Structured Output Learning

Overview

@ Introduction to Bioinformatics
@ Basic Biology and Central Dogma
@ Typical Data Types
@ Common Analysis Tasks
© Sequence Analysis (with SVMs)
@ String Kernels
@ Large Scale Data Structures
@ Heterogeneous Data
© Structured Output Learning
@ Hidden Markov Models & Dynamic Programming
@ Discriminative Approaches (CRFs & HMSVMs)
@ Large Scale Approaches
@ Some Applications
@ Spliced Alignments (PALMA)
@ Gene Finding (mGene)
@ Analysis of Resequencing Arrays (SNPs and Polymorphic regions)
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Structured Output Learning

Part Ill: Structured Output Learning

Part IlI: Structured Output Learning

o Hidden Markov Models
@ Dynamic Programming

@ Discriminative Approaches
(CRFs & HMSVMs)

@ Large Scale Methods
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Generalizing kernels

|:> Joint Feature Maps
(@(x,y), P ,y))

Multiple Kernels

Buk (') + Boka (x,x') + ... + Bk (x,%)

o Finding the optimal combination of kernels
o Learning structured output spaces
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Structured Output Spaces

Learning Task
For a set of labeled data, we predict the label.
Difference from multiclass
The set of possible labels ) may be very large or hierarchical.

Joint kernel on X’ and )
We define a joint feature map on X x ), denoted by
®(x, y). Then the corresponding kernel function is

k(% ), (X, ) = (®(x,¥), ®(X, y)).

For multiclass
For normal multiclass classification, the joint feature map
decomposes and the kernel on ) is the identity, that is

k((x,¥), (<, y") = [ly = y'IIk(x, X).
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Context Free Grammar Parsing

DT NN VBD NP
The screen was =) N vED NP
The screen was NP PP
a sea of red P
DT NN IN NP
!1 Stlfa. olf NlN
're‘?d

Recursive structure

From Klein & Taskar, ACL'05 Tutorial
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Bilingual Word Alignment

X vertu
Ies
What
. . nouvelles
What is the ar!t|<:|pated is propositions
cost of collecting fees the
under the new proposal? anticipated quel
cost
— of et
En vertu des nouvelles °°"e°;‘;:g cout
propositions, quel est le under Pre"u
cout prt_avu de perception the p erception
des droits? new
proposal Ies
\drmts

Combinatorial structure

From Klein & Taskar, ACL'05 Tutorial
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Handwritten Letter Sequences

Sequential structure

From Klein & Taskar, ACL'05 Tutorial
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Label Sequence Learning

Given: Observation sequence

Problem: Predict corresponding state sequence

Often: Several subsequent positions have the same state
= State sequence defines a “segmentation”

Example 1: Protein Secondary Structure Prediction

Residue Sequence: NWVLSTAADMQGVVTDGMASFLDKD

Secondary Structure:  LLEEEELLLLHHHHEHHEHELHHHL
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Label Sequence Learning

Given: observation sequence
Problem: predict corresponding state sequence

Often: several subsequent positions have the same state
= state sequence defines a “segmentation”
@ Example 2: Gene Finding

DNA genic Intergenic
pre - mRNA Exon Intron Exon Intron Exon

major RNA 5 ytR N /" \ 3'UTR

protein
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Generative Models

e Hidden Markov Models [Rabiner, 1989]

o State sequence treated as Markov chain
e No direct dependencies between observations
o Example: First-order HMM (simplified)

p(x,y) = H p(xily:)p(yilyi-1)

}/1 Y2 e Yn

X X, X,

o Efficient dynamic programming (DP) algorithms
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Decoding via Dynamic Programming

log p(x,y) = Z('Og p(xily) + log p(yilyi-1))
= Zg()’i—1,Yi,Xi)

with g(yi—1,yi, i) = log p(xily;) + log p(yilyi-1)-
Problem: Given sequence x, find sequence y such that log p(x,y) is
maximized, i.e. y* = argmaxycyn log p(x,y)
Solution: Dynamic programming approach:
max(V(i —1,y") +g(y',y,x)) i>1
V(i,y) = { yey ’

0 otherwise
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Generative Models

@ Generalized Hidden Markov Models
= Hidden Semi-Markov Models
o Only one state variable per segment
e Allow non-independence of positions within segment
o Example: First-order Hidden Semi-Markov Model

=[] p((i-1y41: - - -+ Xici)) 1y )P(yilyj—1)

Xj

28]

X1, X2, X3 Xy, X5 -+ X1, X

(use with care)
o Use generalization of DP algorithms of HMMs
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Structured Output Learning Hidden Markov Models & Dynamic Programmin

Decoding via Dynamic Programming

log p(x,y) = []p((Xij): -- - Xig+1)-1)1y)P(yjlyj-1)
j

= Z g(yi-1, i, (Xi(j71)+1a R Xi(j)))
J

Xj
with g(yj-1,yj,%;) = log p(x;ly;) + log p(y;lyj-1)-
Problem: Given sequence x, find sequence y such that log p(x,y) is
maximized, i.e. y* = argmax,cy- log p(x,y)

Solution: Dynamic programming approach:
V(i,y):=
V(ii—d,y Y X - > 1
{ y’ey,crfn:al),(...,i—l( (I }/)“‘g(y Y, X d+1,...,l)) /

0 otherwise
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Discriminative Models

o Conditional Random Fields [Lafferty et al., 2001]
o Conditional prob. p(y|x) instead of joint prob. p(x,y)

exp({w, ®(x, y)))

plylw) = 55

Y, Ys Y,

X =X1,Xs,..., X,
o Can handle non-independent input features

@ Semi-Markov Conditional Random Fields

o Introduce segment feature functions
e Dynamic programming algorithms exist
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Max-Margin Structured Output Learning

Learn function f(y|x) scoring segmentations y for x

Maximize f(y|x) w.r.t. y for prediction:

argmax f(y|x)
yey*
Given N sequence pairs (x1,¥1),- .., (Xn,yn) for training
Determine f such that there is a large margin between true and
wrong segmentations

N
mfin C;ﬁn + P[f]

w.rt. f(yalxn) — fylxn) > 1—-¢&,
forally, 2ye Y  n=1,....N

@ Exponentially many constraints!
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Joint Feature Map

Recall the kernel trick
For each kernel, there exists a corresponding feature mapping
®(x) on the inputs such that k(x,x") = (®(x), d(x')).

Joint kernel on X and Y
We define a joint feature map on X x ), denoted by
®(x,y). Then the corresponding kernel function is

k((%,5), (X)) = (®(x,y), ®(X, y')).

For multiclass
For normal multiclass classification, the joint feature map
decomposes and the kernels on Y is the identity, that is

k((x,y), (X, y") := [ly = y'IIk(x,X).
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

SO Learning with kernels

o Assume f(y|x) = (w, ®(x,y)), where w, ®(x,y) € F

o Use / regularizer: P[f] = ||w/|?
N
min C + [|w|?
LIS SCRN Y

w.r.t. (w, ®(x,yn) — P(x,y)) > 1 &,
forally, 2ye Y n=1,...,N

@ Linear classifier that separates true from wrong labelling
@ Dual: Define @,y := ®(xp,yn) — ®(Xn,y)

max E an,y—g E Ayt y (Pny, P yr)
(0%
n7y

n7y n 7y

w.r.t. Qpy > 0,2204,,7y < Cforall nandy
y
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Structured Output Learning Discriminative Approaches (CRFs & HMSVMs)

Special Case: Only Two “Structures”

@ Assume f(y|x) = (w, ®(x,y)), where w, d(x,y) € F

N
min CY &nt|Iwl?
weF, EeRN 1

w.r.t. (W, d(x,y,) — P(x,1 —yn)) >1—¢&,
foralln=1,....N

o Dual: Define &, := ®&(xp, yn) — ®(xn, 1 — y5)

max Z Qap — Z Z Ay (Pp, )

n n

w.r.t. ap>0,a, < Cforalln

e Equivalent to standard 2-class SVM
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Optimization

e Optimization problem too big (dual as well)

N
- 2
e (o
w.r.t. <W7 (D(x? yl‘l) - ¢(X7 y)) > 1- gn

forally, #ye Y n=1,...,N

@ One constraint per example and wrong labeling
o lterative solution

o Begin with small set of wrong labellings
e Solve reduced optimization problem

o Find labellings that violate constraints
o Add constraints, resolve

@ Guaranteed Convergence
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

How to find violated constraints?

o Constraint
<W7 CD(X, yn) - ¢(X, y)> 2 1-— fn

Find labeling y that maximizes

(w, &(x,y))

@ Use Dynamic Programming Decoding

y= argrnax(w, CD(X’ y)>
yeY*

(DP only works if ® has certain decomposition structure)

If y =y,, then compute second best labeling as well

If constraint is violated, then add to optimization problem
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Algorithm

Q@ V=0 forn=1,....,N
@ Solve
N
(W, &") =argmin -~ CY &+ [w|?
weF € n—1
w.r.t. (w, d(x,y,) — P(x,y)) >1-¢&,
forally,#yeYin=1....N

© Find violated constraints (n=1,..., N)

y, = argmax(w’, ®(x,y))
YnFYyEV*
If (w®, &(x,yn) — @(x,y5)) < 1—&F set Vit =YiU{y;}
@ If violated constraint exists then go to 2

© Otherwise terminate = Optimal solution
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Structured Output Learning Discriminative Approaches (CRFs & HMSVMs)

Loss functions

@ So far 0-1-loss with slacks: If y #y, then prediction is wrong, but it
does not matter how wrong
@ Introduce loss function on labellings /(y,y’), e.g.

o How many segments are wrong or missing
e How different are the segments, etc
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Loss functions

@ So far 0-1-loss with slacks: If y #y, then prediction is wrong, but it
does not matter how wrong
@ Introduce loss function on labellings /(y,y’), e.g.
e How many segments are wrong or missing
o How different are the segments, etc

e Extend optimization problem (Margin rescaling):

N
min C + [|wl?
LD SUR T

w.r.t. <W7 q)(X, yn) - ¢(X,y)> > g(Y? y,) - fn
forally, 2yeY* n=1,....N

e Finding violated constraints (n=1,..., N)

y, = argmax(w’, ®(x,y)) + £(y,y,)
ynAyeEY*
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Loss functions

@ So far 0-1-loss with slacks: If y # y, then prediction is wrong, but it
does not matter how wrong

@ Introduce loss function on labellings /(y,y’), e.g.

o How many segments are wrong or missing
e How different are the segments, etc

e Extend optimization problem (Slack rescaling):

N
min C + [lwl|?
D SR

wrt. (W, (x,yn) — O(x,y)) = 1—&/l(y.Y')
forally, 2yeY* n=1,....N

e Finding violated constraints more difficult
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Structured Output Learning = Discriminative Approaches (CRFs & HMSVMs)

Problems

@ Optimization may require many iterations

@ Number of variables increases linearly

@ When using kernels, solving optimization problems can become
infeasible

e Evaluation of (w, ®(x,y)) in Dynamic programming can be very
expensive

e Optimization and decoding become too expensive
@ Approximation algorithms useful
@ Decompose problem

o First part uses kernels, can be precomputed
e Second part without kernels and only combines ingredients
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Structured Output Learning Large Scale Approaches

Summary

@ Structured output learning problems frequently appear in
bioinformatics

Typically HMMs are used

New discriminative approaches exist

o Conditional Random fields
o Hidden Markov SVMs

Seem to outperform HMMs

Still not large scale (enough)
@ Tomorrow: Three applications

e Spliced alignments
o Gene finding
e Analysis of resequencing arrays
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