®

Check for
updates

CASE: Predict User Behaviors
via Collaborative Assistant Sequence
Embedding Model

Fei Hel2, Canghong Jin!, and Minghui Wu!(®)

1 Zhejiang University City College, Hangzhou 310015, China
{jinch,mhwu}@zucc.edu.cn
2 Zhejiang University, Hangzhou 310027, China
fei.he@zju.edu.cn

Abstract. The order of behaviors implies that sequential patterns play
an important role of the user-behavior prediction problem. Traditional
behavior-prediction models use large-scale static matrices which ignore
sequential information. Moreover, although Markov chains and deep
learning methods consider sequential information, they still suffer the
problems of the behavior uncertainty and data sparsity in real life scenar-
ios. In this paper, we propose a collaborative-assistant sequence embed-
ding prediction (named CASE) model as a solution to address these
shortcomings. The idea is to mine sequential behavior patterns with
strong intention-expressing ability based on a collaborative selector, and
construct original behavior graph and intent determination graph (IDG),
following which we predict user behavior based on graph embedding
and recurrent neural networks. The experiments on three public datasets
demonstrate that CASE outperforms many advanced methods based on
a variety of common evaluation metrics.

Keywords: User behavior prediction + Collaborative selector - Graph
pattern mining

1 Introduction

Massive user-behavior data are produced on the Internet, such as video viewing
and rating, click and purchase of goods, posts on social networking sites and
thumb-up behavior. These data contain rich behavior information, and better
understanding them should help solve the problem of “information overload”,
thereby improving the efficiency of demand matching, and providing better ser-
vices to users. Behavioral data have huge application prospects in the fields of
business scenarios [2], social governance [16], etc., and are currently a topic of
significant research interest.
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1.1 Top-N Behavior Prediction

This problem can be summarized as follows: Given a set of users U = {uy, ua, .. .,
ujy|} and a set of all possible behaviors A = {acty, acts, ..., act|4)}. Each user u

(u) (u) )
1

has a historical behavior sequence actseq(™ = (acty,”,acty,’, ..., actﬁffl , actt:)>,

where act,(:?) € A. The index t; for actgzt) denotes the chronological order of
each behavior in a sequence. The behavior sequence database D = {actseq(l),
actseq? . .. ,actseq(w')} contains the behavior sequences of all users. Given all

user-behavior sequence actseq(™), the goal is to return a behavior list for each user
that contains the user’s N most likely future behaviors.

1.2 Limitations of Previous Work

Traditional user-behavior modeling methods focus on the long-term static behav-
ior patterns of users. For example, based on matrix decomposition, the singular
value decomposition algorithm [3] considers each behavior record to be indepen-
dent [1,3,7]. They lost the sequential information in the history behaviors and
ignore the dynamic variation in the short-term behavior patterns of users. In
fact, user behaviors are mutually influenced and context dependent, and prior
behaviors affect subsequent behaviors. Therefore, user behaviors over a certain
period should be studied as a sequence structure.

Significant research has focused on behavior-sequence modeling. In terms of
machine learning, Liu et al. [10] found explicit association rules through statistics
in the mining of sequence behavior patterns, but ignored unobservable behav-
ior patterns. Jarboui et al. [8] used the Markov decision process to predict the
behavior of MOOC users. Shi et al. [12] proposed the state-sharing sparse hid-
den Markov model based on the hidden Markov model to establish a separated
transition probability matrix for each user. In recent years, deep learning meth-
ods based on neural networks have also been widely used in sequential-behavior
modeling. For example, recurrent neural networks (RNNs) have achieved great
success in treating sequential data such as speech and text and have been intro-
duced into the study of sequential behavior. The GRU4Rec model proposed by
Hidasi et al. [6] used gated recursive units (GRUs) to predict sequential behav-
ior. Yu et al. [17] added a time-aware controller and a content-aware controller
to the long short-term memory model, so that contextual information could be
fully considered when the status was updated, and the attention mechanism was
used to make the model adaptively combine the long- and short-term preferences
of users according to specific contextual states. Although they use the sequential
information of behaviors, they still ignore the problem of uncertain user behav-
iors. The behavior sequence of users is not strictly sequential. Behaviors can be
inserted or missing from the sequence because they do not necessarily occur to
provoke subsequent behaviors. A L-order Markov chain or model containing only
RNNs do not explicitly model such behavior patterns because they assume that
the previous steps have an influence on the immediate next step. Tang et al. [13]
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proposed a Caser model, which models recent behaviors as an “image” in time
and latent dimensions and learns sequential patterns using convolutional filters.
Based on the horizontal and vertical convolution, Caser can capture additional
behaviors patterns that can be skipped, and can solve the behavior uncertainty
problem to some extent. However, its ability to learn complex uncertain behavior
relationships is affected by the size of the convolution kernel.

To express more complex behavioral relationships, the graph-based neural
network method is applied to learn the behavior representation. The global-
context-enhanced graph neural networks model proposed by Wang et al. [14] can
learn two types of granularity information from local behavior sequence graph
and global behavior sequence graph. In the global sequence graph, the session-
aware attention mechanism recursively integrates the information of surrounding
neighbors, and, in the local graph, the behavior information within the sequence
is learned by the graph neural network. However, the graph-based approach
ignores the sparsity of user behavior. Since many types of behaviors exist, and
the recorded behavior of each user only accounts for a small fraction thereof, the
obtained behavior graph is very sparse.

To solve these problems (i.e., behavior uncertainty and sparse behavior data),
we proposes a collaborative-assistant sequence embedding prediction (CASE)
model. The novelty of the CASE model is that we proposed a collaborative
selector to find the effective sequential behavior patterns with strong intention-
expressing ability and then construct an intent determination graph (IDG). The
IDG encodes new relationships and weights between behaviors from intention-
expressing ability and uncertainty perspectives, which helps alleviate the prob-
lems. The model contribution is as follows:

i. CASE uses a collaborative selector based on collaborative prediction and
information entropy to get the strong intention-expressing sequential behavior
patterns, and then constructs the IDG that can alleviates the uncertainty and
sparsity involved with predicting user behavior.

ii. CASE proposes a behavior prediction model based on graph embedding and
RNNSs, which allows the model to learn the relationships between behaviors
in graph structure and sequence structure.

iii. CASE outperforms many advanced methods for predicting top-N sequential
behavior from real life datasets.

2 Proposed Model

In this section, we introduce the CASE model, which is a method to learn
user intent from a temporally ordered sequence of behaviors and predict the
future behaviors. The goal of the CASE model is to reduce behavior uncer-
tainty and sparsity problems. Figurel shows the network architecture of the
CASE model, which can be divided into three components: constructing graphs
(original behavior graph and IDG), learning behavior embedding and predicting
future behavior. Each component of the model is described in detail below.
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Fig. 1. Network architecture of CASE model. The box on the left contains the original
behavior graph, the collaborative selector, and the IDG. The box in the upper-right
corner illustrates the process of collaborative selector. The red lines in the box represent
the probability distribution of the next behavior predicted by the collaborative predic-
tor. The box in the lower-right corner represents the graph embedding and prediction
of future behaviors.

2.1 Constructing Graphs

As shown in the dashed box to the left of Fig. 1, we first build the original behav-
ior graph from the historical behavior sequences of all users. And then frequent
sequential pattern mining algorithm is applied to the behavior database D to
get the initial sequential behavior patterns. However, not all these sequential
behavior patterns are useful because of the behavior uncertainty, and building
a behavior graph from these initial patterns will introduces unreliable behavior
relationships. Therefore, we propose to use a collaborative selector based on user
collaborative prediction and information entropy to further filter these sequen-

tial behavior patterns, and then finally construct an intent determination graph
(IDG) from the rest.

Original Behavior Graph. According to the behavior-sequence database D,
we construct a user original behavior graph G(V, E), where V is the set of nodes
in the graph, with every node representing a type of behavior, and F is the set
of edges in the graph. For each behavior sequence in D, we add an edge between
node ¢ and node j if the user performs behavior ¢ and then behavior j. Refer to
previous work [15], the weight w; ; of each edge e = (¢,j) € E is equal to the
number of occurrences of the behavior pair in the D.

Because many types of behaviors are possible and users exhibit only a small
fraction thereof, the user-behavior co-occurrence matrix is characterized by high
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dimensionality and sparsity (as shown in Table 1). This prevents the model from
learning the relationship between behaviors. Besides, because of behavior uncer-
tainty, the behavior sequences are also not strictly sequential. For example, some
intermediate behaviors may be skipped or inserted in sequences, and completely
random invalid behaviors may occur in the sequences, which introduce unreli-
able relationships between behaviors. To alleviate these problems, the IDG is
constructed.

Collaborative Selector. The collaborative selector is based on the following
idea: the initial sequential behavior patterns obtained by frequent sequential
pattern mining algorithm are those that occur frequently in all user behavior
sequences, but not all of them are useful. The really effective sequential behavior
patterns should have a strong ability to express users’ intention. And a concen-
trated future behavior distribution of sequences containing a sequential behavior
pattern indicates that this sequential behavior pattern plays a significant role in
determine the sequences’ intention. Moreover, the future behavior distribution
of a single user may be contingent, so we need to collaborate with all users to
conduct a more accurate analysis. We use a modified PrefixSpan algorithm [4] to
get the initial sequential behavior patterns on behavior sequence database D. In
order to ensure the timeliness of behaviors in sequential behavior patterns, we
add a maximum interval limit W between behaviors of frequent sequential pat-
terns in PrefixSpan algorithm. That is to say, during the step of PrefixSpan algo-
rithm which gets a longer sequential pattern fp = (acty,acts, - - , acty, actyi1)
based on the prefix sequential pattern (acty, acts, - - - , acty), where the subscript
k represents the order of the behavior act in the pattern, we check that whether
the interval between behavior acty+; and acry in the behavior sequence is not
greater than W. If the condition is met, we take fp as a valid sequential pat-
tern; otherwise, it is discarded. Additional details of the PrefixSpan algorithm
are referred to [4].

The dashed box in the upper-right corner of Fig.1 shows the selection pro-
cess of the collaborative selector for a three-order sequential behavior pattern.
Given a sequential behavior pattern, we first select all behavior sequences con-
taining it from D to form a sub-database Dg,;,. We then regard each sequence
in Dg,p, as a query g and input it into the collaborative predictor. The predictor
returns the probability distribution P of the ten most likely future behaviors
actset = {act;}i=1,.. 10, and we calculate the information entropy entropy, of
this probability distribution P:

entropy, = — Z P(act) log(P(act)). (1)

act€actset

The information entropy corresponding to each query in Dgyy, is averaged to
obtain the average information entropy avg_entropy,

N
1
avg_entropy = i Z entropyq, (2)
i=1
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where N is the number of queries. The smaller the avg_entropy value is, the more
centralized is the distribution of future behaviors, and the stronger the ability
of the sequential behavior pattern to determine intention is. If avg_entropy is
less than or equal to the threshold A, it is recognized as an effective behavior
pattern, otherwise, it is recognized as an invalid behavior pattern:

3)

_J1 avg-entropy < A
"~ 10 otherwise,
then we get the filtered sequential behavior patterns with their corresponding
avg_entropy.
We implement the collaborative predictor based on the classical collaborative
filtering algorithm matrix factorization (MF). MF decomposes the user-behavior
co-occurrence matrix Rps«n into a product of two matrices,

Ryxny = Upxr X Vikxn (4)

where M is the number of users, and K is the representation dimension of users
and behaviors. Each column of the matrix V is a representation of a behavior,
which is what we really want. For each query ¢, we get the representation vec-
tor {v;};—1,...|q for each behavior act; in the query ¢, where |q| is the behavior
number of g. We then calculate the average value of these representation vectors
as the query representation. Next, the predictor returns the top ten behaviors
{act;}i=1,...,10 most similar to that query representation among all the behaviors,
and the similarity is defined as cosine similarity. Then we apply an exponential
normalization of these cosine similarities {sim;};=1. 10, get the probability dis-
tribution P of the behaviors corresponding to the query ¢:

esiany

e ®

J

P(act;) =

Intent Determination Graph. Based on all sequential behavior patterns
that have been filtered by the collaborative selector, we build the IDG graph
G/(V’,E’), where V' is the set of nodes, and E is the set of edges. For each
strong intention-expressing sequential behavior pattern, we add an edge between
node ¢ and node j if behavior ¢ appears before behavior j. The weight w;] of

each edge e = (i,j) € E' is

, 1 1
ey L ©)
|FP| Pt avg-entropyrp
where F'P is the set of behavior patterns that contain behavior pair (i,7),
|F'P| is the number of elements in the F'P, avg_-entropyy, is the correspond-
ing avg_entropy value for each behavior pattern fp in F'P. The greater w;j is,
the stronger the relationship between the behaviors.
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First of all, the nodes on the IDG are behaviors with strong intention-
expressing ability filtered by collaborative selector, which reduces the interfer-
ence of uncertain behaviors. Secondly, the weight of the edge designed based
on information entropy further describes the degree of uncertainty between the
behaviors. Finally, the IDG contains many edges that never appear on the orig-
inal behavior graph (as show in Table 2), which also alleviates the problem of
data sparsity to some extent.

2.2 Learn Behavior Embedding

The goal of the Learn Behavior Embedding component is to learn a low dimen-
sional embedding representation for each behavior and map the relationship that
the behavior satisfies on the graph from the original space to a low dimensional
space. We learn low dimensional embedding representations of behaviors on both
the original behavior graph and the frequent pattern behavior graph, and then
concatenate them.

Take the original behavior graph as an example. The edge weight on graph
G(V, E) represents the strength of the connection between two behaviors. We
first map the edge set £ from the original graph space to a probability space.
The weight between behavior ¢ and j is w; j, and the sum of weights of graph G

is
W = Z Ws, 5 (7)
(i,5)€E
The probability of connection for edge (i, 7) is

plig) = ®)

Defining the target space R?, the low dimensional embedding representations
of behaviors i and j are u;,u; € R?. In the target space, the probability of the
connection for edge (i, ) is

1
N —T —
)= ) = 9

When the edge probability distribution in the low dimensional embedding
target space tends to be the same as that in the probability source space, the
target space retains the behavior relationship in the source space. To learn the
effective behavior embedding representation, we minimize the distance between
the probability distributions p(i,7) and p(4, ). In other words, we minimize the
object function,

O =d(p(-,-),p(+-)), (10)
where d(-,-) is the distance between two probability distributions. This paper
uses the KL divergence to represent the distance between probability distribu-
tions, and the final objective function is obtained after eliminating the constant
term,

O=— Y w,logp(i,j). (11)

(i.4)eE
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By finding the {%;};=1, . v| that minimizes the objective in Eq. (6), we can
represent every vertex in the d-dimensional space.

2.3 Predict the Future Behavior

RNNs are devised to model variable-length sequence data. The behaviors of
a user over a certain time period can be taken as a sequence and the future
behaviors can be predicted by using the recurrent neural network. RNNs have
an internal hidden state that encodes the historical information up to time ¢
of the sequence in all units that compose the network. Standard RNNs update
their hidden state h by using the following update function:

ht = g(WfEt + Uht_l) (12)

where g is an activation function, z; is the input of the unit at time ¢, and hs_1
is the hidden state of the previous time step. In this paper, we get the embed-
ding representations of each behavior in the user’s behavior sequence through
embedding look-up and take them as input z; for each time step.

In this paper, we apply GRUs, which constitute a more elaborate model of
RNN units. A GRU uses the update gate and reset gate to learn when and by
how much to update the hidden state of the unit. The activation of the GRU is

he = (1= z)he1 + zehy (13)
where the update gate z; is calculated by
2zt = o(Woxy + Uyhi—q) (14)
while the candidate state h; is calculated by
hy = tanh(Wzy + U(ry © hy_1)). (15)
Finally, the reset gate r; is given by
ry = o(Weay + Uphy—1) (16)

Given the hidden state h; € R® of the current time step ¢, the RNN outputs
the probability distribution over the possible future behavior of the sequence of
user u:

yact;‘Jrl = O'(Wht + b), (17)

where b € R", W € R™*? are the bias and weight matrix of the output layer,
and Yacty, , Tepresents the probability distribution of future possible behavior.
The task of predicting the user’s future behavior can be regarded as a classi-
fication task or a ranking task. Generally, ranking-task training produces better
results [6]. Therefore, we use the pairwise-based ranking loss function in this
paper to minimize the loss function L by comparing the predicted probabilities
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of positive samples and negative samples so that the ranking of positive samples
keeps coming forward and the ranking of negative samples keeps going back:

N,
1 < . . R
L= Y olug = fui) + 002 ), (18)
j=1

where N is the number of negative samples, 7, ; is the probability of positive
samples, and 7, ; is the probability of negative samples.

3 Experiments

3.1 Datasets

We evaluate the proposed model on three real-world representative datasets
which vary in domains and sparsity.

MovieLens 1IM(ML)!: This is a popular benchmark dataset for evaluating
behavior-prediction algorithms, which contains the user’s rating behavior for the
movie. In this work, we adopt a well-established versions, MovieLens 1M [5].

RecSys15-Buy?: This dataset contains user-purchase data obtained from
the RecSys 2015 competition; it aims to predict which items a user intends to
purchase. User behavior is divided into purchase behavior and click behavior,
and we use the purchase behavior data part of it.

Amazon Beauty?: This is a series of product review datasets crawled from
Amazon.com by McAuley et al. [11]. They split the data into separate datasets
according to the top-level product categories on Amazon. In this work, we adopt
the “Beauty” category. This dataset is the most sparse of the three.

According to the general practice in the literature [18,19], we converted all
numeric ratings to implicit feedbacks of 1. We also removed cold-start users and
items of having less than five feedbacks because dealing with cold-start recom-
mendations is usually treated as a separate issue. We use the first 70% of actions
in each user’ sequence as the training set, and the remaining 30% of actions in
each user’ sequence serve as the test set for evaluating the model’s performance.
Table 1 shows the statistical information of the preprocessed dataset. Sparsity
refers to the sparsity of the user-behavior matrix.

Table 1. Statistics of the datasets

Dataset | No. users | No. behavior types | Avg seq. length | No. behavior record | Sparsity
ML 6040 3377 165.47 999416 95.10%
RecSys | 45520 4519 6.60 300105 99.85%
Beauty | 40037 13951 6.52 261205 99.95%

! https://grouplens.org/datasets/movielens/1m/.
2 https://2015.recsyschallenge.com/.
3 http://jmcauley.ucsd.edu/data/amazon/.
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3.2 Evaluation Metric

We evaluate a model by Precision@N, Recall@N, and F1@QN. Given a list of
top-N predicted items for a user, denoted Ry ~, and the last 30% of behaviors
in her or his sequence (denoted R for the test set), Precision@N and Recall@N
are computed by

PrecaN 0 1

rec =% (19)
‘Rﬂ RI:N‘

RecallQN = TR (20)

We report the average of these values of all users. N € {5,10}. The F1@GN is
defined by

2 x PrecQN x RecallQN
Flan = Prec@QN + RecallON (21)

3.3 Experiment Design

In this paper, three different strategies from different perspectives are used to
evaluate the effectiveness of the proposed CASE model:

1. We compare the CASE model with other six common and advanced models.

The code for the methods involved is publicly available on GitHub.

i. Random?: Randomly select a behavior to predict.

ii. MostPopular(See Footnote 4): This is the simplest baseline that ranks
items according to their popularity as determined by the number of inter-
actions.

iii. ItemKNN (See Footnote 4): Use behavior similar to the current behavior
as a prediction result. The similarity between behaviors is defined as
the cosine similarity between the behavior vectors in the user-behavior
matrix. The num of nearest neighbors k is set to 80.

iv. BPRMF (See Footnote 4): Uses pairwise ranking loss to optimize the
matrix factorization with implicit feedback. And as like in previous
work [9], we use the average latent factors of behaviors to represent the
sequence. The parameters for this method are set as follows: num of fac-
tors is 10, L2 regularization is 0.0025 and learn rate is 0.05.

v. GRU4Rec’: Uses recurrent neural network GRU and ranking loss func-
tion to capture the dependencies between user behavior sequences. The
parameters for GRU4Rec method are set as follows: latent dimensions is
128, num of negative samples is 10, num of GRU layers is 2, learning rate
is le-3 and L2 regularization is le-6.

* https://github.com/zenogantner/MyMediaLite .
5 https://github.com/slientGe/Sequential_Recommendation_Tensorflow.
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vi. Caser®: This employs CNNs both horizontally and vertically to model
high-order MCs for sequential prediction. By following the previous work
[9], we also ignore the user latent representations part of Caser when
predicting future behaviors. The parameters for Caser method are set as
follows: latent dimensions is 128, num of channels produced by horizontal
convolution is 16, horizontal convolution kernel size is (i, 128), where
iis from {1,---,5}, num of channels produced by vertical convolution
is 4, vertical convolution kernel size is (5,1), learning rate is le-3, L2
regularization is le-6 and num of negative samples is 10.

2. We remove the constructing IDG part from the CASE model and keep the
total behavior embedding dimension size, obtaining a new model and denoting
it as CASE™. We compare these two models to verify the effectiveness of the
IDG.

3. Similar to what is done in the literature [13], we study how embedding dimen-
sion affects model performance.

The details of the parameters of the CASE model proposed in this paper are
as follows: on all datasets, the maximum interval limit W and the minimum
frequent pattern length of sequential frequent pattern mining are set to ten and
three, respectively. The maximum frequent pattern length is set to three for ML
dataset, and no limit for the RecSys and Beauty datasets. The threshold A\ used
to determine whether a sequential behavior pattern is selected are set to 1.4, 0.8
and 0.7 for ML, RecSys and Beauty, and the K for collaborative selector is set
to 100. The total dimension of behavior embedding is 128 and the dimension of
behavior embedding learned from original graph and IDG are both set to half
of the total dimension.

3.4 Result and Analysis

Table 2 shows the results of the constructing graphs component. No. New edges
refers to edges that appear on the IDG G, but not appear on the original
behavior graph G. In ML, RecSys and Beauty datasets, the number of newly
added edges increased by 18.60%, 7.05% and 3.06% respectively compared with
edge numbers on the original behavior graph, which alleviate the problem of
data sparsity to a certain extent. There are many strong intention-expressing
behaviors on IDG, and the edge weight depicts the uncertain relationship. The
model can encode these information in the behavior embedding representation
by learning G

Table 3 summarizes the best results of the six baselines, the CASE model,
and the CASE™ model. The best and second best performers on each column are
highlighted in bold face and underline, respectively. The CASE model proposed
herein performs the best on the RecSys and Beauty datasets according to all
evaluation metrics. On ML dataset, CASE achieves the best performance on
Prec@b, Prec@10, as well as on the overall metrics F'1@5 and F'1@10. For the

5 https://github.com/graytowne/caser_pytorch.
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Table 2. Results of constructed graphs

Dataset | No. nodes | No. edges of G | No. edges of G’ | No. new edges
ML 3377 375039 384953 69748
RecSys | 4519 92901 18261 6547
Beauty | 13951 133135 27265 4084

F1@10 metric, the CASE method has the best performance on all datasets,
and has improved 1.32%, 6.80% and 16.91% compared with the second best
method on ML, RecSys and Beauty datasets, respectively. These three datasets
are increasingly sparse, which proves that the more sparse the original dataset
is, the effect of the proposed method CASE is more significant. However, we can
also find that the precision values of RecSys and Beauty datasets are very small,
which may mean that these two datasets are difficult to predict and there is no
good algorithm yet for it.

Table 3. Comparison of performance of the three datasets.

Method Prec@5 | Recall@5 | F1@Q5 Prec@10 | Recall@10 | F1@10
ML Random 0.00993 | 0.00146 | 0.00255 |0.01061 | 0.00313 0.00483
MostPopular | 0.11129 | 0.02134 | 0.03581 | 0.10109 | 0.03754 0.05475
ItemKNN 0.09152 | 0.02785 |0.04271 | 0.08851 | 0.05254 0.06594

BPRMF 0.12543 | 0.03066 | 0.04928 |0.11334 | 0.05379 0.07296
GRU4Rec 0.29106 | 0.02958 | 0.05370 |0.26023 | 0.05290 0.08793
Caser 0.11815 | 0.03201 | 0.05037 |0.12210 |0.06371 0.08373
CASE™ 0.26613 | 0.02705 | 0.04911 | 0.23864 | 0.048509 | 0.080629
CASE 0.29305 | 0.02978 | 0.05407 | 0.26369 | 0.05360 0.08909
RecSys | Random 0.00011 | 0.00045 | 0.00018 |0.00013 | 0.00098 0.00023

MostPopular | 0.00308 | 0.01165 | 0.00487 | 0.00298 | 0.02280 0.00527
ItemKNN 0.02421 | 0.09515 | 0.03860 |0.02495 |0.19414 0.04422

BPRMF 0.00323 | 0.01256 | 0.00514 | 0.00327 | 0.02499 0.00578
GRU4Rec 0.02086 | 0.06909 | 0.03205 |0.01666 |0.11033 0.02895
Caser 0.03139 | 0.10862 | 0.04871 |0.02804 | 0.19390 0.04899
CASE™ 0.02716 | 0.08995 | 0.04172 |0.01990 |0.13182 0.03458
CASE 0.04249 | 0.14074 | 0.06528 | 0.03011 | 0.19944 | 0.05232
Beauty | Random 0.00006 | 0.00014 | 0.00008 |0.00005 |0.00030 0.00009

MostPopular | 0.00207 | 0.00520 | 0.00296 | 0.00182 | 0.00919 0.00304
ItemKNN 0.00182 | 0.00422 | 0.00254 |0.00202 | 0.00906 0.00330

BPRMF 0.00205 | 0.00527 | 0.00295 |0.00174 | 0.00875 0.00290
GRU4Rec 0.00338 | 0.00837 | 0.00482 |0.00312 | 0.01545 0.00519
Caser 0.00440 | 0.00930 |0.00597 | 0.00380 |0.01610 0.00615
CASE™ 0.00344 | 0.00852 | 0.00490 | 0.00276 |0.01366 0.00459

CASE 0.00505 | 0.01249 | 0.00719 | 0.00432 | 0.02137 | 0.00719
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The results in Table 3 show that the sequential prediction methods such as
GRU4Rec, Caser, CASE, and CASE™ perform better than the method with-
out considering sequence characteristics. The results prove the importance of
sequential information for predicting behavior.

By comparing the performance of CASE and CASE™ on all datasets, we
find that constructing the IDG in the CASE model significantly improves the
performance of the model. For example, for the RecSys dataset, the performance
of the CASE™ model is inferior to that of Caser, but the performance of the
CASE model clearly exceeds that of the Caser model and produces the best
performance according to all evaluation metrics.
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Fig. 2. F1@10 vs. the number of behavior embedding dimensions

Figure 2 shows F'1@10 for various behavior embedding dimensions while keep-
ing the other optimal hyperparameters unchanged. We can found that the CASE
method can provide more stable performance for different behavior representa-
tion dimensions. It also works well in smaller representation dimensions, which
means the almost good performance can be achieved with less computation.

4 Conclusion

To solve the problems of behavior sparsity and uncertainty in predicting user-
behavior sequences, this paper proposes the CASE user-behavior prediction
model.

The CASE model is based on frequent-pattern mining with a collaborative
selector and graph neural networks to encode user behavior and uses recurrent
neural networks to learn the dependencies between behaviors and thereby pre-
dict the future behaviors. Experiments show that the proposed CASE model
outperforms many advanced methods when applied to various behavioral data
sets with different vector dimensions.

In the next step, we can mine the semantic relationship between different
behaviors or further study how to find causation as opposed to just correlation
between behaviors, and thereby improve the robustness of the model.
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