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Topic 11
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/-Semi-Supervised Learning
eExploiting Unlabeled Data

eTransduction

ePartially Labeled Data and EM
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Exploiting Unlabeled Data

N

“In many learning situations, labeling data is the most
difficult and labor-intensive part so labels are limited.

eBut, getting unlabeled data is cheap.

eTransduction: discriminative, , 2
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find large margin region. =~ 2207
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eHidden Labels: use generative ?
modeling to cluster data. :B .
clusters have same labels I
| ~~— >
eDiffusion: spreading labels across XX XX
manifold via spectral, kernel, X XXX
Markov walks methods. —xxx XX >
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Transduction

N

/-Only min test error on test examples! Not all future test...
eAs with regular SVM, minimize error on training

but reduce generalization error term. ¢ .
. . ; ?-a-2 -

eTheorem: generalization error again | p 12?0

depends on VC < D?/M? B P 7
eAgain minimize by max margin (why?) - X ?
eBrute force: :

: OP 2 (Transductive SVM (non-sep. case))

find I_argeSt Mianimize over (Y -y UL 0 0,61 ooy By T 5 ooy &) 2

margin over ; i ;

27 settings of Sl +CY &+C" ) ¢

: =0 J=0

T test points seilifech T n B E b > 1 — &
oC => labeled fo=1 T (R ) D R
oC* => unlabeled Vi, &S0

eImpractical! Vi1 1§ >0
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Transduction with SVMs

N
¥

oFirst train regular SVM on (x,y) labeled data
eUse SVM to classify unlabeled (x*,y*) points

eUse current labeling to retrain with low C*, & C*.
OP 3 (Inductive SVM (primal))
Minimize over (w,b,€, 5*)

—||w|| +CZ&+C Zsj, +CY_ &

Jyj=-1 Jyi=1
subject to: Vi_q ryi[W- 23+ b > 1—§;
AT [ ) D W

eInterleave regular SVM solution with unlabeled label swaps
eGuaranteed

swap if (4.4 <0) & (&, >0)& (& >0)& (&, +¢ >2)
eSlowly increase effect of unlabeled by C* doubling ‘til max
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N

Transduction with SVMs

Input: — training examples (Z1, 41 ), ..., (Fn, Yn)

~ test examples 77, ..., 7}
Parameters: - C,C*: parameters from OP(2)

- num4: number of test examples to be assigned to class +
Oulput: - predicted labels of the test examples y7, ..., y;

(o, b, £ )= solve_svm_qp([(Z1,n)...(Tn, v:)],[],C,0,0);

Classify the test examples using < w,b>. The num, test examples with
the highest value of m*;i:'; +b are assigned to the class + (y; =]

the remaining test examples are assigned to class — (y_:- =—1).
C* =107"; // some small number
CY =107 % %‘t;
while ((C? < C*) || (C < C*")){ // Loop 1
(0, b, f**'} = solve_svmgp([(Z1, 1 ). (Fn, ya)], [(F1, 01 ). (5, 42 )], C, CL, CL );
while(Jm 1 : (ym + yi <0)&(&m > O&(E > 0)&(En + & > 2)) | /] Loop 2
Um ‘= —Ym; // take a positive and a negative test
Y = gy /[ example, switch their labels, and retrain

(@, b, £, &) := solve_svm_gp([(F1, y1 ). (Fno wn ), [(FT, 01). o (F5, w2)], C, CL, CL);
1
o= m.ain{ffi ¥ 2,C");
C} = min(C} +2,C");
}

return(yy, ..., y; ) ;
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Transduction for Text

N

"eIn X vector each dim is word
in language

eStem: combine similar words
physics, physician, => physic

eRemove stop words: and, the, ... = T

eRepresent words by TF-IDF
text freq times inv-doc freq

60

Average P/R-breakeven point
%

| 1 1 1 1 1 1 | |
17 26 46 a8 170 326 640 1200 2400 4801 9603
Examples in training set

| #d; "
X (fwl) = (#wi mdj)xlog #d whereftw >0 °
eEvaluate by P/R breakeven e

Average P/R-breakeven point

point (equal on ROC curve)
eTrain multi-class SVM | s o |
eMap multi-class to a one of
versus all binary decision B B i

Maive Bayes -
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Partially Labeled Data & EM

TeInstead of maxmizing likelihood of labeled data

l(@) - ZZELAB log (p (xi’yi ’ 9))
eOr maximizing likelihood of unlabeled data (needs EM)

10)= 3 vias 8 (32, 2 (2.0 16))

eMaximize a combination of both weighted by A

1(9) — ZiELAB log (p (xi’yi } 9)) ™ >\z:zeUNLAB log (Zyp<xi7y } 9))
eAlso, use a prior P(6) to help (avoids zero-counts in
multinomial models)...

1(0) =logp(0)+ > log(p(z,y,|0))

T >\ZzeUJ\fLAB log (Zyp<xz’y ‘ 9))
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Partially Labeled Data & EM

f\

82% T
eEstimate A by “\\ _
cross-validation mel e
= = " .’f‘""— SEELS
eUse multinomial model ;e %
- . § '_'J‘_,.Er-.,_ -
oLike Naive Bayes < -
. 72% b e .
eGenerally improve LR e o
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