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Two Samples

Traditional Classification iid.

X yiha ~ p(xy)

PU Classification Xp = {2P)™, A po(@) == plx |y = +1),

Xy = {2}, K p(a) = Bppe () + Onpn (),

PN Classification
Xp = {af}r "X pp(z) = plz | y = +1),

Xy o= {a) ), K pn(e) = pla |y = -1),



PN Classification

m Let g be a decision function & £ be a loss function (1) = {O,t >0
|1Lt<0

m Therisk of g is
R(9) = Exy)~paey[£(Y9(X))]
= HpIEp[f(g(X))] + HnEn['g(_g(X))]

where m, =1 —m,

m The risk can be approximated directly by
Epn (9) = :_szexp 1?(.9 (x)) + %erxn ’F(_g (x))

m This doesn’t work for PU learning!




PU Classification

m Key observations
* Typn(x) = — TpPp (X)
+ MaEn[¢(—g(X)] = - mpEp [£(—9(X))]
m Thus the risk can be expressed as
R(g) = mpEpy|£(g(X)) —£(—g(X))] +
m This can be approximated indirectly by
Rou(9) = 22 Tsex, [£(9(0) = £(=g ()] +



Semi-supervised Classification

Use a small number of labeled samples
and a large number of unlabeled samples:

{(i, g} {=}Y,
Find a decision boundary along cluster
structure induced by unlabeled samples.

Cluster assumption rarely holds in practice.
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PU learning has no additional distributional assumption



PNU (=PU+PN) Classification

PN'' learning = PN learning + P learning
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Rpyipn(f) = yBpu(f) + (1 —7)Rex(f) 0<y <1



Experiment
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Input data and estimated decision boundary

Misclassification
error rate: Ave (std)

0 Positive samples
K Negative samples
. Unlabeled samples
Optimal boundary
----- Estimated boundary

Dataset n  PNU PUNU ER LapSWVM  SMIR  WellSVM  S4VM
Bapana 10 301 (1.0) 32.1 (1.1) 35.8(1L.0) 36.9(0.0) 37.70(1.1) 4L.5(06) 45.3(1.00
d=2 50 190 (06) 26.4(1.2) 2006 (0.7 21.300.7) 2110100 42.6(0.5) IB.7(09)
Phoneme 100 325 (0.8) 3350100 33.4(1.2) 36.5(1.5) 36.4(1.2) 28.4 (D.6) 33.7(1.4)
d=! 500 28.1(0.5) 328009 27.8(06) 27.000.8) 286 (1.0 26.5(0.4) 25.1(0.2)
Magic 10317 (0.8) 341009 34.2(1.1) 3709003 36.0(1.2) 30.1 (0.8) 35.3(0.9)
d=10 50209 (0.8 334009 309 0.5 31.000.9)30.8 (0.9) 28.8 (0.8) 29.2 (0.4)
Image 100298 (0.9) 31.7 (0.8) F3.7(1.1) 36.6(1.2) 36.7(1.2) 34.7(1.1) 35.9(1.0)
d=18 50 20.7(0.8) 26.6(1.1) 208 (0.8) 20.3 (1.0)20.9(0.9) 27.2(1.0) ZL2(0.7)
Susy 10 446 (0.6) 45.0 (0.6) A7.7 0.4y 48.2(0.4)45.1 (0.7) 45.04(0.3) 6.5 (0.3)
d=18 50 389 (0.6) 41.5(0.6) 379 (0.T) 43.1 (06) 43.9(0.5) 455(0.7) 42.1 (D.4)
German 10 408 (0.9) 42.4 (0.7) 436 (0.9) 45.900.7) 46.2 ((1L8) 42.4(0.8) 42.0(0.7)
d=20 50362 (0.8 300005 380906 1006 (0.6 38.401.1) 3850100 34.9(0.5)
Waveform 10 17.4 (0L6) 180 (0.9) 185 (0.6) 24.9(1.4)18.0(1.0) 16.7(0.6) 20.5 ((.5)
d=21 50 16.3(0.6) 23.7(1.2) 14.2 (0.4) 181 (0.5)15.4 (0.6) 15.5(0.5) 15.3 (0.3)
fjennl 10 436 (0.6) 4003 (1.0) 49.7 (0.1 49.2(0.3) 44.000.0) 45.9(0.7) 49.3(0.8)
d=22 50 34.5(0.8) 37.1(0.9) 355 (0.8) 33.4(1.1) 494 (0.3 46.2(0.8) 486 (0.4)
gilic 0 1040006 125 00.6) 23.30(2.3) 39.8(1.6) 21.9(1.3) 6.6(0.4) 27.0(1.4)
d=>50 50 125(L1) 10.1(0.6) 8.7 04y 225(1.5) 106006 T.400.4) 121 (0.5)
coviype 10 46.2 (0.4) 46.0 (0.4) 46.0 (0.5) 47.1(0.5) 47.9(0.5) 46.9 (0.6) 46.4 (0.4)
d=>54 50413 (0.5) 42.3(0.5) 410 (0.4} 41.5 (0.5) 46.2 (0L5) 456 (0.6) 40.8 (0.4)
Spambase 100 27.2(0.9) 28.1(1.1) 31.5(14) 30.7(1.4) 309(1.3) 23.8(0.8) 36.1(1.5)
d=057 50 234(L0 2660100 221 0.7y 28.5(1.3) 20.9(00.5) 19.1 (0.4) 24.5 (0.9
Splice 10 383 (0.8) 39.3 (0.8) 43.9(0.8) 47.900.5) 401.6(0.7) 4200100 42.4(06)
d =060 503006 (0.8) 347 (0.9) 309 (0.8) 355103006 (0.9) 40.9(0.8) 35.9(0.7)
phishing 10 24.2 (1.2) 268 (1.0) 27.3 (1.6) 37.2(1.6) 27.6(1.6) 27.5(1.4) 31L.7(1L.3)
d=068 50 158 (0.6) 18.3(0.5) 154 (0.5} 21.1(1.3)14.7 (0.8) 17.2(0.7) 16.7 (0.8)
ada 10314 (0.9) 31.3(1.0) 34.3(1.2) 41.0(1.1) 37.5(0.3) 33.1(1.2) 34.3(1.2)
d=81 50 27.9(0.6) 2009005 286 (0.7) 33.3(1.0)26.9(0.7) 25.9(0.8) 26.2 (0.4)
Coal2 10 387 (0.8) 4001 (0.8) 428 (0.7) 43.900.5) 43.2(0.5) 39.1(0.9) 44.0(0.5)
d=21 50232 (0.6) 30.500.9) 23.6 (0.9)22.8 (0.9) 25.1(0.9) 22.6 (0.8) 25.4 (0.8)
wia 10 359 (0.9) 33.6 (1.0) 41.6(0.0) 46.6(0.5) 394 (0.9) 42.1(0.8) 45.0(0.5)
d=300 50281 {0.7) 27.6 (0.6) 27.0 (0.9) 38.7 (0L5)28.0(0.9) 35.7(0.8) 35.2 (1.0
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ERM in Query Selection

R(Ft) = (1= f) R(FFE0) + £ R(fHE0)  [Zhu, ICML, 2003]

k = argming ﬁ,{f"‘zk“ )

I:\A)PNU (f +Xk) = (1_ fk)F\A)PNu (f +(Xk'_1)) + fk FAQPNU (f +(X"’+1))

where . . P
Rey () +Rey (707)

Roy (F704) 4 Ry (F7047)

Royy (707)
Rowy (F70)

Query s R 2 # £ A4PRXN, m AT &£ 46U,



