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Structure Learning

Structure:patterns and elationships ...
= between labels and obseations,
= between labels.
Basic components:
- ObsewationsX = {x4,..., Xt|x; ! RY}
= LabelsY = {y1,...,yr|v; ! Y}

Goatlearn a mpping fom obsewations to labels.



Why Is it difbcult?

If sequences arconsideed as a whole:

= Observations hge indeterminate dimensionality

= Number of joint classibcations of labels is exponential in
If the items ae consideed separatet:

= [nformation about label structus is lost.

How do we learn a mpping while maintaining tractability and
exploiting structue?
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Probabilistic Models

Choices:
- Generatie vsconditional.
= Directed vsundirected model.

- Use latent states?

ot

= Connectivity?
O latent
Generatie models expess the conditional distribution

P(Y|X) in terms of the joint distribution P(X) and equire a
model of the obsevations P(X).

We focus on conditional models.



Conditional Models

These model the conditional distribution p(Y|X) éatly and
male extensie use of éatures:functions of the obserations.

Features can be eerlgpoping and non-independent.
Examples:

= Regular Exmssions[A-Z]

- Cate@ry:Ois a nameO

= Exact matchMorgan

Assumptionraw observations hge been pe-processed i a set
of feature functions.



Models

We implemented
= logistic egression (LR)

= the Maxinum Entopy Markov Model (MEMM) and avsion with
obserwvation independent transitions (the IMEMM),

= the Conditional Random Field (CRF) andeasion with obsevation
Independent edge potentials (the ICRF).

= the Input Output Hidlen Marlov Model (IOHMM)
= the Hidden Random Field (HRF)

= the RBM-CRF template model.

We report results 6r LR,the CREFthe IOHMM,the HREFand
RBM-CRF models.
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CRF &

Conditional random PelfLaferty, McCallumPereira 2002]
It is the undiected \ersion of the maximmm entropy Marlov
model (MEMM).

pYIX) = S U (Y, Vi 1, Xt)

— S /v eXp{! Yi .Yt 1 Xt}
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Most implementations use a secondder quasi-N&ton
optimizer (eg.L-BFGS) to optimize the @ights.
Letinjtj be one Whelyt(i) =

!]V

;D) = log p(Y;|X ;)
=1
IN 1T | N
= 0 (i) y(i) axl(t) ' logZ(Xi)
=1 t=1 t o =1

N
1, 1(1;D) = Z MieMan 16" POYe =],V 1 = KIX;)x



Conditional Models

Chain Structues

f Fully Obsewed )

CRF

-

Latent State h

IOHMM
HRF

4 Template R
Models

RBM-CRF




OO ()
IOHMM (0 [ o
ORO (=)

Input output HMM[BengigFrasconi 1995]

It is an HMM whee the transition and emission distributionsea
conditional on the obserations.

A set of latent random variables H thatrin a chain structus
are used to maintain state mrimation.

| IIT

p(Y|X) = p(helhar 1, %) (el he, X2).
H t=1

p(he = jlho 1 = K, X¢) oc exp{! jk aXi}
p(y: = jlh: = K, X)) ! exp{! jx ax:}



OSSO (=)
IOHMM  ()—(

The EM algrithm is used to train the IOHMM.

In the E stepwe need to calculate the posterior distributions:

phi) = jIY;, X;)
p(ht? =i, he)y =KIYi, Xi)
The M step updates:
1. the transition weights,

2. the emission wights.

Both of these updates ameighted logistic&gression poblems.



OSSO
oRioui
HRF ‘: ‘

Hidden random belfKakadeTeh,Roweis 2002]
It is the undiected equivalent of the IOHMM.

p(Y|X) = Zp(Y,H|X>

= ZH (he, hey 1, %)t (Yes he, Xt)

H t=1

- ZH Xp{)\ht’ht—l éxt +HYt Nt éxt}

H t=1

Like the IOHMM training uses the EM algthm.The M step
Involves optimizing a fyllobserved CRFE

—

—
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Label leatures

CRF models a fully specibed withaspect to label
conbgurations.

Adding higheporder features results in an exponential inease ir
model complexity

dealearn higheworder structures flom the data using label
features.

Label Bature: parameterizeddature on a goup of label
variablesl'he weights can be adjusted to change what the lab

feature looks bor.



RBM-CRF

Restricted Boltzmann machine CRF [Aemel,Careira-Ferpinan 2004
A label €ature Is a binay random variable connected to J labels.

Debne labeldatures through goups:
g = ngaoga{Wg n}lr:g 1, b
¢ -humber of labeldatures in the goup.
v, :Vector of offsets that specibes the connectivity

Instantiate a grup at time t (replication r):

g(t) = ng,og(t),{Wgn}nZs, by
Og(t) = 0g + t



RBM-CRHexample

Group: f




RBM-CRF

An RBM-CREF is just a collection ofogips.

When rolled-out acposs a sequengéhe model has thedrm of a
restricted Boltzmann machine (RBM).

pg(Y,H) ' exp{  [bgn+  Wgnk @klhgn,}

1 r I k

= exp{[byn + | Wg.n k éllk]hg,n,r}
Lroo.n K

pg,n,r (hg,n N Y)

r n



RBM-CRHnNference andraining

Exact inérence is haal because of the logpstructure.

However, we can exploit the bipdite nature of the grah to
Implement a block Gibbs sampler

RBM-CRF models amproducts of expets so we can use
contrastive divergence to train them.



RBM-CRFObserations

There are se/eral wgs to incorporate obserations into RBM-
CRF models.

1. Use a pe-trained classiber (@.logistic egressionCRF).
2. Train a classiber at the same time as the RBM-CRF

3. Incorporate obsevations diectly into the parameterization of the lab
feature.

pg(Y, H[X) ! expf [bg.n + Ognj ax; + wgn k dklhgnr}
r n J k
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Evaluation Metrics

With respect to label let
= A be the rumber of true posities,B be the mmber of false negatg

= C be the umber of false posites,D be the rumber of true negates
F1 scoe:F1 = (2A)/(2A + B + C)

Accuracynumber of items labeled coectly divided ly the total
number of items Iin a sequence

Instance accuracpercentage of sequences labeled exiir
correctly.

We useViterbi decodingdr the CREFIOHMM,and HRF and
maxinum marginalsof logistic regression and the RBM-CRF



Toy Pioblem 1

100 training instances &100 test instaneash of length 50.

Models equire memoly / knowledge of structues to classify
obsewation 5.

RBM-CRF models look at@ups of six label variables.

IOHMM/HRF hge 3 states.
Observation Labels G ‘ G
1 : G 0020

oY)

oA W N
O Q




Toy Pioblem 1

LR/CRF IOHMM HRF RBM(1) RBM(2) RBM(3)
D 00 100 795 99.2 996 97.2
E 66,5 100 80.8 99.2 996 96.7

Avg.F1 /7.8 100 93.4 99.7 99.9 98.8

AvgAcc. 97.5 100 99.0 99.9 99.9 99.8

InstAcc. 26.0 100 52.0 98.0 99.0 92.0
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Toy Pioblem 2

Three labelsA,B,0
Label structuesAAAAAA,BBBBBEBBBAA, BA. Separated O

Each label has a distributioney obsewationsput the interior of
the larger structues is a mixtue distribution.

100 training instance$000 test instances.

RBM(1) has 9 pawise labeldatures;RBM(2) has 9 pawise
features and 3datures that look at goups of 8 label variables.

Five-fold cross-validation used to choos@imber of states in the
IOHMM and the HRF (8).



Toy Pioblem 2

LR CRF IOHMM HRF RBM(1) RBM(2)
A 739 822 717 7128 80.37 83.0
B 659 844 734 739 829 850

AvgFl 830 88.61 815 814 87.6 89.2

AvgAcc. 90.8 93.7 90.0 89.8 03.4 04.2
InstAcc. 21.2 52.3 17.9 18.4 52.7 63.9




Toy Pioblem 3

From [KakadeTeh,Roweis 2002].
Investigates variable term memyr

The CRHOHMM,and HRF can modeleil,but achiee sub-
optimal perbrmance

RBM-CRF models with lab@&dtures conditional on the input
can impove improve upon the perdrmance of the CRF but ar
not able to model the data pezttly because the maintain no
State



Cora Reérences

Consists of 500 bibliogpny entries fom reseach paers;350
are used ér training and 150 ar used ér testing.

Labelsauthor, book title, date editor, institution,journal,
location,note, pagespublishertech,title,and wlume

Entries tolenized ly whitespaceEach tokn processed p 4191
features:
3*(19 regular expessions + 4 cateygical + 1374 wcabulay)

The IOHMM and HRF took too long to train.



Cora Reérences

Name Groups Observations

RBM-LR(2) (10,0:4)(10,0:9)(10,0:19) Pre-trained LR
RBM-CRF(2) (10,0:4)(10,0:9)(10,0:19) Pre-trained CRF
RBM(3) (15,0:1)(20,0:2)(5,0:9)(5,0:19) LR

Notation: (number of nodespffsets)



Cora Reérences

LR RBM-LF CRF* CRF RBM-CRFRBM(3)
(2) (2)
Avg.F1 /6.9 814 915 87.7 89.4 68.4
AvgAcc. 851 90.1 954 945 95.1 /6.8
InstAcc. 16.0 420 77.3 66.0 65.3 29.3

CRF*CRF trained i [PengMcCallum 2005].
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Conclusions

We evaluated seeral methodsdr doing sequence labeling
Including latent state models and parameterized templated
models.

IOHMMs and HRFs can be nexpressie than CRFut it can
be difPcult to pick aapd number of latent states and training
take a long time and is subject to local optima.

Template models nyamprove perbrmancebut it easy to pick
suboptimal achitectures.They do not maintain state so tlyemgy
not be gpropriate Pr all tasks.



Future Work

RBM-CRF:

= More experiments oneal data a& required.
= Feature induction to learn the athitecture of the model.
= Extension to a hieradhical model.

= Integration of the RBM-CRF with one or m®tOHMM/HRF models ir
a product model.

IOHMM/HRF:

= Investigation of training issues and methods.

All:

= Put them in a the Basian frameork.



end.



Toy Pioblem 1

Metho d Mean Time (S) Standar d Dev iat ion
LR 29.87 8.61
ME MM 14.76 0.18
IM EMM 246 .62 87.74
CRF 387.09 160.36
ICRF 118.07 38.80
IOHMM 2169 .60 220.54
HR F 3307 .10 2970.70
RBM(1) 424 .65 8.03
RBM(2) 945 .44 102.97
RBM(6) 27201 .00 1582 .90
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Error

Toy Pioblem 2

Five—Fold Cross Validation Error versus Number of Latent States
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Toy Pioblem 2

Metho d Mean Time (S) Standar d Dev iat ion
LR 158.01 40.45
ME MM 11.08 1.50
IM EMM 430.17 75.19
CRF 229.09 39.58
ICRF 389.81 0.58
|IOHMM 7344 .30 940.12
HR F 5769 .50 1533.00
RBM(1) 13491 .00 712 .38

RBM(2) 19795 .00 3690 .50




Label

Toy Pioblem 2
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Label

Toy Pioblem 2
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Toy Pioblem 2
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Error

Toy Pioblem 2

Test Error versus Number of Hidden States for the IOHMM and HRF on Toy Problem 2
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Toy Pioblem 3

From [KakadeTleh,Raveis 2002].
The label of the brst | is\abys 1.

A CRF can o modelA/B/R.
No RBM-CRF can mod@&l/B/R/l as no state iIs maintained.

Observation Label
A 0
1

B
R LastA/B
I Inverse of last |




Toy Pioblem 3
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Toy Pioblem 3

LR CRF IOHMM HRF RBM(1) RBM(2)

Avg.F1 5.7 91.3 94.8 96.0 90.4 03.7
AvgAcCcC. 716.4 91.3 94.8 96.0 90.4 93.7
Inst Acc. 0.0 1.0 5.0 7.0 1.0 4.0

Per-obsewation eror rates

LR CRF IOHMM HRF RBM(1) RBM(2)

R 48.2 11.4 1.8 0.1 12.5 4.8
I 44 .4 42.5 46.2 41.3 47.2 45.0




