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Abstract. Capturing user interest accurately is a key task for predicting
personalized sequential action in recommender systems. Through preliminary
investigation, we find that user interest is stable in short term, while changeable
in long term. The user interest changes significantly during the interaction with
the system, and the duration of a particular interest and the frequency of tran-
sition are also personalized. Based on this finding, a recommendation frame-
work called HOMMIT is proposed, which can identify user interests and adapt
an improved high-order Markov chain method to model the dynamic transition
process of user interests. It can predict the transition trends of user interest and
make personalized sequential recommendation. We evaluate and compare
multiple implementations of our framework on two large, real-world datasets.
The experiments are conducted to prove the high accuracy of our proposed
sequential recommendation framework, which verified the importance of con-
sidering interest-transferring in recommendations.

Keywords: Interest modeling - Recommender system + Markov model

1 Introduction

Personalized recommendation systems have been widely used in the case of the rapid
expansion of Internet information and become indispensable since they alleviate the
information overload, by providing users with personalized information, products or
service to satisfy their tastes and preference. Modeling the dynamic evolution process
of user interests is the core task of a personalized recommendation system.

In this paper, we are interested in modeling the dynamic evolution process of user
interests from sequential behavioral data (e.g. a user’s browsing history) to predict user
actions such as the next movie to watch, product to purchase, or music to listen.
Existing user interest models usually use monotonically decreasing function (e.g. linear
function [9], exponential function [2, 7], or forgetting function [6, 8]) to calculate
timeliness of user behavior. However, the evolution of user interest is a non-monotonic
process which contains rising stage and declining stage [5]. The declining of the last
interest will always be accompanied by the growth of new interests. For example, if
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someone has been eating MacDonald’s almost every meal recently, but now he is going
to have some other food considering the high calorie of hamburgers, which proves that
there is no need to make the user’s interest of the last action the highest.

Our preliminary investigation shows that user interests have two characteristics.
First, user interest changes significantly in the process of user’s interaction with the
system. There are many reasons for this phenomenon, such as being tired of the old
interest, changes of the external environment, and the excitement for new things.
Second, the duration of a particular interest and the change frequency are personalized.
Some of the users kept a clear interest for a long time before the interest changes, while
some others change their interests frequently. Due to these two characteristics, existing
interest models cannot effectively describe the dynamic transition process of user
interests.

To model interest-transferring and make recommender system be more
“human-minded”, we propose a new recommendation framework called HOMMIT.
Under HOMMIT, we can effectively identify user interests from sequential behavioral
data and adapt the high-order Markov chain method to model the dynamic transition
process of user interests, and then we can predict the transition trends of user interest
and make personalized sequential recommendation. Figure 1 demonstrates an example
of how HOMMIT makes recommendations.

(a) A sample in the training || =7}
sequence set

Interest 1: animation & comedy Interest 2: fantasy & adventure

I_ Sequential

(b) Behavior sequence of
target user

Recently-interest : animation & comedy

|7 nterest-transferring

Fig. 1. An example of how HOMMIT makes recommendations

In the example of Fig. 1, (a) is a sample in the training sequence set. HOMMIT
learns the sequential patterns and interest-transferring model from the training sequence
set. Shrek 2 and The Lord of the Rings I are recommended to the target user because
(1) Shrek 2 frequently follows the recently-watched movie Shrek 1, and (2) the interest
‘fantasy & adventure’ frequently follows the recently-interest ‘animation & comedy’,
and compared with the other movies of the interest ‘fantasy & adventure’, The Lord of
the Rings I has strong sequential relationship with the recent action of the target user.
From this example we can observe that The Lord of the Rings 1 is still recommended to
target user, although it does not seem to match the user’s current preferences. This
flexibility enables HOMMIT to improve the diversity and accuracy of recommender



374 Y. Xu et al.

system and guide users to discover their potential interests. To summarize, the major
contributions of this paper are as follows:

— In this paper, we consider the dynamic transition process of user interest which
previous studies have rarely mentioned. A novel recommendation framework
named HOMMIT for modeling the dynamic transition process of user interest is
proposed. HOMMIT can predict the transition trends of user interest and make
personalized sequential recommendation.

— In HOMMIT, we design a user interest identification method and an improved
high-order Markov chain method to model the dynamic transition process of user
interests.

— We systematically compare the proposed HOMMIT approach with other algorithms
on real-world datasets. The results confirm that our new method significantly
improves the effectiveness of recommendation.

The rest of this paper is organized as follows. Section 2 reviews the related works
on sequential recommendation and user interest modeling. Section 3 presents some
notations and the problem formulation, and Sect. 4 introduces our novel algorithm for
interest identification. In Sect. 5, we details the personalized interest-transferring model
and the recommendation approach. Experiments and discussions are given in Sect. 6.
Conclusions are drawn in Sect. 7.

2 Related Work

In this section, we discuss existing research related to our work, including sequential
recommendation and interest model based on item recommendation.

Sequential recommendation. Existing works on sequential recommendation mostly
utilize the Markov chain to predict a user’s next action. Rendle [10] combined the
matrix factorization model on modeling personal preference and Markov Chains on
modeling sequential patterns. Ruining [11] proposed Fossil which fuses similarity-
based models with Markov Chains to predict sequential behavior. Cheng et al. [12]
exploited the first-order Markov chain in the check-in sequence to make next-visit
recommendation where users’ next choice is considered to be only relevant to the last
location. Instead of applying Markov Chain on user action sequence, we utilize
improved high-order Markov chain to extract interest transition pattern from user
interest sequence. On the whole, the main difference between our work and the pre-
vious approaches is the utilization of both ‘action-level’ and ‘interest-level” Markov
chains which can predict the transition trends of user interest and make personalized
sequential recommendation.

Interest model based recommendation. User interest has a strong timeliness in
recommender systems. Modeling user interest have been studied by several researchers.
Yin [13] applied linear function on modeling the time decay of user interest. Xu [5]
proposed a recommendation framework named SimIUC, which can identify multiple
user interests and model the dynamic evolution process of user interests with the
inverted-U-curves. Chen [6, 8] utilized the memory forgetting curve to model the
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human interest-forgetting curve, and integrated the interest-forgetting mechanism with
Markov model to make item recommendations. Ding [2] proposed TItemKNN which is
a time weighted item-based collaborative filtering method by reducing the influence of
out-of-date information to allow for high performance when predicting a user’s next
action. These recommender systems only model the time decay of user interests and do
not take interest-transferring into account. In this paper, we focus on discovering user
interest transition patterns and predicting the trend of interest evolution by mining
sequential behavioral data.

3 Preliminaries

We first introduce some notations in HOMMIT recommendation framework and then
give a formal statement of the interest-transferring based sequential prediction problem.

3.1 Notations

Let U = {uy,up,...,uy} denote the set of users in the system and 7 =
{i1 sy ey i\II} be the set of items (e.g. movies, music, or books) in the given data set.
We let X = {xl,xz, .. .,x‘x|} denote the set of global interests which were identified

from user sequential action data S. Each user u is associated with a sequence of actions

(e.g. movies watched by u) S, = {S’f,Sg, e Srsu‘}, where S¢ € Z, and a sequence of

interests X, = {x‘l’,xg, . .,x"‘xul}, where x € X. S = {S?’,Sg’, . .,S”;, } is the pro-

u

cessed action sequence of user u treated by filtering out noise and labeling interest.
Each action in S, is labeled with a specific global interest. Let ROI, =
{ir, 12y - . ., i ROM} denote the distinct set of actions (or “items”) which were labeled with
global interest x in the sequential action data S where the sequential signal is ignored,
and we call it as the region of interest x. ROI = {ROI,,,ROI,,, . .., ROIXW} represents
the set of ROI,, where x € X.

Table 1. Notations

Notation | Description

u,z User set, item set

X Global interest set

S User sequential action data, S = {S,,,Su,, - - - Su\u\}

\ Action sequence of user u, S, = {s},s5, .. .,s"‘s ‘}

SL ’ Processed action sequence of user u

X, Interest sequence of user u, X, = {x{,x5, .. .,x‘”X ‘}

X The set of interest sequences of all users, X = {Xu1 Xy s - - .7qu}
I™, Personalized interest-transferring model of user u

(continued)
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Table 1. (continued)

Notation | Description

ROI, The region of interest x, ROL, = {i\, i, ...,ijgor| }

ROI The set of ROI,, where x € X

P(xi|x;) | The one-step transition probability from interest x; to interest x;
P(iylip) | The one-step transition probability from item i to item i,

sz’ The interest confidence of user # on interest x at time ¢

T :-’ The timeliness of user interest of user # on interest x at time ¢

We adapt an improved high-order Markov chain method to model the dynamic
transition process of user interests. ITM,, is the personalized interest-transferring model
of user u. Notations used throughout this paper are summarized in Table 1.

3.2 Problem Formulation

Given users U = {uy,uz, . . ., “IM\} and their sequential behavioral data S. For the target
user v(v € U) with the action sequence S, = {s},s5,.. ., s\vs,|}’ personalized sequential

recommendation is to predict k items that target user might be attracted to in the near
future. The most common personalized recommendation approaches focus on model-
ing timeliness of user interest, without considering the characteristics of interest tran-
sition. Our main task in this paper is modeling user interest-transferring and
recommending items which not only satisfy users’ currently-tastes, but also cater to the
potential future interests of users.

In order to achieve this purpose, we propose a recommendation framework called
HOMMIIT and the main components of this framework are shown in Fig. 2. At first, we
identify the global interests from user sequential action data. Each action in user action
sequence is labeled with a specific global interest index. Then, we learn the person-
alized interest-transferring model of users on their interest sequences respectively. Last,
given an action sequence of target user, HOMMIT will recommend the TOP-N items to
the target user according to his/her interest-transferring model and sequential rela-
tionship. In the rest of this paper, we will introduce each component of HOMMIT in
details.

Interest-transferring
model learning

[ ‘Int h er ]
Interest identification

O 2+ 6

Fig. 2. Overview of the HOMMIT recommendation framework

Xy

| Ch
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4 Interest Identification

As discussed in the previous section, in order to model interest-transferring, the first
phase of HOMMIT is to identify global interests from user sequential behavioral data.
The key challenge is to discover global interests which are applicable to all users and
exploit the discovered global interests to generate users’ interest sequences. To address
this challenge, we propose an interest identification algorithm based on PCA and
smoothed clustering.

4.1 Principle Components Analysis

Principal component analysis (PCA) is a widely used statistical technique in unsu-
pervised dimension reduction [14]. Let S, = {s%,s5, ..., s%} denote the action sequence
of user u, and each action s is represented with an m-dimensional binary feature vector
(aly, @by ... af, ..., ay,), whose element aj; is 1 if the action i contains feature j,
otherwise, aj; is 0. In this way, the action sequence of user u can be represented as an
|n| * |m| binary matrix A,. Considering that this feature representation approach is of

great dimension, we use Principal Components Analysis (PCA) to extract latent action

T

T
» )", and score
u

features. The original data matrix is described as A = (A] Al ---A

matrix P = (P} P} - -P;M‘)T is the representation of A in the principal component.

Rows of P correspond to user sequential actions and columns correspond to latent
action features.

4.2 Smoothed Clustering

Considering that user interest is stable in short term, while changeable in long term, we
utilize central moving average method in each column of P, (i=1,2,...,|U|) to
smooth out short-term fluctuations and highlight longer-term trends or cycles. The
central moving average method is formulated as follows. Given a column of P, which
is represented as a number series C = (Cy, Cy, ..., C;), and a fixed odd window size
(2n+ 1), the main task of central moving average method is to generate a smoothed
number series SC = (SCy, SCs, . ..,SC)), where

SCiH-la IStSn
SC =S 552, Civiy, n<t<l—n (1)
SCr_,, l—n<t<lI

/T

/ /' /’ T
We represent the smoothed score matrix as P = (PMT] PMT2 P ) . A part of the

smoothing result of score matrix block P,, of the 8th user in MovieLensIM dataset
[15] in 2-dimensional principle component space is shown in Fig. 3, where each action
is represented as a corresponding type of point. There are three fragments of different
types of user action in this example which were identified by the interest identification
algorithm. In this paper, we consider the “type” as the user interest. Figure 3 shows that

e
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the clustering characteristics of user actions have become more obvious in smoothed
score matrix and the same type of actions shows the significant sequential continuity.
These properties will be propitious to the segmentation of action sequence in the
following work.

We use k-means clustering to cluster the actions in groups based on smoothed score
matrix P'. Each group is considered as a global interest and each action in user action
sequence is labeled with the corresponding global interest index. The subsequence in
which each action was labeled with the same interest index, is considered as an interest
fragment. We filter out the interest fragments with length less than ¢ as noise. Then, we
obtain the interest sequence X, and action sequence with interest labeled SM for each
user u.

1 1

X Y X Y A A
076 -0a1 055 022 * 8
% om  om om @ X
R T I 3 10 A
089 010 049 008 ° 06 06
oo o om o0
% om o3 a% A
0 o om o 04 04
069 -0.30 060 0.2 .
o| o m 0w om N
8| o5 5% om om
2l caom  mans 02 X 02
G| s 3m % as ) :
S| oo 5% om om smoothing
g 124 024 045 008 ° o q o
0581 H075] 08N Eai4} X 1 0.5 05 @@®1 15 -1 0.5 05 1 15
@l 95 5% amoom X ¢ 8 I
c | os o5 056 004 X -0.2 >,@_z
H B o ;
2| % om  omoem X
o 036 076 031 047 A -0.4 -0.4
® | i coames
o% 0%  am om 4
D% om  om oon A X 06 06
% 6% ok oom  a
% o amoem 4
wolime  Culter A . > .
019 084 -0.37 069 A 08 0.8
enitom]  Eooltol 4 ;
Gl om o on A , p B
015 087 024 072 A o
follosd  Eolfosd A
oz 07 Lt : TYPE1 XTYPE2 ATYPE3 )TYPE1 XTYPE2 ATYPE3
N

Fig. 3. 2-dimensional smoothing result

5 Interest-Transferring Model and Sequential
Recommendation

5.1 Interest-Transferring Model

After interest identification, we improve the high-order Markov method proposed by
Raftery [3] to learn the Interest-Transferring Model (ITM) of users. We are tackling
interest transition prediction tasks which are formulated as follows. Let X =

{x1,%x2,...,Xxx} denote the set of global interests, and X" = {X’ x .. LX } be the

uy? tuy Uy
set of interest sequences of all users. Given an interest sequence of user u at time #:
X! ={x{,x5,...,x'}, where x{ € X. Our objective is to obtain the transition proba-
bility distribution of interest state of user u« at time #+ 1. Under the k& th-order Markov
model setting, the transition probability of interest x at time ¢+ 1 is defined as:

P(x\xj‘,xfﬁl, .- '7x¢+l—k) = P(qu+1 =xX; =X, X" =x 4, 1k :xtu+1—k)

S 2)
= Z AP
i=1
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where x! is the interest owned by user u at time i, and X} is a random variable which
represents an arbitrary interest in X. P(x|x,; ;) represents the one-step transition
probability from interest x; . ;_; to interest x, and i;-’” is a balancing component on each
one-step transition probability.

up? “up? u’

Let X' = {X’ X '7X:t4‘m} be the training set. Given an observing sequence X,

the goal of ITM learning is to maximize the probability of predicting the last interest:
argmaxg erexr (e, X ) (3)
which is equivalent to minimizing the negative log-likelihood:

argming £ = — Zx;ext ln(P(x|xl, XX lfk))

k
= ZX’GX’ Z x|‘xl+l l)) (4>
StO<A,0<P(xl ) <

where © is the set of parameters in the personalized ITM. We utilize gradient descent
method to seek the optimal ®, then obtain the interest probability distributions at time
t+ 1 based on Eq. (2).

One-Step Transition Probability. As described in Sect. 4, the user interests were
identified from users’ behavioral data globally. Therefore, the user interests under the
personalized ITM should be global-related, and the one-step transition probabilities
between two interests are supposed to be fixed. We define the one-step transition
probability from interest x; to interest x; as:

th ex’ ]I{A/ X CXE

Zxr ext XJCX’

P()Ci |Xj) = (5)

where I cx: is a counter function that returns the number of times that the subse-
quence {-} appears in X. This expression of one-step transition probability defines
how often the interest x; will be observed after the occurrence of interest x; in all users’
interest sequences.

Self-Transition Probability. In conventional Markov models, most transitions are
from one state to another. However, this is not the case with self-transition in
interest-transferring Markov model. In a self-transition, the source state and the target
state are the same. Under the ITM, we consider the self-transition of user interest as
interest-keeping. We use reappearance probability which defines how often the interest
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will reappear to estimate the self-transition probability approximately. Therefore, the
self-transition probability of interest x; is calculated as:

Zu u H{xi-,*qxi}gxl,
P(xi|x;) = —i T cx (6)
ueld “xiCX,

where [ ,cx is a counting function as described above. “+’ represents arbitrary interest
subsequence without interest x;. Similar to the one-step transition probabilities, the
self-transition probabilities of interest are supposed to be fixed as well.

5.2 Personalized Interest-Transferring Model

So as to improve ITM to be more “human-minded” and personalized, we attempt to
incorporate the timeliness of user interest and interest confidence into ITM. Let Cﬁ” be
the interest confidence of user # on interest x at time #. The interest confidence reflects
the strength of user interest and it is proportional to the length of interest fragment. In
the interest identification method, the interest fragments with length less than 3 have
been filtered out as noise for their low interest confidence. Let T’;’t be the timeliness of
user interest of user # on interest x at time ¢. The timeliness of user interest means that
the older the interest occurs in the user interest sequence, the larger effectiveness on it
will lose. Similar to [8], we combine ITM with timeliness of user interest T;"t and
interest confidence C¢* by defining the . component in ITM as:

Ut u t ut
A =Ch T 7
! LA A ( )

where xj, ;_; is the interest of u at time £+ 1 —i (1 <i <k). Next, we will attempt to
find proper mathematical expressions of C;"t and 7 z’t.

Interest Confidence. The value of interest confidence Ct* reflects the interest strength
of user u on interest x at time ¢. The larger the value of Cﬁ” is, the higher effectiveness
of x in the interest transition process at time £. Intuitively, interest confidence of x
should be proportional to the length of corresponding interest fragment. In this paper,
we utilize exponential growth (EG) model and rational growth (RG) model to express
the interest confidence respectively:

EG: (C“ Yu

Y TG p e (o, B, 20,17, >0) (8)

RG : C = 14 oLy () (2,>0,1>p,>0) (9)

where a,, f,, and y, are u’s bounded personalized parameters. /,,(x) represents the
length of corresponding interest fragment of user #’s interest x at time .

Timeliness of User Interest. The timeliness problem of information in recommender
systems has been well studied and can be modeled with linear function [9], exponential
function [2, 7], forgetting curve [6, 8], or inverted U curve [5]. Similar to interest
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confidence, in this paper, exponential decay (ED) model and rational decay
(RD) model are put forward to express the timeliness of user interest:

ED: T“ =1+4oue Pt g () =1—1" (x) (o4,7,>0,1>,>0) (10)

RD: 7TW—_ %
* ﬁufut( )7

where «,, f,, and y, are u’s bounded personalized parameters. nud( ) represents the
time index of midpoint of corresponding interest fragment of user u’s interest x.

;fut( )_t tmzd( ) (OCLHVMZO,IZBMZO) (11)

5.3 Personalized ITM Based Sequential Recommendation

In this section, we will introduce how to predict user next action based on the com-
bination of action-leveled Markov chain and interest-leveled personalized ITM. Similar
to P(x,-|xj), we define the one-step transition probability from item i, to item i, as:

2osies Linics,

ZS{,GS’ ]IibQS;,

(12)

P(i,|ip

where Ii,cg is a counting function that returns the number of times the subsequence
{-} appears in S',. P(i,]i,) expresses how often that item i, will be observed after the
occurrence of item i, in all users’ action sequences.

When predicting next action of the target user u at time #, our basic idea is to
consider the items in user u’s currently-interest fragment as the sources to be injected
with user preference. Then we predict the directions of user u’s currently-interest
transfer via his/her personalized ITM, and user preference will be propagated to can-
didate items in the target ROIs. Let P*f = {pxl 'l’xz ,p;‘l’il} represents the tran-

sition probability distribution of interest state of user u at time ¢. The computation
method of the preference score of each candidate item i, is described as formula (13).

PUGY = D C D Wpnan, (1= )2 Pl + Lenon, yopt PG 16)

lkE]]t x]EX Xc

(13)

where Ij.,,qy is the indicator function, and it will return 1 if cond is satisfied, otherwise,
it will return 0. x. is the currently-interest of target user u at time ¢, and I, is the set of
items in the currently-interest fragment of target user u at time ¢. As described in
Sect. 5.2, we expressed the interest-keeping as the self-transition in personalized ITM,
and utilized reappearance probability to estimate the self-transition probability
approximately. Therefore, we lead the weight parameter ® into (13) to control the
weight of interest-transferring and interest-keeping, as well as to offset the inaccuracy
of approximate method.
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Finally, we sort the candidates by their preference scores in descending order and
recommend the top-N items to the target user u.

6 Experiments

We have conducted a set of experiments to examine the performance of our recom-
mendation method compared with the baselines. We first introduce the experimental
settings, and then analyze the evaluation results.

6.1 Experimental Settings

Data Description. There are two real world datasets used in our experiments:
MovieLens1M [15] and Hetrec2011-MovieLens-2k [16]. The two datasets are the most
widely used stable benchmark datasets in recommendation research projects. The
MovieLens1M dataset contains 6,040 users who have issued 999,209 explicit ratings
on a 5-point likert scale, referring to 3,883 movies.

The Hetrec2011-MovieLens-2k dataset is an extension of MovieLens10M dataset, and
it is published by GroupLeans research group [17]. It has 2113 users, 10,197 movies
and 855,598 ratings provided by these users. In the dataset, the detailed information
about each movie, i.e. genre, cast or location, is also provided.

Evaluation Metric. We adopt the All-But-One evaluation method and use Hit-Rate
(HR) and the Average Reciprocal Hit-Rank (ARHR) [1] as quality measures for
sequential recommendation. Our datasets were split into two subsets, the training set
and the test set. For every user, the latest item in his/her action sequence is selected as
test data and the rest of action sequence is used as training data.

When making recommendation, we use HOMMIT to generate a recommendation
list of N items named R(u,t) for each user u at time 7. If the test item of the user u
appears in R(u,t), we call it a hit. The Hit Ratio is calculated in the following way:

_ 2 lmerun)

HR
|

(14)

where L ,nqy is the indicator function, 7, is the ground-truth item from the test set. One
limitation of the Hit-Rate measure is that it treats all hits equally regardless of where
they appear in the list of the top-N recommended items. That is, a hit that occurs in the
first position is treated equally with a hit that occurs in the N-th position. We address
this limitation by the average reciprocal hit-rank (ARHR) which is measured as:

I —r 1
ARHR:;ZZ,ZIE (15)
where # is the number of hits that occurred at positions p1,pa, . . ., p, Within the top-N

recommendation lists. That is, hits that occur earlier in the top-N lists are weighted
higher than those occurring later.
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Compared Methods. The most closely related method to ours are (1) user interest
model based recommend algorithm, (2) Markov model based sequential recommen-
dation algorithm. Therefore, we examine the performance of the proposed HOMMIT
approach by comparing it with ItemKNN [4], TWItemKNN [2], NPMC-MLE [10], and
multiple implementations of IFMM [8].

Item-based collaborative filtering method (ItemKNN) is famous recommendation
algorithm which uses the most similar items to a user’s already-rated items to generate
a list of recommendations. Time weight item-based collaborative filtering method
(TWItemKNN) utilizes exponential decay function to model information timeliness
where the more recent the information, the higher the value of the time function is.
NPMC-MLE is a Markov chain based recommend algorithm mentioned in [10] which
estimating transition probability by maximum likelihood estimation (MLE) method.
NPMC-MLE was designed for next-basket prediction task based on sequential basket
data but it can be easily extended to item recommendation for sequential action data.
IFMM is a music recommendation framework integrating interest-forgetting property
with variable-order Markov model. Multiple implementations of the IFMM
(IFMM-LL, IFMM-EX, and IFMM-HY) were compared with our method in the
experiments.

We evaluated our methods with two interest confidence (C') implementations and
two timeliness of user interest (7 ;‘”) implementations, i.e., ED_EG, ED_RG, RD_EG,
and RD_RG where EG, RG, ED, and RD represent exponential growth model, rational
growth model (interest confidence), exponential decay model, and rational decay model
(timeliness of user interest), respectively.

6.2 Evaluations

Impact of Parameter w. We first focus on analyzing the parameter @, which governs
the influence of interest-transferring and interest-keeping. Since TOP-1 and TOP-10
recommendations have the most demanding requirements of recommendation algo-
rithm and also have the most realistic application values, we evaluate the parameter @
based on the Hit-Rates in TOP-1 and TOP-10 recommendation results. In the first
experiment, we vary the parameter @ from 0, 0.1 to 1. The results of multiple
implementations of HOMMIT of using different constant @ on both datasets are
demonstrated in Fig. 4.

The results have shown that @ is important in determining the Hit-Rate, and ignoring
either interest-transferring (w = 1) or interest-keeping (cw = 0) cannot generate good
results. Optimal results can be gotten by combining interest-transferring and
interest-keeping together. The optimal w of each implementation of HOMMIT in both
datasets are shown in Table 2. In the following experiments, w are set to the corre-
sponding optimal values.

6.3 Overall Accuracy Performance

In this section, we first evaluated the overall accuracy performance of our proposed
methods. Tables 3 and 4 show the hit-rates and average reciprocal hit-ranks of the
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Fig. 4. The impact of w on Hit-Rate

Table 2. Optimal value of @

Dataset ED_EG | ED_RG | RD_EG | RD_RG

MovieLensIM 0.3
Hetrec2011-MovieLens-2k | 0.3

0.5 0.3 0.6
0.5 0.6 0.6

proposed methods under different length of recommendation list on both datasets. In
general, all the proposed methods have shown promising performance in the experi-
ments. As for the choice of interest confidence expressions, we observed that EG
methods outperforms the RG methods in this evaluation. As for the choice of timeliness
of user interest expressions, ED methods outperformed the RD methods on both
datasets.

Table 3. HR and ARHR of proposed methods on the MovieLens1M

Metric method | Hit-Rate (HR)

Average reciprocal Hit-Rank

(ARHR)
ED_EG ED_RG RD_EG|RD_RG | ED_EG|ED_RG|RD_EG | RD_RG

TOP-1 0.1997 |0.1933 | 0.1912 |0.1876 |1 1 1 1
TOP-10 0.2969 | 0.2911 0.2891 |0.2803 |0.7752 |0.7722 |0.7719 | 0.7698
TOP-20 0.3555 103501 0.3461 |0.3389 |0.6761 |0.6738 | 0.6732 | 0.6689
TOP-50 0.4578 | 0.4492 1 0.4442 |0.4332 |0.5276 |0.5229 |0.5221 0.5164

TOP-100 0.5509 |0.5408 |0.5301

0.5205 |0.4309 |0.4247 |0.4239 |0.4179
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Table 4. HR and ARHR of proposed methods on the Hetrec2011-MovieLens-2k

Metric method | Hit-Rate (HR) Average reciprocal Hit-Rank
(ARHR)

ED_EG |ED_RG |RD_EG |RD_RG | ED_EG | ED_RG | RD_EG | RD_RG
TOP-1 0.0189 [0.0175 1 0.0165 |0.0156 |1 1 1 1
TOP-10 0.0809 |0.0752 |0.0714 |0.0713 |0.4459 |0.4334 |0.4322 |0.4281
TOP-20 0.1160 |0.1074 |0.1041 |0.1027 |0.3341 |0.3267 |0.3266 |0.3219
TOP-50 0.1822 |0.1746 | 0.1708 |0.1680 |0.2197 |0.2087 |0.2055 |0.2003
TOP-100 0.2375 10.2297 0.2234 |0.2144 |0.1706 |0.1655 |0.1634 | 0.1618

Next, we compared the accuracy performance between our methods and the
baselines. ED_EG is selected as the representative of our methods since it shows the
best performance among the 4 proposed methods. The comparison results have been
shown in Fig. 5, and we can observe that ED_EG outperforms all the baselines under
different length of recommendation list. In particular, ED_EG exhibits excellent
accuracy performance in the experiments of shorter recommendation list (N < 10). The
absolute improvement of ED_EG is about 5% to 15% compared with the best of the
baseline [IFMM-LL on the MovieLens1M dataset, and ED_EG improves IFMM-LL up
to 10% to 40% on the Hetrec2011-MovieLens1M-2k dataset. The experiment proves
that the personalized interest-transferring model plays an important role in improving
recommendation accuracy, and HOMMIT can get better accuracy in sequential
recommendation.

Hit-Rate
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7 Conclusion and Future Work

A user’s interests have a dynamic transition process during the interaction with the
system. Modeling and leveraging this dynamic transition process for sequential rec-
ommendation are new great challenges. In this paper, we proposed a novel recom-
mendation framework named HOMMIT, which can identify user interests and adapt an
improved high-order Markov chain method to model the dynamic transition process of
user interests. Based on that, HOMMIT can predict the transition trends of user interest
and make personalized sequential recommendation. The experimental results have
shown a significant improvement in the accuracy of our proposed sequential recom-
mendation methods compared with the baselines. In our future works, we will try to
make this framework more “human-minded”, and the user’s interest pattern should be
incorporated into this framework.
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