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Computational Gene Finding
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fml

o Given a piece of DNA sequence
o Predict gene products including intermediate processing steps
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o Predict gene products including intermediate processing steps
o Predict signals used during processing
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Computational Gene Finding

DNA TSS Donor Acceptor Donor Acceptor polyA/cleavage

TIS Stop

Protein

o Given a piece of DNA sequence

o Predict gene products including intermediate processing steps
o Predict signals used during processing

o Predict the correct corresponding label sequence with labels
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Example: Splice Site Recognition

True Splice Sites

D
D

<
<

CT.. .GTCIE;TA. . . GAAGCTAGGAGCGC. . .ACE%IGT. . .GA

~ 150 nucleotides window around dimer

4

GCCAATATTTTTCTAT GGTGCAATCAATCACCCATCAT
ATTGAATGAACATATT GGGTCTCCTTCCACCTCAACAA
AGCAACGAACTCCATT. GCAAGGACATCGAAGTCGATCA
GCCAATTTTTGACCTT! GAATCAATCGTGCACGTTCGGA

R e e
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Example: Splice Site Recognition

Potential Splice Sites

CT... GTCF;TA. . . GAAGCTAGGAGCGC. . .ACG}ZGT ...GA

~ 150 nucleotides window around dimer

R e e
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Gunnar Ratsch (FML, Tubingen)

!

GCCAATATTTTTCTATTC!
ATTGAATGAACATATTCC
AGCAACGAACTCCATTAC!
GCCAATTTTTGACCTTGC!
CATCTGAAATTTCCCCCA!?
GAAATTTCCCCCAAGTAT!
CCCAAGTATAGCGGAAAT!?
AATCGCTCTCTCCCTGGG!
ACCAAAAAATCAATTTTT
TGCTTTGCATGTTTCTAA?
GCATGTTTCTAAAGTTAC!

AGGTGCAATCAATCACCCATCAT
AGGGTCTCCTTCCACCTCAACAA
AGCAAGGACATCGAAGTCGATCA
AGAATCAATCGTGCACGTTCGGA
AGTATAGCGGAAATAGACCGACG
AGCGGAAATAGACCGACGAAATC
AGACCGACGAAATCGCTCTCTCC
AGCGATGCGAATGTCAAATTCGA
AGATTTTTCGAATTAATTTTTCG
AGTTACAGCCGTTCAAAATTTAA
AGCCGTTCAAAATTTAAAAACTC

ACCAATACGCAATGACTG.

Transfer Learning in

AGTCTGTAATTTCACATAGTAAT

Computational Biology
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Domain Adaptation for Genome Annotation

Motivation:
o Increasing number of sequenced genomes
o Often newly sequenced genomes are poorly annotated
o However often relatives with good annotation exist

o ldea: Transfer knowledge between organisms

Gunnar Ratsch (FML, Tibingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011

5/33


http://www.fml.mpg.de

Domain Adaptation for Genome Annotation

Motivation:

o Increasing number of sequenced genomes

o Often newly sequenced genomes are poorly annotated
o However often relatives with good annotation exist
Qo

Idea: Transfer knowledge between organisms

Example: Splice site annotation in worm genomes
o Newly sequenced organism: C. briggsae
o ~ 100 confirmed genes (590 splice site pairs)
o Well annotated relative: C. elegans
o = 10.000 confirmed genens (36.782 splice site pairs)
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The Bioinformatics Way of Transfer Learning

@ Use trained model of related organism, e.g. train on C. elegans
and predict on other nematodes

(Schweikert et al., 2009)

Genome Genome | No. of | No. exons/gene | mGene | best other
size [Mbp] | genes (mean) accuracy | accuracy
C. remanei || 23594 | 31503 5.7 96.6% | 93.8%
C. japonica 266.90 20121 53 93.3% 88.7%
C. brenneri | 453.09 | 41129 5.4 93.1% 87.8%
C. briggsae 108.48 | 22542 6.0 87.0% 82.0%

Gunnar Ratsch (FML, Tibingen)

Transfer Learning in Computational Biology

Bellevue, July 2, 2011
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The Bioinformatics Way of Transfer Learning

fml

@ Use trained model of related organism, e.g. train on C. elegans

and predict on other nematodes

(Schweikert et al., 2009)

Genome Genome | No. of | No. exons/gene | mGene || best other
size [Mbp] | genes (mean) accuracy || accuracy
C. remanei 235.94 | 31503 5.7 96.6% 93.8%
C. japonica 266.90 | 20121 5.3 93.3% 88.7%
C. brenneri 453.09 | 41129 5.4 93.1% 87.8%
C. briggsae 108.48 | 22542 6.0 87.0% 82.0%

@ Homology-based annotation

(a-k.a. “Comparative genomics")

Source __]

Target ]

Works for closely related species, does not require any labeled
data from target organism.

Gunnar Ratsch (FML, Tibingen)
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The Bioinformatics Way of Transfer Learning

fml
@ Use trained model of related organism, e.g. train on C. elegans
and predict on other nematodes (Schweikert et al., 2009)
Genome Genome | No. of | No. exons/gene | mGene || best other
size [Mbp] | genes (mean) accuracy || accuracy
C. remanei 235.94 | 31503 5.7 96.6% 93.8%
C. japonica 266.90 | 20121 53 93.3% 88.7%
C. brenneri 453.09 | 41129 5.4 93.1% 87.8%
C. briggsae | 108.48 | 22542 6.0 87.0% | 82.0%
@ Homology-based annotation (a.k.a. "Comparative genomics”)

Source T

LT T O s ——— — i

Works for closely related species, does not require any labeled
data from target organism.
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Domain Adaptation by Learning vs. Homology

Well Annotated Genome

Genome
Alignments

Intron Exon Intron
ATW_ 3

——— © 977

Poorly Annotated
Genome

(Schweikert et al., 2008; Widmer et al., 2010)
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Domain Adaptation by Learning vs. Homology
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Domain Adaptation
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Domain Adaptation by Learning vs. Homology

Well Annotated Genome

=fml

Domain Adaptation

Intron Exon Intron

&2

Splice Site Model

Genome
Alignments

Different Algorithms for
Domain Adaptation

Intron Exon Intron

il — i —

Poorly Annotated
Genome

(Schweikert et al., 2008; Widmer et al., 2010)
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Domain Adaptation Algorithms Overview

TargetOnly SourceOnly Combined

e G

Splice Site Model

DualTask Convex CombinedConvex KMM/Shift

e L) (=) (=)
:

TargetData  Source* Daia

Spiice Site Model

Splice Site Model

(Schweikert et al., 2008)
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Large-Scale Empirical Comparison

C. elegans
source
domain
target
domain C.remanei P pacificus D. melanogaster A. thaliana

100 M years 200 M years 990 M years 1600 M years

o Varying distances
o Different data set sizes

[MPI Developmental Biology and UCSC Genome Browser]
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Experimental Setup

o Source dataset size: always 100k examples
o Target dataset sizes: {2500, 6500, 16000, 64000, 100000}

o Simple kernel (WDK of degree 1 = under-fitting)

o Extensive model selection for each method

o Area under Precision/Recall curve for evaluation
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Domain Adaptation Results Summary

o Considerable improvements possible

o Sophisticated domain adaptation methods needed on distantly
related organisms

o Best overall performance has DualTask
o Most cost effective Convex/AdvancedConvex

Distance ~10|0Mya ~20?Mya ~990Mya ~1600IMya

C.remanei P.pacificus D.melar ter A.thali
SVM_+SVM + ‘ . .. e .\ .
SVMg,r ‘ ‘ '[+ . - o .[-%—
SVMg .7 ‘ . ‘+‘ || e . ‘
SVMg, ¢ o (Il ‘ . ‘+‘ ‘+ o
SVM, BN I .. ... ..-.
SV, EEEE EEN EE B

k¥ X

n o

© <

fml

(Schweikert et al., 2008)

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011 11 /33


http://www.fml.mpg.de

Domain Adaptation Methods

DualTask

Idea: (e.g., Caruana, 1997)
o Simultaneous optimization of both models

o Similarity between solution enforced

Approach: i
min  flws|? + S lwr|P-Bwiws + €36
ws,wr,& i=1

st yi((ws,®(x;)) +b)>1-&  i=1....m
yi({wr, ®(x;)) + b) > 1—¢; i=m+1....m+n
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Domain Adaptation Methods

DualTask

Idea: (e.g., Caruana, 1997)
\_f

o Simultaneous optimization of both models

Target Model

o Similarity between solution enforced

Cmp ent

Approach: i
min  flws|? + S lwr|P-Bwiws + €36
ws,wr,& i=1

st yi((ws,®(x;)) +b)>1-&  i=1....m
yi({wr, ®(x;)) + b) > 1—¢; i=m+1....m+n

Equivalent to multi-task kernel learning: (Daume 111, 2007)
KI\/ITK((xa t)a (X/, t,)) - /yt,t’K(xa X,)
for a suitably chosen I (p.s.d.).
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Multiple Source Domains

C. elegans  C. remanei P. pacificus  D. melanogaster A. thaliana

source
domains m

\F =

target
domain

pd [t

C.remanei P pacificus D. melanogaster  A. thaliana

o Combine information from several sources (treated equally)
o Methods: Multi-task learning, Convex combination, Shifting

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011
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Results - Multiple Source Domains

ml|

o Single source model best for very closely related task
o Multiple source model better for distantly related tasks
o Multi-task algorithm strongest

Distance ~10I0Mya ~20(?Mya ~99(I)Mya ~1600IMya
| C.remanei P. Pﬂc;ﬁcus D. melan'ogaster \ A.thaliana |
- MM, - + [+ 1+ [+ + -
‘M’SVMs»T - l"[
- ww |~
SV HEEEEEEEEEEEEEEE REEEE
Ntarget EVEVIRV v
EEEE

(Schweikert et al., 2008)
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Results - Multiple Source Domains

o Single source model best for very closely related task
o Multiple source model better for distantly related tasks
o Multi-task algorithm strongest

Distance ~10I0Mya ~20(?Mya ~99(I)Mya ~1600IMya
| C.remanei P. paczﬁcus D.melanogaster ‘ A.thaliana
=== [M-SVMg . D[ + o+ + -
:M—SVMS-i—SVMT e f .. S
MSM L | T 11
s | [SVM T -

HEEEER IIIII EEEEE EEEEE

target [ . VA A v 4
inin © oo
N6 =TS

(Schweikert et al., 2008)

Multiple sources can be worse than single source.
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Results - Multiple Source Domains

ml|

o Single source model best for very closely related task
o Multiple source model better for distantly related tasks
o Multi-task algorithm strongest

Distance ~10I0Mya _ ~20(?Mya ~99(I)Mya ~1600IMya
C.remanei P.pacificus D.melanogaster ‘ A.thaliana
— :IM-SVMS’T . -~
MsvMgrsvM T
MsVM
N
target ¥ M M ¥ M
nin © © o
N6 Y2

(Schweikert et al., 2008)

Multiple sources can be worse than single source.
How to use information on relatedness in learning?
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Multitask learning

Hierarchical structure arises naturally from the Tree of Life

)

o Taxonomy defines relationship between tasks
o Closer tasks benefit more from each other

(Widmer et al., 2010)
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Two ways of leveraging a given taxonomy 7~

Taxonomy Task Similarity Matrix
4 & y

Transformati 11,
% @ ? ransformation 1_| _ .
§5e -yM,1- o VM,M

R

Top-Down Multitask Kernel
KMTL((X7 t)7 (X,7 t,)) = fyt,t’K(Xu X,)

(Widmer et al., 2010)
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From Taxonomy to I'

1600 million years

A
990 million years
|
3
400 million years
100 million years
now
plant

worm 3

worm 2

Idea: ~;; should be inversely related to time to last common ancestor
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From Taxonomy to I'

1600 million years

A
990 million years
|
3
400 million years
100 million years
now
plant

worm 3

worm 2

Idea: ~;; should be inversely related to time to last common ancestor

Strategies: 1/years, Hop-distance, ..
Bellevue, July 2, 2011 17 / 33
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Hierarchical Top-Down Approach

Idea: Exploit taxonomy G in a top-down fashion = fml
o Use taxonomy 7 in a top-down procedure

o Initialization: wy trained on union of all task datasets
o Top-Down for each node t:

o Trainon D; = UH" D;

o Regularize w; against parent predictor Wparent:

) 1
min §||W, - Wparent”2 + C Z £(<¢(X)7W’> + b’y)’

Wik (x.y)eD
X, i .
g Regtrick

&

Source Model

o Use leaf predictors for classification

Splice Site Model

Gunnar Ratsch (FML, Tibingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011 18 / 33
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Hierarchical Top-Down Approach: lllustration

(a) Given taxonomy (b) Top-level training

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011 19 /33
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Method Comparison

o Multitask Kernel Learning

o Extension of existing kernel methods
o Same run-time as regular SVM on union of all dataset
o Requires appropriate similarity matrix

o Top-down Multitask Learning

o Naturally exploits hierarchy

o Does not need task similarity matrix
o Heuristic

o Needs training on unions of dataset

Gunnar Ratsch (FML, Tibingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011
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Method Comparison

o Multitask Kernel Learning

o Extension of existing kernel methods
o Same run-time as regular SVM on union of all dataset
o Requires appropriate similarity matrix

o Top-down Multitask Learning

o Naturally exploits hierarchy

o Does not need task similarity matrix
o Heuristic

o Needs training on unions of dataset

o Pairwise Multitask Learning

o Optimization problem with well-defined global optimum
o Practical issues due to decomposition
o Requires appropriate similarity matrix

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011
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Application to Splicing Data

o Formulation as binary classification problem

~ 150 nucleotides window around dimer

CT.. .GTCFTA. . .GAAGCTAGGAGCGC. . .ACGFGT ...GA

o Utilize 15 organisms related by taxonomy

17: D.melanogaster
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Application to Splicing Data

o Formulation as binary classification problem

~ 150 nucleotides window around dimer

CT.. .GTCFTA. . .GAAGCTAGGAGCGC. . .ACGFGT ...GA

o Utilize 15 organisms related by taxonomy

17: D.melanogaster

o Restricted to at most 10.000 examples per organism
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Results: Splicing Data

A.nidulans  Ptrichocarpa  A.thaliana D.rerio O.latipes G.aculeatus  H.sapiens M.musculus  C.elegans D.melanogaster

Observations:
o Union > Plain — conservation
Often: Union > Nearest

LA

plain

nearest

union

pairwise
multikernel ===
top-down — ===

°
o MTL methods outperform baselines
o Best performer: Top-Down (& MT-Kernel)

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011
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Discussion

o Hierarchy helps transferring information into right places
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Discussion

o Hierarchy helps transferring information into right places

o Top-down approach transfers information most accurately
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Discussion

o Hierarchy helps transferring information into right places
o Top-down approach transfers information most accurately

o Performance depends strongly on task similarity matrix

o Choice very difficult, not easily done with cross-validation
o Can we learn, e.g.
vij = f("years of evolution between i and j")?
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Discussion

©

Hierarchy helps transferring information into right places
o Top-down approach transfers information most accurately

o Performance depends strongly on task similarity matrix

o Choice very difficult, not easily done with cross-validation
o Can we learn, e.g.
vij = f("years of evolution between i and j")?

©

Idea for top-down approach: local cross-validation
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Multiple Kernel Learning with Meta-tasks

®» ® @ @

Figure: Generalization to meta-tasks.

o We use concept of meta-tasks to describe task-relationships
o Meta-task S captures shared property between sub-set of tasks
o The collection of meta-tasks Z captures task structure
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http://www.fml.mpg.de

Multiple Kernel Learning with Meta-tasks

o

1

Figure: Generalization to meta-tasks.

o We use concept of meta-tasks to describe task-relationships
o Meta-task S captures shared property between sub-set of tasks
o The collection of meta-tasks Z captures task structure

Gunnar Ratsch (FML, Tubingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011 24 /33


http://www.fml.mpg.de

Multiple Kernel Learning with Meta-tasks
S,

T
S

1

Figure: Generalization to meta-tasks.

o We use concept of meta-tasks to describe task-relationships
o Meta-task S captures shared property between sub-set of tasks
o The collection of meta-tasks Z captures task structure
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Multiple Kernel Learning with Meta-tasks
S, S,

D@ ® @

s,

Figure: Generalization to meta-tasks.

o We use concept of meta-tasks to describe task-relationships
o Meta-task S captures shared property between sub-set of tasks

o The collection of meta-tasks Z captures task structure
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Decomposition of kernel matrix

Kg(x,y), if task(x) € S Atask(y) € S
Ks(x,y):{ B(O y) e (x) ()

Thus, Ks defines kernel w.r.t. meta-task S

@ @ ® @©

s,

Example for collection of meta-tasks:

S1
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Decomposition of kernel matrix

Kg(x,y), if task(x) € S Atask(y) € S
Ks(x,y):{ B(O y) e (x) ()

Thus, Ks defines kernel w.r.t. meta-task S
S,

Coin

s,

Example for collection of meta-tasks:

K

S2
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Decomposition of kernel matrix

Ks(x.y) — { KB(g,y), if task(x) € S Atask(y) € S

Thus, Ks defines kernel w.r.t. meta-task S

else

K K

S2 S3
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Optimization strategy: g-norm MKL

We use the MKL formulation: (Kloft et al., 2009)

\Zl

. 1
mﬂm mo?X 17T — 5 Za,-ozjy,-yj Zﬁtht(XhXj)

i t=1
st. |IBllg=1,8=0
Y a =00<a<(C

o We learn the weights Zlﬂl B Ks,
o q lets us choose the appropriate norm (sparse/non-sparse)
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Optimization strategy: g-norm MKL

We use the MKL formulation: (Kloft et al., 2009)

\Zl

. 1
mﬂm mo?X 17T — 5 Za,-ozjy,-yj ZﬁrKst(XhXj)

i t=1
st. |IBllg=1,8=0
Y a =00<a<(C

o We learn the weights Zlﬂl B Ks,
o q lets us choose the appropriate norm (sparse/non-sparse)

= How to define collection Z of meta-tasks?

Gunnar Ratsch (FML, Tibingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011
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Power-set based approach

If no prior information available:

Tp = {S|S € P(T)AS # @)

©

Consider Powerset P(T)

Most meta-tasks in power-set will be meaningless
— learn sparse weights: g =1

©

©

Approach can be used to identify task structure ab initio

2M meta-tasks — computationally expensive

©
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Hierarchical decomposition

\ Q
< r X

Figure: Example of taxonomy-based decomposition.

Zg = {leaves(node)|node € G}

o Meta-tasks are defined by taxonomy G
o Taxonomy G gives us reasonable groups

o ldea is to refine structure
o Non-sparse combination (g > 1) for groupings
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Experiments (a): Splice-site recognition

Plain

Hierarchical MT-MKL 1-Norm
Union

Vanilla MTL

Hierarchical MT-MKL 3-Norm
Hierarchical MT-MKL 2-Norm

?
I

—— L o
PN \n—-\n——@

Athaliana  Btaurus  Csavignyi D.melanogaster D.rerio Lnigroviridis

o Taxonomy is used to define collection of meta-tasks 7
o Baselines: Plain, Union, Vanilla MTL
o Best performance for norm g = 2,3
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Method Plain Union Vanilla MTL Powerset MT-MKL
auPRC 67.1% 57.6% 67.9% 69.9%

o No task structure (used): Powerset MT-MKL
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Method Plain Union Vanilla MTL Powerset MT-MKL
auPRC 67.1% 57.6% 67.9% 69.9%

o No task structure (used): Powerset MT-MKL
o Question: Can we identify meaningful structure?
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Experiments (b): MHC-I binding prediction

Learned weights can also be used for interpretation purposes:

A-6901 09  A-6901

A-0202 0.8 A-0202
0.7

A-0203 A-0203
0.6

A-0201 05  A-0201
0.4

A-2301 A-2301
03

A-2402 02  A-2402

A-2403 01 A2403
0

12 ] A ) N 2 ¥ N W
" o S S o ST

I
w?

(a) Sequence similarity between alleles (b) Task similarity computed from weights

o Similarity computed from meta-task weights
o Comparison to similarity between peptide sequences

o Successfully identifies biological meaningful structure
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Extension to Structured Output Learning

Stratgies only work on regularizer _ona e

joterzenic .

Also works for structured output learning = "™ oo o oor _ior_ouen

o Hidden Markov SVMs " ™ g N .

o Gene prediction (prokaryotes)

M independent
I union
W MTL

F-Score
o
©
8

/5
iy
L
N
i
\;
(Widmer et al., 2011)
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Summary

Domain adaptation:
o Considerable improvements possible
o Sophisticated methods slight edge for distantly related tasks
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Multitask learning:
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o Sophisticated methods slight edge for distantly related tasks

Multitask learning:

o Novel methods provide scalable way of integrating information
(Implementations available for SVMLight and LibSVM)

o Design of task similarity matrix difficult & critical
Recently extensions:
o Estimation of “optimal” task similarity matrix

o Extension to structured output learning
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Summary

Domain adaptation:
o Considerable improvements possible
o Sophisticated methods slight edge for distantly related tasks
Multitask learning:

o Novel methods provide scalable way of integrating information
(Implementations available for SVMLight and LibSVM)
o Design of task similarity matrix difficult & critical
Recently extensions:
o Estimation of “optimal” task similarity matrix

o Extension to structured output learning

Material available at:

www.fml .mpg.de/raetsch/suppl/transfer-learning
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Domain Adaptation for LSL

Problem:
o Very little data
o Relatively small amount of
sequences available
o Only =50 well analysed
genes
Solution:
o Exploit that P. pacificus is
closely related to C. elegans
o Can use C. elegans signal and
content sensors
o But how can adapt the C.
elegans parameters for gene
structure prediction?
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Domain Adaptation for LSL

prediction performance on P.Pacificus

10
mGene: nucleotides
»
S 0.8 mGene: exons ke
5 -
8 SNAP: nucleotides
5 0.6f
Z
=
::: 0.4 SNAP: exons
L
c mGene: transcript_, =-=.~. -, -
© - L e T TR PP, *
0] P
Eo2 -
P P
SNAP: transcript
8.1 10 1000 100000

regularization against C.elegans solution
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Domain Adaptation for LSL

prediction performance on P.Pacificus

10
mGene: nucleotides
k)
E 0.8 mGene: exons ke e
N T
5 -
8 SNAP: nucleotides
5 0.6f
Z
=
::: 0.4 SNAP: exons
2
c mGene: transeript_, === o, . _
© P e = o g
3 ot
Eo2r _--
N N D U R U g R g g g U iy Py
SNAP: transcript
8.1 10 1000 100000
regularization against C.elegans solution
Details:

o Preliminary results!

o Signal predictions from C. elegans

o Training using 212 SNAP/EST gene models

o Parameter regularization against C. elegans solution

o Testing on 48 regions around known cDNAs (+1000nt)

o SNAP predictions provided by Christoph Dieterich (Sommer lab)

fml

prediction performance on P.Pacificus

0.8
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0.4]

0.2]

SN SP SN SP SN SP
nucleotides exon transcript
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Domain Adaptation Methods
TargetOnly SourceOnly

Target Data Target Data
Splice Site Model

= fml

Splice Site Model

Approach: 1 n
. T

vTilygiw w + C;{;

s.t. y,-(wa,- +b)+&—12>0 i
5,20 i:1,...,n

I
=
3

Resulting Model: f(x) =w’x+ b
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Domain Adaptation Methods
Combined

Target Data  Source Data

Splice Site Model

Idea: (e.g., Blitzer et al., 2008)
@ Train on union of source and target
o Set trade-off via loss-term

Approach:
. 1 ; n m
min ~w'w + C i+ C nti
min 5 sgﬁ T;er
st yi(w'x;+b)+&—-1>0 i=1,....,n+m
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Domain Adaptation Methods
Regtrick

Source Model

Target Model
Splice Site Model

Idea: (e.g., Chelba and Acero, 2006)
o Previous solution contains prior information

o Modified regularization term
Approach:

1 a
min —w rw C i—BwIw
wré 2 T T+ ;f TWS

st.oy(wixi+b)+&—-1>0 i=1,...,n
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Example
Source: Verticillioides (50k), Target: Drosophila (20k)

fml

T T T T T T

eeee regtrick
0.6f oooo T->T 4
ssee S—>T

eooo (S+T)->T

L L
1072 1072 107" 10° 10* 10%

Gunnar Ratsch (FML, Tibingen) Transfer Learning in Computational Biology Bellevue, July 2, 2011 40


http://www.fml.mpg.de

Domain Adaptation Methods

DuaITask

Sl Ste iodel
Idea: (e.g., Caruana, 1997)
o Simultaneous optimization of both models
o Similarity between solution enforced

Approach: e
min 2 ws| 4 S lwrl?-Bwlws + €Y 6
WvaT)E i=1

s.t. _)/,'(<W5,¢(X,')> +b) Z 1 —f,' I = 1,...,m
yi(<WT,¢(X;)>+b)Zl—§; i:m+1,...,m—|—n
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Domain Adaptation Methods

Co nvex
Target Model Source Model

Splice Site Model

Idea: (e.g., Widmer, 2008; Schweikert et al., 2008)
o Combine trained models
o Efficient hyper-parameter optimization

Approach:
F(x) = afs(x) + (1 — a)fr(x)
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Domain Adaptation Methods

AdvancedConvex

Target Data Target Data  Source Data

Target Model [ General Model ]

Splice Site Model

Idea: (e.g., Widmer, 2008; Schweikert et al., 2008)

o Takes interactions between source and target examples into
account

o Captures 'General’ and 'Target-specific’ component

Approach:
F(x) = afc(x) + (1 — a)fr(x)
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Domain Adaption Methods

Kernel Mean Matching

Source Target
TargetData  Source* Data
Idea: (Huang et al., 2007)

o Match mean of source and target by re-weighting examples

o Higher-order moments defined by mean when using a universal
kernel
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Domain Adaption Methods

Shift (KMM)
Source Target
Translation
]
Mean Mean
Idea: (e.g., Widmer, 2008; Schweikert et al., 2008)

o Based on same assumption

o Mean matching via translation rather than re-weighting
(for each class separately)
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