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Recommender Systems
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Recommender Systems with Conter

Content information:
Plots, directors, actors, etc.
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Modeling the Content Information
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_ Automatically
Automatically learn features and

learn features adapt for ratings

Handcrafted features
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Modeling the Content Information

1. Powerful features for content information
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Deep learning
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Stackeddenoising Convolutionalneural Recurrent neural
autoencoders networks networks

Deep learning allowsomputational modelsthat are composed of
multiple processing layerto learn representations of data with
multiple levels of abstraction

Bengioet al. 2015
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Stackeddenoising Convolutionalneural Recurrent neural
autoencoders networks networks

Typically fori.l.d. data

(@ ye)
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Modeling the Content Information

1. Powerful features for content information

- =

Deep learning

2. Feedback from rating informatiod Noni.i.d.

- -

Collaborative deep learning (CDL)
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Contribution

. Collaborative deep learning:
* deep learning for nonl.I.d. data
* Joint representation learning and

collaborative filtering
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Contribution

. Collaborative deep learning
. Complex target:

* pbeyond targets like classification and regressi

* to complete a lowrank matrix
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Contribution

. Collaborative deep learning
., Complex target
. First hierarchical Bayesian models for

hybrid deep recommender system
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Contribution

. Collaborative deep learning

., Complex target

. First hierarchical Bayesian models for
hybrid deep recommender system

. Significantly advance the state of the art
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StackedDenoisingAutoencoders(SDAE)
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SDAE solves the following optimization problem:

min X. — X, 2 )\ W, 2.
i | If+3 3 Wil

where A is a regularization parameter and || - || F denotes the

Frobenius norm. .
Vincent et al. 2010
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Probabillistic I\/Iatrlx Factorization (PMF)

Graphical model: ‘V |
é Notation:
N @ latent vector of item |
» (v) latent vector of usef
@ | rating of item j from user
=L M i=1,....N
Generative process: o
N M
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Objective function if using MAP:
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Salakhutdino\et al. 2008
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Probabilistic SDAE

Graphical model:

~
TN V\*‘ N
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Generative process:

Wi ~ N(0, A\, 1) Generalized SDAE
b, ~ N (0, A, ' Ik,) Notation:
Xl,j* ~ N(J(Xl—l,j*wl + bz) ) llhf corrupted input

1 clean input
Xc,j* ~ N(XL,j*t )\n IB) /@ ) .
@ weights and biases
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Collaborative Deep Learning

Graphical model:
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Collaborative deep learning SDAE
Two-way interaction Notation:

_ @rating of item j from user corrupted input
AVlore powerful representation

o . v latent vector ofitemj & clean input
Anfer missing ratings from content , - , _
Anfer missing content from rating ‘ulatent vector of user @ weights and biases
x5 content representatiorll
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Collaborative Deep Learning

Neural network representation fodegeneratedCDL
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