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ABSTRACT

People spend a substantial amount of time playing games on their smartphones. Owing to growth in
the number of newly released games, it is getting more difficult for people to identify which of the
broad selection of games they want to play. In this paper, we introduce context-aware recommendation
for game apps that combines neural collaborative filtering and item embedding. We find that some
contexts special to games are effective in representing item embeddings in implicit feedback situations.
Experimental results show that our proposed method outperforms conventional methods.
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INTRODUCTION

In recent years of information overload, recommender systems which offer appropriate items to each
user in a personalized way are widely used and play a significant role [2, 6, 8]. Recommender systems
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are popular and successfully developed particularly in E-commerce services including YouTube [4],
Netflix [1], and Amazon [11], to name a few.

Recommendation systems basically focus on predicting each user’s preference for each kind of item.
Collaborative filtering [13] is a widely used personalized recommendation method that recommends
a new item using past user—item interactions. A typical collaborative filtering algorithm would be
based on matrix completion [8], which decomposes a user—item matrix into user latent features and
item latent features. For a long time, matrix completion algorithms based on factorization algorithms
have been the first choice in recommender systems [8].

Recently, deep learning approaches [15-17] have gathered appreciable attention in the recommender
systems community. However, a collaborative denoising autoencoder (CDAE) [17] could not improve
its performance even if they use non-linear activation function and deeper models. One of the reason
would be that CDAE equals to SVD++ when the identity function is used as an activation function
and applies a linear kernel to model user-item interactions. [5].

To handle this issue, the neural collaborative filtering (NCF) [5] has been proposed, which was the
first successful deep-learning-based collaborative filtering algorithm. NCF employs a simple neural
network architecture consisting of only multi-layer perceptrons and a generalized matrix factorization
(GMF). Thanks to its simplicity, it can train deep learning models without overfitting and, surprisingly,
outperforms state-of-the-art collaborative filtering using only user—item information.

Another successful collaborative filtering algorithm is based on word embedding [10]. More specifi-
cally, pointwise mutual information (PMI) [3], which is computed from the item-user matrix, is used
as a regularizer in addition to the matrix completion loss function. Thanks to PMI regularization, we
can embed a similar item pair into a similar location at a latent space; this helps significantly to train
deep learning models efficiently. This approach is promising. However, to the best of our knowledge,
no deep-learning-based approaches have been put forward.

In this paper, we propose the context-regularized neural collaborative filtering (CNCF), which
enjoys the representation power of deep learning and can be efficiently trained thanks to PMI-based
regularization. Specifically, we naturally combine NCF and PMI regularization [10, 14], in which item
latent vectors are shared in both NCF and PMI-based embedding. Thanks to its simplicity, CNCF can
be efficiently trained using a standard deep learning package. Through experiments on real-world
game app recommendation tasks, the proposed method significantly outperforms the vanilla NCF,
which is a state-of-the-art recommender algorithm.

PROBLEM FORMULATION

Let Y € RM*N be the user-item (game app) matrix whose elements are y;; = 1 if the user i installed
game app j and 0 otherwise. Let M and N be the number of users and the number of items (game
apps), respectively. This is a standard implicit feedback setting. If y;; = 1, it means that user i installed
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Figure 1: Overview of CNCF.

ACM RecSys 2019 Late-breaking Results, 16th-20th September 2019, Copenhagen, Denmark

item j. However, in implicit feedback setting, the existence of interaction does not always mean that
user i likes item j and unobserved interactions might assume that user i does not recognize item i.

In addition to the user-item matrix, for game app recommendation tasks, we have the first login
timestamp, the last login timestamp, and the paid flag, respectively. To use this information for
recommendations, we generate a time-dependent matrix T € RMXN where i; ;j is the difference
between the first login timestamp and the last login timestamp and each #;; is later transformed
into normalized dwell time [18]. Moreover, for the paid flag information, we extract the paid matrix
P € RM*N where ry; is 1 if the user u pays money for item i and 0 otherwise.

The final goal of this paper is to build a recommendation model for user-item matrix Y using the
user-item matrices Y, T, and P.

PROPOSED METHOD (CONTEXTUAL NCF)

In this section, we propose the contextual neural collaborative filtering (CNCF), which is an extension
of the widely used NCF algorithm [5].

Model: The following model with one perceptron layer is used:
gij = G(hT(ﬁi ® éj ® a(W (ﬁl @ ’51))),

where ®, ®, and h, a indicate the element-wise product and the concatenation of the two embeddings,
edge weights of the output layer as well as an activation function like Relu, respectively. Figure 1 shows
the model architecture of CNCF. GMF layer indicates the element-wise product of two embeddings
and, in the PMI layer, we compute the inner product of both MF and the MLP j-th item embedding
along with the MF and MLP all item embedding. 4,u,5,0 denote MF and MLP user embedding and
MF and MLP item embedding, respectively. CNCF consists of generalized matrix factorization and
multilayer perceptrons.

Using context information: As contextual features, we use time-dependent features T and a paid
flag approach P as

[l

r ) 2 peyuy- (L+atij)yijlogyi+(1-y;)log Py, (time — NCF)
context — ~ ~ .
2, jeyuy-(1+Prip)yilogyy + (1-yy)logyy, (paid — NCF)

where @ > 0 and § > 0 are tuning parameters and Y is the set of indices of non-zero elements in Y
and Y~ is the set of indices of zero-elements in Y. In implicit feedback settings, to address the problem
of lacking negative data, treating all unobserved data as negative feedback [6] or negative sampling
from unobserved data [5] are popular strategies. Note that we sampled user-item pairs as negative
interactions from the unobserved interaction set.
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Figure 2: Examples of Game Apps.

Regularization based on Pointwise Mutual Information (PMI) In this paper, in addition to
contextual information, we introduce an embedding structure to NCF since it helps to improve
prediction accuracy [10, 14]. In particular, we employ the GloVe-based embedding approach [12]. The
loss function of a GloVe can be written as

2
T
]:Z(sjm—vjvm) s
J.m

where sj,, is some similarity measure between item j and item m. In this study, we employ positive
pointwise mutual information (PPMI) [9] as a similarity measure:

pix,y)
p()p(y)’
where p(x) denotes the probability of users installing a game app x and p(x, y) denotes the probability
that users install a game app x and y. Finally, the loss function of the context-regularized NCF is given
as

PPMI(x, y) = max(PMI(x, y), 0), PMI(x,y) = log,

L= Lemest + A D (Sjm =07 0m) + Y. (sjm =] Bm)? |, (1)

Sim>0 Sim>0

where A > 0 is the regularization parameter.

EXPERIMENTS

We gathered game app click information from a commercial game app company. Figure 2 shows some
examples of game apps. Then, we used 100,000 users who had installed over 20 game apps and played
one of their games within last two years. The number of games was 725 (i.e., Y € R190000.725) "and the
number of non-zero entries was 2,854,328.

We implemented all methods using Pytorch and ran experiments using a Tesla P100. We set the
learning rate as 0.001 and the batch size as 1024. Then, we used Adam [7] as the optimizer. For the
regularization parameters of CNCF, we used a=0.01, f=0.1, and A = 1. For all experiments, we set the
number of multi-layer perceptrons as four and the number of latent feature representations as 64. The
initial model parameters were randomly initialized. We set the negative sampling ratio as 2 that means
we sample 2 unobserved interactions as negative samples per one observed interactions for every user.

To evaluate the performance of the item recommendation, we used the leave-one-out scheme, which
has been widely used in the relevant literature [5]. As evaluation metrics, we adopted HitRatio (HR) and
normalized discounted cumulative gain (nNDCG), which are also popular in recommendation tasks [5].

Figures 3 to 6, we show the results of the proposed and the existing methods. As can be seen, the
proposed contextual NCF compares favorably with the existing state-of-the-art algorithms.
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Figure 3: HitRatio@10 for every method.
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Figure 5: nDCG@10 for every method.
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