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ABSTRACT

Collaborative filtering (CF) has become one of the most popular and
widely used methods in recommender systems, but its performance
degrades sharply for users with rare interaction data. Most existing
hybrid CF methods try to incorporate side information such as
review texts to alleviate the data sparsity problem. However, the
process of exploiting and integrating side information is computa-
tionally expensive. Existing hybrid recommendation methods treat
each user equally and ignore that the pure CF methods have already
achieved both effective and efficient recommendation performance
for active users with sufficient interaction records and the little
improvement brought by side information to these active users
is ignorable. Therefore, they are not cost-effective solutions. One
cost-effective idea to bypass this dilemma is to generate sufficient
“real” interaction data for the inactive users with the help of side
information, and then a pure CF method could be performed on
this augmented dataset effectively. However, there are three major
challenges to implement this idea. Firstly, how to ensure the correct-
ness of the generated interaction data. Secondly, how to combine
the data augmentation process and recommendation process into a
unified model and train the model end-to-end. Thirdly, how to make
the solution generalizable for various side information and recom-
mendation tasks. In light of these challenges, we propose a generic
and effective CF model called AugCF that supports a wide variety
of recommendation tasks. AugCF is based on Conditional Genera-
tive Adversarial Nets that additionally consider the class (like or
dislike) as a feature to generate new interaction data, which can be
a sufficiently real augmentation to the original dataset. Also, AugCF
adopts a novel discriminator loss and Gumbel-Softmax approxima-
tion to enable end-to-end training. Finally, extensive experiments
are conducted on two large-scale recommendation datasets, and the
experimental results show the superiority of our proposed model.

T Contributing equally with the first author.
* Corresponding authors.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.

KDD 19, August 4-8, 2019, Anchorage, AK, USA

© 2019 Association for Computing Machinery.

ACM ISBN 978-1-4503-6201-6/19/08...$15.00
https://doi.org/10.1145/3292500.3330873

huang@itee.uq.edu.au

548

clz@sdu.edu.cn

KEYWORDS

Adversarial Training; Collaborative Filtering; Data Sparsity

ACM Reference Format:

Qinyong Wang, Hongzhi Yin*', Hao Wang*, Quoc Viet Hung Nguyen, Zi
Huang, and Lizhen Cui. 2019. Enhancing Collaborative Filtering with Gen-
erative Augmentation. In The 25th ACM SIGKDD Conference on Knowledge
Discovery and Data Mining (KDD ’19), August 4-8, 2019, Anchorage, AK, USA.
ACM, New York, NY, USA, 9 pages. https://doi.org/10.1145/3292500.3330873

1 INTRODUCTION

While there is an unprecedented number of products and services
available on online platforms, it is challenging and time-consuming
for users to manually search and find the ones that they are inter-
ested in. Recommender systems provide an excellent solution for
solving this information overloading problem, i.e., they help the
platforms to generate a personalized list containing the items that
the target user is most likely to consume.

Among various recommendation techniques, the most widely
adopted and well-studied one is collaborative filtering (CF), which
assumes that similar users share similar interests (user-based CF)
and similar items have similar characteristics (item-based CF). If a
CF method only relies on the original user-item interaction data,
which is usually represented by a matrix, we call it a pure CF method.
Pure CF is quite efficient, scalable and can achieve satisfactory re-
sults for active users with sufficient past interactions. However, the
user-item interaction matrix is usually very sparse in real applica-
tions. Most users can only access a limited number of or even none
items, as a result, pure CF can hardly capture those users’ prefer-
ences and thus suffer from significant performance degradation.
This problem becomes especially serious for newly created online
services. To alleviate the data sparsity problem in pure CF, hybrid
CF is a popular solution, which exploits and integrates additional
sources of information about the users or items (also known as
the side information). The side information could be obtained from
user profiles and item description information such as user demo-
graphics and item features. Based on the unique characteristics of
side information in different types of datasets, different specific
hybrid CF methods were proposed. For example, [39, 43, 45] utilize
item’s spatial information for POI recommendation, [10] leverages
various video metadata such as title, description and raw video
streams for Youtube video recommendationand and [25] leverages
the social trust paths for better recommendation results. However,
these methods have two major flaws. Firstly, the simple and plain
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pure CF is already able to achieve good performance for active
users, but hybrid CF methods treat each user equally and apply the
expensive process of exploiting the side information to all users,
incurring extra unnecessary computational resources. Secondly,
these methods are carefully designed for specific datasets and tasks,
but can hardly generalize to other scenarios without tedious mod-
ifications. These limitations and strengths of pure and hybrid CF
motivate us to bring up a novel solution which should have the
following two features. The first is that it could fully utilize the
available user- or item-related auxiliary information to generate
high-quality and reliable interaction data only for those inactive
users to improve the performance of pure CF methods. Another
one is that it could also be trained end-to-end, that is, it uses only
one unified process to augment existing user-item interactions and
perform pure CF.

To this end, we propose an end-to-end model called AugCF.
AugCF is based on the recently proposed Conditional Generative
Adversarial Nets (CGAN) [31], an important variant of the promi-
nent generative model Generative Adversarial Nets (GAN) [13].
GAN utilizes the minimax game theory to generate plausible fake
data samples and has shown excellent performance in a wide
range of data generation areas such as images [2], videos [38] and
texts [46]. Compared to the vanilla GAN that has no control on
modes of the data being generated, CGAN could direct the data
generation process by conditioning the model on additional in-
formation besides a random prior noise input. Most CGAN-based
models naturally consider the class as an additional input to gen-
erate class-aware data. Considering the properties of personalized
recommendation, our model additionally conditions on both a class
(like or dislike) and a user. Specifically, there are two components in
AugCF: generator and discriminator. For the generator, it is fed with
a sampled user (inactive users preferred), some randomly selected
unvisited items of this user, associated side information and a sam-
pled class. Then, a well-trained generator is expected to output the
most plausible item for this user under this class, and the generated
(user, item, class) tuple could be considered as a valid ground-truth
augmented data sample to the original dataset. Here the classes
and users are additionally considered as extensions to the learned
latent space for better generation and discrimination [31]. Also,
the ability of the generator to receive different types of side infor-
mation to generate augmentation makes AugCF a quite generic
model to handle many sorts of application scenarios. During train-
ing, the discriminator is essentially a classifier that plays different
roles in a two-phase procedure. In the first training phase (or data
augmentation phase), the discriminator only focuses on discrimi-
nating whether an item is fake from the generator or is real from
the original dataset. In this phase, the generator and the discrim-
inator are trained in an adversarial manner conditioning on the
same user and the same class until an equilibrium state is reached,
where the discriminator can no longer distinguish whether an item
is fake or real. Then we proceed to the second training phase (or
pure CF phase). In this phase, the well-trained generator is fixed
and only used as a data provider while the discriminator acts as
a pure CF that takes data points from both sources. It is trained
to predict an item as liked or disliked by a user, without needing
to tell whether it is fake or real. To enable the discriminator with
two roles, we follow [47] to introduce a new labeling system that
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extends from two labels (i.e., like and dislike) to four labels (i.e.,
real&like, real&dislike, fake&like and fake&dislike). In this way, we
can train the discriminator by forcing it to map a training instance
into different labels depending on our goal. For example, in the first
phase, when the model is conditioned on “this user likes an item”,
a generated item should be mapped into the “fake&like” label, and
a real item should instead be mapped into the “real&like” label. In
the second phase, when an item is liked by a user, regardless of its
source, should be mapped into both “fake&like” and “real&like”.
However, before we can enjoy the benefits of the end-to-end
training, we have to overcome the discrete item sampling prob-
lem in the generator because it would block the gradient flow,
causing backpropagation training invalid. This is one of the major
issues when GAN is applied in the discrete data domain [12]. Many
existing works attempt to utilize the policy gradient strategy (RE-
INFORCE) [37] to address this non-differentiation problem [41, 46],
unfortunately, the variance of its estimated gradients scales linearly
with the number of items [34], and this problem becomes espe-
cially serious for the recommendation task that needs to deal with
millions of items. Recently, Gumbel-Softmax [20] was proposed
to overcome these limitations. It introduces a continuous distri-
bution on the simplex that can approximate categorical samples,
whose parameter gradients can be easily computed via the repa-
rameterization trick. Gumbel-Softmax has been proved effective
in many similar problems such as [36] and [24]. Therefore we also
adopt this method to build a bridge between the generator and the
discriminator, enabling AugCF to be trained via backpropagation.
Overall, our contributions could be summarized as follows:

e We propose a generic and effective CF model AugCF that
supports a wide variety of recommendation tasks. To the
best of our knowledge, we are the first to employ Conditional
GAN to generate high-quality augmented interaction data
to enhance the pure CF methods.

e We propose an end-to-end training procedure for AugCF,
which includes a novel discriminator loss and Gumbel-Softmax
approximation to overcome the gradient block problem, which
has been seldom explored in recommender systems.

e We implement AugCF in two concrete application scenar-
ios and perform extensive experiments. The experimental
results show that our proposed AugCF model outperforms
the state-of-the-arts.

2 MODEL DESCRIPTION

2.1 Preliminaries

First, we introduce some important notations used throughout the
paper. Let U and V be the sets of all users and items, and let M and
N be their sizes, respectively. We define the interaction between
user © and item v in the dataset C as:

1, ulikes v;
0,
0,

c= (1)

u dislikes v;

unvisited

For some datasets, the feedback is represented as rating, but we
could follow the widely adopted method introduced in [17] to trans-
form them into binary representations. For example, a 5-star rating
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in the MovieLens dataset ! can be transformed into 1 if it is 4-5 and
0 otherwise. For u’s unvisited items in C (denoted as 0), we can
employ CF methods to infer their values.

CF methods roughly fall into two categories: pure CF methods
and hybrid CF methods. Pure CF methods aim to model users’
preferences on items solely utilizing C. The state-of-the-art pure
CF methods are based on latent representations, i.e., they project
users and items into a shared latent space by using a vector of latent
features to represent a user or an item, and their similarity could be
estimated by inner product or other metrics [18]. Following [16],
we consider pure CF as a prediction task. Given a user u € U and
anitem v € V, the score for u likes v is estimated by f(u, v, ¢; P, Q),
where f is a non-linear function and can be implemented by a deep
neural nets, P and Q are matrices to map users and items into a joint
latent space, respectively. P and Q are left out to make the notations
more compact when no ambiguity arises. Then, the probability of
¢ = 1 is measured by the Sigmoid function:

exp(f(u,v,c = 1))
1+ exp(f(u,v,c = 1))

However, accurately estimating f usually suffers from the data
sparsity problem, i.e., C is usually rather sparse, as a result, pure
CF cannot capture all users’ preferences, especially for the inactive
users who have fewer interaction histories than a predefined thresh-
old. On the other hand, for each user and item in C, there might be
some associated side information (a.k.a. auxiliary information or
contexts), denoted as S, such as user’s gender, purchase time, item
image and user’s textual review, and we use S, € S to denote
all side information associated with user u and item v. Hybrid CF
methods consider both C and S to improve the expressive power,
but they model all users including active and inactive ones in the
same way, which would cost extra computational resources. More-
over, they are usually more complex and less efficient than pure
CF methods. Therefore, we aim to generate sufficient “real” interac-
tion data to augment C for the inactive users with the help of side
information S, and then a pure CF method could be performed on
this augmented dataset effectively and efficiently.

P(c=1) =

@

2.2 Model Overview

In this section, we briefly introduce our proposed AugCF model.
AugCF has two major components: the generator (denoted as Gy)
and the discriminator (denoted as Dy) with parameters 6 and ¢
respectively. The generator as a data augmentor can generate high-
quality and reliable (u, v, c) tuples while the discriminator plays
two roles in the model. First, it distinguishes between a real tuple
sampled from C and a fake tuple generated by Gy. Then, it further
acts as a pure CF method to predict whether u likes a given v or
not. To train AugCF, we utilize a two-phase procedure. The aim of
Phase Iis to obtain a good data augmentor, where the generator and
the discriminator play a minimax game and eventually reach an
equilibrium where the generator generates a tuple that the discrim-
inator can hardly discriminate. Then in Phase II, the parameters of
the generator are fixed and it only acts as a data augmentor, while
the discriminator is trained to correctly map a user-item pair to
a ground-truth label based on data from both the original dataset

Uhttps://grouplens.org/datasets/movielens/
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C and the well-trained Ggy. The structure of AugCF is shown in
Figure 1.

Therefore, a crucial step is to devise a novel unified labeling
system for the discriminator to simultaneously support the two
different training objectives in Phase I and Phase II. Inspired by [47],
we introduce four distinct labels (denoted as y) to denote different
ground truths of training instances. To avoid confusion, we distin-
guish between the terms of “class” and “label” for the rest of the
paper, i.e., “class” is denoted as ¢ and is a binary indicator (Eq. 1)
while “label” is denoted as y and has four values. When an item v
is sampled from the real data, we use y = 1 or y = 0 to represent
that user u likes it (c = 1) or not (¢ = 0). Similarly, when an item
v is from the generator (i.e., fake item), we instead use y = 3 or
y = 2 to represent the same meaning. Next, we briefly introduce
how this labeling system supports the two-phase training. In Phase
I, since we always train the generator and discriminator under the
same class and user (i.e., c is fixed), the label y that discriminator
needs to map an input item into is confined to {0, 2} when ¢ = 0,
or {1,3} when ¢ = 1, depending on where v is from. In Phase II, we
no longer have the constraint for a fixed class, hence, for a given
interaction from either source, the discriminator just behaves like a
normal pure CF method except that it would map a (u, v) pair into
both y = 0 and y = 2 if u dislikes v, otherwise, it is mapped into
bothy = 1 and y = 3. As such, we extend the original pure CF score
function f introduced above to enable this multi-label objective, in
this way, the score for label i can be measured by f(u, v, y) where
y € {0,1,2,3}, and Sigmoid in Eq. 2 is replaced by Softmax:

exp(f v,y = 1))
2 exp(f(w.0.y = )

Py=i)= ®3)

2.3 Phase I: Data Augmentation

In Phase I, the discriminator and the generator compete with each
other conditioning on the same class (ie, ¢ = 0 or ¢ = 1) and
the same user u. Formally, the training objective of Phase I can be
simulated as a minimax game [13]:

9*’ ¢* :mejn mq?X(E(u,v,y)~Pc(v\u,C) lOg[qu,(’U, ylu, C), y € {O, 1}]

@
+ B, 0,9)~ P o1 108D (0, Yl ).y € (231D

where PG, (o|u,c) denotes the distribution conditioning on u and ¢
generated by Gy from which a fake item can be sampled, P (v|u, c)
is the data distribution conditioning on u and ¢ from which a real
item is sampled, and Dy will be introduced shortly.

In this minimax game, the discriminator D¢ aims to maximize
this objective function by learning from labeled data. It guides the
generator by mapping the input item into the correct label con-
ditioning on the given class and user. Meanwhile, Gy acts as a
challenger who constantly pushes the discriminator to its limit.
Specifically, it generates plausible items conditioning on the given
class and user in order to deceive the discriminator, so it aims to
minimize this objective function. The generator and the discrimi-
nator are trained alternately, and these two players can eventually
reach the equilibrium [12]. In our model, the equilibrium is reached
when the discriminator is unable to correctly discriminate between
the real and fake item. The training details of the two components
in Phase I are introduced as follows.
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Figure 1: AugCF Overview
2.3.1 Discriminator. Given an item under a user and a class,

the discriminator needs to discriminate whether it is real or fake.
According to Eq. 4, the objective for training the discriminator in
Phase I is:

©)

¢7 = mq?x(Lf))
where

Lf) = IE'(u,v,y)~Pc(v|u,c) 10g[D¢(’U, ylu,c),y € {0,1}]+
E(u, 0, Y)~PGy(wlu,c) 10g[D¢(’U, ylu, o),y € {2,3}]

where Dy (v, ylu, c) estimates whether an item is fake or real con-
ditioning on a specific class ¢ and a user u, which is achieved by
constraining the probability P to ¢ and u:

exp(f(u,v,y))
23 pexp(f(u, v,y = 1))

2.3.2  Generator. The generator aims to obtain a fake but plau-
sible interaction record, and this process contains the following
steps. First, we sample a user u from U based on this subsampling

strategy:
Pu)=1-, /ﬁ

where h(u) is the frequency of user u (i.e., number of s inter-
actions) and t is a predefined threshold. In this way, the less ac-
tive users have higher probabilities to be sampled. This is a nice
property we want because we prefer to generate more augmenta-
tion for the inactive users. This sampling strategy was proposed
in [30] and has been proved to work effectively, and we empirically
set t to 107> following [30]. Then, a class ¢ € {0,1} is sampled
from a prior Bernoulli distribution parameterised by 0.5. After that,
we need to provide items as input to the generator. Though it
would be ideal to sample from all unvisited items by u, the number
is usually too huge, making it rather inefficient to process them
all at a time. We only randomly sample K of them, denoted as
Vy = {v1,...,vK}, and their associated side information is de-
noted as Sy, = {81,841, ...,Sk}. Following these steps, u, ¢, V,,
and Sy, are fed into Gy, obtaining a point-wise probability distribu-
tion PGO(Ui |u,c):

Dy (v, ylu, ) = P(y|v;u,c) = (6)

™

exp fe(u,vi, Si, c)
3K, exp fo(u,v),8),¢)

®)

PGo(viluc) =
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where fi is the score function for each candidate item that has
various implementations based on the application to fully exploit
the side information, and we will provide two application scenar-
ios in the next section. After that, an item v is sampled from the
probability distribution Pg,,. Furthermore, according to the settings
introduced in Section 2.2, we denote this tuple as (u, v, y) for train-
ing the discriminator, where y is set as ¢ + 2 to label this generated
item v as fake.

Now that the generator aims to deceive the discriminator that
the tuple is real, i.e., to make the discriminator believe that the label
y € {0, 1}, we define the objective function for the generator as:

0" = méi’n((E(u,v,y%PC(v\u,c) log[Dy (v, ylu, ¢), y € {0, 1+
Bl 00)-Pis o B (0. Yl €). y € (2.3})

9
= maX(B(u 0.~ Pop o) LD 0yl w € 0. 1)) )

denoted as LIG

2.4 Phase II: Pure Collaborative Filtering

Once Phase I finishes, we perform Phase 2 of training. In this phase,
the parameters of the generator are fixed, and it only acts as a
reliable data provider. The discriminator is assumed to be unable
to tell the source of the provided data. Therefore, we only train the
discriminator to predict the class for a given (u, v) pair, which is
essentially what a pure CF method does.

Based on the ground-truth labels in Section 2.2, the discriminator
in this phase is optimized by:

¢" =max( Lr+Lc ) (10)
¢ N’

denoted as Lg
where,
L& = By u,g)-r; logl Dg(ylu, 0)+Dy(y'lu.0).y € (0.1 € (2,3)]
L= E(u,v,y)~Pc;9* log[Dy(ylu, U)+D¢(y'|u, v),y € {2,3},y" € {0,1}]
and

exp(f(u,v,y))
23 exp(f(u v,y = i)

2.5 End-to-End Training

In Phase 1, we notice that Gy generates an item by sampling from
a multinomial distribution, but this operation is not differentiable
w.r.t. the distribution parameters [13]. This is one of the major chal-
lenges when applying the vanilla GAN and their variants to discrete
data because they are usually proposed to generate continuous data
such as images and videos. There exist two lines of work to address
this challenge. The first line of work adopts the policy gradient
strategy (REINFORCE) [37] for optimization [5, 41, 46], which con-
siders the discrete data generation action as a stochastic policy
and applies a policy strategy to estimate the generator gradients.
However, the policy gradient strategy suffers from large variance
because it depends on the sampled trajectories from the current
policy to make Monte Carlo estimation. As a result, these methods
are usually unstable in practice. The second line of work emerges
recently. Many discrete GAN-based models address this challenge

Dy(ylu.v) = Pylu,v) =
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Algorithm 1: AugCF Training Algorithm

1 INPUT: Training data C and side information S, pre-trained
generator Gy, number of epochs in Phase I and Phase II and
batch size J;

2 OUTPUT: An augmented C and Gy« and D y-;

3 for each epoch in Phase I do

4 Bgen = 0; Breqr = 0; //sets for generated and real data

5 Sample a batch of users uy, ..., uy based on Eq. 7;

6 Sample a batch of binary classes c1,...,c; ~ Bern(0.5);

7 for every u, c in batch do

8 Gg generates a distribution PG, (4|(4,c)) over K
unvisited items based on Eq. &;

9 Sample a K-dimensional g ~ Gumbel(0, 1);

10 Obtain an approximate fake item v based on Eq. 12;

1 Construct a fake tuple (u, v, y) where y = ¢ + 2;
Add this (u,v,y) to Bgen;

Randomly sample an item v from C given u and c;

12
13
14 Construct a real tuple (u, v, y) where y = c;

Add this (u,v,y) to Bears

end

update Gy and Dy with Bge, and B, based on Eq. 13;
18 end

for each epoch in Phase II do

Bgen = 0; Breqr = 0; //sets for generated and real data

15
16

17

19
20
21 G+ generates a batch of tuples, adding to Bgen;
Add a batch of tuples sampled from C to B,.4;;
Update Dy with both B¢, and B, based on Eq. 14;

end

22

23

24

by utilizing Gumbel-Softmax distribution[20, 27], which is a contin-
uous approximation to a multinomial distribution parameterized in
terms of the softmax function. In this way, the optimization could
be performed by gradient descent directly.

We adopt the second approach for optimization to improve the
training stability. Specifically, let g be a K-dimensional noise vector,
where g1, ..., gk are iid sampled from Gumbel(0, 1) 2. We then
obtain the sampled item v in one-hot representation, i.e., the positi-
ion of v in this one-hot vector is 1 while the other elements are 0,
using the arg max operation using the Gumbel-Max trick [28]:

(11)

v = one_hot |arg max [logPGe(vi) + gi]
i

Since the arg max operation, again, is not differentiable, the contin-
uous and differentiable softmax function is replaced to approximate
it, which is called Gumbel-Softmax [20]. Finally, we obtain an ap-
proximate one-hot representation of the sampled item v, i.e.,

exp((log P, (vi) + gi)/7)
TK, exp((log PG, (©5) + g7)/7)
where 7 is a hyper-parameter called temperature, and when it ap-
proaches 0, samples from the Gumbel-Softmax distribution become

one-hot and the Gumbel-Softmax distribution becomes identical
to the multinomial distribution Pg,. In our implementation, 7 is

fori=1,..,K (12)

i =

2Gumbel(0,1) can be sampled with g = —log(—log(p)), where p ~ Unif orm(0, 1)
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initialized as 0.9, over the course of training, it decays at the rate of
0.3 x 10~* until it is 0.5, which achieves a good balance between
the hard and soft arg max function.

In this way, the whole process can be differentiable, and the
model could be optimized with a standard backpropagation algo-
rithm such as SGD.

It is worth to note that we first pretrain the generator indepen-
dently before it is trained adversarially with the discriminator. Then,
for Phase I, we update 6 and ¢ by:

0 —0+VLL ;. ¢ ¢+VLL

For Phase II, we keep 0 fixed and only update ¢ with data from
both Gg and C by:

(13)

¢ —¢+VLH (14)
The detailed training process of AugCF is shown in Algorithm 1.

3 APPLICATIONS

In this section, we apply our AugCF to two specific scenarios based
on the type of the side information: textual contents and sparse
features. In other words, we choose two feasible implementations
of the score function f in Eq. 8 depending on the side information
available.

3.1 Content-Based AugCF

Some datasets such as the Amazon dataset > and the Yelp dataset 4
contain reviews from users for their consumed items, which could
be very helpful to capture item properties and user behaviors. There-
fore, it is intuitive to facilitate these textual contexts to tackle spar-
sity. To sample an item v; from 9V, using side information Sy
(textual reviews, in this case) conditioning on user u and class c,
we implement the generator in our AugCF with a state-of-the-art
content-based recommendation method DeepCoNN [48] which
models users and items jointly using the textual reviews. Specif-
ically, it learns hidden latent features for users and items based
on convolutional neural networks (CNN) [8]. One of the networks
models user behavior using the reviews written by user u, and the
other network models item properties using the written reviews for
every item in V;,. Then the learned latent features for user and item
are used for prediction through a layer on the top of both networks,
which is motivated by matrix factorization (MF) techniques [22] to
let latent factors of users and items interact with each other [48].
Moreover, recall that we additionally consider the class c, so we
concatenate its latent representation, which is also learned by a

neural network (as shown in Figure 1), to Z.

Therefore, the score function f; in AugCF is defined as:
2] 12| 2]
fG(u,Ui,Si, C) =wy + Z wiZi + Z Z
i=1

i=1 j=i+1

<f)i,f)j>2i2j (15)

where, according to [48], Z is a vector that concatenates the learned
user, item and class latent representation, wy is the global bias,

w; models the strength of the i variable in Z and <f)i,f) j> =
ZL:ZZ\I Bi,kBj,k~ <f)1f)]> models the second order interactions.
We call this application as content-based AugCF.

Shttp://jmcauley.ucsd.edu/data/amazon
“https://www.yelp.com/dataset/challenge
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3.2 Sparse Feature-Based AugCF

The side information in some datasets presents in very sparse for-
mats, that is, almost all of the elements of a training vector are zero,
which usually results from dealing with large categorical variable
domains. For example, we could transform each example in the mu-
sic recommendation dataset Last.fm [3] into a sparse feature vector
x = {Xo, X1 ...} where x; stands for the categorical representation
of user ID, tags, timestamps, etc. Similarly, we aim to sample an
item v; from V, using sparse features S, conditioning on user
u and class ¢. However, under such circumstance, it is quite chal-
lenging to fully utilize the information to generate augmentation
because there is usually not enough data to estimate interactions
between variables directly and independently [33]. One of the most
effective neural network-based solutions to address this challenge
is the Wide & Deep learning framework [7]. It jointly trains wide
linear models and deep neural networks to combine the benefits of
them for recommender systems, where wide linear models can ef-
fectively memorize sparse feature interactions using cross-product
feature transformations while deep neural networks can generalize
to previously unseen feature interactions through low-dimensional
embeddings [7]. For the fixed class ¢ and user u that also needs to
be considered as input, we see them as normal categorical features
to interact with other original features.
In this case, the score function f in AugCF thus is defined as:

fe(u,vi, Si,c) = Waide[x’ d(x)] + wgeepa(lf) +b (16)
where $(x) are the cross product transformations of some important
sparse features, and b is the bias term. w,, ;. is the vector of all
wide model weights, and w4, are the weights applied on the final
activations '),

We call this application as sparse feature-based AugCF.

4 EXPERIMENTS

In this section, we introduce the experiments for the two real-
world applications using AugCeF, i.e., content-based AugCF and
sparse feature-based AugCF. For simplicity, they share the same
evaluation metric and procedures. Since each of the two applications
has its unique backgrounds, datasets and baseline methods, we
report them separately. Finally, we present a case study for a deeper
understanding of our proposed model.

4.1 Evaluation Methodology

In this work, we adopt the methodology Hits@k (or Recall@k) that
has been widely used to evaluate the performance of recommender
systems such as [9, 19, 42, 44].

First, we use 70% of the whole dataset as the training set and use
the remaining as the test set 77¢5. For the test set, we only keep
the positive interaction records from the source dataset, e.g., only
those ratings larger than 3 stars in the Movielens dataset. Then, for
every item v rated positively by user u in 77¢S%:

(i) We randomly select R additional items unvisited by user u,
where R varies for different datasets. These items can be safely
assumed to be uninterested to user u due to the large number of
total items. Moreover, the items “visited” by user u in the generated
data are also excluded to be sampled.

553

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

Table 1: Basic Statistics of Frappe and Movielens

Dataset #Users | #Items | #Interactions | #Features | Sparsity
Electronics | 192,403 | 63,001 1,689,188 N/A 0.014%
Health 38,609 | 18,534 346,355 N/A 0.048%
Beauty 22,363 | 12,101 198,502 N/A 0.073%
Games 24,303 | 10,672 231,780 N/A 0.089%
Movielens 6,040 3,706 1,000,209 9,812 4.47%
Frappe 957 4,082 288,609 5,382 7.39%

(ii) We predict u’s preference scores for these R items and v
using the well-trained model. For our AugCF, we only use the
discriminator for prediction;

(iii) We form a ranked list by ordering all the R+1 items according
to their scores. Let r denote the position of v within the list and
thus the best result happens when v precedes all the other items
(ie, r=1).

(iv) We pick the k items with the highest scores to form a top-k
recommendation list. If r < k, we get a hit (i.e., the ground truth v
appears in u’s recommendation list), otherwise, we get a miss.

The Hits@k is finally computed as T,}]l_lfecf)tﬁ where #hit@k is the

number of hits within test set 7/¢¢. As the hit probability would
rise as k increases or R decreases, we need to fix k and R for all
comparison methods to ensure fairness.

4.2 Content-Based AugCF

4.2.1 Datasets. To evaluate this application, we use the well-
known and publicly available Amazon product review datasets
mentioned above, which cover user interaction (review, rating,
helpfulness votes, etc.) on 24 product categories. We pick four of
the categories with different characteristics (i.e., sparsity levels and
sizes): Electronics, Health and Personal Care (“Health” for short),
Beauty and Video Games (“Games” for short). Their basic statistics
are listed in Table 1. In this experiment, we set R as 500.

4.2.2  Baselines. We compare our proposed AugCF with four
state-of-the-art CF recommendation models, two of which are hy-
brid CF methods that leverage user reviews and the others are pure
CF methods that only consume interaction data.

DeepCoNN [48]: DeepCoNN is a hybrid CF that exploits the
information existing in the reviews for recommender systems, and
it achieves the state-of-the-art recommendation performance on
datasets with reviews. We use the full version of DeepCoNN, and
the widely used pretrained Google News word embeddings.

HFT [29]: Hidden Factor as Topic incorporates user reviews
into a rating prediction model. Specifically, it combines Matrix
Factorization and Latent Dirichlet Allocation [4] to simultaneously
train on the ratings and the texts of the reviews. We use 50 latent
topics in the experiments.

PMF [32]: Probabilistic Matrix Factorization models the condi-
tional probability of latent factors given the observed ratings and
includes Gaussian priors that handle complexity regularization.
PMF is one of best known pure CF methods.

NeuMF [16]: Neural Matrix Factorization is the state-of-the-art
item recommendation method. It combines MF and multi-layer per-
ceptrons (MLP) to learn the user-item interaction function. NeuMF
is also a pure CF method.
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Figure 2: Evaluation on Four Amazon Datasets

4.2.3 Experimental Results & Analysis. We show the experimen-
tal results on Figure 2. From the results, we can see that our method
consistently outperforms the competitors on all four datasets, more-
over, all differences between our solution and others are statisti-
cally significant (p < 0.01). Besides, we can reach the following
conclusions, which validate many of our claims. First, all methods
have better performance if the datasets are denser, i.e., they all
obtain the highest hit accuracy on the “Game” dataset while the
lowest hit accuracy on the “Electronics” dataset. Then, the hybrid
CF models (HFT and DeepCoNN) that furthermore consider the
user reviews have better performance than the pure CF methods
(PMF and NeuMF), that is why our model is designed to take the
side information into consideration. Finally, our model outperforms
HFT and DeepCoNN, because we utilize the side information in a
novel and effective strategy, that is, the side information is used for
generating augmentation to the interaction data, so that we can
apply a pure CF method to all users.

4.3 Sparse Feature-Based AugCF

4.3.1 Datasets. We use the following two datasets that have
multiple sparse features for evaluation, and their statistics are also
listed in Table 1. In this experiment, we set R as 2000.

Frappe®: Frappe is a context-aware app discovery tool. The
data contains 8 context factors, which are “daytime”, “weekday”,
“isweekend”, “homework”, “cost”, “weather”, “country” and “city”.
These factors, as well as the user ID and app ID, are converted into
feature vectors using one-hot encoding. We adopt the extended
version of the dataset used in [14] that adds some negative ratings
to the original datasets. In AugCF, we consider “cost” as an item
related feature while the rest as user-related features.

Movielens: Movielens provides datasets containing the movie
ratings by users. We select Movielens-1M in this experiment, be-
cause besides user and movie IDs, it also contains user demographic
information: age, gender and occupation, and 18 movie genres. Sim-
ilarly, we denote every feature (including each genre) as a one-hot
feature vector. Similarly, in AugCF, we consider the genres as item

Shttp://baltrunas.info/research-menu/frappe

554

KDD ’19, August 4-8, 2019, Anchorage, AK, USA

PMF Wide&Deep NN AugCF
—NeuMF N NFM

PMF Wide&Deep ~ WEE AugCF

. NouMF BN NFM
5 10 20 30
k

(b) Movielens

035

030

08
025
<} ®
Qos Qo2
- £
015
04
0410
02
0.05
00 5 10 20 30 0.00
«

(a) Frappe

Figure 3: Evaluation on Frappe and Movielens Datasets

related features and user demographic information as user-related
features.

4.3.2  Baselines. For comparison, besides the pure CF methods
PMF and NeuMF introduced above, we adopt another two state-
of-the-art recommendation methods that can deal with the sparse
features in the datasets.

Wide & Deep [7]: As introduced above, Wide & Deep has wide
linear models and deep neural networks, combining these two learn-
ing techniques enables the recommender to capture both memoriza-
tion and generalization. According to the literature, this model can
improve the accuracy as well as the diversity of recommendation.

NFM [14]: Neural Factorization Machines is one of the state-
of-the-art methods based on deep learning for item recommenda-
tion, which combines hidden layer of GMF and MLP to learn the
user-item interaction function. Also, it replaces the second-order
interactions with MLP and proposes regularizing the model with
dropout and batch normalization.

4.3.3  Experimental Results & Analysis. The results are shown
in Figure 3, from which we can see that, again, the results of our
AugCF are better than the baseline methods in both datasets, and are
statistically significant (p < 0.01). The first and second conclusions
from the previous experiment also apply here. Besides, we have
the following additional observations. First, these two datasets are
denser than the previous Amazon product reviews, thus all methods
have higher hit rates on them without surprise. Then, the reasons
“Frappe” gets high hits rates are twofold: 1) the “Frappe” dataset
is quite dense (see Table 1); 2) the original “Frappe” dataset is an
implicit dataset, meaning that it only has positive interactions, the
authors of [14] added two times more negative interactions to the
original dataset to form the dataset we use, which makes the predic-
tion easier than the true dataset, especially when we also consider
the context information. This is another example that requires a
more sophisticated method to augment the original dataset. Finally,
Wide & Deep and NFM have comparable performance on both
dataset, and the reason might be that the higher-order interactions
among features are not significant in these datasets.

4.4 Case Study

4.4.1 Usability of Generated Data. In this study, we evaluate
whether the generated interaction records are “true” enough to
achieve enhancement on pure CF settings. Hence, we perform PMF
on the three versions of datasets independently: the generated
dataset (GD), the original dataset (OD) and the augmented dataset
(AD) that combines both GD and OD. We choose the four severely
sparse Amazon review datasets for this study, and only evaluate
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Table 2: Performance of PMF on OD, GD and AD

Data | Electronics | Health | Beauty | Games
OD 0.1037 | 0.1154 | 0.14953 | 0.1993
GD 0.0914 | 0.1042 0.1323 | 0.1787
AD 0.1517 | 0.1740 | 0.2176 | 0.2414

Table 3: Performance of AugCF-Full and AugCF-Sep

Method Electronics | Health | Beauty | Games
AugCF-Full 0.2277 | 0.2580 | 0.2877 | 0.3177
AugCF-Sep 0.1953 | 0.2172 0.2509 | 0.3021

Hits@20 for simplicity. The results are shown in Table 2. We can
see that training PMF solely on the generated data also achieves
comparable results as the original data. Furthermore, the hit rates
improve significantly when PMF is trained on the augmented data.
Therefore, we are confident in the quality of the generated data,
and believe that it can be used as ground-truth training data.

4.4.2 Effectiveness of End-to-End Training. To answer the re-
search question “does the end-to-end training really help improve the
performance?”, we design a variant of the full AugCF model (called
AugCF-Full in this study) which has a separated CF component
after Phase I is completed, and we call this variant AugCF-Sep. In
fact, AugCF-Sep can be regarded as a stand-alone NeuMF model,
which is trained on the augmented data. For the evaluation protocol,
we follow the same setting as the previous study. The results are
shown in Table 3, where we can see that AugCF-Full enjoying the
benefits of end-to-end training outperforms AugCF-Sep. In addition,
AugCF-Sep still outperforms NeuMF (see Figure 2) because it has
been trained on the augmented dataset.

4.4.3 Impact of Sample Numbers. Since a user is uninterested
in most items, we study the appropriate value of K, the number of
items that are used as input to the generator in Phase I to sample a
fake item from, in this study. The optimal K should 1) be sufficiently
large to include at least one item this user is interested in; 2) enable
Gumbel-Softmax to perform effectively. We set the value of K at
the range of [200, 1000] to search for the optimal value for different
Amazon review datasets, measured by Hits@20. The results are
shown in Figure 4, indicating that the optimal values of K vary for
different datasets. Clearly, a sparser dataset needs a smaller K and
vice versus. For example, the optimal K for the “Games” dataset is
around 800 while for the “Electronics” dataset is around 400. Note
that when K is set as a very large number, the running time of
AugCF increases linearly, so we need to balance the trade off.

5 RELATED WORK
5.1 Data Augmentation

Most data augmentation techniques proposed in the literature can
be categorized into transformative or generative methods. Transfor-
mative methods synthesize new training samples from the original
training samples by applying either additive Gaussian or uniform
noise over pre-determined families of transformations, such as [23].
Transformative methods are widely used in the vision domain. For
example, methods introduced in [23] are routinely used in classi-
fication problems, which create augmentation by image rotation,
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Figure 4: Impact of Number of Samples

lighting/color tone modifications, rescaling, cropping, or as simple
as adding random noise.

On the other hand, generative methods exploit the generative
power of latent variable models to artificially create convincing
data samples, and this direction of data augmentation attracts in-
creasing attention after the powerful deep generative models, such
as VAE [21] and GAN [13], have been proposed. For example, DA-
GAN [1] takes data from a source domain and learns to take any
data item and generalize it to generate other within-class data items.
However, most generative data augmentation methods focus on
continuous data (such as images and videos) but augmenting dis-
crete data using generative models has been rarely explored. Several
semi-supervised GAN could also be viewed as augmented unlabeled
samples from labeled ones. GraphSGAN [11] is a recent attempt
of this line, which was proposed to learn over graphs using GAN
with a novel competitive game between generator and classifier, in
which generator generates samples in density gaps at equilibrium.
Data augmentation has become an essential step to enlarge the
training sets to avoid over-fitting in training deep learning models
in many domains, but it has been seldom studied in the recommen-
dation area. In fact, to the best of our knowledge, we are the first
to leverage generative models to augment the recommendation
training dataset, which is typically discrete data.

For recommender systems, another similar line of work is the
data imputation technique [26, 35], which aims to infer missing
user-item ratings in the rating matrix. However, after imputation, a
separate subsequent CF subroutine is needed to produce predictions
using the pseudo imputed dataset. Unlike our proposed AugCF,
these methods are not end-to-end and require extra manual labor.
Moreover, since imputed interactions are not real but inferred,
low-quality data could seriously damage the performance of the
subsequent CF, but these methods do not have a mechanism to
guarantee the reliability of the imputed values.

5.2 GAN for Recommendation

As GAN has demonstrated their abilities and potentials on learning
from large (unlabeled) data, it is naturally applied in designing a
recommender system most recently. IRGAN [40] makes the first at-
tempt by adopting an adversarial framework to unify the generative
and discriminative models in information retrieval. The authors
furthermore implement a recommender system under IRGAN. He
et al. [15] propose Adversarial Personalized Ranking that utilizes
adversarial training to minimize the pairwise BPR objective func-
tion. Also, GAN is used to generate difficult adversarial negative
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samples to improve pairwise ranking in recommendation [41]. Sim-
ilar to our work, [6] also employs GAN to address the data sparsity
problem in CF following their proposed real-valued, vector-wise
training. However, these methods aim to utilize GAN to optimize
the loss function while our proposed AugCF uses GAN to directly
augment the training data to reduce data sparsity.

6 CONCLUSIONS

Coping with the data sparsity problem when designing a CF method
has been a long-standing research topic in the recommender system
area. In this paper, we proposed a generic CF model called AugCF
to efficiently and effectively alleviate this problem by augmenting
the interaction datasets. To obtain reliable user interaction data
from rich side information and further form augmented ground-
truth training datasets, AugCF is based on Conditional Generative
Adversarial Nets to control the generation process. To enjoy the
benefit of end-to-end training, we introduced a novel discriminator
loss function that can handle different tasks in different training
phases. Furthermore, to overcome the gradient block problem while
reducing the variance, we adopted the Gumbel-Softmax to optimize
the generator. To validate our statements, we applied our proposed
AugCF to two scenarios. The experimental results show that our
model significantly outperforms some strong and state-of-the-art
pure and hybrid CF models.
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