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Semidebnite Bgramming

maxx 1 o (C, X
subject to (D1, X ) = d;

¥ M issymmetr ic positiv e semidebnite
(SPSD¥{ for any vector x,x"Mx!O.

¥ Semidebnite Pr ogramming
¥ Linear and with
X optimized orer SPD matrices. . T
min ¢ x

¥ Seems primitie, but subsumes man ¢ niacto x,A; + 448
classes of optimization pblems! +x. A | B"
n n -

¥ Expressible in either primal or duabidms.
¥ One Major T rick
¥ Want to bndB, not necessanl SPD

¥ Rephrase equations in terms X£BB.
(BB must be SPD!)

¥ When X found,use matrix decompositio
to bnd g@proximateB.

(D, X) = d

0




Adult Supevision

¥ Supervised setting  : Examplex
accompaniedypfully specibed labgl.

¥ Semi-supervised setting  ; Examplex
accompaniedyoperhas incomplete labe}.

¥ Unsupervised setting  :Examplex are
unaccompanied.




Unsuperised SVMs

¥ Unsupervised :Assign labels to example

¥ SVMs: FindOsimplest(ypothesis that still
clears some margin beeen the corect
labeling and incoect labeling(s)!

¥ Unsupervised SVMs : Label examples
(under stiong constraints) such that the
model Is as simple as possible




Getting Unsupevised
Structural SVMs

¥ Unsupevwised 2-class SVMs.
¥ Unsupevwised nulticlass SVMs.

¥ Unsupevwised structural SVMs.




Max Margin Clustering

"(y) = mln —$\N$2 | [1 y.'(x) W]+
T |

n | %(& [
n S o Yy

¥ Recall : SVMprimal anddual

¥ Supervised case :y known,

Pnd dual to maximize margir | N is binay equwalence
relatlon

¥ Unsupervised case :y
unknowvn,Pndy and!
sinultaneoust (w/

)

1
"% &AN M
2#

min " (M) subject to " 'e# Me# le
M$ 0, diag(M)=-¢e




Max Margin Clustenm

¥ Classify with balanced classe
so that were one to
subsequenyl run an SVM on it
margin vould be maked.

¥ Examples of ho max margin
clustering assigns elements t
one class or the other

1
"M) = | W &AN M’
(M) quxlA e 2#/K&

min "(M) subject to "l'e# Me# le
M$ 0, diag(M)=-e




Multiclass MM- Clusterln

| (D)=min —HWH2+# max 1 Diu — W' ($(xi,Yi) — $(X u))
% X
1 & 1 1 &
= max n—(D,% — = K,DD' +=(KD,% — — %% ,K
%>0,%e=e 2 2

¥ With n examples! classes.

¥ Typical nulticlass drmulation:# (x,y)
Ooffsets® to select out the potion of w
corresponding to clasg.

¥ D<K0,1¥"" indicator matrix:examplex; in

classy<fil.." } has Dy=1,and O otherwise




Unsupemsea\/ersmn

| (D)=min —Hwy|2+# maxl Diu — W' ($(Xi, Vi) — $(X u))
% ! |
L & 1<KD,0/o>—2—%,8%/o°/3,K

=, max _ n—(D,% - K,DDT + =

%>0,%e—=e
\ 4
¥ EstablistequivM=DD". Mi=1 if yi=y;, else 0.

¥ Not convex. Relax toM! DD', diagM)=e.

¥ Establisttlass bala nce constraints.

¥

m(D,M):A>rR/%2<:e. —(D,A) — 2_1|3< + %(KD A) —2—1B AAT, K#Y

. | 1
~min w(M)st.M ! DD'|| =" ¢ ne# Me# =+ ¢ ne
M! o,diagM)=eD" 0 K K




Supevised MN

H
max I( uj,y;)" T(#(X. yi)" #(xi,uj))

¥Sequences Decomposes nicglinto
Independent pieces awss adjacent nodes!

!L
L (Xi,Yi) = ' (Xik ,Vik »Yik! 1)
k=1

¥ Debne some corenient$# notation:

Dl (uu') = (P (Xik, ik Yike 1) — ! (Xik , U, u'))

¥ Rephrase equivalent QP with dual vaxeo
OpleceSO of the sequer(&"askarOOS)

1
pik (W) Luzyy) ! 23 vik (uu)vjr (vv') Agix (uu')' Agyy (vv')

ik k!,uu',vv' |

subjectto  puik (u) " 0, vik (uu’) " 0, vk (wu') = pik (u),  pik (u) =1

u' u




Rephrase w/ IndMatrices

¥ ] Index examplek, Y index sequence positions

¥ Cindicator matrix br positions &
positions hae the same labdD inc

of labelsN=DD' indicates if two ec
Mik j1 =

Cik u =

abeldgy=CC indicates if two
icator matrix br edges & pairs
ges hee same pair of labels.
1(yik:yj£) Nik k—1,j1t —1 = 1(yikk! 1=Yjeo 1)
l(yik: u) D ik k—1,uu" — 1(yz-kk! 1=uu’)

¥ K matrix with Kijy inner product between subéature vectors that

omit transition model ¢atures with curent state values equal!!
¥ E matrix of all onesp: number of singleton positions in training st
¥ " and# are matrices with" iku =%x(U), #ikuus&kuud).
| (M,N,C,D)=p;! "u,C#+ !l("p,KC#+ "I,ED# . | "
| ("M, K#+ "NLE#+ uuT,K + 11T E)
u ikuu’ = Miku Sk,
H%0,! %0 !e=¢eM=CC",N=DDT,
Nikki 11 1= Mik j*Mikr 111 3ij k#

subject to




Unsuperised MN

| (M,N,C,D)=p;! "M,C#+ 2("u,KC#+ "l ED# . ..
| ("M, K#+ "NLE#+ uuT,K + 11T E)
subject to g ikuu’ = Hiku  Siku,
U %0,! %0 !e=eM=CC',N=DDT,
Nikki 151 1= Mg j*Mikr 1jm1 1 $ij k#

¥ Impose class balance constraints.
L1 pe” Me" L+ pe A1 pe" Ne" S+ pe
¥ Relaxequality constraintbetweenM & C N & D.
M >=CC'" N >=DD',diagM) = e,diagN) = e

¥ Relaxconsistency constrainisetweenM & N.
Nirkt 1500 1 < Mig e Niggr 1500 1 < Mg 150 1
Nkt 1,500 12 Mg e+ Mgt 15001 —1

¥ RelaxM & N from binawy {0,1} to real [0,1].




Experimental
Comparisons

¥Comparisons among tee methods
¥ CDHMM : Convex Discriminatie HMM.

¥ ACDHMM :Alternating CDHMMwhich
iteratively predicts labelgetrains model,
until no labels changélLocal seash.)

¥ EMHMM : Conventional Baum-Wlch EM
training.




Synthetic & Small Datase

Dat a set

CDHMM

ACDHMM

syt hl
syt h2
syt h3
syt h4
protl
prot 2

3.38 £0.75
8.12 +1.57
22.12 +1.40
31.50 £1.46
51.75 £1.80
50.38 +2.04

14.46 +1.7/8
17.34 +1.52
26.56 £ 1.06
38.58 £0.96
56.67 +0.47
53.65 +0.57

15.09 + 1 92
17.49 £1.81
30.06 £1.24
39.90 +0.86
58.11 +0.47
57.23 £0.39

¥ Four synthetic datasets. ¥ Two protein datasets.

¥ UCI repository (protein-
seconday-structure).

¥ Generated 10 samples of
length 8 with 2-state HMM.

¥ Samples subsequences &
removed labels.

¥ Percentage gin is(1)
chance to stain curent
state and (2) chance of
having emission noise (@,
chance in state O of emitting
1 instead of 0).

¥ Accuracy éund through
maximum magping though
predicted and possible state
labels.




Larger Datasets

Dat a set ACDHMM EM
20! 2-seq 43.12 £+2.20 46.27 +1.51
10! 5-seq 44.33 +2.30 48.67 +£1.51
5! 10-seq 46.44 +2.12 48.67 £1.82

¥ Use full sequencesdm ¥ Each obserationx a window
protein seconday structure. over 7 adjacent amino acids.

¥ 20 samplesr 2 segs. ¥ Comparison of alternating
method \ersus standar EM.

¥ 10 sampleseer 5 segs.
¥ The global CDHMM method

¥ 5 samples eer 10 segs. too slow for the complete
sequences.




Conclusions &
Future Work

¥ Convex discriminatie for unsupewised
training of pedictors.

¥Two goproacheskExact but expensey
(CDHMM),inexact but chea (ACDHMM).

¥ Future directions:

¥Decreasing computational time

¥Extension to semi-supersed setting.




