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ABSTRACT

In this paper, we focus on the task of sequential recommendation
using taxonomy data. Existing sequential recommendation meth-
ods usually adopt a single vectorized representation for learning
the overall sequential characteristics, and have a limited modeling
capacity in capturing multi-grained sequential characteristics over
context information. Besides, existing methods often directly take
the feature vectors derived from context information as auxiliary
input, which is difficult to fully exploit the structural patterns in
context information for learning preference representations.

To address above issues, we propose a novel Taxonomy-aware
Multi-hop Reasoning Network, named TMRN, which integrates a
basic GRU-based sequential recommender with an elaborately de-
signed memory-based multi-hop reasoning architecture. For en-
hancing the reasoning capacity, we incorporate taxonomy data as
structural knowledge to instruct the learning of our model. We asso-
ciate the learning of user preference in sequential recommendation
with the category hierarchy in the taxonomy. Given a user, for each
recommendation, we learn a unique preference representation cor-
responding to each level in the taxonomy based on her/his overall
sequential preference. In this way, the overall, coarse-grained pref-
erence representation can be gradually refined in different levels
from general to specific, and we are able to capture the evolvement
and refinement of user preference over the taxonomy, which makes
our model highly explainable. Extensive experiments show that our
proposed model is superior to state-of-the-art baselines in terms of
both effectiveness and interpretability.
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1 INTRODUCTION

Nowadays, recommender systems have become increasingly im-
portant in facilitating the selection of online resources, i.e., items.
Instead of seeking static recommendation results at a time, it is
usually more common to predict the successive item(s) that a user
is likely to interact with given her/his previous interaction records
over time [33], called sequential recommendation. It has been widely
recognized that human behavior is very complex and the accurate
prediction for sequential actions is a challenging task [20]. For
tackling this task, various approaches have been proposed in the lit-
erature [10, 13, 33, 40], including the recent progress with recurrent
neural networks (RNN) [13, 21, 45].

With the rapid growth of web content, many studies further
leverage rich context information for improving the performance
of sequential recommendation [14, 18, 24]. Although these context-
aware methods have achieved performance improvement to some
extent, there are two major problems for the utilization of context
information in sequential recommendation. On one hand, existing
studies usually adopt a single vectorized representation for learning
the overall sequential characteristics reflected in the dependency
among adjacent user-item interactions. Hence, the learned prefer-
ence representation has a limited modeling capacity in capturing
multi-grained sequential characteristics corresponding to varying
context information. For example, it is difficult to directly infer the
sequential characteristics from user behaviors w.r.t. a specific cate-
gory and its sub-categories using previous methods. On the other
hand, existing sequential recommendation methods directly take
the feature vectors (e.g., a single vector [13] or multiple attribute-
based vectors [18]) derived from context data as the auxiliary input.
Such a kind of strategy makes it still difficult to exploit the struc-
tural patterns in context information (e.g., the data hierarchy) to
enhance the preference representations. Overall, there is a lack
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of the direct association between the data characteristics of con-
text information and the modeling of user preference in existing
sequential recommendation methods.

For solving the above problems, we are inspired by a phenom-
enon that many online platforms have already set up item tax-
onomies for ease of browsing or selecting resources [48]. A taxon-
omy provides a hierarchical navigation to instruct users’ selection
process [43, 53], which is likely to influence users’ preference [4].
In Figure 1, we present an illustrative example of such a product
selection process by a user on Amazon. As we can see, an item
taxonomy is a tree-structured category hierarchy in essence, where
each non-leaf node corresponds to a category label, representing
some attributional or grouping semantics of items. As such, a user
can utilize the structured knowledge from the provided taxonomy
for her/his clicking or purchasing decision in a recommender sys-
tem. Moreover, we see that the user’s preference is gradually refined
through such a hierarchical process with multiple hops.
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Figure 1: An illustrative example of the product selection
process by a user with the taxonomy from Amazon.

Motivated by this example, our main idea is to associate the
learning of user preference in sequential recommendation with
the category hierarchy in the taxonomy. Given a user, for each
recommendation, we learn a unique preference representation cor-
responding to each level in the taxonomy based on her/his overall
sequential preference. In this way, the overall, coarse-grained pref-
erence representation is gradually refined in different levels from
general to specific, which naturally captures the evolvement and
refinement of user preference over the taxonomy in multiple hops.

In this paper, we propose a novel Taxonomy-aware Multi-hop
Reasoning Network (TMRN) for better understanding and mod-
eling user preference in sequential recommendation. For imple-
menting the multi-hop learning mechanism, we adopt memory-
augmented neural networks, which have been shown to be effec-
tive in performing complex reasoning tasks with the enhanced
inference capacity [23, 27]. We extend the basic GRU-based sequen-
tial recommender by integrating it with an elaborately designed
memory-based multi-hop reasoning architecture. Specially, we set
up a different memory matrix for each hop, and incorporate the
corresponding category knowledge from the associated level in the
taxonomy. For utilizing the taxonomy data, we propose to learn the
representations for the category nodes by using a network embed-
ding approach. At each recommendation, the sequential preference
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representation from GRUs is first derived as the query to read
out the associated content of the corresponding memory matrices.
Furthermore, we successively perform the reasoning based on the
memory content that has been read out, and obtain the multi-hop
preference representations.

As a main technical contribution, we utilize the hierarchical
structure of taxonomy data to instruct the learning of user prefer-
ence. We associate the modeling of multiple fine-grained sequential
preference representations with corresponding category levels in
the taxonomy. Our reasoning network can characterize both overall
and fine-grained sequential characteristics for modeling user pref-
erence, which largely improves the learning capacity for complex
user behaviors. Interestingly, with such a hierarchical architecture,
our model is able to capture the evolvement and refinement of user
preference over the taxonomy, which is useful for understanding
the detailed decision-making process for an interaction [17]. Exten-
sive results on three real-world datasets have shown the superiority
of the proposed model in sequential recommendation.

2 RELATED WORK

In this section, we review the studies related to our work.

Early recommender systems aim to generate a static recom-
mendation list based on either implicit feedback [19] or explicit
feedback [32]. Later on, various kinds of context information have
been used to enhance the recommendation performance [22, 31, 38,
42, 47, 50, 51] and model interpretability [12, 30, 37, 49].

Different from the original recommendation task, sequential rec-
ommendation aims to predict the successive item(s) that a user is
likely to interact with given her historical data [33]. The pioneer-
ing study [33] proposes the FPMC model by combining Markov
chain and matrix factorization for next-basket recommendation.
The core idea of FPMC is to capture sequential patterns between
consecutive user-item interactions. Many existing studies follow
the similar idea and adopt different technical solutions [10, 40].
Recently, Recurrent Neural Networks (RNN) together with its vari-
ants LSTM and GRU have been widely applied to the sequential
recommendations [5, 13, 21, 29, 45, 46]. These RNN based methods
typically learn user preference by encoding the historical adoption
sequence into a latent vector. For improving the recommendation
performance, several studies further propose to incorporate context
information into RNN based methods [6, 14, 24]

Taxonomy data is a specific kind of context information uti-
lized in our approach, which is usually a tree-structured hierarchy.
Compared with knowledge bases [16, 47, 52], it is more easy to ob-
tain and widely adopted in real-world systems. Previous methods
usually use taxonomy data for resolving the sparsity problem in
recommendation models [25, 28]. Especially, Kanagal et al. [18] pro-
pose to combine the human-induced taxonomies and latent factor
models to improve the sequential recommendation. Zhang et al.
[48] propose to discover the taxonomy from shopping data automat-
ically and learn a taxonomy-based recommendation system jointly.
Wang et al. [41] propose to construct the explainable recommender
with tree-enhanced embedding models. Different from them, our
focus is to utilize the structural organization of taxonomy data for
constructing hierarchical multi-hop reasoning network.
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Recently, memory-based neural networks have been widely used
in providing the long-term data storage and enhancing the complex
reasoning capacity [1, 7, 8, 44]. By endowing memory networks
(MN) [44] with more powerful reasoning capacity, many effective
variants have been developed for different applications [2, 23, 35].
Especially, our method is related to RUM [2] in which memory
networks have been first applied for sequential recommendation.
However, RUM does not support the multi-hop reasoning, and it
can not directly utilize hierarchical knowledge information.

To our knowledge, our proposed TMRN model is the first sequen-
tial recommender which associates the learning of multi-grained
user preference with the category hierarchy in the taxonomy. Our
model can characterize both overall and fine-grained sequential
characteristics for modeling user preference. Besides, it is able to
model the evolvement and refinement of user preference over the
taxonomy, which largely enhances the reasoning capacity and the
model interpretability.

3 PRELIMINARIES

We detail the task that we address and describe the GRU-based
sequential recommender that our model is built on.

3.1 Problem Formulation

A recommender system mainly focuses on the interactions between
a user set U and an item set 7. The interaction sequence of a user
u € U consists of ordered interaction records generated by u, i.e.,
{i1,-+- iz, ,in, }, where i; is the item that u interacted with at
time ¢ and n, is the number of interaction records. Following [33],
the relative time index is used to number interaction records.
Besides, we assume that an item taxonomy C is also given, which
is organized in a tree-structured hierarchy. In C, a non-leaf node
corresponds to a category label and a leaf node corresponds to
an item. All the non-leaf nodes form a category hierarchy, where
a higher node corresponds to a more abstractive category. Each
item is associated with a category path from the root to the item
itself. Furthermore, we assume all the category paths have the
same length, denoted by K. Given item i, the associated categories

through the path from the root to i can be given as c} - clK,

where each node c{ is the only parent node of c{ "1 in the hierarchy.
Given the example in Figure 1, the product of “steering wheel cover”
corresponds to the category path “Automotive — Interior Accessories
— Covers". It can be seen that such a taxonomy provides valuable
knowledge information about the items, and forms a hierarchical
organization of the entire item set in different levels.

Based on the above notations, we define the task of sequential
recommendation as follows. Given the item taxonomy C and the
interaction sequence {iq, - , iz, -, in, } of user u, we aim to infer
the item that user u will interact with at time ny + 1.

3.2 GRU-based Sequential Recommender

Recently, recurrent neural networks (RNNs) have been widely ap-
plied to sequential recommendation for excellent sequence model-
ing capacity, especially the two improved variants of the long-short
term memory (LSTM) networks [15] and the gated recurrent unit
(GRU) networks [3]. Considering the simplicity and robustness, we
employ a GRU network as the basis of our model in this paper.
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For each user u, we use {i1, - ,i;} to denote an interaction
sequence between u and the items that u has interacted with so far.
Attime t, given h'tﬂl calculated at t—1, the GRU-based recommender
calculates a hidden state vector h¥ € RLH a5 follows:

Y = GRU(h}_,, qi,; D), (1)

where GRU(:) is the GRU unit [3], q;, € RL7 is the embedding
vector for item i; (item embedding for short), and ® denotes all
the related parameters of GRU networks. The GRU network can
encode the past interaction sequence of u into a hidden vector h¥,
modeling the sequential characteristics of u’s preference at time ¢.
Hence, we call h} the overall sequential preference representation of
user u.

Given user u, at time t, for a candidate item i, the GRU-based
recommender generates a ranking score by calculating an inner
product between the representations of u and i, formally we have
Su it = h't‘T - qi. According to these ranking scores, the recom-
mender ranks candidate items descendingly, and recommends items
with high scores.

4 METHOD

In this section, we present the proposed Taxonomy-aware Multi-hop
Reasoning Network (TMRN) for sequential recommendation.

4.1 Overview

In Fig 2(a), we present an overview of the proposed model. The
main contribution lies in the taxonomy-aware multi-hop reason-
ing mechanism. In our model, we integrate the basic GRU-based
sequential recommender (See §3.2) with a novel hierarchical multi-
hop memory network. Besides the overall sequential preference
representation, TMRN hierarchically learns multiple fine-grained
preference representations corresponding to different levels in the
item taxonomy, which can capture the evolvement and refinement
of user preference during the item selection process.

We detail TMRN in an asymptotical way. In §4.2, we introduce the
multi-hop reasoning architecture, whereas in §4.3 we detail the use
of taxonomy information for enhancing the reasoning mechanism.
§4.4 provides the application of the proposed model in sequential
recommendation.

4.2 The General Multi-hop Reasoning
Architecture

For constructing an effective reasoning network, we adopt memory-
augmented neural networks, since they have been shown to be
effective in performing complex reasoning tasks with the enhanced
learning capacity [23, 27]. Next, we present a novel multi-hop rea-
soning architecture for sequential recommendation.

4.2.1 The memory component. The proposed reasoning network
sets up an array of slots as long-term memory for storing informa-
tion. We assume K hops exist in our model. For a user, instead
of setting up a single memory matrix, we incorporate K user-
specific memory matrices, which enable the learning of preference
representations for multiple hops. Specially, for each user u, let

u -;my ] denote the corresponding memory

u _ ol L
MiE = [mig smy, o

matrix for the k-th hop, where the subscript of k indicates the hop
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(b) The memory layout and WRITE operation for the k-th hop.

Figure 2: The overview of the proposed model TMRN. The left figure presents an illustration of TMRN with three hops, and
a unique memory matrix is set up for each hop given a user. The right figure presents the memory layout and the WRITE
operation for the k-th hop. We can see that category embeddings have been incorporated corresponding to different hops.

index, m* € RIM is the a-th vector in the memory matrix, and

k,a
M;: has the size of Ly X A. We equip the memory component
in our model with two kinds of operations to obtain and update

information, namely the READ and WRITE operations.

4.2.2 Reasoning. Given a user u, let %, denote the preference
representation of u for the k-th hop at time ¢. Initially, we set the
preference as the transformed sequential representation from the
GRU-based recommender, ie., v}, = MLP(hY). For the k-th hop,
we derive the preference representatlon o bk using the information
from the previous hop, including the preference representation
v;" 4y @nd the output from the memory component o't" x

@)
where MLP(-) is a multi-layer perceptron consisting of several hid-
den layers and “@" denotes the vector combination operation, ie.,
vector concatenation here. To generate the output o“

u — u u
U MLP('ut’k_l ) ot,k)’

fpo We set the

input of the READ operation as u’s preference representatlon o¥ fk—1"

Using v* I k1 @5 aquery to read memory matrix M¥, our reasoning
network generates the output o | as follows
u
0k <—READ(Mk,‘Utk - 3)

Following [2, 35, 44], the READ operation can be specified by using
an attentive combination of use-specific memory vectors

A
OZk = Zwt,u,k,a'mz,a’ 4
a=1
exp(a(v), mz,a))
Wt u,k,a (5)

m )
where we set w; ,, i 4 as the attention weight of the a-th vector in
MY & sowe have o% tk € RLM Note that with the MLP transformation
in Eq. 2, vt’k is of the same size with mz’a,

A T
DIy exp(c(vt’ k-1

so that we can perform
successive reasoning from the memory component to obtain K
preference representations {v k}k ,- In Fig. 2(a), we present an
illustration example for the above reasoning procedure.
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4.2.3 Updating. At time t, when user u interacts with a new item
it, the memory component performs the WRITE operation using the
information of item i; to update the content in K memory matrices,
ie., {M]’;‘ }szl, which is given in an abstractive form:

M"Y — Wrare({M}1}1?. g, ), (©)
where q;, denotes all the necessary information related to item i;.
We leave the detailed implementation of WRITE operation in §4.3.3.

4.3 Utilizing Taxonomy Data for Instructing
the Reasoning Mechanism

In the above, we have introduced a general multi-hop reasoning
architecture for hierarchically learning different preference repre-
sentations in multiple hops. However, it is not clear what kind of
characteristics in user preference can be captured at each hop. In
this part, we study how to leverage taxonomy data for improving
the reasoning mechanism.

4.3.1 Motivation. A potential problem in existing memory-based
multi-hop reasoning models [35] is that the learning process is
difficult to explain and maintain. Our idea is to utilize the struc-
tural taxonomy to enhance the multi-hop reasoning mechanism. As
shown in Fig 1, the taxonomy organizes the category nodes in three
levels. The category nodes in each level correspond to a specific
granularity in terms of categorical semantics, which provides a
hierarchical navigation for the item set. Such a hierarchy is useful
to assist the selection process of a user from general to specific.
Hence, we aim to align the reasoning procedure with the category
hierarchy. We first infer users’ preference regarding general cate-
gories, and then gradually refine the learning of user preference by
focusing on more specific categories. In this way, each reasoning
hop has a more clear explanation, and the learning capacity will be
enhanced with external knowledge information.

4.3.2 Pretraining the embeddings for category nodes. For utilizing
the taxonomy information, we first learn the representations of
the category nodes. Our key idea is to preserve the association or
relatedness between different category nodes in terms of categori-
cal semantics, and utilize low-dimensional vectors to encode such



Session 9: Recommendation

information. Recall that an item i is associated with a path of K
category labels c} - c% - clK. In the path, each child node
should be similar to its parent node, and such node similarity is
transitive. Hence, we generate an edge for each node pair in the
path. We repeat the above process for the paths from all the items.
The weight of an edge is set to the occurrence frequency of the
corresponding node pair. Then, we apply the widely used network
embedding model LINE [36] to learn a distributed vector represen-
tation for each category node. We use the bold font cf e RLc to

denote the learned embedding for cf.‘ . Note that we do not incor-
porate item information for the learning of category embeddings,
since the major aim is to encode the hierarchical category seman-
tics. As will be shown later, we will combine the item embedding
with its associated category embeddings in use. There can be other
ways for embedding hierarchical data. Here we adopt the method
in [36] for its simplicity and effectiveness in our work (See §6.2.3
for experimental discussions).

4.3.3  Aligning the reasoning with the category hierarchy. Our key
idea is to align each hop in the reasoning network with a corre-
sponding level in the taxonomy. For achieving this, we specify the
setting of memory content and instantiate the WRITE operation in
the general reasoning architecture (See §4.2).

A major benefit of memory networks is that they can exactly
store information in a longer period. Hence, in [2], the authors
propose to fill the memory matrix with A latest items that u has
interacted with for sequential recommendation, which is expected
to yield a better performance than RNN based models. In our case,
we have additional taxonomy data for utilization. At time ¢, the
a-th memory vector in MZ for the k-th hop is set as follows

k
mz,a S qipgq @ Cit,aH’ @)
k . . .
where c¢; is the embedding of the corresponding category node

in the k—éhafelvel of the taxonomy for item i;_g41, S0 we have Ly =
L + Lc. With the concatenation, our memory matrix contains the
information of the item itself and the associated category on a level.

Another alignment lies in the WRITE operation. When a new
item i; comes, we update the memory content at the k-th hop with
its associated category embedding

{MEYY WRITE({M]’:}Old, qi, @ cft), (8)

where the WRITE operation is implemented by a first-in-first-out
mechanism according to [2, 18, 35]

[‘iiz—l;"' ;qit—Aﬂ; dit—A I=1 dit ;dit—l;"' ;dit—Aﬂ]’ )
—— ——
removed added

where ¢; = q; @ cf and the embedding of the earliest item i;_4 is
removed and the embedding of the new item i; is added in MZ For

different memory matrices in {M]’: }kK= we update them with the

corresponding category embedding in {cft }szl. Note that when the

memory is not full, the item is directly added without replacement.
See Fig. 2(b) for the illustration of the memory layout and update.
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4.3.4 Summary. We implement the alignment by associating the
reasoning procedure with the corresponding category embedding
in different hops. In this way, the k-hop reasoning is aligned with
the k-level hierarchy from the taxonomy. With {v}
capture the sequential characteristics of user prefere’nce in different
granularities. Note that such a learning architecture follows a hier-
archical way, so we can trace the evolvement and refinement of user
preference over the hierarchy. Eventually, we calculate u’s multi-
hop preference representation by summing up these K preference
representations,

}szl, we can

(10)
In contrast with h} that emphasizes the sequential preference, v}
emphasizes the multi-hop preference at the item selection process.

u _ u u u
vy =V @vt’z (3] Gth’K.

4.4 Sequential Recommendation

The working procedure of our reasoning network can be given
as follows. At time ¢, we first use the GRU-based recommender
(Eq. 1) to learn the overall sequential representation h¥. Then, we
employ h} as the initial query to perform the multi-hop reasoning
over the memory matrices. At the k-th hop, we obtain a new pref-
erence representation ’UZ i corresponding to the k-th level in the
taxonomy using Eq. 2. After K hops, we obtain a set of K preference
representations {v;‘ k }szl’ and derive the combined multi-hop pref-
erence representation @}’ using Eq. 10. Since h¥ and v} capture the
characteristics of user preference in different aspects, we further
concatenate hY and v} into a vector p} = h} ® v} as the final rep-
resentation. We utilize an inner product between the transformed
representations of u and i to calculate the ranking score:

Sui,t = MLP(p)T - MLP(g)), (11)
where MLP(-) is used to map vectors into the same dimensionality,
andq; =¢; ® ci @ c;( is the item representation combined with
all associated category embeddings. Overall, the process of feeding
the overall sequential user representation to memory component
performs like a decoding procedure, where we can gradually distill
more fine-grained preference representations with the instruction
of the hierarchical knowledge information from the taxonomy.

To learn the model parameters, we use a pairwise loss function:

ny
L= Z Z Z log o(su,i,,t = Su,j,t))s

uel t=1jel;
where n, is the length of interaction sequence of u in the training
set, 7,; is a small set of sampled items that user u has not interacted
with, and o(-) is the sigmoid function. For each item i we pre-train
the item embedding q; using the classic BPR model [32].

In contrast with existing sequential recommendation methods,
our model has the following merits: (1) our reasoning network
TMRN is able to capture both overall and fined-grained sequen-
tial characteristics in user preference; (2) we align the reasoning
process with the category hierarchy, which is able to characterize
the evolvement and refinement of user preference w.r.t. different
category levels; (3) our model is endowed with both the excellent
reasoning capacity from memory-based neural networks and the
interpretability from external structured knowledge.

(12)
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5 EXPERIMENTAL SETUP

In this section, we set up the experiments with the datasets, evalua-
tion metrics and baselines.

5.1 Datasets

In our experiments, we collect three real-world datasets from three
e-commerce portals respectively, i.e., AMAZON musIc [9], JD [39]
and LasT.FM [34]. Additionally, we collect or construct triple-level
hierarchical category labels from these three portals. Categories in
AmAzoN dataset contain music style, sub-style, and artist; categories
in JD dataset contain category, sub-category, and brand; whereas
categories in LAsT.FM dataset only contain artist and album. To
extend the concept hierarchy for LAsT.FM, we use the clusters of
the artists as a new kind of attribute labels (called music style). To
cluster artists, we first represent each artist by a one-hot vector
consisting of user ratings, and then group the artists according to
the similarities between their vectors. We treat each cluster as a
music style, and have 100 music style labels in total. Following [10,
33], we filter out unpopular items and inactive users with fewer
than k records. We set k = 5 in AMAzoN musIc dataset and k = 10
in other two datasets. We summarize the detailed statistics of the
datasets in Table 1. Our datasets and code are shared online via the
link https://github.com/RUCDM/TMRN.

Table 1: Statistics of our datasets. #L1, #L.2, and #L3 indicate
the number of first-level, second-level and third-level cate-
gory labels respectively.

Datasets #Interactions  #ltems #Users #L1 #L2 #L3
LAsT.FM 204,438 30,679 7,713 100 3,662 10,292
JD 1,644,953 121,976 50,000 167 1,012 10,845
AMAZON MUSIC 74,786 16,086 4,528 91 130 2,655

5.2 Task Settings

Following the previous settings [11, 32, 33], we consider two task
settings for evaluation, namely next-item recommendation and
multi-item recommendation. For next-item recommendation, we
hold out the last item of the interaction sequence as the test data;
for multi-item recommendation, we hold out the last 20% of the
interaction sequence as the test data. Since the item set is very
large, it is time-consuming to enumerate all the items as candidates.
Hence, following [11], we sample negative cases for each positive
record (user-item interaction) in the test set. We pair every positive
user record with 100 sampled items that the user has not interacted
with, called negative items. To sample reliable and representative
negative items, 50 items are sampled according to the popularity,
while the rest 50 items are sampled randomly.

5.3 Comparisons

We propose a novel Taxonomy-aware Multi-hop Reasoning Network
(TMRN) for sequential recommendation, named TMRN. We also
implement a variant by removing the external taxonomy infor-
mation from TMRN, named MRN. MRN follows all the details of
TMRN except it removes all the category embeddings, where mul-
tiple memory matrices degenerate into a shared memory matrix.
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Our baselines include related methods on general and sequential
recommendation with or without context data:

(1) BPR [32] is a latent factor model with implicit feedback,
which optimizes a pairwise ranking loss function;

(2) NCF [11] is a neural collaborative filtering method utilizing
a neural architecture to replace the inner product;

(3) FM [31] refers to a generic factorization machine and en-
hanced with the hierarchical category information;

(4) FPMC [33] is a hybrid model to capture both sequential ef-
fects and general interests of users for sequential recommendation;

(5) TF [18] proposes to combine the taxonomies and latent factor
models to improve the sequential recommendation;

(6) RUM [2] employs memory networks for implementing a
sequential recommender.

(7) GRU [13] is a GRU-based sequential recommender with
session-parallel mini-batch training.

(8) GRUF [14] proposes to concatenate both item vector and
feature vector as the input of GRU networks, which incorporates
auxiliary features to improve sequential recommendation.

5.4 Evaluation Metrics and Parameter Settings

To assess whether our method can improve the sequential rec-
ommendation, we adopt a variety of evaluation metrics following
previous work [2, 13, 33]: Precision (P), Recall (R), Mean Average
Precision (MAP), Mean Reciprocal Rank (MRR), and Hit Ratio (HR).

To set the parameters in our experiments, we either follow the
reported optimal parameter settings or optimize each model sepa-
rately using the validation set of 10% training data. For our model,
we adopt a one-layer GRU network, the hidden layer size Ly is set
to 256, the item embedding size Ly is set to 256, and the hierarchy
embedding size L¢ is set to 256. For memory matrices, A is set to 20,
and Ly; = Ly + L. All the MLP components are of one hidden layer
with the tanh activation function. We pre-train item embeddings
and hierarchical category embeddings. We use SGD to optimize
the parameters when we train models. We will discuss the effect of
parameter settings in §6.2.

6 RESULTS AND ANALYSIS

In this section, we present our experimental results and analysis.

6.1 Overall Performance

We first examine the performance of our methods for the two recom-
mendation tasks. Table 2 lists the performance of all methods using
different evaluation metrics. We can find that non-sequential recom-
mendation baselines, i.e., BPR and NCF, overall perform worse than
knowledge-aware or sequential recommendation methods. Among
all sequential recommendation baselines, FPMC performs worst.
The method TF can be considered as an enhanced version of FPMC
by incorporating taxonomy data for sequential recommendation.
As two competitive methods, RUM utilizes the memory network,
and GRU adopts the RNN-based architecture, both of which give
good performance in all three datasets. Furthermore, GRUF with
additional features achieves an obvious increase over GRU on most
of evaluation metrics.
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Table 2: Performance comparison of different methods on next-item and multi-item recommendation. “i” indicates the im-
provement of the TMRN over the baseline is significant at the level of 0.01. We also report the improvement ratio of our TMRN
model over the best performance of all the baselines for each dataset in parentheses.

’Datasets Methods{ Next-Item Recommendation Multi-Item Recommendation \
[P@10 R@10 MAP MRR HR@10 [[T@10 R@10 MAD MRR HR@10 |
BPR 0.051" 0.5147 0.2607 0.260" 0.514" 0.0817 0.215" 0.155" 0.224" 0.4197
NCF 0.060" 0.602" 0.436" 0.436" 0.602" 0.1297 0.342° 0.289" 0.435" 0.617"
M 0.065" 0.658" 0.3527 0.352" 0.658" 0.108" 0.307" 0.197" 0.290" 0.577"
FPMC 0.0567 0.5587 0.3827 0.3827 0.5587 0.1147 0.3077 0.2527 0.3657 0.5307
TF 0.065" 0.648" 0.388" 0.388" 0.648" 0.119" 0.329" 0.235" 0.308" 0.548"
LASTEM || RuM 0.065" 0.646" 0.416" 0.416" 0.646" 0.130" 0.3447 0.259" 0.379" 0.616"
GRU 0.060" 0.598" 0.457" 0.457" 0.598" 0.116" 0.308" 0.258" 0.445" 0.592"
GRUf || 0.072" 0.723" 0.571% 0.571% 0.723" 0.178" 0.443" 0.3777 0.558" 0.733%
MRN 0.063 0.682 0.509 0.509 0.682 0.155 0392 0326 0.490 0.671
TMRN || 0.073 (+1.4%) 0.730 (+1.0%) 0.603 (+5.6%) 0.603 (+5.6%) 0.730 (+1.0%) || 0.186 (+4.5%)  0.455 (+2.7%) 0.405 (+7.4%) 0.602 (+7.9%) 0.745 (+1.6%)
BPR 0.038" 0.3797 0.2317 0.2317 0.379" 0.0537 0.134" 0.106" 0.207" 0.3167
NCF 0.047" 0.470" 0.333" 0.333" 0.470" 0.058" 0.146" 0.126" 0.2117 0.366"
M 0.049" 0.487" 0.2627 0.2627 0.4877 0.0877 0.2117 0.1447 0.2487 0.5037
FPMC 0.0567 0.5617 0.3277 0.3277 0.5617 0.0747 0.1607 0.1267 0.2897 0.4667
TF 0.059" 0.592" 0.347" 0.347" 0.592" 0.114" 0.279" 0.189" 0.326" 0.612"
b RUM 0.063" 0.632" 0.478" 0.478" 0.632" 0.144" 0.310" 0.268" 0.528" 0.686"
GRU 0.071" 0.710" 0.368" 0.368" 0.710" 0.1317 0.292° 0.236" 0.491" 0.702%
GRUf || 0.0717 0.707" 0.491% 0.491% 0.707" 0.154" 0.327" 0.273" 0.533" 0.736"
MRN 0.071 0.708 0.508 0.508 0.708 0.166 0337 0.291 0579 0.750
TMRN || 0.073 (+2.8%) 0.732 (+3.5%) 0.528 (+7.5%) 0.528 (+7.5%) 0.732 (+3.5%) || 0.173 (+12.3%) 0.358 (+9.5%) 0.306 (+12.1%) 0.589 (+10.5%) 0.778 (+5.7%)
BPR 0.034" 0.338" 0.1477 0.147" 0.338" 0.0537 0.207" 0.1207 0.179" 0.375"
NCF 0.033" 0.326" 0.157" 0.157" 0.326" 0.054" 0.195" 0.130" 0.191F 0.370"
FM 0.0357 0.3467 0.1537 0.1537 0.3467 0.055" 0.2137 0.1227 0.1857 0.3857
FPMC 0.0367 0.3577 0.1667 0.1667 0.3577 0.055" 0.2107 0.1277 0.1947 0.3827
Amazon || TF 0.038" 0.376" 0.175" 0.175" 0.376" 0.060" 0.2117 0.125" 0.198" 0.413"
Music || RUM 0.043" 0.4327 0.198% 0.198" 0.4327 0.065" 0.253" 0.1427 0.211% 0.447%
GRU 0.037% 0.373" 0.171% 0.171% 0.373" 0.054" 0.206 0.116" 0.179" 0.3761
GRUF || 0.0437 0.432" 0.204" 0.204" 0.432° 0.068" 0.257" 0.151" 0.230" 0.459"
MRN 0.045 0.447 0.204 0.204 0.447 0.069 0.264 0.145 0.218 0.462
TMRN || 0.045 (+4.7%) 0.451 (+4.4%) 0.210 (+2.9%) 0.210 (+2.9%) 0.451 (+4.4%) || 0.070 (+2.9%)  0.265 (+3.1%) 0.152 (+0.7%) 0.233 (+1.3%)  0.470 (+2.4%)

We compare our proposed model TMRN with all the baselines.
Our base architecture MRN is the pre-trained GRU neural net-
work [13] integrated with the multi-hop reasoning mechanism.
We find that MRN, the simplification of TMRN, outperforms all
the other methods except GRUF. This is because GRUF utilizes
auxiliary features. With hierarchical knowledge, it is clear to see
that TMRN outperforms the other methods consistently, including
GRUF and MRN. We conclude that multi-hop reasoning is more
capable of learning users’ preference for sequential recommenda-
tion, and with the incorporation of hierarchical knowledge, TMRN
yields a larger performance improvement.

6.2 Model Analysis

In this section, we perform a series of detailed analysis for our pro-
posed model for further verifying the effectiveness and robustness.

6.2.1 \Varying the depth of hops. In our reasoning network, the
depth of hops is an important parameter for learning user prefer-
ence. Next, we study the effect of the depth of hops on sequential
recommendation. We select the best baseline GRUF as a reference.
We only present the performance comparisons on LAsT.FM dataset,
since the other results are similar and omitted here. Table 3 shows
the performance change by varying the depth of reasoning. Note
that for a fair comparison, we also vary the features used in GRUF:
it only takes the same categorial information that is available to
TMRN at each comparison. As shown in Table 3, we find that TMRN
outperforms GRUF consistently. Compared with GRUr, TMRN
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yields an increase of about 5.0% ~ 5.6% in the next-item recommen-
dation task and 6.6% ~ 8.5% in the multi-item recommendation
task by varying the number of hops. The results obtained from
both MRN and TMRN improves with the increasing of the depth
of hops, which indicates the effectiveness of multi-hop reasoning.
Another observation is when we use more categorical information,
the performance also improves.

Table 3: MAP performance with the increasing depth of hops
in TMRN on LasT.Fm dataset.

{ Next-Item Multi-item \

Methods [ T-hop 2-hop 3-hop | 1-hop 2-hop  3-hop |
GRUFE 0.525 0.552 0.571 0.332 0.355 0.377
MRN 0.494 0.502 0.509 0.314 0.321 0.326
TMRN 0.551 0.583 0.603 0.354 0.385 0.405

6.2.2  Varying the amount of training data. TMRN contains more
parameters to learn and theoretically has a higher model complexity
than baselines. We study the performance sensitivity of our models
by varying the amount of training data. We take 20%, 40%, 60% and
80% from the complete training data to generate four new training
sets, respectively. The test set is fixed as original. In Figure 3, we
can see that TMRN performs better than GRUF consistently with
four different training sets. Compared with GRUf Although the
model complexity of TMRN is higher, we take several effective
techniques to enhance the model learning, e.g., pretraining the item
and category embeddings. Furthermore, our reasoning architecture
is aligned with external taxonomy data. It effectively utilizes the
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hierarchical knowledge for developing a stable reasoning mecha-
nism, which is also useful to reduce the complexity for parameter
learning in practice.

0.64 0.24
0.6 . 0.21 .

Ay =%
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= 052 = = GRU
0.48 GRUg 0.15 B
- TMRN = TMRN =
0.4 0.12

0.2 03 04 0.5 0.6 0.7 0.8 0.2 03 04 0.5 06 0.7 0.8

(a) Last.fm (b) Amazon

Figure 3: Performance comparison with varying training
data.

6.2.3 Varying hierarchical concept embeddings. In our model, we
use the network embedding method LINE [36] for learning the
representations of category nodes. To see the effect of embedding
size on the performance, we vary it in the set {16, 32, 64, 128, 256}.
In Fig. 4(a), we see that an embedding size of 128 gives the best
performance for LINE. With the increasing of the embedding size,
TMRN gradually improves and is consistently better than GRUF.
As discussed previously, there can be other methods for learning
category embeddings. Here we consider three alternative methods
for comparison. Recall each item is associated with a path consisting
of category labels, which can be considered as a node sequence. So
we can apply RNN and Word2Vec [26] (W2V for short) for modeling
the sequences and learning node embeddings. The third method is
to construct a three-layer MLP model for predicting the category
labels and meanwhile learning node embeddings. As shown in
Fig. 4(b), LINE gives a better performance than the other methods.

0.62 0.64
GRUg
0.6 . N 0.6 R —
% 0.58 . b= 0.56 B
S 056 = 052
. _
GRUg 0.48 -
0.54 TMRY - o
0.52 - & & 8 KA
S & O
16 32 64 128 256 S L

(a) Varying the embedding size of LINE. (b) Varying embedding methods.

Figure 4: Performance tuning w.r.t. different embedding
sizes and different embedding methods.

6.3 Case Study

Previous experiments have verified that our model is capable to
generate high-quality sequential recommendations. Another major
benefit is that our recommendations are highly interpretable due to
the incorporation of taxonomy information in multi-hop reasoning
process. As a case study, Fig. 5 presents an interaction sequence
from JD, in which the purchase of the “Thinkpad laptop" leads to
subsequent purchases. TMRN utilizes the previous five records to
recommend a new product (the sixth) to the user. In the given
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example, each product is associated with a path in the taxonomy,
including the information for category, sub-category and brand.
Recall that we will learn a unique preference representation for
each level of the taxonomy given a user, which is able to capture
more fine-grained sequential characteristics for a user. At the first
hop, TMRN has firstly predicted a larger weight on the category
of computer accessories. Then, the model would focus on the prod-
ucts from computer accessories. In the second hop, our model has
predicted a larger weight on the subcategory of mouse pad, which

further narrows down the selection of products. In the third hop, it
was on the brand of Newmen. The intermediate representations w.r.t.
each hop are learned in a hierarchical way, which naturally model
the selection process from general to specific. After the three-hop
reasoning, we combine all the three user representations to obtain
the final user representation, which is more accurate to identify
the ground-truth product (i.e., Newmen mouse pad). This example
indicates our model is able to well understand users’ preference
for sequential recommendation, since it captures more fine-grained
preference representations aligned with the category hierarchy.

17-hop|
|

Computer i
Accessories!|

i Computer: ;| Computer

1 . .
i/Accessories: :Accessories

2 4

| Mouse &
| Keyboard

Brand ‘:

]
Taxonomy User Memory Multi-hop Reasoning

Figure 5: An interaction sequence from a sample user in JD
dataset. We show the intermediate predictions of TMRN on
the categories in the reasoning process. We use color dark-
ness to indicate the value of attention weights: darker is
larger. We characterize the sequential preference of the user
in three hops. We highlight the categories with high proba-
bilities in user memories with colored boxes.

7 CONCLUSIONS

In this paper, we have proposed a novel Taxonomy-aware Multi-
hop Reasoning Network (TMRN) for better understanding and
modeling user preference for sequential recommendation. We have
associated the learning of user preference with the category hier-
archy. Our model is able to model the evolvement and refinement
of user preference over the taxonomy, which largely enhances the
reasoning capacity and the model interpretability. Understanding
users’ decision-making process for sequential actions has been a
challenging topic [17, 20]. Here, we make an attempt by leverag-
ing structured knowledge information from taxonomy data. As
future work, we plan to develop more effective reasoning models
in capturing complex user behaviors.
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