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Abstract

Recommender systems (RSs) often focus on learning users’ long-term preferences, while
the sequential pattern of behavior is ignored. On the other hand, sequential RSs try to
predict the next action by exploring relations between items in a user’s last interactions
but do not consider the general preference. Recently, the performance of RSs has in-
creased by unifying these two types of paradigms. However, existing methods still have
two limitations. First, the user’s behavior uncertainty impedes precise learning of prefer-
ences. Second, being unable to understand the semantics of items makes the effect of the
same item considered in the same way. These limitations jointly prevent RS from learn-
ing multifaceted preferences to capture the actual intentions of users. Existing methods
have not properly addressed these problems since they ignore context-aware interactions
between the user and item in terms of the links between the user and item attributes and
sequential user actions over time. To address these challenges, this paper proposes a
novel model, called the Dynamic Intention-Aware Recommendation with attention-based
context-aware item attributes modeling (DIARec), which is capable of determining users’
preferences based on their goal intention, taking into account the influence of various
item features on user decision-making in their current context. Specifically, to model
users’ dynamic intentions, we introduce a dynamic intent-aware module to represent the
hierarchical relations between items and their attributes in a given session. Experiments
on benchmark datasets indicate that the proposed model DIARec outperforms other state-
of-the-art methods.

Keywords: Unified recommender system, User intention, Context awareness, Attention
mechanism, Collaborative projection, Item attribute relation

1 Introduction

Due to the explosion of information, people of-
ten face a large number of choices. Recommender
systems (RSs) can assist users in the decision-
making process to find the most relevant items of
their interest [1, 2].

There are two types of paradigms based on
modeling various aspects of users’ behaviors: tra-
ditional RSs and sequential RSs [3, 4]. Tradi-
tional RSs aim to know what items users usually
liked [5]. Collaborative filtering (CF) is a practi-
cal and efficient approach compared to other tradi-
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Figure 1. Two challenges: behavior uncertainty and semantics of similar items, hindering the capture of
users’ actual intentions.

tional methods due to the recommendation of ap-
propriate items without understanding their mean-
ings [7]. Matrix factorization (MF) is one of the
most successfully used techniques in CF model-
based, which learns latent vectors of items and users
to model the users’ general preferences [36]. On
the other hand, sequential RSs aim to uncover se-
quential patterns from past interactions [6]. Markov
chain (MC) is one of the classic sequential recom-
mendation methods, assuming that the next visited
item depends on the previously seen items [7]. Re-
current Neural Networks (RNNSs) can better capture
item relationships within sequences of user interac-
tions through a recurrent structure. However, due
to the relatively high computational cost, the model
is constrained to model short sequences only [8, 9].
Thus, both classes of paradigms mentioned above
have strengths and shortcomings [4]. Although tra-
ditional RSs have been widely adopted to discover
users’ general preferences, they ignore the sequen-
tial information of users’ behaviors. On the other
hand, while sequential RSs capture relations be-
tween items by exploring patterns in the sequence,
they lack the modeling of interactions between the
user and the item, thus failing to extract general user
interests. Therefore, traditional RSs are effective in
extracting user long-term preferences, whereas se-
quential RSs excel at predicting the next user action
given his/her last actions. Combining the advan-
tages of these paradigms in building RSs provides a
better recommendation.

Recently, some combined recommendation
models with both traditional and sequential RSs

have emerged. FPMC is a combination of MF and
MC, using an individual transfer matrix for each
user [11]. FPMC extracts both the general and se-
quential behavior of the user and then combines
them linearly. HRM is another model that captures
both sequential behavior and the general preference
of the user to model complex interactions among
these factors in the recommendation process, apply-
ing different types of aggregation operations, partic-
ularly nonlinear operations [4]. Especially, a new
sequence model called Transformer has been suc-
cessfully applied to machine translation tasks [10].
Inspired by the transformer approach, some mod-
els in SRSs have been suggested with different ar-
chitectures such as SASRec [12], BERT4Rec [13],
and MrTransformer [14]. The key to sequential
RSs transformer-based models is a multi-head self-
attention layer followed by a feed-forward layer. To
maintain a constant number of parameters in the
attention layer, the common approach is to scale
the size of each head in the attention model by a
factor of 1/(number of attention heads). However,
in the traditional multi-head self-attention structure,
each head independently performs its computations
without interacting with or considering other heads.
Meanwhile, most of them model the entire inter-
action sequences of users without distinguishing
the long-term sequences from the short-term se-
quences.

Hence, the pattern of the user’s decision is not
fully exploited by the current methods, as they
mostly fail to learn multifaceted preferences to cap-
ture the dynamic changes in user context, which
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may shift over time for the following two reasons.
First, the user’s behavior pattern uncertainty im-
pedes precise learning of preferences. The first row
in Figure 1 illustrates a session created by user Bob,
who has an intrinsic interest in comedy movies.
Nevertheless, Bob’s interests may vary depending
on the specific context he finds himself in. In this
session, Bob and his girlfriend have watched a ro-
mance movie (e.g., Titanic), which is outside his
usual preferences. These random or spontaneous
choices made by users introduce noise to their be-
havior, making it challenging for recommender sys-
tems to accurately learn their preferences and tastes.

Second, being unable to understand the seman-
tics of items makes the effect of the same item con-
sidered in the same way. It’s important to note that
the meanings of items are not static; they dynam-
ically change depending on the context. The sec-
ond row in Figure 1 illustrates the semantic vari-
ability of pumpkins for the user Alice. As shown,
Alice has purchased two sets of items, including
{pumpkin, flour, sugar, egg} and {pumpkin, hang-
ing ghost, lollipop, plastic blood bag}. In the first
session, the pumpkin reflects baking sweets, where
attributes like freshness and ripeness take center
stage, whereas in the second session, it represents
a Halloween party where attributes such as size
and carving potential become paramount. Obvi-
ously, the semantic differentiation of items signifi-
cantly reduces the complexity of learning user pref-
erences, and the model becomes capable of under-
standing the primary intent of the user’s choices. It
is still unclear in prior studies how to combine mul-
tiple attribute relationships with consumed prod-
ucts for inferring the preferences of users in context
items.

To address the aforementioned limitations, this
paper introduces a novel recommendation frame-
work called Dynamic Intention-Aware Recommen-
dation with attention-based context-aware item at-
tributes modeling (DIARec). DIARec leverages la-
tent context factors and item attributes to capture
the user’s multi-faceted preferences. The frame-
work comprises two main components: the Inten-
tion Learning Module and the Preference Module.
In the Intention Learning Module, we begin by em-
bedding items, users, multiple attribute relation-
ships, and attribute weights into a sequence of low-
dimensional vectors. To infer multifaceted prefer-

ences during the generation of a user’s dynamic in-
tention, we utilize both the item sequence and the
attribute sequence. To facilitate this, we introduce
the Intention-Aware Unit (IAU) module, designed
to selectively focus on essential item attributes and
fully exploit the varying informativeness of dif-
ferent items. Within the TAU module, a novel
Multi-Head Self-Attention model is introduced, in-
corporating collaborative projection for interaction
among different attention heads. This enhances the
expressive power and representation of each atten-
tion head, ultimately improving overall model per-
formance. In the Preference Learning Module, we
integrate the IAU to identify the most relevant at-
tributes of items concerning the user’s primary in-
tention. A time-aware attention mechanism is intro-
duced to model the user’s evolving preferences, and
a Gated Recurrent Unit (GRU) is employed to cap-
ture sequential selection patterns among short-term
interactive items, enabling a more comprehensive
understanding of the user’s interests. Finally, both
long-term and short-term user preferences are inte-
grated into a unified structure to learn the final user
representation. The main contributions of this paper
are as follows:

— This paper introduces a novel hierarchical
attention-based model to learn the users’ pref-
erences and purposes.

— The proposed model utilizes a hierarchical atten-
tion network called IAU, which focuses on both
items and their associated attributes. This unit
examines the types of attributes that join inter-
acted items to the current intention of the user
and distinguishes which attributes have a greater
impact within the user’s context.

— In order to generate high-level user preference
proposed a novel collaborative multi-head self-
attention network that combines information
from all the different attention heads.

— Experiments on two real-world datasets show
the proposed model outperforms the other mod-
els.

The remainder of the paper is organized as follows:
the related work is discussed in Section 2. Section
3 describes the details of the proposed model. Ex-
periments are presented in Section 4. Finally, the
conclusion is summarized in Section 5.
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2 Background and Related Work

RSs are divided into two paradigms based on
the modeling of users’ preferences: traditional RS
and sequential-aware RS. Both paradigms have
their weaknesses and strengths.

2.1 Traditional Recommendation

The primary goal of traditional RSs is to model
the general taste of the user by exploiting his/her
historical interactions. Early studies on this type of
paradigm of recommender systems often use Col-
laborative Filtering (CF) to model user preferences.
Matrix factorization techniques [5, 15] are widely
adopted approaches to CF model-based methods
that, in general, aim to mine the user’s general in-
terest by converting the user-item rating matrix into
two low-rank latent matrices. These latent vectors
represent user preferences and item features in a
common low-dimensional space, respectively, and
are used to estimate the unknown ratings. Basically,
MF-based methods deal with two different types of
data: explicit and implicit feedback.

In explicit feedback-oriented methods, the rec-
ommendation problem is formulated as a rating pre-
diction, and the user’s ratings directly reflect his/her
interest [16]. Nevertheless, explicit ratings of users
are not often available, and they mainly interact
with products via implicit feedback (e.g., mouse
clicks). Although this general RS models the gen-
eral factors of users’ behaviors, its performance is
limited without considering the sequential patterns.

2.2 Sequential Recommendation

The sequential pattern-based models capture
the sequential behaviors of users in selecting items
from historical interactions and provide recommen-
dations by identifying the users’ sequential pat-
terns [7]. Although sequential pattern-based mod-
els generate recommendations based on changes
in users’ preferences, they fail when faced with
large numbers of items or sparse data. Markov
chain (MC) is a traditional sequential recommenda-
tion method to capture sequential signals from his-
torical interactions [17]. However, Markov-based
methods cannot capture all sequence information,
have high computational complexity, and exhibit
low prediction accuracy. On the other hand, recur-
rent neural networks (RNNs) have become effec-

tive approaches for modeling item sequences and
generating sequential predictions. In [8], the au-
thors suggested a session-based recommendation
method called GRU4REC, which used RNNs with
gated recurrent units (GRU) to learn the dynam-
ics of user preference based on all previous items.
Also, they extended a session-based RS with paral-
lel RNN architectures to model sessions based on
items’ features that users interact with [18]. The
authors proposed a data augmentation technique to
enhance the performance of RNN-based methods
by considering temporal shifts in the data [19]. In
[20], the authors suggested a Time-LSTM frame-
work for session-based recommendations that uses
time gates to model the duration between sequen-
tial items. The authors proposed Caser, which used
CNN to extract the user’s preferences by embed-
ding a sequence of recent items into an “image”
for top-N sequential recommendations [9]. In [21],
the authors suggested a hybrid approach that con-
siders the short-term interest of users and collabo-
rative neighborhood information to identify impor-
tant items in interactions for session-based recom-
mendations. Nevertheless, sequential RSs can only
model sequential dependencies and neglect general
preferences.

2.3 Unified Recommendation

Recently, there has been some research to build
a unified system that combines both traditional and
sequential RSs. In [22], the authors proposed a hi-
erarchical RNN for session-based recommendation
to personalize the current session by learning the
short-term and long-term preferences of users. In
[23], the authors suggested a Neural Attentive Rec-
ommendation Machine (NARM) model for session-
based RS that combines vanilla attention with a
GRU-based model. They apply the last hidden
units of GRU as the representation of the sequen-
tial user behavior and then merge all hidden units
to capture the primary purpose of the session. Fi-
nally, the two vectors are encoded to generate the
user-to-item scores. The authors proposed a se-
quential hierarchical attention network for the next
item recommendation, which uses two vanilla at-
tention layers to learn users’ long-term and short-
term preferences [24]. In [25], the authors pre-
sented an attention mechanism that simultaneously
extracts users’ general preferences and recent in-
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terests, relying on users’ interest drift. The au-
thors utilized a co-attention mechanism to extract
dynamic interactions between the users’ representa-
tions of long-term and short-term preferences [26].
In [12], the authors suggested a self-attention-based
sequential recommendation method, which uses a
self-attention mechanism to process long-range de-
pendencies.

The authors proposed BERT4Rec to model user
behavior sequences using deep bidirectional self-
attention [13]. Most current unified recommenda-
tions ignore the purpose of users’ selection behav-
ior, resulting in reduced performance. In this pa-
per, we introduce an Intention-Aware Unit (IAU)
cell designed for use with both short and long-term
interactive item sets. It is employed to extract the
user’s intention by considering the influence of var-
ious attribute information types on user preferences.
We propose a novel multi-head attention network,
a key component of our model, which effectively
combines information from various attention heads,
enhancing the model’s ability to capture complex
user preferences. The proposed model calculates
attention weights for historical sessions to embed
short-term preferences with temporal signals.

3 Methodology

In this section, we will first define and formu-
late the task of recommendation and then provide a
detailed introduction to DIARec.

3.1 Overview

The framework of DIARec is illustrated in Fig-
ure 2. The method comprises two primary modules:
the Intention Learning Module and the Preference
Learning Module. The intention learning module
aims to understand the user’s primary intention in
long-term sessions. It takes a sequence of user-
item interactions, attributes relations, and weights
of attributes in each session as input, converting
them into a low-dimensional vector. The IAU com-
ponent, equipped with a hierarchical attention net-
work, captures the session’s purpose from various
semantic aspects. A Multi-head-self-attention net-
work is utilized to discern the user’s primary pur-
pose in each session. The multi-head self-attention
mechanism incorporates a collaborative structure to

comprehensively capture various facets of user in-
terests using information from all different attention
heads, facilitating the identification of the main in-
tention. The second module focuses on learning
users’ current preferences. Recognizing that users
may exhibit diverse interests when selecting items,
we introduce an IAU module to distinguish the in-
formativeness of choosing the same item for differ-
ent users in the last session. The time-aware atten-
tion mechanism is employed to capture the dynamic
preferences of users in the current session. Addi-
tionally, GRU is utilized to retain the sequential se-
lection pattern in the user’s current preference.

Table 1. Notations.

Notation Description

u,v User and item set

A Set of attributes relations

w Set of attribute weight classes

S Set of sessions of user u

| %% Set of interaction items by user
u with attribute type a

h Number of heads

long User’s s long-term interest

short User’s s Short-term interest

1 Session representation

L Number of long-term sessions

e e} e} ey Embedding Vectors including item,

user,attribute, and attribute weight

3.2 Problem formulation and notations

This subsection formulates the task of rec-
ommending the next item as follows: Let U =
{ur,ua,. .., uy,} represents the set of users and V =
{v1,v2,....,v}y} denote the set of the items, where
|U| = m and |V| = n refers to the number of users
and items, respectively. A = {aj,az,....,as} de-
notes a set of attributes for all items, and |A| is the
number of all attributes. For each user u € U, the
historical interaction records of user u is denoted
by §* = {s{,s5,....s%}, which T is the whole time
steps. st € §*(r € [1,T]) denotes the session at time
step t for user u. Afterward, we associate each item
v with its corresponding contextual relation a € A.
V! represents the items that user u has consumed
with an attribute relation type of a. We denote
the attribute weight by w and divide w into five
weight classes (wy,...,ws), where each class is cal-
culated by computing the percentage per attribute
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Figure 2. The architecture of the DIARec model consists of two primary modules purpose module and a
preference learning module.

and mapped as follows: {0 < w; < 20,20 < w; <
40,40 < w3 < 60,60 < wy < 80,80 < ws < 100}.
The user’s general or long-term preference at time
step ¢ is calculated based on the last L sessions
(St—r,-.-,8-2,81). Also, the user’s short-term
preference plays an important role in choosing the
next item. In this paper, s/ shows the current ses-
sion of user u at time step ¢ to compute short-term
preference. After learning short-term and long-term
preferences of the user, the next item is predicted by
computing the recommendation scores of all items.
Main notation is summarized in Table 1.

3.3 Intention Learning Module

The intention learning module comprises two
main components: (i) an embedding layer, and (ii)
the intention-aware unit (IAU). Typically, the user’s
decision-making process involves two sequential
steps: determining the user’s primary intention and
identifying their preferences. Generally, a user ini-
tiates their shopping journey with a specific inten-
tion and explores various products until they find
one that aligns with their interests. In this mod-
ule, our aim is to convert a session, consisting of

a sequence of user-item interactions, item attribute
relations, and attribute weights, into a sequence of
low-dimensional vectors.

Subsequently, these vectors are fed into the [AU
component, which aims to capture the hierarchical
profiling of users at multiple levels of taste. To il-
lustrate, consider two users, A and B, dining at the
same restaurant on the same day. User A, a mother
with young children, may choose the restaurant due
to its child-friendly atmosphere and good service,
despite disliking the food. On the other hand, user
B, an older woman, may choose the same restau-
rant for its good food and service, despite disliking
the child-friendly atmosphere. Despite their differ-
ing preferences, both users end up making the same
choice. This discrepancy can be attributed to users
assigning different weights to various attributes dur-
ing their decision-making process. Building on
these examples, our goal is to discern the diverse
aspects of item attributes that signify the purchas-
ing intent for each user. The IAU is employed to
differentiate the importance of various attributes in
elucidating the user’s motivation for purchase.
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3.3.1 Embedding layer:

First, we embed the sparse user and item IDs
(i.e., one-hot representation), contextual items, and
weighted attributes into four low-dimensional dense
vectors. e” denotes the embedding vector for item
i, u; indicates the embedding vector for user j,
and the embedding vectors for contextual items and
weighted attributes are denoted by e“ and ¢, re-
spectively. The items’ embedding matrix is repre-
sented by E = [e1,es,...,e,] € RIVXIPl where |V |
is the number of items, and D is the embedding di-
mension. The user embedding matrix is denoted by
U e RPHUI and W e RIPXIWI and A € RIPI¥l4l are
the weighted and attribute embedding matrices. The
vectors uj, €4, €}/, and e represent the user embed-
ding vector of user j, as well as the weighted and
attribute vectors.

3.3.2 Intention-Aware Unit (IAU)

This module attends to the important attributes
of items differently in each session based on the
user’s intention. In the real world, users assign dif-
ferent importance to the attributes of items based
on their context. Therefore, identifying the con-
tribution of attributes of each item for each user
plays a significant role in personalized recommen-
dation. For example, suppose the user likes hor-
ror and comedy movies; the latent representation
of the user should indicate the user’s preference for
movies of both genres. At the time of prediction,
comedy and horror movies get higher scores, but a
specific genre (e.g., horror) may not have the same
importance to the user in all movies. Therefore,
the proposed model should be able to distinguish
between the items of each genre and provide inter-
pretable recommendations for each item. However,
most existing approaches ignore the variety of item
attributes and consequently overlook the user’s pur-
pose. To learn the informativeness of items, this pa-
per proposes the IAU component shown in Figure
3. IAU comprises two attention cells: (1) the Con-
textual Item-Attention Cell and (2) the Contextual
Attribute-Attention Cell, for identifying the most
significant attributes of items relevant to the user’s
primary intention within long-term sessions.

1. Contextual Item-Attention Cell

This cell models various content-related or
attribute-based relationships for context items sep-

arately. It’s a straightforward fact that multiple-
item attributes can explicitly reveal user interests.
Therefore, this study utilizes item attributes as a
factor to provide contextual information for creat-
ing a multi-faceted view of user interests in the pro-
posed intention-aware module within the context-
aware recommendation system.

First, we divide user-interacted items into var-
ious sets V¥ according to the types of attribute re-
lationships type a. Note that the same item may
have many attribute relationships; hence, it may oc-
cur in various V. Since, at a given moment, an
item can have various impacts on different users, we
employ an attention network to learn weights that
are guided by user embeddings in an Item Relevant-
Attention Layer.

We map each set of attribute items in each ses-
sion (V) as key-value, and the user embedding
vector serves as the query. We compute weighted
scores for each item as follows:

6]- :ReLu(Wle;—i-er?—i-b]) (1)
exp(0;)

= ) 2

PI= S exp(0,) @

Where Wi, W», and b; are model parameters. Then,
we normalize the scores using the softmax function
and calculate each item’s weight in the related V',
which indicates the importance of each item. Fi-
nally, the weighted sum of all the item latent vec-
tors is generated for each V' using the normalized
scores. Their corresponding attention scores are as
follows:

Vi="Y Bje 3)

j=1..N

2. Contextual Attribute-Attention Cell

Inspired by the method of [10], the suggested
model utilizes a multi-head attention network to
recognize various facets of users’ interests. In or-
der to uncover the high-level preferences of users,
this study suggests a novel collaborative multi-head
attention cell to identify the main users’ purposes.

Since each user has various levels of interest in
attribute relationships, to extract items’ semantics,
the multi-head self-attention is applied to utilize h
separate self-attention models to jointly attend to
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the information from several presentation subspaces
at different positions. Then, we obtain h representa-
tions of user purposes in each session [I',12,... I"].

However, in the conventional Multi-Head Self-
Attention model, each head independently performs
its computations and operates separately without
coordination with other heads. In other words,
each attention head focuses on only a portion of the
data and works independently of what other atten-
tion units are doing. This limitation can hinder the
model’s ability to understand complex relationships
within the data and prevent the optimal utilization
of information generated by other heads. To ad-
dress these challenges, this study introduces a com-
bined Multi-Head model that breaks free from iso-
lation and allows information to be shared among
the heads more effectively. This change enhances
the model’s capability to grasp intricate data rela-
tionships and make better use of the information
generated by other heads. The final item can in
some way have a substantial effect on the user’s
next choice and reflect some useful information. So,
this paper applies the concatenation of [¢";e)] as a
query and the element-wise product of attribute re-
lation embedding and attribute weight embedding
as a key value. At last, the weighting scores of each
attribute relation are computed as follows:

x "]+ Wh

[

eC
aj‘(z) = ReLu(W/[e‘ x "]+ W5[e"; ei] +b1),

a;(l) = ReLu(W*
k
1

“4)

a") = ReLu(W4[e¢ x "] + Wh[e“:e}] +by),
In our approach, we introduce a collaborative pro-
jection that is applied to the attention-heads prior
to the softmax function. This projection transforms
the information and attention weights in a way that
enables to movement of information between dif-
ferent attention heads.

a(l) 511 612 81;1 aj
a® S O S aj(z)

S I I : N ERC)
a(h) 8]11 Shz e Shh a*.(h)

Where 8(ij) denotes the attention mixture weight

among the i-th attention head and the j-th attention
head. a(! ), a(z), ...a™ These represent the attention
matrices associated with attention heads. Then, we
normalize the scores using the softmax function and
calculate each item’s weight in related V', which
indicates the importance of each item.

all) = exp(a;)
Y(exp(a;)’
) expla;)
“ T Tlewlay) ©
o — _era;)
Y.(exp(a;)’

At last, the weighting scores of each attribute
relation are computed as follows:

1 1)yu 2 2)yu
M=y olve ="y a?vi .,
Jj=1....|a| J=1....|a|
() — (h)yyu
"= 1Zloc Vs
j=l....la

(N

We then combine all facets-level preferences with
a trainable transformation matrix Wo, and compute
the multi-head representation of long-term prefer-
ences as follows:

1=WOoncat(1',1?,...,1" (8)

3.4 Preference Learning Module

This module learns the user’s current prefer-
ence. As apparent from Figure ??, IAU is also uti-
lized in the preference learning module to learn a
representation of the user’s short-term preference.
People may have different interests when choosing
the same items, and various items may be more or
less informative for user interest modeling. There-
fore, IAU is used here as well to model the different
informativeness of the same products for various
users. Moreover, the user’s interest may be hidden
inside long-term sessions. The proposed model in-
troduces a novel time-aware attention mechanism to
compute attention weights for long-term sessions,
embedding short-term preference with the time sig-
nal. Instead of using weights for all historical ses-
sions, a bi-directional GRU [34, 35] is employed to
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encode the temporal sequence of sessions and pro-
vide a fixed long-term preference representation per
user.

W, =GRU(L),t € |S|—L,|S|—1] (9
W, =GRU(L),t € [IS|~L|s|-1]  (10)
hj=[h,, ) (11)

In this way, we obtain /; as an encoded temporal se-
quence of sessions representing the long-term pref-
erence for each user. We use IAU as a query in the
current session and the fixed long-term preference
representation (/;) as key-values in this attention
function.

mj = ReLu(W'h; +W?I) (12)

Where W', and W? are model parameters. The
weights of sessions are computed by normalizing
the scores with a softmax function.

exp(m;
N, — (m;)

= — 13
Y exp(m;) (1)

At last, we calculate the weighted sum of the corre-
sponding attention scores and obtain the short-term
preference for each user.

I(long xshort) = Y mjh; (14)
j=1...L

The selection of the next item may be influenced
by a portion of the current session. Hence, GRU
is used for its ability to extract the sequential pat-
tern of the user in the current session. The update
functions of GRU are as follows:

Z, = sigmoid(W,s, +Uh;—1 +b;)  (15)

R, = sigmoid(W_s; + U hy_1 + b;) (16)

hy = tanh(Wys; + Uy (ry *xht — 1+ D) (17)
h=1—=Z)xh_1+Zxh) (18)

Where R, and Z; are the reset and update gates, re-
spectively. These gates extract the user’s latest in-
tent. The final hidden state h; € R; contains the
items’ transition relevance in the current session.

Finally, we concatenate preferences and get the
final user representation U = [I;1(long*short); /).
U is then fed to a dense layer for feature abstrac-
tion, as follows:

U; = ReLu(W'U +b") (19)

Where U; is U dense vector and W1, b! denote the
model parameters.

3.5 Prediction Layer

After computing the final representation of the
user (U;), the recommendation score is calculated
by applying a dense layer softmax to get the output
vector as:

¥ =softmax(E) (20)

Finally, we represent the loss function as the cross-
entropy among the ground truth Vyy and prediction
v, where y represents the one-hot coded vector of
the ground truth item, and ¥ is a predicted probabil-
ity distribution.

\4
Loss = —) yilog($;)+ (1 —y;)log(1—y;) (21)

i=1
4 Experiments

This section performs experiments to answer
the following four research questions:
Q1: How is the performance of our proposed
method in the next item recommendation task com-
pared to other methods?
Q2: Are the critical modules in DIARec (i.e., in-
tention learning module and preference learning
module) useful for improving recommendation per-
formance?
Q3: How does the IAU component affect the rec-
ommendation? Does it help boost the performance
of the recommendation?
Q4: What is the effect of the k different values on
the performance of the top-K recommendation in
the proposed architecture?
QS: How is the efficiency of DIARec compared to
other models?



DIAREC: DYNAMIC INTENTION-AWARE RECOMMENDATION WITH . .. 181

4.1 Experimental setting

Experiments are performed on two datasets
from different domains to evaluate the performance
compared to other methods.

4.1.1 Datasets

Movielens:  MovieLens! The MovieLens
dataset, obtained from the MovieLens website, con-
sists of movie rating data collected by the Grou-
pLens research group. We specifically use the ML
100k version, which includes 100,000 ratings from
943 users on 1682 movies. To ensure an adequate
amount of data for modeling, we filter out users and
items with fewer than five interactions. For session-
based analysis, we split all historical interactions of
each user into sessions using a 30-minute inactiv-
ity window. To manage session length, we set a
maximum limit of 50 interactions per session. Ad-
ditionally, we filter out users with fewer than L+2
sessions to ensure there is sufficient cross-session
data for effective modeling of returning users.

Yelp: ? The Yelp dataset, sourced from the Yelp
challenge dataset, is utilized as another benchmark
for recommendation tasks. For a focused analy-
sis on the restaurant business, we specifically retain
data related to the food category. Similar to the pre-
processing steps applied to the MovieLens dataset,
we filter out users and items with fewer than five in-
teractions. The historical interactions of each user
are organized into sessions using a 1-day inactiv-
ity window. To manage session length, a maximum
limit of 50 interactions per session is set. Addition-
ally, we filter out users with fewer than L+2 sessions
to ensure an adequate amount of cross-session data
for modeling. The statistics for both datasets are
shown in Table2.

Train/validation/test splits: For each user, the
dataset is split into training and test sets. The
first 80% of a user’s sessions are designated as
the training set, and the remaining 20% are used
as the test set. A sliding window approach is
employed with a window size of L to split each
user’s sessions into subsequences of fixed length
L+1. For instance, given a user’s sessions sequence

s = {{vi.va}, {vs,va}. {vs, v}, {v7,vs},{vo,vi0}}.

three instances can be extracted with a window size

Thttp://grouplens.org/datasets/movielens/
Zhttps://www.yelp.com/dataset

of 2. In each instance, the first L. sessions represent
long-term preferences, the last session represents
short-term preferences, and the last item is treated
as the ground truth. Instances 1 and 2, representing
both long and short-term preferences, are derived
from the first 80% of the training set. The remain-
ing instances for testing are formulated accordingly
as follows:

train set={{vi,v2},{v3,va},{vs,ve },{v7,vs}}

test set={{vo,vio}}

#instancel:Long, = {{vi,v2},{v3,v4}}

short, = {{vs}} groundtruth = ve.
#instance2:Long, = {{v3,v4},{vs,ve}}

short, = {{v7}} groundtruth = vg.
#instance3:Long, = {{vs,ve},{v7,vs}}

short, = {{vo}} groundtruth = v

4.1.2 Baselines

In order to demonstrate the superiority of our
proposed method DIARec, we compare it with the
following representative baselines:

— POP: A simple algorithm that ranks items ac-
cording to their popularity which popularity is
the number of occurrences of item interactions.

— BPR-MF [27]: This model is a classic baseline
for binary implicit feedback.

— Item-KNN [28]: An item-KNN model is based
on the cosine similarity to make recommenda-
tions to the user.

— GRU4 [18]This is a baseline which applies
RNNSs to be able to model the whole session.

— BERT4G [13] It utilizes a bidirectional self-
attention mechanism for the next-item recom-
mendations.

— SASRec [12] Utilizes a self-attention mecha-
nism to extract users’ long-term sequential be-
havior.

— FISSA [29] FISSA employs the SASRec model
to obtain user interest representations. It uses a
transformer-based layer to incorporate item sim-
ilarity for modeling the global user interest rep-
resentation.
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Table 2. Statistics of our datasets.

Datasets Users Items Action Attributes
Drama, Action, Comedy, Romance,
Movielens 943 1682 92,287 Thriller, Crime
Adventure
Restaurants Delivery, Business Accepts Credit Cards, Outdoor Seating,
Yelp 30,431 20,033 316,354 Restaurants Reservations, Restaurants TakeOut

Restaurants Good For Groups, Good For Kids

Table 3. The performance comparison of DIARec with other methods on Movielens and Yelp

Dataset Metric POP BPR-MF  Item-KNN GRU4 SASRec  SSE-PT FISSA BERT4Rec  S3-rec  DIARec
Yelp Recall  0.1870  0.1970 02278 072148 07384  0.7557  0.7608 0.7621 07982 0.8251
NDCG  0.0677  0.0691 0.0777 03632 03789 038039 039308 04048 04123  0.4488

Moviclens  Recall 02396 0.4655 0.4835 06348 0.6423  0.6475  0.6488 0.6506  0.6755  0.6998
NDCG  0.0996  0.1992 0.2032 02718  0.2801  0.2885  0.3009 03133 0.3309  0.3789

— SSE-PT [30] SASRec is an impersonal ing set among the higher positioned items in the rec-

model because it lacks the user’s personalized
embeddings.SSE-PT enhances SASRec by sug-
gesting embeddings shared stochastic.

— S3Rec [31] Utilizes self-supervised learning to
derive intrinsic data correlation to learn data rep-
resentations.

4.2 Evaluation Metrics

In this article, we utilize Recall and Normalized
Discounted Cumulative Gain (NDCG), two widely
adopted ranking metrics in top-k recommendation,
to assess the recommendation lists generated by
all models [32, 33]. Higher values indicate better
model performance.

Recall@K: measures the ratio of ground-truth
items in the top-K positions of the recommenda-
tions list for users. The recall@K value is calcu-
lated as:

Npit
N
Where ny;, is the number of testing instances in the
top-K positions of the recommendation list, and N
is the total number of testing instances.

NDCG @K: evaluates the ranking quality of rec-
ommendation results by considering the position of
correct items. The NDCG @K is calculated as:

1 2ri~1
NDCG@K = EZ <10g(l—|—1)> (23)

i

Recall @K =

(22)

Where G refers to the ground-truth set of test in-
stances, and r; denotes the rank of item i in the test-

ommendation list. Higher values for both metrics
indicate better model performance.

4.2.1 Parameter Settings and Implementation
Detail

We implement our proposed RS with Keras and
conduct all experiments using the Google Colab
platform. The parameters used are updated with an
Adam optimizer. For both datasets, we set the di-
mensionality of the embedding vectors to d = 16
and the window size to L = 5. The number of
heads in the multi-head self-attention is set to 3. All
weighting parameters in the model are initialized
using a normal distribution N(0.01). The learning
rate and batch size are set to 0.01 and 32, respec-
tively. We utilize dropout with a dropout ratio of
0.5 to prevent overfitting, and the number of epochs
is set to 10.

4.3 Comparison with baseline methods

(RQ1)

This subsection compares DIARec with other
methods on Movielens 100k and Yelp datasets, and
the results are summarized in Table 3.

1. As is apparent from Table 3, where the higher
performance in each row is denoted in bold, the
proposed approach outperforms both the Movie-
lens and Yelp datasets, significantly excelling
in NDCG@K and Recall@K. Specifically, com-
pared to the best state-of-the-art method in terms
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Table 4. Impact DIARec Modules on Yelp

Yelp
Methods Recall@20 NDCG@20
Pur-DIARec 0.7789 0.3745
Pre-DIARec 0.7543 0.3438
DIARec 0.8251 0.4488

Table 5. Impact DIARec Modules on Movielens

Movielens
Methods Recall@20 NDCG@20
Pur-DIARec 0.6243 0.3274
Pre-DIARec 0.6021 0.3045
DIARec 0.6998 0.3789

Table 6. Impact of attention mechanisms in AIU Module on Movielens and Yelp

Movielens Yelp
Methods Recall NDCG Recall NDCG

DIARec multi-attention 0.6803 0.3489 0.8099 0.4023
DIARec collaborative-multi-attention  0.6998 0.3789 0.8251 0.4488

Table 7. The results of Recall@k, NDCG @k with different K.

@5 @10 @20

Datasets Methods Recall NDCG Recall NDCG Recall NDCG
POP 0.0965 0.0602 0.1431 0.0755 0.2396 0.0996
BPR-MF  0.1866 0.1203 0.3138 0.1610 0.4655 0.1992
Item-KNN 0.1845 0.1176 0.3276 0.1642 0.4835 0.2032
SASRec  0.2948 0.2035 0.4746 0.2655 0.6548 0.3088

Movielens SSE-PT 0.3017 0.2106 0.4688 0.2599 0.6723 0.2993
FISSA 0.2585 0.1624 0.4492 0.2230 0.6409 0.2718

BERT4Rec 0.3003 0.2028 0.4662 0.2562 0.6506 0.3033

S3-rec 0.3012 0.1881 0.4761 0.2448 0.6755 0.2985
DIARec  0.4676 0.2832 0.5688 0.3254 0.6998 0.3789

POP 0.0474 0.0288 0.0960 0.0443 0.1897 0.0677

BPR-MF  0.0500 0.0291 0.0983 0.0447 0.1970 0.0691

Item-KNN  0.248  0.203 0476 0265 0.634  0.303
SASRec  0.3884 0.2663 0.5609 0.3224 0.7684 0.3789
Yelp SSE-PT 0.3884 0.2663 0.5609 0.3224 0.7684 0.3789
FISSA 0.4520 0.3140 0.6153 0.3631 0.7757 0.4089

BERT4Rec 0.4561 0.3163 0.6138 0.3673 0.7621 0.4048
S3-rec 0.4224 0.2880 0.5926 0.3430 0.7771 0.3860
DIARec  0.4689 0.427 0.6378 0.4312 0.8251 0.4488
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of both evaluation measures, DIARec has shown
a4% and 3% improvement in terms of Recall on
Movielens and Yelp datasets, respectively. The
most likely reason is that the proposed method
effectively shares information among the heads,
enhancing its capability to grasp complex data
relationships and make better use of the infor-
mation generated by other heads.

2. Generally, all unified RSs (DIARec, SASRec,
BERT4G, SSE-PT, FISSA, and S3Rec) outper-
form traditional and sequential approaches (i.e.,
POP, Item-KNN, BPR-MF, and GRU4Rec), re-
spectively.

3. Overall, all attention-based approaches outper-
form general- and deep learning-based recom-
menders, respectively. This is likely due to the
attention mechanism’s ability to recognize the
most important items in user interactions.

4. Among all attention-based approaches, DIARec
outperforms others. This indicates the effect
of multi-head attention in identifying differ-
ent aspects of users’ interests. Moreover, al-
though SSE-PT, BERT4, and FISSA use at-
tention mechanisms, they cannot model the at-
tributes of different items. Also, unlike all the
mentioned methods, DIARec can recommend
momentous items according to user purposes
and interests.

4.4 TImpact of DIARec Modules (RQ2)

In this section, to evaluate the performance of
the DIARec modules, we introduce the following
two methods: (1) Pur_DIARec, which only uti-
lizes the user purpose module, and (2) Pre_DIARec,
which only considers the user’s preference. Table 4
and Table 5, and Figure 4 illustrates the results of
experiments using the NDCG@20 and Recall @20
metrics on two benchmark datasets. According to
Table 4 and Table 5, we can make the following ob-
servations:

1. The Pur_DIARec method effectively improves
the performance of our approach. This is proba-
bly due to capturing attribute information in a
long-term interacted item set through a multi-
head attention mechanism and emphasizing the
importance of items based on user interests by
the AIU cell.

2. The Pre_DIARec method also contributes to im-
proving the performance of our approach DI-
ARec compared to other state-of-the-art meth-
ods. This may be attributed to the use of GRU
in the short-term to capture the user’s sequen-
tial pattern in session sequences, aiding in better
modeling user representations.

3. Since DIARec’s performance is better than ei-
ther of the two modules, Pre_DIARec and
Pur_DIARec, it can be concluded that the fusion
of these two modules is effective in learning user
representations and predicting the next items.

4.5 Impact of IAU component(RQ3)

In this section, we verify the efficiency of the
IAU module with the presence and absence of a col-
laborative multi-head attention mechanism. As evi-
dent from Figure 5 and in Table 6, we observe that
applying a collaborative multi-head self-attention
mechanism in our model outperforms the multi-
head self-attention. The reason behind these results
may be the enhanced ability of the Collaborative
Multi-Head Self-Attention model to capture vari-
ous contextual elements and nuances from different
latent subspaces. This is achieved by allowing in-
formation to be shared among the attention heads,
ultimately improving the model’s capacity to com-
prehend intricate data relationships and make better
use of information generated by other heads.

As a result, our approach can effectively high-
light important attributes of items according to the
user’s preferences, thereby aiding in learning a
more accurate user representation. Based on the ob-
tained results, we can confidently validate the effi-
ciency of the IAU component within the DIARec
approach.

4.6 Impact of under different K in model
performance (RQ4)

In the real world, users often browse only the
primary few pages of a website and tend not to pay
attention to the rest of the pages. A strong RS can
accurately predict the top-k items; therefore, we ex-
plore the performance of our approach in terms of
Recall@K and NDCG@K when K is set to 5, 10,
and 20. The results are shown in Table 7. To dis-
play experimental results more intuitively, we drew
the corresponding line chart in Figure 6.
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Table 8. Computational overheads for testing time and each epoch at training time.

Datasets Movielens Yelp
Methods Training time (s) Testing time (s) Training time (s) Testing time (s)
POP 2.16 1.12 6.26 3.87
BPR-MF 9.11 1.75 13.10 5.22
Item-KNN  7.41 1.27 10.31 4.71
GRU4Rec  16.19 2.24 54.18 7.23
SASRec 21.18 3.34 60.13 9.81
BERT4Rec 23.68 3.55 68.73 10.30
FISSA 24.19 3.40 65.49 10.49
SSE-PT 23.72 3.37 63.05 10.68
S3Rec 25.54 3.74 71.13 11.21
DIARec 27.81 4.01 75.56 11.51

In general, for all values of K, our proposed model
performs best on both datasets. According to the
results displayed by Recall and NDCG on both
datasets, increasing the value of K will increase the
Recall in all methods, and the magnitude is great
and relatively stable in Recall and NDCG, respec-
tively. The reason is that the value of Recall will
increment by 1 for each hit, and the value of NDCG
will increment by a number between 0 and 1.

4.7 Efficiency comparison (RQS5)

In this section, we analyze computing requi-
sites in terms of time complexity compared to other
state-of-the-art methods during the training and
testing processes. Due to the difficulty of provid-
ing exact computing complexity in theory for deep
learning models, we report the computational time
(in seconds) for all compared algorithms on both
datasets in Table 8. The evaluation duration in-
cludes the time required to obtain Recall@K and
NDCG@K. Observations from the results in Table
8 are as follows:

Among non-deep learning approaches, POP has
the least running time on both datasets because it
ranks items according to their frequency of occur-
rence. The execution time of Item-KNN was higher
than POP, possibly due to the complexity of the
model, as it needs to compute the similarity of each
item with all other items, making these compu-
tations time-consuming. BPR-MF required more
time compared to Item-KNN, particularly during
the training phase, owing to the increased model
complexity resulting from matrix decomposition

calculations. GRU4Rec requires more computing
time than traditional approaches in both datasets.
This increased time demand can be attributed to the
internal gates within the model architecture. Gen-
erally, all transformer-based techniques need more
computing time than traditional and deep learning-
based approaches in both datasets. Among all
transformer-based approaches, DIARec has more
computing time on both datasets. A plausible ex-
planation is that DIARec has more complexity due
to its hierarchical structure. In summary, models
like DIARec, BERT4Rec, and S3Rec demonstrate
improved performance while achieving a balance
between model accuracy and running time. Nev-
ertheless, in practical scenarios, these models can
undergo offline training, allowing the recommenda-
tion system to utilize a pre-trained model for predic-
tions. The consumed testing time for all methods
varied from around 1 to 4 seconds on the Movie-
lens dataset and from 3 to 11 seconds on the Yelp
dataset. Therefore, DIARec is suitable for practical
applications, given that its testing time is compara-
ble with that of state-of-the-art models, and has the
dual competitiveness of effectiveness and efficiency
with other state-of-the-art methods.

5 Conclusions

This paper introduces a novel context-aware
recommendation approach that unifies traditional
and sequential RSs. In our proposed model, DI-
ARec, we utilize an Intention-Aware Unit (IAU) to
identify essential aspects of item attributes based on
users’ intentions. We present a novel collaborative
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multi-head self-attention network that combines in-
formation from all the different attention heads ef-
fectively to enhance the model’s ability to capture
complex user preferences. The results of exper-
iments on two datasets demonstrate that our pro-
posed approach, DIARec, outperforms other mod-
els.

The model introduced in this article warrants
further investigation. We currently utilize latent
context factors and item attributes as the primary
data sources for learning user preference represen-
tation. However, in real-world recommendation
processes, additional valuable information is often
available, such as users’ trust relationships in the so-
cial network, explicit user-item ratings, diverse item
attributes, and explicit contextual information. The
inclusion of rich side information typically leads to
improved performance.

DIARec also has specific real-world implica-
tions. For instance, in an online shopping plat-
form, DIARec can efficiently and accurately ana-
lyze items that users may purchase based on their
historical interactions. This analysis takes into ac-
count both the items themselves and their associ-
ated attributes within the context of the user, distin-
guishing which attributes wield a greater impact in
the user’s specific context. Additionally, DIARec
can suggest similar items to users by extracting
the item’s semantic information, thereby enhancing
their shopping experience and satisfaction.

In our future work, we intend to incorporate the
time gap in user interactions within sequential rec-
ommenders to enhance the accuracy of recommen-
dations. Additionally, we plan to improve the user
intent learning process by incorporating convolu-
tional neural networks (CNN).
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