in hand-crafted feature design and auto-
matically learn the feature interactions.

2.1 Modeling Implicit Interaction
Most of the DNN-based methods map the high-dimensional sparse
categorical features and continuous features onto a low dimensional
latent space in the initial step. Without designing specific model
architecture, DNN-based method learns the high-order implicit fea-
ture interactions by feeding the stacked embedded feature vectors
into a deep feed-forward neural network.

Deep Crossing Network [25] utilizes residual layers in the feed-
forward structure to learn higher-order interactions with improved
stability. Some hybrid network architectures, including Wide &
DeepNetwork (WDL) [7], Product-basedNeural Network (PNN) [21,
22], Deep&Cross Network (DCN) [29], Deep FactorizationMachine
(DeepFM) [8] and eXtremeDeep FactorizationMachine (xDeepFM) [16]

employ feed-forward neural network as their deep component to
learn higher-order implicit interactions. The complement of the
implicit higher-order interaction improves the performance of the
network that only models the explicit interactions [2].

However, this type of approach detects all feature interactions at
the bit-wise level [16] implicitly, without efficiency. And the degree
of the interactions are not bounded.

2.2 Modeling Explicit Interaction
Deep & Cross Network (DCN) [29] explores the feature interactions
at the bit-wise level in an explicit fashion. Specifically, each cross
layer of DCN constructs all cross terms to exploits the bit-wise
interactions. The number of recursive cross layers controls the
degree of bit-wise feature interactions.

Some recent models explicitly learn the vector-wise feature in-
teractions using a specific form of the vector product. Deep Fac-
torization Machine (DeepFM) [8] combines factorization machine
layer and feed-forward neural network through joint learning fea-
ture embedding. Factorization machine layer models the pairwise
vector-wise interaction between feature i and feature j by the inner
product of ⟨xi , x j ⟩ =

∑k
t=1 xitx jt . Then, the vector-wise interac-

tions are concatenated with the output units of the feed-forward
neural network. Product Neural Network (PNN) [21, 22] introduces
the inner product layer and the outer product layer to learn ex-
plicit vector-wise interactions and bit-wise interactions respectively.
xDeepFM [16] learns the explicit vector-wise interaction by using
Compressed Interaction Network (CIN) which has an RNN-like
architecture and learns all possible vector-wise interactions us-
ing Hadamard product. The convolutional filters and the pooling
mechanism are used to extract information. FiBiNET [13] utilizes
Squeeze-and-Excitation network to dynamically learn the impor-
tance of features and models the feature interactions via bilinear
function.

In the recent research of the sequencing model, the architecture
of the Transformer [27] has been widely used to understand the
associations between relevant features. With different layers of the
multi-head self-attentive neural networks, AutoInt [26] can learn
different orders of feature combinations of input features. Residual
connections [9, 28] are added to carry through different degrees of
feature interaction.

The aforementioned approaches learn explicit feature interac-
tions by using outer product, kernel product or multi-head self-
attention, which require expensive computational cost.

3 MODEL
In this section, we give an overview of the architecture of xDeepInt.
First, we introduce input and embedding layer, which map con-
tinuous features and high-dimensional categorical features onto a
dense vector. Second, we present the Polynomial Interaction Net-
work(PIN) which utilizes iterative interaction layers with residual
connections [9, 28] to explicitly learn the vector-wise interactions.
Third, we implement the subspace-crossing mechanism to model
bit-wise interaction. The number subspaces controls the degree of
mixture of bit-wise and vector-wise interactions.
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Figure 1: The architecture of unrolled Polynomial Interac-
tion Network with residual connections

3.1 Embedding Layer
In large-scale recommendation system, inputs include both con-
tinuous features and categorical features. Categorical features are
often directly encoded by one-hot encoding, which results in an
excessively high-dimensional and sparse feature space. Suppose we
have F fields. In our feature preprocessing step, we bucketize all
the continuous features to equal frequency bins, then embed the
bucketized continuous features and categorical features to same
latent space RK ,

xef = xof Vf ,

where xef = [xf ,1, xf ,2, · · · , xf ,K ], xf ,k is the k-th bit of the f -th
field of the embedding feature map, Vf is an embedding matrix for
field f , and xof is a one-hot vector. Lastly, we stack F embedding
vectors and obtain an F -by-K input feature map X0:

X0 =


xe1
xe2
...

xeF



3.2 Polynomial Interaction Network
Consider a l-th order polynomial with f variables of the following
form:

Πl
j=1(

f∑
i=1

ai jxi + bj ). (1)

This polynomial contains all possible multiplicative combinations
of xi ’s with order less than or equal to l and has an iterative form:

F (l−1)(x1, · · · , xf )(

f∑
i=1

ailxi + bl ) (2)

where F (l−1)(x1, · · · , xf ) = Πl−1
j=1(

∑f
i=1 ai jxi +bj ). Motivated by the

iterative form, we propose polynomial interaction network defined
by the following formula:

Xl = f (Wl−1,Xl−1,X0) + Xl−1

= Xl−1 ◦ (Wl−1X0) + Xl−1

= Xl−1 ◦ [Wl−1X0 + 1]
(3)

where ◦ denotes the Hadamard product. For instance, [ai , j ]m×n ◦

[bi , j ]m×n = [ai , jbi , j ]m×n .Wl−1 ∈ RF×F and 1 ∈ RF×K with all
entries are equal to one. Xl−1,Xl ∈ RF×K are the output matrices
of (l-1)-th and l-th interaction layer. Like (1), the l-th PIN layer’s
output is the weighted sum of all vector-wise feature interactions
of order less than or equal to l .

The architecture of the polynomial interaction network is moti-
vated by the following aspects.

First, the polynomial interaction network has a recursive struc-
ture. The outputs of the current layer are built upon the previ-
ous layer’s outputs and the first order feature map, ensuring that
higher-order feature interactions are based on lower-order feature
interactions from previous layers.

Second, we use the Hadamard product to model the explicit
vector-wise interaction, which brings us more flexibility in crossing
the bits of each dimension in shared latent space and preserves
more information of each degree of feature interactions.

Third, we build a field aggregation layerAдд(l )(X ) =WlX which
combines the feature map at the vector-wise level using a linear
transformationWl . Each vector of the field aggregation feature
map can be viewed as a combinatorial feature vector constructed
by the weighted sum of the input feature map. Then we take the
Hadamard product of the output of the previous layer and field
aggregation feature map for this layer. This operation allows us
to explore all possible l-th order polynomial feature interactions
based on existing (l-1)-th order feature interactions.

Last, we utilize residual connections [9, 28] in the polynomial
interaction network, allowing a different degree of vector-wise
polynomial feature interactions to be combined, including the first
feature map. Since the polynomial interaction layer’s outputs con-
tain all degree of feature interactions, the skipped connection en-
able next polynomial interaction layer to focus on searching useful
higher-order feature interactions while complementing lower-order
feature interactions. As the number of layer increases, the degree
of the polynomial feature interactions increases. The recurrent ar-
chitecture of the proposed polynomial interaction network enables
to bound the degree of polynomial feature interactions.
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Figure 2: Details of PIN layer

The aggregation layer is defined by Aдд(l )(X0) =WlX0. The PIN takes the
Hadamard product of the aggregated 1st-order feature map and the output

of the previous PIN layer to generate the higher order vector-wise
interaction.

3.3 Subspace-crossing Mechanism
The Polynomial Interaction Network (PIN) models the vector-wise
interactions. However, PIN does not learn the bit-wise interaction
in the shared latent embedding space. In order to cross the bits of
different embedding dimensions, we propose the subspace-crossing
mechanismwhich allows xDeepInt to learn the bit-wise interactions.
Suppose we split the embedding space into h sub-spaces, the input
feature map X0 is then represented by h sub-matrices as follow:

X0 = [X0,1,X0,2, · · · ,X0,h ] (4)

where X0,i ∈ RF×K/h and i = 1, 2 · · · ,h. Next, we stack all sub-
matrices at the field dimension and construct a stacked input feature
map X

′

0 ∈ R(F ∗h)×(K/h).

X
′

0 =


X0,1
X0,2
...

X0,h


, (5)

where X0, j ∈ RF×(K/h) and h denotes the number of sub-spaces.
By splitting the embedding vector of each field to h sub-vectors
and stacking them together, we can align bits of different embed-
ding dimension and create the vector-wise interactions on stacked
sub-embeddings. Accordingly, we feed X

′

0 into the Polynomial In-
teraction Network (PIN):

X
′

1 = X
′

0 ◦ [W
′

0X
′

0 + 1]

...

X
′

l = X
′

l−1 ◦ [W
′

l−1X
′

0 + 1]

(6)

whereW
′

l ∈ R(F ∗h)×(F ∗h), 1 ∈ R(F ∗h)×(K/h) and X
′

l ∈ R(F ∗h)×(K/h).
The field aggregation of feature map and the multiplicative inter-

actions building by Hadamard product are both of the vector-wise

Figure 3: Subspace-crossing mechanism

level in vanilla PIN layers. The subspace-crossing mechanism en-
hanced PIN takes theh aligned subspaces as input, so that encourag-
ing the PIN to capture the explicit bit-wise interaction by crossing
features of the difference subspaces. The number of subspaces h
controls the complexity of bit-wise interactions. Larger h helps the
model to learn more complex feature interactions.

3.4 Output Layer
The output of Polynomial Interaction Network is a feature map
that consists of different degree of feature interactions, including
raw input feature map reserved by residual connections and higher-
order feature interactions learned by PIN. For the final prediction,
we merely use formula as follows:

ŷ = σ
(
(WoutXl + b1

T )1
)

(7)

where σ is the sigmoid function,Wout ∈ R1×F is a feature map
aggregation vector that linearly combines all the features in the
feature map, 1 ∈ RK and b ∈ R is the bias.

3.5 Optimization and Regularization
For optimization, we use Group Lasso Follow The Regularized
Leader (G-FTRL) [20] as the optimizer for the embedding layers for
feature selection, and Follow The Regularized Leader (FTRL) [19]
as the optimizer for the PIN layers for interaction selection.

Group lasso FTRL regularizes the entire embedding vector of
insignificant features in each field to exactly zero, which essentially
conducts feature selection and brings more training efficiency for
industrial settings. The group lasso regularization is applied prior
to the subspace splitting mechanism such that feature selection is
consistent between each subspaces.

FTRL regularizes the single elements of weight kernel in PIN lay-
ers to exactly zero, which excludes insignificant feature interactions
and regularizes the complexity of the model.

This optimization strategy takes advantages of the properties
of the different optimizers and achieves row-wise sparsity and
element-wise sparsity at embedding table and weight kernel respec-
tively. Therefore, it improves generalization ability and efficiency
for both training and serving. It also plays an important role in
model compression.
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Figure 4: Group Lasso FTRL v.s. FTRL
The Group Lasso FTRL regularizes the embedding table with group-wise

sparsity. FTRL regularizes the weight kernels of PIN layer with
element-wise sparsity.

3.6 Training
The loss function we use is Log Loss,

LogLoss = −
1
N

∑N
i=1(yi loд(ŷi ) + (1 − yi )loд(1 − ŷi )), (8)

where yi is the true label and ŷi is the estimated click through rate.
N is the total number of training examples.

3.7 Difference Between PIN and DCN
PIN and DCN both have an iterative form. However, the two net-
work architectures are quite different in extracting feature interac-
tions.

xl = fDCN (xl−1,wl−1,bl−1)

= x0x
T
l−1wl−1 + bl−1 + xl−1

(9)

For DCN, feature map are flattened and concatenated as a single
vector. All higher order bit-wise interactions are firstly constructed
by the term x0xTl−1, and then aggregated by a linear regression for
next layer. This structure results in a special format of the output.
As discussed in [16], the output the DCN layer is a scalar multiple
of x0. [16] also pointed out the downsides: 1) the output of DCN
is in a special form, with each hidden layer is a scalar multiple of
x0 and thus limits expressive power; 2) interactions only come in a
bit-wise fashion.

PIN constructs vector-wise feature interaction using Hadamard
product, which preserve the information at vector-wise level. In
order to allow different fields to cross at vector level, PIN firstly
aggregates the input feature map by a linear transformationWl−1X0
for each iterative PIN layer and build interactions by term Xl−1 ◦
Wl−1X0. Accordingly, PIN keeps the vector-wise structure of feature
interactions and does not limit the output to a scalar multiple of X0.
Moreover, each PIN layer is directly connected with input feature
map X0, which improves model trainability. We also prove PIN’s
polynomial approximation property in later section.

3.8 xDeepInt Analysis
In this section, we analyze polynomial approximation property of
the proposed xDeepInt model. We consider an xDeepInt model with
l PIN layers, a subspace crossing mechanism with h subspaces and
F input feature with the same embedding size K .

3.8.1 Polynomial Approximation. In order to understand how PIN
exploits the vector-wise interactions, we examine the polynomial
approximation properties of PIN. LetX(0) ∈ RF×K be the embedded
feature vector with xi = [xi1, · · · , xiK ] being the i-th row. x(l )i =
[x

(l )
i1 , · · · , x

(l )
iK ] is the i-th row of the output of l-th layer. Then, x (l )ik

has the following explicit form:

x
(l )
ik = x

(0)
ik

l−1∏
r=0

(

F∑
i=1

w
(r )
i j x

(0)
jk + 1), for k = 1, · · · ,K (10)

whereW (r ) = [w
(r )
i j ]1≤i , j≤F is the weight matrix at r -th PIN layer.

The product
∏l−1

r=0(
∑F
i=1w

(r )
i j x

(0)
jk + 1) is the weighted sum of all

possible crossed terms of the embbeded input at the k-th bit having
order less than or equal to l − 1. Thus, x (l )ik is the weighted sum of

all crossed terms that contains x (0)ik and has the order less than or
equal to l .

For the bit-wise interaction modeled by subspace-crossing mech-
anism, we consider the case where the number of subspaces equals
to the embedding size K . In this extreme case, each row ofW ′

0X
′
0

is a weighted sum of all bits in all fields. This design allows the
combination of embedded features at different bits. To be more
explicit, we consider the stacked input feature map with h = K

X
′

0 =


X0,1
X0,2
...

X0,K


, (11)

where X0,i =



x
(0)
i ,1

x
(0)
i ,2
...

x
(0)
i ,F


∈ RF .The weight matrixW ′

0 is given by

W ′
0 =


w
(0)
1,1 w

(0)
1,2 · · · w

(0)
1,K w

(0)
1,K+1 · · · w

(0)
1,FK

...
...

. . .
...

...
. . .

...

w
(0)
FK ,1 w

(0)
FK ,2 · · · w

(0)
FK ,K w

(0)
FK ,K+1 · · · w

(0)
FK ,FK

 ∈ RFK×FK .

(12)

Thus, the k-th row ofW ′
0X

′
0 + 1 has the following form:

F∑
i=1

K∑
j=1

w
(0)
k ,(i−1)K+jxi , j + 1. (13)

This is a linear combination of bits in all fields, which allows the
PIN exploit all crossing of the feature map at bit-wise level. For
example, the [(i − 1)K + j]-th row of X ′

l is given by

x
(l )
i , j = x

(0)
i , j

l−1∏
r=0

F∑
i=1

K∑
j=1

w
(r )
k ,(i−1)K+jxi , j + 1 (14)
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x
(l )
i , j is the weighted sum of all crossed terms that contains x (0)i , j and
has the order less than or equal to l .

3.8.2 TimeComplexity. The cost of computing featuremapsWl−1X
at l-th PIN layer is O(hF 2K). For a L-layers xDeepInt model, the
total cost of feature maps is O(LhF 2K). The additional cost is from
the Hadamard product and residual connection, which is O(LFK).
In practice, h is not too large. Hence, the total time complexity
mainly relies on the number of fields F and embedding size K . For
an L layers DNN with each layer has Dk hidden nodes, the time
complexity is O(FK×D1×D2+

∑L−1
k=2 Dk−1DkDk+1). The time com-

plexity of xDeepInt relies on the number of subspaces. Therefore,
xDeepInt has higher time complexity than DNN when modelling
higher degrees of bit-wise interactions.

3.8.3 Space Complexity. The embedding layer contains
∑F
f =1 K ×

Cf parameters, whereCf is the cardinality of f -th field. The output
layer aggregates the feature map at the last PIN layer. Hence, the
output layers require F + 1 parameters. The subspace crossing
mechanism needs h2 × F 2 parameters at each PIN layer, which is
the exact size of the weight matrixW ′

r with 0 ≤ r ≤ l − 1. There
are (K/h) × k ′ + h2 × F 2 × l parameters in l PIN layers. Usually,
we will pick a small h to control the model complexity and k ′

is comparable to K . Accordingly, the overall complexity of the
xDeepInt is approximate O(h2 × F 2 × l), which is affected by the
embedding sizeK heavily. A plain L layers DNNwith each layer has
Dk hidden nodes requires FK×D1+

∑L
k=2 Dk−1Dk parameters. The

complexity mainly depends on the embedding size and the number
of hidden nodes at each layer. To reduce the space complexity of
xDeepInt, we can apply the method introduced in [16]. The space
complexity of the model can be further reduced by exploiting a
L-order decomposition and replace the weight matrixW ′

r with two
low-rank matrices.

4 EXPERIMENTS
In this section, we focus on evaluating the effectiveness of our
proposed models and answering the following questions:

• Q1: How does our proposed xDeepInt perform in CTR pre-
diction problem? Is it effective and efficient under extreme
high-dimensional and sparse data settings?

• Q2: How do different hyper-parameter settings influence
the performance of xDeepInt?

• Q3: Will modeling implicit higher-order feature interactions
further improve the performance of xDeepInt?

4.1 Experiment Setup
4.1.1 Datasets. We evaluate our proposed model on three public
real-world datasets widely used for research.

1. Avazu.1 Avazu dataset is from kaggle competition in 2015.
Avazu provided 10 days of click-through data. We use 21 features
in total for modeling. All the features in this dataset are categorical
features.

2. Criteo.2 Criteo dataset is from Kaggle competition in 2014.
Criteo AI Lab officially released this dataset after, for academic

1https://www.kaggle.com/c/avazu-ctr-prediction
2https://www.kaggle.com/c/criteo-display-ad-challenge

use. This dataset contains 13 numerical features and 26 categorical
features. We discretize all the numerical features to integers by
transformation function ⌊Loд

(
V 2)⌋ and treat them as categorical

features, which is conducted by winning team of Criteo competi-
tion.

3. iPinYou.3 iPinYou dataset is from iPinYou Global RTB(Real-
Time Bidding) Bidding Algorithm Competition in 2013. We follow
the data processing steps of [33] and consider all 16 categorical
features.

For all the datasets, we randomly split the examples into three
parts: 70% is for training, 10% is for validation, and 20% is for test-
ing. We also remove each categorical features’ infrequent levels
appearing less than 20 times to reduce sparsity issue. Note that
we want to compare the effectiveness and efficiency on learning
higher-order feature interactions automatically, so we do not do any
feature engineering but only feature transformation, e.g., numerical
feature bucketing and categorical feature frequency thresholding.

4.1.2 Evaluation Metrics. We consider AUC and LogLoss for eval-
uating the performance of the models.

LogLoss LogLoss is both our loss function and evaluation metric.
It measures the average distance between predicted probability and
true label of all the examples.

AUC Area Under the ROC Curve (AUC) measures the probabil-
ity that a randomly chosen positive example ranked higher by the
model than a randomly chosen negative example. AUC only con-
siders the relative order between positive and negative examples.
A higher AUC indicates better ranking performance.

4.1.3 Competing Models. We compare xDeepInt with following
models: LR(logistic regression) [18, 19], FM(factorizationmachine) [23],
DNN (plain multilayer perceptron), Wide & Deep [7], DeepCross-
ing [25], DCN (Deep & Cross Network) [29], PNN (with both in-
ner product layer and outer product layer) [21, 22], DeepFM [8],
xDeepFM [16], AutoInt [26] and FiBiNET [13]. Some of the models
are state-of-the-art models for CTR prediction problem and are
widely used in the industry.

4.1.4 Reproducibility. We implement all the models using Tensor-
flow [1]. The mini-batch size is 4096, and the embedding dimension
is 16 for all the features. For optimization, we employ Adam [15]
with learning rate set to 0.001 for all the neural network models, and
we apply FTRL [18, 19] with learning rate as 0.01 for both LR and
FM. For regularization, we choose L2 regularization with λ = 0.0001
for dense layer. Grid-search for each competing model’s hyper-
parameters is conducted on the validation dataset. The number of
DNN, Cross, CIN, Interacting layers is from 1 to 4. The number of
neurons ranges from 128 to 1024. All the models are trained with
early stopping and are evaluated every 2000 training steps.

For the hyper-parameters search of xDeepInt, The number of
recursive feature interaction layers is from 1 to 4. For the number
of sub-spaces h, the searched values are 1, 2, 4, 8 and 16. Since our
embedding size is 16, this range covers from complete vector-wise
interaction to complete bit-wise interaction. We use G-FTRL opti-
mizer for embedding table and FTRL for PIN layers with learning
rate as 0.01.

3http://contest.ipinyou.com/
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4.2 Model Performance Comparison (Q1)

Table 1: Performance Comparison of Different Algorithms
on Criteo, Avazu and iPinYou Dataset.

Criteo Avazu iPinYou
Model AUC LogLoss AUC LogLoss AUC LogLoss
LR 0.7924 0.4577 0.7533 0.3952 0.7692 0.005605
FM 0.8030 0.4487 0.7652 0.3889 0.7737 0.005576
DNN 0.8051 0.4461 0.7627 0.3895 0.7732 0.005749

Wide&Deep 0.8062 0.4451 0.7637 0.3889 0.7763 0.005589
DeepFM 0.8069 0.4445 0.7665 0.3879 0.7749 0.005609

DeepCrossing 0.8068 0.4456 0.7628 0.3891 0.7706 0.005657
DCN 0.8056 0.4457 0.7661 0.3880 0.7758 0.005682
PNN 0.8083 0.4433 0.7663 0.3882 0.7783 0.005584

xDeepFM 0.8077 0.4439 0.7668 0.3878 0.7772 0.005664
AutoInt 0.8053 0.4462 0.7650 0.3883 0.7732 0.005758
FiBiNET 0.8082 0.4439 0.7652 0.3886 0.7756 0.005679
xDeepInt 0.8111 0.4408 0.7675 0.3872 0.7791 0.005565

The overall performance of different models is listed in Table 1. We
have the following observations in terms of model effectiveness:

• LR is generally worse than other algorithms, which indicates
that learning higher-order feature interactions is essential
for CTR model performance.

• FM brings the most significant boost in performance while
we increase model complexity. This reveals the importance
of learning explicit vector-wise feature interactions.

• Models that combining vector-wise and bit-wise interactions
together consistently outperform other models. This phe-
nomenon indicates that both types of feature interactions are
essential to prediction performance and compensate each
other.

• xDeepInt achieves the best prediction performance among
all models. However, different datasets favor feature interac-
tions of different degrees and bit-wise feature interactions of
different complexity. The superior performance of our model
could attribute to the fact that xDeepInt model the bounded
degree of polynomial feature interactions by adjusting the
depth of PIN and achieve different complexity of bit-wise
feature interactions by changing the number of sub-spaces.

4.3 Hyper-Parameter Study (Q2)
In order to have deeper insights of the proposed model, we conduct
experiments on three datasets and compare several variants of
xDeepInt on different hyper-parameter settings.

4.3.1 Depth of Network. The depth of PIN determines the order
of feature interactions. Table 2 illustrates the performance change
with respect to the number of PIN layers. When the number of
layers set to 0, our model is equivalent to logistic regression and no
interactions are learned. The performance of xDeepInt achieves the
best when the number of layers is about 3 or 4. In this experiment,
we set the number of sub-spaces as 1, to disable the bit-wise feature
interactions.

Table 2: Impact of hyper-parameters: number of layers

#Layers 0 1 2 3 4 5

Criteo AUC 0.7921 0.8038 0.8050 0.8057 0.8063 0.8061
LogLoss 0.4580 0.4477 0.4466 0.4461 0.4452 0.4454

Avazu AUC 0.7536 0.7654 0.7664 0.7675 0.7670 0.7662
LogLoss 0.3951 0.3888 0.3879 0.3872 0.3875 0.3883

iPinYou AUC 0.7690 0.7740 0.7775 0.7791 0.7783 0.7772
LogLoss 0.005604 0.005576 0.005569 0.005565 0.005580 0.005571

4.3.2 Number of Sub-spaces. The subspace-crossing mechanism
enables the proposed model to control the complexity of bit-wise in-
teractions. Table 3 demonstrates that subspace-crossing mechanism
boosts the performance. In this experiment, we set the number of
PIN layers as 3, which is generally a good choice but not the best
setting for each dataset.

Table 3: Impact of hyper-parameters: number of sub-spaces

#Sub-spaces 1 2 4 8 16

Criteo AUC 0.8072 0.8081 0.8089 0.8096 0.8101
LogLoss 0.4445 0.4435 0.4425 0.4421 0.4418

Avazu AUC 0.7660 0.7668 0.7674 0.7672 0.7668
LogLoss 0.3880 0.3877 0.3875 0.3878 0.3879

iPinYou AUC 0.7772 0.7783 0.7788 0.7787 0.7784
LogLoss 0.005590 0.005583 0.005568 0.005572 0.005580

4.3.3 Activation Function. By default, we use linear activation func-
tion on neurons of PIN layers. We also would like to explore how
different activation function of PIN affect the performance. Table 4
shows that the linear activation function is the most performant
one for the PIN. We study the effect of activation function on Criteo
dataset.

Table 4: Impact of hyper-parameters: activation function

AUC LogLoss
linear 0.8111 0.4408
tanh 0.8100 0.4418

sigmoid 0.8082 0.4434
softplus 0.8080 0.4436
swish 0.8100 0.4418
relu 0.8098 0.4419

leaky relu 0.8102 0.4415
elu 0.8099 0.4418
selu 0.8100 0.4418

4.3.4 Optimizer. We also build our model with Adam optimizer,
same as all the competing models, to compare with our G-FTRL
and FTRL combined optimization strategy. Table 5 shows that our
G-FTRL and FTRL combined optimization strategy achieves better
performance. Table 6 shows that our optimization strategy gets
higher degree of feature sparse ratio (ratio of all zero embedding
vectors in embedding table) and sparse ratio (ratio of zero weights in
PIN layers), which results in lightweight model. One thing should be
noted is that xDeepInt still achieves the best prediction performance
among all models when using Adam optimizer, which demonstrates
the effectiveness of xDeepInt architecture.
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Table 5: Impact of hyper-parameters: optimizer

Dataset Model LogLoss AUC

Criteo G-FTRL/FTRL 0.4408 0.8111
Adam 0.4415 0.8105

Avazu G-FTRL/FTRL 0.3872 0.7675
Adam 0.3873 0.7674

iPinYou G-FTRL/FTRL 0.005565 0.7791
Adam 0.005583 0.7784

Table 6: Analysis of model sparsity

Dataset Feature Sparse ratio Weight Sparse ratio
Criteo 0.6506 0.1030
Avazu 0.2193 0.0448
iPinYou 0.8274 0.0627

4.4 Ablation Study: Integrating Implicit
Interactions (Q3)

In this section, we conduct ablation study comparing the perfor-
mance of our proposed model with and without integrating implicit
feature interactions.

Feed-forward neural network is widely used by various model
architectures for learning implicit feature interactions. In this ex-
periment, we jointly train xDeepInt with a three-layer feed-forward
neural network and name the combined model as xDeepInt+ to
compare with vanilla xDeepInt.

Table 7 compares vanilla xDeepInt and xDeepInt+. We observe
that the jointly-trained feed-forward neural network does not boost
the performance of vanilla xDeepInt. The reason is that vanilla
xDeepInt model has already learned bit-wise interactions through
the subspace-crossing mechanism. Thus, feed-forward neural net-
work does not bring in additional predictive power.

Table 7: Ablation study comparing the performance of
xDeepInt with and without integrating DNN

Dataset Model LogLoss AUC

Criteo xDeepInt 0.4408 0.8111
xDeepInt+ 0.4412 0.8107

Avazu xDeepInt 0.3872 0.7675
xDeepInt+ 0.3874 0.7673

iPinYou xDeepInt 0.005565 0.7791
xDeepInt+ 0.005581 0.7787

5 CONCLUSION
In this paper, we design a novel network layer named polynomial
interaction network (PIN), which learns the higher order vector-
wise feature interactions on the embedding space. By incorporating
PIN with the subspace-crossing mechanism, our proposed model
xDeepInt learns bit-wise and vector-wise feature interactions of
bounded degree simultaneously in controllable manner. We add
residual connections to PIN layers, such that the output of each layer

is an ensemble of the low-order and high-order interactions. The
degree of interaction is controlled by the number of PIN layers, and
the complexity of bit-wise interaction is controlled by the number
of sub-spaces. Additionally, an optimization method is introduced
to performs feature selection and interaction selection based on the
network structure. Our experimental result demonstrates that the
proposed xDeepInt outperforms existing state-of-art methods on
real-world datasets. To our best knowledge, xDeepInt is the first
neural network architecture that achieves state-of-art performance
without integration of feed-forward neural network using non-
linear activation functions.

We have multiple directions of future work. First, the proposed
model only focuses on modeling fixed-length feature vectors. In or-
der to model historical and sequential behavior in recommendation
systems[34, 35],We are interested in making our model architecture
applicable to variable-length feature vectors. Second, We would like
to extend the application of polynomial interaction layers to more
modeling scenarios and exploit PIN’s potential on other problems.
Third, the model is fully explainable when the subspace crossing
mechanism is disable. The explainability of the model is another
direction of future work.
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