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4HE�"AYESIAN�#OMMITTEE�-ACHINE

Volker Tresp
Siemens AG

with: Anton Schwaighofer
Univ. of Graz, Siemens AG
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(IERARCHICAL�"AYES-OTIVATION

)F�)�QUERY�A
COMMITTEE�FOR�THE
PREDICTION�AT�INPUT
X��ONLY�THE
PREDICTIONS�OF
EACH�COMMITTEE
MEMBER�AT�THE
SAME�X�IS�USED

...
#OMMITTEE�MEMBER��

#OMMITTEE�MEMBER�-

#OMMITTEE�PREDICTION

X

X

X
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(IERARCHICAL�"AYES"#-

)T�TURNS�OUT�THAT�THE
PREDICTIONS�OF�THE
COMMITTEE
MEMBERS�AT�OTHER
INPUTS�CAN
IMPROVE�THE
PREDICTION�OF�THE
COMMITTEE�AT�X�

#OMMITTEE�MEMBER��

#OMMITTEE�MEMBER�-

#OMMITTEE�PREDICTION

X

X

X

... ......

���
��7

OR
KS
HO

P�
�%
NS
EM

BL
E�
-
ET
HO

DS
��
��
�

(IERARCHICAL�"AYES"#-�!RCHITECTURE

4RESP��6�������	��.EURAL
#OMPUTATION��6OL�����

is Q-dimensional

1F̂

$

( )1|$F% 1

2$ 3$ -$1$

BCM

...

1F̂

( )2|$F% 1 ( )3|$F% 1 ( )-1 $F% |
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(IERARCHICAL�"AYES"#-��)NTUITION

• The prediction of the committee should exploit the
information contained in all data

• The prediction and the variance of the prediction at a
given x does not represent the information a
committee member has learned about the data

• (In a Gaussian approximation) if Q are the degrees of
freedom of a model,  the information is contained in Q
model parameter estimates and their posterior
covariance

•  The same information is contained in Q model
predictions and their covariance structure!
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(IERARCHICAL�"AYES"#-�AS�.AIVE�"AYES

1F̂

2$ 3$ -$1$ ∏ )|()( 1I1 F$0F0

1F̂

2$ 3$ -$1$

1
1

)(

)|(
)|( −

=
∏

≈
-1

-

I

I1

1

F0

$F0
$F0
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(IERARCHICAL�"AYES"#-��6ISUALIZATION

If I select a sufficient number of test points 

then those determine the function (green)

and make the data       independent
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(IERARCHICAL�"AYES"#-��'AUSSIAN�!PPROXIMATION

∑
=

−=
-

I

I1I11 $F%$F#$F%
1

1 )|()|cov()|(ˆ

)|( 1$F% 1

)|( -1 $F%

)|(ˆ $F% 1

...
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(IERARCHICAL�"AYES"#-�FOR�'02

• The computational complexity of Gauss process
regression (~kriging, smooting splines) scales
as N^3

• The BCM version of GPR scales as K^2N
(where K = N/M = fixed)

• In a benchmark test, BCM-GPR gave best
results of all linearly scaling GPR
approximations (Nystroem, SRM)
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(IERARCHICAL�"AYES

"#-��WHEN�IT�WORKS

1

4EST�SET�ERROR�AS�A�FUNCTION�OF�1
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(IERARCHICAL�"AYES#05
TIME�AS�A�FUNCTION�OF�.

i#05
TIME�IN�SECONDS�AS�A�FUNCTION
OF�THE�TRAINING�SET�SIZE�.

.
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(IERARCHICAL�"AYES4EST�SET�ERROR�AS�A�FUNCTION�OF�.

.
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(IERARCHICAL�5SER�0ROFILING�WITH
.ONPARAMETRIC�"AYESIAN�-ODELS

�WITH�!PPLICATIONS�TO�)NFORMATION�&ILTERING	

with Kai Yu
Siemens
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(IERARCHICAL�"AYES

0ARIS��

#ONTENT
BASED�&ILTERING�
%XPLORING�3IMILARITY�BETWEEN�)TEMS

ACTIVE�USER

�

�������LIKE

������LIKE

BOOK���

BOOK���

BOOK���

LOVE�STORIES�Y�N

FASHION�Y�N

FEATURE���

FEATURE���

FEATURE���

0REDICTIVE�-ODELS�
36-��..��',-�� �

),|(

),|(

$XY0

WXY0

ACTION�Y�N

$OES�"ELLE�LIKE�BOOK��� ���
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(IERARCHICAL�"AYES#OLLABORATIVE�&ILTERING�
%XPLORING�3IMILARITY�BETWEEN�0EOPLE

ACTIVE�USER

�������LIKE

������LIKE

�

��������LIKE

LIKE

LIKE

�������LIKE

���DISLIKE

DISLIKE"OOK���

"OOK���

"OOK���

)T�SEEMS�THAT�"ELLE�AGREES
MORE�WITH�"EAST�

#&�CAN�WORK�EVEN�WITHOUT
FEATURES�
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(IERARCHICAL�"AYES
4HE�0ROBLEMS

#ONTENT
BASED�&ILTERING���SMALL
SAMPLE�PROBLEM�
DEFICIENCY�OF�DESCRIPTIVE�CONTENT�FEATURES��

#OLLABORATIVE�&ILTERING���SPARSITY�OF�USER�ANNOTATIONS��NO
MEANS�TO�HANDLE�NEW�ITEMS��

(YBRID�&ILTERING��COMBINES�THE�STRENGTHS�OF�BOTH�AND
OVERCOMES�THE�WEAKNESS�OF�EACH

(OW�SHOULD�WE�COMBINE�CONTENT
FILTERING�WITH�COLLABORATIVE�FILTERING�
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(IERARCHICAL�"AYES/UR�7ORK

• Insight into the problem

• Principled solution to hybrid filtering

• Unifying framework for information filtering
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(IERARCHICAL�"AYES(IERARCHICAL�"AYESIAN�-ODELING

• All users are the same:

use one model trained on all data

• Each user is a complete individual:

train a separate model for each user

• Learn from one another:

each user has her/his own model  generated
from a common prior distribution, which is
learned from �data and shared between user
models.

���
��7

OR
KS
HO

P�
�%
NS
EM

BL
E�
-
ET
HO

DS
��
��
�

(IERARCHICAL�"AYES(IERARCHICAL�"AYESIAN�-ODELING

NEWW

K
1$ 2$ -$

H

1W 2W -WK

H

)|()|()(
1

JJ

-

J
J W$0HW0H0 ∏

=
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(IERARCHICAL�"AYES(IERARCHICAL�"AYES

• Essentially, we learn the INFORMATIVE�PRIOR

• Two problems with Hierarchical Bayes:

• Solution has to be approximated (e.g. Monte Carlo
sampling)

• The functional form of                must not only be
able to encode my prior belief about w but must
also be flexible enough to represent the LEARNED
PRIOR�DISTRIBUTION

)|( $W0

)|( HW0

)|(),...,|( 1 -,
-

- HW0$$W0
∞→

→

W
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(IERARCHICAL�"AYES0RIOR�"ELIEF

H↔µ

)|( HW0

W
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(IERARCHICAL�"AYES!CTUAL�$ATA�$ISTRIBUTION

W
'ASTON
LIKE�USERS "EAST
LIKE�USERS
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(IERARCHICAL�"AYES("�LEARNS�

�NOTHING

),...,|( 1 -$$W0

W
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(IERARCHICAL�"AYES)DEA

)F�THE�WORLD�IS�COMPLICATED��WHY�SHOULD
WE�LIMIT�THE�FORM�OF�DISTRIBUTION� ���
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(IERARCHICAL�"AYES

)()|( WHHW0 I =

3OLUTION��$IRICHLET�%NHANCEMENT
�.ONPARAMETRIC�"AYESIAN�-ODELING	

)()( WW0 α=)(Wα BASE�DISTRIBUTION��SUBJECTIVE�PRIOR	�

K
1$ 2$ -$

H

1W 2W -WK

H

)|( II W$0
PARAMETRIC�LIKELIHOOD
�STAGE��	

PRIOR��STAGE��	

),|()( ταH$0H0 =
HYPERPRIOR��STAGE��	

τα ,
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(IERARCHICAL�"AYES-IXTURE�OF�$IRICHLET�0ROCESSES��-$0	

)}{,|( IJJII W$W0 ≠

∑
≠

−+∝
IJ

JIJIIII WWW$0$W0$0 )()|()|()( δτ

3UITABLE�FOR�'IBBS�SAMPLING�

�-��%SCOBAR��-��7EST��0�
-UELLER��4��&ERGUSON��2��.EAL	

• A posteriori:
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(IERARCHICAL�"AYES

• We use the data to estimate the MODE of the
hyperparameters, where the model parameters
take the role of latent variables

   where

-- E-step

-- M-step

%-
,EARNING

( )





+

+
= ∑

=

+
-

J

T
ESTJ

T H$W0W
-

WH
1

)()1(
est ,|)(

1
)( τα

τ

( )τα ,,|maxargest $H0H
H

=

W
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∫

=
DWHW0W$0
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(IERARCHICAL�"AYES

In general, EM-learning is not suitable since
can not be parameterized (due to explosion of terms).
Thus we have to adopt approximations

• One-step EM (UAI, 2003)

• Variational approximation�(Today)

%-
,EARNING� �"AD�.EWS
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(IERARCHICAL�"AYES�6ARIATIONAL�!PPROXIMATION��-OTIVATION

( )
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= ∑
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(IERARCHICAL�"AYES6ARIATIONAL�!PPROXIMATION���	

Thus one might want to approximate (EVEN
WITH�OVERLAPPING):

where

∑
=

∞ −=
-

I

-,
IJIESTJ WWH$W0

1
, )(),|( δξ

∑
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I
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(IERARCHICAL�"AYES6ARIATIONAL�%-
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(IERARCHICAL�"AYES






 += ∑

=

-

I

-,
I

-,
IAIAA

A

WXY0W$0$XY0$0
:

H$XY0

1

est

),|()|(),|()|(
1

),,|(

ξατ

0REDICTIONS��A�COMMITTEE�MACHINE�

Treating the learned HEST(W) as fixed
parameters, we can now make
predictions for the active user with $A:

(OW�WELL�DOES�WI
-,�EXPLAIN�THE�ACTIVE�USER S�DATA

0REDICTIVE�DISTRIBUTION�GIVEN�WI
-,
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(IERARCHICAL�"AYES#ONNECTIONS�TO�#ONTENT
BASED�AND
#OLLABORATIVE�FILTERS

• If the precision parameter goes to infinity, the
learned prior remains the same as the base
distribution. This case is equivalent to PURE�CONTENT

BASED�FILTERING

• If the precision parameter goes to zero, the learned
prior assigns zero chances on new values of
parameters. Thus predictions for a new user (i.e.
the active user) completely depend on previous
users’ ML models.

• If the precision parameter goes to zero and
features are deficient or not available, then PURE
COLLABORATIVE�FILTERING is derived.
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(IERARCHICAL�"AYES.UGGET�%FFECT

• So far does our approach does not give valid
predictions if features are useless – in contrast
to collaborative filtering ->

•.UGGET�EFFECT

5.
X

),|( J$XY0
!T�THE�LOCATION�OF�THE
TRAINING�DATA�)�WILL�BE
REASONABLY�CONSISTENT
�NUGGETS	
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(IERARCHICAL�"AYES.UGGET�%FFECT��PURE�COLLABORATIVE�FILTERING

−+ −+= ##)|(log 21 CCCONST$$0 JA

:, 21 CC 0OSITIVE�CONSTANTS

:#,# −+ .UMBER�OF�AGREEMENTS��RESP��DISAGREEMENTS

• In case of pure collaborative filtering, the
logarithm of the weighting term takes on an
intuitive form
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(IERARCHICAL�"AYES4EXT�2ETRIEVAL�ON�2EUTERS
������$ATA
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(IERARCHICAL�"AYES4EXT�2ETRIEVAL�ON�2EUTERS
������$ATA

7E�USED����CATEGORIES�COVERING�TOTALLY��������NEWS�ARTICLES�FROM
THE�2EUTERS�TEXT�DATA�SET��������ARTICLES�BELONG�TO�MORE�THAN�ONE
CATEGORY	
&OR�THE�EXPERIMENTS��WE�ASSUME�THAT�EACH�USER�IS�INTERESTED�IN
EXACTLY�ONE�OF�THESE�CATEGORIES
7E�GENERATE�EXAMPLE�DATA�FOR�,������ARTIFICIAL	�USERS�BY�CHOOSING
AT�RANDOM�A�SET�OF�����POSITIVE�AND�NEGATIVE	�EXAMPLE�ITEMS�
4HE�GOAL�IS�TO�PREDICT�THE�PROBABILITY�THAT�A�USER�LIKES�AN�ARTICLE
2ANK�ALL�UNSEEN�ARTICLES�AND��SELECT�TOP�.�RANKED�ARTICLES�
0LOT��HOW�MANY�OF�THE�TOP�.�ARTICLES�ARE�TRULY�POSITIVE

�FEATURES��WORD�COUNTS��CLASSIFIER��PROBABILISTIC�36-�WITH�LINEAR
KERNEL	
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(IERARCHICAL�"AYES!CTIVE�USER��GIVEN����KNOWN
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(IERARCHICAL�"AYES!CTIVE�USER��GIVEN���KNOWN
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(IERARCHICAL�"AYES)MAGE�2ETRIEVAL

4ASK��0REDICT�IMAGE�RATING������IMAGES	
����USERS�WITH�����RATED�IMAGES�ON�AVERAGE
)MAGE�FEATURES�

����CORRELOGRAM�FEATURES��COLOUR�TEXTURE	

���FEATURES�BASED�ON�WAVELET�TEXTURE
��FEATURES�ON�COLOUR�MOMENTS

GIVING�A����
DIMENSIONAL�FEATURE�VECTOR�FOR�EACH�IMAGE�

7EAK�INDICATORS�OF�HIGH
LEVEL�INFORMATION�ABOUT�AN�IMAGE
4HE�MODEL�PREDICTS�.�HIGHEST�RANKED�PICTURES��AMONG�THOSE�
HOW�MANY�WERE�RATED�POSITIVELY���IN�COMPARISON�TO�UNRATED�OR
NEGATIVELY�RATED	

#LASSIFIER��PROBABILISTIC�36-�WITH�'AUSSIAN�KERNEL
http://honolulu.dbs.informatik.uni-
muenchen.de:8080/paintings/index.jsp
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(IERARCHICAL�"AYES!CTIVE�USER��GIVEN����KNOWN
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(IERARCHICAL�"AYES!CTIVE�USER��GIVEN���KNOWN
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(IERARCHICAL�"AYES3UMMARY�AND�/UTLOOK

• The work combines content filtering and collaborative
filtering under a hierarchical Bayesian framework. A
principled hybrid filter is proposed.

• We used nonparametric Bayesian modeling in form of
a Dirichlet process to solve a fundamental problem in
HB

• Users -> agents, plants, hospitals
• References:

• Kai Yu, Anton Schwaighofer, Volker Tresp, W.-Y. Ma, and H. J. Zhang. Collaborative ensemble
learning: Combining collaborative and content-based information filtering via hierarchical bayes. In
0ROCEEDINGS�OF���TH�)NTERNATIONAL�#ONFERENCE�ON�5NCERTAINTY�IN�!RTIFICIAL�)NTELLIGENCE��5!)���		, 2003,
http://www.tresp.org/papers/uai03.pdf

• Kai Yu, Volker Tresp, Shipeng Yu: A nonparametric hierarchical  Bayesian framework for information
filtering. Submitted.
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(IERARCHICAL�"AYES

)LLUSTRATIONS��THE�"EAUTIFUL�"EAST
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(IERARCHICAL�"AYES

"#-��WHEN�IT�WORKS

i 4HE�EFFECTIVE�DEGREES�OF�FREEDOM��CONTINUOUS	�AS�A�FUNCTION�OF�THE�NUMBER�OF�TRAINING�DATA

i 1�SHOULD�BE�LARGER�THAN�THE�EFFECTIVE�DEGREES�OF�FREEDOM

i %VEN�BETTER��1�IS�LARGER�THAN�THE�EFFECTIVE�RANK�OF��ANY	�+

i �GAMMA�IS�SCALE�PARAMETER	


