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Sequential recommenders capture dynamic aspects of users’ interests by modeling sequential behavior. Previous studies on sequential recommendations mostly aim to identify users’ main recent interests to optimize
the recommendation accuracy; they often neglect the fact that users display multiple interests over extended
periods of time, which could be used to improve the diversity of lists of recommended items. Existing work
related to diversified recommendation typically assumes that users’ preferences are static and depend on
post-processing the candidate list of recommended items. However, those conditions are not suitable when
applied to sequential recommendations. We tackle sequential recommendation as a list generation process
and propose a unified approach to take accuracy as well as diversity into consideration, called multi-interest,
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diversified, sequential recommendation. Particularly, an implicit interest mining module is first used to mine
users’ multiple interests, which are reflected in users’ sequential behavior. Then an interest-aware, diversity
promoting decoder is designed to produce recommendations that cover those interests. For training, we introduce an interest-aware, diversity promoting loss function that can supervise the model to learn to recommend
accurate as well as diversified items. We conduct comprehensive experiments on four public datasets and the
results show that our proposal outperforms state-of-the-art methods regarding diversity while producing
comparable or better accuracy for sequential recommendation.
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1 INTRODUCTION
Methods for conventional recommendation, e.g., collaborative filtering–based methods [44], often
mix all of a user’s historical behaviors and suppose that user preferences are static. Such methods
ignore the sequential signals underlying user behavior and thus cannot capture users’ dynamic
preferences [35]. Sequential recommendation has been proposed to tackle those characteristics; it
is aimed at predicting a user’s next interaction based on modeling his previous sequential interactions [39].
Previous research into sequential recommendation (SR) is typically based on neural models, e.g., recurrent neural network (RNN) [16], convolutional neural network (CNN) [47],
or transformer [24] based. Recently, many factors have been taken into consideration to help improve the performance of sequential recommendation, e.g., personalization [40], repeat consumption [42], context [41], and collaboration [49]. Most of those factors are assumed to help improve
the accuracy of recommendations only, while ignoring the diversity of the recommendation list.
However, research has shown that diversity is an important factor that may influence the performance of a recommender system, since users may prefer more diverse recommendations [58].
Users may have multiple interests in terms of different categories or themes of items, especially
when we consider behavior sequences that span long periods of time. For example, Figure 1 shows
the sequential watching behavior of a user who has expressed most interest in “Animation,” “Action,” and “Adventure” (on the left-hand side); the most recent watched movie also belongs to those
categories. According to previous approaches that target at recommendation accuracy, the list of
recommendations should be full of movies in the three genres, e.g., the list of recommendations
shown in the center in Figure 1. However, this strategy ignores the fact that the user has also
watched “Family,” “Drama,” and “Sci-Fi” movies occasionally. We hypothesize that it will be more
effective to provide the user with recommendations that can potentially satisfy all these interests
rather than to focus on one particular interest only. Concretely, in Figure 1, we recommend a list
including movies covering all those categories simultaneously as in the list on the far right-hand
side. Additionally, users are often exploratory and they may not have a specific goal in mind. If
users are always provided with homogeneous lists of recommendations, then they may get bored
and are not satisfied [45].
There has been much research into diversification in conventional recommendation tasks [52]
and web search scenarios [1, 31, 36]. These approaches typically aim to improve the diversity of
recommendations by reranking the items in a candidate list of recommended items produced by
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Fig. 1. An example of a user’s past movie watching behavior (left) together with two kinds of sequential
recommendation: without diversification (right) and with diversification (far right).

general recommendation models. However, those approaches are not suitable for sequential recommendations (SRs). On the one hand, they regard user interest as static and fixed beforehand, which
is unworkable in most SR scenarios [9]. On the other hand, these reranking approaches achieve
accuracy and diversification of a list of recommended items in separate steps. They first generate
a candidate list of recommended items with a general recommendation model. Then, items in the
candidate list are reranked based on their relevance scores as well as diversity scores [27, 52]. Thus,
the reranking performance relies heavily on the candidate list of recommended items. However,
since the general recommendation models are merely focused on accuracy during training, it is
difficult to design an optimal reranking strategy for different approaches. Besides, these general
recommendation models typically represent each user by a fixed-length vector [28]; such vectors
are hard to use for modeling users’ multiple interests reflected in their historical behavior, as the
dimensionality of the vector is much smaller than the number of items in whole dataset.
In this article, we consider accuracy and diversity for SR simultaneously. We formulate SR as
a sequence to list process and model a user’s previous sequential behavior and the relationship
among recommended items in a unified framework. To this end, we propose an end-to-end multiinterest, diversified, sequential recommendation (MDSR) model. An implicit interest mining (IIM) module is first introduced to capture a user’s multiple latent interests from their historical sequential behavior and then an interest-aware, diversity promotin (IDP) decoder is applied
to produce a list of recommended items to cover those interests. We also design an IDP loss function to supervise the learning of the IIM module and an IDP decoder so as to let the model take
recommendation accuracy as well as diversity into consideration while training.
More specifically, we first encode a user’s past sequential behavior into latent representations
with a general sequence encoder, i.e., a gated recurrent unit (GRU). Then, the IIM module extracts users’ multiple interests. We study two strategies for the IIM module: (1) a dynamic routing algorithm from a capsule network where each high-level capsule represents a latent interest
and (2) a multi-head attention mechanism where each head models a particular latent user interest. Finally, we design an IDP decoder to generate a list of recommended items. It selects recommended items one by one to gradually satisfy the multiple interests and thus promote diversity
of the whole list of recommended items. When deciding which item, to recommend next, the IDP
decoder takes previous recommended items as input and evaluates to what extent each interest is
satisfied by the items that have already been recommended. To train the entire model, we propose
ACM Transactions on Information Systems, Vol. 40, No. 1, Article 20. Publication date: August 2021.
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an IDP loss function that consists of four parts: (1) a cross-entropy loss to help the model learn
to recommend accurate items; (2) a diversity loss based on a self-critic strategy; since we do not
have a ground-truth list as a supervision signal for diversity, we design a self-critic strategy to
help the IDP decoder learn to generate diversified recommendations; specifically, we reward our
model when the generated recommendation list is more diverse than the list produced by the conventional strategy (the rank-by-score strategy); otherwise, we punish the model; (3) disagreement
regularization to distinguish different interests; and (4) maximum entropy regularization to avoid
cases where one interest dominates.
To assess the performance of MDSR, we perform comprehensive experiments on four public
datasets, i.e., two movie recommendation dataset and two e-commerce datasets. The experimental results show that multi-interest, diversified, sequential recommendation (MDSR) outperforms
state-of-the-art baselines in terms of both accuracy as well as diversity metrics.
To summarize, in this article:
• We tackle the problem of sequential recommendation by simultaneously considering recommendation accuracy as well as diversity, and we propose an MDSR method that is the first
end-to-end list generation-based neural framework for SR.
• We design an implicit interest mining module with two different interest extractors, i.e.,
multi-head attention and dynamic routing, to extract latent multiple user interests from user
behavior.
• We design an interest-aware, diversity promoting decoder to generate diversified recommendations and an interest-aware, diversity promoting loss function to supervise the learning
of our model.
• We conduct extensive experiments on movie recommendation datasets and e-commerce recommendation datasets to prove the effectiveness of MDSR and analyze the impact of each
component of MDSR.
2 RELATED WORK
In this section, we survey related work on (1) sequential recommendation, (2) diversified recommendation, (3) capsule networks, and (4) attention mechanisms.
2.1

Sequential Recommendation

Early approaches for SR are typically based on Markov chains [62], which are not suitable when
dealing with long sequences [7]. Recently, neural models have been shown to be effective for the sequential recommendation task. Hidasi et al. [17] first introduce recurrent neural networks (RNNs)
into SR and propose a session-parallel training mechanism. Following this work, variant models
based on RNNs have been proposed for SR. Hidasi et al. [18] propose a parallel RNN structure
to model sessions with clicks and features of the interacted items. Quadrana et al. [40] introduce
a hierarchical RNN model to capture users’ cross-session information. Besides these RNN-based
proposals, there is work based on other neural network structures. Xu et al. [54] capture long-term
and short-term dependencies among user behavior with a recurrent convolutional neural network.
Memory networks have also been applied in SR. Chen et al. [11] store users’ historical behavior in
a user memory network and apply an attention mechanism to capture a user’s current preference
for SR. The transformer model has also been applied to the sequential recommendation task. Kang
and McAuley [24] use a two-layer transformer structure [48] to model a user’s previous sequential behavior. Tang and Wang [47] propose an approach for top-N sequential recommendation by
modeling recent actions as an “image” among time.
The studies mentioned so far all aim to improve the accuracy of a list of recommended items.
They typically use an overall representation of each user, i.e., a vector with a fixed length, which is
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not enough to express user multiple interests [28]. Recently, Wang et al. [51] have proposed mixedchannel purpose routing networks (MCPRNs), which model the interacted items in a sequence
with a mixture-channel RNN so as to capture users’ multiple interests; all channel representations
are integrated together to recommend the next item. For supervising the training process, this
model only uses the cross-entropy loss that is aimed at improving the recommendation accuracy.
There are no signals that help the model to learn to distinguish these interests and generate a
diversified recommendation list.
The aforementioned approaches all apply the rank-by-score strategy and output the recommendation list by ranking items according to their scores, which is different from our list-generation
process and not able to capture the relationship among recommended items in the list. Our own
recent work [10] also models users’ multiple intents behind their sequential behavior. However,
in this article we propose another interest extractor, i.e., dynamic routing, in the IIM module, to
capture a user’s multiple interests. We also investigate the performance of our multi-interest, diversified, sequential recommendation model with different interest extractors in implicit interest
mining (IIM), i.e., multi-head attention vs. dynamic routing, and find that MDSR shows better
performance in terms of accuracy with multi-head attention than with dynamic routing in IIM
module.
In this article, we address the recommendation accuracy and diversification for SR simultaneously and propose an end-to-end framework. An IIM module is first applied to explore a user’s
multiple interests and an IDP decoder is then used to produce diversified recommendations to satisfy those interests. We also design an interest-aware, diversity promoting (IDP) loss, that included
accuracy and diversity losses, to supervise the learning process of the model that we propose.
2.2

Diversified Recommendation

It has been found that striving for recommendation accuracy might result in homogeneous recommendations, since the items with high accuracy tend to have similar content and/or genres [37].
Recommendation diversification and search results diversification have long been a vital research
topic. There are generally two solution directions for recommendation diversity: aggregated diversity and individual diversity. The former is meant to increase the exposure of long-tail items
so as to achieve global recommendation diversity for all items [6, 25, 37], while the later aims to
improve the diversity of items recommended to an individual user. In this work, we focus on the
latter one.
The most widely used approach to diversification is maximal marginal relevance (MMR) [8],
which is a reranking algorithm. First, maximal marginal relevance (MMR) builds a similarity matrix between each pair of candidate items and then it iteratively selects K items with maximum
marginal relevance to form the final list of recommended items. The maximum marginal relevance
is composed of relevance and diversity scores. The relevance score can be determined by a general
recommendation model while the diversity score can be calculated based on the similarity matrix.
In this way, MMR can return a diversified list of recommended items. Qin and Zhu [38] design an
objective function that contains an entropy regularizer to improve the diversity of recommendations. They prove the monotonicity and submodularity of the objective function and use a greedy
algorithm to optimize it. Sha et al. [45] also design an objective function that takes relevance as
well as diversity of candidate items into consideration. Some learning to rank (LTR) approaches
have also been proposed and applied to the task of diversifying recommendations. Cheng et al.
[12] introduce a diversified collaborative filtering model to learn to generate accurate as well as
diversified recommendations. However, those learning to rank (LTR)-based approaches need a
ground-truth diversified recommendation list for learning, which is unavailable in most recommendation scenarios. Hu et al. [21] propose a personalized session-based recommendation model
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with shallow wide-in-wide-out networks. They take the user embedding and the user-related sessions as inputs to generate recommendations. This work aims to provide different user-session
context with different recommendations and the diversity evaluation in this work is to measure
the mean non-overlap ratio between each pair of recommendation lists. Thus it is different from
our individual diversification task. Kim et al. [25] propose a sequential and diverse recommendation model that predicts a ranked list containing general as well as tail items, i.e., S-DIV.
Current approaches typically achieve recommendation diversification based on reranking a candidate item, set produced by a general recommendation model. Instead, our proposed MDSR can
integrate the sequential behavior modeling and diversified recommendations generation in an endto-end model. Our experimental results below demonstrate that MDSR performs competitively.
Wang et al. [50] provide a review on the challenges and recent progress of sequential recommender
systems. They also point that leveraging knowledge from different domains can help to generate
more diverse recommendations, which can be a direction for our future work.
A preliminary version of our work [10] also aims to improve recommendation diversity in an
end-to-end approach to SR, i.e., an intent-aware, diversified, sequential recommendation
(IDSR) model. We improve upon our prior work by incorporating a new interest extractor in the
implicit interest mining module, i.e., dynamic routing, and a new type of disagreement regularization in our interest-aware, diversity promoting loss, i.e., output disagreement regularization.
2.3

Capsule Networks

A capsule is a group of neurons whose activity vector indicates the instantiation parameters of
a certain type of entity [19]. The length of the activity vector is used to represent the probability that the entity exists. Often two-levels of capsules are used, where the active capsules at the
low-level make predictions for the instantiation parameters of the high-level capsules. When most
predictions agree, a high-level capsule can be activated. Instead of using backpropagation, dynamic
routing has been proposed to learn the weights by connecting low-level and high-level capsules in
an iterative way using the Expectation-Maximization algorithm [20]. Sabour et al. [43] show that
capsule networks can help to learn representations containing richer information than convolutional neural networks (CNNs) in computer vision. Capsule networks with dynamic routing also
show their effectiveness in capturing multiple labels or aspects in text sequences. Yang et al. [55]
investigate the effectiveness of capsule networks applied to text classification tasks. Xia et al. [53]
explore capsule-based architectures to extract semantic features from utterances and aggregate
them to discriminate diversely expressed intents. Zhao et al. [60] propose a framework to optimize the routing processes and show competitive performance in multi-label text classification
tasks. Li et al. [28] introduce capsules and dynamic routing into a recommender system to capture
users’ multiple interests in e-commerce recommendations.
In this work, we apply capsule networks with dynamic routing to extract representations of a
user’s multiple interests in an IIM module. Our work differs from the research described above,
since the prior work aggregates interests for making accurate recommendations, while we use
interest representations to generate diverse as well as accurate recommendations.
2.4

Attention Mechanisms

Attention mechanisms have been widely used in recommender systems to help capture users’
main interests based on which to improve recommendation accuracy. Li et al. [29] propose a neural attentive session-based recommendation machine (NARM) that employs the last hidden
state from the session-based RNN to attend to the previous interactions to identify users’ main interests. Recently, self-attention mechanisms and transformer-based architectures have also been
ACM Transactions on Information Systems, Vol. 40, No. 1, Article 20. Publication date: August 2021.
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Table 1. Summary of the Main Notation Used in the Article

Notation
xt
Fu
Fui
ht
y

ht −1
S (vi )
M (R L )
Ai
Wz ,Wr ,Wh
Q
W i , W iK , W Vi
Mi j
bi j
B
Ww
Wy ,WA ,WB
λ
λe

Description
the embedding of item, x t
user’s global representation
user’s ith interest representation
hidden representation at timestep t in GRU of sequence
encoder
hidden representation at timestep t − 1 in GRU of IDP
decoder
the final score of item, vi generated by Equation (2)
the diversity score of recommendation list R L in IDP loss
the attention distribution produced by interest i in
Equation (6)
parameters in GRU of sequence encoder
parameters in multi-head attention-based IIM
bilinear mapping matrix in dynamic routing-based IIM
the routing logit in dynamic routing-based IIM
bilinear mapping matrix in IDP decoder
transform matrix in IDP decoder
parameters in the attention mechanism of IDP decoder
hyper-parameter controlling the balance between relevance
score and diversity score in Equation (2)
hyper-parameter controlling the contribution of accuracy
loss in Equation (16)

applied to recommender systems [48]. Kang and McAuley [24] apply a multi-head self-attention
mechanism to capture users’ main interests based on their sequential behavior, and Sun et al. [46]
introduce a bidirectional representation learning method based on the transformers for SR and
achieve satisfied performance for sequential recommendation. They all help to improve recommendation performance in terms of accuracy.
However, the studies listed above apply attention mechanisms to capture users’ main interests
instead of multiple interests. Both our work in this article and the intent-aware, diversified, sequential recommendation (IDSR) model proposed in Reference [10] apply a multi-head attention
mechanism to help extract multiple interests behind users’ sequential behavior with each attention
distribution indicating a particular user interest, which is then used to help generate diversified
recommendations covering those interests.
3 MULTI-INTEREST, DIVERSIFIED SEQUENTIAL RECOMMENDATIONS
3.1 Overview
In this section, we introduce our proposed model, MDSR, in detail. Table 1 summarizes the main notation used in the article. Let a user u and their sequential behavior denoted as Xu = {x 1 , x 2 , . . . , xT }
be given, where each x i indicates an item, that u interacted with, such as an add-to-cart or purchase
action in an e-commerce scenario. We aim to provide the user with a list of recommended items to
predict the item, that they may interact with next. We hope to capture the user’s multiple interests
reflected in Xu and thus the list of recommended items should be accurate as well as diverse so as
to cover those interests.
ACM Transactions on Information Systems, Vol. 40, No. 1, Article 20. Publication date: August 2021.
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Most existing approaches for SR focus on modeling a user’s main interest and represent the user
with a fixed-length vector. In this article, it is supposed that there are M latent interests reflected
by each user behavior sequence, i.e., A = {a 1 , . . . , a M }. We hope to recommend a list of items to
satisfy all of those interests, which can be formulated as
P (R L | u, Xu ) =

M


P (am | u)P (R L | am , u, Xu ),

(1)

m=1

where P (am | u) indicates the importance of interest am to user u; P (R L | am , u, Xu ) denotes the
probability that evaluates to what extent the interest am is satisfied by the current recommendation
list R L .
Theoretically, finding an exact solution to maximizing P (R L | u, Xu ) is an NP-hard problem
because of the huge search space [3, 8]. However, we can approximate it by designing a greedy
selection algorithm. The idea, is that we can first initialize R L as an empty set and then in each
step we select one item, and add it to R L , where the selected item, at step t can be obtained by a
scoring function:
vt = arg max S (v),
v ∈V \R t −1

S (v) = λP (v | u, Xu ) + (1 − λ)

M


P (v | am )W (R t −1 , am ),

(2)

m=1

where V denotes the set of all items; R t −1 is the list of recommended items produced by the previous
t − 1 steps; v ∈ V \ R t −1 ensures that the final list of recommended items contains no repeated
items. The score S (v) contains two parts, which are controlled by a hyper-parameter λ; P (v |
u, Xu ) denotes the relevance score of item, v to u based on the current behavior sequence; P (v |
am ) indicates the relevance of item, v to interest am ; W (R t −1 , am ) evaluates to what extent the
recommended items in R t −1 cannot satisfy interest am . Before calculating the relevance score (left
part of Equation (2)) and the diversity score (right part of Equation (2)), we do normalization across
all candidate items.
Based on Equation (2), we propose an end-to-end neural framework, i.e., MDSR, to model the
user’s sequential behavior and generate diversified recommendations simultaneously. We show a
graphical representation of the main framework in Figure 2. There are three major components
in MDSR, i.e., a sequence encoder, an IIM module, and an IDP decoder. More specifically, we first
apply a sequence encoder to those sequential interactions and generate a hidden state of each
timestep. Then we propose an IIM module to extract users’ multiple interests and output latent
representations of those interests, which are shown with different colors in Figure 2. The IDP
decoder is finally used to produce recommendations according to Equation (2) by selecting items
to satisfy and cover those interests gradually. For training, we design an IDP loss to supervise
the model to learn to generate accurate as well as diversified recommendations. In the following
sections, we give detailed introductions of each component.
3.2

Sequence Encoder

Although the sequence encoder is the base of the whole framework, it is not the focus of our
model. We choose the most commonly used one as our sequence encoder, i.e., a gated recurrent
unit (GRU) [17]. It should be noted that other sequence encoders can also be adopted in our model.
ACM Transactions on Information Systems, Vol. 40, No. 1, Article 20. Publication date: August 2021.
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Fig. 2. Framework of MDSR. Blue, purple, and green represent different user interests.

The sequence encoder in this article can be formulated as


zt = σ Wz [x t , ht −1 ]


r t = σ Wr [x t , ht −1 ]
ĥt = tanh(Wh [x t , r t  ht −1 ])

(3)

ht = (1 − zt )  ht −1 + zt  ĥt ,
where x t is the embedding of x t ; Wz , Wr and Wh denote the weight parameters in GRU. These
hidden representations, i.e., {h 1 , h 2 , . . . , hT }, are then stacked into a matrix H S ∈ RT ×de . Following [29], the last behavior often plays an important role in predicting a user’s next interaction.
Thus, we regard the last hidden representation hT as the user’s global representation:
Fu = hT .
3.3

(4)

IIM Module

The IIM module aims to extract users’ multiple interests as reflected in their behavior sequences.
Intuitively, different interactions in a user’s sequential behavior can express their different interests. Some interactions are more representative for a certain interest than others. For example,
the second and last two actions in Figure 1 are more obvious in reflecting the user’s interest in
“Animation,” “Action,” and “Adventure” than other interactions. Motivated by this observation, we
explore two methods to extract a user’s multiple interests, i.e., multi-head attention and dynamic
routing.
3.3.1 Multi-Head Attention-based IIM. We apply a multi-interest attention mechanism where
each attention function explores one certain interest. First, we project H S and Fu into M spaces. M
attention functions are then employed in parallel to calculate the user’s M interest representations
{Fu1 , Fu2 , . . . , FuM }:


Q
(5)
Fui = Attention FuW i , H S W iK , H S W Vi ,
where W i ∈ Rde ×d , W iK ∈ Rde ×d , and W Vi ∈ Rde ×d are learnable parameters. The scaled dotproduct attention [48] is applied as


QK 
Attention(Q, K, V ) = AV = softmax √
V,
(6)
d
where A is the attention distribution of each interest.
Q
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3.3.2 Dynamic Routing-based IIM. The dynamic routing method, which was first introduced
in CapsNet [43], is widely used for representation learning of capsules. It learns the weights on
the connections between capsules using the Expectation-Maximization algorithm. In this work,
we regard the item, embeddings of user sequences as low-level capsules and multiple interests as
high-level capsules. The goal is to learn the high-level representations as well as low-level capsules
iteratively. In each iteration, the routing logit bi j , which represents the log prior probability that
capsule i is coupled to capsule j, can be calculated by the inner product of the corresponding
vectors of capsule i and j, i.e., x i and Fuj as follows:
bi j = (Fuj )  Mi j x i ,

(7)

where Mi j is a bilinear mapping matrix. We can then calculate the total input to the high-level
capsule j as a weighted sum of all low-level capsules:
zj =

T


c i j Mi j x i ,

(8)

i=1

where c i j denotes the weight for linking low-level capsule i and high-level capsule j. The weights
between capsule i and all high-level capsules should add up to 1. Thus, we use a softmax with
routing logit bi j to calculate c i j :
exp(bi j )
c i j = M
.
m=1 exp(bim )

(9)

As we expect the length of the output vector of a capsule to indicate the probability of the corresponding entity being present in the current input, a non-linear “squashing” function [43] is proposed to ensure that short vectors get shrunk to nearly zero length and long vectors get shrunk to
a length close to 1. Thus, the vector of high-level capsule j is calculated based on z j as follows:
Fuj

z 2
j
zj
= squash(z j ) =   2 ·   .


1 + z j  z j 

(10)

To calculate the high-level capsule representation Fuj , we need to calculate a probability distribution
with the inner production of Fuj and x i (see Equation (7)), which means the calculation of Fuj relies
on itself. Thus, dynamic routing is proposed to solve this problem in an iterative way. The dynamic
routing algorithm is listed in Algorithm 1. The values of bi j are initialized as zeros and the routing
process is typically repeated three times to converge. After routing, we can get the representations
of high-level capsules, i.e., multiple interest representations {Fu1 , Fu2 , . . . , FuM }.
To stabilize and accelerate training, we apply layer normalization [5] on the inputs of multihead attention as well as dynamic routing. Unlike batch normalization [22], the data used in layer
normalization are independent of other samples in the same batch. Supposing the input is a vector
x that contains all features of a sample, the operation is defined as
x−μ
+ β,
LayerNorm(x) = α  √
σ2 + ϵ

(11)

where  indicates an element-wise product, μ and σ are the mean and variance of x, α, and β
denote learned scaling factors and bias term.
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ALGORITHM 1: Dynamic routing.
Input: R: iteration times;
{x 1 , x 2 , . . . , x T }: item, embeddings in a user sequence;
Output: {Fu1 , Fu2 , . . . , FuM }: multiple interest representations;
1: for each low-level capsule i and high-level capsule j, initialize bi j = 0;
2: for iter, in range (R) do
exp(bi j )
3:
for each low-level capsule i: c i j = M exp(b
.
im )
m=1
T
4:
for each high-level capsule j: z j = i=1 c i j Mi j x i .
5:
for each high-level capsule j: Fuj = squash(z j ).
6:
for each low-level capsule i and each high-level capsule j: bi j = bi j + (Fuj )  Mi j x i .
7: end for
8: return {Fu1 , Fu2 , . . . , FuM }.
3.4 IDP Decoder
The IDP decoder is designed to generate the list of recommended items with the latent interests
extracted by the IIM module of the previous section. According to Equation (2), we first calculate
the relevance score of item, x as follows:
Sx
P (x n | u, Xu ) =  |V | n
j=1 S x j
Sxn =

M


S xmn

(12)

m=1

S xmn = P (am | u)P (x n | am , u)

P (x n | am , u) = softmax(x n B[Fu , Fum ]),
where B denotes a bilinear parameter; x n is the embedding of the item, x n ; and S xmn denotes the
relevance score of item, x n to interest am . When calculating S xmn , we also consider the importance
of a particular interest am , i.e., P (am | u), which can be generated by
exp(FuW w Fum  )
,
P (am | u) = 
w j
M
exp(F
W
F
)
u
u
j=1

(13)

where W w ∈ Rde ×d .
We apply another GRU to encode the already generated recommendations R t −1 = {y1 , y2 , . . . ,
y y
y
yt −1 } into {h 1 , h 2 , . . . , ht −1 }. Thus, we can then evaluate to what extent each interest is unsatisfied
by R t −1 , which is denoted as W (R t −1 , am ) in Equation (2):
P (am | u) exp(w tm−1 )
W (R t −1 , am ) = 1 − M
j
j=1 P (a j | u) exp(w t −1 )
w ti −1

= Wyσ (WA Fui

(14)

y
+ WB ht −1 ),

where w ti −1 indicates the matching between R t −1 and Fui . The larger value of W (R t −1 , am ) indicates
that interest am is more unsatisfiesd than other interest by the already generated recommendation
list and thus should be given more attention when making next recommendation. P (x | am ) in
Equation (2) can be calculated by:


P (x n | am ) = softmax x n Fum .
(15)
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After selecting the item, with the maximum score based on Equation (2), we can finally add it to
the list of recommended items.
3.5 IDP Loss
Different from previous work where trained was based only on cross-entropy loss, we design our
loss function considering not only accuracy but also diversity of the generated list of recommended
items R L :
RL
RL
L R L = λe Lrel
+ Ldiv
,

(16)

where λe is a parameter controlling the weight of diversity as well as relevance losses.
3.5.1 Relevance Loss. The relevance loss evaluates if the list of recommended items contains
the ground-truth item. Thus, we adopt the conventional cross-entropy loss as:
RL
Lrel
=−

|V |


 
pi log qi0 ,

(17)

i=1

where R L is the recommendation list by MDSR, y ∗ and pi denotes the ground-truth item, and
probability distribution, respectively. qi0 indicates the prediction probability conducted by MDSR
when generating the first recommendation, where MDSR does not consider the diversity score.
In this way, MDSR can also consider the ranking position of the ground-truth item, in the list of
recommended items.
3.5.2 Diversity Loss. Since we do not have a ground-truth list for training the model, we employ
a self-critic strategy, which can achieve diversity in an unsupervised manner. More specificcally,
every step we generate a recommended item, with the scoring function, i.e., Equation (2), and
output a list of recommended items R L , we also generate an item, only with the maximum relevance
score P (vi | u, Xu ) and yield a list of recommended items R rel
L at the same time. Then we can
calculate the diversity loss by
RL
Ldiv
= w log

Pr (R L ) =



1
1 + exp(Pr (R rel
L ) − Pr (R L ))
log S (vi )

v i ∈R L

Pr (R rel
L ) =



(18)
log S (vi )

v i ∈R Lrel

w = M (R rel
L ) − M (R L ),
where Pr (R L ) and Pr (R rel
L ) denotes the log likelihood for generating the lists of recommended items
R L and R rel
,
respectively.
w is the gap between the diversity values of the two recommendation
L
rel
list R L and R L . The diversity value can be calculated by a specific diversity evaluation metric. We
adopt intra-list distance (ILD) in this article.
RL
is the following: We treat R rel
The motivation for the design of Ldiv
L as a baseline; when we
generate a recommendation list that is more diverse than the baseline, we would reward our model
to increase the probability of generating R L ; when the generated list R L is less diverse than R rel
L ,
we would punish our model with the loss.
In addition to the relevance and diversity losses, two regularization terms are also added to our
loss function. Next, we introduce those regularization terms.
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3.5.3 Disagreement Regularization. We devise the disagreement regularization to make sure
that the multiple interests extracted by the IIM module are different from each other. We consider
two strategies.
The first strategy concerns the disagreement on the attention distributions by different interests.
We adopt a strategy to enlarge the distance between the attention distributions predicted by each
interest. To do so, we use an alignment disagreement regularization [30] as follows:
RL
=
LDis
pos

M M
1   i
A  Aj ,
M 2 i=1 j=1 

(19)

where Ai is the attention distribution of interest i. For the multi-head attention-based IIM, Ai
can be produced by Equation (6). For the dynamic routing-based IIM, we calculate Ai by doing a
softmax operation on similarities between interest capsule i and low-level capsules.
The second strategy is designed to enlarge the dissimilarities between the outputs of multiple
interest representations, i.e., Fui . We achieve this by minimizing the cosine similarity between each
interest Fui :
M M
j
1   Fui · Fu
RL
.
(20)
=
LDis
out
M 2 i=1 j=1 F i  F j 
 u   u 
3.5.4 Maximum Entropy Regularization. The second regularization is maximum entropy regularization, which can avoid the situation that one of the interests dominates [56, 59]:
RL
=
LME

M


P (am | u) log P (am | u).

(21)

m=1

Thus, our final IDP loss is as follows:
RL
RL
RL
RL
RL
IDPloss
= λe Lrel
+ Ldiv
+ LDis
+ LME
.

(22)

Here, we could add hyper-parameters to control the weights of different regularization terms in our
loss. However, this would increase the complexity of optimizing the model due to the additional
hyper-parameters’ fine-tuning. Thus, for simplicity, we set all weights to 1 and find that different
weights would not influence much. All parameters of MDSR can be trained in an end-to-end backpropagation process. The training process of MDSR is shown in Algorithm 2.
For each user sequence Xu , we first initialize the lists of recommendation items R L and R rel
L as
empty sets in step 3 and step 4. Then, we use a GRU as our sequence encoder to generate hidden
representations H S and a global user representation Fu in step 5, step 6 and step 7. Next, we
extract the user’s multiple interest representations with our IIM module in step 8. Here, we can
use either a multi-head attention or dynamic routing-based IIMs. After that, we can generate the
first recommendation item, only based on relevance score in step 9 and add it into R L and R rel
L . In
the IDP decoder, we select one item, at a time with a maximum score S (v) and add it R L in step 18
and step 20. S (v) in step 16 is a combination of relevance as well as diversity scores. At the same
time, we also select one item, only with the maximum relevance score S rel (v) and add it to R rel
L
RL
in step 19 and step 21, which is then used for calculating the diversity loss Ldiv
. Note that we
only need to generate R rel
L in the training phase. Finally, we can calculate our designed IDP loss in
step 27 based on Equation (22) and use back propagation to optimize the network parameters.
4 EXPERIMENTAL SETUP
We aim to answer the following two research questions with our experiments:
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ALGORITHM 2: Training process of the MDSR model.
Input: K: length of recommendation list;
X : user behavior sequences set;
V : item, set
Epochs: training iterations;
Output: trainable parameters in MDSR;
1: for epoch in range (Epochs) do
2:
for Xu ∈ X do
3:
R L = ∅;
// initialize R L as an empty set
4:
R rel
=
∅;
//
initialize R rel
L
L as an empty set
5:
ht = GRU(ht −1 , x t ), x t ∈ Xu ;
// sequence encoder
6:
H S = {h 1 , h 2 , . . . , hT };
7:
Fu = hT
// user’s global representation;
8:
Fui = multi-head attention(H S ) or dynamic routing(H S );
// IIM module
9:
v 0 = arg maxv ∈V P (vn | u, Xu ) with Equation (12) and Equation (13);
10:
R L = R L ∪ v0
rel
11:
R rel
L = R L ∪ v0
12:
for k in range (1, K) do
13:
for v ∈ V \ R L do
14:
S rel (v) = use Equation (12) and Equation (13)
15:
S div (v) = use Equation (14) and Equation (15)
16:
S (v) = λS rel (v) + (1 − λ)S div (v);
17:
end for
18:
vk = arg maxv ∈V \R L S (v)
// IDP decoder;
rel
rel
19:
vk = arg maxv ∈V \R L S (v)
// IDP decoder;
20:
R L = R L ∪ vk ;
rel
rel
21:
R rel
L = R L ∪ vk ;
22:
end for
 
 |V |
RL
23:
Lrel
= − i=1
pi log qi0
// relevance loss
24:

RL
Ldiv
= w log 1+exp(P r (R1rel )−P r (R
L

25:
26:
27:
28:
29:
30:
31:

// diversity loss

L ))

RL
RL
RL
LDis
= LDis
or LDis
pos
out

RL
M
LME
= m=1
P (am | u) log P (am | u)
RL
RL
RL
RL
RL
IDPloss
= λe Lrel
+ Ldiv
+ LDis
+ LME
;
use back propagation to optimize the parameters
end for
end for
return parameters in MDSR.

// disagreement regularization
// maximun entropy regularization
// IDP loss

(RQ1) Can MDSR beat the state-of-the-art baselines in terms of accuracy?
(RQ2) Does MDSR outperform state-of-the-art baselines regarding diversity?
4.1 Datasets
We conduct our experiments on four datasets, i.e., two movie recommendation datasets and two
e-commerce datasets. We report detailed statistics of those datasets in Table 2.
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Table 2. Dataset Statistics

Dataset
ML100K
Number of users
943
Number of items
1,349
Number of interactions
93,629
Number of item, categories
19
Avg. number of genres per item,
1.7

ML1M
6,022
3,043
959,022
18
1.6

Tafeng
Tmall
1,703
25,958
2,461
57,677
42,921
623,124
469
70
1.0
1.0

• ML100K1 and ML1M1 are both collected from the MovieLens web site. ML1M is much larger
and sparser than ML100K.
• Tafeng2 contains one-month user shopping logs in a grocery store.
• Tmall3 is collected by an online shopping website, Tmall, which also includes users’ shopping behavior.
As for the category information, it needs to be pointed out that a movie in the ML1M and ML100K
datasets may belong to several genres while a single item, in the Tafeng and Tmall datasets is only
related to one category at the same time.
We process the data following Li et al. [29]. In ML100K, users with fewer than 5 interactions
and items that are clicked less than 5 times are filtered out. For other datasets, users and items
that have fewer than 20 interactions are filtered out; to keep the sequential characteristics of the
datasets, we sort user behavior according to the “timestamp” field. To generate the sequences, we
adopt a sliding-window strategy that uses the past 9 interactions as input and predicts the 10th
interaction. The first 80% of each dataset is used for training the model while the last 10% is for
testing and the remaining 10% is for validation. We also ensure that the items in test set have been
interacted with by at least one user in the training set.
4.2

Methods Used for Comparison

Diversity in recommendations can be divided into two types: individual diversity and aggregate
diversity [2, 37]. The individual diversity is a measure of average dissimilarity of items recommended to an individual user while the aggregate diversity is the total number of distinct items
recommended across all users [37]. As the authors of S-DIV [25] point out, S-DIV focuses on the
aggregate diversity and recommends general as well as tail items. However, in our article the main
concern is individual diversity. Thus, we do not compare with S-DIV. What’s more, S-DIV applies
the content information of an item, which is not used in our model. The item, content is beneficial
for diversity, because by mapping items into a content (latent) space, the items are not limited
to specific item, IDs but generalized to certain broad contexts with high variability. We would
like to incorporate the content information in our future work. Besides, in this article we aim to
improve accuracy as well as diversity for SR in an end-to-end framework. Thus, we do not compare with models that only focus on improving accuracy for SR. For example, BERT4Rec [46] and
SASRec [24] are recently proposed methods for SR that can also be integrated into our sequence
encoder component to help improve the recommendation accuracy.
We choose state-of-the-art neural SR methods that share a similar structure as ours as baselines
to compare with in Table 3.
• GRU4Rec: GRU4Rec is the first work that introduces RNNs into SR and proposes a sessionparallel training mechanism [17].
1 https://grouplens.org/datasets/movielens/.
2 https://www.kaggle.com/chiranjivdas09/ta-feng-grocery-dataset.
3 https://tianchi.aliyun.com/dataset/dataDetail?dataId=42.
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Table 3. An Overview of the Models Discussed in the Article

Model
GRU4Rec

Description
The first work that introduces RNNs into SR and propose a
session-parallel training mechanism.
NARM
A sequential recommendation model that applies an attention
mechanism upon an RNN.
MCPRN
A method that captures users’ multiple intents in a session
with mixture-channel recurrent networks.
NARM+MMR A re-ranking model for generating diversified recommendations for SR. It applies MMR to re-rank the candidate items generated by NARM.
IDSR
Our previously proposed method that improves sequential
recommendation diversification in an end-to-end framework.
MDSRMA
MDSR model using Multi-head Attention method in IIM
module to extract users’ multiple interests.
MDSR model using Dynamic Routing method in IIM module to
MDSRDR
extract users’ multiple interests.

Source
[17]
[29]
[51]
[10]

[10]
This article.
This article.

• NARM: A sequential recommendation model that applies an attention mechanism on top
of an RNN. It combines the attentive hidden states and the final hidden state to represent a
user’s current preference and thus makes accurate recommendations [29].
• MCPRN: MCPRN models users’ multiple interests in a session with mixture-channel recurrent networks [51]. It has been shown that MCPRN is able to improve the performance
regarding both accuracy and diversity.
• NARM+MMR: Besides the baselines obtained from prior work listed above, we also construct a baseline ourselves, i.e., NARM+MMR, which reranks the predicted list of NARM in
a post-processing step. More precisely, NARM first generates a candidate recommendation
set, i.e., Rc , and each item, in the set is accompanied with its relevance score S (vi ) predicted
by NARM. Then, MMR is applied to rerank the items in the candidate set so as to generate a
diversified recommendation list. The criteria used in MMR to sort these items is as follows:
v ← arg max θS (vi ) + (1 − θ ) min dki ,
v i ∈R c \R L

v k ∈R L

where dki is the distance between item, vk and item, vi ; θ ∈ [0, 1] is a hyper-parameter that
needs to be carefully tuned. We first initialize the recommendation list R L as an empty set
and then select one item, based on Equation (23) and add it to R L at every step iteratively
until |R L | = N . The hyper-parameter controls the diversity of the final recommendation list,
e.g., when θ = 1, the output list R L is the same as the one generated by NARM; when θ = 0,
the output list R L is aimed to maximize its diversity and ignore relevance.
• IDSR: This is our own recent work [10], which models users’ multiple intents and aims to
improve recommendation diversity in an end-to-end structure for SR.
As to our proposed model MDSR in this article, we consider two variants:
• MDSRMA : MDSRMA is a variant of MDSR that uses a multi-head attention method in the IIM
module to extract users’ multiple interests.
• MDSRDR : MDSRDR is a variant of MDSR that uses a dynamic routing method in the IIM
module to extract users’ multiple interests.
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Evaluation Metrics

For accuracy, we apply Recall and MRR following [29, 33]. For diversity, intra-list distance
(ILD) [58] is used as the evaluation metric, which is regularly applied in recommendation diversification task.
• Recall: The value is determined by whether the ground-truth item, is included in the list of
recommended items. If the ground-truth item, is in the list, then the value is 1; otherwise, it
equals 0.
• MRR: The value of determined by the position of the ground-truth item, in the list of recommended items. The higher the position, the larger the value.
• ILD: The value is determined by the average distance between pairs of items in the recommendation list. It can be formulated as

2
di j .
(23)
ILD =
|R L |(|R L | − 1)
(i, j ) ∈R L

The dissimilarity di j between two items is calculated as Euclidean distance between the item,
genre vectors [4].
4.4 Implementation Details
For the hyper-parameters of the MDSR model, the size of the item, embedding is set to 128; the
GRU hidden state size is 128; the parameter λe is set to 1.0 for the two movie datasets and the
Tmall datasets, and 0.1 for the Tafeng dataset. For the training process, we set the mini-batch size
to 512, use the Xavier method [14] to initialize the model parameters, and optimize the model
using Adam [26] where the initial learning rate α = 0.001, two momentum parameters β 1 = 0.9
and β 2 = 0.999, and ϵ = 10−8 . For validation, we show the model performance for every epoch on
the validation set and save the model after it achieves the best performance. For testing, we show
the results on the test set with the saved model. In this article, we consider top-10 recommendation,
i.e., K = 10. We put the code for realizing our model online.4
5 RESULTS
5.1 Performance in Terms of Accuracy
For RQ1, we compare MDSR with the models listed in Table 3 in terms of accuracy. The results are
listed in Table 4.
First, since the NARM has a similar encoding structure as MDSR, we can see that the performance of MDSRMA and MDSRDR is comparable or even superior to NARM regarding recommendation accuracy, i.e., Recall and MRR. Although MDSR tries to diversify the recommendations,
at the first generating steps, it still assigns high probability to these relevant items. Additionally,
the IDP loss also considers recommendation accuracy, which helps MDSR to capture users’ major interests. When users have multiple interests, as NARM shows bias toward the main interest,
the recommendations may be unsatisfactory to those users. For example, MDSRMA outperforms
NARM on the Tafeng dataset, where the improvements in terms of Recall and MRR are 10.19% and
10.06%, respectively. We think that this may be because that Tafeng collects users’ behavior in a
grocery store, where users typically have multiple interests when shopping, and buy items with
different categories. It also can be found that MDSRMA and MDSRDR show better performance
in terms of accuracy on all of the four datasets than MCPRN. Compared with MCPRN, the IIM
4 https://bitbucket.org/WanyuChen/idsr/src/master/.
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Table 4. Performance of All Discussed Models in This Article

Dataset Metric GRU4Rec NARM MCPRN NARM+MMR IDSR MDSRMA MDSRDR
Recall (%)
6.23
9.68
9.27
9.53
9.79
9.88
9.62
ML100K MRR (%)
2.99
2.77
3.22
3.53
3.35
2.09
3.18
1.666 1.646
1.669
ILD
1.527
1.518
1.561
1.583
Recall (%)
11.67
15.02
14.89
14.72
14.89 15.72
15.18
ML1M MRR (%)
5.26
4.89
5.30
6.23
5.97
4.02
5.39
1.383 1.486
1.500
ILD
1.307
1.289
1.301
1.325
Recall (%)
4.11
4.71
4.57
4.33
4.97
5.19
4.94

Tafeng MRR (%)
1.6
1.41
1.96
1.86
1.80
1.42
1.69
1.318 1.364
1.344
ILD
1.267
1.214
1.248
1.263
Recall (%)
12.11
14.41
14.19
14.00
14.32 14.78
14.89
Tmall MRR (%)
7.27
6.28
7.43
7.86
7.95
5.41
7.51

ILD
0.879
0.834
0.886
0.892
0.946
0.926
0.936
The results of the best baseline and the best model in each row are underlined and in bold, respectively. Statistical
significance of pairwise differences of best model vs. the best baseline is determined by a paired t -test ( for p-value
≤ 0.05).

module in MDSR cares not only users’ multiple interests but also the weight of each interest,
which is effective in improving the recommendation accuracy.
Second, it is obvious that after re-ranking, the accuracy of NARM drops dramatically when we
compare the performance of NARM and NARM+MMR. This demonstrates that the reranking algorithm, i.e., MMR, hurts the accuracy of recommendation although it can improve the diversity to
some extent. This may be because the candidate items recommended by NARM often share similar
genres or categories. When the diversity scores for the relevant items are lower than the irrelevant
items, the irrelevant items will have higher scores than these relevant ones, which thus results in
a worse accuracy performance. Moreover, the reranking algorithm, i.e., MMR, is computationally
expensive, since it needs to compare each pair of items in the generated list of recommendations
and the candidate set.
MDSRMA has the same structure as IDSR except that MDSRMA uses layer normalization and
removes the feedforward layer. However, MDSRMA shows better performance than IDSR in terms
of MRR and Recall on most of our datasets, which demonstrates the effectiveness of applying the
layer normalization strategy. MDSRMA is better at capturing users’ main interests than MDSRDR .
For instance, MDSRMA shows better performance than MDSRDR on the ML100K, ML1M and Tafeng
datasets in terms of Recall and MRR. We will give a detailed analysis of the performance of the
two variants of the MDSR model in Section 6.1.
In summary, MDSR shows comparable or superior performance as the baseline models in terms
of recommendation accuracy. It should be noticed that we can add other effective structures into
the MDSR framework to improve the recommendation accuracy, e.g., SASRec [24]. However, this
can be explored as our future work.
5.2 Performance in Terms of Diversity
For RQ2, we show the diversity scores, i.e., ILD, on all of the four datasets in Table 4. We see
that MDSR outperforms all baselines. Specifically, the improvements of MDSRDR over mixturechannel purpose routing network (MCPRN) are 6.92%, 15.30%, and 5.64% in terms of ILD on the
ML100K, ML1M, and Tmall datasets, respectively, while MDSRMA beats MCPRN with a 9.29% improvement on the Tafeng dataset. Although MCPRN models users’ multiple interests, there is no
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supervision signal to help the model learn to discriminate those multiple interests and produce
diverse recommendations. However, in MDSR, the diversity loss and disagreement regularization
term in the IDP loss can guide the model to learn to distinguish different interests and satisfy them
gradually.
MDSR significantly outperforms NARM+MMR. For example, the improvements of MDSRDR over
NARM+MMR are 5.43% and 13.21% on ML100K and ML1M, respectively. We can also find that
MMR depends heavily on the recommendation results of NARM. When the items in the candidate
set generated by NARM show similar categories, the reranking performance of MMR method is
limited. However, MDSR can avoid this problem, since it can learn to diversify the recommendations by optimizing the designed IDP loss in Equation (22).
MDSRDR outperforms IDSR on the ML100K, ML1M, and Tafeng datasets in terms of ILD while
it loses by 1% on the Tmall dataset, which is not significant. Comparing MDSRMA and MDSRDR ,
we can see that MDSRDR also shows better performance than MDSRMA in terms of ILD on most
datasets. Dynamic routing acts like a soft-clustering algorithm: It can group a user’s sequential
behaviors into several clusters with each cluster representing a certain latent interest of the user.
In this way, it can help to distinguish between users’ different interests.
6 ANALYSIS
In this section, we conduct several experiments to analyze the performance of MDSR in more
depth. Specifically, we seek to answer the following questions mainly:
• What is the performance of the two strategies in the IIM module, i.e., multi-head attention
and dynamic routing?
• What is the influence of the number of latent interests in MDSR?
• How does the tradeoff parameter λ influence the performance of MDSR?
RL
in Equation (22), i.e.,
• What is the effect of different disagreement regularization terms LDis
RL
RL
LDispos and LDisout ?
RL
• What is the effect of the maximum entropy regularization loss LME
in Equation (22)?
• Does the IIM module in MDSR capture users’ multiple interests?

6.1 Impact of Different Multiple Interest Extractors
We visualize the performance of MDSR with two strategies for the IIM module for top K recommendation (with K = 10, 15, 20, 50) in Figure 3.
We see that with the increases in K, i.e., from 10 to 50, the performance of both MDSRMA and
MDSRDR improves in terms of accuracy and diversity. Specifically, on the MovieLens datasets
shown in Figure 3(a) (ML100K) and Figure 3(b) (ML1M), MDSRMA shows better performance than
MDSRDR in terms of accuracy but a worse performance than MDSRDR in terms of diversity. It
should be noted that the gap between the two models in terms of MRR is larger than in terms of
ILD. For example, when K = 10 and K = 50, the improvements of MDSRMA over MDSRDR are
5.37% and 4.71% in terms of MRR, respectively, while the improvements of MDSRDR over MDSRMA
are 1.43% and 0.79% in terms of ILD, neither of which is significant. This demonstrates that the
multi-head attention mechanism is better at capturing users’ main interests.
However, on the e-commerce datasets shown in Figure 3(c) (Tafeng) and Figure 3(d) (Tmall),
MDSRMA and MDSRDR have comparable performance in terms of accuracy as well as diversity.
This is because users tend to have multiple interests and purchase items from different categories
in e-commerce instead of having a main purpose in mind. This finding is in accordance with the
analysis in Section 5.1.
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Fig. 3. Performance of MDSR with different interest extractors on the top K recommendation task, with
K = 10, 15, 20, 50, on four datasets.

6.2 Impact of the Number of Latent Interests
Next, we show the performance of MDSR when the number of latent interests ranges from 2 to 6
in Figure 4.
We can see that both MDSRMA and MDSRDR show upward trends in accuracy when the number
of interests increases from 2 to 3, except for MDSRMA on the Tmall dataset. MDSRMA achieves
its best performance in terms of accuracy with 3 interests and then begins to decrease when the
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Fig. 4. Performance of the MDSR models on four datasets with different numbers of latent interests.

number of interests increases from 3 to 6 on the ML100K, ML1M, and Tafeng datasets. On the
Tmall dataset, when increasing the number of interests, the performance of MDSRMA gets worse
constantly. MDSRDR achieves its best performance in terms of accuracy on the ML100K, ML1M,
and Tmall datasets when the number of interests is 3 or 4. But on the Tafeng dataset, its best
performance is achieved when the number of interests is 5. This might be related to the fact that
the Tafeng dataset has considerably more categories than the other datasets, i.e., 467 vs. 17, 18 and
70. Users are likely to have more interests especially on the dataset with more categories of items,
thus modeling multiple interests can help to increase the recommendation accuracy.
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The diversity score achieved by MDSRMA increases slightly when assuming more interests on
the ML100K, ML1M, and Tmall datasets. But, on the Tafeng dataset, it achieves its best performance
with 3 interests, which is consistent with its accuracy performance. As for MDSRDR , the number
of interests has little influence on its performance in terms of ILD, which demonstrates that it has
better stability than MDSRMA in terms of recommendation diversification.
In general, Figure 4 shows that increasing the number of interests will hurt accuracy. Therefore,
we choose to set the number of latent interests to three in our experiments that are tuned on the
validation set.
6.3 Influence of the Tradeoff Parameter λ
To see the impact of the tradeoff parameter λ on MDSR, we show the results of MDSRMA and
MDSRDR on all datasets by ranging λ from 0 to 1 with a step size of 0.1. The results are plotted in
Figure 5.
Both models show upward trends generally when λ increases from 0 to 1 on the MovieLens
datasets in terms of Recall and MRR. When λ = 0, MDSR shows the worst performance. An obvious increase is observed when λ increases from 0 to 0.1. λ = 0 denotes that we focus on diversity
and ignore accuracy, thus the accuracy is worst. Similar trends can be observed on the e-commerce
datasets regarding MRR and Recall, except that MDSRDR drops slightly when λ increases from 0.9
to 1 on the Tafeng dataset. This indicates that considering diversity can also help to improve the
accuracy performance, especially on a dataset with a large number of categories. Since users tend
to have more kinds of interests when faced with more categories of items, diversified recommendations may increase the probability of containing items that users want.
Both models achieve the best performance in terms of ILD when λ = 0.0 on all of the four
datasets as we consider the recommendation diversification only. When λ increases from 0 to 1,
the ILD scores drops on all datasets. There are more fluctuations on the e-commerce datasets than
on the MovieLens datasets, especially on Tafeng. The performance of MDSR in terms of ILD drops
sharply from 0 to 0.1.
To sum up, increasing the value of λ will improve the performance in terms of accuracy while
hurting diversity, especially when it changes from 0 to 0.1. We set it to 0.2 on the ML100K, ML1M
and Tafeng datasets and to 0.5 on the Tmall dataset for overall performance evaluation.
6.4

Effect of Different Disagreement Regularizations

RL
RL
and LDis
, we comTo analyze the influence of the disagreement regularization losses, i.e., LDis
pos
out
pare the following IDP loss variants:
RL
RL
RL
L0 = λe Lrel
+ Ldiv
+ LME
RL
RL
RL
RL
Lout = λe Lrel
+ Ldiv
+ LDis
+ LME
out

Lpos =

RL
λe Lrel

+

RL
Ldiv

+

RL
LDis
pos

+

(24)

RL
LME
,

where L0 , Lout , and Lpos denote the IDP loss without disagreement regularization, with output
disagreement regularization, and with position disagreement regularization, respectively. The results are shown in Table 5.
RL
can help
Comparing L0 with Lout or Lpos on all datasets, we can see that, in general, LDis
to boost the performance of MDSR in terms of diversity. This indicates that the IIM module
RL
loss. Specifically, MDSRMA
can capture multiple latent interests effectively by applying the LDis
with the Lpos loss always shows better performance than with the Lout loss in terms of ILD. It
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Fig. 5. Performance of the MDSR models on four datasets where the parameter λ in Equation (2) ranges
from 0 to 1 with a step size of 0.1.

indicates that, as for the multi-head attention mechanism, the disagreement regularization can
help to distinguish those interests more effectively when applied to positions than to outputs.
As for MDSRDR , the dynamic routing algorithm plays a role similar to the clustering algorithm,
RL
, MDSRDR
which can distinguish users’ different interests intrinsically. Thus even without LDis
still shows better performance than MDSRMA with L0 and with Lout on most datasets in terms
of ILD. But, we can see that there are still small improvements in terms of ILD after applying
Lout or Lpos to MDSRDR . This is because the dynamic routing algorithm is similar to the k-means
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Table 5. Performance of MDSR on Four Datasets with/without Different Types
of Disagreement Regularization
Metric
Recall (%)
MRR (%)
ILD

Metric
Recall (%)
MRR (%)
ILD

Model
L0
MDSRMA 10.32
MDSRDR 10.01
MDSRMA
3.56
3.49
MDSRDR
MDSRMA
1.58
1.63
MDSRDR
(a) ML100K

Lout
10.19
9.61
3.50
3.35
1.61
1.67

Lpos
9.87
9.63
3.53
3.38
1.65
1.64

Model
L0
MDSRMA
5.61
4.83
MDSRDR
MDSRMA
2.06
1.93
MDSRDR
MDSRMA
1.27
1.30
MDSRDR
(c) Tafeng

Lout
5.19
4.94
1.79
1.80
1.34
1.34

Lpos
5.19
4.79
1.86
1.82
1.36
1.32

Metric
Recall (%)
MRR (%)
ILD

Metric
Recall (%)
MRR (%)
ILD

Model
L0
MDSRMA 16.10
MDSRDR 15.92
MDSRMA
6.36
6.26
MDSRDR
MDSRMA
1.32
1.48
MDSRDR
(b) ML1M

Lout
15.67
15.17
6.21
5.97
1.46
1.50

Lpos
15.72
13.26
6.22
5.22
1.48
1.50

Model
L0
MDSRMA 15.05
MDSRDR 15.05
MDSRMA
8.04
8.01
MDSRDR
MDSRMA
0.82
0.90
MDSRDR
(d) Tmall

Lout
14.99
14.88
7.95
7.95
0.88
0.94

Lpos
14.78
14.89
7.86
8.00
0.93
0.91

algorithm [15], which is an unsupervised learning method. It aims to narrow down the distance
among items within the same cluster in an iterative way. In most of the experiments with dynamic
routing, the number of iterations is often set to 3 (we also set it to 3 in our experiments) [28].
However, the dynamic routing algorithm may not be able to converge to a good clustering result within this number of iterations. In this case, the disagreement regularization can provide
assistance to the dynamic routing algorithm by enlarging the distance between interests representations. Since the number of latent interests is small, it would not cost too much calculation when
applying the disagreement regularization.
6.5

Effect of Maximum Entropy Regularization

RL
on MDSR, we consider the
To analyze the influence of the maximum entropy regularization LME
following IDP loss variant for comparison:
RL
RL
RL
RL
RL
= λe Lrel
+ Ldiv
+ LDis
+ λ ME LME
,
IDPloss

(25)

RL
where LME
is weighted by the parameter λ ME . We test the performance of MDSR variants with
λ ME = 0.0, 0.5, and 1.0, respectively. The results are reported in Table 6.
RL
can help improve the performance of MDSRMA in terms of both accuWe can see that LME
racy and diversity on all datasets. Specifically, on the e-commerce datasets, the performance of
MDSRMA gets more improvements on diversity than on accuracy. For example, when comparing
λ ME =1.0 with λ ME =0.0, MDSRMA shows 5.43% improvements in terms of ILD while 1.36% improvements in terms of Recall on the Tafeng dataset. On the Tmall dataset, the improvements are 4.49%
and 0.89% in terms of ILD and Recall, respectively. This demonstrates that the maximum entropy
regularization can alleviate the issue that one interest dominates and hereby can help to improve
the diversification performance.
RL
leads to
Similar results can be found for MDSRDR except that, on the ML100K dataset, LME
a slight drop in the accuracy performance. This might be because the maximum entropy regularization forces the model to treat multiple interests equally. However, users tend to have one
main interest when choosing movies to watch next, thus MDSRDR cannot capture the main interest well with the maximum entropy regularization. Additionally, the time gap between adjacent
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Table 6. Performance of MDSR on Four Datasets with Different Weights of Maximum
Entropy Regularization
Metric

Model λ ME = 0.0 λ ME = 0.5 λ ME = 1.0 Metric Model λ ME = 0.0 λ ME = 0.5 λ ME = 1.0
MDSRMA
MDSRMA 13.94
9.61
9.85
9.92
15.68
15.64
Recall (%)
Recall (%)
9.92
9.64
9.42
15.00
15.14
15.17
MDSRDR
MDSRDR
MDSRMA
MDSRMA
3.39
3.51
3.54
5.33
6.21
6.28
MRR (%)
MRR (%)
3.41
3.38
3.29
5.98
5.98
6.02
MDSRDR
MDSRDR
MDSRMA
MDSRMA
1.61
1.65
1.64
1.41
1.49
1.48
ILD
ILD
1.62
1.67
1.65
1.44
1.50
1.49
MDSRDR
MDSRDR
(a) ML100K
(b) ML1M
Metric

Model λ ME = 0.0 λ ME = 0.5 λ ME = 1.0 Metric Model λ ME = 0.0 λ ME = 0.5 λ ME = 1.0
MDSRMA
MDSRMA 14.58
5.12
5.19
5.19
14.71
14.85
Recall (%)
Recall (%)
4.97
4.97
4.93
14.72
14.87
14.93
MDSRDR
MDSRDR
MDSRMA
MDSRMA
1.88
1.85
1.89
7.73
7.83
7.84
MRR (%)
MRR (%)
1.65
1.80
1.73
7.83
7.93
7.94
MDSRDR
MDSRDR
MDSRMA
MDSRMA
1.29
1.36
1.36
0.89
0.93
0.93
ILD
ILD
1.30
1.34
1.36
0.90
0.93
0.93
MDSRDR
MDSRDR
(c) Tafeng
(d) Tmall

Fig. 6. An example of movies recommended by the MDSR models and NARM.

interactions on the ML100K dataset is larger than that on Tafeng and Tmall, so previous behavior
and multiple interests have less influence on users’ current interactions on the ML100K dataset.
6.6 Case Study
In this subsection, we give a case study from the test set of the ML100K dataset to show the recommendations generated by different MDSR variants; see Figure 6. The first sequence in Figure 6
shows 9 movies that the user has watched, and the next two lists show the top 10 recommendations
generated by MDSRDR and MDSRMA , respectively. The last list shows the top 10 recommendations
by NARM. The ground-truth item, is marked in a red box.
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Table 7. Complexity Analysis

Model
MDSRMA
MDSRDR
NARM

Computational complexity
O (nd 2 + Mnd 2 + Mnd + Nd 2 + N Md + N Md 2 )
O (nd 2 + RMnd 2 + RM 2nd + Nd 2 + N Md + N Md 2 )
O (nd 2 + nd 2 + nd )

Based on the user’s historical interactions, we see that, recently, the user mostly favors movies
with Action, Adventure, Sci-Fi, and Children genres. But the user also shows interest in Comedy,
Thriller, Musical, and Romance. The items recommended by neural attentive recommendation machine (NARM) mainly belong to the Action, Adventure and Sci-Fi genres, e.g., most of them are
action movies, which is close to the recent interest of this user. But NARM ignores other genres that
are also reflected in the user’s watching behavior, e.g., the ones with red boxes in Figure 6. In contrast, both MDSR variants accommodate multiple interests and diversify the list of recommended
movies with Action, Adventure, Sci-Fi, Children, Comedy, Thriller, Musical, and Romance genres.
This indicates that MDSR cannot only extract users’ multiple interests, but also produce diversified recommendations to cover and satisfy those interests. Besides, MDSR also identifies the most
important interest and assigns a high probability to the right one. For example, the MDSRDR model
returns the ground-truth item, at the first position in the recommendation list; for the MDSRMA
model, the ground-truth item, is ranked at the second position in the recommendation list; for the
baseline model NARM, the ground-truth item, is ranked at the first position in the recommendation list. Thus it also demonstrates that MDSR can achieve the competitive performance in terms
of recommendation accuracy with the baseline model.
6.7

Computational Complexity Analysis

In this section, we give a brief analysis of the computational complexity of our proposed MDSR
models with multi-head attention mechanism and dynamic routing algorithm as well as the baseline model NARM in Table 7, respectively. For convenience, we make the following settings. The
dimensions of item, embeddings and hidden layers are set to d, the length of a user’s behavior
sequence is n, the number of latent interests is M, the number of recommendations is N , and the
number of iterations for dynamic routing algorithm is R. As M
d, N
d and R
d, we can
reduce some parts of the calculation.
The computation complexity of the sequence encoder module is: nd 2 ; the Multi-head attentionbased IIM module is Mnd 2 + Mnd; the Dynamic routing-based IIM module is RMnd 2 + RM 2nd; the
IDP decoder is Nd 2 + N Md + N Md 2 . It should be noted that except the GRU and the Dynamic
routing related components that need to be executed in a recurrent way, other components in the
IDP decoder and the Multi-head attention-based IIM module can be computed in a parallel way.
Comparing the computational complexity of the three models, we can find that the complexity of
MDSR is higher than NARM, which mainly comes from the IDP decoder module. We may focus
on this component and try to reduce the complexity by using self-attention mechanism instead of
GRU or applying some efficiency improving techniques in our future work.
7

CONCLUSION AND FUTURE WORK

In this article, we have regarded the sequential recommendation task as a list generation process
and proposed the MDSR model. We have introduced an IIM module to extract users’ multiple
interests and an IDP decoder to produce diversified recommendations satisfying those interests
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gradually. We have designed an IDP loss to supervise the model to consider accuracy and diversification simultaneously during training.
Comprehensive experiments have been conducted on four datasets. The results have shown that
MDSR significantly outperforms the state-of-the-art baselines regarding recommendation diversity while keeping competitive accuracy performance. We have analyzed the influence of different
implementation strategies for the IIM module, the tradeoff parameter, the number of interests, as
well as different disagreement regularization and maximum entropy regularization on our model’s
performance. We have also included a case study to show how different modules affect the recommendation results with a concrete example. We found that MDSRMA is superior to MDSRDR in
terms of accuracy while MDSRDR outperforms MDSRMA in terms of diversity; the disagreement
regularization can both help to improve the performance of MDSR in terms of diversity without
much sacrifice in accuracy; and the maximum entropy regularization can help to improve the performance of MDSR in terms of not only accuracy but also diversity. The case study illustrates that
MDSR can not only mine users’ multiple interests but also produce diverse recommendations to
cover and satisfy those interests.
More broadly, our work can be applied to other recommendation tasks for which additional
constraints may be applicable, e.g., shared-account recommendations, where the logged behavior
may have been produced by multiple users in different periods and thus there multiple interests
might be reflected in the sequential behavior [23, 35].
There are various limitations of our work that need to be addressed in the future. First, in MDSR,
there is a tradeoff parameter controlling the importance of accuracy vs. diversity, i.e., λ, which
should be defined up front. This means that we apply a strategy to provide all users with recommendations in a constant accuracy-diversity balance. However, users may prefer recommendations with different degrees of diversity. For example, in domains where repeat consumption
is prevalent, such as retail, diversification needs to be used in a very conservative manner, i.e.,
without much exploration [42]. However, for domains such as fashion recommendation, the need
for exploration is high [32]. It may be helpful for us to incorporate some external information,
e.g., category and content information, into our model to adaptively determine the number of interests of each user based his historical interacted items. Second, since our model is based on a
sequence-to-list framework, the computational complexity is higher than prior work based on a
sequence-to-item framework [34]. It is more reasonable for our model to be applied in the ranking
phrase of recommender systems with a small number of candidates, which can help to reduce the
computational cost and improve the time efficiency.
As to future work, we want to explore the performance of MDSR when incorporating other
effective SR models in our sequence encoder module [47, 54]. Second, it is more reasonable to
provide recommendations according to the user’s current needs for diversity [13, 57]. Thus, we
also plan to explore different ways of learning the tradeoff parameter and making it adaptive to
each user. Third, we plan to reduce the computational cost for the training of our model by applying
recent efficiency improving techniques [61].
DATA AND CODE
To facilitate the reproducibility of the reported results, this work only made use of publicly
available data and our experimental implementation is publicly available at https://bitbucket.org/
WanyuChen/idsr/src/master/.
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