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Abstract—Deep neural networks have yielded immense success
in speech recognition, computer vision and natural language
processing. However, the exploration of deep neural networks
for content based recommendation has received a relatively less
amount of inspection. Also, different recommendation scenarios
have their own issues which creates the need for different
approaches for recommendation. One of the problems with news
recommendation is that of handling temporal changes in user
interests. Hence, modelling temporal behaviour in the domain of
news recommendation becomes very important.

In this work, we propose a recommendation model which
uses semantic similarity between words as input to a 3-D
Convolutional Neural Network in order to extract the temporal
news reading pattern of the users. This in turn improves the
quality of recommendations. We compare our model to a set
of established baselines and the experimental results show that
our model performs better than the state-of-the-art by 5.8% (Hit
Ratio@10).

Index Terms—Word Semantics, 3-D CNN, Content-based Rec-
ommendation, News Recommendation

I. INTRODUCTION

The web provides instant access to a wide variety of online
news. Hence, it becomes desirable to have a recommender
system that would point a user to the most relevant items
and thus would maximize the user engagement with the
site. Each recommendation scenario has its unique attributes
which creates the need for different approaches in building
recommendation systems. For example, news recommendation
is more focused on the freshness of the content, while movie
recommendation may put more emphasis on the content relat-
edness. In addition, user interests constantly evolve over time.
While many existing techniques assume the user preferences
to be static, this seems to be an unrealistic assumption in many
scenarios, particularly in news or shopping related scenarios.
Hence, it becomes crucial to model the temporal nature of
news reading.

A major approach to the task of recommendation is called
collaborative filtering [5] [?] which uses the users past in-
teraction with the item to predict the most relevant content.
Another common approach is content-based recommendation
[11], which uses features between items and/or users to
recommend new items to the users based on the similarity
between features. However, among the various approaches
for collaborative filtering, matrix factorization [1] is the most

popular one, which projects users and items into a shared latent
space, using a vector of latent features to represent a user or an
item. Thereafter, a users interaction with an item is modeled
as the inner product of their latent vectors.

However, some recent research has given rise to adoption
of word embedding based techniques in content-based rec-
ommendation scenarios. Authors in [2], use Word2Vec [3] in
order to create a user profile based on the learned embeddings.
The experimental results of this work show that a model
based on word embeddings is comparable to that of well-
performing algorithms based on Collaborative Filtering and
Matrix Factorization. This prompts us towards the advantages
of using word embeddings in recommendation scenarios.

Although, the above mentioned work tackles the problem of
recommendations in general, none of them attempt to model
the temporal changes that might occur in a user’s interest.
Typically, in a news recommendation scenario users interests
keep evolving over time. It might be possible that a user who
reads news articles pertaining only to politics may suddenly
develop interest in sports due to various reasons. Hence, it
becomes very crucial to account for the dynamic changes in
interests as well as come up with better recommendations.

In this work, we come up with an approach that uses user-
item interactions and the content of the news to capture the
similarity between users and items (news). We only focus on
implicit feedback (which indirectly reflects the preference of
the users) provided by the users, i.e whether they have read a
given article or not and in what sequence were those articles
read by them. We use a specific amount of reading history for
each user and compute a 3-D tensor for the same. We then feed
this as input to a 3-D Convolutional Neural Network (CNN)
[4]. Authors in [4] use 3-D CNN model for action recognition.
It has been shown that 3-D convolutions are better in extracting
features from the temporal dimensions. An example of 3-D
convolutions can be seen in Fig. 1. We adapt the 3-D CNN to
capture the temporal changes in users interests.

To summarize, the contributions of this work is as follows:

1) We present a novel 3-D CNN based model for news
recommendation in which we utilize the user-item based
interaction as well as the content of the read news
articles.



Fig. 1: An illustration of 3D convolution. In the figure the size
of convolutional kernel is 3, and the set of weights are color
coded so that shared weights are in the same color.

2) We perform experiments in order to demonstrate the
effectiveness of our model for the task of news recom-
mendation and show that our method performs 5.8%
better than the baseline in terms of Hit Ratio@10.

3) We also compare the performance of 3-D CNN with that
of its 2-D variant in order to show that temporal features
are better extracted by the former.

II. RELATED WORK

There has been a lot of work on recommender systems with
a myriad of publications. In this section we attempt to review
work that is closely associated to ours.

Collaborative Filtering Collaborative Filtering is an ap-
proach of making automatic prediction (filtering) about the
interests of a user by collecting interests from many related
users. Some of the best results are obtained based on matrix
factorization techniques [5]. Collaborative Filtering methods
are usually adopted when the historical records for training
are scarce.

Content-based Filtering Content-based recommender sys-
tems try to recommend items similar to those a given user has
liked in the past [7] [6]. The common approach is to represent
both the users and the items under the same feature space.
Then similarity scores could be computed between users and
items. The recommendation is made based on the similarity
scores of a user towards all the items. The Content-based
Filtering methods usually perform well when users have plenty
of historical records for learning.

Hybrid of CF and Content-based Filtering As a first
attempt to unify Collaborative Filtering and Content-based
Filtering, (Basilico and Hofmann 2004) proposed to learn a
kernel or similarity function between the user-item pairs that
allows simultaneous generalization across either user or item

dimensions. This approach would do well when the user-
item rating matrix is dense [8]. However in most current
recommender system settings, the data is rather sparse, which
would make this method fail.

Implicit Feedback Implicit Feedback originated from the
area of information retrieval and the related techniques have
been successfully applied in the domain of recommender
systems [9] [10]. The implicit feedbacks are usually inferred
from user behaviors, such as browsing items, marking items
as favourite, etc. Intuitively, the implicit feedback approach is
based on the assumption that the implicit feedbacks could be
used to regularize or supplement the explicit training data.

3-D CNN In [4], authors develop a novel 3-D CNN model
for action recognition. Unlike the 2-D CNN, in which con-
volutions are applied over the 2-D feature map, this model
extracts features from both spatial and temporal dimensions
by performing 3-D convolutions, thereby capturing the motion
information encoded in multiple adjacent frames of a video.

Although the model is very useful in capturing temporal
patterns, it has not been utilized in any recommendation
scenarios. Such a model could be utilized for capturing the
temporal interests from the user’s reading behaviour and make
recommendations accordingly.

III. DATASET

For this work we use the dataset published by CLEF
NewsREEL 2017. CLEF NewsREEL provides an interaction
platform to compare different news recommender systems per-
formance in an online as well as offline setting [12]. As a part
of their evaluation for offline setting, CLEF shared a dataset
which captures interactions between users and news stories.
It includes interactions of eight different publishing sites in
the month of February, 2016. The recorded stream of events
include 2 million notifications, 58 thousand item updates,
and 168 million recommendation requests. The dataset also
provides other information like the title and text of each news
article, time of publication etc. Each user can be identified by
a unique id. For our task, we needed to find out the sequence
in which the articles were read by the users along with its
content. Since, we rely on implicit feedback we only need to
know whether an article was read by a user or not.

IV. MODEL ARCHITECTURE

In this section we briefly provide the description of our
model. We divide the model into three parts, 3-D Tensor, 3-
D Convolutions and Score Aggregation. We then explain the
training criteria for the model.

A. 3-D Tensor

Similarity Tensor is a three-dimensional structure (as seen
in Fig. 2) where each element Mijk, denotes the similarity
between the j-th word of the i-th read article (of the user
reading history) denoted by wij and k-th word of the article
which is to be considered for recommendation (i.e test article)
denoted by vk :

Mijk = wij ⊗ vk (1)



Fig. 2: Model Architecture of 3D CNN for Recommendation

where ⊗ stands for a general operation to obtain the similarity.
We then define the general operation between wij and vk to
be the cosine similarity of their respective word embeddings.

We use Word2Vec [3] in order to learn word embeddings.
We concatenate the title and text of the news article. We then
compute the similarity tensor by finding out the similarity
between each word of the article in the user history with that of
the item that is to be considered for recommendation. One can
think of the similarity tensor as a stacked representation of 2-D
matrices, where each stack (2-D matrix) is a similarity matrix
between an article in the user history and the test item. For
example: suppose we choose the reading history for each user
to be 4, then M234 would represent the similarity between the
word embeddings of the 3rd word in the 2nd article of the user
history and the 4th word in the article that is to be considered
for recommendation.

B. 3-D Convolution

Based on the Similarity Tensor, we then conduct 3-D
convolution to extract features that would depict the chang-
ing/evolving interests of the users. The model consists of 3-
D convolution layers and pooling layers. Kernel size in each
convolutional layer are the major hyper parameters. In text
processing, the size of the kernel determines the number of
words we want to compose together as well as the extent of
temporality we would like to consider. Besides, pooling sizes
in each pooling layer are also important which decide how
large area we want to take as a unit.

Formally in a 3D CNN, the value at position (x, y, z) on
the jth feature map of the ith layer is given by,

vxyzij = tanh(bij +
∑
m

Pi−1∑
p=0

Qi−1∑
q=0

Ri−1∑
r=0

wijmpqr x
(x+p)(y+q)(z+r)
(i−1)m )

(2)
where, where Ri is the size of the 3D kernel along the temporal
dimension, wijmpqr is the (p, q, r)th value of the kernel connected
to the mth feature map in the previous layer.

C. Score Aggregation

After a series of convolutional layers followed by pooling
layers, three additional fully connected layers are used to
aggregate the information into a single matching score/target
value. In this paper we use 128 hidden units for the first hidden
layer followed by 64 units for the second hidden layer. We use

ReLU as the activation function for these layers. For the final
output unit we use the Logistic Function.

D. Training

Typically in matrix factorization, to learn the model parame-
ters, existing pointwise methods [13] perform regression with a
squared loss. This is based on the assumption that observations
are generated from a Gaussian distribution. The final output
layer has the predicted score ˆyux, and training is performed by
minimizing the pointwise loss between ˆyux and its target value
yux. Considering the one-class nature of implicit feedback, we
can view the value of yux as a label 1 meaning the item x is
relevant to a user u, and 0 otherwise. The prediction score ˆyux
then represents how likely an item x is relevant to u. Hence in
order to constrain the values between 0-1 we use the logistic
function. We then define the likelihood function as,

p(γ, γ−|M,Θm) =
∏

(u,i)∈γ

ŷui
∏

(u,j)∈γ−

(1− ˆyuj) (3)

, where γ, γ− represent the positive (observed interactions)
and negative (unobserved interactions) samples/items, M rep-
resents the similarity tensor and Θm represents the parameters
of the model. Taking the negative log likelihood we reach,

L = −
∑

u,i∈γ∪γ−

yui log ŷui + (1− yui)(1− log ŷui) (4)

This is the objective function to minimize, and its optimization
can be done by performing stochastic gradient descent (SGD).
Careful readers might have realized that it is the same as the
binary cross-entropy loss, also known as log loss. By employ-
ing a probabilistic treatment for, we address recommendation
with implicit feedback as a binary classification problem.

V. EXPERIMENTS

As mentioned earlier we use the data provided by CLEF
NewsReel 2017. We choose users who have read in between
10-15 (inclusive) articles for training and testing our model
for item recommendation. The frequency of users who have
read more than 15 articles varies extensively and hence we
restrict ourselves to the upper bound of 15. We set the lower
bound to 8 since we need some history in order to capture the
changing user interests. However, for future work we would
like to investigate how changing the lower bound affects the
performance of our model.



Evaluation Protocol: For each user we held-out her latest
interaction as the test set and utilized the remaining data for
training. We then recommend a ranked list of articles to each
user. The performance of a ranked list is judged by Hit Ratio
(HR) and Normalized Discounted Cumulative gain (NDCG).
Without special mention we truncate the ranked list at 10 for
both metrics.

Baselines: We compare our method with several others.
First we look at item popularity based method (ItemPop).
In this we recommend the most popular items to the user.
We then evaluate User-to-User (U2U-KNN) and Item-to-Item
(I2I-KNN) by setting the neighbourhood size to 80. We then
compare it with Singular Value Decomposition (SVD). We
also implement Word Embeddings based Recommendations
as in [2] and Keyword based Vector Space Model (Key-
VSM) as mentioned in [7]. Further in order to demonstrate
the effectiveness of our model, we also compare it with its
2-D CNN variant.

Parameter Settings: We implemented our proposed model
using Keras [14]. We then construct our training set as follows:

1) We first define the reading history. We denote the reading
history by h.

2) Leaving the latest article read by each user, the remain-
ing articles are used as positive samples.

3) Corresponding to each positive sample, we randomly
sample 4 negative instances (articles which the user did
not read).

We then randomly divide the training set into training and
validation set in a 4:1 ratio. This helps us to ensure that the
two sets do not overlap. We tuned the hyper-parameters of our
model using the validation set. We use a batch size of 256.
In the first layer of the model we apply a 3-D Convolution of
size 3x3x3, followed by a max pooling layer with a pooling
size of 2x2x2. We then repeat 3-D convolution with the same
kernel size followed by a pooling layer with pooling size of
1x2x2. We experimented with different variations in kernel and
pooling sizes. The above mentioned seemed to be performing
the best.

VI. PERFORMANCE COMPARISON

From Fig. 3 it can be clearly seen that 3-D CNN out-
performs the respective baselines in terms of the Hit Ratio.
We also see that the NDCG scores of 3-D CNN is high as
well. One can argue that this might be a result of using the
loss function in Eq. 4. Further it can be clearly noticed that
U2U, I2I and SVD do not perform well. One reason for this
could be the sparsity of the data. In presence of sparse data
these methods fail to capture relevant information. The low
performance of Word Embedding based Recommendations
suggests that a representation of words alone is not effective
in profiling the user. The model also outperforms Key-VSM
[7] as well as its 2-D CNN variant. Key-VSM and 2-D CNN
are fairly able to capture the users interests but are still not
at par with 3-D CNN. This shows that in tasks such as news
recommendation, where the user interests keep varying, 3-D
CNN is better in accounting for the temporal changes.
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Fig. 3: Performance of our model vs state-of-the-art models

VII. CONCLUSION AND FUTURE WORK

In this work we explore the idea of using semantic similarity
in combination with 3-D CNN for capturing temporal changes
in the users interests in order to provide better recommenda-
tions. For future work we would like to come up with a model
which combines the aspects of collaborative filtering with that
handling temporal changes in users interests. We would also
like to experiment on CNN in combination with Recurrent
Networks in order to profile the interests of a user and come
up with better recommendations.
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