Discriminative
Unsupervised Learning
of Structured Predictors

Linli Xu, Dana Wilkinson, Finnegan Southey, Dale Shuurmans

presentation by Thomas Finley for CS 778, November 7, 2006




Semidefinite Programming

maXx x> <C, X
subject to (D1, X) = d;

® M is symmetric positive semidefinite
(SPSD) < for any vector x, x'Mx=0.

¢ Semidefinite Programming

Linear and with
X optimized over SPD matrices.

(D, X) = dj,

min ¢!’z

Sleems pl;lmltl.ve,. buF subsurl:les m'any subjectto  ;Ap 4 - -
classes of optimization problems! t2. A, —B=0

Expressible in either primal or dual forms.
¢ One Major Trick
® Want to find B, not necessarily SPD.

® Rephrase equations in terms of X=BB'.
(BB must be SPD!)

® When X found, use matrix decomposition
to find approximate B.




Adult Supervision

® Supervised setting: Examples x
accompanied by fully specified label y.

® Semi-supervised setting: Examples x
accompanied by perhaps incomplete label Y.

¢ Unsupervised setting: Examples X are
unaccompanied.




Unsupervised SVYMs

Unsupervised: Assign labe

s to examples.

SVMs: Find “simplest” hypot

nesis that still

clears some margin between the correct
labeling and incorrect labeling(s)!

Unsupervised SVMs: Label examples
(under strong constraints) such that the
model is as simple as possible.




Getting Unsupervised
Structural SVMs

® Unsupervised 2-class SVMs.

® Unsupervised multiclass SVMs.

® Unsupervised structural SVMs.




Max Margin Clustering

w(y) = min —HW\|2+Zl—yz d(xi) Wl

1 T
= Or<n>a}i<1)\ e—%g(o)\)\ vy )

® Recall: SVM primal and dual

® Supervised case:y known,

find dual A to maximize margin - Mis binary equiva|ence
relation

e Unsupervised case:y
unknown, find y and A
simultaneously (w/

)

subject to —ee < Me < ce
M >0, diag(M)=e




Max Margin Clustering

® (lassify with balanced classes
so that were one to
subsequently run an SVM on i,
margin would be maxed.

Examples of how max margin
clustering assigns elements to
one class or the other.

1
max X' e — — (K oAX", M)
0<A<1 203

min w(M) subject to —ee < Me < ce
M*>0, diag(M)=e




Multiclass MM-Clustering

o(D)=min <2W|2+ng><(1 meT<¢<xi,yl->¢<x,-,u>>>>

1

= max ( <DA>—i<KDDT>—|—B

A>0,Ae—e 23 \KD,A) =35 <AAT >)

® With n examples, K classes.

® Typical multiclass formulation: d(X,y)
“offsets” X to select out the portion of w
corresponding to class Y.

® De&{0,1}"K indicator matrix: example X; in

class yi€{l..k} has D;;,=1,and 0 otherwise.




Unsupervised Version

o(D)=min <§w|2+zm5x(1 meT<<|><x,~,yl->¢<xi,u>>))

1 1
— —(D,AY— — (K,DD"
m( (D,A) = 5 (K.DD7) + 5

¥

e Establish equiv M=DD'". Mj=1 if yi=y;, else 0.
® Not convex. Relax to M=DD', diag(M)=e.

(KD,A) — — <AAT K>>

® Establish class balance constraints.

1
o(D,M)= max_ M)+ 3 (KD,A) — — <AAT >>

1 1
min w(M) s.t.MtDDT,<—e) ne < Me < (+e) ne
M>0,diag(M)=e,D>0 K K




Superwsed M3N

w(Yb---»Yn) IIllIl—HWHQ—I—ZmaX A(“ZaYz) w (¢(X27Yz) Q5(X7;,117;))>

® Sequences: Decomposes nicely into
independent pieces across adjacent nodes!

¢X’HY’L Z¢xzk Yiks Yi k— 1)

® Define some convenlent A notation:
A¢ik(uu/) — (ﬁb(l‘i,k, Yi ks yz’,k—l) — Gb(flfz',k, Uaul))

® Rephrase equivalent QP with dual vars over

“pieces” of the sequence. (Taskar ‘03)
1

w(yl, - ’ ( )1(u7gy B % Z Vil (uu/)ng(?}ful)Agbik(U,u’)TAgbjg(’Uv/)

subject to 15 (u) > 0, vix(un’) > 0, Z vir(un') = gk (u Z tir (u

u/

ik, kl,uu’ ,vv’




Rephrase w/ Ind. Matrices

ij index examples, k, £ index sequence positions

C indicator matrix for positions & labels, M=CC' indicates if two
positions have the same label. D indicator matrix for edges & pairs
of labels, N=DD" indicates if two edges have same pair of labels.

M’ikajﬁ — 1(yik:yj£) Nikk—l,j£€—1 — 1(yikk—1:yj££—1)
Cik,u = Liyn=u) Dikk—1,uw = Ly;pp_1=uu’)
K matrix with Ki;z inner product between subfeature vectors that

omit transition model features with current state values equal!!
E matrix of all ones, pi number of singleton positions in training set.

H and V are matrices with Mixu =Hik(u), Vikuu=Vi(uu’).
w(M,N,C,D)=p1 — (u,C) + 5((p, KC) + (v, ED))
—553 (M, K) + (N, E) + (pp", K) +(vv', E))
subject to ), Vikww = Mikw ViKY,
nw>0v>0ve=e M=CC!' N=DD",
Nikk—1jo0—1 = Mig joMix—1 50—1 Vigkt




Unsupervised M°N

w(M, N, C, D)=p1 — (u,C) + 5({, KC) + (v, ED))
—55((M, K) + (N, E) + (pp", K) + (vv', E))
subject to Zu’ Vik,uuw — Mik,u \V/Z]CU,
nw>0,v>0,ve=e M=CC' N=DDT,
Nikk—1,00—1 = Mk jeMik—1 j0—1 Vigkt

® |mpose class balance constraints.
(s —€e)me<Me<(;+e)pie (7 —¢)pe < Ne< (.3 +¢)pe

K K2

® Relax equality constraints between M & C, N & D.
M = CC*,N = DD?' diag(M) = e,diag(N) = e

® Relax consistency constraints between M & N.
Nikk—1400—1 < Mir e Nikk—1o0—1 < Mik—1 01
Nikk—1,00—1 = Mg jo + M1 jo—1 — 1

® Relax M & N from binary {0,1} to real [0,I].




Experimental
Comparisons

® Comparisons among three methods

e CDHMM: Convex Discriminative HMM.

o ACDHMM:Alternating CDHMM, which

iteratively predicts labels, retrains model,
until no labels change. (Local search.)

e EMHMM: Conventional Baum-Welch EM
training.




Synthetic & Small Datasets

DATA SET

CDHMM

ACDHMM

SYTH1
SYTH2
SYTH3
SYTH4
PROT1
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 =1.78
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-
secondary-structure).

® Generated |0 samples of °
length 8 with 2-state HMM.

Samples subsequences &
removed labels.

Percentage given is: (1)
chance to stay in current
state, and (2) chance of
having emission noise (e.g.,
chance in state 0 of emitting
| instead of 0).

Accuracy found through
maximum mapping through
predicted and possible state
labels.




Larger Datasets

DATA SET ACDHMM EM
20x2-SEQ 43.12 £2.20 46.27 +=1.51
10X 9-SEQ 44.33 +£2.30 48.67 £1.51
Hbx10-SEQ 46.44 +£2.12 48.67 +=1.82

® Use full sequences from ® FEach observation x; a window
protein secondary structure. over 7 adjacent amino acids.

® 20 samples over 2 segs. Comparison of alternating
method versus standard EM.

® |0 samples over 5 segs.
The global CDHMM method is

® 5 samples over |0 segs. too slow for the complete
sequences.




Conclusions &
Future Work

® Convex discriminative for unsupervised
training of predictors.

® Two approaches: Exact but expensive

(CDHMM), inexact but cheap (ACDHMM).

® Future directions:
® Decreasing computational time.

® Extension to semi-supervised setting.




