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Perception Inference

*See (visual object recognition) :
*Read (text understanding) *Think (inference & reasoning)
*Hear (speech recognition) :

Perception: perceive the environment



Perception Inference

*See (visual object recognition) :
*Read (text understanding) *Think (inference & reasoning)
*Hear (speech recognition) :

Perception: perceive the environment : Complex relations
Conditional dependencies & randomness



Perception

Deep Learning

input layer

High dimensional input:
Text, Images, Videos

hidden layer 1 hidden layer 2 hidden layer 3

Inference

Graphical Models
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Deep Learning Desirable

Perception

Graphical Models

Inference/reasoning

[ Wang et al. 2014 ]
[ Wang et al. 2016 ]
[ Wang et al. 2020]



Deep Learning Bayesian Deep Learning (BDL)

Perception

Graphical Models

Inference/reasoning

[ Wang et al. 2014 ]
[ Wang et al. 2016 ]
[ Wang et al. 2020]
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Probabilistic DL models

Bayesian deep learning (BDL)
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Deep component ; &  Graphical component

Probabilistic DL models

Bayesian deep learning (BDL)

*Maximum a posteriori (MAP)
*Markov chain Monte Carlo (MCMCQ)
*Variational inference (VI)



Example: Medical Diagnosis

—— - -y,

Deep component
Medical images, e.qg., MRI
Medical records
Various signals

Graphical component

Reasoning and inference

Bayesian deep learning (BDL)

[ Wang et al., ICML 2020]
[ Zhao*, Hoti*, Wang, Raghu, Katabi, Nature Medicine 2021 ]



Example: Movie Recommender Systems
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Deep component

Uses video, plot, actors, etc.
Content understanding

Graphical component

Uses preferences, similarities
Recommendation

Bayesian deep learning (BDL)

[ Wang et al., KDD 2015 ]
[ Wang et al., NIPS 2016a ]



BDL: A Principled Probabilistic Framework

Deep Component Graphical Component

Deep Variables @ @
Graphical Variables @ @ @
Hinge Variables @

[ Wang et al. TKDE 2016 ]



BDL: A Principled Probabilistic Framework

Deep Component Graphical Component

The whole modelis jointly learned (end-to-end).

[ Wang et al. TKDE 2016 ]
[ Wang et al. CSUR 2020]



BDL Models for Different Applications

Collaborative Deep Learning (CDL) [121] Deep Poisson Factor Models [38]
Bayesian CDL [121] Health Deep Markov Models [61]
Marginalized CDL [66] Care Black-Box False Discovery Rate [110]
Recommender | Symmetric CDL [66] Bidirectional Inference Networks [117]
Systems Collaborative Deep Ranking [131]
Collaborative Knowledge Base Embedding [132]
Collaborative Recurrent AE [122] Asynchronous Temporal Fields [102]
Collaborative Variational Autoencoders [68] Computer Attend, Infer, Repeat (AIR) [20]
Vision Fast AIR [105]
Sequential AIR [60]
Relational SDAE
Topic Deep Poisson Factor Analysis with Sigmoid Belief Networks [24] Sequence to Better Sequence [77]
Models Deep Poisson Factor Analysis with Restricted Boltzmann Machine [24] NLP tifiable S Editine [69
Deep Latent Dirichlet Allocation [18] Quantifiable Sequence Editing [69]
Dirichlet Belief Networks [133]
Factorized Hierarchical VAE [48]
Scalable Factorized Hierarchical VAE [47]
Embed to.C(.)ntrol (125] ) Speech Gaussian Mixture Variational Autoencoders [49]
Control Deep Variational Bayes Filters [57] Recurrent Poisson Process Units [51]

Probabilistic Recurrent State-Space Models [19]
Deep Planning Networks [34]

Deep Graph Random Process [52]

Link
Prediction

Relational Deep Learning [120]
Graphite [32]
Deep Generative Latent Feature Relational Model [75]

Time Series
Forecasting

DeepAR [21]

DeepState [90]

Spline Quantile Function RNN [27]
DeepFactor [124]

https://github.com/js05212/BayesianDeepLearning-Survey

[ Wang et al. TKDE 2016 ]
[ Wang et al. CSUR 2020]



Bayesian Deep Learning

A Unified Framework

Probabilistic Graphical Models

Probabilistic/Bayesian Neural Nets



Bayesian Deep Learning

A Unified Framework

Recommender Systems
Social Network Analysis

Natural-Parameter Networks

b Healthcare



Bayesian Deep Learning

A Unified Framework

Probabilistic Graphical Models

Probabilistic/Bayesian Neural Nets



Probabilistic Graphical Models:
A Mini-Tutorial



Probabilistic Graphical Models: Simple Example

Gaussian Distribution: x~N (u, X)

x € RP
i € RP
ZERDXD

M

' Observed variables (given)
Q Latent variables & parameters to infer/learn

M Number of repetitions (Number of data points)



Probabilistic Graphical Models: Simple Example

Gaussian Distribution: x~N (u, X)

x € RP
i € RP
Z = RDXD
M
flonn o) exp(—3(x — )T B! (x — p)) =
X \Llgeeydp ) —
v (2m)F[X]




Probabilistic Graphical Models: Nodes and Edges

Gaussian Distribution: x~N (u, X)

M

‘ Q Variables (either observed or latent) or parameters :
WE X1,X0, ..., Xy

—> Conditional dependency:
p(x|w, 2) = N(x|u, X)



Probabilistic Graphical Models: Generative Process

Gaussian Distribution: x~N (u, X)

M

Generative process

Foreachm = 1,2, ..., M:
Draw x,,,~N(u, X)



Learning and Inference

Gaussian Distribution: x~N (u, X)

B

M

Learning: Given observed data, learn the unknown parameters.
x (0r x1,X9, ..., Xn) wx

Inference: Given observed data and parameters, infer the latent variables.

Not applicable in this simple example since we do not have latent variables.



Learning-andnference

Gaussian Distribution: x~N (u, X)

B

M

Learning: Given observed data x, learn the unknown parameters u, X.

M M
1 1 -
”zﬁzxm» 2=M2(xm—ﬂ)(xm—ﬂ)
m=1 m=1



Summary on Probabilistic Graphical Models

® ® K
(%) @@@U?

M

Gaussian Distribution Mixture of Gaussians



Probabilistic Graphical Models:
A Slightly More Complicated Example

Mixture of Gaussians

Example: Mixture of 4 Gaussians (K=4)
@ K qs i3
: M




Generative Process for the Gaussian Model (Recap)

Gaussian Distribution: x~N (u, X)

M

Generative process (of M data points)

Foreachm = 1,2, ..., M:
Draw x,,,~N(u, X)



Mixture of Gaussians: Generative Process

Mixture of Gaussians

Example: Mixture of 4 Gaussians (K=4)

@
-10 §
M -4 -2 0 2 4 6 8 10 12

Generative process (of M data points)

Foreachm = 1,2, ..., M:
Choose 1 of the K Gaussians: Draw z,,,~Categorical ()
Sample from the chosen Gaussian: x,,~N (i, k)

& 4

&

7 = [0.25,0.25,0.25,0.25], 7 = [1.0,0,0, 0], = = [0.8,0.2,0, 0]



Mixture of Gaussians: Generative Process . #

Mixture of Gaussians

@_

Generative process
Foreachm =1,2,...,M:

Real-value K-dim vector:
m=[nW,. . . 7@ . 7]

K
0<n® < LG(") =1
k=1

One-hot K-dim vector:

1 k K
,(n) z,(n), ...,z,(n)]

K
z% e (0,13, 2 2% =1
k=1

Parameters for K gaussians:
uk,Z'k (k = 1,2, ,K)

Z, = |z

Choose 1 of the K Gaussians: Draw z,,,~Categorical ()
Sample from the chosen Gaussian: x,,~N (i, k)



Mixture of Gaussians: Factorization

Mixture of Gaussians

(- .

Generative process
Foreachm =1,2,...,M:

Joint distribution expressed as:
D (X, Zm) = P(Z) P (Xm|Zm)

Choose 1 of the K Gaussians:

k)<, .- ';
plzm) = | |@®ym ¥
k=1 |

Sample from the chosen Gaussian (k-th):

P (|7’ = 1) = NCemlpto %)
K

p(mlzm) = | | NGomlbtio Z)™
k=1

Choose 1 of the K Gaussians: Draw z,,,~Categorical ()
Sample from the chosen Gaussian: x,,~N (i, k)



Mixture of Gaussians : Nodes and Edges

Mixture of Gaussians

Example: Mixture of 4 Gaussians (K=4)

-8 » :
-10 3 ‘
M -4 -2 0 2 4 6 8 10 12

‘ Q Variables (either observed or latent) or parameters :
X1,X9, -, Xy Z1,2Z2, -, Zy Mk Xk

—> Conditional dependency:
p(ZmlTl') and p(xmlzm: T, {”k: 2:k})



Mixture of Gaussians:
Learning and Inference

Mixture of Gaussians

M

g o

2
-4
- ®
-2 5
-10
.
% .

-4 -2 [} 2 4 6 8 10 12

Real-value K-dim vector:
m=[nD, . 7k . 7]

K
0 <l Sl,zn(k) =1

k=1
One-hot K-dim vector:

k K
Zy = [ZS),..., z,(n), ...,zgn)]

K
2% e 0,13, Z 29 =1
k=1

Parameters for K gaussians:
i, Zx (k=12,..,K)

Learning: Given observed data, learn the unknown parameters.

Xm (07 X1, X2, ..., Xpy)

T, Uk, 2:k

Inference: Given observed data and parameters, infer the latent variables.

Xm

T, Wy, Ly

Zm



Mixture of Gaussians: Learning and Inference @ @K
using Expectation-Maximization (EM) @——@—@M

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.

2. E Step. Infer the expectation (distribution) of z,,, denoted as y (zg,’f)),

given the current parameters 1, y;, and Zj,.

3. M Step. Update the parameters m, iy, Xy given the current y (zg:)).

4. Iterate between E step and M step until convergence.



Inference and Learning: E Step

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.

2. E Step. Infer the expectation (distribution) of z,,, given the current parameters.

)4 (Zg:)) =D (Z1(1’l() = 1|xmr T, {”kr 2:k})
o< p (20 = 1) p (xm|zin’ = 1) = TON @yl Zi)
K
3 o)

E Step tries to infer the probability that 4
this point x4 belongs to each Gaussian. 4

14 (zgl)) is large.
y (252)) Y (ng)) Y (zg‘”) are small.
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Inference and Learning: E Step @- _@_®

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.

2. E Step. Infer the expectation (distribution) of z,,, given the current parameters.

)4 (Zg:)) =D (Z1(1’l() = 1|xmr T, {”kr 2:k})
p (z,(ff) = 1)29 (xm|Z§,'f) = 1) TN e g, Zy)

o (2 = ) (oD = 1) Tam PN Cenliy %)

Bayes’ Rule:
p(x,z) _p@pxlz) _ p@)p(x|2)
p(x)  X:p(xz) X p(2)p(x|z)

p(z|x) =
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Inference and Learning: M Step @- PR

Learning: Given observed data x,,, , learn the parameters m, y;, Zi

1. Initialize the means p;,, covariances Xy and mixing coefficients .
2. E Step. Infer the expectation (distribution) of z,,,, denoted as y (ng)),

given the current parameters 7, Y and Xy.
3. M Step. Update the parameters m, uy, X given the current y (zgf)).

1 M k
Hy = M_z V(Zgn))xm
k m=1

where My = 3¥_, y(zi)

Intuition for updating py,:

(a) Gather data points x,,, which are assigned
to the same Gaussian, and compute their average  *

(b) Data points that belong to the Gaussian ‘more’ -

will have larger weight y (z,(,’f))



® ®,

Inference and Learning: M Step @- PR

Learning: Given observed data x,,, , learn the parameters m, y;, Zi

1. Initialize the means p;,, covariances Xy and mixing coefficients .

2. E Step. Infer the expectation (distribution) of z,,,, denoted as y (ng)),
given the current parameters 7, Y and Xy.

3. M Step. Update the parameters m, uy, X given the current y (zgf)).

1 M k
Hy = M_z V(Zgn))xm
k m=1

I ) -
2:k - M_k V(Zm )(xm - ﬂk) (xm - ﬂk)

m=1
My
I .
where My, = ¥2_, y(zy)) )




Mixture of Gaussians: Learning and Inference @ @K
using Expectation-Maximization (EM) @——@—@M

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.

2. E Step. Infer the expectation (distribution) of z,,,, denoted as y (zgf)),

given the current parameters 1, y; and Xj.
3. M Step. Update the parameters m, uy, X given the current y (zgf )

4. Tterate between E step and M step until convergence.

One last problem:
What convergence criterion to use?

‘V *.
L]
4
’i I .
o 2 4 6 8 w0



Mixture of Gaussians: Learning and Inference @ @K
using Expectation-Maximization (EM) @——@—@M

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.

2. E Step. Infer the expectation (distribution) of z,,,, denoted as y (zg,’f)),

given the current parameters 1, y; and Xj.
3. M Step. Update the parameters m, uy, X given the current y (zgf )

4. Tterate between E step and M step until convergence.

Likelihood for x,,: p(x) = X7, P(Zm)P (Xim|Zm) = Tiicq T N (X |1, Zi0)
Log-likelihood for M data points: L = 3M_. log[3X_, ™ N(x,, | s, 2101

L]
4
’il .
2 4 & 8 0 1w



Mixture of Gaussians: Learning and Inference @ @K
using Expectation-Maximization (EM) @——@—@M

Learning: Given observed data x,,, , learn the parameters m, y;, X

1. Initialize the means u,, covariances Xy and mixing coefficients 7.
2. E Step. Infer the expectation (distribution) of z,,,, denoted as y (z,(,’: ),
given the current parameters 1, y; and Xj.

3. M Step. Update the parameters m, uy, X given the current y (zgf)).

4. Tterate between E step and M step until convergence.

0.5}




Mixture of Gaussians: Visualization @-




Summary on Probabilistic Graphical Models

® ® K
(%) @@@U?

M

Gaussian Distribution Mixture of Gaussians



Summary on Learning and Inference Algorithms

® ® K
(%) @@@U?

M

Maximum Likelihood Estimation (MLE) EM



Summary on Probabilistic Graphical Models

® ® K
(%) @@@U?

M

Gaussian Distribution Mixture of Gaussians

g
L

(o

Probabilistic Matrix Factorization (PMF)

j=1,., M




The Rating Prediction Problem
for Recommender Systems

users
1 (2 (3 |4 |5 |6 |7 |8 |9 [10|11 |12
1 |1 3 ) ) 4
2 5 (4 4 2 |1 |3
n
@
cS> 3 |2 |4 1 |2 3 4 |3 |5
= 4 2 |4 ) 4 2
) 4 |3 |4 |2 2 |5
6 |1 3 3 2 4
- unknown rating - rating between 1to 5




The Rating Prediction Problem
for Recommender Systems

users
1 |2 |3 |4 |5 |6 |7 |8 |9 [10]11 |12
1 |1 3 5 5 4
2 5 |4 4 2 (1 |3
g 3 (2 |4 1 |2 3 4 |3 |5
5
S 4 2 |4 5 4 2
5 4 |3 |4 |2 2 |5
6 |1 3 3 2 4




Probabilistic Matrix Factorization:
Generative Process

Oy Oy

i=1,...N

j=1,....M

O

oy, Oy, 0 are hyperparameters

Notation

Latent user vector for useri: U; € RP
Latent item vector for item j: V; € R
N users: U € RP*N Mitems: V € RP*M
Rating that userigivesitem j: R;; € R

Generative Process

1. For each user i:
Generate user vector U;~N (U;|0, ayI)

2. For each item j:

Generate item vector V;~N(V;[0, oy I)
3. For each user-item pair (i, j):

Generate rating R;j~N(R;;|U/ V}, 0)



Probabilistic Matrix Factorization:
Generative Process - Factorization

Sers
Oy Oy
| | 112 |3 |4 |5 |6 |7 |8 |9 [10/11[12
1 1 3 5 5 4
@ 0 2 5 (4 4 2 (1 |3
9 3 |2 |4 1 |2 3 4 |3 |5
>
» o ¢ 2 |4 5 4 2
E 5 4 |3 |4 |2 2 |5
M i=1,...N 6 |1 3 3 2 4
=1,
o]

p(R; U; VlO', O-U; O-V)

Generative Process
= pU|oy)p(V]oy)p(R|U,V,0)

1. For each user i: . N i
Generate user vector U;~N (U;|0, oyl) ‘ p(Ulog) = EN(Uilog o 1)

2. For each item j: M
. 2y _ 10 A2
Generate item vector V;~N (V;|0, oy 1) ‘ p(Vioy) = ;.]'IN(ﬂ 0, 03 1)

3. For each user-item pair (i, j): N M
Generate rating R;j~N(R;;|U/ V}, 0) » p(RIUV.o*) =]]]1] {N(Rz’ﬂUﬁ'}aJE)
i=1j=

Iij

t )]



Probabilistic Matrix Factorization:
Learning and Inference

Oy Ou
| Notation
é Latent user vector for user i: U; € RP
Latent item vector for item j: V; € R
\’/ N users: U € RP*N Mitems: V € RP*M
o LN Rating that userigivesitemj: R;; € R
j=1es

Learning: Given observed data, learn the unknown global parameters.

Not applicable since oy, oy, o are fixed (hyperparameters)

Inference: Given observed data and (hyper)parameters, infer the latent variables.
R;; oy, Oy, 0 U;, V;



Probabilistic Matrix Factorization:
Maximum A Posteriori (MAP) Inference

TV TU
@ Notation
Latent user vector for user i: U; € RP
s Latent item vector for item j: V; € R
- N users: U € RP*N Mitems: V € RP*M
j=1a M

Rating that userigivesitemj: R;; € R

¢]

Posterior distribution of U and V:
p(U,V,R|0?,07,05)  pWUlay)p(VIey)p(R|U,V,0)
p(Rlo?,0%,07) P(RIo* 07,08)

Constant C

p(U,V|R,02,08,05) =

The log of the posterior distribution of U and V becomes:
logp(U,V|R, a2, 02,0%) =logp(R|U,V,0) + logp(Ulay) + logp(Vlay) + C



Probabilistic Matrix Factorization: | ... ... =cic o=« w

.....

. V2m)F[Z]
Generative Process (Recap)
users
Oy Oy
| | 1 |2 |3 |4 |5 |6 |7 |8 |9 [10/11 12
1 |1 3 5 5 4
@ N 2 5 |4 4 2 [1 [3
9 3 |2 |4 1 |2 3 4 35
>
» o 4 2 |4 5 4 2
) E 4 3 |4 |2 2 |5
_ i=L,...N 6 |1 3 3 2 4
j=1,...M
c

p(R; U; Vlo-l O-U; O-V)
=pUloy)p(Vloy)p(R|U,V,0)

1. For each user i: . N i
Generate user vector U;~N (U;|0, oyl) ‘ p(Ulog) = HN(UE'IU, o 1)

2. For each item j:
Generate item vector V;~N (V;]0, oy 1) ‘ p(Viey) = ];[N(V 710, ¢ 1)

3. For each user-item pair (i, j): N M
Generate rating R;j~N(R;;|U/ V}, 0) » p(RIU,V,0%) =[] H {N{RMUEP},JE)
i=1j=1

Generative Process

Iij

t )]



Probabilistic Matrix Factorization:
Maximum A Posteriori (MAP) Inference

The log of the posterior distribution of U and V becomes:
logp(U,V|R, 62, 02,0%) =logp(R|U,V,a) + logp(Uloy) + logp(Vlay) + C

B

The log of the posterior distribution over the user and movie features is given by

M
np(U,V|R,0%, 0%, 0%) 202 ZZLJ(R” Ul'v,)? 507 Z Uru, 02 Yy vy,
i=1 j=1 i Voj=1

N M
- % ((ZZL-:;) Ino” +NDlncrEr+MDlncr%;) +C,

i=1 j=1

li;, 0,0y, 0y, C are constants.



Probabilistic Matrix Factorization:
Maximum A Posteriori (MAP) Inference

TV TU
I
i=1,..,N

)

Maximizing the log-posterior over item vectors V; and user vectors U; when
fixing the hyperparameters (i.e. the observation noise variance o and prior
variances oy, oy) is equivalent to minimizing the sum-of-squared-errors
objective function with quadratic regularization terms:

=1, M

LSS (0T S 0 +—§j 15 B

=1 7=1 =1

where Ay = 62 /oy, Ay = 6% /oy, and || - ||z, denotes the Frobenius norm.



Probabilistic Matrix Factorization:
Maximum A Posteriori (MAP) Inference

N M
1 A A
B=5 300 L (e = UTV) 4+ 523 Usllfo + 55 20 1 Vi I
3 =1 j=1

How to find the U; and V; that minimize E? Use gradient descent!

Initialize U; and V;
For each iterationt = 1:T do
For each useri=1:N do

OE
Ui =Ui = pey
For each itemj=1:M do

OE
Vf:Vf_pta_Vj



Probabilistic Matrix Factorization:
Learning or Inference?

TV TU
I
i=1,..,N

(o

(Global) parameters gy, oy, and o are fixed (we treat them
as hyperparameters that are manually set).

j=1,.,M

We are trying to estimate (local) latent variables V; and U;.

Answer: Inference.



Probabilistic Matrix Factorization (PMF):
Experimental Results

Dataset: Netflix.
Size: 100M ratings, 480K users, 17K movies.

Notfi . SVD: Very easy to overfit
0.96[| . etrlix 7
"\ Baseline Score

PMF: Better performance
and harder to overfit

Logistic PMF: Even better
- / performance

Logistic PMF 7 |
0.9l Bayesian PMF

0 10 20 30 40 50 60
Epochs

(RMSE: Difference between predicted and ground-truth ratings.)



Logistic PMF:
Maximum A Posteriori (MAP) Inference

N M
1 A A
E=23 3 1Ry = UIV)  + 23 Ui llfore +5- 32 1 Vi o
=1 i=1

=15=1 \

Use a logistic function on the inner product

|

Ui v; > gUi vy,
where the logistic (sigmoid) function g(x) = 1/(1 + exp(—x))

/’




Probabilistic Matrix Factorization (PMF):
Experimental Results

Dataset: Netflix.
Size: 100M ratings, 480K users, 17K movies.

Notfi . SVD: Very easy to overfit
0.96[| . etrlix 7
"\ Baseline Score

PMF: Better performance
and harder to overfit

Logistic PMF: Even better
- / performance

. . / ]
Bayesian PMF Logistic PMF » Bayes PMF: Best performance
0.9t |

0 10 20 30 40 50 60
Epochs



Probabilistic Matrix Factorization (PMF)
\9})

(Global) parameters gy, oy, and o are fixed (we treat them
as hyperparameters that are manually set).

=1, M

Can we make the parameters learnable?



Bayesian Probabilistic Matrix Factorization (BPMF)

N S

l i=1,...,N

PMF Bayesian PMF

j=1mM

N (uy, Ay): Ay is the precision matrix, Ay is the covariance matrix



Probabilistic Matrix Factorization:
Generative Process (Recap)

Oy Oy

Generative Process

1. For each user i:
Generate user vector U;~N (U;|0, ayI)

\ 2. For each item j:
Generate item vector V;~N (V;]0, oy 1)

/ 3. For each user-item pair (i, j):
Generate rating R;;~N (R;;|U/ V;, o)

i=1,...N

j=1,....M




Bayesian Probabilistic Matrix Factorization (BPMF):

Generative Process
Bayesian PMF Generative Process
V.o W, Vo W, 1. Generate user precision matrix Ay~W (Ay |Wy, vo)
| | 2. Generate user mean py~N (uy|po, (BoAy) ™)

3. For each user i:
' \ // Generate user vector U;~N (U, |uy, AGY)
N

n—( —W) U)«~—)+—u 4. Generate item precision matrix Ay~W (Ay |Wy, vo)

“ 5. Generate item mean uy ~N (ty |to, (BoAy) ™)
. 6. For each item :
1M A i=1,...,N . 1
! Generate item vector V;i~N (V;|uy, Ay ™)
o . . . .
7. For each user-item pair (i, j):
- T ~1
Wishart distribution Generate rating R;j~N(R;;|U; Vj,a™")
— s f; pWE(:];:g}rees of freedom (real)
V > 0 scale matrix (p x p pos. def)
Support  X(p * p) positive definite matrix
- HL e In a Gaussian distribution, N (i, X),
L e porlarts g Y is the covariance matrix
o 2= DVirnzpei and 271 is the precision matrix
Variance Var(X;;) =n ("?J + ,U“vjj)




Bayesian Probabilistic Matrix Factorization (BPMF):

Learning and Inference
(Global) parameters: O, = {Ay, Uy},

Bayesian PMF Oy = {Ay, tiy}
Voo W, Vs Wy .
l l (Local) latent variables: U;, V;
//%D Hyperparameters: 0, = {vo, Wy, 1o}
N
“0—>(:: — 4——( )] +— U, . .
@\\ //@ Learning: Given the data Ry},
®,) estimate the optimal parameters
e Ay, ty, Ay, ty

Inference: Given the data R;; and the

How to perform learning and inference?
and item Ui, V;




Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

Bayesian PMF Gibbs sampling for Bayesian PMF
v, W, Ve W, 1. Initialize model parameters {U*',V''}
l l 2::Bor t=L:T
e Sample the parameters
i \@ @/ i (Eq. 14):
Mo—b(: —> 4——( J+— L,
" // Oy ~ p(Oy|U*, 0p)
®) O} ~ p(Ov|V",60)
=1, M A LN | e e e e e o o o o o o o o o o o
e For each 7 = 1,..., N sample user variables in

|
1
|

o i parallel (Eq. 11):
!
I
|

Ut ~ p(U:| RV, ©F)

Hyperparameters: 0, = {vo, Wy, to}
(Global) parameters: O, = {Ay, uy},
Oy = {Ay, uy}

(Local) latent variables: U;, V; Vit ~ p(Vi|R, UM, 6%))

e Foreachi=1,...,M sample item variables in
parallel:




Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

e For each 7« = 1,..., N sample user variables in Iij — 1 if user i rated moviej

parallel (Eq. 11): . .- ..
I;; = 0 if user i did not rate movie |
U™ ~ p(Ui| R, V", 0p)

Updating user i’ variable U; User i rated more movies

________________ - More [;; =1
p(Ui|R,V,Op, a) —IN(U i [A]H — This term gets larger
Moo Ly — The precision matrix A} gets
~11 [N(Rz'j\Uij?al)] pUilpu, Av), larger
=1

— The covariance matrix [A]] !gets
smaller

— The model is more confident
about the distribution.



Sampling User i’s Latent Variable U;

% o 1 T I'.'jl
A = A +QIZ ViV :
1;,—
vzl o]
M
Fo= AT [ViR;]"™ +A
My = [ z] «Q jLij + AU pU
=1
20} 20!
10} 10!
o .  d
o o
2 )
§ 0 % 0
£ £
(=) a
-10} -10t
-20 =20
20 -10 0 10 20 20 -10 0 10 20
Dimension1 Dimension5

The two dimensions with the highest variance are shown for two users



Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

[} FOI‘ eac11 Z s ]_, ceny N Salnple user Val'iables in Weighted average Of a” the item
parallel (Eq. 11): _
latent variables V;

U™ ~ p(Ui| R, V", OF)
The weight for item j's variable V; is

Updating user i’variabIeU _ S
the rating user i gives item |, R;;

An item j is ignored if user i did not
rate it (I;; = 0)



Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

Bayesian PMF Gibbs sampling for Bayesian PMF
Vos W, Voo W, 1. Initialize model parameters {U",V'}
l l 2:For t=1,::T

|,

ﬁk %‘9 P PR T
™ 4 (Eq. 14): i
—() !

1

]

u VZ Oy ~ p(Ou|U*, 0p)
4 TTTTTTTTTTT AL L ra vt o
®) e} ~ p(ev|V*, 6o)
A i=1,..,N
oL M e e e e e e e e i e e e e e o RSB E S
e For each 7 = 1,..., N sample user variables in
o parallel (Eq. 11):

Hyperparameters: 0, = {vy, Wy, to}
(Global) parameters: O, = {Ay, uy},
Oy = {Ay, uy}

(Local) latent variables: U;, V; Vit ~ p(Vi|R, U, 6}))

e Foreachi=1,...,M sample item variables in
parallel:




Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

e Sample the parameters _ _
(Eq. 14): Weighted average of u, and U (u,

IS a hyperparameter)
Oy ~ p(Ou|U", ©)

U is the average of all the user

Updating (global) parameters Oy = {uy, latent variables U,

Au|U,BO¢) = :
Py, AulU,O0) = The weight for u, is By (1 iS @

E_N(;LU 16, (B3 Aw )~ W (AT W5, 1), hyperparameter)

where . _ :
The weight for U is N (N is the
T T T N 7 f users)
I . DBopo+NU W . . number o
i,u,(}: WEN By =00+ N, vi=uv9+N,
ToTTTTLTTTTTTeTT N _ _
(We] =Wal + NS+ & (110 = U)(po = U)"

Bo+ N



Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

e Sample the parameters
(Eq. 14):

Oy ~ p(Ou|U*, ©o)
Updating (global) parameters Oy = {uy, Ay}

p(f-‘!’Ua AU|U: E')D) —

.ﬁﬂ—l_N : |.J

B, Is a hyperparameter (which is
fixed)

N is the number of users

If we have more users, S, will get
larger,

the covariance (BgA;) ™1 will get
smaller

The model is more confident about
the distribution on y;.



Bayesian Probabilistic Matrix Factorization (BPMF):
Learning and Inference Using Gibbs Sampling

We can update the latent variables and
parameters S|m|IarIy on the item side.

j=1..M T |l e e e et et e A SRS S e

" =
y | |
' I
- I
! i LR, VS, 04) i
o e o o o e e o o e e - -
Hyperparameters: 6, = {vo, Wo, 1o} e Foreachi=1,..., M sample item variables in
(Global) parameters: O, = {Ay, uy}, parallel:

Oy = {Ay, uv}
(Local) latent variables: U;, V; Vit ~ p(Vi|R, U, ©Y))




After Learning, How to Make Predictions

Gibbs sampling for Bayesian PMF
1. Initialize model parameters {U*,V'}

2B t=1::"F

e Sample the parameters
(Eq. 14):

Oy ~ p(Ou|U*, 00)
0% ~ p(Ov|V?, 60)

e For each « = 1,..., N sample user variables in
parallel (Eq. 11):

Ut ~ p(Us|R,V*, ©}))

e For eachi=1,..., M sample item variables in
parallel:

Vit ~ p(Vi|R, U 0Y)

1]2|s|a]s |6 |7 |8 |o |10]11]12
11 3 Hs 5 4
2 5 |4 4 2 |1 |3
3 2 |4 1|2 3 4|3 |5
4 2 |4 5 4 2
5 43 ]4a ]2 2 |5
6 1 3 3 2 4

K
p(R:|R. ©0) ~ Z (R;|U™ vy
k:

These K'samples Ui(k), I/]'.(k)

are generated by running K
additional iterations after the
Gibbs sampling algorithm
converges



PMF

Use MAP inference to get
point estimate of U; and V;

given the data R;;

Variances oy, o, are fixed as
hyperparameters

Easier to overfit

PMF versus Bayesian PMF

Bayesian PMF

Use Bayesian inference to
get the whole posterior
distribution of U; and V; given

the data R;;

Covariances A}, Ayt are
learnable

Harder to overfit and better
performance



Bayesian Probabilistic Matrix Factorization (BPMF):
Experimental Results

Dataset: Netflix.
Size: 100M ratings, 480K users, 17K movies.

‘- SVD: Very easy to overfit
0.96} Netflix ‘o y y
"\ Baseline Score

PMF: Better performance
and harder to overfit

Logistic PMF: Even better
- / performance

. . / ]
Bayesian PMF Logistic PMF » Bayes PMF: Best performance
0.9t |

0 10 20

30 40 50 60
Epochs



Summary on Probabilistic Graphical Models

® ® K
(%) @@%?

M

Gaussian Distribution Mixture of Gaussians
Oy TU Vs W, Vos W,

é|a | | |

P 1 M ¥ /@%

\, @ @
/
i i=1,...N \./
i=1,.M A 1....,.N

PMF Bayesian PMF



Summary on Learning and Inference Algorithms

® ® K
(%) @@%?

M
Maximum Likelihood Estimation (MLE) EM
Oy TU Vs W, Vos W,
@ | l '
P 1 N s /@%
\, @ @
/
-~ i=1,..N \./

MAP Gibbs Sampling



Bayesian Deep Learning

A Unified Framework

Probabilistic Graphical Models

Probabilistic/Bayesian Neural Nets



Neural Networks

loss
X — fo(x) Yy

Li = (fo(x) — »)*

1
L= Z{V=1N(f9(xi )=y )?

For each iterationt = 1: T do
Sample a minibatch of n data points (x, y)
Update parameters using stochastic gradient descent (SGD):
Or+1 = 0 — AG,

AQ _ 12” aLti
6=\, 06,




Bayesian Neural Networks

Neural Network Bayesian Neural Network

o

X Y

loss

N

Generative Process:
Generate 8~p(0|o)
Generate y~p(y|0, X)



Bayesian Neural Networks

Neural Network Bayesian Neural Network

How to learn the distribution of 87

loss

X Y

N

Learning: Given data points
X;, V; and hyperparameter
o, estimate the distribution
of neural network
parameters 6, i.e., p(0|x,y)



SGD:
Bayesian Neural Networks Ors1 = 0 — MG

. . . . . 1o dLy
with Stochastic Gradient Langevin Dynamics (SGLD) 26, =, (;2 )

i=1 a@t

o o6

X Y

N

For each iterationt = 1: T do
Sample a minibatch of n data points (x, y)
Update parameters using stochastic gradient Langevin dynamics (SGLD):

Or41 = 0r — A0,

2|161|; oL )
€t ti
AB, = 7( _2 _, 06

Nt NN(O' Et)
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Bayesian Neural Networks Bi11 = O — AB,

with SGLD ) . A= (%E;?aléf)

),

For eachiterationt = 1: T do
Sample a minibatch of n data points (x, y)
Update parameters using SGLD:

Or41 = 0 — A0,
|6l n 6L> )
_ &t ti | !
NG, = — —z H7,!
¢ 2 ( i=1 00 i_nt:
ntNN(OrEt)

Gaussian noise with the variance equal to learning rate
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Bayesian Neural Networks P 700 80
with SGLD o= (27, 55
-—(®)
®—@N

For eachiterationt = 1: T do
Sample a minibatch of n data points (x, y)
Update parameters using SGLD:

Or41 = 0 — A0,
AQ _Et .OIIHII : z aLu>
t — I-- ---j =1 69
t~N(0,€)

L2 reqgularization term



Bayesian Neural Networks Or41 = 0; — MG,

with SGLD ) :9 A= (%Z;?é?)
@—Q@,

For each iterationt = 1: T do

Sample a minibatch of n data points (x, y)
Update parameters using stochastic gradient descent:

Or41 = 0 — A0,
L (0“‘9” z" 5Lu>
£ , 00
Ne~N(0, €;)

After convergence, sampling from 6., = 6, — A6, is equivalent to
sampling from true posterior distribution of NN parameters p(0|x, y)



o Generative Process:
Bayesian Neural Networks Cenerate 6~p(6]0)
with SGLD Generate y~p(y|6,x)

& allell; N~ aLti>
A6, = ?( 00 zzm a0 ) T

/N

et(alogp(Hla) N alogp(ylxtz,9)>
+— T Nt

A0y = =~ 20 n Ly 90

2

L 4(5) !
f(z) = e 247 u=00=1-logf(x)=—=x*>+C
o\ 2T
After convergence, sampling from 6,,,; = 6, — A&, is equivalent to

sampling from true posterior distribution of NN parameters p(0|x, y)

logp(O|x,y,0) =logp(@|o) +logp(y|x,0,0) + C

Bayesian Learning via Stochastic Gradient Langevin Dynamics, Welling and Teh, ICML 2011



Bayesian Neural Networks with SGLD:
Experimental Results

UCl adult dataset;
32561 observations and 123 features;
classification task.

‘1 B 0.857_\:_&_‘__ e e e e
2t ’
08

3
4t 075
_5 '

: 07
_E L
'7{} 2 4 6 8 10 0'65{1 05 1 15 2

Figure 3. Average log joint probability per data item (left)

and accuracy on test set (right) as functions of the num-
ber of sweeps through the whole dataset. Red dashed line
represents accuracy after 10 iterations. Results are aver-
aged over 50 runs; blue dotted lines indicate 1 standard
deviation.

Bayesian Learning via Stochastic Gradient Langevin Dynamics, Welling and Teh, ICML 2011



Bayesian Neural Networks with SGLD:
Experimental Results

MNIST dataset;
60K observations and 784 features;
classification task.

Table: Test set misclassification rate on MNIST for
different methods using a 784-400-400-10 MLP.

__SGD___Dropout | SGLD

1.83 1.51 1.27

Bayesian Learning via Stochastic Gradient Langevin Dynamics, Welling and Teh, ICML 2011
Bayesian Dark Knowledge, Korattikara et al., NIPS 2015



Bayesian Neural Networks with SGLD:
Price to Pay

1. Storage and Memory
Store multiple copies of neural network parameters

2. Computation Time
Multiple passes of feedforward inferences f(x|6;)



After Learning Bayesian PMF,
How to Make Predictions (Recap)

Gibbs sampling for Bayesian PMF

1. Initialize model parameters {U*,V'} K
k k
2 =TT p(R}j|R.©q) ~ Z R |U™M v
e Sample the parameters k::
(Eq. 14):
W k) 1, (k
S5 ~pBalt vS) These K samples y, y
O ~ p(Oy|V*t, 00) l J
e For each « = 1,..., N sample user variables in are generated by runnlng K

parallel (Eq. 11): additional iterations after the

Gibbs sampling algorithm
e Foreachi=1,...,M sample i iables i
pgi;gl:l ample item variables 1n conve rg es

Ut ~ p(Us|R,V*, ©}))

Vit ~ p(Vi|R, U, 6%))




Bayesian Neural Networks with SGLD:
Price to Pay

1. Store multiple copies of neural network parameters

2. Multiple passes of feedforward inferences f(x|6;)

T
1
EIF(x100)] ~ = > f(x160)
t=1

Need T times the storage/memory cost and

computation cost

Bayesian Dark Knowledge, Korattikara et al., NIPS 2015



Bayesian Deep Learning

A Unified Framework

Probabilistic Graphical Models

Probabilistic/Bayesian Neural Nets



BDL.: A Principled Probabilistic Framework (Recap)

Deep Component Graphical Component

Deep Variables @ @
Graphical Variables @ @ @
Hinge Variables @

[ Wang et al. TKDE 2016 ]



Bayesian Deep Learning

A Unified Framework

Recommender Systems
Social Network Analysis

Natural-Parameter Networks

b Healthcare

[ Wang et al., KDD 2015 ]
[ Wang et al., NIPS 2016a ]



Recommender Systems

Rating matrix: user
movie 12345

¢ V.Y

_ _ Observed preferences:. v
Matrix completion




Recommender Systems

Rating matrix: user
mo@w_]

_ _ Observed preferences:. v
Matrix completion _
To predict: ?




Recommender Systems with Content

......................................................................

.......................................................................

-----------------------------------------------------------------------

.......................................................................

-----------------------------------------------------------------------

Content information: Sparse rating matrix
Plots, directors, actors, etc.



Modeling the Content Information

Handcrafted features

Prior work

Automatically
learn features

Automatically
learn features and

adapt for ratings

— =

Our work



Modeling the Content Information

1. Powerful features for content information

- -

Deep learning



Deep Learning

©0---00
OC-+:00
OC-+:00
OC+-00
©0:---00

Stacked denoising Convolutional neural Recurrent neural
autoencoders networks networks

(ﬂ: y:}

Typically for independent data points
i.e., no correlation between users and items



Modeling the Content Information

1. Powerful features for content information

- -

Deep learning

2. Feedback from rating information * Non-independent

- -

Collaborative deep learning (CDL)



Challenges

|
Graphical 1
Component |

1. Probabilistic deep learning models as a deep component
Compatible with the graphical component

Powerful as non-probabilistic versions

2. Connect to the graphical component [ -&- 77~ "
_ Io1v?22 22

Similarity, preferences 1 2y 222l

| AE I IE i

Recommendation | . 2729,




Challenge 1

: Deep I Graphical

: Component

1. Probabilistic deep learning models as a deep component
Compatible with the graphical component

Powerful as non-probabilistic versions



Challenge 1
Step 1 of 2: Autoencoder (AE)

e
Seltee
i

7 P gl

O
2O+ O0O
(OO +-O0

X, X, X,
Content Content

(e.g., documents) (e.g., documents)

X,: Middle-Layer representation



Challenge 1
Step 2 of 2: Probabilistic Autoencoder

== [O O ') BCEE
s l=l= =
Standard = = z : : E

| S| 1S 1S 1S EE=

autoencoder: EEE b > S| Exy
Probabilistic
autoencoder:

(ours)

X x N Xl 1 g*Wl s bl )\s 1IK1)

-

Probabilistic Autoencoder: Gaussian noise after each nonlinear transformation

[ Wang et al. KDD 2015 ]



Challenge 1
Step 2 of 2: Probabilistic Autoencoder

Probabilistic Autoencoder

X,: Middle-Layer representation

[ Wang et al. KDD 2015 ]



Challenge 1
Step 2 of 2: Probabilistic Autoencoder

Probabilistic Autoencoder

X,: Middle-Layer representation

‘ Observed variables (given)

[ Wang et al. KDD 2015 ]



Challenge 1
Step 2 of 2: Probabilistic Autoencoder

Probabilistic Autoencoder

X,: Middle-Layer representation

‘ Observed variables (given)

Q Latent variables & parameters to learn

[ Wang et al. KDD 2015 ]



Challenge 1
Step 2 of 2: Probabilistic Autoencoder

Probabilistic Autoencoder

X,: Middle-Layer representation

‘ Observed variables (given)

Q Latent variables & parameters to learn

J  Number of documents

[ Wang et al. KDD 2015 ]



Challenge 1

: Deep I Graphical

: Component

1. Probabilistic deep learning models as a deep component
Compatible with the graphical component

Powerful as non-probabilistic versions



Challenge 2

2. Connect to the graphical component

Similarity, preferences

Recommendation

|
Graphical 1
Component |

EVIANEVIEV IR




Challenge 2
Step 1 of 4: Start from Middle-Layer Representation

Start from probabilistic Autoencoder

X,: Middle-Layer representation

[ Wang et al. KDD 2015 ]



Challenge 2
Step 2 of 4: Generate Item j’s Latent Vector v;

v J

Generate the latent vector for item j from X,

Vi~ N(Xg, A;lI)

[ Wang et al. KDD 2015 ]



Challenge 2
Step 3 of 4: Generate User i’s Latent Vector u;

v J

Generate the latent vector for user i;
w; ~ N(0,\;'T)

_ /

[ Wang et al. KDD 2015 ]



Challenge 2
Step 4 of 4: Generate Ratings R;; from u; v;

T

J

v .]
u

/

Generate the rating user i gives item j: R;; ~ N(ufvj, )\;1)

[ Wang et al. KDD 2015 ]



Challenge 2
Step 4 of 4: Generate Ratings R;; from u; v;

Graphical Component

Generate the rating user i gives item j: R;; ~ N(ufvj, )\;1)

[ Wang et al. KDD 2015 ]



Overview: Collaborative Deep Learning (CDL)

Graphical model:

v J

A @ uea

1

Awi Ay Ay, Ay
hyperparamters to control the variance of Gaussian distributions
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BDL: A Principled Probabilistic Framework (Recap)

Deep Component Graphical Component

Deep Variables @ @
Graphical Variables @ @ @
Hinge Variables @

[ Wang et al. TKDE 2016 ]
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Graphical Model of CDL with Two Components

Collaborative deep learning



Graphical Model of CDL with Two Components

Boost
recommendation
accuracy

Collaborative deep learning

Trained end-to-end

< =

*Boost each other’s performance
*More powerful representation
*Infer missing ratings from content
*Infer missing content from ratings

Boost
representation
learning



Collaborative Deep Learning

OO'J"'OO
e

(OO OO

Xy X,

oOXX®

X2



Collaborative Deep Learning

corrupted




Collaborative Deep Learning

corrupted




Collaborative Deep Learning

corrupted




Datasets

citeulike-a

citeulike-t

Netflix

users

5551

7947

407261

Items

16980

25975

9228

ratings

204987

134860

15348808

Content information

Collabrative Deep Learning for Recommender Systems.

(CF) i samcvsaful apyp
)y reccemender systems. Conventional
e meciods use the raings siven 1o teme

s diflenent. s of infortation. Nevertho-
s, the latent. representation learned by CTH may not be
e effsctive whe the susiliney inlomation i vy spaces

‘matrix, Extensive experiments on thros eal-world datasets
T diffeet domasion o that O, com signiicnly ad
vance the atate of the art

Titles and abstracts Titles and abstracts

Collaborative Deep Learning for Recommender Systems.
ABSTRACT

arative Gltcsing (CF) in « samcvsadul appe
iy ol Ly oty scomicmbes sy Cotmrentiomml

oplaragrmicn (CT uar_.\pp(\:lmgmzﬂlm&huhmng
e I

s diflaesas. winsess of ihemmation. Novartho

1w, the laent repeecntation lesrned by CTH may not be

0
matrox. Kxtensive experiments on three real- vrvrld datasess
from dif i et CDL antly

Fantastic Four (o5 W 26

PG-13 | 106 min | Action, Adventure, Sci-Fi | 7 August 2015 (USA)

© Not yet releas=d

(voting begins after release)

Four young outsiders teleport to an alternate and dangerous
universe which alters their physical form in shocking ways.
The four must learn to hamess their new abilities and work
together to save Earth from a former friend turned enemy.

Movie plots

[ Wang et al. KDD 2011 ]
[ Wang et al. [JCAI 2013 ]



Evaluation Metrics

Recall:

recallQ)N =

number of items that the user likes among the top M

total number of items that the user likes

Mean Average Precision (mAP):

Q
q;l AveP(q)
mAP = 0
S (P(k) x rel(k))
AveP = —F=1

number of relevant items

Higher recall and mAP indicate better recommendation performance



Recall@M in citeulike-t

0.15

——CDL
-y CTR

- DeepMusic

—e—CMF

- SVDFeature

250




Recall@M in citeulike-t

0.15

—t— CDL
- CTR
- DeepMusic
—e— CMF

- SVDFeature

250

300

X-axis: number of recommended items M



Recall@M in citeulike-t

ecall

y-axis: |
recall@M &

8-

——CDL

number of hits —p CTR
total correctitems 45 DeepMusic
01 —e—CMF
i —+— SVDFeature
50 100 150 200 250 300

X-axis: number of recommended items M



Recall@M in citeulike-t

y-axis:
recall@M

8-

number of hits

ecall

total correct items

——CDL
-ty CTR

- DeepMusic

—e—CMF

- SVDFeature

250

X-axis: number of recommended items M

CTR & DeepMusic
best baselines




Recall@M in citeulike-t

—

0.5
045
04
0.35
T 03
8
0.25 -~
02 —t— CDL
-y CTR
s —w— DeepMusic
01 —e—CMF
i | —*—SVDFeature
50 100 150 200 250 300

8% absolute improvement

Our method: CDL

Boost recall
from 46% to 54%



Recall@M in citeulike-t (sparse ratings)

0.3

0.25F

Recall

0.2

_—]

= CDL
-—»—CTR
mse DeepMusic |
—e— CMF

- S\/DFeature

100 150 200 250 300
M

14% absolute improvement

Boost recall
from 21% to 35%



Sparse ratings

|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||

uuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuu

|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||

|||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||

----------------------------------------------------------------------



Sparse ratings

nnnnnnnnnnnnnnnn

LE "BONNIE & CLYDE" DES ANNEES 90
CHRISTIAN SLATER P

Content information:
Plots, directors, actors, etc.

......................................................................

.......................................................................

-----------------------------------------------------------------------
.......................................................................

-----------------------------------------------------------------------

Sparse rating matrix



Mean Average Precision (mAP)

citeulike-a | citeulike-t | Netflix
CDL 0.0514 0.0453 0.0312
CTR 0.0236 0.0175 0.0223
DeepMusic 0.0159 0.0118 0.0167
CMF 0.0164 0.0104 0.0158
SVDFeature 0.0152 0.0103 0.0187

Exactly the same as Oord et al. 2013, we set the cutoff point at

500 for each user.

A relative performance boost of about 50%

[ Wang et al. KDD 2015 ]



Recommender Systems and Revenue

35%

of the revenue comes from recommendations

amazon
~—

[ From McKinsey & Company ]



Recommender Systems and Revenue

$177 Billion X35%=%$62 Billion

(Yearly Sales Revenue)

amazon
~—

[ From McKinsey & Company ]



Recommender Systems and Revenue

1% == $620 Million

amazon
~—

[ From McKinsey & Company ]



Example User

Romance
& Drama
M OVi es cmustun SLATER

Moonstruck

True Romance

# movies watched

2

Top 10 recommended
movies by CTR

(baseline)

Swordfish

A Fish Called Wanda

Terminator 2

A Clockwork Orange

Sling Blade

Bridget Jones's Diary

Raising Arizona

A Streetcar Named Desire

The Untouchables

The Full Monty

# movies watched

2

Top 10 recommended

movies by CDL
(ours)

Snatch

The Big Lebowski

Pulp Fiction

Kill Bill

Raising Arizona

The Big Chill

Tootsie

Sense and Sensibility

sling Blade

Swinger

Precision: 20% VS 30%




# movies watched

4

Action &

Top 10 recommended
movies by CTR

(baseline)

Pulp Fiction

A Clockwork Orange

Being John Malkovich

Raising Arizona

shing Blade

Swordhsh

A Fish Called Wanda

Saving Grace

The Graduate

Monster’'s Ball

Johnny English
Drama

# movies watched

4

Movies

| &

Top 10 recommended
movies by CDL

(ours)

Pulp Fiction

Snatch

The Usual Suspect

Kill Bill

Momento

The Big Lebowski

One Flew Ovwver the Cuckoo’s Nest

As Good as [t Gets

(zoodfellas

The Matrix

American Beauty

Precision: 20% VS 50%




Example User

# movies watched

10

Top 10 recommended
movies by CTR

Best in Snow

Chocolat

Good WIill Hunting

Monty Python and the Holy Grail

Being John Malkovich

Raising Arizona

: The Graduate
(baseline) ST
Tootsie
Saving Private Ryan
# movies watched 10

Top 10 recommended
movies by CDL

(ours)

Good Will Hunting

Best in Show

The Big Lebowski

A Few Good Men

Monty Python and the Holy Grail

Pulp Fiction

The Matrix

Chocolat

The Usual Suspect

CaddyShack

Precision: 50% VS 90%




Learning of CDL



Probabilistic Matrix Factorization:
Maximum A Posteriori (MAP) Inference (Recap)

Oy Oy

| |
g
L2

)

Maximizing the log-posterior over item vectors V; and user vectors U; when
fixing the hyperparameters (i.e. the observation noise variance o and prior
variances oy, oy) is equivalent to minimizing the sum-of-squared-errors
objective function with quadratic regularization terms:

=1, M

LSS (0T S 0 +—§j 15 B

=1 7=1 =1

where Ay = 62 /oy, Ay = 6% /oy, and || - ||z, denotes the Frobenius norm.



Collaborative Deep Learning

Generative Process
1. For each layer [ of the SDAE network,

Graphical Model

(a) For each column n of the weight matrix Wy, draw

Wian ~ N(0, ), Ix,).

:

(b) Draw the bias vector b, ~ NV(0,\,'1x,).

(¢) For each row j of X;, draw

@ @ @ X ~ N(0(Xim1,5 Wi+ br), AT ).
° 2. For each item j,

J
(a) Draw a clean input X, j« ~ N(Xp j«, A, L),
(b) Draw a latent item offset vector €; ~ N (0, A, '1x)
and then set the latent item vector to be:
1 T
Vi = €; +X%,j*'

3. Draw a latent user vector for each user i:
u; ~ N(0, )\, 'Ix).
4. Draw a rating R;; for each user-item pair (i, 7):

Rij ~ N(u; v;, Cz'_jl)'
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N M
1 by A
B =533 Li(Biy = UTV;) + 52 3 1 Uil +5 32 1 Vi e
I [ i=1 j=1 i=1 =1

maximizing the posterior probability of U and V
is equivalent to maximizing the joint log-likelihood

Au
L == M3 - —Z W |% + [bu]l3)
Ao 2
-5 v =X, -5 Z IX 1,50 — Xe,jell2
J
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N M

N M
1 by A
E= 5221’*‘ (Ri; —UTV;)? + —2U ST o +_2V SV s
1 i=1 =1

Learning

Prior (regularization) for user latent vectors, weights, and biases

Ay
2= 25 il - 22 Z (IW3l13 + b))

A
= RS s = X LB - 2 ST X — Kol
j J
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N M

N M
1 by A
E= 5221’*‘ (Ri; —UTV;)? + —2U ST o +_2V SV s
1 i=1 =1

Learning

Generating item latent vectors from content representation
with Gaussian offset

== Z Jwillz = 57 > _(IWalle + [[bi]l2)

Ao o| A 2
Y Z lvi — X%j*”z - jn Z X e = Xejell2
J




Learning

‘Generating’ clean input from the output of probabilistic SDAE
with Gaussian offset

Au
Z=-" Z il — =2 Z (IWill7 + IIbi[2)

- Z Ivi = X% ]z - —n D IX e = X3
j




Learning

Generating the input of Layer | from the output of Layer I-1
with Gaussian offset

L =-— Z Juillz — 57 (IIWsII?r + [Iu|3)

- 7’0 > v — XL 3*||2 - = Z 1X L e — Xejie 2
j
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N M N M
Learnin E =533 LRy = UTVI) 4 223 Us [ 2 32 1V e
g i=1 j=1 i=1 j=1

measures the error of predicted ratings

_ _ Ju Z i |3 — == (||Wt||F + [Ib]12)
’U 2
B ? Z ”vj . J*“Q 9 Z ”XL"?* B ’j*HQ
J




Learning

If A« goes to infinity, the likelihood simplifies to

Au Aw
2 == 23 il = 2 STUWal + b

_Z 13(Rm UVJ)




Update Rules

For U and V, use block coordinate descent:

w; « (VC, V! + )\ Ix) 'VC,R;
v + (UC,U" + \Ix) "(UC,R; +

Ao fe(Xoju, WH)T

)

For W and b, use a modified version of backpropagation:

Vw,Z = AW,

J

2> Vw, fe(Xoge WHT(f(Xo g0, WHT = v;)

—Xn Y VW Fr (XKoo W (o (Ko g, W) = Xe )

J

Vb, Z = —Auwby

J

— X > Vi fe(Xo e, W (£ (Xoge, WHT = ;)

— A > Vi fr (Ko WH (£r(Xo g, WH) = X 0)

J



Brief Introduction for
Extensions of CDL/CRAE



Collaborative Deep Ranking

GREPR

Fig. 1. The graphic model of CDR. SDAE with L = 4 is presented inside the dashed

rectangle. Note that W™ denotes the set of weight matrices and bias vectors of all
layers.

[Ying et al., PAKDD 2016 ]



Generative Process: Collaborative Deep Learning (Recap)

1. For each layer [ of the SDAE network,

(a) For each column n of the weight matrix Wy, draw
Win ~ N (0,0, Ix,).

(b) Draw the bias vector by ~ N(0, A, '1k,).

(¢) For each row j of X;, draw

Xiju ~ N(0(Xi—1,5« Wi + bi), A k).
2. For each item j,

(a) Draw a clean input X, j« ~ N (Xp e, Ay ' L),

(b) Draw a latent item offset vector €; ~ N(0, A, 'Ix)
and then set the latent item vector to be:
T

Vj=€j+X

3. Draw a latent user vector for each user i:

u; ~ N(0, 2, 'Tg).

4. Draw a rating R;; for each user-item pair (¢, 7):

Rg;j ~ N(u?vj, Cv_vl).

t]




Generative Process: Collaborative Deep Ranking

1. For each layer [ of the SDAE network,
(a) For each column ¢, draw the weight matrix and bias vector WT“, draw
“’I‘;q ~ N (0, )‘.,L_UIIKE).
(b) For each row j of Xj, draw X j. ~ N(o(Xi_1:W1 + b)), A\  k,)
2. For each item 7,
(a) Draw a clean input X, j, ~ N(XL je, AL )
(b) Draw a latent item offset vector e; ~ N(0, A\ ' [ )and then set the latent
item vector to be:

3. For each user 1,

(a) Draw user factor vector w; ~ N(0,A\711k)

(b) For each pair-wise preference (j, k) € P;, where P; = {(j, k) : rij — rir. >
0}, draw the estimator,

T T -1




Symmetric CDL

' User

X)
iFeature%
e

W
I:>O—-¥L(X,U}

User--ltem
Rating matrix( | U | X V --> [(R,U,V)

[Feature

LY
" __Inpu tI ayer Hldden layer Output Iayer

QB wmB
 Item ®:>O[:>O--aL(Y,V}§
O O O '

Both item content and user attributes
User attributes: age, gender, occupation, country,
city, geolacation, domain, etc [ Lietal., CIKM 2015 ]



Other Extensions of CDL

®Word2vec, tf-idf
®Sampling-based, variational inference

®Tagging information, networks
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Summary of Collaborative Deep Learning

® A new probabilistic formulation for deep
learning models (Challenge 1)

®First hierarchical Bayesian models for deep
hybrid recommender systems (Challenge 2)

®Significant performance improvement over
the state of the art



Raw Text

Beyond Bag-of-Words

>

Bag of Words

It is a puppy and it is
extremely cute.

it 2
they;o
10

am.o
how 0

puppy 1

and 1

cat 0

aurdvm*.ga

cute 1

Bag-of-Words:
* Ignore word order

* No local context

High dimensional sparse vector



Instead of Bag-of-Words

Want representation
Aware of sequential relation of words
Robust to missing words



Document as a Sequence

Feedforward
autoencoder

Recurrent
autoencoder

M

,ﬂ

30
d
' }

[
0000

i

g Ty
. ol
¥ :'”w

R

gt f
i
gt

by
4

o

i

i @g

vt ST

=

i

this

is a

idea

this

a great

idea

encoder RNN

decoder RNN




Challenge 1: Encoder Learns Wrong Transition

' Challenges:
* RNN encoder may learn wrong
transition between words

—-— . o . o e o o o oy,
—-— . . . e . e e . .

“Collaborative recurrent autoencoder:
recommend while learning to fill in the
blanks” [ Wang et al., NIPS 2016a ]



Challenge 1: Encoder Learns Wrong Transition

Sentence: This\a great idea.



Challenge 1: Encoder Learns Wrong Transition

Sentence: This\a great idea. -> This is a great idea.

Direct wrong transition
Denoising: ]
thls a great idea : this is a great idea
encoder RNN decoder RNN

RNN encoder learns wrong transition between ‘this’ and ‘a’



Wildcard Denoising: Avoiding Wrong Transition

Direct

Denoising:

Wildcard

Denoising:

Sentence: This\a great idea. -> This is a great idea.

wrong transition

thls a great |deaE this is a great idea
encoder RNN decoder RNN

th|s <wc> a  great idea & this is a great idea

S

encoder RNN decoder RNN




Challenge 2: Variable-Length Vector for Pooling

' Challenges:

* RNN encoder may learn wrong
transition between words

* Pool avariable-length sequence
into a fixed-length vector

—-— . o . o e o o o oy,
—-— . . . e . e e . .

“Collaborative recurrent autoencoder:
recommend while learning to fill in the
blanks” [ Wang et al., NIPS 2016a ]



Challenge 2: Variable-Length Vector for Pooling

Thank you very much Thank you very much
vector length )
sequence 4 i % g g : E E Lr] (TJ
weight 8 ; E
H H H H : H B H H>xH=H
length: 8
Thanks a lot Thanks a lot
vector length
sequence 3 :
weight 6 : _
B B B : B H B xH=EH
length: 6
Thank you Thank you
vector length
sequence 2 ;
weight 4 ; _
B B B HBxHB-=8
length: 4

[ Wang et al., NIPS 2016a ]



Challenge 2: Variable-Length Vector for Pooling

Thank you very much Thank you very much
vector length )
sequence 4 i % g g : E E Lr] (TJ
weight 8 ; E
H H H H | H B H H>xB=H
length: 8
Thanks a lot Thanks a lot
vector length
sequence 3 :
weight 6 : o
H = B : H = H>xH=8H
length: 6

Straight-forward approach averages or sums the vectors

But different words should have different weights!
=>» Need to learn a variable-length weight vector

[ Wang et al., NIPS 2016a ]



Challenge 2:
Variable-Length Weight Vector with Beta Distributions

Use the area of the beta distribution to define the weights!

Thank you very much Thank you very much

s B B8 HB:B B HB H

2 018 2% o1

length-8 0-16

€ng .| 0.08 0.10

weight vector 0.04
0.01

I:l 1 1 1 1 ]
0 0.2 0.4 0.6 0.8 1

one single

vector E

[ Wang et al., NIPS 2016a ]



Challenge 2:
Variable-Length Weight Vector with Beta Distributions

Use the area of the beta distribution to define the weights!

Thanks a lot Thanks a lot

H g B : H H H
X
2 0.27 0.28
length-6 0.13 Q.20
weight vector ' [ ©.10
0.02
5 0.2 0.4 06 0.8 :
one single
vector E

[ Wang et al., NIPS 2016a ]



Why Beta Distribution?

Because by learning two parameters a, b,
we can generate different variable-length weight vectors!

Beta distributions

Parameters

Beta distributions

Parameters

250

150

| ————————

|

0
8
6
4
2
1 DD 05

a 31112 311 1
b 40000 400 10
Recall 12.17 12.54 | 10.48 11.62
a 0.4 10 400 40000
b 0.4 1 311 31112
Recall | 11.08 10.72 | 12.71 12.22




Overview: Current Model

Deep Component

Graphical Component

* First model for joint recommendation and sequence generation
* Wildcard denoising for robust representation (Challenge 1)
* Beta-Pooling for variable-length sequences (Challenge 2)

[ Wang et al., NIPS 2016a ]



Quantitative Comparison: Recall

Recall

» Previous Version

—+— Current Version |
—=—=Preyvious Version

200 250




Quantitative Comparison: Recall

0.55

H

0.5

0.45

Recall

04

0.35

03

—+— Current Version

—=—=Preyvious Version
50 100 150 200 250 300
M

ﬁ Current Version

Boost recall
from 54% to 58%



Quantitative Comparison: mAP

citeulike-a | citeulike-t | Netflix
Current Version 0.0609 0.0523 0.0398
Previous Version 0.0514 0.0453 0.0312




Case Study: Comparing Previous and Current Version

Article User 1 Read | Bayesian adaptive user profiling with explicit and implicit feedback |

[ Wang et al., NIPS 2016a ]



Case Study: Comparing Previous and Current Version

Article User 1 Read | Bayesian adaptive user profiling with explicit and implicit feedback |
CRAE (Current Method) Correct?

Recommended Articles

[ Wang et al., NIPS 2016a ]



Case Study: Comparing Previous and Current Version

Article User 1 Read | Bayesian adaptive user profiling with explicit and implicit feedback |
CRAE (Current Method) Correct?

Recommended Articles

CDL (Previoﬁs Method) - Correct?

Recommended Articles

[ Wang et al., NIPS 2016a ]



Case Study: Comparing Previous and Current Version

Article User 1 Read | Bayesian adaptive user profiling with explicit and implicit feedback |
CRAE (Current Method) Correct?
1. Incorporating user search behavior into relevance feedback no
2. Query chains: learning to rank from implicit feedback yes
3. Implicit feedback for inferring user preference: a bibliography yes
4. Modeling user rating profiles for collaborative filtering no
Recommended Articles 5. Improving retrieval performance by relevance feedback no
6. Language models for relevance feedback no
7. Context-sensitive information retrieval using implicit feedback yes
8. Implicit user modeling for personalized search yes
9. Model-based feedback in the language modeling approach to information retrieval yes
10. User language model for collaborative personalized search yes
CDL (Previous Method) Correct?

Recommended Articles

Precision: 60%

[ Wang et al., NIPS 2016a ]



Case Study: Comparing Previous and Current Version

Article User 1 Read

Bayesian adaptive user profiling with explicit and implicit feedback

CRAE (Current Method) Correct?
1. Incorporating user search behavior into relevance feedback no
2. Query chains: learning to rank from implicit feedback yes
3. Implicit feedback for inferring user preference: a bibliography yes
4. Modeling user rating profiles for collaborative filtering no
Recommended Articles 5. Improving retrieval performance by relevance feedback no
6. Language models for relevance feedback no
7. Context-sensitive information retrieval using implicit feedback yes
8. Implicit user modeling for personalized search yes
9. Model-based feedback in the language modeling approach to information retrieval yes
10. User language model for collaborative personalized search yes
CDL (Previous Method) Correct?
1. Implicit feedback for inferring user preference: a bibliography yes
2. Seeing stars: Exploiting class relationships for sentiment categorization no
3. A knowledge-based approach for interpreting genome-wide expression profiles no
4. A tutorial on particle filters for online non-linear/non-gaussian Bayesian tracking no
Recommended Articles 5. Query chaing: legrjning to rank fr.om implicit feedback yes
6. Mapreduce: simplified data processing on large clusters no
7. Correlating user profiles from multiple folksonomies no
8. Evolving object-oriented designs with refactorings no
9. Trapping of neutral sodium atoms with radiation pressure no
10. A scheme for efficient quantum computation with linear optics no

Precision: 60% VS 20%

[ Wang et al., NIPS 2016a ]




Results from Previous Version

User Profiling & Information Retrieval

Article User 1 Read Bayesian adaptive user profiling with explicit and implicit feedback
CDL (Previous Method) Correct?
1. Implicit feedback for inferring user preference: a bibliography yes
2. Seeing stars: Exploiting class relationships for sentiment categorization no
3. A knowledge-based approach for interpreting genome-wide expression profiles no
4. A tutorial on particle filters for online non-linear/non-gaussian Bayesian tracking no

Recommended Articles S. Query chains': legming to rank frf)m implicit feedback yes
6. Mapreduce: simplified data processing on large clusters no
7. Correlating user profiles from multiple folksonomies no
8. Evolving object-oriented designs with refactorings no
9. Trapping of neutral sodium atoms with radiation pressure no
10. A scheme for efficient quantum computation with linear optics no

Incorrect Recommendations

[ Wang et al., NIPS 2016a ]



Results from Previous Version

User Profiling & Information Retrieval

Article User 1 Read

Bayesian adaptive userl_proﬁling with explicit and implicit feedback

CDL (Previous Method)

Correct?

Recommended Articles

3. A knowledge-based approach for interpreting genome-wide expression

profiles

no

Bioinformatics




Results from Previous Version

User Profiling & Information Retrieval

Article User 1 Read Bayesian adaptive|user profiling|with explicit and implicit feedback
CDL (Previous Method) Correct?
3. A knowledge-based approach for interpréting[genome—wide expression profiles no

Recommended Articles

Bioinformatics

They are very different articles!



Results from Previous Version

User Profiling & Information Retrieval

Article User 1 Read Bayesian adaptive user profiling with explicit and implicit feedback
CDL (Previous Method) Correct?
1. Implicit feedback for inferring user preference: a bibliography yes
2. Seeing stars: Exploiting class relationships for sentiment categorization no
3. A knowledge-based approach for interpreting genome-wide expression profiles no
4. A tutorial on particle filters for online non-linear/non-gaussian Bayesian tracking no

Recommended Articles S. Query chains': legming to rank frf)m implicit feedback yes
6. Mapreduce: simplified data processing on large clusters no
7. Correlating user profiles from multiple folksonomies no
8. Evolving object-oriented designs with refactorings no
9. Trapping of neutral sodium atoms with radiation pressure no
10. A scheme for efficient quantum computation with linear optics no

The current version can avoid this using the

sequential information among words!

[ Wang et al., NIPS 2016a ]



Contributions of
BDL-Based Recommender Systems

First end-to-end recommender system that combines
deep learning and graphical models

Robust probabilistic representation that deals with
sequential text and missing words

Improve performance over the state of the art



Bayesian Deep Learning

A Unified Framework

Recommender Systems

Social Network Analysis

Natural-Parameter Networks

b Healthcare

[ Wang et al., KDD 2015 ]
[ Wang et al., NIPS 2016a ]



Bayesian Deep Learning

A Unified Framework

Recommender Systems
Social Network Analysis

Natural-Parameter Networks

L Healthcare

[ Wang et al., AAAI 2015 ]
[ Wang et al., AAAl 2017 ]
[ Huang, Xue, Wang, Wang., ICML 2020 ]



Problem:

Network (graph)

Relations between nodes

Node

Node content




Problem:

Social Network

Friend relations

Node

Image, text, etc.




189

Learn a per-node representation that

Problem: captures both contentand graph

Citation Network

‘Cited by’ relations

Node
Article text




Solution: Relational Probabilistic Autoencoder

o

oo Em mm

Deep component s Graphical component

< = - =

Node content Inter-node relation

(e.g., citation networks,
knowledge graphs)

BDL-Based Topic Models

[ Wang et al. AAAI 2015 ]
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Solution: Relational Probabilistic Autoencoder

i~

QO-+-Q0
0000

00---00

R

*Enhance representation power with relational information



Challenges

* How to make the representation of two nodes closer
to each other if they are connected in the graph

* How to handle multiple graphs



Challenge 1: Representation of Connected Nodes

- | [

Standard EE% < C:D < L EE=y

autoencoder: S-E% - ) ') S| EE=

| = O ol D] EEe
Probabilistic
autoencoder:

X x N Xl 1 g*Wl s bl )\s 1IK1)

-

Probabilistic Autoencoder: Gaussian noise after each nonlinear transformation

[ Wang et al. KDD 2015 ]



Challenge 1
Step 1 of 3: Start from Adjacency Matrix

® A: Adjacency matrix that defines the graph
® /: Number of nodes



Challenge 1
Step 2 of 3: Generate Latent Vectors for J items




Challenge 1
Step 2 of 3: Generate Latent Vectors for J items

Sq S5
: S2
S3
Sy

Ideally: Connected items closer to each other



Challenge 1
Step 2 of 3: Generate Latent Vectors for J items

S1
S5
sS4 Ss
O : } 52
So Sy S3
S4
S3
Generate s; one by one Generate § = [s4, S5, ..., 57] allat once
Standard Gaussian s; ~ N(0,1) Matrix Gaussian distribution

p(S) x exp{tr[—%SéST]}



Challenge 1
Step 2 of 3: Generate Latent Vectors for J items

S1
Ss
Sz S4-
S3
Low probability density High probability density

] . T A
Matrix Gaussian distribution p(S) « exp{tr[——ls.ﬁ,’ S}



Challenge 1
Step 2 of 3: Generate Latent Vectors for J items

‘@ J

Generate all J vectors S = [sy, s, ..., 57] from the matrix-variate Gaussian distribution:
p(S) x exp{tr[——SZ ST}

. x

Standard Gaussian p(S) ox exp{tr[—%SXaST]}




Challenge 1
Step 3 of 3: Connect Latent Vectors to Representation

S )

Generate middle-layer representation x, from Product of Gaussians (PoG):
Xo v POG(Xl, Sj)

First Gaussian related to x4
Second Gaussian related to S;

x, has information on both the documents x, and the graph A4



Overview: Relational Autoencoder

S, )

ENeS

Awr Ans A1, A hyperparamters to control the variance of Gaussian distributions

Two key ingredients:
® Relational latent matrix S to represent 4
® PoG to connect S, X4, and X,.



Relational Autoencoder: Two Components

Deep Component

Graphical Component




Challenge 2: Multiple Graphs (Networks)

Product of Q+1 Gaussians: X2 ~ PoG(x1, s§1),s§2), o ,S§Q))

Multiple networks:
citation networks
co-author networks



Application: Predicting Tags for Articles

Relational
Autoencoder

Tag Predictor

XKXXXXECC S

biology

protein

cell

DNA
computer_systems
computer_science
machine_learning
neural _network

autoencoder



Sparse Setting, citeulike-a

Recall

0.35{

—+— RSDAE
—— SDAE
—e— CTR-SR
—+—CTR

03F

0251

0.2F

0.1

a0

1 1 1
150 200 250 300

D

Our method: RSDAE

Autoencoder (SDAE)
outperforms CTR-SR



Case Study 1: Tagging Scientific Articles

Example Article | Title: Opinion Extraction and Semantic Classification of Product Reviews
SDAE (best baseline) True? RSDAE (ours) True?
1. instance no 1. sentiment_analysis no
2. consumer yes 2. instance no
3. sentiment_analysis no 3. consumer yes
4. summary no 4. summary no

Top 10 tags 5. 31july09 no 5. sentiment yes
6. medline no 6. product_review_mining yes
7. eit2 no 7. sentiment_classification yes
8. 12r no 8. 31july09 no
9. exploration no 9. opinion_mining yes
10. biomedical no 10. product yes

Precision: 10% VS 60%



Case Study 2: Tagging Movies (Baseline)

Example Movie

Top 10 tags

Title: E.T. the Extra-Terrestrial

SDAE (best baseline) True?
1. Saturn Award (Best Special Effects) yes
2. Want no
3. Saturn Award (Best Fantasy Film) no
4. Saturn Award (Best Writing) yes
5. Cool but freaky no
6. Saturn Award (Best Director) no
7. Oscar (Best Editing) no
8. almost favorite no
9. Steven Spielberg yes
10. sequel better than original no

Precision: 30% VS 60%



Case Study 2: Tagging Movies (Ours)

Correctly predict three more tags

Example Movie | Title: E.T. the Extra-Terrestrial

RSDAE (ours)

True?

Steven Spielberg

yes

Saturn Award (Best Special Effects)

yes

Saturn Award (Best Writing)

yes

Oscar (Best Editing)

no

Top 10 tags Want

no

Liam Neeson

no

AFI 100 (Cheers)

yes

Oscar (Best Sound)

©| 2o N 0| 01l &/ L | =

yes

Saturn Award (Best Director)

Very difficult to discover this tag
—

no
yes

Does not appear in any related movies



Summary:
Relational Autoencoder

0 O QO :
19 10 0110 0 :
s . : A b |
10 O 1O 10 O |
@ O O O |
VR % % X% XX |

Deep component | %  Graphical component

< =

Node content

BDL-Based Relational Autoencoder

Unified into a probabilistic relational model
for relational deep learning

[ Wang et al. AAAI 2015 ]
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Contribution of Relational Probabilistic Autoencoder

1. First deep learning model in the relational
domain (graphs)

2. Naturally handle multiple graphs

3. Application to article tagging
demonstrating better performance

[ Wang et al. AAAI 2015 ]
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