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ABSTRACT

Recently, owing to the great advances in Web 2.0 and mobile devices, var-
ious online commercial services have emerged. Recommendation systems
play an important role in dealing with abundant product information from
massive numbers of online e-commerce transactions. Providing an accu-
rate recommendation at the correct time to customers can contribute to
a surge in business success. In this paper, an adaptive temporal-concept
drift learning-based recommendation system, ATCRec, is developed for
precisely tackling the sequential recommendation problem. We embed
sequences of items into the latent spaces and learn both general prefer-
ences and sequential patterns concurrently via a recurrent neural network.
Specifically, ATCRec captures dynamic changes in the temporal and con-
cept drift contexts by modifying the gate units in a traditional recurrent
neural network. The proposed model provides a unified and flexible net-
work structure to learn and reveal the opaque variation of user preferences
over time. We evaluate the robustness and performance of ATCRec on
two real-world datasets, and the experimental results demonstrate that
ATCRec consistently outperforms existing sequential recommendation ap-
proaches on various metrics. This indicates that integrating users’ tempo-
ral information and concept drift variation through time are indispensable
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in improving the performance of recommendation systems.
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1. INTRODUCTION

In the last decade, due to the great advancs in
Web 2.0 and the popularity of mobile devices, the
abundant information available has abruptly changed
the world as we know it. For example, some retail-
ers are providing a million products at one time in
one store. Several businesses have achieved extraor-
dinary success in making a profit while maintaining
customer loyalty via their recommendation systems
(RS). Actually, recommendation systems are decision
support systems which often add more value to both
consumers and commercial sites. Users can easily find
the right items to consume at the right time, and
it also reduces the time required to find the specific
items.

Developing an adaptive model to learn the dy-
namic changes of tremendous amounts of customer
data is a challenging task since the proposed model
should incorporate the asymmetric transition of time

between interactions and the dynamic changes of user
preferences. Traditional methods, such as collabo-
rative filtering (CF) and matrix factorization (MF),
have been used for forecasting unobserved ratings in
the user-item matrix. The CF-based techniques gen-
erally derive the similarity among users and then pre-
dict the item rating based on similar users. The MF-
based approach decomposes the user-item rating ma-
trix into user and item latent factor spaces to predict
future item ratings. Though CF- and MF-based mod-
els are successfully applied in some applications, both
techniques still have a limitation in terms of captur-
ing the temporal dynamics of user preferences.

Some previous sequential recommendation studies
focused on sequential recommendation which typi-
cally relies on either the Markov Chain (MC) or a
recurrent neural network (RNN) to capture sequen-
tial patterns and forecast the target user’s next ac-
tion based on prior actions. MC-based models extract
sequential patterns by learning the transition graph
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over items, and derive the probability of the next item
to consume based on users’ historical transit traces.
Various studies, such as FPMC [1], and FPMC-LR
[2], discuss the variations or extensions of MC.

Recently, the RNN-based models have attracted
much attention due to their high accuracy and gen-
eralization. Examples of these are GRU4Rec [3] and
Time-LSTM [4]. However, these approaches still suf-
fer from overlooking dynamic changes in users’ pref-
erences. Also, several prior models learned the evolu-
tion of auxiliary contexts and the actual interactions
separately, which results in lower accuracy. These
learned models are intended to process users’ se-
quence data with the regular elapsed time between
successive actions. However, they are not appropri-
ate for real-life applications since the elapsed time
between actions can vary from seconds to years. The
irregularity of time transitions between users’ records
and the complex hidden patterns are fatal problems
for current RNN-based models.

To demonstrate the challenges of modeling the se-
quential data, we present the real scenarios as ex-
amples in Fig.1. We use movie-watching history as
an example. Assume there are 10 movies denoted
by m1, ma, ..., mig. The movies m; to my are as-
sociated with an action genre. The movies ms to
my are associated with horror movies. Movies mg to
m1o are associated with the fantasy genre. Each user
has historical watching records associated with times-
tamps in order. For simplicity, the watching history
sequence of user u; is denoted as S,;.

Case Scenario 1 (The effect of Sequential
patterns): We assume that not only the user’s gen-
eral preference benefits the recommendation results,
but the sequential patterns are also another key to
improve the top-N performance. General preferences
symbolize static behaviors or long-term interests,
while sequential patterns symbolize the dynamic be-
haviors or short-term interests where the next action
more likely depends on the actions recently taken.
For example, users u; and uz have their historical ac-
tions denoted as S,1 =< mq,mo, M3, My, Mg, Mg >
and Sy3 =< mo,m3z, My, ..., ms, Mg >. From the ex-
isting dataset, our goal is to recommend the movies
that user wuy is going to watch in the future. The se-
quential relationships are analyzed and used in the
recommendation process. From watching sequence
Sua =< Mo, mg >, user us will have a higher chance
of getting m,4 as the next movie to watch due to
the sequential patterns mined from S,; and Sy3
{ma,m3 — my}. In this case, a recommendation
system which only considers the general preferences
may miss the chance to recommend my4 to usy after he
watched mo and mg, since there are many possible
action movies to recommend.

Case Scenario 2 (The effect of temporal ir-

regularity in user transitions): We assume that
the latest movies a user has watched will have a higher

impact on the future movies watched than the his-
torical records. For example, suppose uz watched
< mg, mg, my > in the last year. Later, us has just
watched < mg, mg >. This results in a long elapsed
time (At) between my4 and ms. Therefore, the recom-
mendation system should place more emphasis on the
recent records such as ms and mg than on mso, m3 and
my in the prediction process. As a result, a movie my
which has similar content to ms and mg is returned
as a prediction. In this case, a recommendation sys-
tem that only considers the general preferences and
sequential patterns will probably miss the chance to
recommend m7 to uz after he watched < ms, mg >,
since the system may recommend the wrong movies
to the users due to the ignorance of the impact of
recent movies.

Case Scenario 3 (The effect of concept drifts
in user sequences): We assume that the character-
istic of movies is stationary, while there is a concept
drift in a particular user since some people might have
changed their preferences over time. In most sequen-
tial recommendation applications, patterns and rela-
tions often evolve over time. Thus, we refer to con-
cept drift as a non-stationary learning problem over
time that could capture the gradual change, sudden
change, or lack of change in the user’s preference [31,
32]. In this manuscript, the concept refers to the
movie genre. So, if a user has watched many action
movies in the past, but he started to watch fantasy
movies recently, the proposed model should have the
capability to capture the change in the user’s pref-
erence for fantasy movies and recommend more films
related to the fantasy genre. For example, u; was pre-
viously interested in watching action movies. How-
ever, u; was recently interested in fantasy movies.
We should recommend myg to u; since he most re-
cently interested in fantasy movies more than action
movies. In this case, a recommendation system that
only considers the general preferences, sequential pat-
terns, and temporal irregularity will probably miss
the chance to recommend mqg to u; after he watched
< mg,mg >, since u; has regular elapsed time (At)
but he has changed his preferences at some point in
time.

Motivated by the above challenges and the unique
characteristics of the sequential data, in this study,
we develop a novel recommendation system named
the Adaptive Temporal-Concept drift model learn-
ing for sequential Recommendation (abbreviated as
ATCRec) to handle irregular time intervals and
user preference driven sequential data. Two design
schemes are considered to build such an applica-
ble learning module. First, the time irregularities
between adjacent inputs in a sequence are trans-
formed into a proper weight. Second, the change
in users’ preferences, known as concept drift, is cap-
tured by a similarity calculation between successive
inputs and included in the model learning process.
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Fig.1: An example of recommendation results made for random users.

In this paper, we denote the context values describ-
ing the granularity of the adaptive temporal-concept
drift as ATContext. We incorporate AT Context into
the subspace decomposition of the short- and long-
term memory units in the Long Short-Term Memory
(LSTM) model. More specifically, we discount the
memory cell in a way so that the more time elapses
or concept drifts, the smaller the effect of the previous
memory on the current output.
The contributions of our work are as follows:

o We define and formalize a significant factor, adap-
tive temporal-concept context (ATContext), from
user sequence data which is unobserved by previous
studies on the sequential recommendation. The drift
of concept and the influence of temporal dynamics are
quantized by ATContext with similarity and tempo-
ral calculations between successive items in sequence.
o The proposed ATCRec not only minimizes the in-
efficiency of traditional RNN, but also constructs a
framework to handle concept drift and temporal dy-
namic contexts between consecutive records. In par-
ticular, we decompose the memory cell into short- and
long-term effects in the proposed learning model. The
short-term counterpart is modified by the discounted
weight of ATContext and then combined with the
long-term counterpart before entering the recurrent
neural network units.

« Extensive experiments were conducted on two real
datasets from GroupLens [30] to show the applica-
bility of the proposed system. Our experimental re-
sults shows that ATCRec has greater improvement
on the performance compared to the existing state-of-
the-art models. Also, we demonstrate the superiority
and generalization of our proposed model via various
standard metrics.

The remainder of this paper is organized as follows.
Section 2 provides details about some related work.
Sections 3 and 4 present the preliminaries and pro-
posed model, ATCRec, respectively. Section 5 pro-
vides the experimental settings, evaluations, and re-
sults. Finally, we deliver some concluding remarks in

Section 6.

2. RELATED WORK

In this section, we first review the literature related
to recommendation tasks including several CF-based
and MF-based methods. Then, we introduce the prior
context-based and sequential recommendation mod-
els and present the differences between our proposed
model and existing work.

Collaborative filtering (CF) [21, 25] is a com-
mon and successful recommendation technique based
on user interests. Sarwar et al. [5] proposed an
item-based CF that calculates the similarity between
items, and then all missing ratings are returned and
used for recommendation. Ricci et al. [6] proposed
a user-based CF that computed the similarity of
users based on provided ratings, and returned rec-
ommendation lists which are similar to user’s friends.
Zhang et al. [7] employed availability evaluation and
trust evaluation modules to improve CF performance.
Gupta et al. [8] utilized a weighted scheme to com-
bine CF with a user-side information for item rat-
ing prediction to solve the user cold start problem.
Melville et al. [9] combined the benefit of content
and collaboration-based models into a unified frame-
work to enhance the personalized prediction. Zhao et
al. [10] introduced a MapReduce environment as a
main implementation for large data processing using
item-based CF recommendation.

With the impressive achievements of latent factor
models (LFM) in many domains, various approaches
based on Matrix Factorization (MF) [11] have been
used to leverage user-item rating recommendation
systems. Actually, the rating patterns can be inferred
through the factor vectors extracted from matrix de-
composition. Koren et al. [12] utilized the inner
product of user and item low-dimensional matrices for
rating prediction. Thai-Nghe et al. [13] modeled an
effective recommendation approach implicitly includ-
ing the latent factors, and proposed a tensor factor-
ization method with temporal effect. Abdi et al. [14]
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included contextual information in MF approaches to
improve recommendation performance. Xiong et al.
[15] analyzed the deviation degree of ratings of users
and items, and proposed the concept of user- and
item-centrality. Based on the rating centrality, the
authors measure the reliability of each user rating and
provide an optimized MF recommendation algorithm.
Jamali et al. [17] incorporated the mechanism of trust
propagation into a model-based approach for social
network recommendation. Liang et al. [18] jointly
modeled a co-factorization model of the user-item in-
teraction matrix and the item-item co-occurrence ma-
trix to improve next item recommendation.

Temporal context recommendation attempts to
improve general recommendation by incorporating a
timestamp associated with data records. Ding et al.
[19] utilized the time weight function to assign decay-
ing weights to earlier rated items when calculating
similarities. The proposed algorithm extends cluster-
ing to discriminate between different kinds of items
for tracing the change of user-purchased item interest.
The authors also discuss a personalized decay factor
according to the user’s own purchase behaviour. Ko-
ren et al. [20] achieved rating prediction on Netflix
data by integrating temporal signals, and proposed a
model to track the time changing behaviour through-
out the life span of the data. This enables the pro-
posed model to exploit the relevant components of all
data instances, while discarding only what is mod-
elled as being irrelevant. Shi et al. [21] utilized tem-
poral information such as timestamp associated with
ratings of the user-item to put more emphasis on re-
cent ratings. The authors assume that the most re-
cent actions will have more impact on future actions
than actions which occurred in the past.

Since the user’s preference is dynamic and varies
over time, many previous studies on preference con-
text recommendation have tried to detect concept
drift to capture the change point in user preferences
along the timeline. Most studies capture user pref-
erences by using a clustering-based method. Lo et
al. [22] developed a temporal approach for tracking
concept drift in each user latent vector. Cheng et
al. [23] proposed a time aware-based user interest
model to improve document recommendation by dis-
tinguishing the main interests from the minor user
interests. Jiang et al. [24] recommended target items
to target users by forming user-rated target items at
a nearby current time as a group. The authors uti-
lized a predefined time function for different items to
assign different weights. Then, all items belonging to
the users in this group are ranked for prediction.

Dynamically sequential recommendation models
always rely on Markov Chains (MC) to capture se-
quential signals. FPMC [1] is a combination of MF
and MC to achieve prediction in the next-basket rec-
ommendation by modeling the third-order as a cube
to represent the transitions among items made by

users. Later, Yu et al. [26] extended FPMC by ex-
ploiting aggregation operations such as mean pool-
ing to process complicated interactions. He et al.
[27] modeled the interaction between users and items
by embedding items into a transition space while
users are modelled as translation vectors. The pre-
diction results are calculated by operating the transi-
tion space with translation vectors to get the vector
direction of the next item. Hidasi et al. [3] applied
a parallel recurrent neural network to better model
the sequential input data. Fossil [28] simplified the
high-order Markov chains by exploiting a weighted
sum aggregation function over preceding item latent
representations. Zhu et al. [4] proposed an extension
of LSTM to include an additional gate to process the
time intervals between consecutive inputs and to au-
tomatically decay the incoming inputs based on the
time gap.

Recently, a number of studies have proposed mod-
els for time-aware recommendation based on user
preference driven models. For example, Roveri et al.
[33] proposed discrete-time Markov Chains (DTMCs)
under concept drift to detect three different change
mechanisms in data. Neammanee et al. [34] intro-
duced a Time-Aware Recommender System (TARS)
to detect user preferences with a Fuzzy C-Mean al-
gorithm and entropy to find the preference change in
the rating timeline. Xu et al. [35] offered an anomaly
detection problem of smart city services and distin-
guished different anomalies of communication to pro-
tect data privacy of users by integrating the concept-
drift concept into the proposed method. Santos et
al. [36] presented an approach to capture temporal
novelties in social networks and to indicate change
points driven by real-world incidents that influence
public opinion.

However, our proposed model (ATCRec) dif-
fers from the above prior research since our learn-
ing model simultaneously learns the temporal and
concept-drift contexts and adjusts the recommenda-
tion results based on the adaptive time and concept-
drift via a modified LSTM unit. Consequently, our
proposed model adaptively captures the changes dur-
ing the longitudinal user behaviors, and provides
promising recommendation results.

3. PRELIMINARIES

In this section, we introduce the general defini-
tion of sequential recommendation and formulate the
problem. The notations used throughout this study
are summarized in Table 1.

Let U = {uy,ug,...,u;,...,uyn} be a set of
users, where 1 < ¢ < m. Let M =
{mi,ma,...,mj,...,myp} be a set of items, where
1 < j < n. Each m; is associated with its genres
which are represented by a one-hot encoding vector
Zm;. For example, the genre vector z,,; = [0, 1, 0,
1] of m; means that there are a total of four genres
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Table 1: Notation used in the ATCRec model.

Symbol  Gross

U, M A set of users, A set of items

w; A userin U

m; An item in M

At Elapsed time between successive inputs

Ac Similarity score between successive inputs
Act AT Context between successive inputs

Saet A user ATContext sequence

T The genre vector describing the movie j m;
ag An action pair (my,t)

Su A user action sequence

E(mj) A latent vector of item m;

E(S,) A user sequence of all movies' latent vectors

in the database and m; belongs to genres 2 and 4.
The genres for the movies are indicated with 1 in the
genre vector.

The actions of user u are recorded as a user se-
quence S, = <ai,...,ak,...,ag,] >. The action ag
in S, represents a pair (my,t;) which denotes u; se-
lected item my, at time ¢ and USa] S HSu_q] < --- <
t1. For example, suppose S, is a movie watching se-
quence of user u, then action aj is watching movie
my at time ty.

4. THE PROPOSED MODEL: ATCREC

We aimed to answer the following questions: (i)
How can we capture the temporal and concept-drift
context of user preferences? (ii) What is the prin-
ciple learning model to be developed to enhance the
top-N prediction performance? and (iii) How can we
incorporate the temporal and concept-drift context
into the learning model? In this section, we describe
the proposed Adaptive Temporal-Concept drift learn-
ing model for Sequential Recommendation (ATCRec)
that aims to include the temporal-concept drift con-
text (ATContext) for dynamically predicting possible
next items. To facilitate the explanation of the pro-
posed method, in the remaining part of this paper, we
will use movie watching data to discuss the ATCRec
architecture and related components. The user ac-
tion sequence will be the movie watching sequence
and the selected items will be movies watched. Fig.
2 presents an overview of the architecture of ATCRec
which consists of four major components: 1) ATCon-
text derivation, 2) Model embedding, 3) Model learn-
ing and training, and 4) Recommendation.

4.1 ATContext derivation

In this section, we first describe how we can extract
the temporal context (At) and concept-drift context
(Ac). Then introduce the ATContext (Act). Since
the user action sequence (S,) is normally longitudi-
nal, the relationship and dependencies between items
in the data sequence must be captured in order to
learn a more effective representation. Note that in
the movie watching dataset, as shown in Table 2,

Table 2: FExzample of attributes used in ATCRec
(Genre A denotes Action, C denotes Crime, and H
denotes Horror).

u-td  m-id rating time_stamp  title genre
1 8125 4 08/31/16 Heat AlC
1 6680 3 11/25/17 Flipper C|H

we consider six attributes: wser_id, mowvie_id, rating,
time_stamp, title, and genre.

The definition of the temporal context (At) is
given in Eq. 1.

1
At(mi,mig1) = log(e + (t; — tiv1)) W

Obviously, the temporal context will be framed in
the same unit of time within the same dataset, ei-
ther in seconds, minutes, or hours, while processing.
This important process can prevent large numerical
values when there is a very long time between two
consecutive items, e.g. many years. For example, if
the recent temporal context of a particular user is
around 0.99, this indicates that the user continuously
interacts with the system. Hence, these selected items
provide a source to allow studying the progression of
the condition. On the contrary, if the recent tempo-
ral context of a particular user is around 0.01, this
indicates that there are years between two successive
items. In this case, dependency on the earlier infor-
mation should not play an active role in predicting
the current recommendation output. In summary,
we construct a temporal weight function by giving
high weight to the items selected near the current
time. The At is transformed into a proper weight for
further discounting short-term memory content de-
scribed in the later section.

On the other hand, since users normally change
their preference over time due to the shifting interests
or the fluctuation of item popularities, it results in
the inconsistencies in user behavior. Different users
might have drifted in different ways at each point in
time. It is essential to keep track of multiple changing
points in a longitudinal sequence. In this study, we
extend the content-based and collaborative filtering
approaches to dynamically weight the concept-drift
Ac transition between two successive items. In order
to track the transition of concept drift over time, the
genre of each item is encoded as a one-hot encoding
genre vector.

First, the content similarity sim. between two
items is derived from two genre vectors input into
Eq. 2. The 2! =< z1,72,...,75 > and 2/ =<
x;,x;,. .. ,x;> denote the genre vectors of items m;
and mj, respectively. Notice that the size (dimen-
sion) of a one-hot vector is set to g.
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Fig.2: The architecture of the ATCRec system.
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Second, we also find the similarity between two
items in the user rating aspect. When all users have
rated two items together, we can utilize the rating
value to estimate the similarity of these two items.
Suppose U;; is a set of users which have rated m;
and m; together, and r; and r,; are the values that
user u rated to m; and m; respectively. The rating
similarity simpg between two items can be derived by
Eq. 3.

sime(mi,mj) = z'ad =

ZueUij(""ui_l"il)(lruj_tu'jl) ( )

stmp(m;,m;) =
R( v ]) \/Zueuij(mi—m)z\/Zueuij(ruj—uj)z

i and p; are the mean rating value of m; and m;,
respectively.

Finally, we combine sim¢ and simp similarity val-
ues to derive the transition value of the concept-drift
context (Ac) with Eq. 4 where « is specified by the
user.

Ac(my, miy1) = asime(k) + (1 — a)simpg(k)  (4)

k denotes (m;, m;y1).

ATContext (ct): For a user u € U, given
his/her action sequence S,={ai,...,ax,...,qs,}
where aj, = (mg, tx), by calculating all temporal and
concept-drift contexts, i.e., VAt, VAc, where 1 <=
k <= |Sy|, we can derive the temporal sequences
{82t = Aty,...,Aty, ..., Ats, 1} and concept-drift
S&e = {Aey,...,Ack,...,Acs, 1} directly. The
ATContext is defined as in Eq. 5.

Act(mi, miy1) = min(Ac(mi, mit1, At(mg, miy1))) (5)

The ATContext sequence of user u is defined as
S&e={Acty ,...,Acty,. .. Act|g, |} The reasons why
we construct Act from the minimum values between
Ac and At are twofold as follows. First, we aim

to capture the nature of each sequence dynamically.
Since each user's behavior varies across the whole
dataset, we need to combine the context weights At
and Ac properly and differently for a particular user.
For example, user A continuously watches movies ev-
eryday. At some point in time, his preference changed
from action movies to romance movies. His S4* can
be denoted as {1.0, 1.0, 1.0, ..., 1.0} and his S4¢ can
be denoted as {1.0, 1.0, 0.3, ...,1.0}.

According to Eq. 5, we can derive S3° = {1.0,
1.0, 0.3, ...,1.0}. Another example is user B who ir-
regularly watched movies may have S5¢ = {1.0, 1.0,
0.2, ...,1.0} and S5°= {1.0, 1.0, 1.0, ..., 0.2}. Ac-
cording to Eq. 5, we know that S5 = {1.0, 1.0, 0.2,
..., 0.2},

This indicates that we consider both the impact
of long elapsed times between consecutive items and
concept drift to construct the ATContext. The AT-
Context sequence S5 is later used for the model
learning process to decay the short-term counterpart
memory, while the long-term one still maintains the
global profile. The proposed approach not only cap-
tures the dynamic of the temporal context but also
captures the preference driven for each sequence. Sec-
ondly, unlike previous studies that used the same con-
stant values to weight the importance of each con-
text for all data sequences, we dynamically compute
the weight for each sequence differently. This impor-
tant difference helps the proposed method capture the
changes in each context at a very fine-grained level for
further model learning.

4.2 MODEL EMBEDDING

Due to the sparsity problem in real-life datasets,
we use an embedding technique to encode each item
semantic instead of using a one-hot encoding tech-
nique. We utilized the word2vec technique [29] to
model the successive transitions among movies in se-
quence. In this way, the movie’s dense vector repre-
sentation which is embedded in closer proximity will
have more common patterns or semantic relationships
than those having farther distance. In summary, in
this process, given the action sequence of each user
Su, we can get the sequence of the movie embedding
vector denoted as E(S,,).
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4.3 MODEL LEARNING AND TRAINING

Traditional recurrent neural network (RNN) is de-
signed to handle data with constant elapsed times be-
tween successive items of a sequence. In general, the
time-lapse between consecutive actions varies from
seconds to years. Obviously, the design of a tradi-
tional RNN may lead to suboptimal performance. To
the best of our knowledge, currently, there are no
prior works that consider the concept drift as an ad-
ditional context in RNN for tracking the dynamics of
user preferences at a fine-grained level. Therefore,
in this study, ATCRec is proposed to capture the
complicated sequential data in a longitudinal fashion.
The proposed models take the sequence of item latent
vectors E(S,,) embedded by the previous module and
ATContext sequence S as the input.

We propose a learning concept to decompose the
subspace in the memory cells of the recurrent neu-
ral network architecture into short- and long-term ef-
fects. The short-term effect is adjusted proportion-
ally to the values from the ATContext sequence. If
the AT Context value is large, this means either a user
did not have an interaction with the system for a long
time or a user suddenly changed his preferences to
select another type of item. In this case, the depen-
dence on short memory should not play a significant
role in the prediction of current output. After we ad-
just the short-term effect, it is added to the long-term
effect to combine the static and dynamic behavior
analysis.

With this concept, ATCRec can not only handle
the timing irregularity between interactions, but it
can also dynamically capture the changes in user in-
terests during the model learning process.

4.3.1 Model Learning

The design of ATCRec is extended from the tradi-
tional LSTM model that consists of one cell of mem-
ory and three controlled gates to forget, keep, and
update the cell memory. The context of temporal-
concept drift (Act) is incorporated as another input
into the proposed model in such a way that the user’s
short-term interest and long-term interest are con-
currently learned. ATCRec overcomes the difficulties
of concept drift and irregular time intervals between
items by not only updating the predictive model with
new information but also forgetting old information.

E(my)  Act;

Fig.3: The design of the ATCRec Learning model.

We take movie watching data as an example. In-
tuitively, a movie watched a long time ago is likely
to have little influence on the next prediction, and
vice versa. Meanwhile, if a user suddenly changes
his preferences, recently watched movies should have
more influence on the next recommendation. The
concept of ATCRec is presented in Fig. 3. When us-
ing ATCRec for making the next movie recommenda-
tion, F(m;) represents the latent vector of the user’s
most recently watched movie m;, which can be ex-
ploited to learn the user’s short-term interest. The
short-term interest will be adjusted heavily depend-
ing on AT Context weight between the last movie and
the current movie. The memory cell C;_; represents
the the user’s historical watching records, which re-
flect users’ long-term interest. The hj;_; stores the
previous output result. The objective functions are
given here:

fi

i =

p(WyE(mj) + Ughj_1 +b;
¢(WfE(m )+Ufh 1 -‘rb
¢(WfE(mJ) + Uch 1+0b;
Ci = = tanh(W,C;_1 + b

O]l'—1 =Cj1— Cj—l

s'=C%_ | x(Act;)
G (6)
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E(m;) represents the current movie embedding
vector at time step j. Cj_; is the memory cell at
timestep j-1. h;_; is the previous output result. We
first derive the forget gate f;, input gate i;, and out-
put gate o; to decide how much information will be
forgotten, input, and output. ¢ represents a sigmoid
function to map the values between 0 and 1, where
0 represents completely ignoring the content and 1
represents completely keeping this content. W and
U are the learning weights matrix, and b is the bias
vector of each gate. The memory cell C;_; is de-
composed into short- and long-term effects. It de-
composes the memory of the previous time step into
two counterparts, a short-term effect (C7_;) and a
long-term effect (Cé_l).

Therefore, we still preserve the long-term effects
while adjusting for the short-term effects based on the
user’s dynamic behavior for prediction. The short-
term memory is calibrated properly based on the
amount of ATContext (Act). A heuristic decaying
scheme works in such a way that the larger the value
of ATContext, the less effect it has on the short-

term memory (C5_;). For example, if the AT Context
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weight is large, it infers that there has been no inter-
action with the system for a long time. Hence, the
dependence on short-term memory should play a sig-
nificant role in the prediction of the current output.

The complement subspace of the long-term effect
is combined with the discounted short-term effect to
compose the adjusted previous memory as C;_l is de-
rived from the learning of the input E(m;) and pre-
vious result h;_;. Finally, we derive the new memory
cell C; and output h;. Note that the parameters of
the model for learning (i.e., W, U and b) are all ad-
justed concurrently with the rest of the network pa-
rameters by back-propagation. Also, the operation o
denotes the Hadamard elementwise product.

4.3.2 Model Training

First of all, we construct an input instance of the
proposed learning models for training. For each user
u's action sequence S, in the training dataset, we
compute the ATContext (Act) and derive the AT-
Context sequence S2¢t. Then, we transform each
item m; to an embedded latent vector E(m;). Note
that the input to ATCRec model is the sequence tu-
ple, E(Sy) ={E(m1) ,..., E(m;) ,...,E(ms,)))} and
the ATContext sequence S5°. We use mini-batch
learning to train the model on each user’s sequence
tuple until convergence. According to Eq. 6, h; could
be considered as the prediction latent vector for the
next timestamp. Hence, the error function is calcu-
lated by root mean square error (RMSE) between the
predicted embedding vector h; and the actual embed-
ding vector E(m;) as shown in Eq. 7.

Sl

Loss = Z Z(hj — E(m;))? (7)

S.€Z j=1

During the training process, in each epoch, all
users’ sequences are randomly selected from the train-
ing dataset T for each mini-batch Z. Each training
batch consists of various lengths of user action se-
quences for different time steps as described in Eq.
7. We padded the sequence length with maximum
values so all T can be processed properly for model
training. We use Adam, a variant of gradient descent
to optimize the parameters in the proposed model.
For the most optimized settings of ATCRec, the cell
size and the hidden state size are set as 128 in our ex-
periments. Also, a number of epochs is set as 15 and
the batch size is set as 64 for our proposed model.

4.4 ATCRec Recommendation

The goal of ATCRec is to predict the next target
items given a sequence of a user selected items (his-
tory) and ATContext. When recommending items
to user u, we first input u’s embedded sequence
E(S,)={E(m1),E(ma),...,... ,E(m|su|)} and AT-
Context sequence S5 into the well trained ATCRec

model to derive a prediction vector E(m,). We com-
pare all items in M = mqy,ma,...,m;,...,m, with
the predicted output to recommend the top-N similar
items to user u. The similarity function is defined in
Eq. 8.

PN E(mp)E(mj)
Similari M, E(m)) = ——
B B 1B

(8)

Notice that both the embedding vectors of E(m,)
and E(m;) are in the same latent space. This al-
lows us to effectively compute the semantic similarity
between the two items, and to find the items most
similar to an output embedding. Finally, the top-N
similar items are returned as the final recommenda-
tion results.

5. EXPERIMENTS

In this section, we conduct an experimental study
to evaluate the performance of our proposed model
on real datasets according to the following research
questions: Q1: Does the proposed ATCRec outper-
form the state-of-the-art recommendation approaches
on real datasets? Q2: Can we reinforce the effective-
ness of the proposed recurrent architecture by incor-
porating the ordinary sequential data with the transi-
tion of temporal contexts? Q3: Can we reinforce the
effectiveness of the proposed recurrent architecture
by incorporating the ordinary sequential data with
the transition of user preference contexts? Q4: Can
we improve the performance of the traditional recur-
rent model by incorporating the transition of both
time dynamic and concept drift between consecutive
records into the subspace decomposition of the mem-
ory cell in LSTM? We first present our experimental
settings. After that, the answers to Q1, Q2, Q3,
and Q4 are provided respectively in Secs. 5.2, 5.3,
and 5.4.

5.1 Experimental Setting

In this section, we discuss how we conducted our
experiment on the public dataset provided by Grou-
plens including ML100K and MLIM. The statis-
tics of the dataset are shown in Table 3. After
data-preprocessing, the MovieLens datasets ML100K
and ML1M contain 592 and 6,034 users, and 4,569
and 3,260 movies, respectively. The time spans for
ML100K and MLIM are from 03/1996 to 09/2018
and 01/2000 to 12/2000, respectively. The range of
system rating of all datasets is 1 to 5 (i.e., the best
and the worst scores that a user gives to a movie are
5 stars and 1 star, respectively). Every record in the
dataset consists of user ID, movie ID, timestamp, rat-
ing, genre, title. Since the dataset is usually sparse,
all datasets with the users who interact with the sys-
tem less than 20 times are filtered out. Also, movies
with less than 10 ratings are excluded. Note that in
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Table 3: Movielen [30] datasets.
mazximum sequence length.
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; NO.2 June 2022

minimum sequence length while MaxSL denotes the

dataset | #user | #movie | #type | period MinSL | MaxSL
100K 592 4569 18 03/1996-09/2018 | 20 1634
1M 6034 3260 18 01/2000-12/2000 | 20 2234

this study, all sequences are sorted in chronological
order [37-40].

Fig. 4 shows more descriptions of the irregulari-
ties of time and concept differences in our datasets.
We normalize all At and Ac in both datasets with
min-max normalization. Obviously, traditional RNN
units such as LSTM and GRU are designed to han-
dle data with constant elapsed times and concepts
between successive elements of a sequence. In real-
ity, the time and concept lapse between items can
vary from low to high values. Therefore, the design
of traditional RNN may lead to suboptimal perfor-
mance. Figs. 4(a) and (b) show the irregularities
of At and Ac in our datasets. We can observe that
the At and Ac between consecutive items vary from
small to large units. Since the proposed models con-
sider the dynamics of time and concept differences be-
tween successive items, in this study, we have shown
the benefits brought by incorporating the irregulari-
ties of time and concept differences from the perfor-
mance differences among LSTM, GRU, ATCRec in
terms of HQN, P@QN, and R@QN in Table 4, Fig. 5.,
and Fig. 6.

0 F - == ML100K
ML 1M

Percentage Cumulation (%)

0 01 02 03 04 05 06 07 08 09 10
Time Difference (Min-Max Normalization)

(a) The cumulative distribution of the time differences between two items

-
© o
S S

- @
S o

60

= ML100K
ML 1M

Percentage Cumulation (%)
%3
S

0 01 02 03 04 05 06 07 08 09 10
Concept Difference (Min-Max Normalization)

(b) The cumulative distribution of the concept differences hetween two items

Fig.4: The cumulative distribution of time and con-
cept differences in both datasets.

5.1.1 Evaluation Metrics

In this study, we discuss three metrics, hit ratio,
precision rate, and recall rate, for the top-N recom-
mendations to show the performance of the proposed
ATCRec. We take 80% of the dataset as a training set
and the remaining 20% for a test set to discuss the
three metrics. In advance, for evaluating the three
metrics, we take the first 70% of the test data as an
input and the remaining 30% is used to compute the
hit ratio, precision rate, and recall rate. The def-
inition of hit ratio for the top-N recommendations
(HQN) is given in Eq. 9.

Z equal(m® ,m™)

u; €U

equal(m,’,m") = 1if 3m € (m)Nm"), otherwise
it is 0. The mév denotes the set of predicted movies in
the top-N recommendations for u;. m” denotes the
set of movies at the first N time steps in the remaining
30% of the test data (i.e., the real N movies that u;
watched after recommendation).

If two sets have overlapping movies, i.e., correct
predictions, the function equal(.) will output 1, oth-
erwise it outputs 0. The definition of precision rate
(P@N) and recall rate (RQN) at the top-N recom-
mendations are given in Equations 10 and 11.

[m) nm|
PQN = (10)
P
m nm
RGN = Z | | (11)
u, €U |m|
mév represents the set of predicted movies in the

top-N recommendations. However, m depicts the set
of all movies in the remaining 30% of the test data
(i.e., all movies that u; watched after recommenda-
tion). For discussing the recommendation quality, N
is set to 10, 20, and 50 to show the different results
of the metrics.

5.1.2 Baselines

We compare the performance of the proposed
ATCRec with several prior methods, including
factorization-based and RNN-based approaches. For
each existing approach, a grid search is applied to find
the optimal setting of hyperparameters using the val-
idation set. All models are implemented in Keras and
Tensorflow including:
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o« MF [11]: A traditional matrix factorization that
utilizes the latent factor model to profile user and
item latent characteristics based on historical data.
Although MF can successfully process the relational
rating data, the capability of capturing the temporal
dynamic of users’ preference is quite limited.

o« FPMC [1]: FPMC models user preferences by a
personalized Markov chain for the next basket item
recommendation based on previous selected items.

« FOSSIL [28]: FOSSIL models the general user pref-
erences by fusing the similarity-based model with
Markov Chains to provide a personalized sequential
recommendation.

e« RNN: A traditional recurrent unit that processes
the time-series data but without the concept of con-
textual information associated with the longitudinal
sequence record.

e GRU: The light version of the LSTM model is
equipped with update and input gates to control the
information flow.

e LSTM: The variant RNN model contains a mem-
ory cell for long-term content and three multiplicative
gates in input, update, and forget units for depen-
dency learning

o GRU4REC [3]: GRU4REC models the sequential
dependencies by using the RNN-based concept, which
captures the sequential signal and makes a prediction
based on the input session data.

e Time-LSTM [4]: This is a variant version of LSTM.
It employs the time gates to model the temporal dif-
ferences between continuous inputs.

5.2 ATCRec Performance Analysis

In this section, we first investigate the overall per-
formance in terms of the HGQN to evaluate the effi-
ciency of predicting the next watched movie. The
results of the baselines and the proposed models are
summarized in Table 4 and 5.

Clearly, the proposed two learning models have
the best performance at all different top-N number
settings in all datasets. The results show that in-
tegrating adaptive temporal and concept-drift con-
texts into the recurrent neural models can signif-
icantly improve the performance since we discover
and integrate the complex and unexpected patterns
from the sequence data. Notice that among the base-
lines, sequential models like FPMC, RNN, LSTM,
FOSSIL, and GRU4Rec usually perform much bet-
ter than MF, indicating the importance of consider-
ing sequential information in the model. Also, RNN,
GRU, and LSTM outperform FPMC across datasets
since FPMC fails to capture the long sequential pat-
terns. Among all baselines, Time-LSTM shows the
best recommendation performance due to the capa-
bility of the time gate to manage the past information
based on the time decay irregularity. In this light, we
conclude for research question Q1 that the proposed
ATCRec outperforms the state-of-the-art recommen-

dations.

Furthermore, to verify the effectiveness of incor-
porating the concept of temporal and concept-drift
context information, we also implemented some varia-
tions of the proposed model ATCRec. The Acc means
that when calculating the concept-drift context (c),
we only consider the content-based similarity, i.e., «
= 1in Eq. 4. In contrarst, the Arc means considering
the rating similarity only, i.e., « = 0 in Eq. 4.

First, we discuss the impact of time granularity
on our proposed models to explore the performance
improvement when including the time context. The
Atm and Ath infer the calculation of At with units
of minutes and hours, respectively. From the results
in Table 5, we find that the performance of HQN is
almost comparable between the variation with Atm
and Ath. However, there is a gradual increase in per-
formance using the time unit of a minute for model
learning in all datasets. Also, when we compare the
performance of either ATCRec-Atm or ATCRec-Ath
with baselines such as RNN, GRU, and LSTM in Ta-
ble 4, we see that the variants of our proposed model
(ATCRec-Atm, ATCRec-Ath) performed better in
all metrics. Thus, we conclude for research question
Q2 that integrating the sequential data with the tran-
sition of temporal contexts improves the performance
of the proposed recurrent architecture.

Second, we discuss the effectiveness of integrating
the concept-drift transition context into the proposed
model. We observe in Table 5 that the content-based
cosine similarity is more significant than rating-based
person similarity in terms of HQN. This is partly be-
cause the real-world dataset is usually sparse. The
similarity measurement between movies by how much
they diverge from the average rating cannot express
the overall user behaviors of the whole dataset. Fur-
thermore, when we compared the performance of
either ATCRec-Acc or ATCRec-Arc with baselines
such as RNN, GRU, and LSTM in Table 4, we observe
that the variants of our proposed model (ATCRec-
Acc, ATCRec-Arc) perform better in all metrics.
Hence, we conclude for research question Q3 that in-
tegrating the sequential data with the transition of
user preference contexts improves the performance of
the proposed recurrent architecture.

In summary, we conclude that the combination of
Ac from both content-based and rating-based and At
are indispensable for our model. This leads to the
conclusion for Q4 that integrating the transition of
both time and concept-drift between items into the
subspace decomposition of the memory cell in LSTM
enhances the recommendation performance.

5.3 Precision and Recall rate on ATCRec

In this section, we investigate more details of the
ability of the proposed models to capture both general
preference and sequential patterns with the precision
(P@N) metric. We vary the Top-N from 10 to 50 to
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Table 4: The comparison of HAN performance on different models.

Model ML100K ML1IM
H@10 | H@20 | HQ50 | H@10 | H@20 | HQ50
MF 0.0299 | 0.0312 | 0.0567 | 0.0310 | 0.0421 0.0598
FPMC 0.0412 | 0.0721 0.0853 | 0.0358 | 0.0479 | 0.0893
FOSSIL 0.0601 0.0798 | 0.0991 0.0693 | 0.1094 | 0.1212
RNN 0.0672 | 0.0844 | 0.1008 | 0.0745 | 0.1000 | 0.1293
GRU 0.0820 | 0.0924 | 0.1580 | 0.0791 0.1262 | 0.1699
LSTM 0.0888 | 0.1056 | 0.1760 | 0.0988 | 0.1376 | 0.1812
GRU4Rec 0.1021 0.1214 | 0.1687 | 0.1021 0.1329 | 0.1824
Time-LSTM | 0.1136 | 0.1426 | 0.1893 | 0.1103 | 0.1510 | 0.1911
ATCRec 0.1220 | 0.1572 | 0.2066 | 0.1351 0.1810 | 0.2246

Table 5: The comparison of HAN performance on

different variations of the proposed learning models.

Model ML100K ML1M
H@10 | H@Q20 | H@50 | H@10 | H@20 | HQ50
ATCRec-Acc 0.0995 | 0.1261 0.1846 | 0.1151 0.1509 | 0.1917
ATCRec-Arc 0.0975 | 0.1150 | 0.1789 | 0.0899 | 0.1383 | 0.1819
ATCRec-Atm | 0.1001 | 0.1187 | 0.1890 | 0.1112 | 0.1455 | 0.1811
ATCRec-Ath 0.0913 | 0.1190 | 0.1894 | 0.1012 | 0.1376 | 0.1756
ATCRec 0.1220 | 0.1572 | 0.2066 | 0.1351 0.1810 | 0.2246

observe the trend and variation of the precision rate
in a different setting.

As shown in Fig. 5, the precision rate decreases
when we increase the N number. This phenomenon
is quite legitimate since the recommended result be-
comes larger as we increase N. Compared with all
methods, ATCRec achieves the highest improvement
as shown in Fig. 5. This demonstrates the advan-
tage of incorporating Act into a traditional long-short
term sequential model. ATCRec gains more than 10
percent improvement as compared with Time-LSTM,
LSTM, FOSSIL, GRU, GRU4Rec, and FPMC respec-
tively. This indicates that the proposed models could
model the complex sequential pattern effectively. In
addition, we found that LSTM-based methods out-
performed the GRU-based methods. One reason for
that is that LSTM-based methods have more capabil-
ity to learn and remember the complicated and long
sequential data. In summary, the experimental re-
sults show that ATCRec models both user general
preferences and sequential patterns via the long-term
and short-term counterparts of the recurrent unit.
Moreover, the proposed models are robust for captur-
ing the timing irregularity and dynamic concept-drift
in the longitudinal sequential data.

Next, we discuss the proposed models in captur-
ing both general preference and sequential patterns
with the recall (R@N) metric. Varying the Top-N set-
ting to show the trend and variation of recall rate is
considered. Different from precision, as in Fig.6, the
recall rate increases with increasing N. This is quite
reasonable since the more movies in the recommen-
dation list for the user, the more probability of bring-
ing out the real desired movies of the user. We could
observe that AT CRec outperforms the traditional ap-
proaches, i.e., MF and FPMC, as well as the neural-
based approaches, i.e., FOSSIL and GRU4Rec, in
terms of Recall. When the size of the recommenda-

tion list varies from 10, 20, to 50, the improvement of
ATCRec over the best baseline also increases. Specif-
ically, the enhancement is 10%, 13.33%, and 20% in
terms of Recall@10, Recall@20, and Recall@50 on av-
erage on the three datasets. This shows the ability
to boost the number of relevant movies of proposed
models.

5.4 User Case Study

Fig. 7 shows the top-N ranked movies recom-
mended by ATCRec after the model is well trained
for a specific user. Notice that the particular user se-
quence is randomly chosen from the testing dataset.
For user id = 2490, when using the latest five movies
in watching sequence as the input consisting of {m;
(Heavenly Creatures), ms (Just Cause), mg (Star
wars: Episode IV - A New Hope), my (Star Wars:
Episode V - The Empire Strikes Back), ms (Star
Wars: Episode VI - Return of the Jedi)}, the top-
three recommendation result ranks as { Ry (Star Trek:
Generations), Ry (Star Wars: Episode I - The Phan-
tom Menace), and R (Star Wars: Episode II - Attack
of the Clones)}.

We could find that the actual succeeding movie,
i.e., the ground truth, is mg = (Star Wars: Episode
I - The Phantom Menace). Obviously, all movies in
the recommendation list are very similar. Ry, Re and
R3 belong to the action, adventure, sci-fi, and drama
genres. Because of the similarity score of item em-
bedding in Eq. 8 in the recommendation process, the
items that are closely embedded into a vector space
with the predicted vector could be recommended with
the user-specified top-N setting. The recommended
results show the ability and performance of the pro-
posed ATCRec on the sequential recommendation.

Table 6 shows the new rank of Ry after masking
some of the previous movies by setting their item
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Fig.6: The comparison of RGN performances with varying Top-N on different datasets.
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Fig.7: The use case of ATCRec in capturing the sequential feature of the MLIM dataset.

Table 6: The use case of ATCRec in capturing the temporal and concept-drift context of the ML1M dataset.

Masking Movies

The ranking order of Ry after masking

m1 and mo 1
ms 45
my 123
ms 180
mg, my, and ms 289
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embeddings to zeros in the trained network. When
m1 and mo are masked, the ranking of R, increases
from top-2 to top-1. Since m; and mo belong to
the thriller, horror, and mystery genres, respectively,
both of them act like noise for recommending Ra.
When masking each of mg, m4 and ms, the rank of
Rs decreases because all of these movies are in the
same genre and are similar to Rs. This phenomenon
confirms the assumption in the case scenarios 1 and 2
stated in the Introduction. We observe that the pro-
posed ATCRec detects the variation in the user pref-
erence and also contributes a greater influence based
on the recently watched movies. Finally, when mask-
ing ms, my and mj all together, a significant decrease
occurs in the ranking. This effect clearly indicates
that the learning model properly captures the depen-
dence of Ry on the related movies {ms, my, ms} as
a sequential feature for recommending Ry with the
user specified top-N setting.

6. CONCLUSIONS

Recommendation systems play an important role
in dealing with the massive amount of information
from everywhere nowadays. Providing an accurate
recommendation at the correct time to customers can
contribute to a surge in business success. In this
paper, an adaptive temporal-concept drift learning-
based system, ATCRec, is developed for precisely
tackling the sequential recommendation problem. We
embed sequences of items into the latent spaces and
propose a novel model to capture both general pref-
erences and sequential patterns concurrently with a
recurrent neural network. Temporal and concept-
drift intervals between records, called ATContext,
are also modelled in the memory unit to enhance
the performance of the proposed ATCRec training
algorithms. ACTRec provides a unified and flexi-
ble network structure to learn and reveal the opaque
variation of user preferences over time. Finally, we
performed experiments on two real-world datasets to
evaluate the robustness and performance. The ex-
perimental results demonstrate that ATCRec consis-
tently outperforms existing sequential recommenda-
tion approaches on various metrics. We also demon-
strate a use case study to show the applicability and
expressiveness of the ACTRec recommendation sys-
tem.
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