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Abstract
have different types of behaviors, such as clicking and buy-

In real recommendation scenarios, users often

ing. Existing research methods show that it is possible to
capture the heterogeneous interests of users through differ-
ent types of behaviors. However, most multi-behavior ap-
proaches have limitations in learning the relationship be-
tween different behaviors. In this paper, we propose a novel
multilayer perceptron (MLP)-based heterogeneous sequential
recommendation method, namely behavior-aware multilayer
perceptron (BMLP). Specifically, it has two main modules,
including a heterogeneous interest perception (HIP) module,
which models behaviors at multiple granularities through be-
havior types and transition relationships, and a purchase in-
tent perception (PIP) module, which adaptively fuses subse-
quences of auxiliary behaviors to capture users’ purchase in-
tent. Compared with mainstream sequence models, MLP is
competitive in terms of accuracy and has unique advantages
in simplicity and efficiency. Extensive experiments show that
BMLP achieves significant improvement over state-of-the-art
algorithms on four public datasets. In addition, its pure MLP
architecture leads to a linear time complexity.

Keywords Sequential Recommendation; Heterogeneous

Behaviors; Multilayer Perceptron

1 Introduction

Recommender systems can effectively alleviate the prob-
lem of information overload, particularly with the substan-
tial growth of online users, items, and information in recent
years. However, traditional recommendation methods can-
not capture users’ dynamic interests and intent. Sequential
recommendation methods, which aim to model the behavior
sequence of users to obtain more accurate, dynamic, and per-
sonalized recommendation lists, overcome this problem well.

Recently, deep learning-based sequential recommenda-
tion methods mine users’ latent representations and com-
plex sequential relationships from the interaction data. RNN
is proposed to capture the sequential information between
items [1,2]. CNN-based methods [3, 4] use filters to learn
users’ short-term interests. After that, attention networks be-
came popular in many fields, e.g., being used to learn the
GNN-based meth-
ods [8-11] structure sessions into graphs to capture richer

relevant weights between items [5-7].

relevance of items. Those mainstream deep learning-based
methods have achieved exciting results, gradually dominat-
ing the recommender systems. However, they have a limita-
tion in common, i.e., they can only deal with a single type of
behavior.

In a real scenario, the behaviors of users are often rich
and diverse, which is unreasonable to regard them as the
same behavior type or only select the behaviors of one sin-
gle type such as purchase to learn the users’ preferences.
There are two categories of works on modeling multiple be-
haviors. Heterogeneous recommendations [12—14] aggregate
representations of various behaviors as overall user prefer-
ences. They ignore the dynamic dependencies between items
and behaviors. Heterogeneous sequential recommendation is
an emerging and significant research problem that has rela-
tively few works in its field. Specifically, RNN-based meth-
ods [15-17] distinguish the feedback of different behaviors
by introducing behavior types or integrating the behavior in-
formation into the RNN module. The Transformer-based
method [18] obtains multiple interests of the users by model-
ing the subsequences of the same type separately. The GNN-
based method [19] captures relationships between the behav-
iors of the same type by constructing a global graph. These
approaches may ignore complex behavior dependencies and
transition relationships. Meanwhile, in e-commerce web-
sites, the purchase behavior mainly depends on the overall
user preferences and some recent browsing or favoriting be-
haviors. However, for the aforementioned heterogeneous rec-
ommendation methods (e.g., MBGMN [12], MBGCN [13]),
they fuse multiple behaviors to obtain the static interest of
users, which only considers the overall user preferences. The
previous works for the heterogeneous sequential recommen-
dation can be broadly divided into two branches. One is to
model the entire heterogeneous sequence while introducing
the behavior information [15-17], which may not take ade-
quate advantage of recent auxiliary behaviors to capture the
intent of the users. The other is to disrupt the integrity of
the sequences (e.g., MGNN [19], DMT [18], SDM [20]),
modeling the single behavior subsequences separately, which
may have a bias in capturing the overall interest of the users.
Therefore, we consider some specific challenges of hetero-
geneous sequential recommendation: (i) The complexity of
heterogeneous sequential recommendation models. Almost
all the works utilize RNN, Transformer or GNN to capture
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sequential patterns. (ii) The complex dependencies of be-
havior information. Distinguishing the feedback of different
behaviors and the dependencies between behaviors is criti-
cal for accurately learning a user’s preferences. (iii) The un-
certainty of a user’s intents. In a heterogeneous sequence of
intertwined target and auxiliary behaviors, it is difficult to ac-
curately predict what the user is likely to purchase.

To address the above three challenges, we propose a
novel heterogeneous sequential recommendation method,
i.e., behavior-aware MLP (BMLP), consisting of a heteroge-
neous interest perception (HIP) module and a purchase intent
perception (PIP) module. (i) We use a pure MLP architecture,
which has a lower time complexity. (ii) The heterogeneous
interest perception (HIP) module performs multi-granularity
processing of the entire heterogeneous sequence by intro-
ducing behavior types and behavior transition relations. It
captures the dependencies between behaviors more compre-
hensively. (iii) The purchase intent perception (PIP) mod-
ule adaptively fuses the auxiliary behaviors such as clicks. It
captures the potential purchase intent of users more precisely.
We then conduct extensive experiments on four datasets and
find that our BMLP can beat the current mainstream state-of-
the-art baselines. We summarize the main contributions of
this work as follows.

e We propose a novel pure MLP-based recommendation ap-
To the best of our
knowledge, this is the first work using MLP to tackle het-

proach that is simple and efficient.

erogeneous sequential recommendation.

e Our HIP module captures the interaction patterns between
behaviors from a multi-granularity perspective, namely be-
havior types and behavior transition relations. Meanwhile,
our PIP module aggregates multiple auxiliary behavior
subsequences. These two well-designed modules fit well
with a user’s purchasing habits.

e Compared with the existing state-of-the-art baselines, our
BMLP achieves significant improvement on four public
datasets.

2 Related Work

In this section, we review and summarize some related works
on factorization-based and deep learning-based recommen-
dation.

BMLP: Behavior-aware MLP for Heterogeneous Sequential Recommendation

2.1 Factorization-based Recommendation

In the early studies on
FPMC [21]

personalization and uses Markov chains to capture the

sequential recommendation,
integrates the sequential information for
first-order relationships between items. Because the first-
order relationship is too simplified, Fossil [22] extends it
to a multi-order dependency. Later, TransRec [23] embeds
items as points in a translation space and models users as
translation vectors existing in that space.

BF [24] uses matrix factorization techniques to model each
behavior separately, decomposing users’ interest profiles into
multiple behavior profiles. Based on TransRec [23], Tran-
sRec++ [25] introduces behavior transition vectors to further
characterize the dependencies between behaviors.

2.2 Deep Learning-based Recommendation

Sequential Recommendation. In recent years, deep learning
has rapidly become popular in sequential recommendation
due to its strong modeling ability and generalization. With
the introduction of deep learning models, the performance
has been further improved. The recurrent neural network
(RNN) based method GRU4Rec [1] consumes the sequen-
tial information and captures the user’s dynamic intent very
well. The convolutional neural network (CNN) based method
Caser [3] utilizes some horizontal and vertical filters to search
for local information in sequences and global representations
of users to record the long-term interests. The attention-based
method SASRec [5] emphasizes the important items and
downplays the irrelevant items by the attention mechanism.
The graph neural network (GNN) based method SRGNN [8]
captures complex transition relationships between items by
constructing a graph from a sequence. Recently, with the
advances in MLP architecture [26], MLP-based recommen-
dation models are springing up. MOI-Mixer [27] applies
this model to sequential recommendation for the first time.
FMLP [28] introduces a filter layer based on the MLP archi-
tecture. MLP4Rec [29] expands the input tensor into 3-D by
introducing the item properties.

Heterogeneous Non-sequential Recommendation. Many
deep learning techniques (e.g., MLP, autoencoder, and
GNNs) have been widely adopted in multi-behavior rec-
ommendation and have achieved remarkable performance.
EHCF [32] captures the complex relations between differ-
ent behaviors by relating the transition of each behavior.



Front. Comput. Sci.

VAE++ [14] is a VAE-based method which designs two rep-
resentation enhancement modules to capture multiple behav-
ior signals. For the GNN-based methods in multi-behavior
recommendation, MBGCN [13] designs a unified graph for
representing multi-behavior data and performs graph convo-
Iution operation to learn node representations under differ-
ent behaviors. MBGMN [12] proposes a meta-graph neural
network to capture the complicated dependencies across dif-
ferent types of user-item interactions with the meta-learning
paradigm. CRGCN [33] adopts a cascading GCN structure
to learn users’ preferences under each behavior. To allevi-
ate the data sparsity, some recent works are trying to lever-
age contrastive learning. CML [36] designs a multi-behavior
contrastive learning paradigm to capture relations across dif-
ferent behaviors. MMCLR [37] proposes a multi-behavior
contrastive learning task and a multi-view contrastive learn-
ing task. MixMBR [38] introduces a mixup data augmenta-
tion method and combines it with contrastive learning. These
methods do not introduce sequential information and differ
significantly from our problem definition, for which reason
we do not include them in the empirical studies.
Heterogeneous Sequential Recommendation. Existing het-
erogeneous sequential recommendation algorithms are still
relatively few. RLRL [17] uses the behavior transition ma-
trix to represent the relationship between behaviors and uses
RNN and log-bilinear to capture a user’s interests. RIB [15]
also introduces the behavior types and incorporates them into
the GRU module. BINN [16] introduces the behavior infor-
mation inside LSTM [30] and learns both the long-term and
short-term interests using users’ past behaviors and items.
DMT [18] uses Transformer to model the subsequences of
each same type of behavior, which captures the interactions
between the same behaviors separately. MGNN-SPred [19]
constructs heterogeneous graphs about multiple types of be-
haviors. MSR [31] uses GNN to model item sequences and
GRU to model behavior sequences. We can see that these
methods are based on RNN, GNN, and Transformer. Dif-
ferent from the above methods, we propose a heterogeneous
sequential recommendation model based on MLP.

3 METHODOLOGY

In this section, we first formally describe the studied problem
and then introduce our BMLP in detail.

3.1 Problem Definition

In heterogeneous sequential recommendation (HSR), our
task is to predict the next item likely to be purchased for each
user based on a user’s historical interaction sequence with
different types of behaviors, such as clicks and purchases.
In contrast to multi-task recommendation [34], which aims
for balanced performance improvement across all behaviors,
our goal is to predict the purchase behavior. Without loss of
generality, we have some different types of behaviors b € 8
In HSR,
we define a historical heterogeneous sequence of a user u as
Su = {6, bY), @62, ..., (@3 ), i e I b, € B. Our
goal is to predict the next purchased item i‘f”‘”

given by a set of users U to a set of items 7.

of a user u
from U as accurately as possible.

3.2 Overview of Behavior-Aware MLP

The overall structure of BMLP is shown in Fig 1 and consists
of three modules as follows: 1) The HIP module encodes the
entire heterogeneous sequence to ensure the integrity of the
sequential information and capture fine-grained dependen-
cies. It mainly learns the dependencies between the items and
the representation information of items and behavior types
separately by transposing the input tensor and using MLP
twice. 2) The PIP module also firstly transposes each aux-
iliary behavior subsequence, then uses an MLP to learn the
dependencies between the items of each subsequence sepa-
rately, and finally uses an MLP to fuse all the auxiliary behav-
ior embeddings. 3) The recommendation module adaptively
fuses the learned interest and intent from two complementary
modules.

As shown in Fig 1, we first encode the item embeddings
and behavior embeddings of the entire heterogeneous se-
quence and each auxiliary behavior subsequence. For the en-
tire heterogeneous sequence, we further introduce behavior
transition embedding [25]. Then, we use the HIP module and
PIP module to compute the user’s overall heterogeneous in-
terest and purchase intent, respectively. Finally, we fuse them
using a gating component to obtain the final interest. We then
use this final interest to calculate the dot product with the
item embeddings, resulting in the corresponding item rating
predictions for each user.
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Fig. 1: The structure of the Behavior-aware MLP (BMLP) is divided into Heterogeneous Interest Perception (HIP), Purchase
Intent Perception (PIP), and recommendation module. Details of the behavior replacement block and the Feature Capture
Block (FCB) are shown in the right panel. The Sequence Capture Block (SCB) is a special case of FCB.

3.3 Heterogeneous Interest Perception

By modeling the entire heterogeneous sequence, it is possible
to perceive the overall preferences of the user. However, this
may suffer from insufficient utilization of different behavior
information. To address this, we introduce the behavior type
information and the behavior transition relations in the user
sequences.
First of all,
pairs for each user, which is formalized as S, =
(@, b)), (2,b2),..., @5, bLy}. Notice that L is usually cho-
sen to be a relatively large value, e.g., L = 50, which is de-

we select the last L (item, behavior)

termined according to the size and distribution of a dataset.
Moreover, we will pad items or behaviors to the beginning of
a sequence if the length is shorter than L.

For each item #, and the corresponding behavior ¥/, of a
user u in an interaction sequence S,, since we deal with a
sequence with different types of behaviors, in order to dis-
tinguish the behavior types of the items that a user interacts
with, we use B, € R to represent the embedding of behav-
ior type b. We assume that the behavior types of two adja-
cent items in a sequence are dependent. Following [25], we
use trans(b’, b'*1) € R4 to denote the transition relationship
between two consecutive behaviors. Then, we combine the
behavior embedding and the behavior transition embedding:
by (1)

u’

M;, = By + trans(b,

Next, we use V; to represent the embedding of item .
Finally, we concatenate the item embedding and the behavior
embedding to obtain a heterogeneous embedding x/, € R1*?:

x,, = concat(M,, V) )

After the above process, we obtain an input matrix X =
o .ixL] € RP¥2 where L is the length of the interaction

[x,:...
sequence. Notice that we now omit the subscript u in X(uo) for
brevity. Then, we feed the input matrix X© into a series of
stacked blocks. First of all, we feed it into a sequence capture
block (SCB) used to capture the sequential information be-

tween items, where the output of the n-th SCB is as follows:

Xh = X=D 4 SCB (LayerNorm(X(”_'))T)T 3)

SCB(X") = GELUX T W! W2, 4)

where WL e R4 and W2, e R¥*L are trainable matrices,

SCB SCB
and d, represents the hidden layer dimension in SCB.

After updating the columns of the input matrix X, we
capture the sequential information between the items from
another perspective. Notice that each column of X corre-
sponds to L items in a channel. Therefore, it can perceive the
positional relationship between items.

We use Xg’é;l) as input to the feature capture block (FCB),
where Xgﬁ;l) is divided into the H parts of the hidden layer
w, h = 1,2,...,H. It guides

dimension, i.e., X(h—l)x%ﬂ:hxg
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the model to focus on the information in different spaces. We

u € RLXH into a smaller feature capture
block, defined as a head. Finally, we merge and fuse the in-

feed X, 1)x24 1 1
formation of those H heads. Among them, the n-th block is
calculated as follows:

X® = X%V 1 FCB(LayerNorm(X; ")) (5)

FCB(X) = concat(..., heady, ... )W2, (6)
head, = (X 2t 4 1x 2 Ween) Woes B = 1,2, H - (7)

H

2d 2d
€ R Wl e Ri*% and W2, € R4XT are

where W9 e

FCB
learnable matrices, o7(-) is a sigmoid activation function, and
d. is the hidden layer dimension in FCB. We can see that
SCB is a special case of FCB when H = 1. Notice that SCB
and FCB deal with the sequential information and the fea-
ture information, respectively. ~ We take the output matrix
XM e REX2 - Considering the different importance of each
item in a sequence, we use a weighting mechanism to aggre-
gate them:

@ = exp(xﬁN 'W,)

== 3
S, e W,)

where W, € R2¥*! ig a learnable vector, and @, € R repre-
sents the weight for the 7-th item in the sequence. Then, the
corresponding item embeddings are fused by the weights:

L
e, = dropout(Z a,xEN)) (©))]
=1

In this module, we obtain the corresponding heteroge-
neous behavior representations by fusing item representa-
tions, behavior representations, and behavior transition in-
formation. Then, we utilize the SCB and FCB modules to

capture the fine-grained long-term interests of users.

3.4 Purchase Intent Perception

In the previous module, we fuse the behavior embedding and
the item embedding to obtain the global heterogeneous in-
terest of each user. However, there are some limitations in
this approach. Firstly, the HIP module cannot distinguish the
behavior type of the next predicted item. Although the long-
term heterogeneous interest can help us understand a user’s
general preferences, it does not take into account the speci-
ficity of his or her purchase behavior. This is not consistent
with our goal of predicting the next item that a user may pur-
chase in the future. Secondly, in an e-commerce scenario, a

user tends to click some similar items or mark them as fa-
vorite before purchasing. This means that a recent auxiliary
behavior has a greater influence on a user’s purchase behav-
ior. To address this, we further design a purchase intent per-
ception module. This module takes into account the recent
auxiliary behaviors to better understand a user’s current pur-
chase intent.

The recent auxiliary behaviors (e.g., clicks, favorites) of
a user reflect the short-term purchase intent of the user, so
we choose the most recent L’ items w.r.t. each auxiliary be-
havior as a subsequence, where L’ is relatively small (e.g.,
L’ =5). Earlier auxiliary behaviors usually have little effect
on the current purchase intent because the purchase has al-
ready occurred or the user’s interest has shifted.

For each auxiliary behavior, we concatenate the embed-
ding of the item and the behavior type as the input of the
purchase intent perception module:

h;, = concat(By, V) (10)
where By, € R represents the embedding of the aux-
iliary behavior b, and V; € R represents the embed-
ding of the item i’. So, we obtain an input tensor 7-(L(,O) =
[H;H; .. ;HZ“] e RL>xmx2d Notice that m indicates the num-
ber of auxiliary behaviors. Similarly, we omit the subscript u
in H for brevity.

Firstly, we transpose the embedding matrix for each auxil-
iary behavior. Then we feed them into SCB and FCB, where
the output is as follows:

T T
HOD :stack(SCB (g™ ... scB (H™) ) (11

H™ = H"D 4 FCB(LayerNorm(H" D)) (12)

where the SCB(:) and FCB(:) are the same as that in the het-
erogeneous interest learning module. The difference between
the HIP module and the PIP module is the heterogeneity and
length of the processed sequence. We aggregate the last item
embedding of each auxiliary behavior as the short-term pur-
chase intent:

e = mean(?-(f,v)) (13)

where e, € R*2? and ‘Hg,v) € R™2 denotes the last item

representation of the auxiliary behaviors.



Weixin LI, Yuhao WU et al.

3.5 Gating

We combine the local purchase intent e; and the global het-
erogeneous interest €, as follows:

g =o(e,W, +¢eW;+b,) (14)

2=g®e,+(1-g) e (15)

where ® is the element-wise product, W, € R*> W, €
R?24 and b, € R are learnable weights and biases, and
o(-) is a sigmoid activation function to constrain the value
of each entry in g € R to (0,1). Finally, we use a fully
connected layer to make the prediction:

7141 = softmax(zW, + b,) (16)

where W, € R2! ig a learnable matrix, b, € R is the
bias, and 7,,; € R"™! contains the predicted score on each
item.

3.6 Loss Function

The loss function of the model is as follows:

L£=-3 3 yloglh )+ (1 =y logl — fur) (17)

seS jel

where y;; = 1 only if an item j is a truly interacted item in
the sequence s at timestamp ¢ + 1, and y,; = 0 otherwise.

3.7 Discussions

In this subsection, we discuss three existing MLP-based se-
quential recommendation methods.

e MOI-Mixer [27]: It is the first work to apply MLP-
Mixer [26] in a recommender system, which introduces
higher-order interactions in the MLP layer. Notice that
we introduce the multi-head mechanism in the MLP layer
to learn the feature information in different subspaces, and
capture behavior information with different granularities at
the same time.

e FMLP-Rec [28]: It is an improved method based on MLP-
Mixer [26]. The difference is that it passes a filter layer
after encoding the items, which reduces the noise. Our
BMLP extracts user interest and intent from heterogeneous
sequences, which can also reduce noise to a certain extent
because of their complementarity.

BMLP: Behavior-aware MLP for Heterogeneous Sequential Recommendation

e MLP4Rec [29]: It is also an improved method based on
MLP-Mixer [26], which introduces attributes such as cat-
egories and brands of items and expands them into a new
dimension. Specifically, the input of MLP-Mixer is a 2-D
matrix, while the input of MLP4Rec is a 3-D tensor.

We can see that the MLP architecture has rarely been ex-
ploited in recommendation systems. Notice that the struc-
ture of MLP is insensitive to the sequential information. Our
BMLP captures the sequential pattern and achieves better
performance in sequential recommendation mainly with the
following two reasons: 1) the sliding window training ap-
proach, which allows the model to capture the sequential in-
formation in the training process; and 2) the transposition of
the input matrix, which allows the MLP to capture the depen-
dencies between items.

4 Experiments

In this section, we study the effectiveness of our proposed
model by conducting extensive experiments on four datasets.
We first introduce the experimental setup in detail, including
data processing, baselines, and evaluation metrics, and then
focus on answering the following seven research questions.

e RQ1 : How does our proposed model perform compared
with the state-of-the-art models?

e RQ2 : Why is our BMLP simpler and more efficient com-
pared with the existing methods?

¢ RQ3 : How will behavior diversity affect the performance
of the model?

e RQ4 : How do the components, i.e., FCB, SCB, and PIP,
affect the performance of the model?

e RQS5 : How does the PIP module perceives a user’s pur-
chase intent?

e RQ6 : How do the heterogeneous non-sequential recom-
mendation methods perform?

e RQ7 : What is the impact of the values of the hyperparam-
eters on the model?
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4.1 Experimental Setting

4.1.1 Datasets

We conduct experiments on four datasets, i.e., RecSys Chal-
lenge 2015 (Rec15)", Tmall at IJCAI-15 Contest (Tmall)®,
MovieLens IM (MLIM)®, and Taobao user behaviors
(UB)®. We process these datasets as follows: 1) For dupli-
cated (user, item, behavior) records, we only keep the record
with the earliest time. 2) For each user’s interaction sequence,
we use the last two purchases for validation and testing, re-
spectively, and retain the auxiliary behaviors between these
two purchases for final performance evaluation. 3) We re-
move the cold-start items in the validation and test sets.
Then we conduct some specific processing for each dataset.

Recl5. Recl5 was released by the RecSys 2015 compe-
tition, which contains 9,249,729 users, 52,739 items, and
34,154,697 interaction records. We preprocess it as follows:
1) Delete the items that have been purchased fewer than 5
times. 2) Delete the users who have purchased items fewer
than 5 times.

Tmall. The Tmall dataset comes from the Tmall app and
contains records of user interactions before and on the day
of “Double 11”. The original data contains 424,170 users,
1,090,390 items, four types of behaviors, and 54,925,330 in-
teraction records. We preprocess it as follows: 1) Delete all
the records on the day of “Double 11" to avoid impulsive con-
sumption and the disruption caused by the promotional activ-
ities on that day. 2) Delete the items that have been purchased
fewer than 20 times. 3) Delete the users who have purchased
items fewer than 10 times.

MLIM. A dataset of movie ratings with 1 million ratings
assigned by 6,000 users to 4,000 movies. We preprocess it
as follows: 1) A rating of 5 is simulated as a purchase, and
a rating smaller than 5 is taken as an auxiliary behavior [25].
2) Delete the items that have been purchased fewer than 5
times. 3) Delete the users who have purchased items fewer
than 5 times.

UB. A Taobao behavior dataset provided by Alibaba, which
contains 987,994 users, 4,162,024 items, and 100,150,807 in-
teraction records. We preprocess it as follows: 1) Delete the
items that have been purchased fewer than 10 times. 2) Delete

Dhttps://recsys.acm.org/recsys15/challenge/
Dhttps://tianchi.aliyun.com/dataset/dataDetail ?datald=42
3)https:// grouplens.org/datasets/movielens/1m/
“https://tianchi.aliyun.com/dataset/dataDetail ?datald=649

the users who have purchased items fewer than 5 times.

The statistics of the processed datasets are summarized
in Table 1.
been examined in the input sequence while others have not.

In addition, we observe that some items have

Considering the impact of the auxiliary behaviors on the
target behavior and the fact that users in real-world rec-
ommendation scenarios are likely to purchase items they
have previously clicked, the model recommends both ex-
amined and unexamined items. Subsequently, we con-
duct an in-depth analysis of this aspect in Section 4.7.
The processed datasets, source code of our BMLP and the
scripts used in the experiments are publicly available at

https://csse.szu.edu.cn/staff/panwk/publications/BMLP/.

Table 1: Statistics of the four processed datasets used in the
experiments.

Datasets #Users #Items  #Interactions #Behaviors

Recl5 36,917 9,620 679,704 {Click, Buy}

Tmall 17,209 16,162 1,251,829 {Click, Favorite, Buy}
MLIM 5,645 2357 885,598 {Click, Buy} (simulated)
UB 20,858 30,718 782,297 {Click, Cart, Favorite, Buy}

4.1.2 Evaluation Metrics

We adopt two widely used metrics to compare our proposed
model with the baselines, i.e., hit ratio (HR @k) and normal-
ized discounted cumulative gain (NDCG@k), where k is cho-
sen from {10, 20}. HR considers whether the test items appear
in a recommendation list, while NDCG is more concerned
with the positions of the test items. For a heterogeneous se-
quence of a particular user, we take the last purchased item
as the test data. According to the score of each item calcu-
lated in Eq.(16), we select k items with the highest scores as
a recommendation list.

4.1.3 Baselines

We include some competitive baseline methods for both
single-behavior sequential recommendation (i.e., Caser,
GRU4Rec, SASRec, SRGNN and BERT4Rec) and heteroge-
neous sequential recommendation (i.e., RLBL, RIB, BINN,
and MSR).

e Caser [3]: It constructs users’ behavior embeddings into
matrices and uses CNN to capture multi-order relation-
ships between items.
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e GRU4Rec [1]: It takes a user’s behaviors as a sequence
and uses GRU to learn the dependencies between items.

e SASRec [5]: It is an attention-based sequential recommen-
dation model that captures the importance of items in the
sequence.

e SRGNN [8]: It captures complex transition relationships
between the items by constructing a graph from a se-
quence.

e BERT4Rec [7]: It predicts the items masked in the se-
quence by utilizing the context around them.

e RLBL [17]: It is a circular log bilinear model that utilizes
transition matrices to model the information of behavior
types in a sequence.

e RIB [15]: It adds behavior embedding into the input layer
and uses GRU and attention layers to capture the micro-
behaviors in a sequence.

e BINN [16]: It uses a dual LSTM model to learn a user’s
long-term static interest and short-term dynamic interests
and adds behavior information to LSTM.

e MSR [31]: It uses graph neural networks to capture rela-
tionships between items and uses GRU to model heteroge-
neous sequences at the same time.

Moreover, since our BMLP is based on MLP, we also
include three closely related state-of-the-art MLP-based se-
quential recommendation methods (i.e., MLP-Mixer, MOI-
Mixer, and FMLP-Rec).

e MLP-Mixer® [26]: It is a new framework in computer vi-
sion that uses two independent MLPs to deal with clas-
sification tasks, which performs comparably to CNN and
Transformer.

e MOI-Mixer [27]: It is improved based on MLP-Mixer [26]
and proposes a multi-order sequential recommendation
model.

e FMLP-Rec® [28]: It introduces a filter to reduce the noise
after encoding the items.

4.1.4 Experimental details

For our proposed model BMLP and all the baselines, we use
grid search to select the best values of the parameters on the

validation data. Specifically, we set the initial learning rate

Shttps://github.com/lucidrains/mlp-mixer-pytorch
6)https://github.com/Woeee/FMLP—Rec
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as 0.01 and the batch sample size as 512. The hidden layer di-
mension is selected from {64, 128,256}. We fix the sequence
length L = 50 and the auxiliary behavior subsequence length
L’ = 5. The number of heads and blocks are selected from
{1,2,4,8} and {1, 2, 3}, respectively. To avoid overfitting, we
choose the dropout rate from {0.2,0.3,0.4,0.5} and the reg-
ularization parameters from {0.0001,0.001,0.01,0.1}. For
Caser, we set the number of vertical and horizontal filters to
4 and 16, respectively, and choose the height of the horizon-
tal filters from {2, 3, 4}. For RLBL, we select the window size
from {1,2,3,4,5}. We use Adam for optimization. Finally,
we evaluate the performance of our BMLP and all the base-
lines on the test data.

4.2 Overall Performance (RQ1)

In this section, we compare our model with the baselines on
four datasets and show the results in Table 2. According to
the experimental results, we can obtain the following obser-
vations.

e Our BMLP achieves a significant improvement compared
with the baselines on all the four datasets, which clearly
shows the effectiveness of our model. The MLP-based
models can beat SASRec and GRU4Rec on RC15, Tmall,
and ML1M. It demonstrates that a pure MLP model has
the potential for sequential recommendation. Compared
with MLP-based sequential recommendation methods, our
BMLP shows a significant improvement in recommenda-
tion performance, which indicates that our model is able to
capture the multi-behavioral dependencies more compre-
hensively.

e MSR and SRGNN are GNN-based models. MSR per-
forms better than SRGNN on all the datasets. This shows
that multi-behavior information contributes to the perfor-
mance improvement. In contrast, BINN performs worse
than GRU4Rec on some datasets, which means that BINN
may not capture the dependencies between behaviors well.

e Caser is more prominent on Rec15, for which we speculate
that users’ short-term interests may dominate on Recl5.
FMLP-Rec performs poorly on MLIM but well on the
other datasets. It shows that although a dense data helps
capture users’ interests, it is also necessary to model them
in a fine-grained manner. Otherwise, it may lose some im-
portant information using the filter layers.

e The graph-based methods SRGNN and MSR perform well
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Table 2: The overall performance of our BMLP and twelve baselines. Notice that the best results are marked in bold and the

second best are underlined.

Dataset | Metric Caser GRU4Rec SRGNN BERT4Rec SASRec | RLBL RIB  BINN MSR | MLP-Mixer MOI-Mixer FMLP | BMLP
HR@10 0.461 0.437 0.483 0.389 0.437 0.331 0387 0.468 0.605 0.478 0.482 0.541 | 0.618
Recl5 NDCG@10 0.247 0.249 0.285 0.196 0.248 0.160 0213 0.257 0.378 0.259 0.260 0.255 | 0.407
HR@20 0.612 0.561 0.608 0.535 0.566 0.459 0521 0.611 0.715 0.635 0.640 0.672 | 0.726
NDCG@20 0.287 0.281 0.317 0.233 0.283 0.191 0248 0.293 0.408 0.298 0.299 0.286 | 0.434
HR@10 0.098 0.352 0.274 0.168 0.369 0.243  0.269 0.298 0.298 0.292 0.317 0.381 | 0.426
Tamall NDCG@10 0.076 0.239 0.187 0.096 0.281 0.163  0.188 0.199 0.195 0.203 0.215 0.309 | 0.315
HR@20 0.122 0.411 0.319 0.225 0.415 0.281 0306 0.349 0.348 0.361 0.369 0421 | 0472
NDCG@20 0.081 0.252 0.196 0.109 0.292 0.181 0202 0.213 0.211 0.221 0.228 0.315 | 0.326
HR@10 0.215 0.268 0.249 0.145 0.243 0205 0229 0.273 0.265 0.264 0.269 0.116 | 0.304
MLIM NDCG@10 0.119 0.152 0.141 0.072 0.132 0.102 0.122 0.155 0.150 0.145 0.151 0.058 | 0.179
HR@20 0.311 0.361 0.343 0.237 0.345 0.302 0335 0376 0.373 0.367 0.378 0.169 | 0.407
NDCG@20 0.142 0.180 0.167 0.095 0.159 0.129  0.150 0.181 0.176 0.171 0.179 0.068 | 0.204
HR@10 0.126 0.171 0.142 0.098 0.181 0.093 0.132 0.141 0.172 0.145 0.144 0.158 | 0.200
UB NDCG@10 0.086 0.104 0.083 0.055 0.106 0.055 0.080 0.083 0.099 0.085 0.085 0.103 | 0.114
HR@20 0.152 0.219 0.186 0.138 0.238 0.122  0.168 0.189 0.225 0.187 0.187 0.192 | 0.254
NDCG@20 0.085 0.116 0.092 0.063 0.121 0.062 0.089 0.097 0.117 0.099 0.099 0.113 | 0.130

on the Rec15 dataset, but not as well on the other datasets.
The main reason is that the graph-based approach is more
effective for datasets with short sequences. As shown in
Table 1, the Rec15 dataset has the shortest user sequences.

4.3 Efficiency Analysis (RQ2)

In this subsection, we compare our model with two classi-
cal sequential recommendation models, i.e., GRU4Rec and
SASRec, in terms of time complexity. For GRU4Rec, the
time complexity of computing an item is O(64%). Hence, for
L items, the overall time complexity is O(6Ld?). SASRec
has the following three operations: 1) mapping the hidden
representations three times to obtain the query, key, and val-
ues; 2) calculating the attention scores, performing weighted
sum; 3) passing through the fully connected layer. For the
fully connected layer, the hidden unit is a constant indepen-
dent of the input and output units, and the number of input
unit is equal to the output unit. Therefore, their time com-
plexity are O(3Ld?), O(dL*+ Ld*) and O(2Ld), where L is the
length of the sequence and d is the dimension of the represen-
tation. We can obtain the overall time complexity of SASRec
as O(4Ld*+dL?*+2Ld). For our BMLP, the main modules are
PIP and HIP, and their operations are fully connected layers.
Therefore, their time complexities are O(4dL) and O(4mdL"),

where m denotes the number of auxiliary behaviors and L’ de-
notes the length of the auxiliary behavior subsequence. We
set the number of heads to 1 for brevity. Based on the above
analysis, we can conclude that our BMLP is of a lower time
complexity.

Experiments are conducted on Tmall with one Tesla V100
GPU and Intel(R) Xeon(R) Gold 6230R CPU @2.10GHz
machine for all the compared models. Results of the the train-
ing time and performance metrics for our BMLP and base-
lines are shown in Table 3 and Table 4, respectively. We have
the following observations:

Table 3: Results of training efficiency on Tmall.

Model Time/Epoch #Epoch #Training Time
SASRec 22 10m 3h40m
GRU4Rec 13 12m 2h36h

Caser 15 8m 2h

SRGNN 11 17m 3h7m

BINN 12 22m 4h24m

BMLP 30 3m 1h30m

(1) Table 3 shows that our BMLP takes only three minutes
for each epoch. It is much less than other models, leading
to only 90 minutes for the whole training process. Eventu-
ally, our BMLP achieves around 3x and 2x speedup com-
pared with BINN and SRGNN, respectively, demonstrating
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Table 4: Efficiency and performance comparison on Tmall.

Model #Training Time  #HR@10 #NDCG @10
SASRec 3h40m 0.362 0.277
GRU4Rec 2h36h 0.349 0.237
Caser 2h 0.094 0.073
SRGNN 3h7m 0.268 0.183
BINN 4h24m 0.293 0.196
BMLP 1h30m 0.426 0.315

the superiority of our BMLP in training efficiency.

(2) Table 4 shows the training time when the models con-
verge and the performance of the corresponding models. We
can see that our BMLP can achieve better performance with
less time, which further demonstrates the higher efficiency of
our BMLP in comparison with the other baseline models.

4.4 Study of Behavior Types (RQ3)

In this subsection, we mainly discuss how heterogeneous be-
haviors affect the recommendation performance of the model.
We conduct four comparative experiments on each dataset.

e S: We ignore the behavior information, i.e., we do not
take into account the specific behavior associated with each
item.

e B: We introduce the behavior type by concatenating it with
the item feature. Specifically, in Eq.(1), we only consider
the behavior type information (represented as By ) in the
concatenation step.

e T: We introduce the behavior transition relationship.
Specifically, we encode the behavior transition of two ad-
jacent items, e.g., from purchase to click, and finally con-
catenate it with the item feature. In Eq.(1), we only con-
sider the behavior transition relationship (represented as
trans(b’, b't1).

e B+T (i.e., BMLP): It is a combination of B and T. Specif-
ically, we add the features of the behavior types and be-
havior transition relationships as the overall behavior rep-
resentations.

From the results in Fig 2, we can have the following obser-
vations: 1) If the behavior types are ignored, the performance
of our model drops significantly. 2) The introduction of the
behavior transition relationship has a greater performance im-
provement than the introduction of the behavior types. Intu-
itively, in a real e-commerce scenario, a user purchases an
item, and later the user may click another in the next step.

BMLP: Behavior-aware MLP for Heterogeneous Sequential Recommendation
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Fig. 2: The effectiveness of four different approaches of mod-
eling the behavior types in our BMLP on four datasets. No-
tice that ’S’, ’B’, and T’ denote modeling the sequences
without the behavior types, with behavior types, and with be-
havior transition relationships, respectively.

Our behavior transition component can capture this micro
transition from purchase to click. Therefore, the behavior
transition relationships may better reflect the diversity and
dependencies of the behaviors. 3) The results of our BMLP
in B+T show that the combination of behavior types and be-
havior transition relations further improves the performance
of our model. Therefore, we can see that the behavior types
and the behavior transition relationships are complementary.

4.5 Ablation Study (RQ4)

To verify the contribution of each component to the overall
performance, i.e., the effectiveness of SCB, FCB, and the im-
pact of modeling auxiliary behavior subsequences or hetero-
geneous sequences, we conduct ablation studies.

e BMLP w/o FCB: We remove FCB. The variant of the
model is insensitive to the feature information.

e BMLP w/o SCB: We remove SCB. The variant of this
model does not capture the dependencies between items.

e BMLP w/o PIP: In order to verify the effectiveness of the
PIP module, we use the HIP module alone as an ablation
study. It does not tap changes in local interest.

e BMLP w/o HIP: We remove HIP to explore the perfor-
mance impact of just using the subsequences of auxiliary
behaviors.

The results of the above variants are shown in Table 5. We
can obtain the following observations: 1) When any of the
components are removed, the performance of the model de-
grades. It shows the effectiveness of each component. The
performance drops more significantly after removing SCB
comparing with that of removing FCB. This shows that SCB
can capture the sequential patterns better, i.e., the sequen-
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Table 5: Results of the ablation studies on four datasets.

Recl5 Tmall MLIM UB
HR NDCG | HR NDCG | HR NDCG | HR NDCG
w/oFCB | 0.581 0406 | 0398 0301 | 0277 0.160 | 0.175 0.099
w/oSCB | 0490 0.264 | 0.328 0.221 | 0.237 0.131 | 0.172  0.098
w/oPIP | 0.567 0325 | 0.385 0.283 | 0.308 0.282 | 0.168 0.093
w/oHIP | 0401 0.183 | 0274 0.177 | 0.194 0.104 | 0.145 0.081
BMLP 0.618 0.407 | 0.426 0315 | 0.304 0.179 | 0.200 0.114

tial information is relatively more important. 3) Firstly, the
variant performs better when removing the PIP module on
MLIM. Notice that the auxiliary and purchase behaviors do
not exist in MLIM because it is a simulated data. So the
PIP module is redundant to it. Secondly, we observe that the
PIP module has a significant performance boost on the other
datasets, with an increase of 6% on Rec15 and about 4% on
Tmall and UB. Finally, according to the previous analysis of
the results of Caser, we can see that short-term interest may
dominate on Recl5. Intuitively, in real e-commerce scenar-
ios, users often have some auxiliary behaviors about an item
before purchasing it. Therefore, it can perceive this purchase
intent sensitively as an auxiliary module. 4) The performance
degradation is particularly significant when HIP is removed.
This indicates that capturing the purchase intent through aux-
iliary behavior subsequences alone is insufficient. This also
reflects that the sequential integrity is essential.

To further verify the ability of the SCB module to capture
the sequential information, we design a comparison experi-
ment by replacing the SCB module with a GRU module and
a self-attention module.

Table 6: Results of comparison experiments on four data

sets.
Recl5 Tmall MLIM UB
HR NDCG | HR NDCG| HR NDCG | HR NDCG
BMLPgry | 0.454 0.258 | 0.396 0.288 | 0.281 0.162 | 0.189  0.107
BMLP4 0.523 0.296 | 0.419 0.311 | 0293 0.169 | 0.209 0.118
BMLPy.p | 0.618 0407 | 0.426 0.315 | 0.304 0.179 | 0.200 0.114

The results of the comparison experiments are presented
in Table 6, and the key observations are summarized be-
low. Firstly, after replacing the SCB module with the GRU
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or the self-attention module, our BMLP(MLP) still outper-
forms BMP(GRU) and BMLP(Att) on three datasets. This
demonstrates the effectiveness of the SCB module in captur-
ing the sequential information. Secondly, by integrating the
GRU or the self-attention module into our BMLP, it achieves
a significant improvement in overall performance compared
with GRU4Rec or SASRec. This highlights the versatility
and generality of our proposed architecture.

4.6 Purchase Intent Analysis (RQ5)

To investigate how the PIP module contributes to the final
purchased item prediction, we conduct an empirical study on
the behavior types of the predicted items. Specifically, we
select the last purchased item of each sequence as the test
set in the previous experiments. In contrast, we choose an
auxiliary behavior between the last two purchase behaviors as
the test set in this study. To ensure fairness of the comparison
experiment, we strictly maintain the integrity of the sequence.
MLI1M is a simulated dataset without purchase and auxiliary
behaviors. Therefore, we do not include ML1M in the study.
From Figure 3, we can see that the accuracy of predicting
purchase behavior is higher than that of predicting auxiliary
behavior. The PIP module can capture the user’s purchase
intent well, leading to performance improvement.
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Fig. 3: Recommendation performance in predicting pur-
chased items versus un-purchased items on Recl5, Tmall,
and UB. Notice that the behaviors in ML1M are simulated,
which are thus not included.

47 Performance Comparison with Heterogeneous Non-
sequential Recommendation Methods (RQ6)

In this subsection, we compare several classic heterogeneous
non-sequential recommendation methods and conduct a deep
analysis of how the appearance or non-appearance of a target
item in a historical sequence affects the performance. Firstly,
we conduct an analysis on the percentage of target items ap-
pearing in recent historical behaviors on all datasets. Among



1 Weixin LI, Yuhao WU et al.

BMLP: Behavior-aware MLP for Heterogeneous Sequential Recommendation

Table 7: The results of the grouped experiments on Tmall and UB. The term "examined" refers to the results of the test samples
where the target item appears in the previous heterogeneous sequence, while "unexamined" indicates the contrary. The term
"average" represents the overall results without distinguishing whether the target item appears in previous heterogeneous

sequences.
Tmall UB
Examined Unexamined Average Examined Unexamined Average
HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@I10 | HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10
MBGMN | 0.0311 0.0185 0.0278 0.0168 0.0298 0.0178 0.0171 0.0079 0.0152 0.0066 0.0162 0.0073
CML 0.0322 0.0199 0.0307 0.0191 0.0316 0.0196 0.0186 0.0092 0.0175 0.0086 0.0181 0.0089
MMCLR | 0.0443 0.0268 0.0392 0.0233 0.0423 0.0254 0.0261 0.0120 0.0211 0.0103 0.0237 0.0112
SASRec | 0.5575 0.4373 0.0858 0.0459 0.3688 0.2812 0.2931 0.1737 0.0617 0.0332 0.1813 0.1058
BMLP 0.6483 0.4889 0.0916 0.0523 0.4263 0.3148 0.3235 0.1844 0.0687 0.0391 0.2004 0.1142

all the test samples, the percentage of the target items ap-
pearing in the previous historical behaviors is 60.1%, 51.7%,
0%, and 99.6% on Tmall, UB, ML1M, and Recl5, respec-
tively. The ML1M dataset is a simulated dataset that lacks
purchase and click behaviors. In contrast, the Recl5 dataset
comprises a significant number of instances where items are
first clicked and subsequently purchased, leading to a remark-
ably high occurrence rate of 99.6%. To ensure the rigor-
ousness of our experiments, we divide the test data into two
groups, i.e., an unexamined test set and an examined test set
on Tmall and UB. Notice that "examined" means that the
target item appears in a previous heterogeneous sequence,
while "unexamined" denotes the contrary. We conduct an
evaluation of our proposed BMLP, in comparison with three
heterogeneous non-sequential recommendation methods, i.e.,
MBGMN [12], CML [36] and MMCLR [37] and a classi-
cal sequential recommendation method SASRec. The results
are shown in Table 7. According to the experimental results,
we can obtain the following observations: 1) Two sequen-
tial recommendation methods demonstrate a slightly superior
performance on the examined test set compared to the over-
all average, while they experience a substantial decline on the
unexamined test set. It suggests that the presence of the target
item in the historical sequences simplifies the prediction task
to some extent. 2) Regarding non-sequential recommenda-
tion, the performance degradation on the unexamined test set
is not that much, indicating that the non-sequential recom-
mendation methods are not particularly sensitive to the oc-
currence of the target item in historical sequences. 3) When
comparing the results on the unexamined test set, our pro-

posed method BMLP, still outperforms both the heteroge-
neous non-sequential recommendation methods and the se-
quential recommendation method SASRec. Notice that a pre-
vious study [35] has also observed that heterogeneous non-
sequential recommendation methods exhibit particularly poor
performance.

4.8 Hyperparameter Sensitivity (RQ7)

In this subsection, we explore the impact of two hyperparam-
eters on our model, i.e., the number of heads and the lengths
of the most recent auxiliary behavior subsequences.

4.8.1 The impact of the number of heads

We conduct the corresponding experiments with H €
{1,2,4,8}.
shown in Fig 4. We find that the overall performance of our

The experimental results on four datasets are

model reaches the best when H = 2. When H is too large or
too small, the performance is slightly worse. A larger value
of H means that the feature dimension on each head is cor-
respondingly smaller. If the feature dimension is too small,
the information of the subspace cannot be accurately repre-
sented. A moderate value of H can balance the dimensional-
ity of each subspace and the number of subspaces.

4.8.2 The impact of the length of the auxiliary behavior
subsequences

The recent auxiliary behavior subsequences are used as the
input of the PIP module, of which the length is important
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Fig. 4: Recommendation performance of our BMLP with dif-
ferent numbers of heads on four datasets.
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Fig. 5: Recommendation performance of our BMLP with dif-
ferent lengths of the most recent auxiliary behavior subse-
quences, i.e., L’ € {3,4,5, 6,7}, on four datasets.

for the dissection of the PIP module.
duct comparison experiments with different lengths of these

Therefore, we con-

subsequences on each dataset, and the values of the length
are selected from {3,4,5,6,7}. The experimental results are
shown in Figure 5. We can see that the overall performance
of our model reaches the best when L’ = 5. When the lengths
of the most recent auxiliary behavior subsequences are rel-
atively large or small, the model performance will decrease.
The previous auxiliary behaviors become less important for
the next purchased item when L’ is too large. Moreover, when
the length is too small, it may introduce noise to the short-
term purchase interest learned by the PIP module.

S CONCLUSIONS AND FUTURE WORK

In this paper, we propose a novel pure MLP-based solu-
tion, i.e., behavior-aware MLP (BMLP), for heterogeneous
sequential recommendation (HSR). Specifically, our BMLP
contains three modules, i.e., heterogeneous interest percep-
tion (HIP), purchase intent perception (PIP), and recommen-
dation. The main structure of HIP and PIP consists of two
MLPs, one dealing with sequential information and the other
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with feature representation. In the HIP module, we consider
behavior types and behavior transition relations for model-
ing behaviors at multiple granularities to capture a user’s het-
erogeneous interests. In the PIP module, we adaptively ag-
gregate the recent auxiliary behavior subsequences to obtain
a user’s dynamic purchase intent. Finally, the recommenda-
tion module fuses the heterogeneous interest and the purchase
intent for prediction. Extensive experiments show that our
BMLP outperforms the state-of-the-art baselines.

For future works, we are interested in leveraging rich con-
textual information, such as review comments and item at-
tributes. Moreover, we intend to generalize our model to
multi-task scenarios in order to improve the performance on
both the purchase and non-purchase behaviors.
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