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Abstract—Event-based social networks (EBSNs) are the newly
emerging social platforms for users to publish events online and
attract others to attend events ofﬂine. The content information
of events plays an important role in event recommendation.
However, the content-based approaches in existing event recommender systems cannot fully represent the preference of each
user on events since most of them focus on exploiting the
content information from events’ perspective, and the bag-ofwords model, commonly used by them, can only capture word
frequency but ignore word orders and sentence structure. In
this paper, we shift the focus from events’ perspective to users’
perspective, and propose a Deep User Modeling framework for
Event Recommendation (DUMER) to characterize the preference
of users by exploiting the contextual information of events that
users have attended. Speciﬁcally, we utilize convolutional neural
network (CNN) with word embedding to deeply capture the
contextual information of a user’s interested events and build
up a user latent model for each user. We then incorporate the
user latent model into probabilistic matrix factorization (PMF)
model to enhance the recommendation accuracy. We conduct
experiments on the real-world dataset crawled from a typical
EBSN, Meetup.com, and the experimental results show that
DUMER outperforms the compared benchmarks.

I. I NTRODUCTION
Event-based social networks (EBSNs), such as Meetup [1]
and Eventbrite [2], are the newly emerging social platforms
for users to publish events online and attract other users in
local city to attend events ofﬂine. The special combination of
online social networks and ofﬂine social interactions provides
a new way for users to establish and enhance social ties,
which has attracted thousands of users and enabled EBSNs
to gain momentum in recent years. According to the statistics
of Meetup [1], it has about 30 million registered users from
180 countries and more than 580,000 events are organized per
month.
Given the sheer volume of events in EBSNs, personalized
event recommendation is required to solve the information
overload problem and recommend the most interested events to
users. Although recommender systems have been extensively
studied, however, the unique features of events make event
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Fig. 1. Examples of the content of events in EBSNs

recommendation more challenging than traditional recommendation problems (e.g., movie recommendation on Netﬂix [3]
or friend recommendation [4]). The ﬁrst unique feature is that
each event in EBSNs has a short life cycle requiring the event
recommendation to be made before the event starts, which
is different from items (e.g., books on Amazon) in traditional
recommender systems that no time period information is taken
in account. More importantly, the newly published events
are scheduled in a near future, having little or no historical
attendance, and the user feedback information are given only
after an event has ended. In other words, the user feedback
information (e.g., ratings and comments) commonly used by
classic recommender systems becomes useless in EBSNs.
Therefore, these unique cold-start natures of events make event
recommendation problem in EBSNs very challenging, and the
classic recommendation algorithms (e.g., collaborative ﬁltering
and matrix factorization) cannot be directly applied for event
recommendation in EBSNs.
Several event recommender systems have been developed
to recommend the most interested events to users [5]–[9].
The content of events plays an important role in event recommendation as it contains many important information, such as
the topics and locations, as shown in Figure 1. Due to its importance, content-based approaches (e.g., LDA [10]) on events
are commonly adopted in existing event recommender systems
to calculate the similarity score between the events in terms
of contents for recommendation. However, the similarity-based
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approaches actually are not very suitable or effective for event
recommendation because of the cold-start nature of a new
event in EBSNs. Besides, compared with an event with short
life cycle, a user in EBSNs has a much longer life span and
usually has attended many events, which encourages us to
explore a user’s interests for event recommendation instead
of calculating the similarity between events. Based on this
intuition, we argue that it is more reasonable to exploit the
contextual information from the user’s perspective to capture
the preference of a user on events, than to recommend events
based on similarity between new events and historical events.
The bag-of-words model is a common text representation
model utilized in existing recommendation systems. However,
it cannot fully capture the contextual information of the
content, since it only represents word frequency but ignores
sentence structure and word orders of the content. Recently,
deep learning techniques, such as recurrent neural networks
(RNN) [11] and convolutional neural networks (CNN) [12],
show great potential for learning effective feature representation from text content [11]–[14]. In particular, RNN has a
recurrent network architecture to model sequential input and
output, while CNN is named for its convolutional operation
that extracts the local feature of the data. Inspired by these
work, in this paper, we utilize CNN to deeply capture the
contextual information of events from the user’s perspective
and incorporate them into a probabilistic matrix factorization
framework to conduct event recommendation.
In this paper, we exploit the content of events for event
recommendation in EBSNs, and shift the focus from event’s
perspective to user’s perspective. We propose a Deep User
Modeling for Event Recommendation (DUMER) to characterize the latent preferences of users by deeply exploiting
the contextual information of events that users have attended.
In particular, we use CNN with word embedding to deeply
capture the contextual information of user’s interested events
and build up a user latent factor model for each user. Then
we incorporate the user latent factor into probabilistic matrix
factorization (PMF) model to enhance the recommendation
accuracy. Note that [15] proposed a similar framework called
ConvMF that integrates CNN into PMF to capture contextual
information of documents and enhance the rating prediction
accuracy. However, ConvMF [15] cannot be directly applied
to event recommendation in EBSNs since the unique natures
of EBSNs are different from traditional recommender systems.
Moreover, different from [15] that focuses on exploiting item
documents in an event’s perspective, our work shifts the focus
to a user’s perspective, and applies CNN on user documents
to better capture the user preference considering the unique
characteristics of EBSNs.
In summary, the main contributions of this work include:
• We utilize the content of events from users’ perspective
for event recommendation, which characterizes the latent
preference of users by deeply exploiting the contextual
information of events that users have attended.
• We propose DUMER that integrates CNN into PMF to
utilize the contextual information of users’ interested

events to accurately recommend new events to users.
Speciﬁcally, we apply CNN to extract high-level features
of user documents to form a user latent factor, and then
incorporate the user latent factor into PMF model to
predict the preference of a user to an event.
• Extensive experiments was conducted on real-word
dataset crawled from Meetup.com. We compared
DUMER with other item-oriented recommendation algorithms and derivations of them to validate our intuition.
Experimental results show that our algorithm outperform
the others.
The rest of the paper is organized as follows. We discuss
the related work in Section II and describe the content-based
event recommendation problem in Section III. We present the
high-level overview and the design of DUMER in Section IV
and conduct extensive experiments in Section V. Finally, we
conclude the paper in Section VI.
II. R ELATED W ORK
In this section, we ﬁrst brieﬂy discuss the work of event recommendation in EBSNs, and then review the neural network
methods that have been adopted in recommender systems.
Event-based social networks were ﬁrstly deﬁned in [16]
as a co-existence of both online and ofﬂine social interactions and they proposed an event recommendation algorithm
based on diffusion model using the topological features of
the heterogenous network. Thereafter, Qiao et al. [6] exploited heterogeneous social and geographical information
of an EBSN and proposed a Bayesian matrix factorization
approach for event recommendation. Du et al. [17] extended
Qiao’s work by integrating content, location and time into
the recommendation algorithm. More thoroughly, Macedo et
al. [7] designed a contextual learning algorithm that takes
time, location, content, social relations and group features
into consideration. Afterwards, Zhang et al. [8] proposed a
collective Bayesian poission factorization model to combine
content, location, social relation and more importantly event
organizer information to infer user latent factors. Recently,
Wang et al. [18] proposed a novel event recommendation
algorithm that combines EBSN with other classic online social
networks to exploit the social information of event hosts to
improve the accuracy of event recommendation.
However, content-based approaches utilized in these event
recommendation algorithms are mainly LDA or TF-IDF, which
suffers from weak semantic understanding of contents since it
only represents word frequency but ignores word orders and
sentence structure. Moreover, the latent preference of users
on events cannot be fully characterized by existing contentbased approaches since the content of users’ interested events
is not exploited from user’s perspective, although the latent
topic models of events can be captured.
Recently deep learning techniques has been used to effectively exploit contextual features from contents [14], [15], [19].
Wang et al. [19] proposed collaborative deep learning (CDL)
that uses Stacker Denosing Auto-Encoder (SDAE) to realize
deep representation learning for the content information. Tang
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et al. [14] designed a neural network to factor in user-speciﬁc
modiﬁcation to the meaning of a certain word for review
rating prediction. Kim et al. [15] utilized CNN to capture
the contextual information of item description documents
and integrated it with PMF for accurate rating prediction.
However, ConvMF [15] cannot be directly applied to event
recommendation in EBSNs because the unique natures of
EBSNs are different from traditional recommender systems.
Moreover, different from [15] that focuses on exploiting item
documents in an event’s perspective, our work shifts the focus
to a user’s perspective, and applies CNN on user documents
to better capture the user preference considering the unique
characteristics of EBSNs.
Although algorithms mentioned above are designed for
recommendation tasks, none of existing recommendation algorithms based on deep learning can be directly applied for event
recommendation. This is because the user feedback information (e.g, ratings and comments) serving as the ground truth in
traditional recommender systems become useless since users
will only rate or comment an event after it ends. However,
event recommendation should be made before an event starts
since it has a short life time. To overcome this limitation,
we propose to exploit the events’ content information from
a user’s perspective to capture user’s preferences on events.
Inspired by the success of deep learning techniques, we
utilize deep learning to extract effective features of contextual
information of events to form a user latent factor for event
recommendation.
III. P ROBLEM F ORMULATION
Give a user u, the set of events he has attended is denoted
by Eu = {e1 , e2 , · · · , em }, where m is the total number of
events u has attended. Let Ê = {ê1 , ê2 , · · · , êϕ } denote the
set of ongoing events that has not started. Given the user
u, event recommendation aims to ﬁnd out that what events
in Ê will interest u and recommend them to u accordingly.
Note the the ongoing events in Ê have no rating at all, which
makes the event recommendation problem more challenging
than traditional recommendation problems.
In this paper, we cast the event recommendation problem
as an attendance matrix approximation problem since ratings
cannot be utilized for recommendation in EBSNs. The attendance matrix is constructed based on users’ RSVP∗ history.
Formally, suppose we have K users, M events consisting all
the past events and ongoing events. Let A ∈ RK∗M stands
for the attendance matrix, where its element Aij is 1 when
user i attended event j, otherwise 0. Note that for an ongoing
event j, Aij = 1 if user i responds “yes”, otherwise Aij = 0.
U ∈ RK∗D and V ∈ RD∗M are user and event latent factor
vectors, respectively, where D is the the number of latent
factors and D  min(K, M ).

The attendance matrix approximation problem can be formulated as maximizing the posterior probability, which is
presented as follows:
p(A|U, V, δ 2 ) =

K 
M

i

N (Aij |Ui Vj , δ 2 )Iij

(1)

j

where N (x|μ, δ 2 ) is the probability density function of Gaussian distribution, whose mean is μ and variance is δ 2 . I is the
indicator matrix, the element of which, Iij , is 1 when user
i attended or responds “yes” to event j, otherwise 0. After
obtaining U and V , we can calculate the preference of a user
ui at an ongoing event êj , that is Aij , between users and
ongoing events. For the user ui , the top-N ongoing events
with largest preference will be recommended.
IV. D EEP U SER M ODELING FOR E VENT
R ECOMMENDATION
In this section, we ﬁrst give a high-level overview of the
proposed Deep User Modeling for Event Recommendation
(DUMER) algorithm, and then describe its components in
detail.
Figure 2 shows the architecture of the proposed DUMER.
It utilizes CNN with word embedding to deeply capture the
contextual information of users’ interested events from users’
perspective, and then applies the PMF model to take the
convoluted features as the user latent factor to approximate the
attendance matrix A. With the predicted attendance matrix, we
can conduct top-N recommendation to user ui according to
the value of Aij .
A. Word Embedding based Representation
We observe that it is not events whose descriptions have
similar words to event descriptions that a user has attended, but
events whose descriptions have similar meaning to them, that
interest users. For example, if a user has recently attended an
event of traveling to France, it is not likely that he/she would
attend an event whose descriptions have the words traveling
and France again, but more likely to attend an event that has
the words traveling, and Europe or England in its description.
However, traditional bag-of-word model can only capture the
similarity of documents with the co-occurrence of words, but
fail to reﬂect word orders and relations. Therefore, we resort
to the word embedding technique in [20] to better represent
the content of events.
A userÿs event set

This monthÿs event features Ahmad Oamar
from T hrea d Genius. D eep L earning has
been a popular and powerful ...
This monthÿs meetup features Kyunghuyn
Cho from NYU. No te that itÿs going to be
more on the theoretical side...

Thi s talk wi ll focus on co ntextua l bandits
and their applications. Prediction problems
such as ad placement and product...

Feature Vector
This
month
...

meetup
...
product
...

Fig. 3. Word embedding representation
∗ RSVP

is a term in meetup.com, means “please respond”. A user can RSVP
“yes”, “no” or “maybe” to an event, indicating that the user “will”, “will not”,
or “maybe” attend this event.

In this paper, we adopt the pre-trained word embedding
model Glove [20]. Each word is represented as a feature vector,
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Probabilistic Matrix
Factorization
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with multiple filters
Convolutional Neural Network

Fig. 2. The architecture of DUMER.

and words with similar meanings have a close distance to
each other. We utilize the word embedding model to transform
each event description of users’ interested events into a word
embedding matrix, as shown in Figure 3. And then we
concatenate them together to form the user word embedding
matrix. We use Xi to denote the user word embedding matrix
for user ui .
B. CNN Architecture of DUMER
CNN has been widely applied to information retrieval (IR)
and natural language processing (NLP) to exploit the local
features of documents. Shen et al. utilized CNN to capture both
the word n-gram level and sentence-level contextual structures
of documents for IR [21]. Kalchbrenner et al. designed a
dynamic convolutional neural network for semantic modeling
of sentences [12], and achieved excellent performance in
sentiment prediction. Therefore, we utilize CNN to deeply
capture the contextual information of users’ interested events,
and in particular characterize the preference of users on events
from users’ perspective. The CNN of DUMER has three layers
in DUMER: the convolutional layer, the pooling layer and the
fully-connected layer.
Convolutional Layer: The convolutional layer can be
viewed as sliding window based feature extraction [21]. It
extracts local features around each word by a window and
concatenates them together to form the feature map. Different
from image processing, we set the width of the convolutional
ﬁlters as the width of the input matrix in natural language
processing and slide the ﬁlters over full rows of the input
matrix to obtain the feature maps. As shown in Figure 2, the
convolution layer transforms the input matrix into multiple
feature maps according to multiple convolutional ﬁlters. After
this, we add a non-linear operation called rectiﬁed linear
unit (ReLU) since the real-word data usually are non-linear.
Note that there are several non-linear activation functions such
as sigmoid, tanh. Here we select ReLU to avoid vanishing
gradient during the training process.
The convoluted features can be expressed as follows:
hji = f (Wcj ∗ Xi )

(2)

where Wcj ∈ Rw∗d is the jth convolutional ﬁlter (w is the
window size and d is the dimension of word embedding), Xi
is the word embedding matrix of user ui , and ∗ stands for
the convolution operation. f (·) represents the ReLU function
and hji is the convoluted feature vector of Xi with the jth
convolutional ﬁlter. In our experiments, we set the total amount
of ﬁlters as 300, that is, 100 ﬁlters for each word window size
(3, 4 and 5), because different convolutional ﬁlters can detect
different types of features from the document.
Pooling Layer: The convoluted features obtained from the
convolutional layer are of variable length. In order to aggregate
them into a ﬁxed size vector, we utilize the 1-max-pooling
operation [22] to select the largest number from each rectiﬁed
feature map. In this way, we extract a scalar from each rectiﬁed
feature map that are of different length. The blocks that are
of different color in pooling layer of Figure (2) are the scalars
of different rectiﬁed feature maps. Then we concatenate those
scalars to form a ﬁxed-length feature vector for the next layer.
The feature vector at the pooling layer for user ui can be
expressed as follows:
hip = [max(hi 1 ), max(hi 2 ), . . . , max(hi nc )]

(3)

where nc is the number of ﬁlters, and hip is the pooled feature
vector for user document of user ui . The pooling operation
can reduce the dimension of features and speed up the training
process, and control overﬁtting.
Fully Connected Layer: The fully connected layer is a traditional multi-layer perceptron that uses a soft-max activation
function to learn non-linear combinations of those high-level
representation features. The output of the convolutional and
pooling layers represent the high-level features of the input
matrix of the contents. The goal of the fully connected layer
is to use these features to form the user latent factor for PMF.
It can be formulated as follows:
Si = F (Ws ∗ hip )
hip

(4)

where
is the global feature vector after max-pooling for
user ui , and Ws is the weight matrix of the multi-layer
perceptron. F (·) is the soft-max function and Si is the ﬁnal
feature vector of user ui . We concatenate the ﬁnal feature
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vector of each user to form the overall feature matrix S. We
take the overall feature matrix S as our user latent factor for
probabilistic matrix factorization.
C. Probabilistic Matrix Factorization
As shown in Eq. (1), we adopt a probabilistic linear model
with Gaussian observation noise to represent the attendance
matrix of users. With the user feature matrix S that we
obtained from CNN, we further add an Gaussian noise variable
to better ﬁt the attendance matrix. Hence, the user latent factor
U is
U =S+E
(5)
where E is a Gaussian noise matrix, whose entries Eij follows
zero-mean Gaussian distribution whose variance is δU 2 and S
is the feature vector matrix of users from Eq. (4). As for event
latent factor, we initialize the item latent factor following zeromean Gaussian distribution whose variance is δV 2 :
p(E|δU 2 ) =

K


N (Ei |0, δU 2 )

i
2

p(V |δV ) =

M


(6)
2

N (Vj |0, δV )

j

In this way, we can maximize the posterior probability to
conduct probabilistic matrix factorization.
max

U,V,Ws ,Wc

=

max

p(U, V, Ws , Wc |A, X , δ 2 , δU 2 , δV 2 )

U,V,Ws ,Wc

[p(A|U, V, δ 2 )p(V |δV 2 )p(U |Ws , Wc , X, δU 2 )]

(7)
where X is the whole event description sets. Wc and Ws are
network weight parameters in Eq. (2) and Eq. (4), respectively.
D. Training DUMER
As described above, there are many parameters in our
DUMER model. To optimize those parameters, we devise an
optimization algorithm to obtain the maximum a posteriori
estimates. Maximizing the posterior probability is equivalent
to minimizing the joint log-likelihood of U , V , Ws and Wc .
So the formula can be expressed as follows.
L(U, V, W ) =

min

U,V,Ws ,Wc

λV
1
||V ||2
[ I||A − U V ||2 +
2
2

(8)
λU
||U − S||2 ]
2
where λU and λV are the hyper parameters.
We utilize the coordinate descent algorithm to obtain the
optimal U and V . It iteratively optimizes a latent variable by
ﬁxing the remaining variables until convergence. Therefore,
by ﬁxing V , Ws and Wc , we can derive the optimal U by
taking derivative of Eq. (8) with respect to U and setting it to
zero. In this way, the updating rule of U can be expressed as
follows.
+

Ui ← (V Ii V T + λU IK )−1 (V Ai + λU Si )

(9)

where Ui stands for the update value of user latent vector for
user i, Ii is a diagonal matrix whose diagonal elements are
Iij , (j = 1, . . . , M ), Ri is the i-th row of A and Si is the
feature vector of user i obtained from the CNN architecture.
With this updating rule of U , we can get our optimal user
latent vector U when the convergence is reached.
By ﬁxing U , Ws and Wc , we can do the same with V , and
get the optimal V .
Vj ← (U Ij U T + λV IK )−1 U Aj

(10)

where Ii and Ij are diagonal matrices whose diagonal elements
are Iij , (j = 1, . . . , M ), and Iij , (i = 1, . . . , K) respectively,
and Ai and Aj are the ith row and jth column of A
respectively.
As for Ws and Wc , we follow the method used in [19].
We ﬁx U and V , and utilize back propagation algorithm to
derive the optimal Ws and Wc . We use back propagation to
calculate the gradients of the error with respect to all weights
in the network, Ws and Wc , and use gradient descent to update
Ws and Wc to minimize the output error.
With optimized U , V and Ws and Wc , we can, therefore,
calculate the missing values of A between users and ongoing
events as follows:
Âij ≈ Ui Vj = (Si + Ei )Vj

(11)

Note that Si is the feature vector of user i obtained from the
CNN architecture, and Ei is i-th row of the Gaussian noise
matrix E we added in Eq. (5). At last, we can rank events
according to the predicted user attendance matrix Âij for user
ui and top-N events will be returned as the recommendation
list.
V. P ERFORMANCE E VALUATION
In this section, we present the experiments we conducted on
real-world dataset to evaluate the performance of DUMER and
compared it with existing content-based event recommendation algorithms. In particular, we aim to answer the following
two questions: 1) Is it more suitable for event recommendation
to exploit the content from users’ perspective than events’
perspective? 2) What is the accuracy of event recommendation
of DUMER, and how better is it compared with the state-ofthe-art?
A. Dataset
We used the dataset crawled from Meetup in [7] in experiments for performance evaluation. Instead of directly feeding
the data to the algorithms, we conducted text preprocessing as
follows. We removed all non-vocabulary words for event description documents, such as numbers and non-English words.
Then, we removed stop words to eliminate non-meaningful
words with high frequency. After this, we selected events
whose description document has at least 10 words. To avoid
noise, we only select users who have attended at least 5 events
for our experiments. After data preprocessing, the statistics of
our dataset are shown in Table I.
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TABLE I
DATASET S TATISTICS
# of Users
# of Events
# of attendances
Avg. length of event description

RM SE =

154503
529979
4113978
216

B. Compared Algorithms and Parameter Setting
We compare DUMER with the following algorithms to
demonstrate the effectiveness of the DUMER.
• PMF: Probabilistic Matrix Factorization is a baseline
recommendation model in [23], which utilizes a generative model for user and item latent factor to conduct
recommendation.
• CTR: Collaborative Topic Regression [24] is a state-ofthe-art recommendation model that combines collaborative ﬁltering and topic modeling to exploit ratings and
item documents.
• CDL: Collaborative Deep Learning [19] is another stateof-the-art recommendation model that tightly couples
deep representation learning for the content information
of items and collaborative ﬁltering for the rating matrix.
• ConvMF: Convolutional Matrix Factorization [15] is a
document context-aware recommendation model that integrates CNN into PMF to capture contextual information
in description documents for the rating prediction.
• DUMER−: DUMER− is our algorithm with the one-hot
vector† instead of the word embedding vector. DUMER−
is based on bag-of-word model for comparison.
We conducted our experiments using Python and Keras library
with Nvidia Quadro 8000 GPU on Linux Ubuntu platform.
For CNN in DUMER, we used mini-batch based RMSprop
to train the weight parameters. We set the batch size to 256
considering the size of the dataset. The dimension of latent
factor of U and V is set to 50 in our experiments. As for hyper
parameters λU and λV , we utilize the grid search strategy to
ﬁnd their best values. In our experiments, DUMER achieves
the best performance when λU is set to 10 and λV is set to 100.
As for PMF, CTR and CDL, we set the dimension of latent
factor of U and V as 50 and ﬁnd the appropriate parameters
(λU , λV ) of each model by grid search. The best performing
values found for PMF, CTR and CDL are (10, 10), (10, 0.1),
(1, 10), respectively.
C. Evaluation Metric

i

j

(Aij − Ui Vj )2
||A||

(12)

We generate different ratios of training set to investigate
the inﬂuence of training set on RMSE, e.g., (0.6, 0.2, 0.2) and
(0.4, 0.3, 0.3). The results are shown in Section V-D.
In order to evaluate the recommendation accuracy of
DUMER, we randomly mark off x% of events attended
for each user as the test data. We train DUMER with the
remaining data and evaluate its performance of recovering
these marked-off events in the top-N recommendation list.
We select Precision@N and Recall@N, and the normalized
discounted cumulative gain (NDCG@N ) as our evaluation
metrics. However, zero ratings may indicate that a user is not
interested in an event or does not know about it. Thus, it is
difﬁcult to accurately compute the precision metric. Therefore,
we focus on the recall metric to evaluate our algorithm and
other comparison algorithms. The recall metric only considers
the positively predicted events within top-N recommendation
list. For each user, we deﬁne recall@N as follows.
recall@N =

#hits
#total

(13)

where #hits are the number of events that the user likes
among the top-N recommendation list, and #total are the
total number of events that the user has attended. The recall
for the entire system will be summarized by the average recall
of all users.
The deﬁnition of the normalized discounted cumulative gain
(NDCG@N ) are as follows.
N DCG(N ) = ZN

N

2r(j) − 1
log(1 + j)
j=1

(14)

where ZN is the normalization factor and r(j) is the rank
position of event j. In our experiments, we set the mark-off
rate as 20% as the default. NDCG@50 assumes that events
appearing earlier in a recommendation list are more important
and assigns more weight to the ground-truth events that are
ranked higher. The higher the NDCG results are, the better
the recommendation performance is. We also utilize different
mark-off rate to investigate the inﬂuence of mark-off rate on
NDCG@50, which are shown in Section V-D.
D. Experimental Results

Since most of compared methods are tailored for rating prediction task, we adopt the root mean squared error (RMSE) to
compare the performances. RMSE evaluates the error between
the attendance matrix A and the predicted U V . The lower
RMSE results are, the better the recommendation performance
is. In our experiments, we randomly split the dataset into
training set, validation set and test set in the proportion of
(0.8, 0.1, 0.1). The formula of RMSE is as follows.
† one-hot vector is a vector which is 0 in most dimensions, and 1 in a single
dimension.

1) Impact of User’s Perspective: In order to validate the
impact of the users perspective on exploiting content information for event recommendation, we redesigned CTR, CDL and
ConvMF into user-oriented models, and named them as CTRU, CDL-U and ConvMF-U, respectively. To be precise, taking
CTR for example, the key property of CTR lies in that the item
latent vector is generated according to the topic proportion
of item documents, while a user-oriented CTR applies this
technique to the user latent vector. That is, the user latent
vector is generated according to the topic proportion of user
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Fig. 4. Comparison of Recall@N of CTR and CTR-U, CDL and CDL-U, and ConvMF and ConvMF-U with different values of N
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Fig. 5. Recall@N comparison of CTR-U, CDL-U and ConvMF-U with
DUMER

documents we created. As for CDL and ConvMF, we did the
same conversion.
Figure 4 shows the comparison of Recall@N of CTR and
CTR-U, CDL and CDL-U, and ConvMF and ConvMF-U
with different values of N . As shown in Figure 4(a), we
can see that compared to CTR, CTR-U achieves better recall
performance over all N values. The same observation can be
drawn from Figure 4(b) for CDL and CDL-U, and Figure 4(c)
for ConvMF and ConvMF-U. The results validate our intuition
that modeling the user preference of content in a user’s
perspective is more suitable for event recommendation. The
reasons are probably that users’ interests play an important role
in user’s decision making, and exploiting content information
in a user’s perspective can better model users’ interests, and
thus is more suitable for event recommendation.
2) Model Comparison: Figure 5 shows the comparison of
Recall@N of CTR-U, CDL-U and ConvMF-U with DUMER,
in order to compare the learning ability of different models.
As shown in Figure 5, DUMER outperforms all the other
algorithms. Speciﬁcally, compared to ConvMF-U, DUMER
achieves better recall results, especially when N is small,
which indicates that DUMER’s CNN architecture is better at
learning high-level features of the content and thus improves
the performance of event recommendation. The performance
of CDL-U and DUMER are close when N is large, but
DUMER still outperforms CDL-U under different values of

Fig. 6. Recall@N comparison of CTR, CDL and ConvMF with DUMER

N . This proves that CNN can better capture effective feature
representations of content for event recommendation than the
stacked denoising autoencoder model. In addition, another
advantage of CNN structure is that the convolutional operation
rapidly reduces the amount of network parameters during the
training process. Hence, it takes less time and computations to
train a DUMER model than a CDL model. CTR-U performs
poorly because it utilizes a LDA model to exploit content
information, which suffers from lacking of word orders and
semantic meanings of words.
3) Overall Performance: Figure 6 shows the comparison of
recall@N between PMF, CTR, CDL, ConvMF and DUMER.
We can see that DUMER has the best recall results among
all the models under different values of N . In particular,
PMF has the worst performance among all models, while
the performance will be greatly improved by combining it
with CNN model in DUMER. The results demonstrate that
compared with the state-of-the-art, DUMER, which combines
the advantages of users’ perspective and CNN learning ability,
can deeply capture the semantic meaning of user interests and
realize event recommendation more accurately.
Table II shows the RMSE results of DUMER and the
compared methods under different ratios of training, validation
and test set. The higher ratio of training set to the total dataset,
the more samples to be trained for the algorithms.
As shown in Table II, we can observe that DUMER almost
achieves the smallest RMSE under different ratios of training,
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TABLE II
RESULTS UNDER DIFFERENT RATIOS OF TRAINING , VALIDATION AND TEST SET

Model
PMF
CTR
CDL
ConvMF
DUMER−
DUMER

0.95734
0.35063
0.23948
0.20003
0.20156
0.18541

(0.8, 0.1, 0.1)
1.1002
0.40234
0.29994
0.27219
0.28719
0.27983

Ratios of training, validation and test
(0.6, 0.2, 0.2)
0.97761
0.95958 0.96451 0.99454
0.40122
0.36512 0.41252 0.41085
0.31379
0.24001 0.31932 0.31824
0.30914
0.21217 0.30192 0.33426
0.31649
0.20095 0.29425 0.32154
0.29021
0.18487 0.27994 0.29049

validation and test set. In particular, DUMER achieves signiﬁcant improvements on RMSE compared to PMF on all the
training, validation and test sets under different ratios, e.g., the
RMSE on the training set is reduced from 0.95734 for PMF to
0.18541 for DUMER, and the RMSE on the test set is reduced
from 0.97761 for PMF to 0.29021 for DUMER when the ratio
of the training, validation and test set is (0.8, 0.1, 0.1). This is
because we utilized rich contextual features learnt from CNN
to form user latent factor. Moreover, the results of DUMER
are relatively insensitive to the change of the ratio of training,
validation and test set. For example, the RMSE of the test set
varies from 0.29021 to 0.29104 when the ratio changes from
(0.8, 0.1, 0.1) to (0.4, 0.3, 0.3). That is, DUMER can achieve
good performance even with a small set of training samples,
which also implies that DUMER can ﬁnd interesting events
for users accurately even when the users have a short event
history. To focus more speciﬁcally on DUMER, the results of
DUMER are consistent over training set, validation set and
test set, which indicates that DUMER has good generalization
ability and does not suffer from over-ﬁtting.
TABLE III
NDCG@50 RESULTS UNDER DIFFERENT MARK - OFF RATES
Model
PMF
CTR
CDL
ConvMF
DUMER−
DUMER

0.2
0.07094
0.13140
0.18977
0.20637
0.18450
0.21248

Mark-off Rate
0.4
0.6
0.06150
0.06748
0.11392
0.10287
0.16576
0.15214
0.17239
0.16199
0.12846
0.10924
0.18015
0.17000

set
0.95928
0.38235
0.25147
0.22018
0.20085
0.18491

(0.4, 0.3, 0.3)
0.96154
0.41658
0.32010
0.31283
0.29812
0.28055

1.0415
0.42395
0.33029
0.31406
0.31410
0.29104

to 0.21248 for DUMER. This implies that CNN can deeply
capture the contextual information of users’ interested event to
characterize the preference of users on events which is taken
into PMF model to improve the recommendation accuracy.
The phenomenon of NDCG@50 results are consistent with
that of RMSE results, implying that it is feasible to utilize
attendance matrix approximation for event recommendation.
We can conclude that content information indeed plays an
important role in users’ event decision makings and utilizing
CNN to deeply exploit content from users’ perspective can be
beneﬁcial to event recommendation.
4) Impact of Word Embedding Model: We compare the
performance of our model with one-hot vector and pretrained word embedding vector from GloVe to investigate
the impact of pre-trained word embedding model for event
recommendation. As shown in Table II and Table III, DUMER
outperforms DUMER− under all scenarios. The RMSE of
DUMER are always smaller than that of DUMER−, and
the recommendation accuracy of DUMER is better than that
of DUMER−. This validates our argument that bag-of-word
model fails to capture the word relations and cannot fully
capture the contextual information of the content of events,
while word embedding model can realize that purpose and
help improve event recommendation accuracy.

0.25
0.2

Table III shows the NDCG@50 results of DUMER and
compared methods under different mark-off rates. The markoff rate stands for the percentage of the total dataset that the
test set accounts for. Therefore, the higher the mark-off rate,
the less the training set to be trained for the algorithms.
As we mentioned, the higher the NDCG@50, the better
recommendation performance. As shown in Table III, compared with other algorithms, the proposed DUMER achieves
the highest recommendation performance under all different
mark-off rates. We can observe that the recommendation
performance of these algorithms decreases as the mark-off
rate increases since that less data used for training will
decrease the learning accuracy in these algorithms. We can
also observe that DUMER achieves signiﬁcant recommendation improvement compared to PMF under different markoff rates, e.g., NDCG@50 improves from 0.07094 for PMF

NDCG@50

RMSE
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Fig. 7. Parameter Analysis

5) Parameter Analysis: To investigate the inﬂuence of the
parameters on the performance of our algorithm, we conducted
a parameter analysis experiment on hyper parameters λU
and λV . Figure 7 shows the NDCG@N results of the test
set under different values of λU and λV when the mark-
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off rate is 20%. Note that a high value of λU implies that
the user latent factor is accounted for more loss in the total
loss function. We can see that as λU increases, the result
becomes better, while the performance deteriorates when λU
gets too high. It is likely that it would have a bad inﬂuence
on the training process when you put too much emphasis on
the CNN architecture of learning user latent factor. On the
other hand, the results ﬂuctuate as λV increases. This implies
that the effect of λV on event recommendation accuracy is
not stable due to the randomization. In particular, the best
recommendation performance is achieved when λU = 10 and
λV = 100.
VI. C ONCLUSION AND F UTURE W ORK
In this paper, we investigated how to deeply exploit the
content of events for event recommendation in EBSNs. We
proposed DUMER to characterize the latent preference of users from users’ perspective by deeply exploiting the contextual
information of events that users have attended. In particular,
we use CNN with word embedding to deeply capture the
contextual information of users’ interested events and build up
a user latent model for each user. Then we incorporate the user
latent factor into PMF model to enhance the recommendation
accuracy. As far as we know, this is the ﬁrst work that
utilizes deep learning techniques for event recommendation
in EBSNs. The extensive experimental results conducted on
real-world data shows that our proposed model did capture
the subtle contextual information of contents and improve
the recommendation accuracy compared with exiting contentbased event recommendation algorithms.
This work focused on exploiting the content of events
for event recommendation in EBSNs. Besides the content,
an event also have many other useful information, such as
the time, location and event host, that could be exploited to
improve recommendation accuracy. Therefore, as for the future
work, we plan to integrate all these contextual information
together to improve recommendation accuracy.
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