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1
150 000 of the DNA of C. elegans

fml
>CHROMOSOME I

GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC

CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT

AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAA

GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC

CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT

AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAA

GCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGC

CTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAGCCT

AAGCCTAAGCCTAAGCCTAAGCCTAAGCCTAAAAAATTGAGATAAGAAAA

CATTTTACTTTTTCAAAATTGTTTTCATGCTAAATTCAAAACGTTTTTTT

TTTAGTGAAGCTTCTAGATATTTGGCGGGTACCTCTAATTTTGCCTGCCT

GCCAACCTATATGCTCCTGTGTTTAGGCCTAATACTAAGCCTAAGCCTAA

GCCTAATACTAAGCCTAAGCCTAAGACTAAGCCTAATACTAAGCCTAAGC

CTAAGACTAAGCCTAAGACTAAGCCTAAGACTAAGCCTAATACTAAGCCT

...
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Computational Gene Finding

fmlDNA

pre-mRNA

mRNA

Protein

5' UTR 

exon

intergenic

3' UTR

intron

genic

exon exonintron

polyAcap

Given a piece of DNA sequence

Predict gene products including intermediate processing steps

Predict signals used during processing

Predict the correct corresponding label sequence with labels
“intergenic”, “exon”, “intron”, “5’ UTR”, etc.
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Example: Splice Site Recognition
fml

CT...GTCGTA...GAAGCTAGGAGCGC...ACGCGT...GA

150 nucleotides window around dimer≈

True Splice Sites

GCCAATATTTTTCTATTCAGGTGCAATCAATCACCCATCAT
ATTGAATGAACATATTCCAGGGTCTCCTTCCACCTCAACAA
AGCAACGAACTCCATTACAGCAAGGACATCGAAGTCGATCA
GCCAATTTTTGACCTTGCAGAATCAATCGTGCACGTTCGGA
CATCTGAAATTTCCCCCAAGTATAGCGGAAATAGACCGACG
GAAATTTCCCCCAAGTATAGCGGAAATAGACCGACGAAATC
CCCAAGTATAGCGGAAATAGACCGACGAAATCGCTCTCTCC
AATCGCTCTCTCCCTGGGAGCGATGCGAATGTCAAATTCGA
ACCAAAAAATCAATTTTTAGATTTTTCGAATTAATTTTTCG
TGCTTTGCATGTTTCTAAAGTTACAGCCGTTCAAAATTTAA
GCATGTTTCTAAAGTTACAGCCGTTCAAAATTTAAAAACTC
ACCAATACGCAATGACTGAGTCTGTAATTTCACATAGTAAT

1
1
1
1
-1
-1
-1
-1
-1
-1
-1
-1
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Example: Splice Site Recognition
fml

Idea: Discriminate true signal positions against all other positions

Binary classification problem

True sites: fixed window around a true splice site

Decoy sites: all other consensus sites

Model is learnt from labeled training examples

SVM with Weighted Degree Kernel

Millions of examples for training
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Domain Adaptation for Genome Annotation
fml

Motivation:

Increasing number of sequenced genomes

Often newly sequenced genomes are poorly annotated

However often relatives with good annotation exist

Idea: Transfer knowledge between organisms

Example: Splice site annotation in worm genomes

Newly sequenced organism: C. briggsae

≈ 100 confirmed genes (590 splice site pairs)

Well annotated relative: C. elegans

≈ 10.000 confirmed genens (36.782 splice site pairs)
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The Bioinformatics Way of Transfer Learning
fml

1 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%

2 Homology-based label generation (a.k.a. “Comparative genomics”)

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

Terminology:

Well annotated organisms: Source domain

Poorly annotated organisms: Target domain

Distributional point of view:

Example-label pairs are drawn from P(X , Y )

PS(X , Y ) might differ from PT (X , Y )

Factorization: P(X , Y ) = P(Y |X ) · P(X )

Covariate Shift: PS(X ) 6= PT (X )
Differing Conditionals: PS(Y |X ) 6= PT (Y |X )
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Splice Site Prediction and Domain Adaptation
fml

Sequence subject to opposing forces:

PS(X ) 6= PT (X )

Assume a splice site pattern x occurs more frequently in a group
of genes (e.g. chromosome)
Duplication or deletion events could lead to altered P(X )

Processing machinery unchanged

PS(Y |X ) 6= PT (Y |X )

Think of the conditional as underlying mechanism
Evolution of processing machinery
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Domain Adaptation Algorithms Overview
fml
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Domain Adaptation Methods
fml

Approach:

min
w,b,ξ

1

2
wTw + C

n∑
i=1

ξi

s.t. yi(w
Txi + b) + ξi − 1 ≥ 0 i = 1, . . . , n

ξi ≥ 0 i = 1, . . . , n

Resulting Model: f (x) = wTx + b
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Domain Adaptation Methods
fml

Idea: (e.g., Blitzer et al., 2008)

Train on union of source and target
Set trade-off via loss-term

Approach:

min
w,b,ξ

1

2
wTw + CS

n∑
i=1

ξi + CT

m∑
i=1

ξn+i

s.t. yi(w
Txi + b) + ξi − 1 ≥ 0 i = 1, . . . , n + m
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Domain Adaptation Methods
fml

Idea: (e.g., Chelba and Acero, 2006)

Previous solution contains prior information
Modified regularization term

Approach:

min
wT ,ξ

1

2
wT

TwT + C
n∑

i=1

ξi−BwT
TwS

s.t. yi(w
T
Txi + b) + ξi − 1 ≥ 0 i = 1, . . . , n
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Example
fmlSource: Verticillioides (50k), Target: Drosophila (20k)
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Domain Adaptation Methods
fml

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

Simultaneous optimization of both models
Similarity between solution enforced

Approach:

min
wS ,wT ,ξ

1

2
‖wS‖2 +

1

2
‖wT‖2−BwT

TwS + C
m+n∑
i=1

ξi

s.t. yi(〈wS , Φ(xi)〉+ b) ≥ 1− ξi i = 1, . . . , m

yi(〈wT , Φ(xi)〉+ b) ≥ 1− ξi i = m + 1, . . . , m + n
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Domain Adaptation Methods
fml

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

Combine trained models

Efficient hyper-parameter optimization

Approach:
F (x) = αfS(x) + (1− α)fT (x)
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Domain Adaptation Methods
fml

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

Takes interactions between source and target examples into
account

Captures ’General’ and ’Target-specific’ component

Approach:
F (x) = αfC (x) + (1− α)fT (x)
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Domain Adaption Methods
fml

Idea: (Huang et al., 2007)

Match mean of source and target by re-weighting examples

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

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

Based on same assumption

Mean matching via translation rather than re-weighting
(for each class separately)
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Large-Scale Empirical Comparison
fml

Varying distances

Different data set sizes

[MPI Developmental Biology and UCSC Genome Browser]

Gunnar Rätsch (FML, Tübingen) Transfer Learning Methods in Computational Biology Whistler, Dec 12, 2009 22 / 45

http://www.fml.mpg.de


Experimental Setup
fml

Source dataset size: always 100k examples

Target dataset sizes: {2500, 6500, 16000, 64000, 100000}

Simple kernel (WDK of degree 1 ⇒ under-fitting)

Extensive model selection for each method

Area under Precision/Recall curve for evaluation
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Results - Baseline Methods
fml
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Results - Improvement over Baseline Methods
fml
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Results - Summary
fml

Considerable improvements possible

Sophisticated domain adaptation methods needed on distantly
related organisms

Best overall performance has DualTask

Most cost effective Convex/AdvancedConvex
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Multiple Source Domains
fml

Combine information from several sources (treated equally)

Methods: Multi-task learning, Convex combination, Shifting
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Results - Multiple Source Domains
fml

Single source model best for very closely related task

Multiple source model better for distantly related tasks

Multi-task algorithm strongest

How to use information on relatedness in learning?
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Multitask learning
fmlHierarchical structure arises naturally from the Tree of Life

Taxonomy used to define relationship between tasks

Closer tasks benefit more from each other
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Problem Definition
fml

Multitask Learning / Domain Adaptation

Consider M tasks Ti , where i = 1, . . . , M

We are given data Di = {(x1, y1), . . . , (xNi
, yNi

)} for each task

We want to train M predictors f1, . . . , fM , each taking into
account all available information

For that we would like to utilize a given taxonomy T , that
relates the tasks at hand

Each task Ti corresponds to a leaf in taxonomy T

⇒ We need efficient algorithms to exploit T for transfer learning
(say, 100 tasks with each 100k examples)
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Two ways of leveraging a given taxonomy T
fml

(Widmer et al., 2010a)
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Hierarchical Top-Down Approach
fml

Idea: Exploit taxonomy G algorithmically

Use taxonomy T in a top-down procedure

Initialization: w0 trained on union of all task datasets

Top-Down for each node t:

Train on Di =
⋃

j4i Dj

Regularize wi against parent predictor wparent :

min
wi ,b

1

2
‖wi −wparent‖2 + C

∑
(x,y)∈Di

` (〈Φ(x),wi 〉+ b, y) ,

Use leaf predictors for classification
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Hierarchical Top-Down Approach: Illustration
fml

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

(c) Intermediate training (d) Taxon training

Figure: Illustration of the hierarchical Top-down multitask training
Gunnar Rätsch (FML, Tübingen) Transfer Learning Methods in Computational Biology Whistler, Dec 12, 2009 33 / 45

http://www.fml.mpg.de


Multitask Kernel Approach
fmlUse standard SVM formulation

max
α

−1

2

n∑
i=1

n∑
j=1

αiαjyiyj k̂(xi , xj) +
n∑

i=1

αi

s.t. 0 ≤ αi ≤ C i = 1, . . . , n

αTy = 0,

with customized kernel:

k̂(xi , xj) = γtask(xi ),task(xj )k(xi , xj)

Easily implemented by altering existing kernel functions (WDK)

Reuse existing kernel algorithms (SVM)

How to define Γ = {γi ,j}? (Needs to be p.s.d.)

(e.g., Daumé, 2007; Widmer et al., 2010a)

Gunnar Rätsch (FML, Tübingen) Transfer Learning Methods in Computational Biology Whistler, Dec 12, 2009 34 / 45

http://www.fml.mpg.de


Multitask Kernel Approach
fmlUse standard SVM formulation

max
α

−1

2

n∑
i=1

n∑
j=1

αiαjyiyj k̂(xi , xj) +
n∑

i=1

αi

s.t. 0 ≤ αi ≤ C i = 1, . . . , n

αTy = 0,

with customized kernel:

k̂(xi , xj) = γtask(xi ),task(xj )k(xi , xj)

Easily implemented by altering existing kernel functions (WDK)

Reuse existing kernel algorithms (SVM)

How to define Γ = {γi ,j}? (Needs to be p.s.d.)
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From Taxonomy to Γ
fml

B

1

D

C

2 3 4

100 million years
Tim

e 

now

400 million years

5

A
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Idea: γi ,j should be inversely related to time to last common ancestor

Strategies: 1/years, Hop-distance, . . . Is there a better way?
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Pairwise Approach
fml

Idea: if we have the intuition that the predictors are similar → let’s
penalize their distance.

LP =
1

2

M∑
t=1

M∑
s 6=t

γts‖wt −ws‖2 +
∑

i

ξi

=
M∑

t=1

(
1

2

M∑
s 6=t

γts‖wt −ws‖2 +
∑
i∈It

L(wT
t xi , yi)

)

Advantage: Γ = {γts} describes how the domains are related

Disadvantage: the size of the problem is given by the
composition of tasks

We would like to decompose it into M single-task problems
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Pairwise Approach: Decomposition
fmlSolution: Problem can be decomposed into M sub-problems

min
wt

1
2
λt‖wt − rt‖2 + C

∑
(x,y)∈Dt

` (〈x,wt〉 , y) , ∀t

where
rt =

∑
s 6=t

βtsws , λt = 2
∑
s 6=t

γts , βts = γts/λt .

The iterative algorithm consists of the steps:

1 Fix {rt}, compute {wt} that solves the minimization of LS .

2 Fix {wt}, compute {rt} by rt =
∑

s 6=t βtsŵs .

⇒ We now iteratively solve a number of SVM-like QPs
(Can be shown to converge to the global optimum)

(Widmer et al., 2010b)
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Method Comparison
fml

Top-down Multitask Learning

Naturally exploits hierarchy
Does not need task similarity matrix
Heuristic
Needs training on unions of dataset

Multitask Kernel Learning

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

Pairwise Multitask Learning

Optimization problem with well-defined global optimum
Practical issues due to decomposition
Requires appropriate similarity matrix
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Toy Data Generation
fml

Sample sequences for M tasks

Evolve generative model (PSSM) according to given structure

We want to control

How hard the problems are
How different the problems are
→ use KL-Divergence DKL(P||Q) =

∑
i P(i)log P(i)

Q(i)
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Results: Toy Data
fml

8 tasks 16 tasks 32 tasks 64 tasks
0.62

0.64

0.66

0.68

0.70

0.72

0.74

0.76

a
u
R

O
C

plain
union
pairwise
multikernel
top-down

MTL methods outperform baselines

High mutation rate leads to decreased performance in deep
hierarchies
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Application to Splicing Data
fml

Formulation as binary classification problem

Utilize 15 organisms related by taxonomy

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

Observations:

Union > Plain → conservation

Often: Union > Nearest

MTL methods outperform baselines

Best performer is Top-Down

Potential increase depends on the particular organism
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Discussion
fml

Hierarchy helps transferring information into right places

Top-down approach the information transfer most accurate

Performance depends strongly on task similarity matrix

Choice very difficult, not easily done with cross-validation
Can we learn, e.g.

γi ,j = f (“years of evolution between i and j”)?
Multiple-Kernel Multi-Task approach?

Idea for top-down approach: local cross-validation
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Summary
fmlDomain adaptation:

Considerable improvements possible

Sophisticated methods slight edge for distantly related tasks

Multitask learning:

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

Design of task similarity matrix difficult & critical

Poster presented by Christian Widmer

Outlook:

Extension to Structured Output Learning

Estimation of “optimal” task similarity matrix

Material available at:
www.fml.mpg.de/raetsch/suppl/transfer-learning
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