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ABSTRACT

In recent years. deep neural networks have yvielded immense
suecess on speech recognition, computer ion and natural
language processing. However, the exploration of deep neu-
ral networks on recommender systems has received relatively
less serutiny. In this work, we strive to develop technigues
based on neural networks to tackle the key problem in rec-
ommendation
implicit feedback.
Although some recent work has emploved deep learning
for recommendation, they primarily used it to model anxil-
iary information, such as textual descriptions of items and
acoustic features of musics. When it comes to model the key
factor in collaborative Altering the interaction between
u and item features, they still resorted to matrix factor-
fzation and applied an inner product on the latent features
of us
By replacing the inner product with a neural architecture
that can learn an arbitrary function from data, we present
a general framework named NCF
based Collaborative Fillering is gener
press and generalize matrix factorization under its fra
work. To supercharge NCF modelling with non-lin
we propose to lever. a multi-layer perceptron to |
user—item interaction function. Extensive experiments on
two real-world datasets show significant improvements of our
proposed NCF framework over the state-of-the-art methods.
Empirical evidence shows that using deeper layers of neural
networks offers better recommendation performance.

collaborative fltering

s and items.

short for Newrnl nelwork-

and can ex-

on the basis of

1.

NTRODUCTION

In the era of information explosion, recommender systems
play a pivotal role in alleviating information overload, hav-
ing been widely adopted by many online services, including
E-commerce, online news and social media sites. The key to
a personalized recommender system is in modelling users’
preference on items based on their past interactions
ratings and clicks). known as collaborative filtering [31, 46].
Among the various collaborative filtering techniques, matrix
factorization (MF) [14. 21] is the most popular o
projects users and items into a shared latent spad using
a vector of latent features to represent a user or an item.

+r's interaction on 2

. which

Therealter a u
inner product of their latent vectors.

Popularized by the Netflix Prize, MF has become the de
Jacto approach to latent factor model-based recommenda-

tem is modelled as the

tion. Much research effort has been devoted to enhaneing
MF, such as integrating it with neighbor-based models [21],
combining it with topic mode
tending it to factorization ma
elling of features. Despite the

s of item content [38], and ex-

¢ maod-

hines [26] for a gene
flectiveness of MF for collab-
orative filtering, it is well-known that its performance can be
hindered by the simple choice of the interaction function

inner product. For example, for the task of rating prediction
on explicit feedback, it is well known that the performance

of the MF model ean be improved by incorporating user
and item bias terms into the interaction function'. While
it seems to be just a trivial tweak for the inner product
aperator [14], it points to the positive effect of ¢

Fning a
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Abstract

Sequential recommendation, which aims to recom-
mend next item that the user will likely interact in
a near future, has become essential in various Inter-
net applications. Existing methods usually consider
the transition patterns between items, but ignore the
transition patterns between features of items. We
argue that only the item-level sequences cannot re-
veal the full sequential patterns, while explicit and
implicit feature-level sequences can help extract the
full sequential patterns. In this paper, we propose
a novel method named Feature-level Deeper Self-
Attention Network (FDSA) for sequential recom-
mendation. Specifically, FDSA first integrates vari-
ous heterogeneous features of items into feature se-
quences with different weights through a vanilla at-
tention mechanism. After that, FDSA applies sepa-
rated self-attention blocks on item-level sequences
and feature-level sequences, respectively. to model
item transition patterns and feature transition pat-
terns. Then, we integrate the outputs of these two
blocks to a fully-connected layer for next item rec-
ommendation. Finally, comprehensive experimen-
tal results demonstrate that considering the transi-
tion relationships between features can significant-
ly improve the performance of sequential recom-
mendation.

capturing useful sequential patterns from user historical be-
haviors.

Increasing research interests have been put in sequential
recommendation with various models proposed. For model-
ing sequential patterns. the classic Factorizing Personalized
Markov Chain (FPMC) model has been introduced to fac-
torize the user-specific transition matrix by considering the
Markov Chains [Rendle er al., 2010]. However, the Markov
assumption has difficulty in constructing a more effective
relationship among factors [Huang er al, 2018]. With the
success of deep learning, Recurrent Neural Network (RNN)
methods have been widely adopted in sequential recommen-
dation [Hidasi er al., 2016: Zhao er al., 2019]. These RN-
N methods usually employ the last hidden state of RNN as
the user representation, which is used to predict the next ac-
tion. Despite the success. these RNN models are difficult to
preserve long-range dependencies even using the advanced
memory cell structures like Long Short-Term Memory (LST-
M} and Gated Recurrent Units {GRU) [Chung et al., 20141,
Besides. RNN-based methods need to leamn to pass relevan-
t information forward step by step, which makes RNN hard
to parallelize [Al-Rfou et al., 2019]. Recently, self-attention
networks (SANs) have shown promising empirical results in
various NLP tasks, such as machine translation [Vaswani er
al., 2017], natural language inference [Shen er al., 2018],
and question answering [Li et al, 2019]. One strong point
of self-attention networks is the strength of capturing long-
range dependencies by calculating attention weights between
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@5 @0
Dataset Method Hii | NDCG Hii | NDCG
Pup[-m 0.1532 (.098K 0.23497 0.1267
BPR 0.1749 01129 0.2647 01418
FPMC 0.2731 0.2034 (1.3680 0.2339
TrunsRec 0.2652 0.1854 03773 02214
Tmall GRU4Rec 01674 01217 0.2446 0. 1465
CSAN 03481 (.2440 04787 0.2863

SASRec 0.3572 0.253] 0.4840 0.2940
SASRec+ 0.3427 0.2415 04714 0.2829
SASRec++ (1.3550 0.2534 04785 (1.2932

CFSA 03836 0.2724 05152 0.3149
FDSA 03940 | 02820 | 05197 | 03226
PopRec 01952 | 0.1287 [ 03058 [ 0.1643

BPR 02096 | 0.13%4 | 03219 | 0.1756
FPMC 02983 | 02261 | 03833 | 02535

TransRec 0.3135 0.2255 0.4206 0.2600
Toys and Games GRU4Rec 0.2039 0.1359 03118 01705
CSAN 0.2327 0.1601 03404 0.1947
SASRec 0.3262 0233 0.4441 0.2705
SASRec+ 0.3367 0.2410 04510 02776
SASRec++ 0.3394 0.2428 0.4544 0.2799
CFSA 0.3309] 02411 04538 07783
FDSA 03571 0.2572 04738 0.2949

Table 2: Experimental results of FDSA and baselines. The best per-
formance of each column (the larger is the better) is in bold.
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* https://medium.com/sfu-cspmp/recommendation-systems-collaborative-filtering-using-matrix-factorization-simplified-
2118f4ef2cd3

* https://leehyejin91.github.io/post-ncf/
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