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* Information retrieval, text classification, sentiment analysis
* Medical diagnosis: healthy population requesting physical exams is biased 27



Method: Empirical risk estimator
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Method: Empirical risk estimator
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a(X) = p(s=+1|x) probability of x being labeled

N>0 determining how much we rely on the U data to approximate the risk
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Method:

Empirical risk estimator
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#P data

R(g) =

TE xmpp (x) [(8(X))] + TEoxrepe () [10(><)>” H=g(x)) o(x)
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]EXNp(X)[]-a(X)Sn f(—g(X))(l _ O(X))]

a(X) = p(s=+1|x) probability of x being labeled
N>0 determining how much we rely on the U data to approximate the risk
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Method: lllustration
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Step 2

N .
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y=+1 y=-1

:Regarded as

estimate o = p(s=+1|.): s as label
nnPU classifier (Kiryo+ NeurlPS 2017)

final classifier: W
ERM:

pseudo labeling
+ weight adjustment
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Estimation error bound

With probability at least 1-0
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Bias due to inexact approximation of o
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EXperlmentS Models: ConvNet / ResNet / FCN + Training: Amsgrad

Dataset P T bN P nnPU/nnPNU PUBbN(\N) PU-PN
Not given NA 576 +1.04 | 4.64 +0.62 NA

MNIST 2,4,6,8,10 049 1,3,5 0.3 5.33+0.97 | 4.05+027 | 4.00+0.30
9 > 5 > others 0.2 460+0.65 | 3.91+066 | 3.77+0.31

Not given NA 12.02 + 0.65 | 10.70 * 0.57 NA

CFAR-IO ol e o4 Catdoghose 03 1025+0.38 | 9.71+051 | 10.37+0.65
ship, truck it deer o025 0.98+053 | 9.92+0.42 | 1017035

Not given NA 23.78 + 1.04 | 21.13 + 0.90 NA

CIFAR-10 ﬁ(‘;"égeer’ dod. 94  Bird, frog 0.2 22.00+0.53 | 18.83+0.71 | 19.88+0.62
Car, truck 0.2 22.00+0.74 | 20.19+1.06 | 21.83+1.36

Not given NA 14.67 + 0.87 | 13.30 + 0.53 NA

20 alt, comp., 0ss S 0.21 14.69 + 0.46 | 13.10 £0.90 | 13.58+0.97
Newsgroups  misc., rec. talk. 0.17 14.38 +0.74 | 12.61+0.75 | 13.76 + 0.66
soc. > talk. > sci. 0.1 1441 +0.76 | 12.18 + 0.59 12.92 £ 0.51
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