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Abstract. Attributes of items carry useful information for accurate
recommendations. Existing methods which tried to use items’ attributes
relied on either 1) feature-level compression which may introduce much
noise information of irrelevant attributes, or 2) item- and attribute- level
transition modeling which ignored the mutual effects of multi-factor for
users’ behaviors. In addition, these methods failed to capture multi-faceted
preferences of users, therefore, the prediction for the next behavior may
be affected or misled by the irrelevant facets of preferences. To address
these problems, we propose a Sequential Network based Recommendation
model, named SNR, to extract and utilize users’ multi-factor and multifaceted preferences for next item recommendation. To model users’ multifactor preferences, we organize the item- and attribute- level sequences of
users’ behaviors as unified sequential networks, and propose an attentional
gated Graph Convolutional Network model to explore the mutual effects
of the preference factors contained in sequential networks. To capture
users’ multi-faceted preferences, we propose a multi-faceted preference
learning model to simulate the decision-making process of users with
the Gumbel sotfmax trick. Finally, we fuse the multi-factor and multifaceted preferences in a unified latent space for next item recommendation.
Extensive experiments on four real-world data sets show that the proposed
model SNR consistently outperforms several state-of-the-art methods.
Keywords: Sequential recommendation · Sequential Networks · Preference Learning · Multi-factor preference · Multi-faceted preference.

1

Introduction

Recommender systems help users to discover the items that they may prefer
from numerous choices, which can enhance both users’ satisfaction and platforms’
profits. In real-world scenarios, users’ behavior data, e.g. click or purchase,
always appears as a sequence and every behavior is linked with a timestamp.
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Fig. 1. The left part is an illustrating example that a user purchases items sequentially.
The right part concludes the multi-factor and multi-faceted preferences of users.

Predicting and recommending the next item user may act on, known as sequential
recommendation, has been becoming a hot research topic in recent years.
Most of existing research about sequential recommendation focused on modeling item-level sequences of users’ behaviors, which ignores the attribute information of items which is beneficial for accurate recommendations [1]. Therefore,
how to utilize attribute information effectively for sequential recommendations
remains a challenge. Some methods tried to combine attribute information and
item information with compression strategies, e.g. feature-level aggregation or
concatenation, and adopted traditional sequential models like LSTM for recommendation [2, 3]. However, not all attributes are relevant for recommending the
target, which may introduce noise information and degrade the performance of
recommender systems. Some methods tried to model the item- and attributelevel transition patterns in the sequential behaviors of users [1, 4, 5], which ignored the mutual effects of multi-factor for users’ next behavior. Fig.1 shows the
user’s purchase records in an online shopping website. The user may prefer the
HP printer because he/she requires a printer (Factor1: Computer → Computer
Appendix → Printer and Factor2: A4 Paper→ Printer) and prefers Brand HP
that produces printer (Factor3: HP laptop → HP → HP printer). These factors
consist of useful correlations and high-order dependencies between attributes and
items in users’ sequential behaviors, whose mutual effects can help with users’
fine-grained preference modeling.
To deal with this issue, we first combine the item- and attribute- level sequences
into a unified sequential network for each user. Then, we design an attentional
gated graph convolutional network (agGCN) model to explore the sequential
networks, which can extract useful correlations and high-order dependencies for
multi-factor preference modeling. Compared to constant compression strategies
such as traditional GCN, the agGCN can alleviate the noise problem with
attentional and gated mechanisms.
In real-world scenarios, each user may play multiple different roles in his/her
life, which makes his/her preference shows multi-faceted correlations. For example,
Bob is a teacher and meanwhile a baby’s father, therefore, his purchasing behaviors
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may be switching between office-related items and babysitting-related items as
shown in Fig.1. Although some existing work attempted to utilize attention
mechanism for multi-faceted preference modeling [21, 22], they took all facets
of preferences into account when predicting the next behavior. Therefore, the
predictions may be affected or misled by irrelevant preference facets.
To solve this problem, we propose a multi-faceted preference learning model
to construct users’ preference facets and select the possible preference facet for
expression. It utilizes the self-attention mechanism to construct the facets of users’
preference, and utilizes the Gumbel softmax trick to simulate the decision-making
process of users, i.e. selecting the possible facet for preference expression w.r.t
different items.

2

RELATED WORK

In this section, we review the related work from four aspects: item-aware sequential recommendation, attribute-aware sequential recommendation, GCN based
recommendation, and attention based recommendation.
Item-aware Sequential Recommendation. Most of the existing work for
sequential recommendation focused on modeling item-level transition patterns of
users’ behaviors. For example, FPMC [7] directly combined matrix factorization
(MF) with Markov chains (MC) to predict the next item based on users’ recent
engaged items (e.g. purchased items). Hierarchical Representation Model (HRM)
[8] extended FPMC by applying aggregation operations to explore more complex
interactions (e.g. non-linear interactions) for sequential recommendation. These
MC based methods focus on the sequential patterns between two adjacent
behaviors or baskets while ignoring the long-term dependencies of the whole
sequences [9]. Recurrent neural networks (RNN), which are good at modeling
long-term dependencies in sequence data, have been adopted for sequential
recommendation. Various RNN variants have been extended for different scenarios
[10, 11]. For example, [12] proposed a gated recurrent unit (GRU) based model
GRURec with a ranking loss for session-based recommendation. In addition,
graph neural networks were adopted to learn the representations of the session
interaction graph for session-based recommendation [13]. These methods rely on
the user-item binary relation sequences, which ignores item attributes that are
useful for users’ preference modeling.
Attribute-aware Sequential Recommendation. Recently, attribute information is used by several sequential models to improve the performance of
sequential recommendation [4, 14]. Several methods tried to combine attributes
and items information with compression strategies, and adopted the sequential
models for recommendation. For example, HA-RNN [3] combined the embeddings
of items and their attributes into a unified sequential representations, then feed
them into an LSTM model for next item recommendation. ANAM [2] utilized
a hierarchical architecture to incorporate the attribute information of items,
and adopted an attention mechanism to explicitly model users’ evolving preferences on items. However, the feature-level compression may aggregate irrelevant

4

Y. Du et al.

attributes and introduce noise, which degrades the performance of sequential
recommendation.
Several methods tried to explore the sequence data with attribute information
by mining their transition patterns of adjacent behaviors or baskets. For example,
FDSA [1] tried to model item transition patterns and attribute transition patterns
from adjacent behaviors for next item recommendation. KA-MemNN [4] utilized
the memory networks to store the categories of items in the last basket, and
inferred the categories that user may need for next basket prediction. However,
these methods fail to explore the sequential networks of users, which contain
useful correlations and high-order dependencies between items and attributes for
users’ multi-factor preference modeling.
GCN based Recommendation. In recent years, GCN based techniques
gain their popularity in graph-based RSs [15], which organize the input data as
graphs and try to extract the structure information for recommendation [16].
Ying et al. [17] proposed to apply GCN to the graph with neighborhood sampling
technique, which can be adopted for web-scale recommendation tasks. Wang et
al. [30] adopted GCN to discover high-order structure and semantic information
in the knowledge graph, and utilized these information to enrich users’ preference
modeling for recommendation. These methods achieved good performance. However, these methods are designed for static graphs and not available for sequential
recommendation, and most of them assume equal or constant importance during
convolution which may bring more noise for recommendation.
Attention based recommendation. Attention mechanism has been widely
used in natural language processing such as text matching [19], and reading
comprehension [20], due to its excellent theory and good performance. For
sequential recommendation, several methods utilized attention mechanism to
aggregate users’ preferences or behaviors for unified representations. For example,
DMFP [21] assumed users’ long-term preferences are multi-faceted, adopted
the multi-hops attention mechanism to model users’ multi-faceted preferences.
MANN [22] stored users’ historical records explicitly by the memory networks, and
adopted the attention mechanism to learn the different importance of behavioral
records for recommendation. These attention based methods can be seen as the
aggregation of the multi-faceted preferences or behaviors. However, these methods
are essentially weighted aggregating all facets of preferences or behaviors, which
make the prediction for the next behavior may be affected by irrelevant facets.

3

Problem Formulation

Let U = {u1 , · · · , uN }, I = {i1 , · · · , iM } and F = {f1 , · · · , fL } denote the sets
of N users, M items and L attributes, respectively. Each user u ∈ U engaged a
series of items Su (T ) = [st |t = 1, · · · , T ] in the chronological order, where st ∈ I
denotes the t-th item he/she engaged. For each item i ∈ I, we collect its K types
of attributes, i.e. Fi = {fi1 , · · · , fiK }, where fij ∈ F denotes the j-typed attribute
of item i. For example, we can collect the items’ attributes with types Genre,
Brand, Color and etc.

Multi-factor and Multi-faceted Preferences for Sequential Recommendation

5

The goal of sequential recommendation is to learn a prediction function f (·)
based on all users’ sequential behaviors and other related information. Formally,
the function can predict the next item that the target user may act on. In this
paper, we take the attribute information of items into consideration and define
the prediction function as s(u, T ) = maxi∈I f (u, i, Su (T ), FI ).

4

The Proposed Method

Fig.2 shows the architecture of the Sequential Networks based Recommendation
model, named SNR, which is built on the sequential networks (the left part of
Fig.2) that organize users’ engaged items and attributes in a unified form. SNR
consists of two main parts, i.e. the multi-factor preference modeling (the top
part of Fig.2) and multi-faceted preference modeling (the bottom part of Fig.2).
First, we design an agGCN model to learn the mutual effects of factors with
the help of sequential networks. Then, we propose a multi-faceted preference
learning model to simulate the decision-making process of users. Finally, we fuse
them in a unified latent space to learn users’ hybrid preferences for next item
recommendations.
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Fig. 2. The architecture of the proposed model SNR.

4.1

Construction and Embedding of Sequential Networks

To make use of the sequential information of users’ behaviors, we combine
the item-level sequence Su (T ) = [st |t = 1, · · · , T ] with the corresponding
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attribute-level sequence Au (T ) = [(gs1t , · · · , gsKt )|t = 1, · · · , T ] into a unified
sequence Bu (T ) = [But |t = 1, · · · , T ], where gsjt denotes the j-typed attribute of
items st and But = (st , gs1t , · · · , gsKt ) denotes the engaged items and attributes
in his/her t-th behavior. We organize the unified sequence as the Sequential
Network for user u, which is a directed graph Gu = (Vu , Eu ) as shown in Fig.2.
The node (orSentity4 ) set Vu consists of the items and attributes engaged by user
u, i.e., Vu = t=1,··· ,T But . The edges set Eu consists of the chronological relations
between adjacent behaviors, i.e., Eu = {(a, b)|a ∈ But−1 , b ∈ But , t = 2, · · · , T }.
We define the neighbors of b ∈ But as its adjacent nodes before time t, i.e.
J(b) = {a|a ∈ But−1 }.
To make use of information shared in different users’ sequential networks,
we embed users, items and attributes into the same latent space, which is
denoted as W = RN ×d , Q = RM ×d and P = RL×d respectively, where d is the
dimensionality of latent space. With the embedding of items and attributes, we
denote the embedding of sequence network Gu as Eu for the user u:

 

qs1 p1s1 · · · pK
e11 · · · e1J
s1

 

Eu =  ... ... ... ...  =  ... · · · ... 
(1)
qsT p1sT · · · pK
sT

d

eT 1 · · · eT J

where qst = emb(st ) ∈ R and
=
∈ Rd . As items can be treated
as a special type (e.g. ID) of attribute, we simplify Eu with the unified form
Eu = [etj ]T ×J , where J = K + 1 and etj ∈ Eu denotes the embedding of node
atj ∈ But . With the matrix representations of sequential networks, we can utilized
GCN based method to explore and make use of information contained in the
sequential networks.
4.2

pjst

emb(fsjt )

Multi-factor Preference Modeling

To model users’ multi-factor preferences, we propose an agGCN model to explore
the sequential networks. An attentional mechanism is utilized to model the
correlations between adjacent entities in the sequential network, and a gated
mechanism is utilized to explore the high-order dependencies between entities
which may be nonadjacent in the sequential networks. Combining them can
explore the mutual effects of multi-factor for fine-grained preference modeling.
Attention Mechanism. To extract useful correlations between adjacent items
and attributes in the sequential network, we design an attentional mechanism to
learn the importance of neighbors when aggregating them in the GCN framework.
Therefore, we can reduce the noise caused by constantly or equally aggregating
all neighbor nodes in traditional GCNs.
Specifically at the k-th layer of GCN, we aggregate the neighbors of node atj
(k)
in Gu for user u in the (k − 1)-th layer, which is denoted as the ntj :
P
(k)
(k−1)
(2)
ntj = b∈J(atj ) α(atj , b)hb
4

In this paper, nodes, entities and attributes&items are used interchangeably.
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(k−1)

where J(atj ) denotes the neighbor set of atj ∈ Vu in Gu and hb
∈ Rd denotes
the (k − 1)-th layer GCN representation of node b. The α(atj , b) denotes the
attentional weight that models the similarity between atj and its neighbor b for
user u, i.e.
(k−1)

α(atj , b) =

exp <T1 ·etj ,T1 ·hb
P

>
(k−1)

b∈J(atj )

exp <T1 ·etj ,T1 ·hb

>

(3)

where < ·, · > denotes the inner product of two vectors, and T1 ∈ Rd×d denotes
the projection matrix that transforms the two kinds of embedding into the same
latent space for attention modeling. Intuitively, the high attentional weights
indicate useful correlations information between entities contained in sequential
networks for recommendation.
Gated Mechanism. Although traditional GCNs can capture the dependencies
of nodes among multi-layers, they usually assume the constant combination
(k)
between neighborhood information ntj and feature node etj (i.e. the 0-th layer
(0)

representation htj = etj ) [23]. Therefore, the high-order dependent nodes will
be affected or misled by irrelevant attributes or items between these nodes in
the sequential networks. Inspired by the LSTM model [24], we propose a gated
mechanism that learns to incorporate useful entities information for GCN:
(k)

(k)

htj = ψ(βtj

(k)

etj + (1 − βtj )

(k)

ntj )

(4)

where ψ(·) denotes an activation function, for which we adopt the identity map
(k)
as in [25]. βtj ∈ (0, 1) denotes the “gate” of information fusion which can be
formulated as follows:
(k)

(k)

βtj = σ(< T2 · etj , T2 · ntj > +b(k) )

(5)

where σ(·) denotes the sigmoid function, i.e., σ(x) = 1/(1 + exp(−x)) and
b(k) ∈ Rp denotes the bias for the k-th layer, and T2 ∈ Rd×d denotes the
projection matrix that transforms the two kinds of embedding into the same
space for gate modeling.
(k)
(k)
(k)
Once we obtain the k-th layer GCN embeddings Ht = [ht,1 ; · · · ; ht,J ] ∈
t
J×d
of entities Bu in the sequential network, we aggregate them as the multiR
factor preferences of user u for next item prediction at time t + 1, i.e.
pfactor
u,t+1 = wu +

PJ

j=1

(k)

ht,j

(6)

where wu ∈ Rd denotes the personalized preference representation of user u.
4.3

Multi-faceted Preference Modeling

Generally, users’ sequential behaviors are the mixture of behaviors that switch
between different preference facets. We assume the behaviors from similar preference facets have high correlations. To construct users’ preference facets w.r.t each
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typed attributes, we utilize a self-attention mechanism to learn the correlations
of the user engaged entities:
t
t
M̄uj
= Self-Attention(Muj
)

(7)

t
Muj

where
= [e1j , · · · , etj ] denotes the j-typed attributes user u engaged before
time t. Self-Attention(E) is the special case of the scaled dot-product attention
SDP-Attention(Q, K, V ) when Q = K = V = M :
T

√
SDP-Attention(Q, K, V ) = sof tmax( QK
)V
d

(8)

k

where d denotes the dimension of the queries Q. The self-attention mechanism
can learn the embeddings of similar entities with the high correlation weights, i.e.
T
√
sof tmax( QK
), and thus make them be close in the latent space, which makes
dk
similar entities belong to the same or similar preference facets.
To simulate the process of users’ decision-making, we adopt the Gumbel
softmax trick to select the possible facet of preferences that user may express
for next behavior. Gumbel softmax trick [6] provides a differentiable method
for categorical distribution sampling by using inverse transform sampling and
reparameterization trick. For user’s multi-faceted preferences, we first model the
t
expression probability πuj
(i) ∈ Rt of each facet for item i as follows:
t
t
πuj
(i) = sof tmax(M̄uj
· embij )

(9)

J×d
where embi = [qi , p1i , · · · , pK
denotes the embeddings of item i ∈ I and
i ]∈R
its attributes. Then, we select the preference facet mtuj (i) ∈ Rd that user may
t
express for next behavior among multiple facets M̄uj
:
t
mtuj (i) = Gtuj (i) · M̄uj

(10)

where Gtuj (i) ∈ Rt approximates to one-hot encoding with selected facet as 1
otherwise 0, which derives from the categorical distribution based on Gumbel
softmax trick:
t
t
Gtuj (i) = Gumbel(πuj
(i)) = sof tmax(− log(− log()) + πuj
(i))

(11)

where  = [1 , · · · , t ] derives from uniform distribution U (0, 1).
Once we select user u’s preference facets for all attribute types mtu (i) =
t
[mu1 (i), · · · , mtuJ (i)], we fuse them as the multi-faceted preferences w.r.t item i
for next item prediction at time t + 1 as follows:
pfacet
u,t+1 (i) =
4.4

PJ

j=1

mtuj (i)

(12)

Recommendation Model.

To make use of both users’ multi-factor and multi-faceted preferences for next
item recommendation, we fuse them in the same latent space. Specifically, we
aggregate them as the hybrid preferences of users w.r.t item i at time t + 1:
factor
facet
phybrid
u,t+1 (i) = (1 − µ) · pu,t+1 + µ · pu,t+1 (i)

(13)
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where 0 ≤ µ ≤ 1 is a fusion coefficient which is used to control the relative
importance of the two kinds of representations.
With hybrid preference representation of users, we calculate user u’s relative
preference score for item i at time t as follows:
s(u, i, t + 1) =< phybrid
u,t+1 (i), vi >

(14)

where vi ∈ Rd denotes the embedding of item i for score prediction.
For model learning, we adopt the pairwise loss to define the objective function
as follows:
P
SNR-opt = max (u,i,j,t)∈D ln σ(ŷ(u, i, j, t)) − λθ ||θ||2
(15)
θ
where D = {(u, t, i, j)|u ∈ U, t = 1, · · · , |Bu |} means that user u gave positive
feedback to item i instead of item j at time t. We denote the relative score of
user u’s on item i and item j at time t, i.e. ŷ(u, i, j, t) = s(u, i, t) − s(u, j, t). The
θ denotes all parameters need to be learned in the proposed model and λθ is the
regularization coefficient of L2 norm || · ||2 . The objective function shows that the
item i with positive feedback should have a higher score than the item j without
feedback for user u at time t.
As the objective function is differentiable, we optimize it by stochastic gradient
descent (SGD) and adaptively adjust the learning rate by AdamGrad [26], which
can be automatically implemented by TensorFlow5 . The implementation of our
method will be publicly available after the paper is accepted.

5

Experiment

In this section, we aim to evaluate the performance and effectiveness of the
proposed method. Specifically, we conduct several experiments to study the
following research questions:
– RQ1: Whether the proposed method outperforms state-of-the-art methods
in sequential recommendation?
– RQ2: Whether the proposed sequential networks help with modeling the
mutual effects of multi-factor, and outperform methods that explore individual
transition patterns of attributes and items?
– RQ3: Whether the agGCN model can reduce the noise and outperform
traditional GCNs?
– RQ4: Whether the proposed method benefits from the multi-facet preference
learning model which simulates the decision-making process of users?
5

https://www.tensorflow.org/
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5.1

Experimental Setup

Datasets:
We adopt four public data sets with the attributes of items as the experimental data, including ML6 (Hetrec-MovieLens), Dianping7 , Amazon Kindle (Kindle
Store), and Amazon App (Apps for Android)8 . The ML data set contains users’
ratings on movies with timestamps and the attributes of movies (e.g. Actors,
Director, Genres, and Countries). The Dianping dataset consists of the users’
ratings on restaurants in China with timestamps and attributes of restaurants
(e.g. City, Business district, Average cost, and Style). The Amazon App and
Amazon Kindle data sets contain users’ ratings on APPs and books with timestamps and metadata of items. For these data sets, we filter users and items which
have less than 10 records except 20 records for the Dianping and Amazon Kindle
as in [27]. We consider ratings higher than 3.5 points as positive interactions as
in [28]. The characteristics of the four data sets are summarized in Table 1.
Table 1. Statistics of the experimental data sets

Dataset

#User

#Item

#Interaction

Sparsity

ML
Dianping
Amazon App
Amazon Kindle

2,059
9,329
10,724
11,677

4,220
18,036
5,995
24,097

287,033
190,503
120,856
206,575

3.30%
0.11%
0.19%
0.07%

Evaluation Methodology and Metrics:
We create the real-world scenario by stimulating the dynamic data stream.
We sort all interactions chronologically, then reserve the first 80% interactions
as the train set and hold the last 20% for testing. We test the interaction from
the hold-out data one by one correspondingly. Experimental results are recorded
as the average of the five runs with different random initializations of model
parameters.
To evaluate the performance of our method and the baseline methods, we adopt
two widely used evaluation metrics for top-N sequential recommendation [33], i.e.
hit ratio (hr) and normalized discounted cumulative gain (ndcg), which can be
formulated as follows:
hr@K =

ndcg@K =
6
7
8

K
X X
1
ri (s)
|test| s∈test i=1

K
X X
1
2ri (s) − 1
|test| s∈test i=1 log2 (i + 1)

https://grouplens.org/datasets/movielens/
https://www.dianping.com/
http://jmcauley.ucsd.edu/data/amazon/links.html

(16)

(17)
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For each test sample s ∈ test, ri (s) = 1 means the ranking list hits the ground
truth item at i-th position while 0 otherwise. HR measures the ratio of groundtruth (GT) item set is hit, while NDCG focuses on the position of hit.
Baselines:
We take the following state-of-the-art methods as the baselines.
-BPR [31]: It is a recommendation method for implicit feedback, which
proposes a pair-wise loss function to model the relative preferences of users.
-FPMC [7]: It combines MF and MC to capture users’ dynamic preferences.
-Caser [32]: It adopts the convolutional filters to learn users’ union and skip
patterns for sequential recommendation, which incorporates the convolutional
neural network with a latent factor model.
-SASRec [27] It is a self-attention based sequential model, and it can consider
engaged item-level sequences for next item recommendation.
-SASRec+: It is an extension to the SASRec method, which concatenates
item vector representations and category vector representations together as the
input of the item-level self-attention network.
-FM BPR [29, 30]: It models the interactions between each pair of features
to estimate the target. We treat users’ recent behaviors and items’ attributes as
the features of FM and adopt the pair-wise loss for objective function as in [30].
-ANAM [2]. It utilizes a hierarchical architecture to incorporate the attribute
information by an attention mechanism for sequential recommendation.
-HA-RNN [3]. It combines the representation of items and their attributes,
then fits them into the LSTM model for sequential recommendation.
-FDSA [1]. It models item and attribute transition patterns for next item
recommendation based on the Transformer model [34].
-SNR: It is the proposed method in this paper.
Experimental Design:
We set the learning rating α = 0.001 and the regularization coefficient
λ = 0.0001 on all methods for a fair comparison. We set the window size k = 5 to
construct the sequential networks, i.e. keep only the latest k behaviors for next
recommendation, based on which we involve all nodes by the k-layer GCN. We
set µ = 0.5 for equal importance of multi-factor and multi-faceted preferences
modeling. For baseline models, we set their parameters as authors’ implementation
if they exist, otherwise we tune them to their best. To be fair, we keep users’
recent k behaviors as the last basket or sequential behaviors for baseline models.
5.2

Model Comparison

Table 2 shows the performance of different methods for sequential recommendation. To make the table more notable, we bold the best results and underline
the best baseline results for each data set with a specific evaluation metric.
From the experimental results, we can get the following conclusions. First, the
proposed method SNR performs better than all baselines in all cases, which
proves the effectiveness of our proposed model (RQ1). Second, some methods
with consideration of attribute information, e.g. HA-RNN and FM BPR, achieve
the best performance in most cases, e.g. Amazon App and Dianping, among
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Table 2. Performance of different methods. * indicates statistically significant improvement on an independent-samples t-test (p < 0.01).

ML
hr@10 ndcg@10
BPR
0.035
0.017
PFMC
0.051
0.028
Caser
0.044
0.021
SASRec
0.059
0.024
SASRec+ 0.039
0.016
FM BPR
0.058
0.029
ANAM
0.034
0.016
HA-RNN
0.053
0.025
CFSA
0.047
0.022
SNR (Ours) 0.077* 0.038*
Improve. 29.5% 33.8%
Method

Dianping
hr@10 ndcg@10
0.024
0.011
0.026
0.013
0.020
0.010
0.024
0.010
0.023
0.010
0.028
0.013
0.023
0.011
0.028
0.013
0.018
0.009
0.032* 0.015*
14.8% 15.9%

Aamazon APP
hr@10 ndcg@10
0.067
0.034
0.093
0.048
0.093
0.050
0.087
0.043
0.078
0.036
0.094
0.050
0.066
0.033
0.097
0.053
0.072
0.038
0.120* 0.064*
24.8% 20.7%

Aamazon Kindle
hr@10 ndcg@10
0.040
0.020
0.067
0.035
0.055
0.030
0.066 0.0297
0.058
0.027
0.100
0.054
0.041
0.021
0.049
0.025
0.066
0.036
0.110* 0.061*
10.2% 14.0%

baseline models, which confirms the necessity of extracting the rich information
from attributes. Third, we also notice some attribute based methods, e.g. ANAM,
SASRec+ and FDSA, show low accuracy in some cases, which indicates that the
attribute data may contain lots of irrelevant information for recommendation. For
example, SASRec+ with consideration of attribute information shows worse performance than SASRec without the attribute information, which indicates simple
compression strategy may introduce more noise rather than useful information.
5.3

Ablation Studies

Table 3. Performance of variant SNR for ablation studies
Dataset

Method

hr@10 ndcg@10

Dataset

Method

Dianping

SNR
SNR-noSN
SNR-noAG
SNR-noGS

hr@10 ndcg@10

ML

SNR
SNR-noSN
SNR-noAG
SNR-noGS

0.0768
0.0738
0.0681
0.0750

0.0384
0.0364
0.0332
0.0376

0.0319
0.0314
0.0267
0.0318

0.0153
0.0153
0.0129
0.0155

SNR
SNR-noSN
Amazon App
SNR-noAG
SNR-noGS

0.1204
0.1189
0.1110
0.1174

0.0636
SNR
0.1101
0.0630
SNR-noSN 0.1041
Amazon Kindle
0.0593
SNR-noAG 0.0963
0.0624
SNR-noGS 0.1060

0.0611
0.0584
0.0519
0.0597

To evaluate the effectiveness of module design of the proposed method, we
take some special cases of the proposed method as the comparisons.
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-SNR-noSN: It removes the unified Sequential Networks, and replaces it
with several independent item-level sequences and attribute-level sequences to
explore the individual transition patterns.
-SNR-noAG: It removes the Attentional Gated mechanism in SNR and
utilizes the average and accumulative convolution as in the traditional GCNs.
-SNR-noGS: It removes the Gumbel Sotfmax trick, and adopts the attentional mechanism for users’ preference expression.
Table 3 shows the performance of ablation models, i.e. SNR, SNR-noAG, SNRnoSN and SNR-noGS, for sequential recommendation. First, SNR consistently
outperforms SNR-noSN on all data sets, which indicates that exploring the mutual
effects of multi-factor in sequential networks shows the priority to exploring
individual transition patterns of attributes and items (RQ2). Second, SNR
outperforms SNR-noAG that adopts the traditional GCN, which confirms the
effectiveness of the agGCN method can reduce the noise and explore the useful
correlations and high-order dependencies of items and attributes in sequential
networks (RQ3). Third, SNR outperforms SNR-noGS in most cases except for the
NDCG@10 on the Dianping data set. It indicates that modeling users’ multi-facet
preferences by sampling strategy can alleviate the affection or misleading by the
irrelevant facets of preferences. (RQ4).

5.4

Hyper-Parameter Study
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(a) The Performance of SNR with varying window size k.
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(b) The Performance of SNR with varying latent space dimension d.
0.1400
0.1200

0.0700

HR@10

0.0600

NDCG@10

0.0500

0.1000

0.0400

0.0800

0.0300

0.0600

0.0200

0.0400

0.0100

0.0200

0.0000

0.0000

ML

SNR( =0.5)

Dianping

Amazon_App

Multi-factor( =0)

Amazon_Kindle

Multi-faceted( =1)

ML

Dianping

SNR( =0.5)

Amazon_App Amazon_Kindle

Multi-factor( =0)

Multi-faceted( =1)

(c) The Performance of SNR with varying fusion coefficient µ.

Fig. 3. The Performance of SNR with varying window size k, latent space dimension d
and fusion coefficient µ on all data sets.
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There are several key parameters for SRN, including the window size k, the
dimension of latent space d, and the trade-off coefficient µ which is used to control
the importance of the multi-factor and multi-faceted preference modeling parts.
First, we explore how the window size k influences our model. Fig.3 (a) shows
the rapid growth of HR and NDCG when k ≤ 5 and the moderate or inapparent
growth of HR and NDCG when k > 5. It indicates that incorporating too little
historical information of users’ behaviors, i.e. k < 5 , suffers from insufficient
information utilization for SNR. Meanwhile, incorporating too much historical
information of users’ behaviors, i.e. k > 7, may lead no improvement but high
complexity for SNR. We suggest to set k = 5 with consideration of both accuracy
and efficiency. Then, we explore how dimension latent space d influences our
model. Fig.3 (b) shows that SNR perform well when d = 128, which indicates too
large or too small dimension d may be less predictive or calculative complexity
for SNR. Finally, to explore how fusion coefficient µ influences our model, we
set µ = [0, 0.5, 1] to evaluate individual and hybrid performance of multi-factor
and multi-faceted preference modeling parts respectively. Fig.3 (c) shows that
combining both them can achieve better performance than any individual one,
which indicates the necessity of modeling both multi-factor and multi-faceted
preferences of users.

6

Conclusion

In this paper, we propose to extract and utilize multi-factor and multi-faceted
preference based on the sequential networks. To model users’ multi-factor preference, we design an agGCN that can explore the useful correlations and high-order
dependencies between entities in the sequential networks. To capture users’
multi-faceted preferences, we propose a multi-faceted preference learning model
to simulate the decision-making process of users. Extensive experiments show
our model consistently outperforms state-of-the-art methods. In addition, the
ablation experiments prove the effectiveness of module design of the proposed
method and our motivations. In this paper, we only make use of the behavior
sequences of users and the attribute information of items, while ignoring other
useful external information, such as knowledge graph about the items and context
information of user behaviors. In the future, we will study how to extend the
proposed model SNR to make use of these external information to further improve
the performance of sequential recommendation.
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