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A Major Assumption

A Training and future (test) data
A follow the same distribution, and
A are In same feature space
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When distributions are different
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When distributions are different
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A Wireless sensor networks

A Different time periods,
devices or space
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When Features are different

A Heterogeneous: different feature spaces

Train ing: Text Future: Images

The apple is the pomaceous fruit of

Apple s the apple tree, species Malus
domesticain the rose family
Rosaceae ...

Banana is the common name for a
type of fruit and also the
herbaceous plants of the genus
Musa which produce this commonly
eaten fruit ...

Banana s
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Transfer Learning?

A People often transfer knowledge to
novel situations

A Chess A Checkers
A C++ A Java
A Physics A Computer Science

TransferLearning:

The ability of a system to recognize and apply knowledpe
and skills learned in previous tasks to novel tasks (or ngw
domains)
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Transfer Learning: Source
Domains

Input

: Output
> Learning >

1

Source
Domain

Training Data Labeled/Unlabeled Labeled/Unlabeled

Test Data Unlabeled
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Outline

A Transfer Learning Basics

A Homogeneous Transfer Learning
A Heterogeneous Transfer Learning
A Future Works
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Outline

A Transfer Learning Basics

A Homogeneous Transfer Learning
A Heterogeneous Transfer Learning
A Future Works

Transfer Learning  Survey

S. Pan and Q. Yang,A Survey on Transfer Learning IEEE
TKDEZ20089.

htto.//www.cse.ust.hk/~sinnopan/SurveyTL.htm
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http://www.cse.ust.hk/~sinnopan/SurveyTL.htm

Reinforcement Learning

L. Torrey, J. Shavlik , S. Natarajan , P. Kuppili &
T. Walker (2008).

Transfer in Reinforcement Learning via Markov
Lodic Networks . AAA/'08 Workshop on Transfer
Learning for Complex Tasks , Chicago, IL.

2-on-1 BreakAway 3-on-2 BreakAway
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http://ftp.cs.wisc.edu/machine-learning/shavlik-group/torrey.aaai08.pdf
http://ftp.cs.wisc.edu/machine-learning/shavlik-group/torrey.aaai08.pdf

Deep Transfer w/ Markov Logic
Network [Davis and Domingos, ICML 2009]

Source Domain Target Domain
{Prof. Domingos\ (Grad Student on)
P topl cytoplasm
Student s arag cYIopias
_ Advisor: \ \
Projects: SRL, Domingos
Data minin
Research: SRL YOR167c ] [YBLOZGW ]
\Class: CSE 54 | | l
| ribosomal RNA prog€ssing
CSE 546: proteins
Data Mining
TCComplex(z,y) ~ Interacts(x,z) + Complex(x, y) and
H¢ocation(z,y) = Interacts (x,z) t Location(x,y)
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Text Classification/Clustering
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Different Learning Problems

Multiple
Domain Data

Feature
Spaces

Heterogeneous
[

Homogeneous

Instance Data

Alignment ? Distribution?

Yes _
Different |
Multi-view Heterogeneous Transfer Learning Traditional
Learning Transfer across Different Machine
Learning Distributions Learning
Source
Domain 6 S ¥ 2 dzf|Rcoximon
FH—r5—F2 NX

Target
Domain =

Acl:lJcNRenmai Adaptation
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Domain Adaptation in NLP

Applications Selected Methods
_ A Domalin adaptation for

A Automatic Content statistical classifiers [Hal

Extraction Daume Ill & Daniel Marcu,
A Sentiment Classification JAIR 2006], [Jiang and
A Part-Of-Speech Tagging Zhai, ACL 2007]
i NER A Structural Correspondence
i : : Learning [John Blitzer et
A QIUESt.'f(.)” Answering al. ACL 2007] [Ando and
4 Classification Zhang, JMLR 2005]
A Clustering A Latent subspace [Sinno

Jialin Pan et al. AAAI 08]
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Instance-transfer A

[Wu andDietterichICML-04]
[J.Jiang and C. Zhai, ACL 2007
[Dali, Yang et al. ICMLO7]

Uniform weights

i Cross—domain POS tagging,
i entity type classification
i Personalized spam filtering

Correct the decision boundary by reweighting

A
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TrAdaBoost

[Dai, Yang et al. ICML-07]

A Misclassified

[HE Y L N\

F1 Evaluation with 20NG: 22% A 8%

Todect N{tp://people.csail.mit.edu/jrennie/20Newsgroups/

| OTthe Mroeroormroe oo T OT UTE TTITSCTIASSITEU

target data
Source domain [l target domain e ivrfgoézta ., | decrease the weights
e labeled data of the misclassified

source data

Classifiers trained on L
re-weighted labeled dat
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Feature-based Transfer Learning
[Dai, Xue, Yang et al. KDD 2007]

A Target: CoCC_:_Ce_cIustering based
Classification

A All unlabeled //,f*—ﬁax\\

Instances
( Feature )

A Distributions

A Feature Spaces can Feature
be dlfferent, but Clustering
have overlap

A Same classes
A P(X,Y): different!

< bridge

Feature

Auxiliary
Data

Target Data
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Document-word co-occurrence
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Co-Clustering based transfer
[Dai, Xue, Yang et al. KDD 2007]

A Co-clustering Is applied between

A features (words) and target-domain
documents

A constrained by the labels of source
domain documents

A word clusters in both domains: a bridge

1. Word clustering 2. Co-clustering

Documents
in D,

Documents
in I);

—-

—-

1. Label Propagation 2. Label Propagation
ACIL:IJCNLP 2009 20



Structural Correspondence
Learning [Blitzer et al. ACL 2007]

A SCL: [Ando and Zhang, JMLR 2005]

A Method
A Define pivot features: common in two domains
A FInd non-pivot features in each domain
A Build classifiers through the non-pivot Features

(1) The book is so  repetitive
that | folnd myse
| will definitely
another.

alonN g &t eamery
mechanism is defective .

Book Domain h Kitchen Domain
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Different Learning Problems

Multiple
Domain Data

Feature
Spaces

Heterogeneous Homogeneous

Instance Data

Alignment ?

Distribution?

Yes No

Different Same

~

Heterogeneous
Transfer

Multi-view Transfer Learning Traditional

Learning

across Different Machine

Learning Distributions Learning
Source )lj\i’t)?rllzitsczr tE:]aenanais . vﬁg\ \
Domain 0SS T2dzf Rcobﬁmop !‘\
y1—rS—F2 NX )
Target
Domain

AChlJchog
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Outline

A Transfer Learning Basics
A Homogeneous Transfer Learning

A Heterogeneous Transfer Learning

A With Correspondence

4 Translated Learning (English A Chinese)
A Text-to-Image Clustering/Classification

A Without Correspondence
A Future Works

ACLIJCNLP 2009
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Correspondence In Transfer

Learning

A Mapping between entities or relations
A Probabillistic in nature

Computer |e——
n

Cause
Malfunction

ACI-IJCNLP 2009
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Cross-language Classification

Classifier

learn / wssnty

Label_ed Unlabeled
English ChineseWeb
Web pages pages

N

—~

CrosslanguageClassification
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Heterogeneous Transfer Learning
with a Dictionary

/
\

T
I

Labeled documents
in English (abundant)

Bel, et al. ECDL 2003]
Zhu and Wang, ACL 2006]
Gliozzo and Strapparava ACL 2006]

DICTIONARY

~ -
— T
— S

Labeled documents

Translation Error
Topic Drift

in Chinese (scarce)
\ /

TASK: Classifying documents

in Chinese

ACI-IJCNLP 2009
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Topic Drift in Direct Translation

A Translation Error
A Topic Drift

Word Features

News
in
Engllsh Games
g
= News
In
Chinese
Games

0 L L ] ! . ';“‘ i
0 2000 4000 6000 éﬁ%Ji%ﬂ_ﬁ%oé4ooo 16000 57



Improvements: over 15%

8]

Domain Adaptation

Optimize the objective
function and give new labels
c E for Chinese Web Pages
Tnlabeled TI'EII]S]IEltOi Unlabeled l Gy A
Chinese Web Chinese Web [N i 174
P Pages in T : )
i Eangglish [N Classifier New Labels for N times
\—/\ Chinese Web
Z‘ 4 ; pages SESILRET
Et;ﬁ;f %ﬁf Labeled
(A (A5R) English Web  J
Pages
Qutput the labels
for Chinese Web
pages
ACIL:IJCNLP 20Q9




Text-aided Image Clustering

Objective: Image clustering

A
/
A

P

Apple

[ Search images l

Fil

12

3 Apple

P 600 x 637 - 19 - jpg
synergyblog.wordpress.com

Credit: Apple Computer. Inc.
Sti 320 x 384 - 66k - jpg

40 idsa.org
bijl

Earlier today. Apple
2400 x 2400 - 344k - jpeg
operationgadget.com

Apple Computer has been
402 x 480 - 22k - gif
blorge.com
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Apple's retail stores
530 x 630 - 36k - jpg
letsgodigital.org

1115 x 871 - 529k - jpg
home_earthlink_net

Apple computer made out of  Apple - Fixing-their-shit -

®

Apple
500 x 555 - 18k - png
cnymultimedia.com

400 x 349 - 14k - jpg
plusvsminus.com
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Adding Auxiliary Text Data

B o
-

h 4

Clustering Model

Search Result
Clusters
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Annotated PLSA Model for Clustering Z

Heterogeneous Transfe
Caltech 256 Data Learning - From Flickr.com

Average Entropy
Improvement
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Wor\d‘s from Source Data u IE

Topics
Vs
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http://www.flickr.com/photos/drewmendoza/tags/lion/
http://www.flickr.com/photos/drewmendoza/tags/animal/
http://www.flickr.com/photos/drewmendoza/tags/simba/
http://www.flickr.com/photos/drewmendoza/tags/hakuna/
http://www.flickr.com/photos/drewmendoza/tags/matata/
http://www.flickr.com/photos/drewmendoza/tags/flickrbigcats/

Text to Image Classification
[Dai, Chen, Yang et al. NIPS 2008]

Apple is a
v ég fruit. Apple | g & Input J Text Output
mp a2 247 Classifier
' a ATy [X
translating learning models &

N4
Input Image Output
- > e >
= W Classifier
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Heterogeneous Transfer
Learning with Correspondence

Text Classification Model

ausd roned srmithier hilan
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Text Labeled Data

Image Classification Model

33
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Log-likelihood: hratc(v) = arg tax log Pr(c|D) + Alog Pr(c|V)
+ Zt log Pr(fle, D]+ A Y logPr(fle.V).

P(f |c,D) = = e
SU— difficult
A Pr( -l ~ to estimate!

14% error reductlon

On Caltech 256 data
A N AN L = R et

featurenapping

&)

co-occurenceata

o
p—- S
P N .
o
2
-
woowirem
-

Social Web
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Outline

A HOomogeneous
A Instance Based Transfer
A Feature Based Transfer

A Heterogeneous (w/ Correspondence)

A Heterogeneous Transfer w/out
Correspondence

A Transfer Learning in Collaborative Filtering
A Structure-based Transfer

A Future Works

ACLIJCNLP 2009 35



Product Recommendation
(Amazon.com)

lick to LOOK INSIDE! Customers Who Bought This Item Also Bought

LOOK INSIDE! LOOK INSIDE! LOUK INSIDE! LODK .woel!?
Thg Brief
Wo
Life Ha |
w - - Oscar o R
alting e s
‘ Junot Diaz
( AWER WG
HA JIN \J War Trash by Ha Jin The Brief Wondrous Life = The White Tiger: A The Bridegroom: S
Yodofoddr (45) $10.17 of Oscar Wao by Junot Novel (Man Booker by Ha Jin
] Diaz Prize) by Aravind Adiga Yot iy (27) $1!

Aofrfokey (402) $10.78 Yoirfdyy (237) $8.40
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Collaborative Filtering: Data Sparseness
d o &: bke)

(1:

Users

Dense (75%)
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Products

C

d

WIN W W W[V oD

N W[Y |V kL, W T

N W INIDN|Y

R WiFL [N W

WINIY W | N

N[N |FPIFP W —
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2Y3 1 2 2 ? 1 Overlaps.
Nearest 3/3 22 ?2 31 MORE
neighbor
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o ;
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Transfer Learning for
Collaborative Filtering?

I M D B D a tab ase Recommendations

If you enjoyed this title, our database also recommends:

KING LEAR

ZHANGYIMOUCo

HOUSEETELY

llection

(N3 £ATS:R

The Good Earth King Lear Big Fish Shi mian mai fu
IMDb User Rating: IMDb User Rating: IMDb User Rsting:

IMDb User Rating: IMD

A Fis of Beauty and Pssion

oyo

Amazon.com

click to LOOK INSIDE!

Bought This Item Also Bought

LOOX INSIDES LOOK INSIDE! LOOK NSIDE!
The Brif 5
- wors &
, Litaiy HA |
- . Oscar Wao A
Waiting
‘ Junot Diaz | =i
HA JIN \‘ War Trash by Ha Jin The Brief Wondrous Life = The White Tiger: A The Bridegroom: S
AAA A (45) $10.17 of Oscar Wao by Junct Novel (Man Booker by Ha Jin
1321

Diaz Prize) by Aravind Adiga Yolodododr (27) $1
Poiededeyy (402) $10.78 A ‘v (237) $8.40
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Transfer Learning for Collaborative
Filtering [B. Li, Yang, Xue, ICML 2009]

~

A

~

Users are related in Interests:; Items are related in Genre

How to NnNnRel ateo users and

A ALIGN user/item-groups across domains

MOVIES BOOKS User/Item Group-M atching
(e.g. IMDB) (e.g. Amazon)

A‘: B A B A(_é B Ro_ma_lnce I\/_I;//iesll?:(ooks
3 301 1 | 3 3|2 2 Be A Sci-FI Movies/Books
s 3|11 3 3|2 2 | e Il GirlsonIMDB/Amazon
2 213 3 TR Ilé | BoysonIMDB/Amazon
2 213 3 1 1 3 3
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Codebook based Transfer
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Dal min
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A B C ab cd e
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lation Coefficients

erbased Smoothing

ACodebook Transfer (CBT)

Result: 5-10% improvement
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Heterogeneous Transfer Learningwithout
Correspondence[H. Wang and Yang 2009]

Goal:
A Learn a correspondence structure between domains

A Use the correspondence to transfer knowledge

other

‘ son
®

English Chinese (

ACI-IJCNLP 2009
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Heterogeneous Transfer Learning without

correspondence
[DekangL i n, 0 AnNn -theofetcDfimat i inmi
ICML 1998]
English Chinese ( - STEP 1:

A Compare each
entity with all  others
In the same domain.

mother @ SON

X@ﬁ.ughter

father

A Encode each entity
by distribution

" ACLIJCNLP 2009 42



Heterogeneous Transfer Learning without

correspondence
STEP 2:
English Chinese ( ~ ACompare two
distributions In
momger e order to
da‘ughter measure their
relatedness

" ACLIJCNLP 2009 43



Heterogeneous Transfer Learning without

Correspondence

~

English Chinese (

STEP 3:

Build a bipartite
graph across the
domains,

" ACLIJCNLP 2009
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Heterogeneous Transfer Learning without
correspondence

STEP 4:

English Chinese ( ~ Align the two
domains in a
common latent

mother @ SON

® space by
daughter .
spectral analysis
methods.

father

® ACLIJCNLP 2009 45



mother

Heterogeneous Transfer Learning without

correspondence

[

~

English Chinese (

‘ SQI’\

@ «— i
daughter

father

STEP 5

Finally the
Acommon parts o
IS used for
knowledge
transfere

ACI-IJCNLP 2009
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Heterogeneous Transfer Learning without
correspondence

(b) The Swis

s roll \ / (d) The S curve

(a) Ground truth geodesic
structure and color coding

ke —-——(—"—\
\'—"—“’ 0

gt
0.8
06 ‘&
0.4

02 _._’_.-‘ W

08

Related to: Chang Wang and Sridhar
Mahadevan
Manifold Alignment without

Correspondence. |JCAI 20009.

oo
r
e
oo
' ”'y:
ow:"dff.o"'
P o ':o'.ﬂ'f
o "
48
“
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Conclusions and Future Work

A Homogeneous Transfer Learning
A Heterogeneous Transfer Learning

A Feature spaces and distributions are different

A Methods

A~ Known correspondence: Text-based Image
Classification/Clustering,

A Unknown correspondence: Alignment, global structural
correspondence

A Future

A Negative Transfer
A Multiple source domains [Gao, Fan, Jiang, Han KDDO08] [Luo
et al. CIKM 08]
A Scaling up
ACLIJCNLP 2009 48



Future: Negative Transfer

Helpful:
positive
transfer

Harmful:

egative transfer

Neutral:

zero transfer

ACI-IJCNLP 2009 49



Future: Negative Transfer

NTo Transf er or Not

A Rosenstein, Marx, Kaelbling and Dietterich

A Inductive Transfer Workshop, NIPS 2005. (Task:
meeting invitation and acceptance)

)
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