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Background for a recommendation system

News items,

Books, Journals, TV programs,

Music CDs,
}' Movie titles

Research
papers

Consumer
products, e-
commerce
items,

Web pages,

Usenet articles,

> e-mails

A recommendation system, or a recommender system (sometimes replacing
“system” with a synonym such as platform or engine), is a subclass of information
filtering system that seeks to predict the “rating” or “preference” a user would give

to an item.



Background for a recommendation system (Cont’d)
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Background for deep learning

Deep learning (also known as deep structured learning) is part of a broader
family of machine learning methods based on artificial neural networks with
representation learning. Learning can be supervised, semi-supervised, or
unsupervised.

* In 1980, Fukushima Kunihiko proposed a new perceptron.

- In 1989, LeCun and other researchers applied the standard.
backpropagation algorithm proposed in 1974 to deep neural networks for
handwritten postal code recognition.

- In 2012, Hinton significantly reduced the error rate of ImageNet image
classification problems.

* In 2016, DeepMind’s AlphaGo used deep reinforcement learning to train
the Go Al to defeat the human world champion.



Background for deep learning based applications

4 Deep Learning-based Applications
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Contend based recommendation

This method further fully mines the content information of users and
items in addition to using feedback data
— content information: text content, picture content, audio content,

video content
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Motivations and challenges
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Motivations and challenges (Cont’d)

Motivation I: mining textual content more effectively

Motivation |l: designing a very deep neural structure

- The number of neural layers usually determines the neural model’s
performance. A recommendation system based on a deeper neural network
is likely to outperform the shallow ones.

- Due to overparameterization, a deeper neural network generalizes better
than shallow ones.

Challenge |

- Textual noise makes a neural network be prone to overfitting.

- It is difficult to identify topics in textual information by neural networks.
Challenge |l

- Gradient vanishing/exploding issue.

- Data sparsity of the recommendation problem further exacerbates the
instability issue of very deep networks.

- Most state-of-the-art recommenders are based on shallow neural networks.



HighwAy recoMmender (HAM)
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Deep transformer

* Deep transformer enhances expressive power of the
encoder

» The transformer is constituted of a series of HWCell

* The HWCell H(x|G,K) can be computed by

g =0(Gx),
H(z|G,K)=g®x+ (1 -g)® tanh(Kx),

where g acts as an information gate.
+ The HWCell uses gated skip-connection to stabilize
the gradient flow of the neural network
» This kind of neural structure can alleviate gradient
vanishing/exploding issue of deep neural networks

v,
Scoring module
.

r
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» Suppose the latent vectors of users and items are
mapped into u; and v; respectively by the deep
transformer

» The scoring module describes the match of users and
items via:

f(i,doc;) = u.?vj.




Train HAM via multitask learning

RaTking task + Word embeddingj task

|

Training the model
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Experimental results

Table 3 Performance of the different methods on the collaborative ranking task

Method AUC MAP
CiteULike M1M M10M CiteULike MIM M10M
CMLST 0.9313£0.003 0.9104+0.013 0.9370£0.013 0.1217+0.002 0.1881+0.004 0.1753+0.006
CRAE 0.9206+0.005 0.9157+0.023 0.9682+0.024 0.0580+0.007 0.1856+0.007 0.1585+0.005
CDL 0.9120£0.004 0.9188+0.023 0.9365+0.036 0.1124+0.003 0.1432+0.005 0.1547+0.004
CDAE 0.9348+0.003 0.9107+0.014 0.9366+0.017 0.1211+0.006 0.1630+0.002 0.1712+0.004
CTR 0.904310.007 0.9109+0.012 0.921140.021 0.060310.002 0.1008£0.009 0.1148+0.003
HAM  0.9406+0.002 0.9239+0.009 0.9671+£0.010 0.1481+0.008 0.2332+0.004 0.2249+0.007

The best results are in bold

Table 4 Performance of the different methods on the top-k ranking task

Mothod Recall@5b Precision@j
CiteULike M1M M10M CiteULike M1M M10M
CMLST  0.093710.002 0.0722+0.003 0.0667+0.013 0.1100+0.006 0.2291+0.004 0.182240.006
CRAE 0.082510.003 0.0731£0.003 0.0729£0.024 0.1308£0.004 0.3132%0.002 0.2260£0.007
CDL 0.089510.007 0.0758+0.006 0.0840£0.036 0.140440.006 0.378210.010 0.277310.008
CDAE 0.092510.004 0.0858£0.002 0.0767£0.017 0.1511£0.002 0.3680%0.009 0.2445£0.003
CTR 0.036310.001 0.0434+0.002 0.0520£0.013 0.043040.001 0.2059+0.003 0.1356+0.005
HAM  0.1151+0.002 0.0958%=0.004 0.1038£0.010 0.1647+0.006 0.4142:0.006 0.3532:0.009

The best results are in bold



Experimental results (Cont’d)
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Fig. 2 Precision@k of the different methods under different choices of k with respect to benchmark datasets
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Experimental results (Cont’d)
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Summary

We designed a new neural recommendation framework based on the

highway network to stabilize the gradient flow of the deep recommender.

A multi-head attention encoder has been designed to exploit textual

information for enhancing the recommendation performance.

We proposed a novel BCD method to train the deeper recommender

effectively.

Empirical studies showed that the proposed method outperforms

state-of-the-art methods significantly in terms of accuracy.
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