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Abstract: Deep learning based recommendation methods, such
as the recurrent neural network based recommendation method
(RNNRec) and the gated recurrent unit (GRU) based recommen-
dation method (GRURec), are proposed to solve the problem of
time heterogeneous feedback recommendation. These methods
out-perform several state-of-the-art methods. However, in RNNRec
and GRURec, action vectors and item vectors are shared among
users. The different meanings of the same action for different
users are not considered. Similarly, different user preference for
the same item is also ignored. To address this problem, the models
of RNNRec and GRURec are modified in this paper. In the pro-
posed methods, action vectors and item vectors are transformed
into the user space for each user firstly, and then the transformed
vectors are fed into the original neural networks of RNNRec and
GRURec. The transformed action vectors and item vectors repre-
sent the user specified meaning of actions and the preference for
items, which makes the proposed method obtain more accurate
recommendation results. The experimental results on two real-life
datasets indicate that the proposed method outperforms RNNRec
and GRURec as well as other state-of-the-art approaches in most
cases.
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1. Introduction

Recently, several recurrent neural network based recom-
mendation methods, such as the recurrent neural network
based recommendation method (RNNRec) [1] and the
gated recurrent unit (GRU) based neural network recom-
mendation method (GRURec) [2], are proposed to address
the problem of time heterogeneous feedback recommenda-
tion [1]. In this scenario, different kinds of user feedback
with time stamps, such as rating, transaction, browsing,
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reviewing, sharing and so on, are used to generate person-
alized recommendation results. It is reported that RNNRec
and GRURec generate more accurate recommendation re-
sults than several traditional recommendation methods.

In RNNRec and GRURec, actions and items are rep-
resented by vectors. Recommendation results are gener-
ated according to action vector sequences and the corre-
sponding item vector sequences, which are the input of a
recurrent neural network. Action vectors and item vectors
are shared among users. That is, the vector of one kind
of action or one item remains the same when it is used
to generate recommendation for different users. However
in practice, the meaning of a same action is different for
different users. For example, some users give 3-point to
an item because they like it, but for other people, 3-point
means not very good. Another example is adding a pro-
duct into the cart. Some users add a product into the cart
because they will buy it later, but some users add a product
into the cart only to record it. RNNRec and GRURec do
not consider the difference of a same action for different
users. Similarly, these methods also ignore the difference
of user preference by sharing item vectors among users. To
address these problems, in this paper, we modify the mo-
dels of RNNRec and GRURec. In the proposed model,
item vectors and action vectors are transformed into the
user space for each user at first. Thus, the transformed ac-
tion vectors represent the specific meaning for the user, and
the transformed item vectors reflect the preference of the
user. Then, the transformed action vectors and item vectors
are input to the neural networks of RNNRec and GRURec
to generate personalized recommendation results.

The main contributions of this paper are twofold. Firstly,
we modify the models of RNNRec and GRURec by adding
the user space transformation part into the original mo-
dels, and the modified models are called TransRNNRec
and TransGRURec, respectively. In the proposed models,
the user specific meaning of the actions and the user pref-
erence to the items are considered by transforming the ac-
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tion vectors and item vectors into the user space in the
user space transformation part. This makes the proposed
models obtain more accurate results than RNNRec and
GRURec. Secondly, we verify the proposed models on two
real-life datasets. The experimental results indicate that the
proposed models outperform other state-of-the-art recom-
mendation methods.

The rest of this paper is organized as follows. In the next
section, we briefly review the traditional recommendation
methods and the newly proposed deep learning based re-
commendation methods. Section 3 presents the prelimina-
ries of this paper, including the introduction of the time he-
terogeneous feedback recommendation problem, RNNRec
and GRURec. And then, the proposed TransRNNRec
and TransGRURec are introduced in details in Section 4.
In Section 5, the proposed methods are compared with
some state-of-the-art methods on two large-scale real-life
datasets, and the convergence of the proposed methods are
also analyzed. Finally, the conclusions and future work are
provided in Section 6.

2. Related work

Recently, with the rising of deep learning, several deep
learning based recommendation approaches are proposed.
In these methods, deep learning models, such as restricted
Boltzmann machine (RBM), convolutional neural network
(CNN), stacked denoising autoencoders (SDAE), deep
structured semantic model (DSSM), recurrent neural net-
work and so on, are used solely or combined. Here, we
briefly introduce representative deep learning based rec-
ommendation. For more details, please see the surveys
[3.4].

Salakhutdinov et al. [5] reported that RBM slightly out-
performs singular value decomposition (SVD) on the Net-
flix dataset for rating prediction. Oord et al. [6] proposed
to get music feature vectors from audio data by a CNN for
recommendation. Wang et al. [7] combined SDAE [8] and
collaborative topic regression (CTR) [9] for recommenda-
tion. Elkahky et al. [10] proposed a DSSM based model for
cross domain recommendation. Wang et al. [11] proposed
a generative adversarial network (GAN) based informa-
tion retrieval method, which can be used for web search,
recommendation and question answering. Recurrent neu-
ral network is the most used model in the deep learning
based recommendation methods[4]. For example, Zhang
et al. [12] designed a recurrent neural network model for
ratings prediction. Hidasi et al. [13] proposed a recurrent
neural network based approach to predict the next items
that the user may click on. Wu et al. [1] proposed RNNRec
to solve the problem of time heterogeneous feedback re-
commendation. Liu et al. [2] added a GRU layer into the

model of RNNRec [1] and proposed a GRU based neural
network, GRURec, to perform multiple time scales analy-
sis and avoid the gradient vanishing during training. Ebesu
et al. [14] proposed a memory networks based recom-
mendation model, called collaborative memory networks
(CMN), where neural attention mechanism is also inte-
grated in this model. Li and She [15] proposed to use vari-
ational autoencoder (VAE) to learn deep latent representa-
tions from content data, and the implicit relationships be-
tween items and users are learned from both content and
ratings. Liang et al. [16] extended VAE by introducing a
different regularization parameter in the objective function
for implicit feedback. The parameters in the model are in-
ferred through the Bayesian method.

RNNRec and GRURec are most related to this work.
The main difference between these methods and the pro-
posed methods is that item vectors and action items are
transformed into the user space for each user in the pro-
posed model. The transformed action vectors and item vec-
tors represent the user specific meaning of the actions and
the user preference to the items.

3. Preliminaries

In this section, we first introduce the problem of time
heterogeneous feedback recommendation. And then, we
briefly introduce two recurrent neural network based re-
commendation methods, RNNRec [1] and GRURec [2].
The time heterogeneous feedback recommendation prob-
lem was first introduced in [1]. In this scenario, the rec-
ommender systems try to predict which items the users
may prefer in the future according to the user historical
feedback with time stamps. For more details, please see
[1]. Two recurrent neural network based recommendation
models, RNNRec and GRURec, are designed to solve the
time heterogeneous feedback recommendation problem.
The structures of these models are shown in Fig. 1 and
Fig. 2. In these methods, the time heterogeneous feedback
recommendation problem is transformed to estimating the
probability that a user will prefer an item in the future given
the historical feedback with time stamps, P(j|A;), here
A; = (a;1,ai2,...) is the feedback sequence of user i
sorted by time stamps. The recommender system will re-
commend the items that the user may access most likely.

In Fig. 1 and Fig. 2, the current user vector u, item vec-
tor v(t), feedback vector a(t) are the inputs of the RN-
NRec model. o(t) is the output of the model. The hidden
layer s(t) remembers the state of user historical activities,
and this part of the model is recurrent. The hidden layer
h represents the relatively stable user preference, and this
part of the model is non-recurrent. RNNRec outperforms
some state-of-the-art recommendation methods on large-
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scale real life datasets.

Fig.1 Structure of RNNRec

GRU

Fig. 2 Structure of GRURec

Howeyver, because of the recurrent structure in the model
of RNNRec, gradient vanishing may occur during train-
ing. And RNNRec is unable to analyze the feedback se-
quence on multiple time scales, which may lead to some re-
commendation error. To overcome these two drawbacks, a
GRU layer, the grey block in Fig. 2, is added into the model
of RNNRec. GRUs are able to prevent gradient vanishing
[17]. Furthermore, both long-term and short-term depen-
dencies in sequences can be learned through the reset gates
and the update gates in the GRU layer [18]. Thus, the users’
historical feedback sequences can be analyzed on multiple
time scales. For these reasons, GRURec gets more accu-
racy results than RNNRec. For more details about these
two methods, please see [1] and [2].

Although RNNRec and GRURec outperform some tra-
ditional recommendation methods, the embedding item
vectors and action vectors are unchanged among users. It
makes the models of RNNRec and GRURec cannot reflect
the different meanings of one kind of feedback activity for
different users and the different preference of users for a
same item. Thus, RNNRec and GURRec may obtain some
wrong recommendation results.

4. The proposed method

In this paper, in order to improve the accuracy of RNNRec
methods further, we modify the models of RNNRec and
GRURec, and propose TransRNNRec and TransGRURec,

respectively. In the proposed models, action vectors and
item vectors are transformed into the user space for each
user at first. The transformed action vectors and item vec-
tors represent the user specific meaning of the actions and
user preference to the items, respectively. And then, the
transformed action vectors and item vectors are fed into
the original models. The space transformation makes the
proposed models get more accurate results. Next we will
introduce TransRNNRec and TransGRURec in details.

4.1 RNNRec and GRURec with user space
transformation

The structures of TransRNNRec and TransGRURec are
shown in Fig. 3. The main difference between the pro-
posed models and the original models in Fig. 1 and Fig. 2
is that the item vector v(t) and action vector a(t) in the
input layer are transformed into the user space in the pro-
posed model. The parts of user space transforming in the
proposed model is marked by dashed box in Fig. 3.
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(a) Structure of TransRNNRec
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(b) Structure of TransGRURec

Fig. 3 Structure of TransRNNRec and TransGRURec

Similar as RNNRec and GRURec, in the proposed
model, users, items and actions are represented by hot vec-
tors, which are called the user, item and action vectors,
respectively. The current user vector u, item vector v(t),
action vector a(t) are the inputs of the proposed models.
In the original models in Fig. 1, the weight matrices V'
and W can also be viewed as the item embedding matrix
and the action embedding matrix, respectively. Each co-
lumn of matrix V' or W represents the latent feature of
an item or an action. The item embedding matrix V' and
the action embedding matrix W are shared among users
in RNNRec and GRURec, and this makes the original mo-
dels cannot reflect the different meanings of actions for dif-
ferent users and user preference to the items. Thus, in the
proposed models, the user space transformation matrix U,
is added for the user u, through which the item embedding
vector and the action embedding vector are transformed
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into the user space. And then, the transformed item em-
bedding vector and the action embedding vector are input
to the hidden layer. For example, in TransRNNRec, hidden
layers are calculated as follows:

s(t) =o(U,(Vou(t) + Wal(t)) + Xs(t—1)) (1)

where v(t) and a(t) are the current item vector and the
current action vector. s(t — 1) is the last hidden layer state.
V, W, X and @Q are the weight matrices between the in-
put layer and the hidden layer. Matrices V' and W are also
called the item embedding matrix and the action embed-
ding matrix, respectively. In (1), U, (Vv (t) + Wa(t)) is
the sum of the transformed item vector and action vector.

In TransGRURec, the reset gate 7, the update gate z and
the candidate hidden layer g in the GRU layer are calcu-
lated after the user space transforming, as follows:

r=cU,(W"a(t)+ Vo) + X "s(t—-1)) (2)

z=0(U,(W?a(t)+ V*v(t)) + X?s(t—1)) ()
g = tanh(U, Wa(t)+ Vou(t))+ X(s(t—1)or)) (4)

where W', V', X", W?Z?, VZ X* W, V and X are
the weight matrices, and o is the element-wise multipli-
cation. In the formulas above U, (W"a(t) + V"v(t)),
U.W?a(t)+V*v(t)) and U,(Wa(t)+ Vo(t)) are the
transforming of the item vector and the action vector.

The calculation of the hidden layer s(¢) in Trans-
GRUREec is the same with that in GRURec, as follows:

s(t)y=(1—2)og+zos(t—1). 5)

The hidden layer h and the output o(t) of TransRN-
NRec and TransGRURec are calculated in the same way
of RNNRec and GRURec.

h=0(Qu) (6)
o(t) = soft max(Y's(t) + Zh) @)
where Q, Y and Z are the weight matrices.

4.2 Model learning

The proposed model can be learned by the back propaga-
tion (BP) algorithm or the BP through time (BPTT) al-
gorithm. In this paper, the models of TransRNNRec and
TransGRURec are learned through BPTT cooperating with
root mean square prop (RMSPROP) [19] algorithm, which
is a variation of stochastic gradient descent (SGD). In RM-
SPROP, different parameters are updated using different
learning rates. The parameters with greater gradients in
previous training epochs get smaller learning rates, and the
parameters with smaller gradients get larger learning rates
on the contrary. For more details, please see [19].

4.3 Recommendation generation

The recommendation results are generated in the same
way of RNNRec and GRURec. After the models of Trans-
RNNRec and TransGRURec are learned, we calculate the
output of the neural networks at the last time stamp for
each user. And then, pick up the K largest elements of the
output. The indexes of these elements are the IDs of the
items recommended to this user.

4.4 Computational complexity

In TransRNNRec, the time complexity of computing the
model output is about o((D + n)D), here D is the dimen-
sion of the hidden layer, and n is the number of items. The
complexity of updating weight matrices between the out-
put layer and the hidden layer, Y and Z, once is about
o(nD). The complexity of updating matrices X and U,
once is about o(D?). Only one column of matrice W, V/
or @ is updated for a single training sample, so the com-
plexity of updating these matrices once is about o(D). If
these matrices are updated by BPTT, the complexities are
about o(T D?) and o(T D), here T is the number of the un-
folded time steps. In recommender systems, n > D, so the
complexity of processing a single training sample through
the BP algorithm is about o(T'D). If the BPTT algorithm
is used to train the model, the complexity of processing
a single training sample is slightly higher than o(T' D). If
there are ng training samples, the complexity of training
the model in one iteration through the BPTT algorithm is
slightly higher than o(nsnD).

Similarly, in TransGRURec, the complexity of comput-
ing the output is about o((D + n)D). The complexity of
training the TransGRURec model in one iteration through
the BPTT algorithm is slightly higher than o(nsnD).

Because there are more weight matrices in Trans-
GRURec, the complexity of TransGRURec is higher than
that of TransRNNRec. Because of the user space trans-
forming in models of TransRNNRec and TransGRURec,
the complexities of TransSRNNRec and TransGRURec are
slightly higher than those of RNNRec and GRURec, re-
spectively.

5. Experimental results and discussions

In this section, the proposed methods are verified on two
large-scale real-life datasets. First, the datasets and the
quality metrics are introduced. Then, the experiment set-
ting is presented. Next, the proposed methods are com-
pared with several state-of-the-art approaches. Finally,
convergence analysis of the proposed method is provided.

5.1 Datasets and metrics

We evaluate the proposed methods, TransRNNRec and
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TransGRURec, on the Taobao 2014 dataset and the Lastfm
dataset [20]. Table 1 summarizes the statistics of these
datasets. A total of 884 users’ 182 880 activities on
9 531 items on Taobao (www.taobao.com) are collected
in Taobao 2014 dataset. There are four kinds of activities
in this dataset, including clicking, adding into the favorites
list, adding into the cart and buying.

Table 1 Statics of the datasets

Data set Taobao 2014 Lastfm
Number of users 884 1892
Number of items 9531 17 632
Number of feedback 182 880 186 479
Average feedback per user 206.88 98.57
Average feedback per item 19.18 10.58
Density 2.17x10~2 5.59%10~3
Kinds of feedback 4 1

There are 1 892 users and 17 632 artists in the Lastfm
(http://www.lastfm.com) dataset [17]. A total of 186 479
tags assigned by users are also recorded. All of these tag
activities are transformed into one kind of feedback in the
experiments to verify the proposed methods in the circum-
stance of implicit feedback.

The recommendation results are evaluated by F1 score
for each user, which is often used in information retrieval
and classification to measure the performance. F1 score is
the weighted average of precision and recall, as follows:

2 - precision - recall

Fl = 8
precision + recall ®)
o |prediction_set N reference_set|
precision = — )
|prediction _set|
rediction_set N reference_set
recall = [P | (10)

|reference_set|

where prediction_set is the item set recommended
to the users obtained by the recommendation method.
reference_set is the relevant item set containing all of the
items in the testing data. | - | is the number of elements in
the set.

5.2 Experiment settings

In the time heterogeneous feedback recommendation prob-
lem, recommendation results are generated according to
the historical feedback activities, and verified by compar-
ing them with the feedback activities in the future. There-
fore, the datasets are divided into the training data and the
testing data according to the time stamps of the feedback
firstly. For the Lastfm dataset, we pick the last 10 or 20 tag
activities of each user as the testing data, and the rest are
treated as the training data. For the Taobao 2014 dataset,
we select activities in the last 10 or 20 days as the testing
data, and the rest are treated as the training data. In the ex-
periments, the items in the testing data are set as the rele-

vant items (reference_set in (9) and (10)). Then, we train
TransRNNRec, TransGRURec and the compared method.
After that, we generate the recommendation item lists
(prediction_set in (9) and (10)) using the trained methods.
Finally, F1 scores of the recommendation results obtained
by each method are calculated.

The proposed methods are verified in the cases of D =
16 or D = 32 in the experiments. Here, D is the dimension
of the hidden layer.

The learning rate of the proposed methods is selected
according to the experimental results in Section 5.4. The
best learning rate of TransSRNNRec and TransGRURec
on the Taobao 2014 dataset is 0.001. The best learning
rates of TransRNNRec and TransGRURec on the Lastfm
dataset are 0.01 and 0.001, respectively. For convenience,
the learning rate of the proposed methods is set to 0.001 on
the Taobao 2014 dataset and 0.01 on the Lastfm dataset.

According to [19], the decay rate of RMSPROP is set to
0.9 or 0.95 typically. Thus, the decay rate is set to 0.95 on
all datasets.

The proposed methods are implemented in Python using
Theano and accelerated by GPUs.

5.3 Comparison

The proposed methods are compared with four state-
of-the-art recommendation methods, weighted regula-
rized matrix factorization (WRMF) [21], Bayesian per-
sonalized ranking for matrix factorization (BPRMF) [22],
weighted BPRMF [23] and SoftMarginRankingMF [24]
on the Taobao 2014 dataset and the Lastfm dataset [20].
Three classical collective filtering methods, the user-
based k-nearest neighbors recommendation method (KNN
(user)), the item-based k-nearest neighbors recommenda-
tion method (KNN(item)) and the most popular item re-
commendation method (Most Popular) are taken as base-
lines in the experiments. The proposed method is also com-
pared with RNNRec and GRURec to illustrate the im-
provement of the user space transforming. The compared
methods are briefly introduced as follows:

(1) KNN (user), the user-based k-nearest neighbors re-
commendation method;

(i) KNN (item), the item-based k-nearest neighbors re-
commendation method;

(iii) Most Popular, which recommends the most popular
items to the users;

(iv) WRMF [21], where the weighted sum-of-square of
matrix factorization errors is minimized;

(v) BPRMF [22], where the objective function is pair-
wise comparison error;

(vi) Weighted BPRMF [23], an extension of BPRMF,
where a weight is given to each pair of comparison;
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(vii) SoftMarginRankingMF [24], an extension of maxi-
mum margin matrix factorization (MMMF) [25], where
the objective function is the ordinal regression score;

(viii) RNNRec, a recurrent neural network based recom-
mendation method without user space transforming;

(ix) GRURec, a GRU based recommendation method
without user space transforming.

All of the compared methods except RNNRec and
GRURec are implemented in MyMediaLite [26]. In the ex-
periments, the parameters of the compared methods are set
to the optimal values stated in the original literature. The
parameters of RNNRec and GRURec are the same as those
of TransRNNRec and TransGRURec. We train RNNRec,
GRURec and the proposed methods through the BPTT al-
gorithm with RMSPROP. The unfolded steps of BPTT is
set to 15 for these methods. The experiment is performed
five times for each case. Mean and standard deviations (in
the brackets) of F1@10 and F1@20 are calculated and
listed in Tables 2—5 to make the comparison clear. The
best results with statistical significance are shown in bold.
In the tables, Test=10 means that the last 10 feedback ac-
tivities of each user in the Lastfm dataset are selected as
the testing data, or the feedback activities in last 10 days
of each user in the Taobao 2014 dataset are selected as the
testing data. The meaning of Test=20 is similar to that of
Test=10.

Table 2 Comparison results on Taobao 2014 Dataset (Test=10)

about 20% on average, respectively. The main reason is
that there is no user space transformation part in the mo-
dels of RNNRec and GRURec, and the user action and
item information are transformed into user space in the
proposed methods, which can improve the recommenda-
tion accuracy.

Table 3 Comparison results on Taobao 2014 Dataset (Test=20)

Method D =16 D =32

FI@I0 Fl@20 FI@I0 FI@20

0.0365 00389 00365 0.0389
KNN(user) (0.0000) (0.0000)  (0.0000) (0.000 0)
KNN(item) 0.0283 00321 00283 0.0321
Hem. (0.0000) (0.0000)  (0.0000) (0.000 0)

Most booular 0.0326 00380 00326 00380
popu (0.0000) (0.0000)  (0.0000) (0.000 0)
0.0393 00443 00354 00410
WRMF (0.0009) (0.0003)  (0.0012) (0.0009)
00221 00271 00258 00296
BPRMF (0.0013) (0.0012) (0.0012) (0.0014)

. 00090 00112 00104 00296
Weighted BPRMF ) 100 4) (0.0006)  (0.001 1) (0.001 4)
o ) 00137 00179 00146 00185
SoftmarginRankingMF (61 51 0.0017)  (0.0027) (0.0020)
00576 00641 00573 00637
RNNRec (0.002 1) (0.0016) (0.0026) (0.002 1)
00722 00745  0.0764 0.0768
TransRNNRec (0.0005) (0.0015)  (0.0013) (0.0007)
0.0610 00680 00626 0.0680
GRURec (0.0012) (0.0009) (0.0018) (0.0018)
TransGRURec 0.0732 00758 00744 00757

(0.001 0) (0.0010) (0.0017) (0.0019)

Table 4 Comparison results on Lastfm dataset (Test=10)

D=16 D =32
Method
Mothod D =16 D =132 etho Fl@l0 Fl@0 Fl@l0 Fl@20
FI@I0 Fl@20 Fl@10 Fl1@20 KNN(usen 00231 00214 00231 00214
KNN(sser) 00260 00258 00260 00258 (0.0000) (0.0000)  (0.0000) (0.000 0)
i (0.000 0) (0.000 0) (0.000 0) (0.000 0) KNN(item) 0.0255 0.0245 0.0255 0.0245
KNN(item) 0.0214 0.0223 0.0214 0.0223 (0.000 0) (0.0000)  (0.0000) (0.0000)
(0.0000) (0.0000)  (0.0000) (0.0000) Most popular 00139 00119 00139 00119
Most popular 00248 00257 00248 00257 (0.0000) (0.0000)  (0.0000) (0.0000)
st pop 0.0000) (0.0000)  (0.0000) (0.0000) WRME 00231 00231 00233 00230
00308 00205 00298 00280 (0.0002) (0.0002) (0.0002) (0.000 5)
WRMF (0.0005) (0.0004)  (0.0007) (0.0004’ BPRMF 00175 = 0.0171 00185 = 0.0175
00171 00182 00175 00084 (0.0013) (0.0006) (0.0007) (0.000 4)
BPRMF (0.0013) (0.0013) (0.0015) (0.0010) Weighted BPRMF 00177 0.0177 = 0.0188 = 0.018 8
0.0077 00078 00076 0.0084 ©.001 1) (9.0007)  (0.0014) (0.001 4)
Weighted BERMF "0t 2 o0 0001 4 (0,000 SoftmareinRankingMp 00106 00113 0.0097  0.0104
(0-009 8> (0-011 6) (0~011 1) (0~011 7) g Y (0.0017) (0.0015)  (0.0011) (0.001 1)
SoftmarginRankingMF - - : . 0.0550 00374 00705 0.0478
(8'8251; ?1” (882; g) (g‘ggé ;) (8822 2) RNNRec (0.0015) (0.0011) (0.0015) (0.0013)
: : X X 00779 00506  0.0945 0.0570
RNNRec
(0.002 7) (g.gog g) (882% ;) (8.805 2) TransRNNRec (0.0035) (0.0013) (0.0015) (0.0012)
0.0623  0.05 X .05 00798 0.0558 01116 0.0747
TransRNNR - - -
rans € 0.0033) (0.0015 (0.0017) (0.0015) GRURec 0.0025) (0.0007)  (0.0016) (0.0017)
00514 00488 00519 0.0497 00540 00403 00890 0.0560
GRURec (0.0008) (0.0009)  (0.0020) (0.001 1) TransGRURec (0.0034) (0.0019)  (0.0057) (0.002 6)
TransGRURec 00633 00580 00658 0.0593

(0.0018) (0.0020)  (0.0019) (0.001 3)

On the Taobao 2014 dataset, as shown in Table 2 and
Table 3, the proposed methods outperform the original me-
thods in all cases. Compared with RNNRec and GRURec,
TransRNNRec and TransGRURec improve F1 scores by

On the Lastfm dataset, TransRNNRec obtains more ac-
curacy results than RNNRec in all cases. The F1 scores ob-
tained by TransRNNRec are about 30% higher than those
obtained by RNNRec on average. The reason is the same as
that on Taobao 2014 dataset. The user action and item in-
formation are transformed into user space in the user space
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transformation part in TransRNNRec, and this improves
the recommendation accuracy. However, TransGRURec
does not outperform GRURec on the Lastfm dataset. The
possible reason is that there are only one kind of feedback
in the Lastfm dataset. The advantage of user space trans-
forming may not be obvious in this situation. Furthermore,
the Lastfm dataset is sparser than the Taobao 2014 dataset.
The model of TransGRURec is more complex than that of
GRURec. More training data are needed for TransGRURec
to get better results.
Table 5 Comparison results on Lastfm dataset (Test=20)

Method D =16 D =32

Fi@l0 Fi@20 Fl@I0 FI@20

0.0309 00331 00309 00331
KNN(user) (0.0000) (0.0000)  (0.0000) (0.000 0)

) 0.0328 00357 00328 00357
KNN(item) (0.000 0) (0.0000)  (0.0000) (0.000 0)
Most sonl 00167 00185 00167 00185
Ost poputar (0.0000) (0.0000)  (0.0000) (0.000 0)
0.0339 00369 00346 00378
WRMEF (0.0003) (0.0003)  (0.0004) (0.0003)
0.0248 00272 00276 0.0299
BPRMF (0.0013) (0.0011) (0.0007) (0.0013)

. 0.0248 00272 00276 0.0299
Weighted BPRMF (/60 9) (0,001 1) (0.0007) (0.001 3)
. . 00144 00171 00134 00175
SoftmarginRankingMF 51 3) 0.0014)  (0.0018) (0.0009)
0.0567 00437 00780 0.0590
RNNRec (0.0008) (0.0009)  (0.0022) (0.0027)
0.0825 00568  0.0957 0.0628
TransRNNRec (0.0015) (0.0004)  (0.0013) (0.0007)
GRURec 0.0957 00716 01142 0.0853
(0.0029) (0.0024)  (0.0014) (0.0007)

00514 00419 00768 0.0547
TransGRURec (0.0036) (0.0020) (0.0051) (0.0035)

In all cases, not only RNNRec and GRURec but also
the proposed methods outperform other compared me-
thods. This indicates the recurrent neural network based
models are more suitable to deal with the time heteroge-
neous feedback recommendation problem than the tradi-
tional methods, including the matrix factorization based
methods, such as WRMF, BPRMF, weighted BPRMF and
SoftMarginRankingMF.

The results obtained by the proposed methods in the
cases of D = 32 is better than those in the cases of
D = 16. This indicates that higher hidden layer dimen-
sions can improve the accuracy of the recommendation re-
sults of the proposed method. However, training the model
with higher hidden layer dimensions needs more comput-
ing time. A suitable hidden layer dimension should be se-
lected by trading off between accuracy and training time
according to the application scenario.

5.4 Convergence analysis

To demonstrate the convergence of the proposed methods,
we draw the curves of the testing F1@10 and F1 @20 dur-
ing the training process at different learning rates in Fig. 4

and Fig. 5. The learning rates are set to 0.01, 0.005 and
0.001 on the Taobao 2014 dataset and the Lastfm dataset.
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From Fig. 4(a) —Fig. 4(d) and Fig. 5(a) — Fig. 5(d), it can
be observed that the converge speed of TransRNNRec at a
lower learning rate is slower than that at a higher learn-
ing rate. On the Taobao 2014 dataset, the training progress
of TransRNNRec converges within about 20 epoches. The
best result is obtained when the learning rate is set to 0.001
on the Taobao 2014 dataset. When the learning rate is
high (0.01 and 0.005), the curves of F1 score fluctuate up
and down in a narrow range after several epoches. And in
case of lower learning rates, the curves of F1 score are re-
latively smooth after convergence. This indicates that the
lower learning rate can avoid fluctuation during training.
On the Lastfm dataset, the best learning rate of Trans-
RNNRec is 0.01, and the training of TransRNNRec con-
verges within 40 epoches at the learning rate of 0.01.

According to the curves in the Fig. 4(e)—Fig. 4(h)
and Fig. 5(e)—Fig. 5(h), the best learning rate of Trans-
GRURec on the Taobao 2014 dataset is 0.001. Trans-
GRURec converges within 20 epoches on the Taobao 2014
dataset. The converging process of TransGRURec on the
Taobao 2014 dataset is very similar to that of Trans-
RNNRec on this dataset. The best learning rate of Trans-
GRURec on the Lastfm dataset is 0.001. The converging
speeds of TransGRURec at lower learning rates (0.005 and
0.001) on this dataset are very slow. Especially at the learn-
ing rate of 0.001, more than 80 epoches are needed for con-
vergence. The reason is that the Lastfm dataset is sparser
than the Taobao 2014 dataset. Using more training samples
can speed up the convergence.

6. Conclusions and future work

In this paper, we modify the model of RNNRec and
GRURec, and propose TransRNNRec and TransGRURec,
in which the action vectors and the item vectors are trans-
formed into user space before entering the recurrent neural
network. This makes the transformed action vectors and
item vectors can represent user specified action meaning
and the preference to items. This advantage makes the pro-
posed methods outperform the original methods and other
state-of-the-art recommendation methods.

It is reported that the external knowledge can help to
improve the recommendation accuracy. For example, Ora-
maset al. [27] linked tags and textual descriptions in a mu-
sic recommender system to the external knowledge graph,
and obtained graph based item feature for recommenda-
tion. One of the future research direction is to combine the
information in the recommender system and the external
knowledge to generate more reasonable recommendation.
External knowledge can be used to generate recommenda-
tion reasons, and it is also a valuable research direction.

Another possible research direction is to improve the
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training sample utilization efficiency of recurrent neural
network based recommendation. The recurrent neural net-
work based recommendation models are more complex
than the traditional recommendation models, and more
training samples are needed to get satisfied results for
these models. Improving the training sample utilization ef-
ficiency of these models can make them more widely ap-
plied.
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